
   
                                                                  

                                                                  
                                                                  

                                                                  
                                                                  

                                                                  

Aider in the Loop

Patch-First AI Pair Programming with CI Safety Nets

 Trex Team




                                                                  

                                                                  
   

                                                                  

                                                                  



 
No part of this publication may be reproduced, distributed, or transmitted in any
form or by any means, including photocopying, recording, or other electronic or
mechanical methods, without the prior written permission of the publisher, except
in the case of brief quotations embodied in critical reviews and certain other
noncommercial uses permitted by copyright law.

 
Published by NobleTrex Press

 
[image: ]


 
© 2026 by N O B T R E X  LLC. All rights reserved.

 
For permissions and other inquiries, write to:

P.O. Box 3132, Framingham, MA 01701, USA

 
This book is for educational and informational purposes only. The author
and publisher make no guarantees about the accuracy or completeness of
its contents and accept no liability for any loss or damage resulting from
its use. Software tools such as large language models have been applied to
assist in the writing and editing of this book. All product names, logos,
and trademarks are the property of their respective owners. References to
third-party products or names are for identification only and do not imply
endorsement.                                           
 


                                                                  

                                                                  
                                                                  

                                                                  

                                                                  

                                                                  

                                                                  

                                                                  
                                                                  

                                                                  

                                                                  

                                                                  
                                                                  

                                                                  

                                                                  

                                                                  
                                                                  

                                                                  

                                                                  

                                                                  

                                                                  

                                                                  

                                                                  

                                                                  

                                                                  

                                                                  
                                                                  

                                                                  
 

   


   Contents

    
               	1 Operating Model: Patch-First AI Pair Programming 
 	1.1 Why Patch-First
Beats Opaque Rewrite Workflows
 	1.2 Running the Request-Patch-Review-Validate-Commit
Loop
 	1.3 Small Batch Size as a Reliability Strategy
 	1.4 Local Checks and CI as Nested
Feedback Loops


 	2 Git as the Safety Boundary for AI Edits 
 	2.1 Establishing Clean Repository
State Before AI Sessions
 	2.2 Using Automatic Commits to Preserve an Auditable AI
Change Trail
 	2.3 Operating Diff Review, Undo, and Recovery Under Failure
 	2.4 Designing
Commit Boundaries That Match Validation Boundaries


 	3 Mastering Core Aider Session
Mechanics 
 	3.1 Launching Aider Against a Real Codebase
 	3.2 Controlling the Editable
Surface with File Inclusion
 	3.3 Working Effectively with In-Chat Commands
 	3.4 Reading
Diffs Before Accepting Downstream Consequences


 	4 Context Engineering and Patch
Expression 
 	4.1 Scoping Context in Large Repositories
 	4.2 Using the Repository Map
as a Structural Prior
 	4.3 Choosing When Explicit Context Must Override Structural
Awareness
 	4.4 Choosing Between Diff-Oriented and Whole-File Edit Formats
 	4.5 Tuning
Edit Formats for Patch Quality, Model Behavior, and Downstream Risk


 	5 Modes, Models,
and Multi-Stage Reasoning 
 	5.1 Defining the Operating Contract of Ask, Code, Help,
and Architect Modes
 	5.2 Architect Mode as a Two-Step Trust Boundary
 	5.3 Choosing
Main, Editor, and Weak Models for Reliability, Speed, and Spend
 	5.4 Switching Models
Safely Mid-Session
 	5.5 Version Milestones That Change Workflow Guidance


 	6 Local
Validation as the Immediate Safety Net 
 	6.1 Wiring Lint and Test Commands into
the Edit Cycle
 	6.2 Exit Codes, Failure Signals, and Repairability
 	6.3 Fast Feedback
System Design for AI Iteration
 	6.4 From Validation Output to Corrective Follow-Up
Patches


 	7 CI Safety Nets, Policy Enforcement, and Team Integration 
 	7.1 CI as the
Source of Merge Authority
 	7.2 Designing Pipeline Gates for AI-Generated Changes

	7.3 Pre-commit Hooks as Convenience, Not Policy
 	7.4 Human Review Protocols and Trust
Boundaries in Teams
 	7.5 IDE and Watch-File Integration Without Losing Discipline


 

                                                                  

                                                                  
                                                                  

                                                                  
   


    

   


   Introduction

The integration of large language models into the software development
lifecycle has altered the mechanics of writing code. Tools like Aider enable
rapid code modification, but deploying these systems within professional
engineering environments requires strict operational discipline. This book,
Aider in the Loop: Patch-First AI Pair Programming with CI Safety Nets,
presents a systematic approach to using AI assistance as a controlled patch
production system rather than a mechanism for autonomous, opaque code
generation.

 
   At the core of this methodology is the patch-first workflow. Large, unconstrained
rewrites introduce unacceptable levels of regression risk and cognitive load during
review. By restricting AI operations to small, verifiable batches, developers maintain
absolute control over the codebase. The standard operating procedure becomes a
rigid cycle: request narrowly scoped changes, inspect the resulting diffs, execute
aggressive validation, and either commit or revert the changes. This iterative loop
ensures that AI-generated code remains accountable to standard engineering
practices.

 
   Version control functions as the primary safety boundary for AI edits. Git is
not treated as incidental tooling; it provides the audit trail, the rollback
mechanism, and the definitive trust boundary. A clean repository state before
invoking AI edits, combined with granular, automatic commits, ensures that
every modification is isolated and bisectable. If an AI model introduces an
error or misunderstands a requirement, standard version control recovery
patterns allow the developer to revert the system to a known good state
immediately.

 
   Effective operation also depends on precise context engineering and session
control. Providing an AI model with an entire codebase degrades performance and
increases the probability of collateral edits. By strictly controlling the editable surface
through explicit file inclusion and leveraging repository maps for structural
awareness, developers minimize token waste and constrain the model’s write scope.
Furthermore, selecting the appropriate interaction modes and underlying language
models based on the specific task dictates the fidelity and reliability of the resulting
patch.

 
   Validation occurs through nested feedback systems. Local checks, including linters
and test suites, form the immediate safety net. These tools evaluate the generated
                                                                  

                                                                  
patches and provide rapid, deterministic exit codes that inform the next iteration of
the edit cycle. However, local validation remains subordinate to Continuous
Integration (CI). CI acts as the authoritative enforcement layer and the final merge
gate. The pipeline validates all AI-generated patches independently of local
execution, ensuring that team policies and software governance standards remain
intact.

 
   This book details the technical mechanics of executing this operating model. It
covers the command-line fluency required for efficient Aider sessions, the interaction
between different chat modes and multi-stage reasoning workflows, and the design of
pipeline gates for AI-generated changes. By formalizing human review protocols,
demanding strict diff literacy, and integrating AI assistance with robust CI
safety nets, engineering teams can achieve the acceleration provided by AI
while preserving the integrity, reviewability, and reliability of their software
systems.
                                                                  

                                                                  
   
 



    

   


   Chapter 1
Operating Model: Patch-First AI Pair Programming

Most AI coding failures are not caused by the model being mysteriously unreliable;
they are caused by operators accepting a workflow that hides change scope, blurs
responsibility, and postpones validation. This chapter replaces that ambiguity with a
simple but demanding discipline: treat the model as a patch generator inside a
human-governed loop, where trust is earned through diffs and tests rather than
prose.

   
 

   1.1    Why Patch-First Beats Opaque Rewrite Workflows

A coding assistant can either enlarge your control surface or shrink it. If you ask it to
“refactor the subsystem,” it may return something fluent, cohesive, and hard to
interrogate. You inherit a large reasoning burden because the model has already
made many hidden choices about scope, coupling, naming, control flow, and collateral
edits. If you ask for a bounded change and insist on a patch, the output
becomes inspectable before it becomes authoritative. That difference is not
stylistic; it is the difference between narrative plausibility and operational
evidence.
   
 

 # Ask for a bounded change, then inspect the patch. 
 
git diff -- src/auth/login.py 
 
git apply --check fix-login.patch 
 
git apply --index fix-login.patch 
 
git add -p 
 
git commit -m "Fix login timeout edge case"

 
   The practical value of that sequence is that each step narrows the set of facts you
need to trust. A diff shows what changed. A patch check tells you whether the change
is structurally applicable. Partial staging lets you accept only the hunks that belong
together. The commit then records a decision, not an experiment. You can reverse
that decision with the same precision because the accepted unit was small enough to
understand.
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   The left-hand path in the diagram optimizes for dramatic output. It invites the
assistant to decide too much at once, then asks you to validate a bundle of choices
after the fact. The right-hand path optimizes for bounded authority. The assistant
proposes a candidate change; you inspect the diff; you decide whether the patch
deserves further effort. That sequence defines the human trust boundary.
You trust the model to generate candidate edits, not to define acceptance.
You trust the diff after inspection, not before. You trust behavior only after
validation.

 
   That layered trust model matters because AI-assisted development fails most
often at the interfaces between confidence and evidence. A broad rewrite can look
internally coherent while still carrying a subtle regression. The output may preserve
naming conventions, compile locally, and even satisfy a superficial test. Yet it can
also alter edge-case behavior, silently widen a contract, or add convenience edits that
were never requested. A patch-first workflow reduces that risk by making the review
surface small enough for a human to interrogate without guessing at the model’s
intent.

 
   Why opacity is expensive. Opaque rewrite workflows increase cost in at least
five ways. First, they enlarge the amount of code you must mentally simulate. Even if
each individual edit is reasonable, the interaction between them may not be.
Second, they obscure intent. You cannot reliably tell whether a change exists
to fix a bug, clean up style, or compensate for a previous mistake unless
the diff is bounded. Third, they couple correct local changes to unrelated
regressions. A useful refactor may arrive bundled with a behavior change
that should have been isolated. Fourth, they invite acceptance based on
narrative plausibility. If the explanation sounds clean, the operator may
stop inspecting closely. Fifth, they make rollback less informative, because a
large accepted bundle erases the causal boundaries you need to diagnose
failure.

 
   These costs compound for experienced developers. Familiarity with the codebase
can create a false sense of pattern recognition: the rewrite looks consistent, so the
operator assumes it is safe. That is precisely the trap. Coherence in prose
does not imply correctness in code. A patch-first posture resists that trap
by forcing each unit of change to earn its place on the basis of scope, not
eloquence.

 
   Batch size defines the control problem. Treat the assistant as a change
generator operating inside a control loop. Your control variable is batch size: the
number of files touched, the breadth of semantic change, the coupling between
modified elements, and the amount of reviewer attention required to reach
confidence. Small batch size does not mean “few lines” in a trivial sense. A ten-line
edit can still be large if it changes a shared interface, a concurrency boundary, or a
data invariant. Conversely, a multi-file patch can still be acceptable if the files
participate in one narrow semantic adjustment and the review surface remains
intelligible.

 
   The useful question is not whether the patch is short. The useful question is
whether you can identify its regression radius. If a patch fails, how far can the
                                                                  

                                                                  
damage propagate? If it succeeds, how much of the codebase does the result force you
to re-evaluate? Patch-first work keeps those answers local. Opaque rewrite work
spreads them across the session.

 
   The trust boundary is technical, not ceremonial. Human review is
sometimes described as a sign-off step, but that framing is too soft. Review is a
filtering layer. It decides whether the candidate edit is correctly scoped,
semantically appropriate, and worth validation effort. That is a technical role, not a
moral one. You are not merely blessing the model’s output; you are deciding
whether the patch belongs inside the set of changes that deserve expensive
verification.

 
   This separation matters because the three trust levels are different:
   
 

     
     	You trust the model to produce a candidate patch.
     

     	You trust the diff only after inspection.
     

     	You trust the behavior only after validation.


   Collapsing those levels creates operational drift. If a model-generated explanation
is treated as a substitute for review, the human boundary disappears. If review is
treated as a substitute for testing, the system boundary disappears. Patch-first work
keeps both boundaries visible.

 
   Review surface and cognitive load. Review capacity is finite. Every
additional hunk competes for working memory with the rest of the codebase, the test
results, and the request itself. Large diffs are not just larger; they are harder to
partition into meaningful subclaims. The reviewer must answer more questions at
once: Which files are semantically central? Which changes are incidental? Which
edits were requested? Which were opportunistic? Which failures, if any, would be
introduced by the same causal mechanism?

 
   That is why review quality degrades nonlinearly as batch size grows. The issue is
not only line count. The issue is the number of distinct judgments demanded by the
patch. Patch-first operation minimizes those simultaneous judgments. It lets you
review for one primary purpose at a time, which is exactly what makes the result
auditable.

 
   Rollback becomes precise when the patch is precise. Rollback is not just a
recovery mechanism. It is a diagnostic tool. When a patch is narrowly scoped,
rejecting or reverting it tells you something useful about the causal chain. The failure
is more likely to belong to the request, the patch, or the environment, and less likely
to be buried in collateral edits. That attribution clarity matters during long
                                                                  

                                                                  
interactive sessions, where a bad change can otherwise contaminate later prompts. If
you keep an unvalidated or suspicious patch in the working state, the next request
starts from a polluted baseline and every subsequent failure becomes harder to
interpret.

 
   Patch-first work therefore prices friction deliberately. It is slower to decompose a
request into smaller units. It may require you to sequence related edits rather than
asking for a speculative rewrite all at once. It may force you to defer adjacent
cleanup. That friction is not wasted effort. It is the cost of maintaining reversibility
and causal clarity.

 
   What patch-first blocks. Several common anti-patterns disappear when you
insist on patches.
   
 

     
     	“Cleanup while you’re there.” This  is  often  a  request  to  blur  the  line
     between the needed change and opportunistic improvement. The result is
     larger than the operator can justify.
     

     	Semantic change plus style churn. Formatting and logic edits belong to
     different review questions. Bundling them makes the diff noisier and the
     failure mode harder to isolate.
     

     	Narrative acceptance. If the explanation sounds right, the patch feels safe.
     That is a weak criterion. The patch must be small enough to examine on
     its own terms.
     

     	AI  as  authority.  The  assistant  can  suggest  structure,  but  it  cannot
     decide that a broad rewrite is acceptable. Acceptance remains a human
     responsibility.


   These failures are especially costly because they masquerade as productivity. A
large rewrite may appear to save time in the moment, but it borrows against future
review, future debugging, and future rollback. Patch-first work repays that debt
immediately by keeping the change bounded.

 
   When broad changes are still legitimate. Patch-first does not ban large
changes; it disciplines them. Some tasks are genuinely cross-cutting: renaming a core
type, changing a public contract, or decomposing a tightly coupled subsystem. In
those cases, the correct response is not to abandon patch-first discipline but to
sequence the work into reviewable increments. You may need multiple patches, each
                                                                  

                                                                  
with its own validation target and rollback point. If the change cannot be
decomposed without losing semantic integrity, that fact is itself valuable: it
tells you where the coupling lives and how much operational risk the work
carries.

 
   The decision criterion is simple. If acceptance conditions differ, split the work. If
different parts of the change require different tests, split the work. If rollback
desirability differs across subchanges, split the work. If the request needs prose long
enough to describe several unrelated intentions, narrow it before asking the model to
edit.

 
   Why this is a control system. Patch-first is not a prompt style; it is a control
strategy. The assistant generates perturbations. You constrain the amplitude of
those perturbations so that the system remains observable. In control terms,
you want a small enough step size that the resulting state change can be
measured and corrected before the next step. In software terms, that means
each patch should be small enough to inspect, validate, and reject without
ambiguity.

 
   This framing matters because it changes how you interpret friction. If a request
repeatedly produces oversized diffs, the problem is not that the model is
insufficiently creative. The problem is that the control loop is too loose.
Tighten the request. Narrow the scope. Separate the concerns. The goal
is not to make the assistant more verbose or more confident. The goal is
to make each change legible enough that you can accept it with technical
certainty.

 
   Operational habits that follow from the model. Once you treat patch-first
as a control boundary, several habits become natural. You ask for one behavior
change at a time. You stop the session when the patch no longer matches the request
cleanly. You avoid carrying forward half-accepted changes. You prefer a sequence of
inspectable diffs over one large speculative rewrite. You treat any edit that
widens scope without explicit permission as a signal to tighten the next
request.

 
   That discipline keeps collaboration stable over long sessions. The assistant
remains useful because it stays inside a bounded trust envelope. You remain in
control because every accepted change is small enough to explain, validate, and, if
needed, unwind.

   
 

   1.2    Running the Request-Patch-Review-Validate-Commit Loop

A patch-first workflow becomes reliable only when you close the loop every time. The
useful unit of work is not a conversation, not a partial fix, and not a promising
draft. It is one iteration with a clear end state: either you keep a validated
commit, or you discard the change explicitly. Anything else leaves the session
state ambiguous, and ambiguity compounds. After a few iterations, you
no longer know whether a failure came from the latest patch, an earlier
                                                                  

                                                                  
uncommitted edit, or an overbroad request that never should have been
accepted.
   
 

 # One safe iteration in practice 
 
git diff -- src/cache.py 
 
git apply --check patch.diff 
 
git apply --index patch.diff 
 
pytest tests/test_cache.py 
 
git commit -m "Fix cache eviction edge case"

 
   That sequence expresses the loop in operational form. You request a narrow
change, inspect the patch, validate it immediately, and then either commit
it or undo it. The point is not that these exact commands are mandatory
in every environment. The point is that the session should always end in
one of two places: an accepted state that you can name, or a rejected state
that leaves no residue. A live Aider session is healthiest when it behaves
like a series of bounded experiments, not an accumulating pile of tentative
edits.

 
   Request formation sets the quality of the loop. The request is not a
free-form wish. It is the constraint that determines whether the model returns a
reviewable patch or a sprawling rewrite. A good request names the desired behavior,
the relevant scope, and the boundary of acceptable change. If you ask for “fix the
timeout bug in login validation,” you have left the model to infer too much. If you
ask for “fix the timeout bug in login validation without changing the token format or
the login response schema,” you have already reduced the chance of collateral
edits.

 
   The practical test is simple: can the request plausibly produce a patch small
enough to inspect and specific enough to validate? If not, narrow it before you
start the loop. Multi-goal requests are especially risky when the goals do
not share a validation target. A request that asks for a bug fix, a cleanup,
and a refactor in one turn may produce a coherent-looking diff, but the
review cost rises sharply because each subchange has a different acceptance
criterion. The assistant will happily bundle them; you still have to untangle
them.

 
   Review is a gate, not a ritual. Review happens before validation because
there is no reason to spend cycles on a patch that is obviously mis-scoped. That does
not mean reading is more authoritative than testing. It means review filters out
patches that do not deserve validation effort. The review question at this stage is
deliberately coarse: did the patch touch the expected files, does the change shape
match the request, are there obvious collateral edits, and did the assistant create new
obligations that were not asked for?

 
   At this stage you are not doing a deep semantic audit of every line. You are
deciding whether the patch belongs inside the current loop at all. If the change
touches unrelated modules, mixes formatting with logic, or silently broadens the
contract, reject it immediately. If the patch is broadly right but one hunk looks
suspicious, fix the request and regenerate the patch rather than carrying uncertainty
forward. The loop is designed to reduce the amount of code you must inspect under
pressure, not to force you to bless a diff because the session has already invested time
in it.
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   The diagram matters because it makes the control objective explicit. The loop
does not merely move from request to patch to tests. It forces a decision. The two
valid exits are commit and undo. A committed patch becomes part of the repository
state and earns future trust. An undone patch disappears from the session so that
later requests start from a clean baseline. The dashed warning box marks the state
you must avoid: keeping a doubtful patch “for now.” That state is dangerous because
it contaminates every later prompt. The model will reason over code that
you do not fully trust, and you will gradually lose track of what still needs
validation.

 
   Validation closes the epistemic gap. Review tells you whether the patch is
worth spending more effort on. Validation tells you whether the patch behaves as
intended. That order matters. A patch can be syntactically clean, well scoped, and
still wrong in behavior. Validation is the executable check that closes the gap left by
plausible code. For a small fix, that may be a focused unit test, a targeted script, or a
quick reproduction of the original failure. For a narrowly scoped refactor, it may be a
compile or test pass that demonstrates you did not break the local contract. The
exact toolchain belongs elsewhere; what matters here is that you validate
immediately, while the causal link between request, patch, and result is still
fresh.

 
   Do not let validation become a vague future obligation. The loop is not
closed until the patch has either passed the checks you consider sufficient
for its scope or has been rejected. A patch that “looks fine” but has not
been exercised remains in limbo, even if the conversation has moved on. The
discipline is simple: no patch stays in working state without a reason to trust
it.

 
   Two exits only: commit or undo. A validated commit is the end state when
the patch matches the request and the checks are sufficient for the change size.
Commit records intent. It says that you have accepted this exact unit of change and
that later failures should not be blamed on an unresolved session artifact. The
commit boundary is especially valuable because it gives you a durable name for the
decision you made.

 
   Explicit undo is the other valid exit. If the patch is mis-scoped, semantically
dubious, or too noisy to validate with confidence, remove it. Do not preserve it as a
placeholder. Do not keep it in the tree while trying a different idea. Undo is not a
failure; it is loop hygiene. It clears the state so that the next request starts from
known ground. That is particularly important in AI-assisted work, where the model
is sensitive to the current file state and may amplify your uncertainty if you leave
stale edits in place.

 
   A practical cycle in a live session. Consider a small bug fix in a cache layer.
You notice that an expiration path drops entries too aggressively when a timestamp
is missing. The request should name only that behavior: restore the intended fallback
when the timestamp is absent, and do not change the cache key format or the
eviction policy. That request keeps the assistant inside a narrow semantic
box.

 
   The returned patch should touch only the relevant function or the smallest
                                                                  

                                                                  
surrounding unit needed to implement the fix. Your first review checks whether the
edit stayed inside that box. Did it modify the cache logic alone? Did it add a new
helper when the existing one would do? Did it sneak in naming cleanup or test
reshaping that was not requested? If the patch is too broad, reject it and restate the
request more tightly.

 
   If the patch passes the scope check, validate immediately with the smallest
meaningful test. Reproduce the bug if you can. Run the relevant unit test or a
focused test file. If the result is good, commit the patch and stop the loop. If the
result is bad, do not ask for more changes on top of an untrusted base. Undo the
patch, capture the failure mode, and start a fresh iteration with a narrower request
or a corrected assumption. The key point is that the session never ends in a
haze of “almost fixed.” It ends with a durable acceptance or with a clean
slate.

 
   What counts as narrow enough. “Narrow” is not a slogan; it is a practical
sizing decision. A request is narrow enough when the resulting patch has a single
dominant purpose and a single obvious validation path. The moment you need
multiple validation methods, the patch may already be too large. If the edit requires
you to reason about multiple subsystems at once, the request probably spans more
than one loop. If the explanation for the change becomes compound, the patch is
likely compound too.

 
   You can use three questions to judge this quickly:
   
 

     
     	Does the patch have one primary behavioral objective?
     

     	Can you validate it with one obvious set of checks?
     

     	Can you reject it without leaving half-completed intent behind?


   If the answer to any of these is no, split the work. The gain is not just lower risk.
Smaller loops make it easier to understand whether the model, the request, or the
repository state caused the outcome you observed.

 
   When to split rather than extend. The temptation during a session is
to keep adding adjacent edits once the model is already inside the right
files. That is often the wrong move. Split the work when acceptance criteria
differ, when different parts of the change require different tests, or when one
subchange can be safely committed while another remains uncertain. A
behavior fix and a cleanup usually deserve separate loops. A refactor and a
contract change usually deserve separate loops. Even two logically related
edits may deserve separate loops if one is easy to validate and the other is
not.
                                                                  

                                                                  

 
   This is not pedantry. Each additional concern increases the chance that a later
failure will be misattributed. If you combine two changes and the tests fail, you do
not know whether the cause is the new behavior, the cleanup, or the interaction
between them. Separate loops preserve causality. They also improve session
resilience because a committed patch no longer depends on the fate of the next
idea.

 
   Avoiding conversational drift. Once a session has produced a patch, the
conversation can drift away from the original scope very quickly. A failed check may
tempt you to widen the request. A minor annoyance may tempt you to ask for
cleanup. A newly noticed style inconsistency may tempt you to bundle a second edit.
Those moves are expensive because they blur the boundary between the accepted
change and the new request. The safer response is to close the current loop first, then
open a new loop for the follow-up.

 
   That habit protects both the human reviewer and the assistant. The reviewer
keeps a clear mental map of what was accepted. The assistant gets a stable
base state instead of a moving target. The result is less confusion, fewer
accidental regressions, and more reliable attribution when something goes
wrong.

 
   Why loop closure matters over long sessions. The reason this discipline
scales is that ambiguity is cumulative. One uncommitted patch is manageable. Three
partial fixes in the tree become hard to reason about. Add a failed test run, a
speculative cleanup, and a still-pending idea, and the working state stops being a
trustworthy object of thought. At that point the model is no longer helping you
manipulate a clean change set; it is helping you navigate an ambiguous local
history.

 
   Closing the loop every time prevents that drift. A validated commit becomes an
anchor point. An explicit undo clears failed hypotheses. The session stays
decomposable into decisions you can explain and recover. That is exactly the
condition that makes patch-first AI pair programming sustainable under pressure: the
next prompt always starts from a known state, and the answer you get can be judged
against a specific, closed question.

   
 

   1.3    Small Batch Size as a Reliability Strategy

Once you are working patch-first, batch size becomes the main lever that determines
whether the session stays reviewable or turns into a blur of plausible edits. The
temptation is familiar: the model is already in the right file, so ask it to clean
up a helper, rename a variable, update a nearby test, and fold in a related
refactor while it is there. That impulse feels efficient because it compresses
several requests into one turn. In practice, it expands risk faster than it
reduces effort. Small batches are not a stylistic preference; they are how you
keep review quality, rollback precision, and fault isolation intact when the
assistant is capable of generating more change than you can safely absorb at
                                                                  

                                                                  
once.
   
 

 # Size the patch to one dominant purpose. 
 
# Ask for the bug fix first, then split follow-up cleanup. 
 
git diff -- src/parser.py 
 
git add -p 
 
git commit -m "Fix parser fallback on empty input"

 
   That pattern is the operational core of batch sizing. You do not try to
make one patch satisfy every local opportunity for improvement. You define
one dominant purpose, keep the scope tight enough to review, and defer
adjacent work to a separate loop. The result is not merely a smaller diff.
It is a change set whose meaning remains legible after the session moves
on.

 
   Batch size is multidimensional. Experienced engineers sometimes treat batch
size as line count. That is too crude. A twenty-line change can be tiny if it adjusts
one branch in a private helper, and a five-line change can be enormous if it
alters a public contract used throughout the codebase. Evaluate batch size
across at least four dimensions: semantic breadth, number of files touched,
coupling between the modified elements, and the effort required to validate the
result.

 
   Semantic breadth is the most important dimension. A patch is small when it
changes one behavior class, not when it merely edits a small amount of text. A
refactor that renames a function, rewires callers, and changes error handling is
semantically larger than a bug fix that touches more lines but preserves intent. File
count matters because review gets slower as you distribute reasoning across more
places. Coupling matters because the harder it is to isolate the modified code from
the rest of the system, the more likely a failure will spread. Validation effort matters
because a patch that needs three different test strategies is already asking for too
much attention.

 
   Why small batches improve review quality. Review quality degrades when
the reviewer must infer too many intentions from one diff. A small patch keeps the
question focused: does this change do the one thing it claims to do? That focus
matters because code review is not just line inspection. You are also checking for
collateral edits, hidden follow-on obligations, and mismatch between request and
implementation. The larger the patch, the more likely you are to miss a subtle but
important mismatch simply because the cognitive load exceeds the review
budget.

 
   This is why small batches are a reliability strategy rather than a productivity
trick. They reduce the number of simultaneous judgments you need to make. When
the patch is focused, the reviewer can look for one behavioral effect, one or two
relevant test outcomes, and one rollback point. When the patch is broad, every
judgment becomes conditional on every other judgment, and confidence drops even if
the code reads well. A broad diff can look elegant while still hiding an unwanted
behavior change in a distant hunk.

 
   Rollback precision depends on batch boundaries. Rollback is only precise
when the accepted unit is precise. If you commit a patch that contains a behavior
fix, a cleanup, and a style change, then a later regression tells you almost
nothing about which part was responsible. You can revert the entire commit,
but that is a blunt instrument. It restores safety at the cost of losing the
                                                                  

                                                                  
useful part of the change along with the bad part. Small batches improve
reversibility because they let you remove one idea without discarding several
others.

 
   That precision also improves your ability to bisect failures. When each
patch carries one dominant purpose, a later bug is easier to trace back to
a single causal candidate. If the change set combined unrelated work, the
failure space widens and root-cause analysis becomes more expensive. This is
one reason teams that value stability also value small reviews: the same
decomposition that helps a human inspect the diff helps the future you diagnose the
failure.

 
   Small batches tighten fault isolation. A well-sized patch separates three
questions that are easy to conflate in AI-assisted work: did the model misunderstand
the request, did the request itself overreach, or did the repository state change under
your feet? If the patch is small, you can answer those questions independently. If it is
large, the answers interfere with one another.

 
   Fault isolation matters most when the patch fails validation. A failed test
on a small patch usually points to a narrow cause: a wrong assumption,
a missing edge case, or a local integration issue. A failed test on a large
patch may reflect any combination of logic error, collateral edit, hidden
coupling, or stale context. You lose the ability to distinguish signal from noise.
That is why small batches are not just easier to review; they are easier to
debug.

 
   Decision criteria for splitting a task. The simplest rule is to split whenever
the patch would require multiple acceptance criteria. If one subchange is a bug fix
and another is a cleanup, they are different questions and deserve different loops.
If one part of the work is easy to validate and another is not, split them.
If rollback desirability differs across subchanges, split them. If the prose
required to describe the request starts to read like a compound plan, split
it.

 
   You can make that judgment quickly by asking four questions:
   
 

     
     	Does the patch have one primary behavior change?
     

     	Can you validate it with one obvious test path?
     

     	Would you want to revert it as a single unit?
     

     	Can you explain it without naming several unrelated goals?


   If any answer is no, the task is probably too broad for one patch. This does
not mean the overall problem is too large; it means the decomposition is
wrong. Break the work into sequential patches that each earn their own
review and validation. That sequencing often feels slower, but the saved
time shows up later in reduced debugging, clearer commits, and less review
fatigue.

 
   Why not bundle “one more thing.” The most dangerous batch-size expansion
usually comes from opportunistic adjacency. You ask for a bug fix, and while the
model is in the file you decide to modernize a helper, tighten naming, update nearby
tests, and simplify a conditional. Each addition may be defensible in isolation.
Together they create a patch whose only unifying property is proximity. That is a
weak basis for acceptance.

 
   Bundling adjacent work creates three kinds of debt. First, it increases review
ambiguity because the reviewer must now decide which hunks are essential and which
are incidental. Second, it makes validation less informative because success or failure
can no longer be attributed cleanly. Third, it inflates rollback cost because a revert
removes more than the original request required. The apparent convenience of
bundling is therefore borrowed from future attention, future testing, and future
repair.

 
   The model can see more improvements than you can review. AI
assistance introduces a subtle asymmetry. Once the model has enough context, it
may produce several locally sensible improvements at once. Each edit might be
individually justifiable. The problem is that your review budget is still finite. The
assistant can identify a dozen nearby improvements in seconds; you may only
have the capacity to validate one or two of them carefully. Batch size is the
control knob that reconciles that mismatch. You constrain the model so that
the resulting patch stays inside the range your human review can safely
cover.

 
   That constraint is especially important in codebases with dense coupling. A
model can infer a chain of related adjustments faster than you can simulate their
interactions. Without batch discipline, you may accept a patch because the pieces
look coherent, only to discover later that coherence was local and not systemic. Small
batches force the assistant to earn trust incrementally rather than all at
once.

 
   Trade-offs are real, but they are priced correctly. Small batches do impose
friction. A cross-cutting change can require several iterations, and that means more
prompts, more reviews, and more intermediate commits. You also have to decompose
the request more carefully, which takes thought. Those costs are real. The point is
that they are the right costs to pay.

 
   Broad patches appear faster because they compress effort into one visible
exchange, but they externalize risk into review time, validation time, and rollback
time. Small batches price that risk up front. The friction is not waste; it is a visible
expression of the fact that larger changes are more expensive to reason about safely.
In practice, the extra iteration often pays for itself because each loop remains easy to
                                                                  

                                                                  
close.

 
   Patch sizing heuristics that work under pressure. When you are deciding
whether to keep a change in one patch or split it, use heuristics that favor
observability over convenience.
   
 

     
     	Keep one patch when the change has one dominant behavior and one
     validation target.
     

     	Split when the patch touches multiple subsystems with different failure
     modes.
     

     	Split  when  one  subchange  is  safe  to  commit  and  another  still  needs
     investigation.
     

     	Split  when  the  explanation  starts  to  include  “while  you  are  in  there”
     language.
     

     	Abort and restate the request when the diff grows through opportunistic
     cleanup rather than request-driven change.


   These rules are intentionally conservative. The cost of an extra patch is usually
lower than the cost of a confused one. If you are uncertain, bias toward smaller
batches. You can always add another patch later. You cannot easily recover the
review clarity lost to an overlarge one.

 
   Concrete anti-patterns to avoid. Four anti-patterns show up repeatedly in
AI pair programming sessions. The first is formatting churn bundled with
logic change. Formatting noise obscures semantic edits and makes the patch
harder to reason about. The second is refactor plus behavior change. These
deserve separate review because they answer different questions. The third is
opportunistic adjacency, where nearby cleanup gets smuggled in because
the assistant is already editing the file. The fourth is the broad make it
better request, which gives the model permission to interpret proximity as
scope.

 
   Each of these anti-patterns weakens the same three things: reviewability, rollback
precision, and failure attribution. They also encourage the operator to accept the
                                                                  

                                                                  
patch because it looks productive. That is exactly the wrong criterion. Productivity
is only useful when the resulting change can still be understood, validated, and
reversed cleanly.

 
   Small batches preserve later tooling. Chapter-level mechanics such as
commit boundaries, local checks, and CI gates only work well when the patch that
reaches them is already well-sized. A clean commit is easier to name when it contains
one idea. A focused validation step is more meaningful when it is tied to one
dominant behavior. A CI failure is easier to interpret when it is not masked by
unrelated churn. Small batch size therefore improves the usefulness of every later
control point in the workflow.

 
   That is the deeper reason to treat batch size as a design variable. It
does not merely make the current review easier. It keeps the rest of the
operating model functioning at its intended fidelity. You want each patch
to be small enough that you can understand it, validate it, revert it, and
explain it without needing to reconstruct a whole conversation. When you hold
that line, the assistant remains a bounded change producer rather than an
open-ended rewrite engine, and the session stays stable under the pressure of real
work.

   
 

   1.4    Local Checks and CI as Nested Feedback Loops

A patch-first workflow stays safe only if you distinguish fast personal verification
from authoritative merge policy. Local checks let you move quickly, recover quickly,
and reject bad ideas before they spread. CI decides whether the change belongs in the
shared codebase at all. If you blur those roles, you start treating convenience as
policy, and the session becomes fragile: a green local run feels like approval, a flaky
test feels ambiguous, and a merge failure arrives after the patch has already accrued
false confidence.
   
 

 # Inner loop: fast local confidence 
 
pytest tests/test_parser.py 
 
 
 
# Outer loop: merge-policy gate 
 
git push origin feature/cache-fix 
 
# CI must pass before merge

 
   That separation is the core control model. The local loop answers a narrow
question: is this patch worth keeping in working state, and perhaps worth committing
locally? The CI loop answers a different question: does this change satisfy the team’s
shared standard under reproducible conditions? The first loop optimizes speed and
repairability. The second loop optimizes consistency and trust. Patch-first work
makes both loops more effective because small diffs produce clearer failures and
smaller blast radii.

 
   Define the two loops explicitly. The inner loop consists of the checks you can
run immediately in your own environment. Those checks should be cheap, targeted,
and informative enough to tell you whether the current patch deserves to survive.
They are not supposed to prove global correctness. They are supposed to reduce
uncertainty quickly.

 
   The outer loop consists of CI and branch policy. It runs in a shared environment,
                                                                  

                                                                  
against the integration target, with automation that other people trust. CI is slower
by design because it has to be broader, more stable, and more reproducible
than your local shell. That difference in time constant is a feature, not a
defect. A good operating model does not try to make the outer loop fast
by weakening it; it makes the inner loop fast so the outer loop can stay
strict.

 
   Local success is persuasive but not authoritative. A developer
workstation can answer many useful questions, but it cannot represent the whole
team’s environment. Your dependencies may be cached, your editor may hide
a warning, your shell may have a different version of a runtime, or your
uncommitted files may interact with the patch in ways CI will never see. Local
checks are therefore an optimization for iteration, not a substitute for merge
governance.

 
   That distinction matters most when the local result feels reassuring. A formatter
passed, a unit test passed, and the patch looks clean. None of those facts authorize a
merge. They only tell you that the patch has not obviously broken the narrow path
you exercised. CI exists to catch the cases your local setup cannot faithfully model:
branch integration effects, environment drift, and policy violations that only appear
under the canonical pipeline. GitHub status checks, for example, attach machine
validation to commits and pull requests and expose detailed run output and
rerun support. That makes the check result part of the change record rather
than a private artifact of one session. Protected branches can then require
those checks, require reviews, and require the branch to be up to date before
merge.

 
   Patch size amplifies the value of both loops. Small patches make local
failures easier to read because the failure surface is narrow. They also make CI
failures cheaper because fewer unrelated changes have to be ruled out. A broad
ambiguous patch tends to produce noisy local outputs and expensive CI failures
whose cause is harder to isolate. A small patch does the opposite: it increases the
signal-to-noise ratio in both loops.

 
   This is why patch-first work and nested feedback loops reinforce each other.
Patch-first reduces the number of moving parts. Local checks become more useful
because they can focus on one behavioral claim. CI becomes more useful because a
failing check more clearly identifies the change that introduced it. If you instead
batch several concerns into one patch, the local loop may still be fast, but it will be
fast at generating confusion. The outer loop then has to clean up a mess that should
never have been admitted.

 
   Authority belongs to CI, not to your workstation. A working local
environment can justify continuing, refining, or locally committing a change. It
cannot justify merge authority. CI holds that authority because it runs under shared
conditions and enforces team policy independently of any one developer’s judgment.
This is the control boundary that keeps convenience from turning into policy
drift.

 
   That boundary becomes especially important in teams that allow protected
branches. Branch protection rules can require approving reviews, passing status
checks, and fresh branch state before merge. Azure DevOps treats build
                                                                  

                                                                  
validation and reviewer requirements as standard branch-policy mechanisms, and
GitHub and GitLab provide analogous controls in their merge and status
systems. The point is not the brand-specific feature set; the point is that the
ecosystem assumes validation and review are enforcement points, not optional
niceties.
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   The diagram captures the decision structure. The inner loop lets you
decide whether the patch deserves to remain live. The outer loop decides
whether it may join the shared branch. A failure in the inner loop sends you
back to the request or patch. A failure in the outer loop sends you back to
refinement, not to merge anyway. The dashed warning path marks the error
teams make when they treat a local pass as equivalent to branch readiness.
That mistake is common because it feels efficient. It is actually a category
error.

 
   Validation should be layered, not duplicated. The right question is not
whether local checks or CI is better. The right question is what each layer should do.
Local checks should run first because they are cheapest and fastest. They should
catch syntax errors, narrow regressions, and obvious behavioral breaks. CI should run
later because it can afford to be broader: more tests, more environments, more policy
checks, and more reproducibility.

 
   This layered structure is the same logic that deployment-pipeline guidance
recommends: early stages provide fast, cheap feedback, while later stages provide
deeper, slower confidence. That sequencing is economical because expensive checks
should not be paid for until the cheaper ones have already filtered out obvious
failures. The inner loop gives you rapid correction. The outer loop gives you
organizational confidence.

 
   Do not overfit to the local environment. Local checks can mislead you in
subtle ways. You may have a formatter installed that CI does not use. You may have
stale caches or local artifacts that hide a failure. You may run only the happy-path
test that passed while ignoring a branch-sensitive integration test. You may also be
tempted to widen the meaning of a green local run until it feels like branch approval.
That is overfitting.

 
   The defense is to use local checks as an inner loop for change survival, not as a
claim of final correctness. Keep them fast enough that you actually run them. Keep
them relevant enough that they test the behavior you touched. And keep them
honest enough that you do not mistake convenience for shared truth. If a local check
is too expensive, you will stop running it. If it is too narrow, it will fail to detect the
relevant risk. The useful local check is the one you can afford to run immediately
after every patch.

 
   Source-only success is not merge success. One subtle edge case deserves
explicit attention: a change can pass source-side CI and still fail after integration.
GitLab distinguishes merge request pipelines from merged-results pipelines for
exactly this reason; source-only checks can miss failures that appear when the target
branch is incorporated. That is the central lesson, regardless of platform: the
environment you validate against must match the environment you intend
to merge into, or at least approximate it closely enough to detect relevant
conflicts.

 
   This matters when multiple people are landing changes in the same area.
A patch may pass against the branch it was written from, then fail once
the target branch advances. If your system requires up-to-date branches or
merged-result checks, you are acknowledging that integration context is part of
                                                                  

                                                                  
correctness. The outer loop exists to expose that dependency before the merge, not
after.

 
   Failure modes that come from collapsing the loops. Most operational
mistakes in this area are variations of one confusion: treating local success as if it
were policy. That confusion leads to several concrete failures.
   
 

     
     	First, you may keep a patch around because the local tests passed even
     though the patch never received CI-level scrutiny.
     

     	Second, you may delay local checks because you assume CI will catch
     everything anyway, which is a slow and expensive way to learn about
     trivial breakage.
     

     	Third, you may ignore a failing merge check because the patch “worked on
     my machine,” which is an explicit rejection of the shared control model.
     

     	Fourth,  you  may  overtrust  a  formatter  or  linter  and  equate  surface
     cleanliness with semantic safety.


   Each of these mistakes is made easier by broad patches and harder by small ones.
That is another reason batch size and nested loops belong together. Small patches
make local checks sharp. CI then verifies the same small patch under shared policy.
When the patch is large, both loops become noisier and the boundary between them
becomes easier to violate.

 
   Use the inner loop to move; use the outer loop to decide. A good
operating habit is to let local checks answer “should this patch stay alive?” and let CI
answer “may this patch merge?” That distinction keeps your session efficient without
making it reckless. You can move quickly in your own workspace because the inner
loop is fast. You can enforce policy without negotiation because the outer loop is
authoritative. And when the two disagree, you treat the discrepancy as a signal that
the patch, the test strategy, or the environment needs correction before anyone
merges it.

 
   That division of labor is what makes patch-first AI pair programming governable.
The assistant can generate candidate changes quickly, but only the layered feedback
model determines whether those changes survive. The inner loop keeps the work
flowing. The outer loop keeps the repository trustworthy.
                                                                  

                                                                  
   
 



    

   


   Chapter 2
Git as the Safety Boundary for AI Edits

The central question of this chapter is not whether the model is smart, but
whether its changes are safely containable. Readers learn to make every AI
edit legible, reversible, and attributable, so that trust comes from repository
mechanics and review discipline rather than from confidence in generated
explanations.

   
 

   2.1    Establishing Clean Repository State Before AI Sessions

Aider is most useful when the repository already tells a clear story. If you begin a
session in a tree that contains half-finished edits, generated noise, or stale
staging state, the resulting patch stops being a precise record of what the AI
changed. It becomes a mixture of prior intent, incidental drift, and new
modifications, which makes review harder and rollback less reliable. The
safest habit is simple: before you ask for an edit, make the repository state
unambiguous enough that every new line can be attributed to the session you are
starting.

 
   Start with a machine-readable status check. Use git’s porcelain status
format as the first gate before any AI-driven edit. It is stable for scripts, compact
enough for automation, and explicit about the difference between staged, unstaged,
untracked, ignored, and submodule-related state.
   
 

 git status --porcelain=v1 -uall 
 
git diff --quiet --exit-code 
 
git diff --cached --quiet --exit-code

 
   The first command tells you what is present in the working tree and index. The
second checks whether the working tree differs from the index or HEAD. The third
checks whether the index differs from HEAD. Together, they answer the only
question that matters at session start: does the repository already contain content
that would be confused with the AI’s work? If any command reports a difference, you
are not yet in a clean launch state.

 
   A clean state is not merely aesthetic. It preserves the meaning of the diff itself.
Review depends on contrast: a reviewer needs to see what changed relative to a
known baseline. If the baseline already contains unrelated changes, then any
subsequent patch loses forensic value. A late regression is then hard to investigate
because the repository no longer cleanly separates developer intent, AI edits, and
pre-existing noise.

 
   Read the index as carefully as the worktree. Experienced users often
inspect the working tree and stop there, but the index is the real boundary that
determines what will become the next commit. A file can be modified and not staged,
staged and no longer modified, or partially staged with multiple intents split across
hunks. Those states matter because they alter what an AI session will inherit and
what a later commit will record.
   
 

                                                                  

                                                                  
 git diff --name-only 
 
git diff --cached --name-only 
 
git diff --name-status

 
   The unstaged diff shows what is still in motion. The cached diff shows what is
already committed to the index and will be part of the next commit. When those
two views disagree, you are looking at a repository whose state is already
segmented. That may be deliberate, but it should be deliberate on purpose,
not accidental. If the index contains work unrelated to the AI task, stage
it into a commit or unstage it before beginning the session. Do not leave
uncertain material in the index and assume later prompts will preserve the
distinction.

 
   That distinction is especially important in repositories where one person is both
the human owner and the AI operator. In that case, it is easy to treat staged state
as a temporary note-to-self. Git does not treat it that way. The index is
the snapshot that becomes the next commit, so anything you leave there
becomes part of the session’s historical record whether or not that was your
intention.

 
   Use a decision flow, not an intuition test. A practical launch checklist
should resolve the current state before any prompt is sent. The core choices are few:
commit the existing work, stash it, discard it, or postpone the AI session entirely. A
compact preflight flow keeps those choices explicit.
   
 

 git status --porcelain=v1 -uall 
 
git diff --stat 
 
git diff --cached --stat

 
   If the tree is clean, start the session. If unrelated work is present, decide whether
it is complete enough to commit, incomplete enough to stash, or accidental enough
to discard. If you cannot answer that quickly, the repository is telling you
something important: the current state is not ready to support a trustworthy AI
edit.

 
   That discipline matters because AI systems are sensitive to context. If you feed a
dirty tree into the session, the model does not merely see your requested change; it
also sees the surrounding ambiguity. The risk is not just that the tool edits the wrong
lines. The deeper risk is that later you cannot tell which changes belong to which
intent. The first containment wall is therefore not the model prompt, but the
repository boundary.

 
   Separate intentional work from incidental noise. A dirty repository is not
always dangerous, but it must be classified. Untracked files, generated artifacts,
temporary outputs, and editor swap files all produce noise that can obscure
meaningful changes. Some of that noise is harmless. Some of it is a symptom that
your build or test tooling is leaking state into version control. Either way, it deserves
explicit handling before the AI session begins.

 
   Ignored files need particular attention. Ignored does not mean irrelevant. A
generated file may be excluded from version control, yet still influence the build, the
runtime, or the meaning of a diff. If a code generator rewrites output on each run,
the noise can drown out the patch you actually care about. In that case, you should
either exclude the artifact from the session or regenerate it in a controlled way after
the source edit is stabilized.
                                                                  

                                                                  
   
 

 git status --ignored --short 
 
git check-ignore -v path/to/file

 
   Use these commands to understand why something is hidden from the default
status view. A file that is ignored by rule is not automatically safe to forget. It may
still be important for build reproducibility, for code review, or for local validation.
What matters is that you know whether it is in flight before you introduce another
actor into the repository.

 
   Choose between commit, stash, discard, and postpone. Each remedy
solves a different problem, and they are not interchangeable.

 
   A commit is the right move when the existing changes represent a coherent unit
of work. It turns an uncertain live state into a durable historical object. That is
usually the best choice when the repository already contains a meaningful change and
you are ready to stop carrying it in your working tree.

 
   A stash is the right move when you need to suspend local, incomplete work
without converting it into history yet. It is useful when you want to preserve a partial
experiment while temporarily making the tree clean for the AI session. But stash is a
buffer, not an audit trail. It is local, temporary state, and reapplying it later can
conflict with changes made in the meantime.
   
 

 git stash push -u -m "wip before aider session" 
 
git stash list 
 
git stash pop

 
   The -u flag includes untracked files when needed. That is often helpful when
generated or newly created files are part of the local experiment. Use it carefully,
because it also means you are moving more state into the temporary buffer than you
might remember later. If the stashed work matters beyond the immediate session,
commit it instead.

 
   Discard is the right move when the current changes are accidental, exploratory in
the wrong branch, or clearly superseded. If a file contains scratch edits that
you do not want to preserve, remove them before starting the session. The
key is to make that decision consciously. The AI should not inherit human
uncertainty.

 
   Postpone is the right move when you cannot yet classify the changes safely. That
happens more often than teams admit. If a repository contains a mix of real work,
generated churn, and an unknown side effect from a previous task, forcing an AI
session only compounds the confusion. A delayed start is cheaper than a confused
recovery.

 
   Verify branch position and upstream context. A clean working tree
is necessary, but not sufficient. You also need to know which branch you
are on and whether it is synchronized with the intended base. A repository
can be clean and still be operationally unsafe if it is pointed at the wrong
branch or if it has drifted far from the remote branch you think you are
editing.
   
 

 git branch --show-current 
 
git status -sb 
 
git rev-parse --short HEAD 
 
git fetch --prune

 
                                                                  

                                                                  
   The branch name anchors intent. The short commit hash anchors exact position.
The fetch refreshes your view of the remote so you are not making decisions against
stale information. This matters when the session is meant to produce a small,
attributable patch on top of a known base. If the local branch is behind upstream,
you may be about to edit against an outdated assumption. If it is ahead with
unrelated commits, the patch you ask for may be harder to isolate than you
expect.

 
   In operational terms, branch cleanliness and tree cleanliness are different axes.
One describes whether the workspace contains uncommitted material. The other
describes whether the workspace is aligned with the intended line of development.
You want both.

 
   Treat generated files as a containment problem. Generated files deserve
special handling because they often move more quickly than source files and can
create false positives in diff review. A build artifact that changes on every run
can make a simple source edit look much larger than it is. That obscures
accountability, especially if the AI session regenerates files as a side effect of editing
source.

 
   The right approach is to identify which generated files should remain
outside the session boundary and which should be regenerated only after
source changes stabilize. If a generated file is required for local testing but
not meaningful for review, consider whether it should be excluded from
the model’s context or isolated in a separate commit. If it is committed for
reproducibility, keep its generation deterministic enough that the diff remains
readable.

 
   This is where repository policy and tooling discipline intersect. Ignore rules, build
scripts, and generator conventions all shape what the AI sees. If those layers are
inconsistent, the session becomes noisy even when the source edit is small. A clean
repository is therefore a property of the whole toolchain, not just of the source
tree.

 
   Launch the session only when attribution is unambiguous. Once the
status is clean, the branch is known, and any necessary upstream refresh has been
completed, the repository becomes a valid starting point for an AI patch. At that
point, a new diff can be interpreted as belonging to a single session boundary. That
boundary is what makes later review meaningful. It also makes rollback practical,
because you know where the session began.

 
   The operational payoff is straightforward. If something breaks later, you
can ask a narrow question: what changed after the clean start? Without
that boundary, the answer becomes speculative. With it, you can compare
pre-session HEAD, the staged index, and the new commit or patch sequence with
confidence.

 
   Avoid the common failure modes. The most damaging anti-pattern is to start
an AI session on a dirty tree because the edits are “small.” Small does not mean
isolated. A one-line fix can still be entangled with unrelated unstaged work, and the
resulting diff may look deceptively local while actually touching a shared file
that already contained human edits. Another common mistake is to leave
generated output in the tree and hope review will ignore it. Reviewers do
                                                                  

                                                                  
not ignore noise easily; they simply have less bandwidth left for the actual
change.

 
   A third failure mode is mixing concerns before the session starts. If you are
half-finished with a refactor and also want a bug fix, separate them. If you are unsure
whether a temporary experiment belongs in history, stash or commit it before
proceeding. The AI session should not be the place where you sort out ownership. It
should begin after ownership is settled.

 
   A final failure mode is confusing ignored state with harmless state. Ignored files
may not appear in default status output, but they still affect the repository
environment. If a tool depends on them, they belong in your mental model of session
readiness even when they do not belong in the commit.

 
   Make readiness a repeatable launch ritual. A reliable preflight sequence is
short enough to run every time and strict enough to catch ambiguity before it
becomes a patching problem. A practical order is: inspect porcelain status, inspect
unstaged and staged diffs, classify any dirty state, clear or shelve unrelated work,
refresh branch context, and only then begin the AI interaction. That sequence does
not remove judgment; it concentrates judgment at the point where it is cheapest to
apply.
                                                                  

                                                                  
   
 

1. git status --porcelain=v1 -uall
2. git diff --stat
3. git diff --cached --stat
4. commit, stash, discard, or postpone
5. git status -sb
6. git fetch --prune
7. start Aider




 
   The strength of the routine is not its complexity. It is its ability to preserve
meaning. When the repository starts clean, the AI’s patch stays legible, the diff
remains attributable, and any later failure can be investigated without guessing
which lines were already in flight. That is the simplest way to keep AI-assisted
editing inside a boundary you can still trust.

   
 

   2.2    Using Automatic Commits to Preserve an Auditable AI Change
Trail

Automatic commits solve a trust problem, not a convenience problem. When an AI
tool edits files across several prompts, the real risk is not that the work is slow
to record. The risk is that the timeline of judgment disappears. Without
durable checkpoints, you lose the ability to answer basic questions later: which
prompt produced which code, what the developer accepted, what was rejected,
and where the change was safe to stop. A sequence of commits turns that
invisible negotiation into a durable history you can inspect, bisect, revert, and
explain.

 
   Use the index as the unit of record. A commit records the current contents
of the index as a new child of HEAD. That detail matters because it gives you a
precise boundary for what the AI actually changed at each checkpoint. The working
tree can keep moving, but the commit captures only what you chose to stage and
accept.
   
 

 git add src/parser.py 
 
git commit -m "parser: accept quoted identifiers"

 
   That simple pattern is the foundation of an auditable AI trail. Each
commit says, in effect, “this is the state I approved.” If the session later goes
wrong, the repository tells you exactly which accepted step introduced the
behavior. If you collapse several accepted edits into one retrospective commit,
you destroy that ordering and force yourself to reconstruct history from
memory.
                                                                  

                                                                  

 
   Treat auto-commit history as a sequence of decisions. A good commit
trail preserves temporal structure. Each accepted patch is a decision you made after
seeing the diff, not a vague memory of what the model suggested hours later. That
distinction becomes critical when you investigate a regression. A history that records
each checkpoint separately lets you ask whether the bad behavior came from the
parser fix, the test adjustment, or the follow-up cleanup. A monolithic commit does
not.

 
   That is why automatic commits work best when they follow small, coherent
acceptance points. The goal is not to generate more commits for their own sake.
The goal is to preserve the order in which you approved changes so that
later review can replay the session with fidelity. In practice, that makes
the AI workflow closer to an annotated experiment log than to a mass file
rewrite.

 
   Use commit boundaries to preserve intent. Each commit should correspond
to one defensible change in the codebase. If the AI fixes a bug and rewrites unrelated
formatting in the same acceptance step, the commit boundary becomes less useful as
a record. If you accept a refactor and a behavior change together, later blame,
rollback, and incident analysis all become more expensive because the commit no
longer answers a single question.

 
   That is the key operational tension. Fine-grained commits improve traceability
but can become noisy if every trivial rename or whitespace adjustment becomes its
own history entry. Coarse-grained commits reduce history churn but blur intent and
make rollback imprecise. You want a boundary that is small enough to explain and
large enough to remain meaningful.

 
   The right size usually comes from operational risk. If a change touches a hot path,
a public API, or code that is likely to be reverted independently, keep the
commit narrow. If the patch is a mechanical change that only makes sense as a
unit, such as a consistent symbol rename across a module, one commit may
be appropriate. If the patch combines unrelated concerns, split it before
committing.

 
   Prefer messages that describe code effects, not prompts. A commit
message should explain what changed in the repository, not merely echo the language
of the prompt that produced it. “Fix bug in auth flow” is weaker than “auth:
reject expired refresh tokens before session lookup.” The second message
gives reviewers and future responders a concrete clue about the code path
affected.
   
 

 git commit -m "auth: reject expired refresh tokens"

 
   That style pays off later in three places. First, it helps you scan history quickly
when several AI-generated commits appear in a row. Second, it improves
revert selection because the message tells you which behavior the commit
actually altered. Third, it assists incident review, where the useful question is
rarely “what was the prompt?” and almost always “what behavior changed
here?”

 
   Avoid message templates that just parrot the request. If the prompt asked the
                                                                  

                                                                  
model to “refactor the parser,” and the resulting change also alters error handling,
say so. The message should capture the resulting code effect, because that is what
the repository now contains.

 
   Automatic commits improve review by keeping the diff local.
Review quality falls quickly when a large patch is assembled after many
prompts. Small commits make review cheaper because they keep the reviewer
near the decision point. You can inspect each diff while the surrounding
context is still fresh and before later prompts add noise. That is especially
useful with AI-assisted editing, where the model may solve the immediate
request but introduce adjacent churn that is easier to reject when it is still
isolated.

 
   A useful mental model is to think of automatic commits as checkpoints in a
controlled experiment. You do not wait until the end to decide whether the
experiment was valid. You inspect each accepted step while the preceding state is still
visible. That makes it easier to distinguish intentional progress from incidental
drift.
                                                                  

                                                                  
   
 

commit 1: parse quoted identifiers
commit 2: add tests for nested quotes
commit 3: tighten error message text




 
   That kind of sequence is legible because each step has a narrow purpose. A
teammate reading the history can infer which change likely caused which behavior,
and you can do the same during review or incident response.

 
   Use auto-commit granularity to support selective revert. A commit trail
is only as useful as its undo path. When a change is isolated in its own commit,
reverting it is straightforward. When multiple concerns are bundled together, revert
becomes a blunt instrument that may remove useful work along with the
bug.

 
   Git’s revert model is especially valuable in collaborative or shared history because
it preserves the original commits and adds a new inverse commit instead of erasing
evidence. That makes it the preferred undo mechanism when the AI change has
already escaped the local session boundary and other work depends on the branch’s
history.
   
 

 git revert 9f3c1ab

 
   For AI-assisted work, the best revert candidates are the commits that
correspond to clearly bounded accepted patches. If one accepted AI step
causes a regression, you want the repository to point directly at that step
rather than at a large mixed-history blob. Automatic commits make that
possible.

 
   History clarity competes with history noise. Frequent commits can become
a liability if they record every low-value mechanical change. A repository full of tiny,
semantically empty commits makes it harder to see the real story. You pay in review
overhead, in log readability, and in operational search cost. The trick is to separate
signal from churn.

 
   The main signals that justify a commit are these: the change is independently
understandable, the patch could plausibly be reverted on its own, and the message
can name an actual code effect. If those conditions are missing, the commit may be
too small or too vague. If one commit spans unrelated concerns, it is too
broad.

 
   A practical way to control noise is to reserve automatic commits for
accepted patches that pass your local acceptance criteria and correspond to a
coherent intent. That is a stronger rule than “commit after every model
response.” The model may produce several small partial improvements inside a
single human decision point; only the accepted boundary needs to become
history.
                                                                  

                                                                  

 
   Use commit history for incident analysis, not just versioning. When a
regression appears later, the commit trail gives you a timeline of responsibility. You
can inspect the exact patch that introduced a behavior, compare it to the previous
accepted state, and determine whether the issue came from logic, tests, or a
seemingly harmless cleanup. That matters because AI-generated changes often arrive
in multiple small steps that look harmless in isolation but interact in unexpected
ways.

 
   Commit granularity affects the quality of that investigation. If the bad behavior is
buried inside a large mixed commit, blame points at a broad blob and you spend
time reconstructing intent. If the trail is segmented, the failure window narrows
quickly. That shortens root-cause analysis and lowers the chance of undoing
unrelated work during remediation.

 
   Let hooks enforce checkpoint hygiene, but do not trust them as a
boundary. Commit-time hooks are useful because they can block a bad checkpoint
before it lands. A pre-commit hook can run tests, linting, policy checks, or
repository-specific validation before the commit is finalized.
   
 

 #!/bin/sh 
 
pytest -q || exit 1

 
   That gives you a valuable safety net, especially when AI edits are frequent. But
hooks are not a complete containment mechanism. They can usually be bypassed
with –no-verify, and they do not replace the need to review the diff itself. Treat
them as guardrails that keep bad commits from being routine, not as a tamper-proof
guarantee.

 
   The practical implication is that automatic commits and hooks reinforce each
other. Commits provide durable checkpoints; hooks improve the odds that each
checkpoint is valid. Together, they reduce the chance that an AI session accumulates
a long chain of unvalidated changes before anyone notices.

 
   Design messages and boundaries for future readers. The future reader is
not just your teammate. It is also you, three weeks later, during a production
investigation or a refactor. A commit trail that makes sense in the moment can
become opaque if messages are vague and boundaries are arbitrary. The history you
produce should still explain itself when the prompt that created it is long
forgotten.

 
   That means you should describe the observable code effect in the commit
message, keep the patch centered on one claim about the codebase, and avoid folding
unrelated cleanup into the same checkpoint. If a follow-up AI prompt improves the
same area, commit that follow-up separately. The history then reads as a
sequence of deliberate revisions rather than a blurred transcript of a single long
conversation.

 
   Use automatic commits to preserve human judgment. The point of
auto-commit discipline is not to outsource decision-making to the tool. It is to
preserve evidence of the decisions you already made. Each commit says that you
inspected the patch, accepted the scope, and allowed that state to become durable.
That is a much stronger trust model than a workspace full of invisible intermediate
edits.
                                                                  

                                                                  

 
   When you look back over a well-formed AI session, the history should show a
readable chain of accepted steps: prompt, patch, review, commit, repeat.
The audit trail is valuable precisely because it records where your judgment
intervened.

   
 

   2.3    Operating Diff Review, Undo, and Recovery Under Failure

The first sign that the safety model is working is not a successful patch. It is the
moment you can say, with confidence, that a patch is suspicious enough to stop.
AI-assisted edits become risky when the operator keeps talking the code into
correctness instead of forcing the repository state to prove it. Diff review, undo, and
recovery exist so that uncertainty stays cheap. If a patch is wrong, you should
be able to see why, discard it, and return to a known-good state without
ceremony.

 
   Start every acceptance point with a diff, not a story. When the model
proposes a change, inspect the diff before you decide whether the patch deserves to
survive. The point is not to admire the implementation; the point is to test
whether the edit matches the request and whether it preserved surrounding
intent.
   
 

 git diff --stat 
 
git diff --word-diff 
 
git diff --check

 
   ‘git diff –stat‘ gives you the shape of the change. ‘git diff –word-diff‘ helps
when the patch is small but semantically dense. ‘git diff –check‘ catches
trailing whitespace and patch formatting problems that can signal sloppy
or accidental churn. These commands are fast enough to run constantly,
which is exactly what makes them useful: review should feel routine, not
exceptional.

 
   The deeper discipline is to review for collateral damage. Look for changes
outside the intended scope, especially in nearby tests, formatting, imports, and
error handling. AI-generated diffs often look plausible because they solve
the immediate task while quietly broadening the blast radius. If a patch
changes behavior in a way that was not requested, or rewrites code paths
only indirectly related to the request, stop treating the output as accepted
work.

 
   Inspect the kinds of edits that mask risk. Not all diff noise is equal. Some
changes are harmless but distracting; others hide correctness problems behind
superficial cleanup. The most important things to watch are unrelated formatting
churn, test edits that weaken detection, symbol renames that ripple farther than
expected, and contract changes that alter public behavior without a clear
reason.

 
   Formatting churn can make semantic review harder because it buries real changes
inside lines that moved for no functional reason. Test edits deserve special scrutiny
because an AI system can accidentally make the test suite easier to satisfy without
                                                                  

                                                                  
truly improving the production code. Symbol renames are dangerous when they
spread through a large surface area, because the diff may appear mechanical while
quietly changing the meaning of call sites. Silent API changes are the most
serious case: the patch compiles, but the behavior that callers rely on has
shifted.

 
   If a diff introduces a workaround instead of a fix, treat that as a failure mode too.
AI systems often produce patches that sidestep a symptom rather than address the
root cause. Those patches are unstable because they tend to accumulate technical
debt quickly and are hard to reason about later.

 
   Make rejection the default when confidence is low. A patch does not
become valuable because it is plausible. It becomes valuable because you can explain
why it is correct. If you cannot do that quickly, reject it and iterate from the last
trusted state. That is the operational core of recovery: reversibility should be easier
than rationalization.

 
   There are three useful categories of response. First, reject the patch before it
becomes a commit. Second, undo the most recent accepted AI change. Third, roll
back an earlier commit while preserving later good work. Each option exists for a
different failure shape, and the shorter the distance between detection and rollback,
the less expensive the failure becomes.

 
   The cheapest recovery is always the one you invoke immediately. Once you start
stacking follow-up prompts on top of a suspicious patch, you lose the clean boundary
that would have made the rollback obvious. That is why recovery must remain
psychologically easy. The harder it feels to reverse a bad edit, the more likely you are
to negotiate with it instead.

 
   Use restore operations for local surgical correction. When the failure is
narrow, avoid broad resets. Git lets you restore selected files or individual hunks,
which is ideal when only part of the AI change is wrong.
   
 

 git restore --source=HEAD --staged path/to/file 
 
git restore --source=HEAD path/to/file 
 
git restore -p path/to/file

 
   These commands let you remove a mistaken file from the index, reset the
worktree version to a known good commit, or interactively restore only selected
hunks. That last mode is especially useful after an AI edit that mixes one good idea
with one bad idea in the same file. You do not need to discard the whole file if only a
subset of the patch is suspect.

 
   Selective restoration keeps the recovery cost low and preserves useful work. It also
reinforces a crucial habit: the unit of correction should match the unit of failure. If
only one hunk is wrong, do not destroy the rest of the file just to simplify your
mental model.

 
   Choose reset mode according to destructiveness. Git reset is powerful, but
that power comes with different levels of risk. Soft reset moves HEAD while
leaving the index and worktree alone. Mixed reset also resets the index.
Hard reset resets both the index and the worktree. Path-level reset and
patch reset narrow the scope further and let you manipulate only part of the
tree.
   
 

                                                                  

                                                                  
 git reset --soft HEAD~1 
 
git reset --mixed HEAD~1 
 
git reset --hard HEAD~1 
 
git reset -p path/to/file

 
   For AI recovery, start from the least destructive option that solves the
problem. If you need to re-edit a commit boundary without discarding the
current file contents, soft reset may be enough. If the index is polluted but the
working tree still contains useful edits, mixed reset is more appropriate.
Hard reset is the last resort when the state has become so confused that
preserving the current worktree is less valuable than returning to the prior
commit.

 
   The important operational signal is whether you are trying to reshape history or
simply recover from a mistake. Reset is a local tool for that purpose, but because it
can discard work, you should use it deliberately. In a collaborative branch,
history-preserving tools are usually safer.

 
   Prefer revert when history already matters. Once a commit has become
part of shared history or represents a checkpoint you want to preserve, use revert
instead of reset. Revert creates a new commit that undoes a prior one, which keeps
the history visible and auditable.
   
 

 git revert 9f3c1ab 
 
git revert --no-edit 9f3c1ab

 
   This is the right model for many AI-induced failures because it preserves the
evidence of what happened. If an automated commit introduced a regression,
reverting it leaves the trail intact and clearly documents the correction. That
matters for incident analysis, code review, and team accountability. It also
avoids the social problem of rewriting shared history just to erase a bad
patch.

 
   Revert does require a clean working tree, which is itself a useful safeguard. If your
repository is already dirty, you are more likely to produce a confused undo
operation. Treat that constraint as part of the protection model, not as
friction.

 
   Use reflog when you need to recover from your own navigation
mistakes. Reflog is the local memory of ref movements. It is most useful after
mistaken reset, branch movement, or rebase operations that changed where HEAD
points. If you moved too far, reflog often lets you find the lost commit and return to
it.
   
 

 git reflog 
 
git reset --hard HEAD@{1}

 
   That recovery path is valuable, but it is local-only and time-bounded by reflog
expiry. You should treat it as an operator recovery tool, not as a project audit
trail. It helps you rescue yourself after a mistake, but it does not replace
durable commit history. If the branch state matters to the team, prefer a
named commit or a revert commit over relying on reflog as the only escape
hatch.

 
   The right mindset is simple: reflog is for finding where you were, not for
explaining why the change exists. Once you understand that distinction, the tool
                                                                  

                                                                  
becomes much easier to use safely.

 
   Treat stash as temporary shelter, not rollback policy. Stash is helpful
when you need to set work aside before trying a risky edit or a recovery operation. It
preserves working tree and index state so you can make the tree clean, but it is
not a durable artifact and not the right primary rollback mechanism for AI
changes.
   
 

 git stash push -u -m "before undo" 
 
git stash list 
 
git stash pop

 
   The problem with stash is that it defers the real decision. It can be useful when
you need time, but if you repeatedly reach for stash instead of commit, revert, or
discard, you create a hidden queue of unresolved states. Reapplying a stash after
further changes can also produce conflicts that are harder to reason about than the
original issue. For AI recovery, stash works best as a short bridge to a cleaner
operation, not as the destination.

 
   Use a recovery taxonomy matched to failure shape. Good recovery
practice is not a single trick. It is a set of responses aligned to the kind of failure you
observed. A suspicious diff that has not been committed should usually be rejected
outright. A bad accepted patch in the current session may need a restore or reset. A
harmful committed checkpoint should usually be reverted. A mistaken branch move
may need reflog. A temporary interruption before a risky operation may justify
stash.

 
   That taxonomy keeps you from overusing destructive commands. It also reduces
hesitation, because each failure shape points to a small set of expected responses.
The less you improvise under pressure, the less likely you are to compound the
damage.
                                                                  

                                                                  
   
 

suspicious patch, not committed  -> reject or restore
bad local checkpoint             -> reset or restore
bad shared commit                -> revert
lost ref after navigation        -> reflog
temporary suspension of work     -> stash




 
   The sequence matters. Start with the smallest intervention that preserves
the most useful state, and escalate only if the simpler path cannot fix the
problem.

 
   Avoid the common failure patterns. The first bad habit is trying to reason a
suspicious patch back into correctness without changing state. That almost always
leads to more confusion. If the diff looks wrong, do not keep stacking prompts in
hopes that the model will accidentally converge. Return to a trusted boundary and
restate the problem.

 
   The second bad habit is mixing uncertain follow-up edits with an untrusted base.
Once a patch looks suspect, any new changes inherit the ambiguity of the old
ones. You no longer know whether the fix or the failure came from the latest
prompt.

 
   The third bad habit is postponing undo because the patch “mostly works.”
AI-generated code often passes a local smoke test while still being semantically wrong
or too broad. If the patch is conceptually off, treat that as a failure even when it
appears operationally functional. Cheap rollback is what allows you to be strict at
this point.

 
   Keep recovery cheap enough to use without hesitation. The real purpose
of this workflow is not to eliminate AI mistakes. It is to make mistakes containable.
When diff review is routine and undo paths are well understood, you can inspect
changes honestly instead of defending them. That changes the operating posture of
the session. The model may propose a plausible patch, but you remain free
to reject it, trim it, or remove it entirely without losing the surrounding
work.

 
   That freedom is what keeps AI-assisted editing safe. A diff you can inspect, a
commit you can revert, and a branch tip you can recover are not special-case
emergency mechanisms. They are the everyday tools that keep the session local,
understandable, and reversible when the model takes the code in the wrong
direction.

   
 

   2.4    Designing Commit Boundaries That Match Validation Boundaries

A commit is most useful when it answers one question cleanly. If the boundary
                                                                  

                                                                  
mixes a refactor, a behavior change, and a test rewrite, then the repository
records activity but not meaning. That is a poor fit for AI-assisted editing,
because the whole safety model depends on being able to say which accepted
change did what. Commit scope should therefore mirror validation scope: the
smallest unit you can reason about, verify, and revert without collateral
damage.

 
   Start from the validation target, not from the model output. When you
ask for an AI patch, decide first what evidence will tell you the change is safe. That
evidence might be a focused test, a specific build target, a single file review, or a
narrow behavioral check. Once you know the validation target, the commit boundary
becomes easier to define because you know what has to stay together and what can
wait.
   
 

 git add -p src/parser.py 
 
git commit -m "parser: accept quoted identifiers"

 
   The git add -p command is the practical hinge here. It lets you stage only the
hunks that belong to the intended unit of change, instead of treating the entire
worktree as one indivisible patch. That is especially valuable after an AI edit,
because the model often produces a correct core change alongside adjacent cleanup. If
you stage only the core, the commit remains aligned with the validation target. If you
stage everything, you create a commit that is harder to test, harder to explain, and
harder to roll back.

 
   The index is the key intermediate state. Do not infer commit boundaries from
whatever happens to be modified in the worktree. Build the boundary in the index,
then commit that snapshot intentionally. That discipline keeps the commit
meaningful as an object you can validate and later reason about.

 
   Map one commit to one claim about the codebase. A good commit should
make a single defensible claim. The claim might be “this parser now accepts quoted
identifiers,” “this migration renames the field everywhere,” or “this test reflects the
new error text.” Each of those is inspectable on its own. When a commit tries to
make several claims at once, later validation becomes ambiguous because a failure no
longer points to one clear cause.

 
   That connection between commit design and validation is what makes
AI-generated history trustworthy. A reviewer can run the relevant check and ask
whether the specific claim holds. If the check fails, the boundary is too broad or the
claim is underdefined. If the check passes but the commit still feels semantically
mixed, the boundary probably contains extra changes that should have been
separated.

 
   This is why commit boundaries and validation boundaries should rise and fall
together. A commit is not merely a stored diff. It is an assertion that a
specific state deserves to exist. Validation is the mechanism that justifies that
assertion.

 
   Use partial staging to isolate unrelated hunks. AI edits often combine
unrelated adjustments because the model optimizes for local consistency, not for
repository hygiene. Partial staging gives you a way to restore order. If one hunk fixes
the bug and another hunk reformats a nearby helper, stage the bug fix and defer the
                                                                  

                                                                  
formatting change. If the test file contains one line that encodes the new behavior
and another line that only reflects incidental naming cleanup, separate them before
you commit.
   
 

 git add -p src/auth.py 
 
git diff --cached 
 
git diff

 
   git diff –cached lets you inspect the exact commit candidate. git diff shows
what remains outside it. That two-view check is valuable because it reveals whether
you have aligned the index with the intended validation unit. You want
the staged diff to correspond to the one thing you are prepared to defend.
Everything else should remain outside the commit until it can be justified
separately.

 
   This is also the cleanest way to work with broad AI output. Let the
model produce the larger patch if that is the easiest way to get the right raw
material, but do not accept the patch boundary as authoritative. You are
responsible for carving the final commit into the shape that validation can
support.

 
   Keep buildability and testability in view. A commit boundary is too fine if
it produces intermediate states that do not build, fail unrelated tests, or leave the
repository in a confusingly partial condition. It is too broad if it forces you to run a
large validation suite just to learn whether one small behavioral change is safe.
The right size is the smallest unit that still forms a coherent, checkable
state.

 
   That trade-off becomes more visible when you are editing code that has
dependency ordering. A refactor may need to land before a behavior fix can
compile cleanly. A test update may need to land with the production change so
the intended behavior remains visible. In those cases, you are not looking
for a single-line commit. You are looking for a sequence of commits whose
intermediate states still make sense and still let validation answer a narrow
question.

 
   A useful test is this: if a teammate checked out the commit and ran the targeted
validation, would the result tell them something specific, or would it require
reconstructing three intertwined intents? If the latter, the boundary is too
wide.

 
   Prefer commit sequences over mixed-purpose bundles. Sometimes the
right answer is not to compress everything into one atomic commit, but to
create a short sequence of commits that each represent one stable state.
That is common in AI-assisted workflows because the model may solve the
problem in layers: first a mechanical rename, then a logic fix, then a test
adjustment. Those layers can often become separate commits if each step remains
coherent.

 
   The advantage of a sequence is that each step can be validated on its own. The
disadvantage is that you must keep the intermediate states sensible. If a
middle commit breaks the build in a way that has nothing to do with the
intended work, you have split too aggressively. If the sequence only makes sense
after mentally replaying the entire prompt exchange, you have not split
                                                                  

                                                                  
enough.

 
   The best sequence reads like a progression of checkable claims. The first
commit prepares the structure, the second changes the behavior, and the third
adjusts the test or documentation to match. That order is not universal,
but the principle is: each step should stand on its own long enough to be
validated.

 
   Use path-level and patch-level reset to realign the index. When
staging goes wrong, do not treat the index as fixed. Git gives you ways to
back out specific staged changes without discarding the entire working tree.
That matters after an AI edit because the first pass at staging is often too
broad.
   
 

 git reset -p src/auth.py 
 
git restore --staged src/auth.py 
 
git restore -p src/auth.py

 
   Patch-level reset removes only the staged hunks you no longer want in the commit
candidate. Path-level restore removes the file from the staged set entirely. These
operations are surgical, and that surgical quality is exactly what keeps commit
boundaries aligned with validation boundaries. If you staged too much, trim the
commit back to the minimal unit that still corresponds to the behavior you want to
validate.

 
   That ability is more than a convenience. It is a safeguard against the most
common AI failure mode in commit design: letting unrelated cleanup ride along with
the interesting change. Once those changes are staged together, they tend to stay
together unless you deliberately pull them apart.

 
   Treat hooks as boundary enforcement, not boundary design. Commit
hooks help make boundaries meaningful because they can reject a commit that does
not satisfy a repository policy or validation rule. A pre-commit hook can run linting,
tests, or custom checks before the checkpoint is created. That creates pressure for
each commit to correspond to something checkable rather than merely something
edited.
   
 

 #!/bin/sh 
 
pytest -q || exit 1

 
   But hooks do not design the boundary for you, and they do not guarantee good
history. They can usually be bypassed, which means process discipline still matters.
A hook can stop a bad checkpoint from becoming routine. It cannot tell you whether
the checkpoint itself is semantically coherent. You still need to choose the unit of
change before you invoke the commit.

 
   The right mental model is that hooks make bad boundaries more expensive to
ignore. They work best when the commit has already been scoped to a state that the
hook can meaningfully check.

 
   Use fixup commits as refinement, not as a substitute for scope. Fixup
commits and later autosquash are useful when you need to clean up history after the
fact. They let you preserve a working sequence during development and later collapse
small corrections into a more polished form. That is helpful when an AI session
produces a rough but valid progression and you want to refine the presentation before
                                                                  

                                                                  
sharing the branch.
   
 

 git commit --fixup HEAD~1 
 
git rebase -i --autosquash HEAD~3

 
   That technique is a grooming tool, not a substitute for good initial boundaries. If
the underlying commits are too broad, fixup cannot rescue the semantic
ambiguity. It can only rearrange or compress what already exists. Use it after the
validation-aligned commits are in place, not instead of them.

 
   In practice, fixup commits are most useful when an AI-generated change needs a
small correction that preserves the original intent. The original commit remains
the main unit of validation, and the fixup records the adjustment. Later
autosquash can tidy the history without erasing the fact that the correction
happened.

 
   Separate behavior changes from test rewrites when possible. Tests
belong in the same commit only when they are part of the same claim. If the
production change introduces new behavior that the tests now need to express, then
the test update and the code change may belong together. But if the tests are being
rewritten merely to accommodate unrelated cleanup or to suppress a failing
condition, that is a warning sign.

 
   A test commit that only weakens detection is especially dangerous. It creates the
illusion of safety while reducing the signal quality of validation. In an AI
workflow, this often happens when the model rewrites tests to match the current
implementation instead of the intended behavior. That reverses the purpose of the
test boundary.

 
   The rule is simple: the test should prove the change, not hide it. If the test
changes are larger than the behavior change they are meant to validate, the commit
boundary probably needs to be split.

 
   Prefer bisectable units over clever batching. Commit boundaries are not
just about validation today. They also affect whether you can bisect a future
regression quickly. A bisectable history contains commits that each move the
codebase in one understandable direction. When AI-generated edits are bundled too
broadly, bisect loses precision because every candidate commit carries too many
potential causes.

 
   That makes commit design a forward-looking decision. A patch that is easy to
accept now may be expensive to diagnose later if it obscures causality. Keeping the
boundary close to the validation boundary helps both concerns. You get a commit
that you can test now and investigate later.

 
   The operational signal is clear. If a commit can be checked with a targeted test
and later isolated during bisect, the boundary is doing its job. If it requires a broad
suite, a long explanation, or a mental reconstruction of multiple prompt turns, the
boundary is too coarse.

 
   Let the repository tell you when the unit is wrong. A bad commit
boundary leaves clues. A diff that mixes naming cleanup with logic changes, a staged
set that spans unrelated directories, a commit message that needs a paragraph to
explain, or a validation step that feels unrelated to the change all indicate that the
boundary is off. Use those clues early. Do not wait until the branch has accumulated
                                                                  

                                                                  
several AI-generated checkpoints before deciding that the first one was too
broad.

 
   A safe AI workflow does not require perfect first guesses. It requires cheap
correction. If you can split, restage, or rewrite the candidate while the change is still
local, the repository stays usable. If you let a mixed commit harden into history, you
pay later in review, rollback, and diagnosis.

 
   The practical target is a commit that a reviewer can understand, a validator can
check, and a maintainer can revert without collateral damage. When those three lines
up, the boundary is right enough for the job, and the AI change becomes a unit the
repository can actually support.
                                                                  

                                                                  
   
 



    

   


   Chapter 3
Mastering Core Aider Session Mechanics

Most AI coding failures in real repositories do not begin as dramatic hallucinations;
they begin as small losses of session control. This chapter shows how experienced
developers keep Aider tightly bounded at the terminal: entering a session from a
known repository state, exposing only the right files, steering the interaction with
commands instead of vague conversational drift, and reading diffs as decisions rather
than decorations.

   
 

   3.1    Launching Aider Against a Real Codebase

The first prompt in an Aider session looks innocent, but it inherits every ambiguity
already present in your working tree. If the repository is half-finished, if the branch
points at the wrong line of work, or if the current directory does not match the
logical scope of the task, the model starts from distorted premises before it writes a
single token. Launch discipline matters because the first patch is usually where the
session acquires its shape: the files in scope, the baseline state, and the implied trust
boundary all get set at startup.
   
 

Start from a repository with a known git state.
   Aider works best inside a git repository, and that is not just a convenience; git is
the safety boundary that makes review and rollback concrete. Before you launch,
verify the branch, inspect the status, and decide whether the tree is clean enough to
treat as a calibration baseline. A clean tree is the ideal starting point because it
separates human work from model work. If the tree is dirty, decide whether those
changes belong to the same task or whether they need to be isolated first. When
Aider finds existing modifications, it can commit them separately so later diffs do not
blur the boundary between your edits and its edits. That behavior is useful
only if you treat it as a guardrail, not as permission to ignore repository
state.

 
   A practical launch sequence looks like this:
   
 

 git status 
 
git branch --show-current 
 
git diff --stat 
 
aider src/app.py src/db.py

 
   That small preflight check does three jobs. It confirms that you are in the right
place, shows whether unrelated local changes are already present, and narrows the
initial editable set to the files that matter for the task. The launch command then
gives Aider an explicit starting surface instead of asking it to infer the whole project
from a vague prompt. Aider’s usage docs define the basic launch pattern as starting
the tool with file arguments so those files enter the initial chat and become editable
immediately.
   
 

                                                                  

                                                                  
Verify branch intent before you ask for code changes.
   A branch is more than a label; it is the operational context for the patch. If you
are on a feature branch, the session can assume the changes belong to a contained
line of work. If you are on a release branch or a hotfix branch, the same request has a
different risk profile because review expectations and rollback tolerance are different.
Starting Aider from the wrong branch makes the first patch semantically correct and
operationally wrong. You may get a plausible edit that is inappropriate for the
current branch policy, or a patch that complicates later cherry-picking and release
tracking.

 
   The right question is not merely whether the repository has git metadata. It is
whether the current branch represents the work you intend to do. In practical terms,
you want the branch name, the uncommitted diff, and the task description
to agree. When they do not agree, pause and resolve the mismatch before
the session starts. That pause is cheaper than untangling a patch after the
model has already absorbed the wrong assumptions. Git’s own diff model
distinguishes working tree changes from staged changes and from commit-to-commit
comparisons, so a branch-level mismatch is a real technical condition, not a cosmetic
one.
   
 

Treat the working tree as inherited state, not a blank slate.
   Aider does not create an idealized sandboxed copy of your codebase. It edits the
repository you point it at, with whatever history and noise already exist there. If you
have experimental changes, half-applied refactors, or a broken build sitting in the
tree, the model inherits that state. That inheritance affects the quality of the first
patch in two ways. First, the model may infer incorrect intent from nearby edits.
Second, it may optimize for repairing the visible mess rather than for the task you
actually want.

 
   The safest pattern is to make the current state legible before you ask Aider to
change anything. If the tree is dirty, ask whether the dirty work belongs
in the same change set. If the answer is no, commit or stash it according
to your local policy before launching. If the answer is yes, make sure the
prompt explicitly frames the overlap so the model does not treat unrelated
edits as architectural precedent. This is where git-backed discipline matters:
commits provide a visible boundary that later diffs and reviews can refer
back to. Aider’s documentation emphasizes that it uses commits as part of
its edit workflow and can isolate preexisting changes before new AI edits
land.
   
 

Confirm the baseline behaves before you delegate edits.
   A repository can be clean and still be operationally unhealthy. The code may
already fail tests, the build may be broken, or the target subsystem may be in a
transient state that makes the next diff hard to interpret. If you know the baseline is
failing, say so explicitly. If you do not know, run the minimum local checks needed to
                                                                  

                                                                  
establish that the current state is at least coherent enough to receive an automated
patch. That does not mean running the entire CI matrix; it means you should know
whether you are starting from a working branch or from a branch that already needs
repair.

 
   This matters because the first patch should be judged against a known baseline.
When the baseline is undefined, every later failure becomes ambiguous. A test failure
might reflect a preexisting issue, an AI regression, or an interaction between the two.
The stronger your baseline, the more useful the first diff becomes as evidence. In a
mature workflow, you are not asking Aider to infer project health; you are presenting
a state whose health you already understand. That distinction pays off immediately
when you review the first patch and decide whether to validate, revise, or
stop.
   
 

Use the repository root that matches the task boundary.
   Starting Aider from the wrong directory is one of the easiest ways to
create a session that is technically functional and strategically wrong. If
you launch from a parent directory, you may expose irrelevant modules and
support packages that dilute the model’s attention. If you launch from a
subdirectory that omits a dependency layer, the model may miss constraints
that actually govern the change. The correct root is the smallest directory
that still contains the logically relevant files, tests, and conventions for the
request.

 
   That choice is not just about convenience. It affects how the repository map
is constructed, which files are surfaced as nearby context, and how much
extraneous structure the model has to carry. Aider’s repository map is designed
to provide structural awareness of the broader project without requiring
every file to be in the editable set. That helps, but it does not compensate
for launching from a scope boundary that is already wrong. If your task
concerns a package, enter the package root; if it concerns an application
and its shared library, enter the repo root; if it concerns a module that has
tightly coupled tests, make sure those tests are visible from the same launch
context.
   
 

Launch with a narrow intent and a narrow file set.
   The first session is not the place to ask for broad refactoring, architectural
cleanup, and behavior changes all at once. Start with a patch-sized objective that can
be verified against the current tree. “Fix the parser crash in src/parser.py” is much
better than “improve parsing.” The narrower the objective, the easier it is for the
model to stay inside the relevant code paths and the easier it is for you to judge
whether the first patch is aligned.

 
   That launch discipline also applies to the editable surface. Adding only the files
needed for the task reduces token pressure and keeps the model from wandering
across unrelated implementations. Aider supports explicit file inclusion at launch and
through in-chat commands, so you can begin with the minimum plausible set and
                                                                  

                                                                  
widen it only if the patch reveals missing context. The key judgment is whether the
current files are enough to express the change without forcing the model to infer
unseen conventions. If not, include the nearest dependency file or nearby test, not the
whole subsystem.
   
 

Use the first prompt as a calibration move.
   The best first prompt is not a free-form invitation to explore; it is a scoped
request that tests whether the session has inherited the right state. You want the
model to respond with a patch that is small enough to inspect line by line and
specific enough to reveal whether it understood the repository’s conventions. That
first response tells you whether the launch conditions were correct. If the patch
reaches into the right files, respects local style, and changes only what the task
requires, you have a good signal that the session is grounded. If it edits adjacent files
without reason, invents helper abstractions, or asks questions that should have been
resolved by launch-time inspection, the issue may not be the prompt at
all. The issue may be that the session started from an unclear repository
state.

 
   That is why the first patch should be treated as a calibration artifact rather than
as a trust grant. You are not yet deciding whether the model is generally
capable. You are deciding whether the current launch conditions support
useful work. A patch that is semantically close but operationally noisy is
still valuable because it exposes where the boundary is too loose, where the
repository root is too broad, or where the tree already contains too much
ambiguity.
   
 

Make dirty-tree handling explicit.
   A dirty tree can be perfectly legitimate, but only if you name the overlap.
Suppose you are fixing a bug while also carrying an unrelated formatting change in
the same directory. Aider will see both unless you separate them. If you do
nothing, the model may treat the formatting change as a signal about intended
style, or it may preserve incidental churn while editing the bug fix. That
makes review harder because the diff no longer represents a single line of
intent.

 
   A disciplined launch flow isolates state before you delegate edits:
   
 

 git status --short 
 
git diff -- src/parser.py 
 
git add -A 
 
git commit -m "WIP: isolate local changes" 
 
aider src/parser.py tests/test_parser.py

 
   That pattern is not mandatory, but the underlying principle is. If local changes
are not part of the task, separate them. If they are part of the task, make sure the
prompt acknowledges them so the model does not infer a false baseline. Git’s
comparison model makes this distinction precise: git diff shows working-tree
changes relative to the index, while staged changes are visible separately with git
diff –cached. Those distinctions are the tools you use to ensure the session inherits
the right truth.
                                                                  

                                                                  
   
 

Respect version-sensitive launch behavior.
   Command-line tools evolve, and launch-time defaults are among the most likely
behaviors to shift across releases. File arguments, read-only file handling,
repository-map tuning, auto-commit behavior, and dirty-tree handling are all areas
where the exact syntax or default policy matters. If you rely on a flag, confirm it
against the installed release rather than assuming an older workflow still applies.
That caution is especially important in team settings, where one person’s local Aider
version may differ from another’s.

 
   The safest habit is to separate stable operational principles from version-specific
command syntax. The stable principle is that you should present a known
repository state, a focused task, and the smallest useful editable set. The
version-specific part is how your installed release accepts files, reads context, or
handles working-tree noise. When you need exact invocation details, check
the installed documentation and treat the command itself as part of the
reproducible environment. Aider’s official docs and options reference are the right
place to verify launch-time flags and defaults for the version you actually
run.
   
 

Recognize the common launch failures early.
   The recurring mistakes are predictable. One is launching from a half-finished
branch and assuming the model will somehow ignore the unrelated work already in
the tree. Another is pointing Aider at the repository root when the task is really
confined to a subpackage, which forces the model to carry too much unrelated
structure. A third is treating the first session as a broad redesign exercise and then
being surprised when the patch spreads into files that were never part of the intended
change. A fourth is confusing a clear prompt with a clear session state; those are
different things. A prompt can be precise and still land on top of a muddy
tree.

 
   The better habit is to front-load the friction. Check the branch. Check the status.
Decide whether the tree is clean enough. Confirm the task boundary. Launch with
only the files needed to make the first change intelligible. Then judge the first diff as
evidence that the launch conditions were correct. That sequence is simple, but it is
what keeps the model operating against reality rather than against your best guess
about reality.
   
 

Use the first patch to establish trust boundaries.
   Aider is most reliable when you treat the initial patch as a controlled probe. You
are not just asking for code; you are asking whether the current repository state, task
framing, and file scope are coherent enough to support machine-assisted editing. If
the answer is yes, the next interaction can move quickly because the session is
already anchored in the right branch and the right files. If the answer is no, the
corrective action is not a larger prompt. The corrective action is a better launch.
                                                                  

                                                                  
That is the point at which a real codebase becomes a workable collaboration
surface: not when the model guesses correctly, but when you have made
the inherited state explicit enough that guessing is no longer the primary
mechanism.

   
 

   3.2    Controlling the Editable Surface with File Inclusion

Aider becomes much more predictable when you treat file inclusion as an
authorization decision rather than a convenience. The difference is subtle but
operationally decisive: a file that is visible to the model is not necessarily a file it may
rewrite. If you keep that boundary explicit, you can give the model enough context to
act correctly while still constraining the blast radius of the first patch. A
request like “fix the auth header bug” can easily reach beyond the actual fault
line if the session begins with a vague, oversized surface; the same request
becomes far easier to review if only the relevant implementation and its
immediate behavioral checks are writable. Aider’s documented workflow supports
this style directly: you add only the files you want to edit, and the tool
supplements them with a repository map that summarizes the rest of the
codebase.

 
   Start with a minimal writable set. The command line gives you the cleanest
first boundary. If you know the task touches only one implementation file and one
test file, launch Aider with just those paths:
   
 

 aider src/auth.py tests/test_auth.py

 
   That small launch does more than reduce token usage. It tells the model where
the writable surface ends. The repo map still gives it structural awareness of
neighboring code, but the edit authority remains narrowly scoped. Aider’s usage docs
are explicit: add only the files needed for the task, because irrelevant files distract the
model and increase cost. The same guidance appears in the tips and troubleshooting
material, which frames selective inclusion as a quality control measure rather than a
mere optimization.

 
   The practical benefit shows up in the first patch. A tight file set makes it easier
for you to tell whether the model fixed the intended behavior or merely wandered
into adjacent code. If the patch is narrow and coherent, you can validate quickly. If it
reaches into unrelated files, you immediately know that either the scope
was too broad or the model was missing a dependency you should have
exposed earlier. In both cases, the remedy is the same: adjust the file boundary
deliberately.

 
   Separate writable files from read-only context. The most useful mental
model is a three-zone layout: files you authorize for edits, files you expose for
reference only, and files you keep out of the session entirely. Writable files define the
patch surface. Read-only files supply conventions, interfaces, and nearby design
cues. Out-of-scope files remain untouched even if they exist in the same
repository. Aider supports this distinction with /add for editable files and
                                                                  

                                                                  
/read-only for files that should inform the session without becoming targets for
modification. The /drop command removes files from the active set when they are
no longer needed, and /ls lets you inspect the files Aider currently knows
about.
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   The diagram captures the key operational distinction. Read-only material is still
useful; it can prevent the model from inventing local conventions or malformed call
sequences. But read-only context does not grant write authority. That separation
matters because many failures in AI-assisted editing come from confusing
awareness with permission. Aider’s file-management commands make the
distinction visible in the session itself, which is exactly what you want when you
are controlling a patch boundary rather than simply gathering background
information.

 
   Classify files by their role in the change. Not every file contributes to the
session in the same way. A useful working taxonomy has four categories. First, direct
modification targets are the files you expect Aider to edit. Second, immediate
dependencies are files the model should inspect to avoid breaking signatures, imports,
or invariants. Third, nearby tests define the behavior you expect the patch to
preserve or change. Fourth, architectural reference files clarify style and conventions
without needing edits. Aider’s repo map helps with the latter two categories by
surfacing symbol definitions and file relationships across the repository even when
those files are not in the writable set. The repo map is built from the full repository
and then pruned to fit the token budget, using a graph-ranking process over file
dependencies. That means the model gets approximate global awareness, not full
inclusion.

 
   This taxonomy gives you a concrete inclusion strategy. If a task changes only local
implementation details, include the implementation file and perhaps one nearby
test. If the task changes a signature or public contract, include the file that
defines the contract and the consumer that exercises it. If the task involves
style-sensitive code, include a nearby exemplar file read-only so the model
can imitate local patterns without rewriting them wholesale. If the task is
well bounded but references shared helpers, let the repo map supply the
broader picture before you widen the writable set. That order preserves
intent fidelity: you begin with the smallest credible patch surface and expand
only when the model’s uncertainty shows that the current boundary is too
tight.

 
   Use the session commands as boundary tools. Once the session starts, the
writable surface is not fixed. You can widen it, narrow it, or reclassify files as the task
evolves. That is where /add, /drop, /read-only, and /ls become the operational
control plane. If the model starts asking about code you deliberately left out, inspect
the current session state before adding more files. If a file no longer needs
modification, drop it so later prompts do not keep dragging it back into the edit
surface. If a file is needed for context but should not be rewritten, convert it to
read-only rather than leaving it in the editable set. Aider’s docs recommend this
incremental style explicitly: add just the files needed, drop files that are no
longer relevant, and keep the session lean enough that the model remains
focused.

 
   That pattern also makes the session easier to reason about under pressure. When
a patch fails, you can ask a simple question: did the model misunderstand the task,
or did the session expose the wrong files? If the former, the fix is a better prompt. If
                                                                  

                                                                  
the latter, the fix is a different file boundary. The distinction matters because a
poorly bounded session often produces edits that are locally plausible but
semantically misaligned. Wider scope increases the chance of that failure mode,
especially in subsystems with shared helpers or generated code. Narrow scope does
not eliminate the risk, but it makes the failure easier to see and cheaper to
correct.

 
   Select files by coupling, not by convenience. A good inclusion decision
follows code coupling, not directory convenience. You include the file that owns the
behavior you want to change. You add the file that defines the interface if
the task crosses an API boundary. You add tests that encode the expected
behavior. You do not add every sibling file in the package just because they live
nearby. Aider’s documentation is blunt on this point: too many files can
overwhelm the model, increase token consumption, and distract it from the real
task.

 
   The decision signals are straightforward. If the patch alters behavior, include the
test that will prove the behavior changed correctly. If it alters a function signature,
include both the declaration site and at least one consumer. If it depends on local
conventions, include a read-only exemplar rather than a writable cousin. If the
model seems to be guessing at a helper’s purpose, widen the context by
adding the helper or a file that defines its public contract. If you are tempted
to add an entire subsystem “just in case,” stop and ask whether the extra
files are actually needed to express the change. Most of the time, they are
not.

 
   Treat generated and configuration files carefully. Configuration files, lock
files, and generated artifacts deserve special restraint. They often sit near the surface
of a change request, but they are not always part of the intent. Pulling them into the
writable set too early makes review noisy and can create accidental churn
unrelated to the actual bug or feature. The right approach is to include them
only when they are genuinely part of the change: a dependency update, a
build-system fix, a code-generation adjustment, or a configuration-driven
behavior change. Otherwise, let them remain out of scope even if they are
visible in the repository map. That keeps the patch semantically coherent
and prevents collateral edits from becoming normalized as part of routine
work.

 
   This caution is especially relevant in monorepos and large projects. Aider’s FAQ
recommends using ignore patterns to narrow what it considers and notes that the
tool can work with one repository at a time, with read-only references from elsewhere
only when needed. The underlying lesson is the same: you should shape the visible
surface to the task, not let the size of the repository dictate the size of the
patch.

 
   Expand scope only when the patch proves it needs more context. The
best file-selection workflow is iterative. Start with the smallest plausible writable set.
Ask for the change. Inspect the model’s response. If it asks questions that indicate
missing context, or if the patch reveals a misunderstanding of adjacent code, add the
next most relevant file and try again. This is more disciplined than preloading
everything, and it usually yields better patches because the model’s attention stays
                                                                  

                                                                  
concentrated on the actual change surface. Aider’s tips page recommends exactly this
bite-sized workflow: adjust the files added to the chat as you go, dropping
files that are no longer needed and adding only those required for the next
step.

 
   That style also gives you better review economics. Each added file increases the
amount of code you need to mentally track when evaluating the diff. Each read-only
reference is cheaper than a writable addition, because it informs the model without
expanding the possible edit space. Each unnecessary file inflates both the
prompt and the chance of collateral modifications. The trade-off is easy to
state: a slightly tighter first pass may require one more adjustment, but it
is usually cheaper than recovering from a patch that touched the wrong
neighborhood.

 
   Use repository maps as awareness, not as permission. Aider’s repository
map is powerful because it gives the model a compact view of symbols, signatures,
and relationships across the repo. That means you can safely keep the editable set
small without making the model blind. But the repo map is intentionally
approximate and token-bounded. It helps the model locate relevant code; it does not
substitute for authorizing edits in those files. The map is a navigation aid, not a write
grant.

 
   That distinction is the heart of scope control. If the session needs to understand
how a helper is used elsewhere, the repo map may be enough. If the session
needs to rewrite that helper, you must add the file explicitly. If the session
needs to verify a call sequence, a read-only file or test may be enough. If the
session needs to alter the call sequence, the writable surface must include the
consumer. Thinking this way keeps your prompts aligned with your intent. The
model can see farther than the writable set, but it can only change what you
authorize.

 
   Keep the patch boundary aligned with the review boundary. You want
the set of writable files to match the set of files you are prepared to review
immediately. That is the simplest test for a good inclusion decision. If a file is in the
writable set but you do not expect to inspect its diff, it probably should not
be writable. If a file is crucial to the task but hidden from the session, the
model may produce an edit that compiles only by accident. The goal is not
maximal restraint; the goal is a surface that is large enough for the task and no
larger.

 
   When you get that balance right, the first patch becomes easier to evaluate and
easier to trust. The model has enough room to make the necessary local changes, but
not enough freedom to improvise across the repository. The result is a patch that
stays narrow, stays reviewable, and stays semantically anchored to the problem you
actually asked it to solve.

   
 

                                                                  

                                                                  
   3.3    Working Effectively with In-Chat Commands

   
 /ask 
 
Fix the parser bug only after we agree on the shape 
 
of the change. 
 
 
 
/code 
 
Implement the agreed change in src/parser.py. 
 
 
 
/diff 
 
/test pytest -q tests/test_parser.py

 
That small sequence captures the central discipline of command-driven work: you
change the session state explicitly instead of hoping a long prompt will reframe the
conversation. The commands are doing different jobs. /ask keeps the model in
discussion mode without editing. /code switches the session into edit mode once the
plan is stable. /diff and /test make the result visible and checkable. Aider’s
documentation treats slash commands as the control surface for the session, and the
most productive users treat them as state transitions, not as syntactic decorations
around a chat prompt.

 
   Use commands to change the session, not just the sentence. A
natural-language clarification can improve the next response, but it does not reliably
change the operational contract. If you need a file removed from scope, a different
mode, a test run, or a diff inspection, issue the command that expresses that intent
directly. This distinction matters because session drift is often a state problem, not a
language problem. The model may fully understand your sentence and still operate
under the wrong editable surface, the wrong mode, or the wrong verification
assumptions.

 
   That is why command fluency pays off. You are not typing commands to be
terse; you are making the collaboration state observable. When you say
/drop src/legacy.py, the session stops treating that file as an active edit
target. When you say /read-only docs/protocol.md, you preserve the
file as semantic context without inviting accidental edits. When you say
/ls, you verify what the session currently believes is in scope. Those state
changes are far more reliable than asking the model to “forget” something
or “focus” more tightly. Aider’s docs make this distinction operational by
separating file-management commands, inspection commands, and behavior
modes.

 
   Treat command categories as distinct control types. A useful taxonomy
keeps you from using the wrong lever. Inspection commands tell you what the
session knows: /ls, /diff, and /tokens belong here. Context-management
commands change the visible surface: /add, /drop, and /read-only are the core
examples. State-shaping commands change the collaboration contract itself:
/ask, /code, /architect, and /chat-mode alter how the model should
behave in the current session. Execution commands let the session interact
with the repository or environment: /run, /test, and /lint push work
into verifiable actions. Help commands such as /help or command-specific
help requests are the fastest way to confirm what your installed version
actually supports. The current Aider docs document these command families
directly.

 
   That taxonomy also clarifies when to stop improvising. If the problem is “what
files are currently active?” you need inspection, not a larger prompt. If the problem is
“the model is editing the wrong subsystem,” you need scope control, not a more
                                                                  

                                                                  
detailed explanation. If the problem is “this task is still ambiguous,” you need /ask,
not a premature edit. Command choice is therefore a debugging skill: you identify
whether the failure is in state, scope, behavior, or verification, and then apply the
matching control.

 
   Use ask-to-code as the default interaction pattern. The cleanest workflow
starts with discussion and ends with edits. You use /ask when the task still has
design uncertainty, when several implementation paths are plausible, or when you
want the model to reason about trade-offs without mutating the repository. Once the
plan is stable, you switch to /code and ask for the patch itself. Aider’s
documentation recommends this pattern explicitly for complex changes, and it is easy
to see why: it prevents the model from committing to code before the shape of the
solution is stable.

 
   A disciplined ask-to-code sequence might look like this:
   
 

 /ask 
 
What files and tests should change to make 
 
this parser accept trailing commas safely? 
 
 
 
/code 
 
Proceed with the smallest patch that preserves 
 
existing error handling. 
 
/diff

 
   The advantage is not only better planning. The command boundary gives you a
clean checkpoint. You can reject a poor plan without polluting the tree, or you can
approve a good plan and move into implementation with a narrower, better
understood objective. That reduces the odds of a patch that is syntactically valid but
semantically overbuilt.

 
   Use inspection commands before you trust the session’s memory.
Once a conversation becomes long enough, the natural temptation is to
assume the model still remembers the active files, the current objective,
and the last accepted patch. Do not assume that. Ask the session to show
you the state. /ls is the fastest way to inspect which files are known and
which are currently in scope. /diff shows the current change set. /tokens
helps you notice when context pressure is rising and the session is becoming
too crowded to reason cleanly. These commands are cheap compared with
repairing a patch that drifted because the session silently accumulated stale
assumptions.

 
   Inspection becomes especially important after you change the scope. If you add a
file, drop one, or convert a file to read-only, inspect the result before continuing. The
point is not to verify the command syntax; it is to verify that the session state
matches your intent. In practice, many frustrating AI coding failures are not model
failures at all. They are mismatches between the operator’s mental model and the
session’s actual state.

 
   Use execution commands to bind the patch to reality. Aider’s
command interface becomes most valuable when you connect edits to concrete
checks. /run lets you execute a shell command in the project context, /test
makes that relationship explicit for test commands, and /lint ties code
shape to the project’s style and syntax expectations. Once the model has
changed a file, you want the verification command to reflect the smallest check
that can actually falsify the patch. That keeps the feedback loop tight and
prevents vague testing from hiding a broken edit. Aider’s docs describe these
commands as part of the session control surface, and they are especially
                                                                  

                                                                  
effective when used immediately after a patch that still fits in short-term
context.

 
   A practical pattern is to make the command itself part of the request:
   
 

 /code 
 
Update the parser and keep the error messages stable. 
 
 
 
/test pytest -q tests/test_parser.py

 
   That structure matters because it keeps implementation and verification in the
same conversational frame. If the test fails, the failure output is already adjacent to
the patch request, which makes repair faster and reduces the chance of a new prompt
drifting away from the original objective. You are not asking the model to
“improve the code” in the abstract; you are asking it to satisfy a specific
check.

 
   Distinguish recovery from mere continuation. When the conversation starts
drifting, continuing with more natural language usually makes the problem worse.
Use a command to reset the interaction contract instead of arguing with the model
inside the old frame. If the session has accumulated the wrong files, drop them. If the
mode no longer matches the task, switch it. If you no longer trust the current
branch of the conversation, inspect the state and restate the objective in
patch-sized terms. Aider’s command set is designed for exactly that kind of
correction, and the docs’ recommended workflow is to detect drift, adjust
the session explicitly, and then review the next diff as a fresh calibration
point.

 
   Recovery is not a sign of failure. It is the normal control action when the
conversation has become less reliable than the command surface. The important
habit is to keep the corrective action small. Do not stack a mode switch, file reshuffle,
and new feature request into one overloaded prompt. Make each state change visible
and verify it before you move on. That sequence minimizes ambiguity and helps you
localize mistakes quickly.

 
   Use architect mode when the task benefits from proposal separation.
Some changes are too complex for direct editing without an intermediate design pass.
That is where /architect earns its place. Architect mode introduces a
proposal-plus-editor flow: the session can reason about the design at a higher level
and then produce a patch with the editor model. You do not need it for every change,
and you should not use it as a default for trivial edits, but it is useful when you
want the model to separate planning from implementation. Aider’s mode
documentation and options reference both treat this as a first-class control
path.

 
   The trade-off is straightforward. Architect mode can improve coherence on
multi-file or multi-step changes, but it adds a translation layer between the plan and
the edit. If your task is a small bug fix, that overhead is often unnecessary. If your
task spans interfaces, tests, and implementation details, the extra separation can help
keep the patch aligned with the design. As with the other commands, the deciding
factor is not style preference; it is whether the command improves observability for
the current job.

 
   Prefer explicit mode changes over conversational drift. Modes are the
most visible example of command-driven state. In a session that defaults to code
                                                                  

                                                                  
editing, you still want to switch deliberately when the task changes character. Use
/ask for analysis and design. Use /code for actual edits. Use /help when you need
the installed command surface rather than memory or guesswork. If you want a mode
to stick, use the persistent mode switch rather than reissuing the same prefix
repeatedly. Aider documents both one-off and persistent mode control, and that
distinction matters when a long task alternates between planning, editing, and
checking.

 
   The point is not to maximize command count. The point is to make each phase of
work legible. A session that has an explicit discussion phase, an explicit edit phase,
and an explicit validation phase is much easier to review than one that blends all
three into a single stream of conversational improvisation. Commands give you that
separation with very little overhead.

 
   Manage input fluency so the command surface stays usable. Long
commands are easy to lose in a cluttered prompt if you type everything inline. When
a command needs structured input, use multiline entry or paste the content in a way
that keeps the boundary clear. If you are feeding a substantial correction, a test
failure, or a code fragment, keep the command itself short and let the payload carry
the detail. That makes it easier to see what state change you are asking for and what
evidence you are supplying.

 
   You also need a safe interruption habit. If a prompt is going in the wrong
direction, interrupt it early rather than letting the model elaborate on a bad premise.
A small correction at the command level is cheaper than a large repair after the
model has built an entire response on the wrong assumption. In practical terms, that
means you stop the drift at the point where the session can still recover without
rewriting the task boundary.

 
   Watch for version sensitivity in commands and modes. Aider’s command
surface is one of the most version-sensitive parts of the tool. Exact command names,
available modes, and command side effects can change across releases, so do not
rely on memory alone when you use a command that affects session state.
Check the installed help output or the current documentation when you are
uncertain. The docs themselves emphasize that you can use /help and related
discovery paths to inspect the control surface for your release. That habit is
especially important for mode-related behavior, because the difference between
one-off and persistent mode changes can alter how the rest of the session
behaves.

 
   The operational rule is simple: if a command changes state, verify it in the version
you are actually running. That applies to scope changes, test hooks, diff inspection,
and mode switching alike. The cost of checking is low. The cost of assuming is usually
a bad patch and a slower recovery.

 
   Keep command usage aligned with the original objective. The best
command usage does not create motion for its own sake. Every state change should
keep you aligned with the patch-sized objective you started with. If you add files, do
so because the current step needs them. If you switch modes, do so because the task
changed from planning to editing or from editing to analysis. If you run tests, do so
because the patch is ready for a falsifiable check. If you inspect the diff, do so
because you need to decide whether the next action is validate, revise, or
                                                                  

                                                                  
stop.

 
   That discipline is what makes the command surface more than a convenience
layer. It turns the session into a sequence of visible decisions: what is in scope, what
mode is active, what evidence do you trust, and what action follows from the latest
diff. Once you work that way, commands stop feeling like extra syntax and start
functioning as the control system that keeps the collaboration narrow, reversible, and
technically honest.

   
 

   3.4    Reading Diffs Before Accepting Downstream Consequences

   
 /diff 
 
git diff --cached 
 
git diff --stat 
 
git diff -U5 -- src/parser.py

 
A diff is the first place where a model-generated change becomes a concrete
engineering artifact. Before tests, before CI, and before a commit message hardens
the result into history, you get one low-cost chance to decide whether the patch says
what you asked for. Aider surfaces the current change set directly in the session, and
Git gives you the formal machinery for reading it in broader contexts: working tree
against index, staged changes against HEAD, or one commit against another. Plain
git diff compares the working tree to the index, while git diff –cached
shows staged changes relative to HEAD by default. Those are not cosmetic
differences; they are distinct views of what has changed and what is still
pending.

 
   Read the diff as an argument about intent. The right question is
not “does the code look plausible?” The right question is “does the patch
implement the specific behavioral change I asked for, in the right place, with the
smallest reasonable blast radius?” A good diff makes that argument clearly. It
touches the expected files, changes the expected control flow, and leaves
unrelated code alone. A suspicious diff still compiles that argument, but with
extra claims: a helper was renamed without need, a test file changed shape
unexpectedly, an import moved for no obvious reason, or a configuration file
picked up incidental churn. You are not proofreading style at this stage. You
are testing whether the patch’s internal logic matches the task’s external
contract.

 
   That habit matters because model-generated explanations can be persuasive while
the patch itself is not. Read the actual lines. Ask whether the change is locally
necessary or merely locally convenient. Aider’s editing flow naturally produces diffs
during the interaction, and that makes the patch the decisive artifact. The
surrounding commentary is useful only insofar as it helps you interpret the
diff.

 
   Check for scope fidelity before you think about validation. A narrow,
well-aimed diff earns validation. A diff that wanders outside scope deserves correction
first. The distinction is operationally important because expensive checks can hide a
bad patch behind successful execution. If you run tests on a patch that already
                                                                  

                                                                  
overreached, the green result may tempt you to accept collateral edits that should
never have happened. If you run tests on a patch that misunderstood the task, you
may waste time chasing failures that simply reflect the wrong implementation
shape.

 
   Use a simple decision sequence. First, ask whether the files changed match the
task boundary established earlier. Second, ask whether the changed lines are
explainable in repository terms. Third, ask whether any collateral edits are
justified by dependency or interface constraints. Only then decide whether to
validate. That sequence keeps the human review step in front of the machine
validation step, where it belongs. In Git terms, this is the difference between
reviewing a patch for semantic fit and merely confirming that it is mechanically
reproducible.

 
   Inspect the change at the right granularity. A diff is only useful if you read
it at the correct scale. Start with the file list and the line counts. That gives you
the rough blast radius. Then look at the hunks. The hunk headers tell you
where the edit landed, and the body tells you whether the patch preserved
local structure or rewrote it unnecessarily. If the scope looks reasonable,
widen the context to understand how the change interacts with neighboring
code. Git’s unified diff format supports that directly: -U<n> adjusts the
amount of context, and -p gives you the formal patch representation of
line-level edits. You can use a narrower view to focus on the immediate edit or a
wider view when the surrounding lines determine whether the change is
safe.
   
 

 git diff -U3 -- src/parser.py 
 
git diff -p -- src/parser.py 
 
git diff --stat -- src/parser.py

 
   This is where advanced reviewers earn their speed. You do not need to inspect
every line equally. You need enough context to answer three questions: what changed,
why here, and what else did the edit implicitly touch. If a patch modifies a function
signature, you should follow the call sites. If it changes an error message,
you should ask whether tests or consumers depend on the exact string. If it
adjusts a default value, you should look for code paths that silently inherited
the old default. Those are the places where a small diff can produce large
consequences.

 
   Distinguish intent-aligned changes from collateral churn. Some diffs are
small but noisy. Others are large but disciplined. Size alone does not tell you whether
a patch is trustworthy. What matters is whether the change introduces collateral
effects that are not required by the task. Common warning signs include formatting
churn outside the modified region, identifier renames that force unrelated
updates, control-flow edits that broaden the behavior more than requested, and
dependency changes that do not follow from the local bug or feature. These
patterns are especially important in AI-assisted work because a model may
produce an internally coherent patch that still violates the narrower human
intent.

 
   A useful heuristic is to separate necessary consequence from opportunistic
cleanup. If the task requires a helper to move, the affected call sites may also need to
                                                                  

                                                                  
move. That is a necessary consequence. If the patch renames a helper and also reflows
comments, shuffles imports, and touches unrelated tests, you should ask whether the
extra motion buys anything. In many cases it does not. The safest response
is to narrow the patch and ask for the minimum change that satisfies the
requirement.

 
   Treat deletions as first-class signals. Readers naturally focus on
additions because they are visible and often explanatory. Deletions matter
just as much. A deleted line can remove a guard, erase a fallback path, or
drop a configuration default that other code still expects. In AI-generated
patches, deletions are often the place where the model quietly simplifies
an implementation in a way that is technically valid but semantically too
aggressive. You should read deletions with extra skepticism whenever the
patch changes public behavior, exception handling, or compatibility-sensitive
paths.

 
   A deletion is justified when it removes dead code, unreachable branches, or a
now-redundant workaround. It is suspicious when it removes a check that was
probably there for a reason. Ask whether the removed code guarded against
malformed input, preserved backward compatibility, or encoded a constraint not
obvious from the local function body. If you cannot explain the deletion in repository
terms, do not let the patch proceed merely because the added code looks
elegant.

 
   Use recent history when current context is not enough. Sometimes the
diff makes sense only if you compare it with the immediate past. That is
common after a rapid sequence of edits or when a bug fix builds on a prior
change that is no longer fresh in short-term context. Aider supports injecting
repository history into the conversation with a command like /run git
diff HEAD~1, which is useful when the present patch depends on a recent
upstream change. Git’s broader diff semantics also help here: a patch against
HEAD tells a different story than a patch against the previous commit or
merge base. If the current diff seems odd, widen the frame before you judge
it.
   
 

 /run git diff HEAD~1 
 
git diff HEAD~1..HEAD -- src/parser.py 
 
git show --stat --oneline HEAD

 
   That move is particularly helpful when the model appears to be working against a
moving target. The current patch may be right relative to the latest edit but
wrong relative to the original prompt. Comparing against recent history
lets you distinguish those cases. It also helps you see whether the patch is
actually a correction to a previous mistake or a new deviation introduced by
misunderstanding.

 
   Calibrate the amount of validation the patch deserves. Not every diff
requires the same level of downstream checking. A one-line change in a leaf function
may deserve a quick local test. A signature change or control-flow alteration may
deserve targeted unit tests plus a focused manual review. A patch that touches
shared utilities, error handling, or interface boundaries may deserve a broader check
because the blast radius is larger and the failure modes are less obvious.
                                                                  

                                                                  
The important point is that validation scope should follow patch scope, not
habit.

 
   This is another place where human judgment comes first. If the patch is narrow
and intent-aligned, move quickly to the smallest check that can falsify it. If the
patch is ambiguous, stop and correct it before spending time on verification.
If the patch is too broad, rewrite it into a smaller unit of change before
validating. That discipline keeps validation cost proportional to actual risk.
It also prevents the common failure mode in which a large, messy patch
survives because the test suite happened not to exercise the wrong part of the
code.

 
   Look for semantic suspicion, not just syntactic cleanliness. A clean patch
can still be wrong. Compilation success, formatting correctness, and even passing
tests do not prove that the diff respects the design. You should be alert for changes
that are locally plausible but architecturally strange: a helper placed in the
wrong layer, a test moved to accommodate code that should have stayed
simpler, a default value altered in a way that shifts responsibility silently, or an
exception broadened to make the test pass. These are the kinds of edits that AI
systems often make when they solve the narrow symptom but miss the deeper
contract.

 
   The best defense is to ask whether the patch preserves the codebase’s existing
boundaries. Does it keep responsibilities where they belong? Does it match the
surrounding style of error handling? Does it introduce a new abstraction where a
direct fix would do? If the answer to any of those questions is weak, the patch may be
technically valid but still wrong for the repository.

 
   Use the diff as a decision gate, not a ceremonial review. The point of
reading the diff is to decide what happens next. Accept to validation when the patch
matches the request, the collateral edits are justified, and the likely blast radius fits
the planned checks. Narrow and retry when the patch is directionally right but too
broad or too noisy. Reject immediately when the patch reveals a misunderstanding,
an unnecessary rewrite, or a change in behavior that was never requested. Those are
not cosmetic categories. They are different operational outcomes that preserve time
and reduce risk.

 
   Aider’s patch flow makes this gate especially important because it compresses the
distance between model output and repository change. The closer the patch is to the
tree, the less expensive human correction becomes. That is the real reason diff
literacy matters here. You are deciding whether the session has produced a patch
worth spending more machine time on.

 
   Keep the review question narrow and concrete. A strong diff review asks a
small set of precise questions. Did the patch touch the expected files? Did it change
only the behavior you asked for? Did it preserve the surrounding conventions? Did it
avoid unrelated churn? Did any deletions remove something essential? If you can
answer those questions cleanly, the patch is probably ready for validation. If
you cannot, the patch needs another pass before it reaches tests or commit
history.

 
   That style of review is faster than a broad aesthetic judgment because it stays
anchored in repository reality. You are not trying to decide whether the diff is elegant
                                                                  

                                                                  
in the abstract. You are deciding whether the change is worthy of further trust.
Once you work that way, the patch becomes a control point rather than a
surprise, and the next validation step starts from a position of clarity instead of
hope.
                                                                  

                                                                  
   
 



    

   


   Chapter 4
Context Engineering and Patch Expression

The most expensive AI coding mistakes often start upstream, when the model is
shown too much, too little, or the wrong kind of context. This chapter turns context
selection and edit representation into explicit engineering decisions, showing how to
reduce ambiguity, control review burden, and choose the patch expression that best
matches the task, the model, and the repository.

   
 

   4.1    Scoping Context in Large Repositories

A change request that looks local on the surface often fails for a very mundane
reason: you gave the model too much of the repository and too little of the invariant
that actually matters. In a large monorepo, extra context is not neutral. It
competes with the relevant code for attention, consumes budget that could
have been spent on tests or interfaces, and tempts the model into rewriting
nearby abstractions that were never part of the task. The result is usually not
a smarter patch; it is a broader one. Long-context behavior is especially
unforgiving here: more tokens do not guarantee better use of the tokens, and
relevant details buried in the middle of a large prompt are easy to underweight.
Selective retrieval research in repository-level code tasks points in the same
direction: always pulling in more context is not uniformly beneficial, so the
operator has to treat context as a constrained resource rather than a dump
pipe.

 
   A practical scoping rule starts with the smallest mutable surface that can
plausibly satisfy the request. You begin with the target file, then add only the
artifacts that constrain the edit. In concrete terms, that usually means the file to
change, the directly coupled tests, the interface or schema that defines the contract,
and only then the implementation dependencies whose local behavior you
actually need to inspect. When you add a file for orientation alone, mark it
as visible-only in your own process; when you add it because the model
must edit it or preserve its exact structure, treat it as part of the editable
surface. That distinction matters because a visible-only artifact can clarify
intent without becoming a second locus of accidental change. A file that
must be edited, by contrast, expands the patch boundary and the review
burden.

 
   A useful working example is a request to change validation logic in a service
endpoint. You do not start by loading the entire service package. You start with
the endpoint implementation, the request and response types, the unit test
that exercises the validation failure, and the schema or interface declaration
that encodes the allowed values. If the endpoint delegates to a validator
helper, you inspect that helper only if the endpoint file does not already
expose the rule. If the bug report references a failing integration test, you add
that test as a visible constraint before widening the code surface further.
The point is not to be stingy with context; it is to give the model enough
                                                                  

                                                                  
structure to preserve local correctness without inviting a repository-wide
rewrite.

 
   A stepwise expansion method

 
   The expansion order is easiest to manage as a decision flow: start at the change
point, then expand outward only when the next artifact changes the model’s ability
to preserve invariants. The key question is not “is this related?” but “does this
artifact constrain the patch?” A file is worth including if it establishes an interface,
fixes an ordering constraint, defines an invariant that the target file must obey, or
contains a failing example that encodes the expected behavior. Otherwise, the file is
merely nearby.
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   The diagram encodes a discipline that is more precise than “add related files.”
Direct tests matter because they preserve the observable behavior you are trying to
protect, not because they are convenient evidence. Interfaces, schemas, and
types matter because they define the legal shape of the change. Helpers
and implementation dependencies matter only when the target file cannot
be edited correctly without them. Everything else is likely to be collateral
context: useful to a human auditor, but not necessary for the model’s next
patch.

 
   This way of thinking is especially effective in repositories with layered
conventions. In a typical service stack, the request handler, validator, serializer, and
test harness may sit in separate directories. If you expose all four layers every time,
the model often starts treating convention as permission to generalize. It may rename
symbols beyond the request, normalize neighboring code, or infer a refactor that
nobody asked for. Keeping the context set narrow prevents that drift. The model still
sees the local contract, but it does not receive an excuse to redesign the boundary
around it.

 
   What to include, and why

 
   The inclusion decision is best made artifact by artifact.

 
   The target file is always the first candidate because it is the editable surface.
If the requested change is small and localized, that file may be enough. If
the file is a long controller, renderer, or orchestration module, it may need
support from tests or contracts, but the change should still be anchored
there.

 
   Directly coupled tests are the most common addition after the target file. They
encode the intended behavior in executable form, which is more reliable than a prose
request and less ambiguous than a broad architecture summary. They are
especially important when the code path is already under test and the bug
manifests as a regression rather than a missing feature. Adding the failing test
makes the boundary concrete: the model sees exactly what must continue to
pass.

 
   Interfaces, types, and schemas belong in scope when the edit crosses a contract
boundary. A request that changes a JSON payload, API parameter, database
column, or event message must expose the definition of that contract. Without it, the
model is forced to infer legal shape from usage sites, which is brittle in large systems.
If the contract is shared across packages, you want the minimal declaration that
governs the change, not every consumer.

 
   Implementation dependencies are the last resort because they tend to multiply
context. Load them only when the target file delegates behavior that matters to
the patch and the delegation is not obvious from the target file alone. In a
well-factored codebase, that dependency may be a small helper. In a tangled one, it
may be a legacy module with multiple modes. Even then, the goal is to
expose the narrowest slice that preserves the invariant, not the entire call
chain.

 
   What to exclude

 
   The most damaging mistakes come from treating proximity as relevance. A file is
                                                                  

                                                                  
not automatically useful because it sits in the same package. Nor is it useful because
it appears in a stack trace, shares a prefix in its name, or was touched in a previous
bugfix. Excluding such material is often the right choice even when it feels
conservative. Repository-scale retrieval work suggests that structural rank and
proximity are only priors; they are not proofs of necessity. If the edit can be justified
without a file, leave it out and preserve budget for the files that actually constrain
the patch.

 
   Generated code is a frequent trap. It can appear adjacent to the real source of
truth, but it usually reflects upstream declarations rather than local intent. Including
generated artifacts often drags the model toward formatting churn or output that
looks mechanically plausible but does not belong in version control. Legacy
duplicates create a similar hazard. When two modules implement the same concept
with different conventions, exposing both may encourage the model to blend
them into an incoherent compromise. If one variant is authoritative and
the other is historical residue, only the authoritative one should drive the
patch.

 
   Fixtures and examples deserve special care. A fixture that looks like production
code is often more misleading than helpful because it mirrors structure without
carrying the same runtime obligations. It can anchor the model to superficial
similarity and encourage edits in test scaffolding rather than in the actual
implementation path. Include a fixture when it demonstrates the failing shape of
data or the expected boundary condition. Exclude it when it merely adds
scale.

 
   Framework glue is another source of over-scoping. Registration code, DI wiring,
route tables, and adapter layers may touch the request path, but they often hide
the real behavior behind conventions. Adding all of them can create the
impression that the request is architectural when it is really local. If the
glue file only passes through a symbol or registers a handler, the model
usually needs to see the symbol and the target file, not the whole framework
scaffold.

 
   Why too much context degrades patch quality

 
   The simplest failure mode is distraction. A model given too many adjacent files
may spend capacity reconciling implementation variants that are irrelevant to the
request. The more serious failure is overgeneralization: the model notices patterns,
then applies them where they do not belong. In a repository with repeated naming
conventions, that can lead to broad renames, moved functions, or extra abstraction
layers that were never requested.

 
   Too much context also makes review harder. A patch that would have been a
three-line fix can become a cross-file edit with incidental whitespace changes,
reordered imports, and newly touched helpers. Humans then spend their time
proving that the extra edits are harmless. Even if the patch is technically correct, it
has already become operationally expensive. The model did not just solve the bug; it
consumed reviewer attention as collateral.

 
   Long-context studies explain why this happens. When the prompt gets large,
the model does not attend uniformly. Important details can be diluted by
surrounding material, especially when the relevant lines are not near the prompt
                                                                  

                                                                  
boundaries. That effect is one reason to keep the target artifact and the critical
constraints close together. If the failing test, interface definition, and target file are
the only pieces that actually govern correctness, placing them early and
keeping the rest out is more effective than surrounding them with project
noise.

 
   A practical scoping checklist

 
   A disciplined operator can make the scope decision in a few passes.

 
   First, identify the exact file that must change. If there is no file, there is no patch
boundary yet.

 
   Second, ask which invariant the edit must preserve. That invariant may be
syntactic, behavioral, contractual, or ordering-related.

 
   Third, add the smallest evidence that constrains that invariant. For behavior,
that is usually a failing test or a representative example. For contracts, it is the
schema, type, or interface declaration. For ordering and lifecycle issues, it may be the
function that creates or consumes the resource.

 
   Fourth, inspect whether the target file depends on a helper whose local
semantics are not obvious. Include that helper only if the model needs it to avoid
guessing.

 
   Fifth, prune anything that merely feels related. If the file is not edited, not
directly constraining the change, and not needed to resolve an ambiguity, it is
probably noise.

 
   This order works because it mirrors the actual dependency structure of safe
editing. The target file defines the mutation site. The invariant defines the
correctness condition. The supporting artifacts define the narrowest context in which
the model can produce a valid patch. Anything beyond that is a luxury, and in large
repositories luxuries are often liabilities.

 
   Common over-scoping mistakes

 
   One common error is to include every file mentioned in a stack trace. A stack
trace tells you where the failure surfaced, not which files are necessary for
the fix. Often the top frame and the target test are enough. The rest of
the trace is diagnostic history, useful for humans but too broad for patch
generation.

 
   Another error is to open an entire feature folder because several files seem
semantically connected. That pattern creates a temptation to normalize the feature
as a whole. The model starts improving cohesion, renaming symbols, or
pulling shared logic into a new helper because the surrounding exposure
suggests a larger refactor. Narrowing the folder to only the target file and the
artifacts that define its contract usually produces a smaller, more accurate
patch.

 
   A third mistake is to include unrelated tests in the hope of “teaching” the model
the project style. Style is not the bottleneck in most patching tasks; local invariants
are. Unrelated tests increase token load without improving the specific decision the
model must make. If you need style guidance, a single representative example is
usually enough.

 
   A fourth mistake is to rely on repository-wide awareness as a substitute for local
evidence. That habit often appears in monorepos because the codebase feels
                                                                  

                                                                  
too large to reason about without broad exposure. The correct response
is not to expose more of the tree. It is to expose the exact code path, the
exact test, and the exact contract that determine the patch. Repository-level
structure can orient you, but it cannot replace the file that actually encodes the
invariant.

 
   Operational implications in large codebases

 
   The larger the repository, the more important it becomes to separate
orientation from evidence. In a small project, a broad prompt may still be
manageable because the number of nearby files is limited and the model
can often recover from extra context. In a large codebase, broad prompts
degrade faster because there are more plausible but wrong associations.
Repeated abstractions, copied modules, generated interfaces, and historical
compatibility layers all increase the chance that the model will pick the wrong
analog.

 
   This is why context selection is not a clerical pre-step. It is the main control
surface for patch accuracy. If you choose the wrong boundary, the patch can be
syntactically valid and still operationally wrong. If you choose the right boundary,
even a modest model can often produce a disciplined edit because the local
constraints are clear and the irrelevant architecture has been left outside the frame.
The safest patch is usually the one that had the fewest excuses to become larger than
necessary.

   
 

   4.2    Using the Repository Map as a Structural Prior

A large repository creates a predictable tension: if you keep the prompt narrow, the
model can lose orientation; if you expose the whole tree, the model often loses
discipline. A repository map resolves that tension by giving you structure without
pretending to be source of truth. It is a compressed view of the codebase’s topology:
important classes, functions, types, signatures, and their relative prominence. Used
properly, it acts as a prior over where the relevant code probably lives and how
the system is organized, not as a substitute for the code that will actually
change.

 
   That distinction is the practical center of gravity. A map can tell you
that an endpoint handler, a serializer, and a migration belong to the same
feature area. It cannot tell you whether the serializer preserves a subtle
invariant in a corner case or whether the migration is safe under deployment
ordering constraints. The map is useful precisely because it is incomplete.
It lets you orient quickly, spend tokens where they matter, and avoid the
false choice between blind local editing and indiscriminate project loading.
Retrieval research on repository-scale coding tasks supports this style of
selective exposure: structural cues help narrow search, but broad retrieval is not
automatically better, especially when the task depends on a small set of critical files.
[?, ?]
                                                                  

                                                                  
   
 

What the map actually gives you
   A repository map gives you a coarse but actionable picture of the codebase. You
learn which modules dominate the architecture, which symbols define the public
surfaces, and which files appear central enough to deserve early attention. In practice,
that means you can infer likely responsibility boundaries before you inspect any full
file. A map may show that authentication logic flows through one module, API
handlers through another, and domain objects through a third. You still need explicit
file context to make a patch, but you no longer have to search the tree from
scratch.

 
   A working way to think about this is to treat the map as a navigation layer. If
you are looking for the code that parses a webhook payload, the map can suggest
whether to start in a controller, a service adapter, or a schema module. If you need to
change a validation rule, the map may reveal which validator type is part of the
public surface and which helper functions are merely internal. That first narrowing
step matters because it prevents the model from treating the repository as an
undifferentiated bag of files.

 
   A compact structural prior is especially valuable when the token budget cannot
accommodate many full files. Long-context behavior is not uniform, so spending
tokens on large unrelated files can actively hurt performance by burying the relevant
lines. A map lets you reserve detailed context for the files that truly constrain the
edit while still preserving enough global awareness to avoid local dead ends.
[?]
   
 

How the map changes search behavior
   The important effect of a repository map is not just informational; it is
behavioral. It changes the model’s search pattern. Without a map, the model often
follows shallow textual cues: file names, repeated identifiers, or the nearest
visible helper. With a map, the model can bias its search toward structurally
central modules and symbol families before it commits to a narrow edit
path.

 
   That matters in repositories with layered conventions. If the map shows a service
layer, an adapter layer, and a test layer clustered around the same domain concept,
the model can infer where to look for the request boundary, where to inspect the
translation logic, and where to verify behavior. It can also infer which files are likely
to be stable reference points versus which are implementation details that should be
inspected only after the target path is identified. In other words, the map does not
merely reduce search space; it changes the order in which the model explores that
space.

 
   This is why maps are more useful than ad hoc summaries. A good structural prior
tells you what is likely important before you see the details. That can prevent
common repository-scale failures such as fixating on the first matching file name,
overvaluing nearby helpers, or wandering into low-signal infrastructure because it
happens to be visible. In a monorepo, the best edit target is often not the closest file
                                                                  

                                                                  
in textual terms but the file whose symbol relationships make it the real locus of
change.
   
 

A concrete use pattern
   You can use a repository map in a small, disciplined loop. Begin by asking what
kind of code the request probably touches: API boundary, domain logic, test harness,
migration, or adapter. Then use the map to identify the likely module cluster and
only after that open the full files that actually constrain the patch. The map helps
you avoid a common waste pattern: loading multiple full files just to discover which
one matters.

 
   A practical example is a bug report that says a new response field is missing
from one endpoint. The repository map may show the endpoint handler, the
response DTO, the serializer, and the endpoint test as adjacent symbols in the
same feature area. That is enough to decide that you should inspect the
handler and DTO first, not the entire service package. If the serializer is a
shared abstraction used across many endpoints, the map may also tell you
that a change there has wider consequences and therefore needs explicit
verification. The map does not replace the patch boundary; it helps you draw
it.
   
 

 aider --repo-map

 
   That command is the right kind of lightweight entry point: it gives you structure
before you commit to broad file inclusion. Once the map is in hand, you can request
the exact files that matter. The point is not to keep the model abstract. The point is
to use abstraction to avoid unnecessary detail until you know where detail is
required.
   
 

When a structural prior is sufficient
   A repository map is sufficient when the task is primarily about orientation and
the actual edit point is still being located. That includes feature exploration,
first-pass triage, and changes in systems with strong naming conventions. In those
cases, the map can tell you where responsibility likely lives and which symbol family
probably owns the behavior you care about. If the codebase is regular, the
map may even be enough to identify the target file without opening much
else.

 
   Maps are also sufficient when the change is narrow and the structural
relationships are obvious from the symbol graph. A rename, a small API adjustment,
or a local refactor in a well-factored module often needs only a map to confirm that
the change is not crossing boundaries unexpectedly. You still need the target file and
perhaps one supporting test, but you do not need to widen context until the model
has lost the thread.

 
   The map is least ambiguous when the repository has stable conventions and the
                                                                  

                                                                  
symbol names reflect actual ownership. In such codebases, the map gives you a
reliable first approximation of module boundaries, and that is enough to
focus retrieval. You use it to choose the file set, not to infer behavior. That
separation keeps the model from mistaking architectural resemblance for semantic
equivalence.
   
 

Where the map stops helping
   A structural prior stops being enough when correctness depends on local facts
that the map cannot express. It cannot reveal hidden invariants in tests, ordering
constraints in migrations, edge-case behavior in generated code, or runtime
conditions that appear only in failure output. It also cannot distinguish
between a module that owns a concept and a module that merely re-exports it.
Those differences are often decisive in large codebases, and the map flattens
them.

 
   Generated artifacts are a particularly sharp limit. A map may show a generated
file as central because many consumers depend on it, but that centrality does not
make it a safe source of editing truth. The authoritative source may be a schema, a
code generator, or a build step elsewhere. Likewise, historical cruft can pollute the
map’s apparent importance. A legacy module may appear prominent because many
old paths still reference it, even though the active system no longer depends on it in
the way the symbol graph suggests.

 
   This is why symbol adjacency is not runtime coupling. Two functions can sit
close together in a map and still have very different execution roles. One
may be a public entry point, the other a utility with fragile preconditions.
The map helps you notice the relationship; it does not license the model to
infer the contract. When the task depends on contracts, failure evidence, or
deployment constraints, explicit context must take over. That boundary belongs to
the next layer of decision-making in the chapter, but the operative rule is
already clear here: use the map to identify candidates, then verify with real
files.
   
 

Structural priors in different repository shapes
   Multi-module systems benefit from repository maps because they often encode
responsibility in naming and layout. You can usually infer where request handlers,
adapters, tests, schemas, and migrations live, even before opening any file. In
monorepos, the map is even more useful because the main challenge is not finding
code that exists; it is distinguishing the relevant slice from a much larger surface
area. A map gives you a cheap way to separate feature clusters from infrastructure
clusters.

 
   Layered services also benefit from map-driven orientation. If the project separates
transport, domain, and persistence layers, the map can tell you which layer
is most likely to hold the change and which adjacent layers are likely to
need read-only inspection. That reduces token waste because you do not
need to drag every layer into scope at once. You can ask for the domain
                                                                  

                                                                  
object first, then the service logic, then the tests that confirm the boundary
behavior.

 
   Repositories with recurring conventions are the easiest case. When names are
regular and symbol families are consistent, the map often points you to
the right neighborhood immediately. Repositories with inconsistent naming
are the hardest case. In those codebases, the map still helps, but only as a
weak prior. You should treat it as a hypothesis generator, not a decision
oracle.
   
 

How to read the map without overtrusting it
   A disciplined reading strategy is to ask three questions. First, which symbols
appear structurally central? Second, which files are likely to define public contracts
rather than internal mechanics? Third, which places look like likely edit targets
versus mere pass-throughs?

 
   Those questions force you to separate visibility from validity. A file can
be important in the map and still be a poor edit target if it is generated,
overloaded, or stale. Another file can be structurally small and still be the
correct place to patch because it owns the exact invariant. The map should
therefore guide the ordering of inspection, not the final edit decision. It
narrows the search, but the patch boundary still comes from the actual
code.

 
   You also want to treat repeated symbols carefully. If the map shows several
modules with the same concept expressed differently, that is a warning that the
repository may contain compatibility shims, duplicated abstractions, or historical
forks of the same behavior. In those cases, the map helps you spot divergence, but it
does not tell you which variant is canonical. You need explicit files to resolve
that.
   
 

Practical trade-offs and compatibility notes
   The main trade-off with repository maps is fidelity versus cost. A richer
map gives you more orientation, but it also consumes generation time and
may become stale sooner in active codebases. A thinner map is cheaper and
faster, but it may miss symbol relationships that matter for navigation.
You want enough structure to select files intelligently, not enough detail
to tempt the model into treating the map as a compressed substitute for
implementation.

 
   Tooling behavior can also vary. Some versions or model configurations present
maps as symbol lists, others as ranked dependency summaries, and others as a
mixture of both. That difference matters operationally because a ranked map biases
you toward central files, while a simple listing is better suited to manual navigation.
You should not assume that all maps encode the same priorities or update at
the same fidelity. When the presentation changes, the safest response is
to treat the map as advisory and revalidate important paths with explicit
files.
                                                                  

                                                                  

 
   There is also a session-design question. If the map is too prominent relative to the
actual code, the model may over-index on architecture and underweight the concrete
file contents that determine correctness. If the map is too hidden, you lose the
navigation advantage and end up paying for full-file exploration. The most effective
workflow keeps the map close enough to influence search, but not so dominant that it
suppresses local evidence.
   
 

A disciplined operating rule
   Use the repository map to orient, narrow, and hypothesize. Use explicit file
context to confirm, modify, and verify. That division of labor keeps broad
awareness from turning into broad exposure. It also lets you preserve the
token budget for the code that actually encodes the invariant you need to
protect.

 
   The map becomes especially powerful when paired with selective retrieval. You let
the structural prior point you toward the right subsystem, then you retrieve the
minimum file set needed to establish local correctness. That combination is what
makes large repositories tractable: you preserve architectural awareness without
flooding the model with irrelevant material, and you keep the patch grounded in the
files that can actually be changed safely.

   
 

   4.3    Choosing When Explicit Context Must Override Structural Awareness

A repository map can point you toward the right neighborhood, but it cannot
guarantee that you are standing on the right floor of the building. The dangerous
failure mode is not ignorance; it is confident misplacement. You infer the correct
subsystem from the map, then produce a patch that violates a hidden invariant in a
test, migration, configuration file, or runtime path that the map never encoded. In
large repositories, that error is common because many constraints live outside the
symbol graph. The practical question is therefore sharper than “is the map useful?”
It is “when do you stop trusting structure and force the model to see the exact
artifacts that govern correctness?”

 
   A disciplined answer treats explicit-context escalation as a safety move. You are
not compensating for weak model reasoning; you are acknowledging that some tasks
depend on facts that cannot be recovered from architectural shape alone.
Repository-scale coding work makes that distinction matter. Benchmark
tasks that require real patch generation often hinge on task-specific files
and executable evidence, not on generalized awareness of module layout.
Retrieval quality and artifact selection materially affect outcomes because
the model needs concrete constraints, not just a plausible place to edit.
[?, ?]
   
 

A working escalation pattern
   When the task is still ambiguous, start with the map and then force a
                                                                  

                                                                  
decision around the hidden invariant. A compact retrieval sequence looks like
this:
   
 

 aider --repo-map 
 
aider path/to/target.py path/to/test_target.py \ 
 
      path/to/schema.sql

 
   That pattern keeps the map in the role of orienting prior and then adds the
smallest artifacts that can falsify a wrong assumption. If the request touches
behavior, include the failing test or a representative test. If it touches a contract,
include the schema, interface, or API definition. If it touches execution ordering,
include the migration or deployment artifact. If a failure report exists, include the
stack trace or error output before you include more source files. The goal is to expose
the concrete evidence that constrains the patch, not to widen the field of view until
the model feels comfortable.
   
 

Task shapes that demand explicit evidence
   Some tasks tolerate structural inference because the local edit is largely syntactic
or renaming-oriented. Others do not. You should escalate immediately when the
change crosses a boundary that the repository map cannot express.

 
   Hidden-runtime-state changes require explicit context because the model cannot
infer state transitions from symbols alone. That includes cache invalidation, session
lifecycles, background jobs, and concurrency-sensitive code paths. A module graph
may identify the right service, but it will not reveal whether a callback must run
before a lock is released or whether an object must be initialized through a factory
rather than constructed directly.

 
   Contract-constrained changes require tests or schema definitions because behavior
is externally fixed. API handlers, serialization layers, message formats, and database
migrations all belong here. The map may show where the contract lives, but the
exact syntax and acceptance conditions come from the artifact itself. If a request
changes a JSON field, a protobuf message, or a SQL migration, the explicit contract
file belongs in context even when the surrounding module structure looks
obvious.

 
   Failure-driven repairs need failing output because the bug is defined by the
failure, not by the architecture. A stack trace narrows the execution path;
a test failure narrows the observable behavior; a parser error narrows the
malformed input shape. In these cases, the explicit artifact often matters
more than the implementation file that happens to own the code. The model
needs to see the symptom and the code together to avoid fixing the wrong
layer.

 
   Ordering-sensitive changes require deployment notes, migration files, or
architectural decisions when the repository encodes sequencing constraints outside
the code path. A schema change can be structurally close to the code that consumes
it yet operationally unsafe if the deployment ordering is wrong. A map cannot encode
that dependency. Explicit context can.

 
   Parser-sensitive or macro-heavy code deserves explicit exposure because the local
                                                                  

                                                                  
syntax rules are more important than the architectural summary. Generated
parsers, templates, macros, and build-configured code often fail in ways
that are invisible to a symbol-level view. If a small textual change must
preserve expansion semantics, show the exact source, not just the module
lineage.
   
 

Which artifacts override structure
   Once you have identified a high-risk task shape, add the artifact that most
directly constrains the patch.

 
   Failing tests should come first when behavior is under specification. They anchor
the observable contract and tell the model what must remain true after the edit. If
there is no failing test yet, add a representative test that captures the intended
behavior and the edge case that matters most.

 
   Stack traces and error logs should come first when the task is diagnostic. They
identify the concrete execution path and often reveal the first bad assumption better
than a source map does. A trace can tell you which layer actually failed, which
file name is a red herring, and which method signature the model should
inspect.

 
   Schemas, types, and interface declarations should come first when the change is
contract-bound. These files define legal shapes, field names, nullability rules, and
versioned compatibility constraints. They also prevent the model from inventing a
plausible but invalid API.

 
   Architectural notes and decision records matter when the repository uses explicit
design constraints that are not visible in code. They are especially useful for
boundary decisions, compatibility promises, and platform rules that a structural map
would miss. Use them sparingly, but do not ignore them when they encode the
invariant directly.

 
   Representative fixtures matter when the bug depends on a specific data shape or
request pattern. A fixture that demonstrates the problem is stronger than a broad
explanatory paragraph because it ties the abstract request to concrete inputs and
outputs.
   
 

Why structure fails at the edges
   A repository map compresses information to make navigation cheap. That
compression is exactly what creates its limit. It can tell you which file owns a symbol,
but not which path is exercised in production. It can tell you that two modules are
adjacent, but not that one is a compatibility shim and the other is authoritative. It
can tell you that a test exists, but not whether the test captures the constraint that
matters.

 
   This is why naming alone is dangerous. In a large codebase, names often describe
intent at a high level while hiding the actual behavioral contract. A function named
normalize may trim whitespace in one package, canonicalize encodings in another,
and enforce idempotence in a third. The map will not resolve that ambiguity. Explicit
context will.
                                                                  

                                                                  

 
   The same problem appears with cross-service contracts. Two services can share a
concept name and still disagree about field defaults, error handling, or versioning
policy. The structural prior suggests a relationship; it does not prove that one service
can safely imitate the other. If the edit depends on a cross-service guarantee, load
the interface or the failing contract test and let it override the structural
guess.
   
 

Decision criteria for escalation
   A simple escalation rule is enough to keep the process consistent.

 
   If the request depends on a hidden invariant, add explicit context.

 
   If the request depends on externally enforced behavior, add explicit context.

 
   If the request depends on failure evidence, add explicit context.

 
   If the request depends on local syntax that the map cannot express, add explicit
context.

 
   If the request is a localized refactor with no hidden invariant, the map may
be enough to identify the right file cluster, and you can keep the prompt
narrow.

 
   That rule is deliberately blunt because subtlety usually comes later, after the
patch boundary is already drawn. Structural awareness tells you where to look;
explicit context tells you what must not change. When those two disagree, the
artifact wins.
   
 

Practical failure patterns
   One common failure pattern is to omit the failing test because the bug feels
obvious. That usually forces the model to infer the wrong target behavior from the
implementation. The visible code may show the current logic, but the test shows the
intended logic. Without the test, the model often repairs the symptom rather than
the defect.

 
   Another common failure pattern is to include a broad architectural note instead
of the exact contract file. A narrative description of the subsystem may
help you orient, but it rarely pins down the precise field names, ordering, or
validation rules that the patch must preserve. The note is useful only if
it names the constraint directly; otherwise it adds words without adding
force.

 
   A third failure pattern is to trust generated code or mirrored fixtures because
they look close to the real system. Generated artifacts are often derivative,
and fixtures often encode examples rather than authority. If the behavior is
defined elsewhere, the derivative file should not be the source of truth in the
prompt.

 
   A fourth failure pattern is to assume that a map-derived guess about ownership is
equivalent to runtime coupling. Files that appear close in structure may never
execute together, and files that appear distant may share a critical invariant. The
safest response is not to broaden the tree; it is to surface the exact runtime
evidence.
                                                                  

                                                                  
   
 

Compatibility and version sensitivity
   Tooling behavior can vary enough to matter operationally. Some repository-map
implementations emphasize symbol ranking, others emphasize file summaries, and
others interleave both. Model families also differ in how well they exploit structural
priors versus concrete artifacts. For one model, the map may be sufficient to narrow
the search before explicit retrieval; for another, it may be little more than a
navigation aid.

 
   You should treat those differences as workflow variables, not as theoretical trivia.
If a tool version changes how maps are generated or displayed, revisit the amount
of explicit context you add after the map. If a model family is prone to
overgeneralization, bias harder toward failing tests, schemas, and exact code snippets.
If the repository uses generated outputs or unusual build steps, assume the map is
weaker and verify with concrete files earlier.

 
   The operational consequence is straightforward: when the confidence of the
structural prior drops, the burden shifts to explicit artifacts. Do not let a
strong-looking map hide the fact that the invariant lives elsewhere.
   
 

A compact escalation checklist
   Use the map to choose the neighborhood. Then ask whether the request depends
on any of the following:
   
 
 	Hidden state        	  include the code or test that exposes the state transition                  
 


	Contract rule        	  include the schema, interface, or contract test                                
 


	Failure symptom   	  include the stack trace or failing output                                        
 


	Ordering rule       	  include the migration or deployment artifact                                  
 


	Syntax sensitivity  	  include the exact source or generated form                                    
 




   If none of those apply, a structural prior may be enough to guide the first
retrieval. If one of them does apply, the explicit artifact should sit in the prompt
before the model starts editing. That keeps the patch grounded in observable
constraints rather than in architectural intuition.

 
   The useful boundary is not “map versus files.” It is “map for orientation, files for
truth.” Once you work with that division, the repository stops being a flat search
problem and becomes a controlled narrowing process: structure first, evidence second,
patch last.

   
 

   4.4    Choosing Between Diff-Oriented and Whole-File Edit Formats

The format you ask for is not cosmetic. It controls how much the model
must reason about unchanged code, how easily a human can review the
result, and how safely downstream tooling can apply the change. A small bug
fix expressed as a tight diff often gives you the best signal-to-noise ratio.
The same intent expressed as a full-file rewrite can be easier for a model to
produce when the file is entangled, but it also raises the cost of review and
increases the chance that unrelated text changes creep in. Patch application is
                                                                  

                                                                  
line- and context-sensitive, so the representation you choose directly affects
whether the edit lands cleanly or misanchors against stale surroundings. Git
and GNU diff tooling are designed around that sensitivity: they preserve
context, encode metadata, and make localized change easier to inspect and
validate.

 
   A practical starting point is to make the format decision explicit in your workflow
rather than leaving it implicit in model behavior. If you know the change is narrow,
request a diff-oriented output and keep the surrounding context tight. If you know
the file is a coherent unit whose sections interact heavily, allow a whole-file rewrite
and plan to compare the result against the original. A minimal command shape looks
like this:
   
 

 aider --edit-format=diff path/to/file.py 
 
aider --edit-format=whole-file path/to/file.py

 
   That kind of choice is useful because it forces you to think about the patch as an
artifact with downstream consumers. A diff is optimized for precision, review, and
incremental application. A whole-file rewrite is optimized for coherence when
many local changes must move together. Neither is universally better. The
question is whether the task is sparse and anchorable or broad and structurally
coupled.

 
   What diff-oriented editing buys you

 
   Diff-oriented editing preserves locality. The model changes only the lines
that must change, which means the output stays small, the review surface
stays narrow, and the patch is easier to apply through standard tooling.
That matters when the repository already gives you a clear target and the
requested change does not alter much of the file’s shape. A diff also makes it
easier to detect accidental drift because unchanged blocks remain visibly
unchanged.

 
   The operational advantage is strongest in code review. Reviewers can inspect the
exact hunk, see the surrounding context, and reason about the delta without
mentally diffing two whole files. That is valuable when the downstream process
depends on stable patch semantics: CI gating, code review annotations, commit
history, or email-oriented patch workflows all benefit from compact, line-oriented
changes. Git’s patch machinery and unified diff conventions exist for exactly this style
of review and transport.

 
   Diffs also encourage discipline. Because the model has to express the edit as a
localized transformation, it is less likely to rewrite comments, reorder unrelated code,
or normalize style in neighboring blocks. That lower collateral churn is not just
aesthetic. It reduces merge conflicts and makes it easier to tell whether the patch
changed behavior or merely syntax. In a large repository, that distinction has real
cost.

 
   Where diff-oriented editing fails

 
   Diffs fail when the model cannot anchor the hunk correctly. If the surrounding
context has shifted, the lines are no longer where the model expects them to be, or
the edit depends on more global reorganization, the patch can become brittle. A
malformed hunk can fail to apply entirely. A superficially valid hunk can apply to the
                                                                  

                                                                  
wrong region if the context is too thin and the file has multiple similar patterns. That
risk grows when the file contains repeated boilerplate, generated segments, or several
nearly identical methods.

 
   Diffs also struggle when the requested change is not localized. If the
transformation requires moving code, splitting responsibilities, updating imports
across several scattered regions, or coordinating a refactor that touches many parts of
the file, the model may either produce an awkward patch with many tiny hunks or
omit supporting edits that are necessary for correctness. In those cases, the format
starts fighting the task.

 
   Another failure mode is syntactic discipline. A model that is not reliable about
patch syntax may drop context markers, mis-handle file headers, or produce hunks
that do not correspond cleanly to the current file state. When that happens
repeatedly, the format is no longer serving as a constraint; it is becoming the source
of failure. You then need to decide whether to tighten context further or switch
representation.

 
   What whole-file rewriting buys you

 
   Whole-file output changes the optimization target. Instead of asking the model to
patch a narrow span, you ask it to regenerate the file as a coherent artifact. That can
be the right choice when the file has strong internal coupling, when changes are
distributed throughout the file, or when patch anchoring is fragile because the
existing text is already messy. For broad refactors, configuration files, or generated
outputs where many lines must move together, a whole-file rewrite may reduce
ambiguity.

 
   The main practical advantage is coherence. The model can restructure imports,
adjust helper placement, update comments, and realign formatting without having to
maintain a precise hunk-by-hunk correspondence with the original. That often
improves success when the file’s internal organization matters more than minimality.
It also helps when the surrounding context is too unstable for a diff to anchor
reliably.

 
   Whole-file output can also be easier for some models to produce correctly.
If the model struggles to maintain exact patch syntax but can generate a
syntactically valid file, the broader representation may produce a cleaner
final result. In other words, the format sometimes compensates for model
weaknesses. That does not make it a better default; it makes it a useful
fallback when the task demands structural coherence more than textual
minimalism.

 
   Where whole-file rewriting fails

 
   Whole-file rewrites are expensive in review terms. Even when the intended change
is small, the model may regenerate comments, reorder imports, normalize whitespace,
or shift unrelated code layout. That increases the amount of work a reviewer
must do to verify that the file still preserves all unchanged behavior. If the
codebase is large and the patch touches many files, those extra edits compound
quickly.

 
   They also create a different kind of risk: silent collateral loss. A whole-file rewrite
can accidentally omit a manual note, a subtle edge-case branch, a license header, or a
one-line fix that was already present in the original. Because the entire file
                                                                  

                                                                  
is replaced, there is no visual guarantee that untouched content remained
untouched. You have to compare carefully, not just trust the model’s overall
correctness.

 
   Whole-file outputs are especially risky when the file contains hand-edited and
generated sections interleaved together. The model may rewrite a generated block
that should have remained fixed, or it may preserve generated text while accidentally
changing surrounding manual glue. That makes the patch harder to validate and can
increase the chance of hidden regression. In such files, the distinction between
editable surface and visible-only context matters: whole-file output can blur
it.

 
   Decision criteria you can actually use

 
   The choice becomes manageable if you ask a few concrete questions.

 
   Is the change sparse or dense? Sparse changes usually favor diffs. Dense changes
that touch many regions of one file often favor whole-file output.

 
   Does the file have stable anchors? If similar patterns repeat and the
model may confuse one region for another, a diff becomes fragile. If the file
has a clear local neighborhood and strong context lines, a diff is usually
safe.

 
   Is the file a natural unit of coherence? Some files are designed as self-contained
modules, where the internal arrangement matters more than minimal textual change.
Those files tolerate whole-file rewrites better than sprawling orchestration
code.

 
   How much review burden can you accept? If downstream reviewers need compact,
auditable deltas, diff-oriented output usually wins. If the change is broad and the file
will need substantial reorganization anyway, the review cost of a full rewrite may be
justified.

 
   How disciplined is the model about syntax? A model that consistently produces
valid patch format can use diffs safely. A model that often misstates hunks or file
headers may do better with whole-file output, provided the file is small enough to
compare comfortably.

 
   What does the downstream tooling expect? Some pipelines are built around patch
application, patch series, or commit review. Others are more tolerant of wholesale
replacement. The format should fit the path the change will travel after the model
emits it.

 
   Patch application and review semantics

 
   Patch-oriented output aligns well with standard Git workflows because the patch
itself carries the structure needed for application and review. Git can validate,
summarize, and apply a patch while preserving metadata such as path changes,
renames, and mode changes. That makes diffs operationally attractive when the
model is reliable enough to emit them cleanly. The important point is that the patch
is not merely a representation of the change; it is a transport format for the
change.

 
   Whole-file output does not carry that same transport advantage. It is easier to
inspect as a complete artifact, but harder to integrate into patch-centric review flows.
You often need to compute the difference yourself, or rely on tooling to generate a
diff after the fact. That extra step is acceptable when the model’s output is the more
                                                                  

                                                                  
trustworthy representation, but it is not free. It shifts the burden from generation
precision to comparison precision.

 
   For reviewers, the semantic difference is just as important. Diffs ask, “what
changed here?” Whole-file rewrites ask, “does this whole file still look correct?” The
first question is cheaper to answer when the edit is local. The second is safer when
the file has been substantially reorganized and the old structure no longer provides a
useful comparison baseline. Format choice therefore changes the reviewer’s job, not
just the model’s task.

 
   A practical failure signal

 
   The first patch tells you a lot. If a diff-oriented attempt repeatedly misses the
right hunk, omits companion edits, or fails to apply cleanly, do not keep
forcing the same format. That is usually a sign that the task is wider than
the diff can express or that the context is too sparse for reliable anchoring.
Tightening context can help if the model simply lacked the needed local invariant.
If the file is still structurally entangled after that, switch to a whole-file
rewrite.

 
   The opposite signal matters too. If a whole-file rewrite comes back with
unnecessary churn, reordered blocks, or unchanged text rewritten in a way that
makes review noisy, narrow the task and ask for a diff. Sometimes the file is not
inherently broad; the model just used an overlarge representation. In that case, the
right fix is format discipline, not more context.

 
   That feedback loop is the real skill. You are not choosing a format once and
hoping for the best. You are matching the representation to the shape of the change,
then watching the first output for signs that the representation fits or fights the task.
When the fit is good, the patch is small, legible, and stable. When it is poor, the
format itself becomes part of the failure.

 
   Operational guidance for large repositories

 
   In large repositories, default to diff-oriented output when the change is narrow,
review-sensitive, and anchored by local context. Prefer whole-file output when the file
is the natural unit of change and the transformation would otherwise require many
brittle hunks. Keep the format aligned with the downstream process: patch review,
CI validation, commit history, and merge workflow all react differently to the
representation you choose.

 
   The safest habit is to treat format as an engineering control. Use diffs to preserve
precision and keep reviewer attention concentrated. Use whole-file rewrites when
coherence matters more than minimality and the model needs room to reorganize the
file cleanly. Either way, the goal is the same: produce a patch that the next human
can trust, apply, and explain without reconstructing the model’s intent from
scattered noise.

   
 

   4.5    Tuning Edit Formats for Patch Quality, Model Behavior, and Downstream
                                                                  

                                                                  
Risk

A good representation choice is not the end of the workflow; it is the beginning of the
control loop. A diff that applies cleanly can still be the wrong choice if the model
tends to omit companion edits. A whole-file rewrite can produce a readable result
and still create review noise that makes the change operationally expensive. The right
format depends on task shape, model discipline, and the downstream path the patch
must travel through validation, review, and merge. The useful discipline is to treat
format as a tunable parameter and then watch the first patch for signals that the
parameter fits the task.

 
   A practical way to start is to make the format choice reversible. If you know the
task is review-critical, ask for a diff first. If the model repeatedly fails to
anchor the right hunk, switch to a whole-file rewrite and compare the result
against the original. If the file is broad and structurally entangled, begin
with whole-file output and then force the model back toward diff mode once
the transformation is localized. A compact operational pattern looks like
this:
   
 

 aider --edit-format=diff \ 
 
      --check-update \ 
 
      path/to/file.py 
 
aider --edit-format=whole-file \ 
 
      --check-update \ 
 
      path/to/file.py

 
   That sequence expresses the real objective: make the edit legible, make the
model’s failure mode visible, and leave room to change format without changing the
task. The surrounding validation flags matter because edit format should
never be treated as isolated from safety nets. Patch application, summary
extraction, linting, and tests form the guardrail around any model-produced
change.

 
   Treat format as a control surface

 
   Edit format affects more than appearance. It changes patch size, token
cost, syntax failure rate, review effort, and application risk. Diff-oriented
output usually minimizes the amount of text the model must produce and
the amount a reviewer must inspect. Whole-file output usually reduces the
need for precise hunk syntax and can improve coherence when changes are
spread across the file. Those are not aesthetic trade-offs; they are operational
ones.

 
   You should therefore map format to the task’s topology. Narrow bug fixes, local
renames, and small behavioral adjustments usually fit diff output well. Refactors that
touch many nonadjacent lines inside one file, generated artifacts, or files with
brittle anchors often fit whole-file output better. The controlling question is
whether the transformation is sparse enough to describe as a small set of
hunks or broad enough that a full rewrite is simpler and safer than many
micro-edits.

 
   Model behavior matters just as much as task shape. Some models preserve
untouched code well in diff mode and produce clean, minimal hunks. Others
are more reliable when asked to regenerate a file from scratch. A model
that is strong at syntax but weak at patch discipline may still be useful
if you force it into full-file mode for entangled changes. A model that is
                                                                  

                                                                  
good at minimal edits but prone to overproduction may need the opposite
constraint.

 
   Use the first patch as a diagnostic

 
   The first output tells you whether the format fits. If a diff misses the right anchor,
produces malformed hunks, or omits necessary supporting edits, do not keep
repeating the same request. Either the context is too thin or the representation is too
brittle for the task. Tightening context can help when the model simply lacked the
local invariant. If the file remains structurally awkward after that, move to whole-file
output.

 
   Whole-file output has its own failure signals. If the model rewrites comments
unnecessarily, reorders unrelated blocks, normalizes formatting beyond the scope of
the task, or drops small but meaningful lines, the representation is too broad. In that
case, narrow the task and ask for a diff. The model may have used a format that gave
it too much freedom. Freedom is useful when structure matters; it is damaging when
precision matters.

 
   This inspection step is where many advanced users save time. They assume the
first format choice should be defended because it was chosen deliberately. That
assumption is expensive. The better discipline is to treat the first patch as evidence,
not as a verdict. If the patch shows representation mismatch, change the
representation before you change the code.

 
   When diff mode deserves preference

 
   Diff mode is the default when the change is small, the file state is stable, and
reviewers need to understand the exact delta. It is the right choice when the model
can express the edit as a localized transformation and the surrounding code already
constrains the intent. Narrow diffs are easier to inspect, easier to apply, and easier to
attribute later in code review or commit history.

 
   The main advantage is that diff mode preserves the untouched file as an implicit
reference. That reduces collateral churn and makes accidental drift stand out. If the
model touches a helper function, a constant, or an import list that should remain
unchanged, the diff makes that visible immediately. In a CI-driven repository, that
visibility is valuable because small accidental edits can ripple through formatting
checks, snapshot tests, or review tools.

 
   Diff mode is also easier to validate incrementally. You can apply the patch, run a
focused test, and inspect the hunk boundaries before widening verification. That
workflow is especially strong when the request is already well scoped and the
surrounding context has been curated carefully. The model does not need room
to improvise; it needs enough structure to anchor the change and nothing
more.

 
   When whole-file mode deserves preference

 
   Whole-file mode is the right choice when the file behaves like a single unit of
coherence. That includes broad refactors, files with many coupled helpers,
configuration files that are naturally rewritten as a whole, and generated artifacts
where a line-by-line diff adds little value. It also helps when the model repeatedly
fails to express a valid patch because the hunk structure is too brittle for the current
file state.

 
   The advantage is coherence. The model can reorganize imports, adjust helper
                                                                  

                                                                  
placement, and keep the file internally consistent without worrying about exact diff
syntax. That can improve results when the file already contains multiple changes that
interact with one another. Whole-file output can also reduce the cognitive load on the
model if the representation requires less precise patch bookkeeping than a set of small
hunks.

 
   The cost is review burden. A reviewer must now compare the entire file, identify
the meaningful changes, and verify that unrelated text was preserved. That cost is
acceptable when the file is the natural unit of change. It is not acceptable when the
intended edit is small and the rewrite introduces needless noise. Whole-file mode
should therefore be used as a tool for entangled transformations, not as a default for
convenience.

 
   Tune to downstream constraints

 
   The correct format depends on what happens after the model emits the patch. If
your workflow relies on stable diffs for code review, continuous integration
traceability, or incremental merge discipline, diff-oriented output fits better. If your
workflow can accept a broader compare-and-replace style and the file is small enough
to audit directly, whole-file output may be fine.

 
   Validation should always sit around the format choice. A diff can still misanchor if
the file changed since context selection. A whole-file rewrite can still introduce
behavioral regressions that only tests will catch. Use dry-run application, summary
extraction, linting, and focused tests as safety nets. Those checks are not optional
extras; they are the mechanism that turns format choice into a controlled engineering
process rather than a guess.

 
   This is also where prompt structure matters. Put the critical file, the exact failing
test, and the exact constraint near the front of the interaction. Do not bury the key
invariant under long explanatory material. Long-context behavior is uneven, and
important details can be diluted when they sit too far from the prompt boundaries. If
you need a format-specific instruction to hold, state it prominently and keep
unrelated context out of the way.

 
   Override strategy for common task shapes

 
   Some task shapes deserve a default preference.

 
   Mechanical changes such as renames, signature adjustments, or small API
updates usually favor diffs. They are narrow, reviewer-friendly, and easy to validate
incrementally.

 
   Refactors with cascading edits often start as whole-file candidates and then
narrow into diffs after the structure settles. If the model keeps rewriting nearby
helpers, you are probably better off asking for a full file first and splitting the change
later.

 
   Generated files and template-driven output often favor whole-file mode because
the file is already treated as a complete artifact. In these cases, a diff may look
precise but carry little semantic advantage.

 
   Files with repeated patterns favor whichever format minimizes confusion. If
repeated blocks make hunk anchoring unreliable, whole-file output can be safer. If the
file is large but only one repeated block changes, a focused diff with tighter context
may still be the better choice.

 
   Bug fixes anchored by failing tests usually begin in diff mode because the failing
                                                                  

                                                                  
test gives you a concrete target and a small expected delta. If the first attempt keeps
missing the test’s real constraint, widen the context before you widen the
format.

 
   Risk controls around format switching

 
   Switching formats is not just a retry tactic; it is a state change. If you move from
diff to whole-file mode without reconsidering context, you can accidentally
preserve a bad assumption and simply express it in a different shape. Reset the
prompt around the task invariant, not around the previous failure. That
means reasserting the target behavior, keeping the relevant file or test in
front, and dropping context that only mattered because the previous format
failed.

 
   The reverse is also true. If you switch from whole-file to diff mode, make sure the
model now has the anchors it needs. A diff request that lacks the precise local context
often fails because the representation asks for more discipline than the prompt
can support. Format changes work best when they are paired with context
changes. A stronger representation without stronger evidence simply moves the
failure.

 
   The safest loop is: classify the task, choose the least risky viable format, inspect
the first patch, and then either continue, narrow context, or switch formats. That
loop keeps representation tied to observed behavior. It also prevents the common
habit of blaming the model when the actual problem is a representation
mismatch.

 
   Compatibility and tooling differences

 
   Tooling does not treat all edit formats identically. Some model integrations
generate cleaner patch syntax than others. Some repositories expect downstream
patch application with strict line context; others can tolerate broad file replacement
and compute the diff later. Some versions of the surrounding toolchain may surface
map or context information differently, which changes how confidently you can rely
on a diff anchor.

 
   You should keep those differences in mind whenever you establish a workflow. If a
particular model family repeatedly produces clean whole-file output but noisy hunks,
use that behavior deliberately rather than fighting it. If a repository has
patch-sensitive automation, bias toward diff mode until the task clearly demands
broader rewriting. If a tool update changes how the output is parsed or
applied, revisit the format choice rather than assuming the old balance still
holds.

 
   That posture keeps the process honest. You are not picking a format
because it sounds elegant; you are selecting the representation that best fits
the task, the model, and the validation path. When those three line up,
patch quality improves, review time drops, and downstream risk becomes
manageable.
                                                                  

                                                                  
   
 



    

   


   Chapter 5
Modes, Models, and Multi-Stage Reasoning

Advanced Aider usage becomes much more powerful once you stop treating "the
model" as a single undifferentiated actor. This chapter shows that mode selection,
model role assignment, and multi-stage reasoning are really control-surface
decisions: each one changes what the system is allowed to do, what the human
must verify, and where hidden risk can enter an otherwise disciplined patch
workflow.

   
 

   5.1    Defining the Operating Contract of Ask, Code, Help, and Architect
Modes

When you use Aider well, the first decision is not which model to trust; it is which
interaction contract to invoke. A planning exchange run in a direct editing stance can
spray premature diffs across the tree. A coding request run in a discussion-only
stance can produce careful analysis and no patch at all. The mode you choose
determines what the assistant is allowed to produce, how much of the repository it
may touch, and what kind of human review is required before you accept the
result. Treating modes as contracts rather than interface chrome gives you a
stable vocabulary for the rest of the workflow: each mode promises a different
artifact, accepts a different level of delegation, and demands a different kind of
verification.
   
 

 # Inspect the active contract before you continue 
 
aider --chat-mode ask 
 
 
 
# Switch to an editing contract 
 
aider --chat-mode code 
 
 
 
# Enter the staged plan-then-edit contract 
 
aider --architect

 
   That small distinction matters because mode choice controls the shape of the
conversation before model choice ever enters the picture. If you are still reducing
ambiguity, you need a mode that rewards explanation, decomposition, and questions.
If you already have a bounded change, you need a mode that converts intent into a
reviewable patch. If you are correcting the tool itself, you need a mode that discusses
Aider usage rather than repository changes. If the problem is complex enough that a
direct one-shot patch would be fragile, you need a mode that splits planning
from application. The mode is the operating envelope; the model fills that
envelope.

 
   Ask mode: discussion without file authority.

 
   Ask mode exists for uncertainty reduction. Use it when you need to understand
trade-offs, compare approaches, define scope, or test whether a change is even worth
making. The key property is negative authority: the assistant should not edit files.
That constraint changes the entire interaction style. You can ask it to explain a code
path, identify likely failure modes, propose a migration plan, or decompose
a messy request into smaller tasks. You should not expect a patch. You
should expect sharper requirements, hidden assumptions, and explicit decision
points.

 
   The review burden in Ask mode is therefore cognitive rather than diff-based. You
                                                                  

                                                                  
judge whether the reasoning is sound, whether the model has identified the right
unknowns, and whether the task is ready to become a concrete editing job. A good
Ask interaction leaves you with a narrower problem statement and a clearer
acceptance boundary. A poor one leaves you with vague advice that sounds plausible
but does not reduce uncertainty. That failure usually means the task was not framed
tightly enough or the requester used Ask mode as a way to avoid making a
decision.

 
   Ask mode pairs naturally with architectural exploration, feasibility checks, and
pre-implementation design review. It is especially valuable when the cost of a wrong
first patch is high, or when you need to compare several strategies before you let the
assistant touch files. The output you want is a plan, a list of assumptions,
a sequence of questions, or a decision memo you can act on. The output
you do not want is speculative code that has not earned its place in the
tree.

 
   Code mode: direct patch production.

 
   Code mode is the editing contract. Use it when the request is narrow enough that
the assistant should translate intent into file changes rather than discuss the problem
at length. The expected artifact is an inspectable diff, not a conceptual outline.
If you ask for a function rename, a bug fix, a test adjustment, or a small
feature change, Code mode owns the job of making the repository reflect that
request.

 
   The review model here is familiar from disciplined Git workflows: inspect the diff,
verify that the change is bounded, and validate that the patch matches the stated
goal. Code mode shifts the assistant from advisor to implementer, which raises
the importance of local validation and review discipline. You should expect
the model to make concrete edits, preserve surrounding conventions when
possible, and surface the minimal surrounding context needed to keep the patch
coherent. You should not expect it to debate whether the task should be done
at all unless the request itself is ambiguous enough to justify a clarifying
question.

 
   Because Code mode produces direct edits, it should be reserved for tasks that are
already small enough to review as code. If you use it for broad discovery, the
assistant may guess at scope and begin changing files before the problem statement is
stable. That is the wrong contract. Code mode assumes the decision has largely been
made and the work now is transformation, not exploration. When the request is
still fluid, move back to Ask mode until the shape of the change becomes
reviewable.

 
   Help mode: operational assistance for the tool, not the repository.

 
   Help mode addresses a different layer of work: how to operate Aider itself.
Use it for questions about commands, session control, configuration flags,
mode changes, or troubleshooting the assistant workflow. It is not the place
to ask for repository policy, application architecture, or product behavior
unless the question is specifically about how to express those concerns in
Aider.

 
   That boundary matters because Help mode can feel authoritative even when the
topic is really local team practice. The assistant can explain the semantics of a
                                                                  

                                                                  
command or how a mode switch works, but it cannot infer your repository’s internal
rules, your team’s release policy, or your preferred review threshold. If you ask Help
mode to arbitrate those decisions, you are delegating policy to a tool that only knows
the tool contract. The result may be technically correct and operationally
wrong.

 
   The right output from Help mode is restored operator control: you learn
how to switch modes, inspect current settings, recover from a confusing
interaction, or apply the right command without leaving the session. In that sense,
Help mode is meta-work. It reduces friction in the assistant environment so
that you can return to the actual coding or planning problem with fewer
interruptions.

 
   Architect mode: plan first, then apply.

 
   Architect mode combines planning and implementation, but it does so by
splitting them into two distinct steps. The main model first proposes the approach,
then an editor-oriented step translates that proposal into concrete file edits. That
separation gives you a way to reason about a change before the assistant commits it
to patches. It is useful precisely because it does not collapse design and editing into a
single opaque act.

 
   The contract in Architect mode is stricter than it first appears. You are not
merely asking for a smarter answer; you are asking for a staged transformation in
which the plan itself becomes a reviewable artifact. That changes the review burden.
First you judge whether the plan has the right scope, sequencing, and assumptions.
Then you judge whether the resulting patch faithfully implements that plan without
drifting into collateral changes. The plan can be good and the patch can still be
wrong. The patch can be faithful and still violate local style, naming, or test
expectations. Architect mode creates an explicit checkpoint between those two
evaluations.

 
   Use it when the task is large enough that a single patch would be fragile:
cross-file refactors, multi-step migrations, changes with several plausible
strategies, or work where rollback sequencing matters. Avoid it when the task is
mechanical and local. For a one-line fix, the staging overhead adds cost without
adding much safety. The more ambiguous the request, the more valuable the
intermediate plan. The more trivial the request, the more likely Architect mode is
overkill.
   
 

 # Ask for a staged edit contract 
 
aider --architect --chat-mode architect 
 
 
 
# Inspect current settings during a session 
 
/settings

 
   Expected outputs define the contract.

 
   Each mode should be judged by the artifact it is supposed to produce, not by how
fluent the conversation feels. Ask mode should reduce uncertainty. Code mode should
produce a bounded diff. Help mode should restore operational clarity. Architect mode
should produce a plan that justifies edits and then a patch that follows the plan. If
you evaluate a mode using the wrong yardstick, you will misdiagnose its
failure.

 
   This is why prompt shape changes with the mode. In Ask mode, you can ask
for alternatives, risk analysis, or task decomposition. In Code mode, you
                                                                  

                                                                  
should phrase a concrete change and constrain the acceptable scope. In Help
mode, you should ask about commands, settings, and workflow mechanics. In
Architect mode, you should ask for the design first and then verify that the
implementation stays inside the approved design space. A mode is not just a
permission bit; it is a commitment about the style of output you are trying to
elicit.

 
   The practical consequence is that you should not overload a single interaction
with incompatible goals. If you want both design exploration and code changes,
start by letting Ask or Architect mode clarify the problem. If you want
only the patch, Code mode is the cleanest path. If you need to recover from
confusion about the tool itself, use Help mode and keep repository content
out of the discussion. The assistant performs better when the contract is
unambiguous.

 
   Review expectations follow authority.

 
   The more editing authority a mode has, the more carefully you need to review the
result. Ask mode can be reviewed like analysis: check whether the assumptions are
valid and whether the recommended next step is reasonable. Code mode must be
reviewed like a patch: inspect the diff, confirm the blast radius, and run the relevant
validation. Help mode should be checked for procedural accuracy, not repository
correctness. Architect mode requires two separate reviews, one for the proposal and
one for the implementation.

 
   This difference matters because it changes where trust should be placed. Ask
mode delegates reasoning, not action. Code mode delegates action, but only inside
the repository. Help mode delegates guidance about the assistant. Architect mode
delegates sequencing, then implementation, but keeps the human at the approval
boundary. The human does not disappear in any of these contracts; the human
simply shifts attention to the right artifact. Good tool use means matching review
effort to delegated authority.

 
   A common mistake is to assume that a mode with higher sophistication reduces
the need for scrutiny. It does not. More capable reasoning can produce better
plans, but it can also produce more convincing mistakes. More elaborate
edit generation can save time, but it can also bury a subtle flaw deeper
inside a larger patch. The contract tells you where to look, not whether to
look.

 
   Failure modes reveal mismatched contracts.

 
   The most common failure is using Code mode too early. When the problem is still
open-ended, code generation tends to harden assumptions before they have been
tested. You get premature churn: files change before the shape of the task is stable,
and you then spend time undoing or refining edits that should never have been
made.

 
   The opposite failure is using Ask mode to postpone implementation indefinitely.
Discussion is valuable only if it narrows the decision space. If Ask mode becomes a
permanent substitute for action, you have converted a coding problem into a
conversation problem. That may feel safer, but it usually just delays the inevitable
patch while accumulating ambiguity.

 
   Help mode fails when you expect it to govern project policy. It can explain how to
                                                                  

                                                                  
switch modes or inspect settings, but it cannot replace repository-specific norms or
team conventions. Architect mode fails when you treat the plan as equivalent to
validation. A good plan is not a tested implementation, and a faithful patch is not
automatically a good patch. The approval boundary exists because both steps can
fail independently.

 
   Another anti-pattern is invoking Architect mode for trivial changes simply
because the workflow looks sophisticated. Extra stages are not a quality badge. They
are a cost paid to manage uncertainty. If the work is narrow, the contract
should be narrow. If the work is broad, the staged workflow may earn its
keep.

 
   Mode choice is a control decision.

 
   Once you internalize the contracts, the selection logic becomes straightforward.
Use Ask mode when you need to think. Use Code mode when you are ready to
change files. Use Help mode when you need to operate Aider. Use Architect mode
when the change is large or ambiguous enough that plan approval should precede
patch application. The value of this taxonomy is not that it adds more options; it is
that it prevents you from asking the wrong assistant to do the wrong kind of
work.

 
   That vocabulary also keeps later choices honest. Model selection, edit format, diff
inspection, and validation all become easier when the conversation has already been
classified correctly. The assistant cannot compensate for a broken contract with a
better answer. Once the mode matches the task, the rest of the workflow has a
stable foundation: explore before you edit, patch only when the scope is
bounded, ask for operational help when you are managing the tool, and split
planning from implementation when the change deserves an explicit approval
gate.

   
 

   5.2    Architect Mode as a Two-Step Trust Boundary

Architect mode is worth using when you want stronger reasoning before code
changes, but the extra stage only helps if you treat it as a separate control point
rather than as a fancier prompt. A plan can be coherent and still lead to a poor
patch. A patch can follow the plan faithfully and still break local conventions, miss a
dependency, or widen the blast radius beyond what you intended. That is why
Architect mode creates two distinct trust boundaries: first, you approve the plan
for intent and scope; then you approve the implementation for concrete
correctness.
   
 

 # Enter architect workflow explicitly 
 
aider --architect 
 
 
 
# Keep the approval step visible during review 
 
aider --architect --auto-accept-architect=false 
 
 
 
# Inspect or change the edit format used for architect output 
 
aider --editor-model gpt-4o 
 
aider --chat-mode architect

 
   The operational value of this staging shows up when the task has more than one
reasonable path. Cross-file refactors, migrations that must preserve rollback options,
and changes that require careful sequencing often benefit from a plan-first exchange.
In those cases, direct code generation can jump too early into edits and miss
                                                                  

                                                                  
a more disciplined order of operations. Architect mode gives you a place
to force decomposition before any patch exists. That is especially useful
when the request has ambiguity about scope, dependencies, or validation
strategy.

 
   The same structure becomes overhead when the task is mechanical. A typo fix, a
one-function update, or a repetitive transformation usually does not justify two
model passes and two human review passes. In those cases, the plan adds
latency without adding much safety. The right mental model is not “better
prompt” but “deliberate escalation.” You use Architect mode when the cost
of an unstructured first patch is high enough to pay for an intermediate
checkpoint.

 
   Plan review and patch review are different judgments.

 
   The first review gate evaluates the proposal itself. You ask whether the task
decomposition is sound, whether the assumptions are explicit, whether the proposed
sequence is sensible, and whether the plan has introduced unnecessary redesign. A
good plan should name the files or subsystems at risk, identify any invariants
that must survive the change, and state how the work will be validated. If
the plan is vague about any of those points, you have not yet earned the
patch.

 
   The second review gate evaluates the implementation. You ask whether the diff
stayed faithful to the approved plan, whether it introduced collateral edits, whether
it changed dependencies or tests in ways that deserve separate scrutiny, and whether
the resulting code is locally correct. This distinction matters because a proposal can
be elegant while the patch still drifts. An implementation can also be faithful while
still being poor engineering if the original plan neglected a local constraint.
Architect mode does not merge those concerns; it makes them visible in
sequence.

 
   That is the reason the intermediate approval step increases responsibility rather
than reducing it. The plan is not a substitute for validation, and the presence of a
plan does not lower the bar for diff review. It raises the bar by creating an explicit
record of what you thought you approved. When the patch deviates, you
can locate the drift quickly because the plan exists as a reference artifact.
When the patch conforms but the result is still wrong, you can distinguish
design failure from implementation failure instead of blaming the wrong
stage.

 
   Use Architect mode when sequencing matters.

 
   A plan-first exchange pays off when the work has an internal order that is not
obvious from the initial request. If you need to move code in stages to preserve
behavior, introduce tests before a refactor, isolate a compatibility layer before
deleting old paths, or restructure several files around a shared abstraction, the
plan can force that order into view. It also helps when there are multiple
plausible strategies and you need the model to defend one before it starts
editing.

 
   The mode is also valuable when rollback planning matters. If a change touches
shared code, migrates a schema, or alters a public interface, you want the assistant to
think about escape hatches before it emits a patch. The plan should identify what
                                                                  

                                                                  
can be reverted independently and what must move together. That kind of
sequencing is hard to recover after the fact if the model has already started editing
files.

 
   Architect mode is less useful when the task is narrowly local or highly mechanical.
Reformatting a block, renaming a symbol across a tightly bounded scope, or applying
a routine compatibility update usually benefits more from a direct patch than from
staged reasoning. The latency and token cost of two passes can dominate the work
itself. If the task can be expressed as a short diff and reviewed quickly, Code mode is
usually the better contract.

 
   The cost model is real, not cosmetic.

 
   Architect mode incurs an extra model request because the architecture discussion
and the edit synthesis are separate steps. That increases latency and, depending on
the provider, cost. Even when the final patch is small, the first pass still
consumes context and reasoning effort. You are paying for the separation of
concerns.

 
   That expense is justified when the first bad patch would cost more than
the extra turn. A cross-file refactor that breaks build order or a migration
that requires rework is far more expensive than a few additional seconds of
deliberation. The cost is harder to justify when the change is trivial or when your
review bandwidth is the real bottleneck. If you are the only reviewer and the
task is tiny, the staged workflow can slow you down without improving the
outcome.

 
   There is also a subtler cost: the plan can create false confidence. Once you see a
coherent strategy, it becomes easy to assume the implementation will automatically
inherit that coherence. It will not. The plan narrows the search space; it does not
eliminate implementation risk. You still need the same rigor you would apply to
any patch, plus a separate check that the patch did not quietly broaden
scope.
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   The diagram makes the trust boundary explicit: the human gate appears twice,
not once. First you decide whether the plan is worth turning into code. Then you
decide whether the code is worth validating and keeping. Validation sits after the
patch because the plan cannot prove the implementation. If the patch fails tests,
the failure belongs to the implementation stage, even if the plan looked
reasonable.

 
   Plan review asks different questions from patch review.

 
   When you review the plan, you should focus on intent and scope. Is the
decomposition reasonable? Are the assumptions stated rather than implied? Does the
plan preserve the original goal without quietly substituting a larger refactor?
Does it identify the smallest set of files or subsystems that must change?
Are the validation steps concrete enough to be executed later? A sound
plan is specific enough that you can tell whether the resulting diff matches
it.

 
   When you review the patch, you should ignore the prose of the plan and look at
the actual change. Did the implementation stay inside the approved scope? Did it
edit unrelated files? Did it change public interfaces, imports, or tests in ways the plan
did not call for? Did it introduce temporary scaffolding that should have been
removed before acceptance? Patch review is about concrete behavior, not
architectural elegance.

 
   This two-level scrutiny becomes especially important because Architect mode can
improve outcome quality for models that reason well but are weaker at direct
file editing. In those pairings, the first model can produce a good design
while the second model translates that design into edit instructions. That
translation step is useful, but it is also a place where intent can drift. A
careful plan review reduces the risk of overcommitting to a bad direction; a
careful patch review reduces the risk of mistaking a good direction for a good
implementation.

 
   Use the right edit format for the workflow.

 
   Architect mode works best when the editor step emits a patch that is easy to
inspect. Aider’s architect-oriented edit formats are designed for that purpose, and
later releases improved automatic selection of those formats. The practical
implication is simple: make the patch legible to the reviewer. If the edit
representation is difficult to read, you are weakening the whole point of staging the
work.
   
 

 # Choose an editor model that matches the patching role 
 
aider --editor-model gpt-4o 
 
 
 
# Keep architect-mode acceptance explicit in safety-sensitive work 
 
aider --auto-accept-architect=false 
 
 
 
# Check current model assignments before editing further 
 
/settings

 
   You do not need to memorize every version-specific edit format to use the mode
responsibly, but you should know that the output shape matters. A patch that is
easy to inspect tightens the second trust boundary. A patch that is verbose, indirect,
or hard to map onto files increases review effort and makes it easier to miss
unintended changes. If the tool offers a format that improves patch clarity, prefer it
for Architect workflows.

 
   Acceptance controls deserve deliberate posture.
                                                                  

                                                                  

 
   The options reference indicates that automatic acceptance for architect-generated
output may be enabled by default. That is convenient, but convenience is not the
same as safety. If you are working in a setting where every plan-to-patch transition
should remain visible, make the acceptance behavior explicit and do not let a default
silently relax your review process. The crucial question is not whether the assistant
can proceed automatically, but whether you want the approval boundary to remain a
conscious act.

 
   This is the point where many experienced users make the wrong inference. They
see the plan, they agree with it, and then they let the implementation flow through
because the plan already looked good. That shortcut collapses two distinct judgments
into one. It is acceptable only when the task is low risk and the patch is easy to
validate. For anything broader, leave the approval step visible and treat it as an
actual decision point.

 
   The safest operational pattern is to assume that plan approval and code
acceptance are separate events. Review the proposal, approve it only if the
scope is correct, then review the patch, then validate it with the normal
local checks you already use for any code change. The mode changes the
conversation structure, but it does not change your obligation to inspect the
result.

 
   Anti-patterns expose the boundary you are trying to protect.

 
   The first anti-pattern is approving plans too quickly. If you do not scrutinize the
decomposition, you risk authorizing a broad or misplaced redesign. The second is
skipping patch review because the plan looked polished. That collapses intent into
correctness and is exactly the mistake Architect mode is meant to prevent. The third
is using Architect mode to dress up a large rewrite that should have been
debated explicitly. A structured plan does not make a controversial change less
controversial.

 
   A fourth anti-pattern is treating validation as optional because the plan was
reviewed. Validation belongs after implementation because only the implementation
can fail tests, violate types, or break runtime behavior. Another mistake is forgetting
that acceptance behavior may differ across versions. If your operational habit
depends on a particular default, verify it against the release you are actually running
rather than relying on memory.

 
   Used well, Architect mode forces you to make the latent structure of a change
explicit. Used badly, it creates a comfortable illusion that thinking harder has already
reduced the risk of the patch. The difference lies in whether you preserve the two
trust boundaries or collapse them into one.

   
 

   5.3    Choosing Main, Editor, and Weak Models for Reliability, Speed, and
Spend

A good model setup is not a single “best” model selected once and reused
everywhere. It is a role assignment problem. The main model handles reasoning and
                                                                  

                                                                  
conversation, the editor model turns intent into patchable edits, and the weak
model absorbs low-value tasks such as commit messages or chat-history
summarization. If you collapse those roles into one ranking, you pay for capability
you do not need in some places and you lose fidelity where precision matters
most. The right question is not “which model is strongest?” but “which
model is best at this role, for this task shape, under this latency and spend
budget?”
   
 

 # Inspect the role assignments you are actually using 
 
/settings 
 
 
 
# Override the main reasoner for the session 
 
aider --model gpt-4.1 
 
 
 
# Choose a different editor for architect-style patch synthesis 
 
aider --editor-model gpt-4o 
 
 
 
# Send low-value summarization work to a cheaper model 
 
aider --weak-model gpt-4o-mini

 
   That separation of responsibilities matters because different tasks stress different
dimensions of model behavior. Planning demands long-range reasoning, but not every
planning success translates into a clean patch. Patch synthesis demands
formatting fidelity, narrow scope control, and a stable edit representation.
Summarization and commit-message generation demand consistency and
economy, not deep architectural insight. When you assign one model to every
role, you usually optimize for the wrong thing in at least one stage of the
workflow.

 
   Role quality is multidimensional.

 
   Evaluate models on at least six axes: reasoning depth, patch fidelity, formatting
reliability, context handling, latency, and cost per iteration. Those axes do not
move together. A model can be excellent at cross-file reasoning and still
be sloppy about emitting a precise edit. Another model can be fast and
inexpensive while producing acceptable mechanical transforms but weak plans for
ambiguous changes. A third can be a good conversational partner and a poor
editor. That is why model choice behaves like a portfolio allocation, not a
leaderboard.

 
   Reasoning depth matters most when the task requires decomposition, strategy
selection, or trade-off analysis. Patch fidelity matters most when the output must
become a diff that survives review. Formatting reliability matters when the model
must emit structured edit instructions that the tool can apply deterministically.
Context handling matters when the repository state is large or the task spans several
files. Latency affects how quickly you can iterate. Cost per iteration affects how
aggressively you can use the tool in ordinary work rather than saving it for only the
hardest problems.

 
   The right mix depends on the shape of the work. Large refactors with several
possible paths often reward a stronger main model and a carefully chosen editor.
Repetitive localized edits usually reward a leaner editor because the patching step
dominates and you want responsive feedback. Exploratory architecture questions
reward a strong reasoner because the main job is to reduce uncertainty before any
edit authority is exercised. The same codebase can justify different pairings at
different times.

 
   Treat the main model as the planning engine.

 
   The main model should carry the interactive reasoning load. It interprets the
request, negotiates scope, asks clarifying questions, and decides whether the work
belongs in Ask, Code, or Architect mode. In architect-style workflows, it also
                                                                  

                                                                  
produces the plan that the editor model later translates. You want this model to be
strong at synthesis, not merely fluent. It must understand dependencies, sequencing,
and the shape of a safe change.

 
   That does not mean you always need the most expensive or most capable model
for the main role. You need the best planner for the current task. If the request is
straightforward and the repository is already well understood, a mid-tier reasoning
model can be enough. If the request is ambiguous, cross-cutting, or likely to require
several turns of decomposition, a stronger model earns its keep. The main role is
where you spend budget to buy clarity.

 
   A weak main model tends to expose itself early. It may accept a vague problem
statement without challenging it. It may overcommit to a specific implementation
before asking enough questions. It may produce a plan that sounds organized but
leaves validation undefined. Those failures are not just conversational annoyances;
they create expensive downstream work because the editor model then translates a
flawed plan into edits.

 
   Treat the editor model as a translation engine.

 
   The editor model is not there to be clever. It is there to convert a known intent
into a clean patch. That means you care about different properties: fidelity to the
plan, edit formatting consistency, small-batch transformation quality, and resistance
to scope creep. A model that is spectacular at open-ended reasoning may
be less reliable at this role than a model that is simply disciplined about
edits.

 
   This is especially visible in Architect mode. The first model proposes the solution,
and the editor model turns that proposal into concrete file changes. That translation
step is a separate failure mode. If the editor model is too eager, it can widen the
patch beyond the approved scope. If it is too timid, it can omit required edits. If it is
bad at structured output, it can generate noisy diffs that are hard to review. You
want an editor model that behaves like a careful implementer, not a policy
author.

 
   Reasoning-heavy models often pair well with a more edit-capable editor because
the editor role is narrower. Official defaults in Aider reflect that separation for some
model families, which is a clue about how the tool expects you to think. The best
planner is not automatically the best patch writer. If you have a model that thinks
well but edits poorly, keep it in the main role and pair it with an editor that is better
at transformation.

 
   Treat the weak model as an economy role.

 
   The weak model is not a downgraded coding model. It is a cost-control role for
tasks that do not justify burning a strong model’s attention. Aider uses it for commit
messages and chat-history summarization, which is a good clue about its intended
scope: brief, low-risk, low-stakes text generation that supports the workflow rather
than drives it.

 
   That division saves money and preserves the stronger models for the hard parts of
the session. Commit messages should be accurate, concise, and consistent;
they do not require deep architectural reasoning. Summaries of prior chat
history need to retain salient constraints and open questions, but they do not
need to redesign the repository. When you assign a weak model to those
                                                                  

                                                                  
tasks, you free the main model to focus on the problem that actually changes
code.

 
   The weak role can also support other lightweight tasks when the provider and
product support it, but do not overextend the idea. A weak model is useful when the
output can be reviewed cheaply or discarded easily. It is not a substitute for the main
model when ambiguity matters, and it is not a substitute for the editor when patch
fidelity matters.

 
   Cost and latency trade in different ways.

 
   Model choice is a systems decision because the bottleneck changes from task to
task. Sometimes latency dominates: you want faster feedback so you can steer the
work in small increments. Sometimes cost dominates: you want to keep the session
economical because the task is routine. Sometimes reliability dominates: you want
fewer mistakes even if the turn takes longer.

 
   A stronger main model can shorten the total work if it reduces false starts. A
cheaper editor can improve throughput if the edits are mechanical and easy to verify.
A weak model can lower overhead on incidental text generation without affecting
the quality of the code path. But the trade-offs are nonlinear. A slightly
worse editor that forces one extra round trip can cost more than a more
capable editor that gets the patch right on the first pass. A weaker planner
that misreads the task can erase all the savings from a cheaper per-token
rate.

 
   That is why you should optimize for end-to-end iteration cost, not model price
alone. The cheapest model is not always the cheapest workflow. If it produces more
retries, more review burden, or more incorrect patches, it may be more expensive in
practice.

 
   Use scenario shape to assign roles.

 
   Large refactor with sequencing. Put stronger reasoning in the main role and
choose an editor that can faithfully emit structured edits. The main model must
identify the change order, dependency boundaries, and rollback points. The editor
must preserve the plan while translating it into a reviewable diff. A weak model can
still handle summaries and commits, but it should stay out of the critical
path.

 
   Mechanical transformation. Keep the main model modest if the task is clearly
bounded, and favor an editor that is fast and consistent. Here the bottleneck is not
deep reasoning; it is accurate application across files. You want short turnarounds
and low review friction.

 
   Exploratory design question. Spend on the main model and do not overvalue the
editor yet. If the question is still “what should we do?” rather than “apply
this patch,” the first job is reasoning. Use the editor only after the plan is
settled.

 
   High-volume maintenance work. Use the weak model aggressively for summaries
and commit messages, and reserve stronger models for turns that change scope or
touch multiple subsystems. This keeps the session economical without lowering the
quality of the edits themselves.

 
   The common thread is that role assignment follows task shape. If the task is
ambiguous, pay for planning. If the task is exacting in its transformation, pay for
                                                                  

                                                                  
editing fidelity. If the task is low-value text support, conserve budget.

 
   Prompt caching changes the economics, but not the role logic.

 
   Prompt caching can reduce cost and improve speed on supported providers,
especially when the same context is reused across turns. That makes it attractive for
long sessions, repeated repository maps, and stable background context. It does not
change the role split; it changes the cost of keeping context warm.

 
   The practical effect is that strong planning models become more affordable when
you reuse a large prompt footprint across multiple interactions. That is useful in
repositories with repeated context, but it still does not make the main model the
right editor or the weak model the right planner. Caching improves the economics
of the existing role assignment; it does not erase the differences between
roles.

 
   You should also account for operational visibility. Some provider APIs
expose cache statistics more cleanly than others, and streaming can hide
details that would otherwise help you measure the payoff. If you care about
spend control, make sure you can observe whether the cache is actually doing
useful work. Otherwise you may assume a savings that never appears in
practice.

 
   Reasoning controls are useful, but only where they are supported.

 
   Some models support explicit reasoning controls such as thinking tokens or
reasoning effort. Those controls can improve reliability when you are using a model in
the main role and the task benefits from deeper deliberation. They can also increase
latency and cost. That trade-off is acceptable when the turn is expensive to get
wrong, but it is wasted when the task is mechanical.

 
   Do not assume that these controls are portable across every model. A
configuration that improves one model can be unsupported or ignored by another.
That is why model choice and reasoning controls belong in the same decision
frame. You are not only selecting a model; you are selecting a behavioral
contract for that model. If the current provider or model family does not accept
the setting cleanly, treat that as a compatibility issue rather than a tuning
opportunity.

 
   The operational rule is simple: turn up reasoning where ambiguity is high, and
turn it down where the task is already bounded. A thoughtful main model with
controlled reasoning is often worth the extra spend. A cheap editor with no extra
reasoning may be exactly right for deterministic patch emission. A weak model
should usually stay simple.

 
   Empirical evaluation beats assumption.

 
   The right pairing is not universal, so you should test it in your own repository.
Run a few representative tasks: one ambiguous design problem, one structured patch,
one mechanical change, and one low-value summarization or commit-message task.
Watch where the model fails. Does the planner miss constraints? Does the editor drift
from the approved scope? Does the weak model generate noisy summaries? Those
failures tell you which role needs a better fit.

 
   You do not need a giant benchmark suite to learn something useful. A small,
repeated set of tasks is enough to reveal whether a model is over- or under-qualified
for its role. The important part is to keep the comparison stable. Change
                                                                  

                                                                  
one role at a time, note the effect, and record which combination produced
the best end-to-end workflow. If you change the model mix and the edit
format and the reasoning control all at once, you will not know which variable
mattered.

 
   That discipline pays off because model ecosystems change quickly. The names,
defaults, and capabilities of a provider’s models can shift, but the evaluation
axes stay the same. You are always asking whether the planner is good at
reasoning, whether the editor is good at faithful patching, and whether the
weak model is cheap enough for incidental text work. Once you frame the
problem that way, the strongest model becomes only one tool in a role-specific
system.

   
 

   5.4    Switching Models Safely Mid-Session

A model change in the middle of a session is not a cosmetic adjustment. It can
change speed, spend, edit fidelity, supported settings, and the way the assistant
interprets the current task frame. If you switch casually, you can lose the acceptance
criteria that made the session coherent, or you can inherit a new model with a
different patching style and quietly widen the diff. Treat the switch as a
handoff, not a preference toggle. The goal is continuity under a new operating
contract.
   
 

 # Inspect the current role assignments before you switch 
 
/settings 
 
 
 
# Switch the main model mid-session 
 
/model gpt-4.1 
 
 
 
# Switch the editor role used for patch synthesis 
 
/editor-model gpt-4o 
 
 
 
# Switch the weak role used for summaries and commit text 
 
/weak-model gpt-4o-mini 
 
 
 
# Verify the resulting configuration 
 
/settings

 
   That small amount of ceremony pays for itself when the session has already
accumulated context. A mid-stream switch often happens for one of four reasons: the
current model is too slow, too expensive, too weak at editing, or simply mismatched
to the next phase of work. The switch itself is not the fix. The fix is preserving the
task frame so that the new model can continue the same job without reinterpreting
the problem from scratch.

 
   Switch when the task phase changes.

 
   The most defensible reason to switch models is a phase change. You may start
with exploratory reasoning, then move to implementation. You may begin with a
strong planner, then drop to a cheaper editor for mechanical changes. You may use
one model to resolve ambiguity and another to produce the final patch. That is a
normal workflow, not a sign of instability.

 
   What makes the switch safe is explicit phase separation. If the task is still
ambiguous, keep the stronger reasoner in place long enough to settle scope
and acceptance criteria. If the task is already bounded and the next work
is mostly transformation, it is reasonable to move to a more economical
editor. If the current model is producing good analysis but poor diffs, change
the editor role rather than forcing the main model to do both jobs. The
key is to match the model to the phase, not to keep the same model out of
habit.
                                                                  

                                                                  

 
   A dangerous switch happens when you change models without changing the task
frame. The new model sees a fresh conversation style and may infer a fresh problem.
That is how scope drifts. A better model does not automatically preserve the same
assumptions; you must restate them.

 
   Restate the task before handing it off.

 
   Before you switch, compress the current session into a durable brief.
Include the objective, the accepted constraints, the files in scope, the open
uncertainties, and the current validation state. If you have already chosen an
edit format, say so. If you have already excluded certain changes, say so.
If the task depends on a plan or an approved diff, preserve that context
explicitly. You want the new model to inherit decisions, not to rediscover
them.

 
   The restatement should be short enough to fit on one screen and precise enough
that you can spot drift immediately. A useful handoff brief answers these
questions:
   
 

     
     	What outcome are you trying to produce?
     

     	What constraints must remain true?
     

     	Which files or subsystems are in scope?
     

     	What has already been approved?
     

     	What remains uncertain?
     

     	What validation has already run?


   If you cannot answer those questions cleanly, you are not ready to switch.
The right move is to clarify the task first, then hand it off. That discipline
matters even more when switching to a weaker or narrower model, because the
new model cannot reconstruct missing context from intuition. It will fill
gaps with its own assumptions, and those assumptions may not match the
session.
                                                                  

                                                                  

 
   Inspect the first response as a probe.

 
   After the switch, do not authorize a large change immediately. Ask a small probe
question or request a narrowly scoped next step. The first response tells you whether
the model inherited the task frame correctly. You are checking for changed
assumptions, not grading prose quality.

 
   Look for signs that the new model still understands the current objective. Does it
mention the same files? Does it preserve the same constraints? Does it repeat the
same validation plan? Does it avoid introducing a redesign that was not
part of the brief? If the answer is no, stop and restate. The point of the
probe is to catch misalignment before the model makes a large speculative
move.

 
   That inspection is especially important when switching across role boundaries. A
main model may be excellent at strategy but less reliable at emitting patches. An
editor model may be excellent at translating edits but not at making design
decisions. A weak model may be fine for summaries but unsuitable for anything that
changes scope. If you change roles without changing expectations, you get the wrong
kind of answer and then have to unwind it.

 
   Use Git as the safety boundary.

 
   Model switching is safest when every change still lives inside a reversible patch
workflow. Keep the repository under version control, inspect diffs before acceptance,
and rely on undo or revert rather than trust alone. If a model switch goes badly, Git
gives you a clean way to isolate the damage. That is more reliable than trying
to reason about whether a new model “probably” preserved the original
intent.
   
 

 # Review the current patch before accepting it 
 
git diff --stat 
 
git diff 
 
 
 
# If the new model drifts, back out the change 
 
git restore --source=HEAD -- path/to/file.py

 
   You do not need a dramatic failure to justify that discipline. Even a good model
can reinterpret a task after a switch and start broadening the scope. The diff tells the
truth. If the patch is narrower than expected, you can accept it with confidence. If it
is wider than expected, you can reject it before the change becomes part of your
working state.

 
   This is also where switch decisions should remain small. Change one role at a
time if possible. If you alter the main model, reconsider whether the editor or weak
role still makes sense. If you change the editor model, verify that the edit format still
produces readable patches. If you change the weak model, check whether summary
quality or commit-text quality still supports the workflow. Changing several variables
at once makes diagnosis harder and increases the chance that a bad outcome goes
unexplained.

 
   Validate model settings after a swap.

 
   A model switch is not only a change in capability; it can also change supported
settings. Some models accept reasoning controls differently, and unsupported settings
can create confusing behavior if you assume portability. Aider provides validation
to help check whether a model accepts the settings you are trying to use.
Use that safeguard when you move between model families with different
behavior.
                                                                  

                                                                  
   
 

 # Check whether the selected model accepts the current settings 
 
aider --check-model-accepts-settings 
 
 
 
# Adjust reasoning depth if the new model supports it 
 
/reasoning-effort high 
 
 
 
# Disable extra thinking if the task is mechanical 
 
/thinking-tokens 0

 
   The important point is that a model change can invalidate assumptions about the
rest of the configuration. A setting that improved one model may be ignored or
rejected by another. Reasoning depth that helps with planning can become
unnecessary overhead in a simple edit phase. A weak model that is perfect for
summaries should not inherit settings intended for deep reasoning unless the provider
explicitly supports them. A safe handoff includes both a task restatement and a
settings check.

 
   You should also expect the role defaults themselves to change across model
families. A model that is appropriate as the main reasoner may need a different
editor pairing than the one you used before. Some model families are better at direct
editing, some are better at structured translation, and some are better left in
auxiliary roles. Do not assume that a previously successful assignment remains valid
after a swap.

 
   Keep architect handoffs explicit.

 
   Model switching is most sensitive in Architect mode because the workflow already
contains two steps: plan and patch. If you switch the model in the middle of that
sequence, you must preserve which artifact the current model is expected to produce.
A planning model is not the same as a patching model, and the two roles do not have
the same failure modes.

 
   If the plan has already been approved, the handoff to the editor role must carry
the approved scope forward unchanged. If the editor role changes, verify that the first
patch still matches the plan before you accept any broad edits. Do not let a model
swap blur the distinction between the approved proposal and the implementation.
The plan may still be correct while the new model’s patch representation changes in
a subtle but important way.

 
   That is why it helps to restate the stage explicitly when switching inside
Architect mode. Say whether you are still in planning, whether the plan is approved,
whether the patch is being generated, and whether diff review or validation is the
next step. The new model should not have to infer the stage from conversational
history. The stage is part of the contract.

 
   Watch for drift in context-sensitive tasks.

 
   The more context-sensitive the task, the more dangerous a switch becomes. Large
refactors, multi-file migrations, and tasks with several open constraints all
rely on context preservation. A new model can read the same repository
snapshot and still emphasize different details. It may notice an alternative
path, infer a broader cleanup opportunity, or choose a different order of
operations. Those are not always mistakes, but they are changes in the task
frame.

 
   This is why a probe response matters. The first answer after a switch
should be checked against the accepted context, not against whether it sounds
sophisticated. A polished answer that restates the wrong assumption is worse
than a terse answer that preserves the right boundary. If the new model
starts from a different premise, correct it immediately before more edits
                                                                  

                                                                  
accumulate.

 
   The same caution applies to cached or repeated context. A switch can change how
aggressively the model reuses prior messages, how it compresses history, or how it
values older versus newer instructions. That is one reason to keep the handoff brief
and explicit. The fewer hidden assumptions the session carries, the less likely the new
model is to reinterpret the task.

 
   Use small, reversible moves.

 
   A safe switching pattern is iterative. First restate the task. Then switch one role.
Then inspect the first response. Then accept or revert the smallest useful change.
Only after that should you authorize larger edits. This pattern protects you from two
failure modes at once: task drift and oversize patches.

 
   If the new model fails, the failure should be local enough that you can
revert it without losing the session. If it succeeds, the success should be
clear enough that you can continue without uncertainty. The goal is not
to avoid switching. The goal is to make the switch visible, reversible, and
auditable.

 
   That discipline also keeps the economics honest. A cheaper or faster model only
improves throughput if it reduces the right kind of work. If it introduces
extra review, extra cleanup, or extra rework, the apparent savings disappear
quickly. The safest workflow uses the stronger model where ambiguity is
expensive and the cheaper model where the transformation is predictable. You
preserve continuity by reasserting the contract every time the model changes,
then you let Git, diffs, and validation tell you whether the handoff actually
worked.

   
 

   5.5    Version Milestones That Change Workflow Guidance

A workflow that felt safe last month can become brittle after a tool update if the
release moves a control point you were relying on. That is why version awareness
matters here more than in a generic feature tour. You are not trying to memorize
release history; you are trying to spot the small set of milestones that change human
responsibility, review boundaries, or hook behavior. When a release alters architect
acceptance, model-role defaults, or validation semantics, your operating advice must
change with it.
   
 

 # Record the version before you trust any workflow advice 
 
aider --version 
 
 
 
# Check the active role and model settings in-session 
 
/settings 
 
 
 
# Verify that the selected model accepts its settings 
 
aider --check-model-accepts-settings

 
   The practical question is simple: does this release move a decision gate, change
what counts as an accepted patch, or alter how local checks are enforced? If the
answer is yes, you need to revisit the workflow. If the answer is no, the release may
be interesting but not policy-changing. That distinction keeps you from
overreacting to cosmetic changes while still catching the updates that invalidate old
habits.

 
   Treat release notes as control maps, not feature lists.
                                                                  

                                                                  

 
   The useful way to read a release note is to ask what control boundary it touches.
A change to a command name is usually an ergonomics issue. A change to whether
architect output is automatically accepted is a workflow issue. A change to default
model selection when credentials are present is a policy issue because it
can silently change which model now owns the main, editor, or weak role.
A change to hook execution or validation behavior is also a policy issue
because it changes whether local verification can be trusted as part of the edit
loop.

 
   That lens is stricter than casual version checking, but it is the right one for
operational guidance. The release matters if it changes one of these questions:
   
 

     
     	Who must approve a plan or patch?
     

     	What does the tool accept automatically?
     

     	Which model is now assigned to which role by default?
     

     	When do local hooks or checks run?
     

     	Can you still rely on prior guidance without qualification?


   If a release changes none of those, you can usually keep the workflow and note the
version only for completeness. If it changes any of them, document the change
alongside your local procedures.

 
   Architect acceptance is a high-value milestone.

 
   Architect mode is the clearest example of a version-sensitive workflow boundary
because it separates planning from editing and may auto-accept output depending on
configuration. When the tool changes how architect output is accepted, or how
architect edit formats are chosen, the meaning of “reviewed” changes with it. That is
not a minor usability tweak. It alters the point at which the human is expected to
intervene.

 
   A release that improves architect-mode edit-format selection can reduce friction,
but it can also hide a previous manual step that your review process depended on. If
your team had been using a particular format or a particular acceptance habit to
keep plan approval distinct from patch acceptance, a new default can invalidate that
                                                                  

                                                                  
habit. The safe response is to re-express the workflow in version-qualified terms: what
the current version does automatically, what it leaves for human approval, and what
you must inspect before proceeding.

 
   This is where “default” deserves suspicion. Defaults change more often than the
underlying workflow principles. A version that auto-selects a better edit format
may improve results, but it also changes what the reviewer sees and when
they see it. If your safety posture assumes a previous format or a previous
acceptance state, check the current behavior explicitly rather than assuming
continuity.

 
   Role assignment milestones matter because they alter the economics of
the session.

 
   Version changes that add explicit support for switching the editor or weak model
in-session are policy-relevant because they make role separation a first-class workflow
instead of a startup-time guess. Once those switches exist, model roles become part
of normal operation rather than a hidden initial condition. That matters because you
can now correct a bad pairing without restarting the session, but it also means the
current session may contain mixed role assignments that need to be tracked
carefully.

 
   The same applies to releases that change default pairings for specific model
families. A reasoning-oriented model may now arrive with a different editor model or
weak model than it did before. That can improve performance, but it means the
model matrix in your notes is not timeless. If your team relies on a stable pairing
for architect workflows, you need to revise that pairing when the release
changes the defaults or when the provider updates aliases. Otherwise you will
misattribute behavior changes to the task when the real cause is the versioned
configuration.

 
   A version milestone here does not mean “newer is better.” It means the mapping
between roles and models has changed enough that old assumptions can no longer be
treated as operational truth. That is especially important in repositories where one
model handles reasoning and another handles patch synthesis. A role mismatch can
look like a model failure even when the real problem is a stale configuration
assumption.

 
   Reasoning controls change the cost of deliberation.

 
   Some releases make reasoning controls safer or more explicit, such as validation
around unsupported settings, or commands that adjust thinking effort or token
allocation. Those changes matter because they alter the reliability profile of the
model rather than just its style. If a model accepts deeper reasoning settings, it may
produce better plans at the cost of extra latency and spend. If a model does not
accept those settings cleanly, you need to know that before you base workflow
guidance on them.

 
   The version milestone here is not the presence of a fancy reasoning knob; it is the
point at which the tool can tell you whether the knob is valid for the chosen model.
Once validation exists, you can write stronger operational guidance because
unsupported settings are less likely to fail silently. Before that, you had to be more
conservative and verify behavior manually. That is a meaningful shift in the trust
boundary.
                                                                  

                                                                  

 
   A practical consequence follows: if you change to a different model mid-session,
re-check reasoning settings rather than assuming they transfer. A setting that was
helpful for one model may be ignored, rejected, or simply suboptimal for another. A
release that adds validation helps you catch that mismatch earlier, but it does not
remove the need to think about it.

 
   Default-model behavior is version-qualified by design.

 
   Default selection changes are among the easiest to overlook and the hardest to
diagnose after the fact. If a release changes startup behavior when certain
provider credentials are present, the session may begin with a different model
than you expected. That can affect every later judgment about speed, patch
quality, and cost. A team that thinks it is using one model may actually be
using another, and the resulting differences can look like random quality
variation.

 
   That is why version-qualified documentation should specify the expected startup
model, not just the intended model name. If your workflow depends on a particular
main model, editor model, or weak model, record the version that established that
default and re-check it after upgrades. A release that changes startup selection is not
merely changing convenience; it is changing the baseline from which the rest of the
session operates.

 
   The same caution applies to alias updates. If a provider renames or reclassifies a
model alias, the old name may still resolve but not to the same behavior you
expected. That is enough to invalidate guidance that assumed a specific default
pairing. The policy response is to verify the actual selected model, not the label you
typed.

 
   Commit-hook and local-validation changes alter where trust
lives.

 
   Workflow guidance also changes when a release affects hook execution, verification
order, or the relationship between local checks and commit creation. Those are
control points because they determine when you can trust local feedback and when
you still need a full review. If a release changes when hooks fire, whether they block
progress, or whether a successful local run can be treated as policy evidence, you
need to revisit your safety rules.

 
   That matters even if the code change itself is unchanged. A model edit that used
to be gated by a local check may now proceed differently. If your procedure assumes
hooks always run before commit or always block on failure, a change in behavior
breaks that assumption. The right response is to write your guidance around the
observed hook semantics of the current version, not around remembered semantics
from a previous one.

 
   This is also why release notes for hook-related changes deserve more attention
than feature notes about new commands. A new command can usually wait. A hook
change affects the reliability of every patch that passes through the workflow. If your
local validation loop is part of the acceptance boundary, a hook milestone can force a
rewrite of the operational checklist.

 
   A release is policy-changing if it invalidates one of four assumptions.

 
   The simplest way to evaluate a version milestone is to test it against four
assumptions:
                                                                  

                                                                  
   
 

     
     	The human approval gate is in the same place.
     

     	The edit acceptance behavior is the same.
     

     	The model-role mapping is the same.
     

     	The local verification path is the same.


   If any of those assumptions fails, your workflow guidance must be updated. A
release can introduce new features without invalidating those assumptions, but
when it does invalidate them, the old instructions are no longer safe to reuse
unchanged. That is the line between an ordinary update and a workflow
milestone.

 
   This test also helps separate genuine policy changes from mere conveniences.
Better ergonomics, more polished defaults, or broader model support may improve
usability without requiring a new team procedure. But if the release shifts approval,
acceptance, or verification, the procedure itself must change. A good internal
guideline should make that distinction explicit.

 
   Write compatibility notes that are short, specific, and versioned.

 
   A lightweight compatibility matrix is more useful than a long prose warning. For
each version you care about, record the tool version, the approved mode set, the
current main/editor/weak roles, the acceptance behavior for architect output, and
any hook assumptions that the workflow depends on. Keep the note short enough
that you can inspect it during a session. A sprawling document will not be consulted
when the model changes mid-work.

 
   A minimal entry might look like this:
   
 

 Version: 0.78.x 
 
Architect: plan review required 
 
Accept: manual by policy 
 
Main: gpt-4.1 
 
Editor: gpt-4o 
 
Weak: gpt-4o-mini 
 
Hooks: local checks before commit

 
   That sort of note is not bureaucracy. It is a record of the control boundary you
are actually using. When a later version changes a default, the note tells you exactly
which expectation is no longer valid. It also makes it much easier to review a session
after the fact and identify whether the behavior came from the task or from the
release.

 
   Treat upgrade advice as conditional, not universal.
                                                                  

                                                                  

 
   The most dangerous habit is copying workflow advice that was correct for one
version into a newer one without checking the release. A blog post that recommended
a specific architect acceptance habit or a specific model pairing may still be
informative, but it is not authoritative unless the current version preserves the same
behavior. The same is true for internal team lore. If the tool changed the default, the
lore is now stale.

 
   You do not need to chase every release detail. You do need to know which details
affect trust boundaries. The right habit is to check versioned documentation
whenever a change touches architect acceptance, model-role assignment, default
startup selection, or hook enforcement. Those are the places where prior guidance
can quietly stop being safe.

 
   A version milestone is therefore operationally important only when it changes
how you would review, accept, or validate a patch. Once you use that criterion, the
release history becomes manageable. You track the changes that move decisions,
update the notes that encode those decisions, and keep the rest of the workflow
stable enough that the model can do its job without forcing you to relearn the same
safety rules after every upgrade.
                                                                  

                                                                  
   
 



    

   


   Chapter 6
Local Validation as the Immediate Safety Net

Aider becomes dramatically more useful when its output is forced through a fast local
truth source: your own lint, build, and test commands. This chapter focuses on the
shortest trustworthy loop in the whole workflow-generate a patch, run targeted checks,
interpret machine-readable failure, and request the next patch with tighter scope-so
that CI remains the outer authority rather than the first place you discover avoidable
mistakes.

   
 

   6.1    Wiring Lint and Test Commands into the Edit Cycle

A patch that reads cleanly is not yet a trustworthy patch. A few changed lines
can hide a broken import, an unintended API shift, a missing fixture, or a
formatter-induced diff that masks a semantic mistake. The practical response is to
make validation part of the edit itself: every substantive change triggers a
small, deliberate command sequence before you ask for another patch. That
habit keeps cause and effect close together. You see the code change, run
the checks, and interpret the result while the edit is still fresh in working
memory.

 
   Start from a concrete validation contract. The simplest usable contract is a
short command bundle that you run after each meaningful patch iteration. For a
Python project, that might look like this:
   
 

 python -m ruff check src tests 
 
python -m pytest -q tests/unit

 
   For a JavaScript or TypeScript project, the shape is similar:
   
 

 pnpm exec eslint src tests 
 
pnpm exec prettier --check src tests 
 
pnpm test -- --runInBand

 
   These examples are intentionally modest. They are narrow enough to run
repeatedly, but specific enough to cover the most common failure modes introduced
by an edit: style and import issues, syntax regressions, and behavioral breakage. A
validation contract is useful only when it is stable. If you change the command every
time you feel uncertain, you lose the ability to compare one patch against the last
with confidence.

 
   Define what counts as a meaningful patch iteration. Validation after every
keystroke is pointless noise, but validation only before commit is too late. The useful
boundary is the patch that could plausibly alter behavior. Treat the following as
validation triggers: a function body changes, a signature changes, a public constant
or interface changes, imports are reorganized, a generated file is updated, or
a dependency or configuration file shifts tool behavior. A pure comment
edit or a trivial rename may not need the full stack, but once the diff can
affect syntax, semantics, or test selection, you should run the local checks
immediately.
                                                                  

                                                                  

 
   That threshold matters because it separates mechanical churn from substantive
work. If you wire validation to the patch boundary instead of the calendar boundary
or the commit boundary, you preserve a direct map from change to outcome. The
next failure is then attributable to the last edit, not to three unrelated edits and a
half-remembered refactor.

 
   Order the commands from cheapest to most informative. You
want the fastest checks that can reliably catch the most likely regressions.
A good default order is structural checks first, behavior checks second. In
practice that usually means: formatter or import sanity, linter, type checker
if the project has one, then targeted tests, then broader tests only when
needed.

 
   A typical Python loop might be:
   
 

 python -m ruff format --check src tests 
 
python -m ruff check src tests 
 
python -m mypy src 
 
python -m pytest -q tests/unit

 
   A Rust project might compress that into:
   
 

 cargo fmt --check 
 
cargo clippy -- -Dwarnings 
 
cargo test --lib

 
   The ordering is not arbitrary. Format and lint checks are cheap because they
inspect local source structure and produce high-signal diagnostics. Type checks
usually cost more, but they catch interface drift before you wait for a failing test.
Tests are the most semantically grounded and often the most expensive, so they
should run after the cheaper checks have already ruled out obvious problems. If the
formatter or linter fails, there is little value in running the full suite until the tree is
structurally sound again.

 
   Prefer repository-local wrappers over ad hoc shell fragments. You can
invoke tools directly, but a project-level wrapper is usually better. A wrapper pins
flags, preserves environment assumptions, and gives every contributor the same
surface area. It also makes AI-assisted repair loops more reliable because the
model sees one canonical command instead of a different shell spell each
time.

 
   A simple wrapper might be:
   
 

 #!/usr/bin/env bash 
 
set -euo pipefail 
 
 
 
python -m ruff check src tests 
 
python -m pytest -q tests/unit

 
   The value here is not novelty. It is consistency. The wrapper can live in
scripts/validate.sh, a Make target, a tox environment, or a task runner. Any of
those is acceptable if it meets three conditions: it is easy to run, it fails on the first
real error, and it produces stable diagnostics. The moment a developer has to
remember which personal shell alias matches the team standard, the validation loop
becomes brittle.

 
   Keep validation scope aligned with the edit scope. A local loop is
strongest when the command surface mirrors the patch surface. If you changed only
src/parser.py, validating the entire monorepo may be unnecessary. If you changed
a shared utility, the affected surface may be wider than the file itself suggests. The
                                                                  

                                                                  
right scope depends on how coupled the codebase is, but the default should be
selective. Run checks against the touched files or the affected test subset first,
then widen the scope only if the narrow checks pass and the change is still
risky.

 
   That is especially useful for formatters and linters, which often support path
scoping cheaply. It is also useful for tests. If a patch changes input parsing, run parser
tests first. If it touches authentication, run the narrow security-adjacent tests before
the broad suite. You are not trying to prove the entire system correct on every
iteration. You are trying to restore local confidence quickly enough that the edit cycle
remains tight.

 
   Use one command surface, but not one undifferentiated failure
bucket. Aggregating checks into a single script reduces operator friction, but
only if the script still exposes which subcommand failed. A wrapper that
returns only “something broke” forces the next repair step to guess. A better
wrapper prints each phase, stops on failure, and preserves the failing subprocess
status.
   
 

 #!/usr/bin/env bash 
 
set -euo pipefail 
 
 
 
echo "ruff check" 
 
python -m ruff check src tests 
 
 
 
echo "pytest unit" 
 
python -m pytest -q tests/unit

 
   If you need to automate follow-up patches, the distinction between a formatting
failure, a lint failure, and a test failure is operationally important. They point to
different repair surfaces and different confidence levels. A formatting failure usually
wants a mechanical edit. A lint failure may want a small code correction or a
deliberate policy choice. A test failure may indicate a semantic mismatch, a missing
fixture, or a regression in behavior. Even when you keep the commands bundled,
keep the boundaries visible.

 
   Keep shell semantics boring. A validation loop should be dull in the best
possible way. Avoid command composition that hides failure, and avoid wrappers
that normalize every subprocess into the same generic exit code. Shell constructs
such as || true, broad error suppression, or multi-command pipelines without set
-o pipefail can make a failed validator look successful. That is a poor trade when
the whole point is to catch breakage early.

 
   A disciplined wrapper usually starts with:
   
 

 set -euo pipefail

 
   That line does not make a command correct, but it does make failure visible. It
prevents the loop from continuing after a command has already told you
something is wrong. For AI-assisted editing, that visibility is essential. The model
needs a crisp signal, not a post-hoc narrative assembled from a half-failed
pipeline.

 
   Treat IDE checks as advisory unless they are reproducible in the
terminal. An editor can underline a syntax error immediately, but that is not the
same thing as a reproducible validation step. IDE diagnostics often depend on hidden
caches, local plugins, or editor-specific project state. If a check cannot be run the
same way by another developer, a CI job, or an automated repair loop, it is
                                                                  

                                                                  
not part of the operational baseline. Use the IDE for rapid feedback, but
anchor your workflow in commands you can run from a shell with the same
result.

 
   This distinction matters when the editor and the terminal disagree. The terminal
command is the one that counts because it reflects the repository’s explicit toolchain
contract, not the editor’s private inference. If the two disagree, fix the contract or the
environment before trusting the IDE signal.

 
   Use type checks and builds as semantic guardrails, not replacements
for tests. Type checkers and build steps catch classes of breakage that linters miss.
They are especially valuable when an edit changes interfaces, imports, generics,
module paths, or generated artifacts. A type checker can reveal a mismatch
long before a runtime test reaches the code path. A build step can catch
packaging and compilation failures that pure source inspection will never
expose.

 
   Still, those checks do not replace tests. They complement them. A type-safe patch
can still return the wrong value, serialize the wrong payload, or break a boundary
condition. The practical loop is layered: structure, static semantics, then behavior. If
the project has a type system, place the type checker in the middle of that
stack because it often localizes interface drift more clearly than a test failure
does.

 
   Make the command set explicit in project configuration. If the workflow
matters, encode it where contributors will find it. A Makefile, tox environment,
package.json script, pyproject.toml task, or repository justfile gives the team
one authoritative entry point. That prevents drift between personal habits and
shared practice.

 
   A Makefile target can be enough:
   
 

 validate: 
 
\tpython -m ruff check src tests 
 
\tpython -m pytest -q tests/unit

 
   A task runner can be better if the workflow needs arguments or multiple
environments. For Python, tox is often a good fit when you need separate
environments for lint, type, and test phases. For JavaScript, package-manager
scripts are usually the lightest stable wrapper. The exact mechanism matters
less than the guarantee that the same command means the same thing for
everyone.

 
   Separate fast inner-loop checks from slower confidence checks. The local
edit cycle should stay short enough that you actually use it. If a command takes
several minutes, people defer it and the whole discipline erodes. The right pattern is
to run a small, high-yield command set after each meaningful patch and reserve
broader checks for a later milestone. A tiny parser fix might need a formatter check
and a focused unit test. A larger refactor might justify a wider test selection. A
change to build tooling might need both the narrow loop and a broader package or
integration check.

 
   That layering is not a compromise. It is the mechanism that makes validation
habitual. You keep the inner loop cheap, and you let the slower outer checks defend
against the classes of failure the inner loop cannot reasonably catch every
                                                                  

                                                                  
time.

 
   Avoid hidden state that makes validation non-reproducible. Local checks
only help if the environment is stable. Virtual environment drift, stale caches,
generated files, and unpinned dependencies can all produce misleading results. A
command that passes only because an old artifact is still present gives you false
confidence. A command that fails only because the cache is corrupted gives you
noise.

 
   Use the same interpreter, the same package manager state, and the same
generated-artifact rules every time. If a project depends on code generation, include
the generation step in the explicit command set or make the validator fail
when generated outputs are stale. If caches are helpful, keep them behind
reproducible commands rather than hidden editor behavior. The goal is
a loop that answers one question clearly: did the last patch keep the tree
healthy?

 
   Use failure as an immediate branching point. After the command set runs,
you should choose among three actions: continue, repair, or undo and rescope. That
decision should happen immediately, before you accumulate more edits on top of a
broken base. If the failure is a small, localized issue, repair it now and rerun the
same checks. If the failure suggests the patch was too broad, back up and
shrink the change. If the failure is opaque or clearly environmental, stop and
fix the environment before asking the model or yourself for another code
edit.

 
   This immediate branching is what turns validation into part of patch production
rather than a separate audit stage. You are not collecting failures for later
consideration. You are using the validator to decide whether the patch deserves to
exist in its current form.

 
   Make the loop repeatable enough for another person, or another agent,
to inherit. The most reliable validation setups look boring on purpose. They do not
depend on the editor, on private aliases, or on a memory of which flags matter today.
They use explicit commands, stable scope, and clear failure behavior. That is the
standard worth aiming for because it supports both human review and automated
repair. When the local loop is repeatable, a teammate can run it without
interpretation, and an AI assistant can use it as a trustworthy boundary between one
edit and the next.

   
 

   6.2    Exit Codes, Failure Signals, and Repairability

A local validator is useful only when it tells you, unambiguously, whether the patch is
acceptable and, if not, what class of correction you need next. The repair loop breaks
the moment a command returns success after mutating files, hides a failing
subprocess, or emits a wall of warnings that cannot be cleanly separated from actual
breakage. The practical task is not merely to run checks; it is to choose checks whose
exit status and diagnostics preserve enough structure for the next patch to be
                                                                  

                                                                  
narrow, causal, and trustworthy.
   
 

Make the control signal explicit.
   A disciplined wrapper begins by preserving each tool’s native status instead of
flattening everything into a generic pass or fail. In Unix-style tooling, zero
means success and nonzero means failure, but the meaning of the nonzero
code is tool-specific. That distinction is central to a repair loop because a
lint violation, a test interruption, and a configuration error need different
responses.
   
 

 set -euo pipefail 
 
 
 
python -m ruff check src tests 
 
ruff_status=$? 
 
 
 
python -m pytest -q tests/unit 
 
pytest_status=$?

 
   In practice, you usually let set -e stop the script on the first failure. The
example is useful for showing the principle: preserve the native status and do not let
a later command overwrite the earlier one. If the wrapper is more elaborate, record
the phase name alongside the exit code so the next action can distinguish structural
failure from behavioral failure.
   
 

Classify outcomes into repairable and non-repairable states.
   For an AI-assisted workflow, three classes are enough to make the control
boundary usable:
   
 

     
     	Success: the command exits zero and the diagnostics are clean enough to
     continue.
     

     	Repairable  code  issue:  the  command  exits  nonzero  because  the  code
     violates a rule, assertion, type constraint, or build expectation.
     

     	Non-repairable  or  low-confidence  tool/setup  issue:  the  command  fails
     because the environment, flags, configuration, or the tool itself is broken.


   This distinction matters because the repair loop should only automate the middle
class with confidence. A failed test that names a specific module, test function, or
assertion is usually repairable. A syntax error in a config file, a missing dependency,
or an internal crash in the toolchain is not the same thing as a product bug. If you
collapse those states, the model will try to patch code when it should instead fix
setup or stop for human attention.
                                                                  

                                                                  
   
 

Use exit codes as the first filter, not the only one.
   The status code decides whether you continue; the output decides how you
continue. Modern tools expose a more refined signal than “failed” or “passed.” For
example, pytest distinguishes ordinary test failure from interruption, internal error,
usage error, and no-tests-collected conditions. Lint tools often separate rule violations
from configuration or internal errors. Formatters commonly distinguish a drift in file
formatting from tool or configuration problems. That granularity is valuable because
it lets you decide whether the next step is a small code repair, a command
adjustment, or a full stop.

 
   A useful mental model is to treat the exit code as the coarse control bit and the
stderr/stdout stream as the repair payload. The control bit tells you whether the
command is trustworthy enough to act on; the payload tells you what the agent
should touch next. When the control bit and the payload disagree, trust the control
bit first. A command that prints a plausible explanation but exits with a setup error
is not a clean code failure.
   
 

Anchor the taxonomy in the outcome surface.
   The following classification is the operational minimum for an AI repair
loop:
   
 




 
[image: ]
 


   This control-boundary view is useful because it separates the states that can feed
an automated follow-up from the states that require clarification. A nonzero exit with
a specific file, rule, or failing test name is repairable. A zero exit after a file
rewrite is not necessarily trustworthy until you rerun the same check on
the modified tree. A warning-only result that still exits zero is dangerous if
it does not actually gate the edit loop. You need a state machine, not a
slogan.
   
 

Treat formatters and auto-fix tools as mutators, not pure validators.
   A formatter that rewrites files and exits zero is doing two jobs at once: it is
normalizing the tree and asserting that the final tree now satisfies the formatting
policy. That is acceptable if you know which job you want it to perform. It is
dangerous if you assume the exit code alone proves the original patch was
valid.

 
   Tools such as Prettier and Ruff can auto-fix source, but the fact that they
changed files means the working tree has been mutated. The right response is to
rerun the same check against the updated tree and confirm that the mutation
brought the tree back into the accepted state. If you treat a rewrite as a pass without
                                                                  

                                                                  
revalidation, you have not validated the patch; you have only accepted the tool’s
rewrite. That distinction matters when you are using the validator as a boundary for
AI-generated follow-up work.
   
 

Do not mistake warnings for gates.
   Warning-heavy tools are easy to misread because they can look productive
while still returning success. A linter may emit warnings but exit zero if
the warning threshold is not exceeded. A type checker may convert some
diagnostics into notes depending on configuration. A formatter may report
files it would change without actually applying the change. In an AI loop,
that ambiguity is expensive because the next prompt needs a precise failure
surface.

 
   If warnings are only advisory, the agent must not treat them as the trigger for
an automatic repair patch. You can still use them as guidance, but they
belong to a different tier of trust. If the tool supports a mode that makes the
warning class fail, prefer that mode for the local gate. If not, isolate the
warnings into a separate observation channel and keep the gating command
strict.
   
 

Preserve diagnostic locality.
   Repairability depends on the output naming a small, concrete surface. A good
failing command gives you a file path, a line number, a test name, a rule identifier, or
a stack frame that points close to the fault. A bad one returns a generic summary
and forces the model to infer the failure from context it does not actually
have.

 
   The best diagnostic messages are not verbose; they are local.
“tests/test_parser.py::test_empty_input fails” is much more useful than “some tests
failed.” “src/api.py:87: unused import” is much more useful than “lint errors
detected.” The next patch request should stay inside that locality unless the
evidence says otherwise. If the command output is too broad, switch to a
narrower test selector or a more targeted lint scope before asking for code
changes.
   
 

Keep the wrapper honest about subprocess failures.
   Many false-success states come from shell composition rather than from the tools
themselves. A pipeline can succeed even when an early stage failed, unless you enable
the right shell behavior. A wrapper can print “done” after a subprocess error if it
never propagates the child status. A Make recipe can hide a failure if errors are
ignored. The result is a false control signal that the repair loop cannot recover
from.

 
   When you build a wrapper, assume the environment is hostile to honesty and
compensate explicitly. Use strict shell settings, stop on the first meaningful failure,
and avoid turning a subprocess exit into a manually curated success unless that
                                                                  

                                                                  
transformation is documented and deliberate. If you absolutely need to normalize
statuses, map them in a controlled layer and keep the original code visible in logs or
structured output.
   
 

Separate command aggregation from status interpretation.
   Combining several checks into one script is often the right operator experience,
but only if the script preserves phase boundaries. You want one entry point, not one
blurred result. That means the wrapper should either stop at the first failure or emit
a phase-tagged report that says exactly which validator failed and how it
failed.
   
 

 #!/usr/bin/env bash 
 
set -euo pipefail 
 
 
 
echo "[1/3] format" 
 
python -m ruff format --check src tests 
 
 
 
echo "[2/3] lint" 
 
python -m ruff check src tests 
 
 
 
echo "[3/3] unit tests" 
 
python -m pytest -q tests/unit

 
   This structure keeps the command surface compact while still preserving failure
domains. The agent can then respond differently to a formatting miss than to a test
regression. If the wrapper instead prints a single “validation failed” line, the next
patch becomes a guess.
   
 

Use the right tool mode for the job.
   A tool that rewrites files is not always the right tool for a gating loop. A check
mode is usually safer for inner-loop validation because it leaves the tree unchanged
and exposes drift directly. An auto-fix mode is useful when the failure is
mechanically repairable, but it should be paired with a re-check. The key is to keep
mutation and judgment separate enough that you can tell which state you are
in.

 
   That separation is especially important for AI-assisted edits because the model
can easily over-trust its own output. If a formatter or linter silently changes files, the
model may interpret the resulting success as proof that the original patch was
semantically sound. The safer interpretation is narrower: the tree now satisfies the
tool’s rule set, and you still need to inspect whether the change is behaviorally
acceptable.
   
 

Interpret tool-specific exit conventions instead of assuming a universal nonzero.
   Tools often use a small, well-documented exit-code vocabulary. Pytest documents
distinct outcomes for test failure, interruption, internal error, usage error, and
no-tests-collected conditions. ESLint distinguishes successful linting from lint errors
and from configuration or internal errors. Prettier’s check mode distinguishes
formatted files from formatting drift and tool or config problems. Ruff similarly
separates rule violations from abnormal termination and can alter the loop semantics
through explicit flags. Those differences are not trivia; they tell you whether the
failure is likely repairable in code or whether you need to repair the command surface
first.
                                                                  

                                                                  

 
   The practical consequence is simple: do not hardcode assumptions like “anything
nonzero means the same thing.” A wrapper should preserve the tool’s meaning, not
just its numeric value. If a project needs a normalized status for orchestration,
preserve the original classification in logs or structured artifacts so the follow-up
patch can still be precise.
   
 

Prefer structured diagnostics when they exist.
   Exit codes alone are too coarse for reliable patch selection. Structured output
improves the odds that the next request stays within the true fault boundary. Use
machine-readable formats when the tool offers them: test reports, JSON, XML, or an
API that separates stdout, stderr, and status. Those outputs let you avoid scraping
fragile terminal text and reduce the chance that the model overfits to incidental
wording.

 
   Even when only plain text is available, keep the output narrow by running a
targeted command. A smaller failing test set produces a better correction prompt
than a full-suite failure dump. The same is true for lint: a focused invocation against
the changed files is easier to repair from than a repository-wide scan with hundreds of
unrelated messages.
   
 

Treat ambiguous states as stop conditions, not repair instructions.
   Some outputs are neither clean success nor clean failure. A command may succeed
while emitting warnings that indicate a known risk. A formatter may say it would
make changes but not apply them. A wrapper may collapse several subprocesses into
a single status and hide which one actually failed. These are not good automatic
repair targets because they do not give the agent a single, trustworthy correction
surface.

 
   In those cases, the right move is to clarify the state before patching. Inspect the
command mode, rerun in a stricter mode, or reduce the scope until the validator
gives a decisive answer. If the toolchain cannot provide that answer, stop the
automated loop and resolve the ambiguity manually. Repairability is a property of
the signal, not just of the source code.
   
 

Respect the boundary between local truth and workflow authority.
   Local validators are the immediate safety net because they catch breakage close
to the edit. They are not the final policy authority. CI systems collapse failures into
broader workflow status and often enforce additional gates that local commands
cannot represent. That is fine, but it means the local loop has to preserve richer
classifications before CI flattens them. If a local wrapper already blurs tool failures
into generic success or failure, the later CI layer cannot recover that lost
information.

 
   The strongest local workflow therefore uses a simple control rule: pass
only when the validator is clean, repair only when the failure is specific and
localized, and stop when the signal is ambiguous or the environment is suspect.
                                                                  

                                                                  
That rule keeps the agent inside the boundary where code changes remain
explainable, and it keeps the next patch small enough to be validated again with
confidence.

   
 

   6.3    Fast Feedback System Design for AI Iteration

A local loop that takes minutes instead of seconds changes behavior more than it
changes convenience. Once the delay is long enough, you start batching edits,
deferring checks, and losing the direct relation between one patch and one failure.
AI-assisted editing amplifies that problem because the repair loop depends on rapid
observation: the shorter the interval between change and validation, the more
precisely you can attribute the result. A fast feedback surface is therefore not a
luxury. It is the mechanism that keeps patch-first work from dissolving into
speculation.

 
   Treat validation latency as an engineering budget. The goal is not to run
the most exhaustive command set on every edit. The goal is to spend a fixed time
budget where it yields the highest diagnostic value. A practical local loop often looks
like this:
   
 

 python -m ruff format --check src tests 
 
python -m ruff check src tests 
 
python -m pytest -q tests/unit

 
   That sequence is short enough to repeat often, but it already encodes an
important design choice: cheap structural checks run before the more expensive
behavioral check. You can think of the local loop as a layered filter. The earlier layers
should reject obvious breakage quickly; the later layers should confirm whether
the edited behavior still matches expectations. If the first layer catches a
missing import or a formatting drift, you save the cost of a broader test run. If
the first layers pass, the test runner gets a tree that is already structurally
sound.

 
   The important consequence is that validation design is a performance problem
with a correctness constraint. You are balancing latency, selectivity, determinism,
false positives, and diagnostic density. If any of those degrade badly, the loop stops
being usable even if the checks are individually correct.

 
   Use patch scope to choose validation scope. Patch inspection is one of the
cheapest ways to decide what to validate next. If the diff touches only a parser
helper, you do not need to run the entire repository’s end-to-end suite. If the patch
changes a public interface, a shared utility, or a build rule, the affected surface is
wider and the local checks should widen with it. The right scope follows the change,
not the developer’s mood.

 
   For formatters and many linters, changed-file scope is usually the right default.
Those tools are designed to reason about source structure locally, and they often
produce the highest return when they run only on the files that changed. For tests,
affected-target scope is often better than repository-wide execution. If your patch
changed the request pipeline, rerun the tests that exercise the pipeline rather than
the entire suite first. If those pass and the patch is still risky, broaden the scope
                                                                  

                                                                  
deliberately.

 
   The practical rule is simple: validate the smallest scope that can still catch the
likely failure class. The narrower the scope, the faster the loop. The broader the
scope, the stronger the confidence. You want to expand only when the patch justifies
it.

 
   Partition checks by failure class. A fast feedback design works because
different validators catch different kinds of breakage. Formatters and style checks
detect textual drift, import order mistakes, and syntax-adjacent issues. Linters detect
rule violations and some classes of semantic misuse. Type checkers detect interface
mismatches, nullability mistakes, and incompatible call sites. Tests detect behavioral
regressions. Build steps detect packaging, compilation, and dependency wiring
problems.

 
   A useful partition is therefore: 
 

     
     	structural checks,
     

     	static semantic checks,
     

     	targeted behavioral checks,
     

     	broader confidence checks.


   You do not need every tier on every edit. A patch that only changes whitespace or
rearranges imports may only need the first tier. A patch that changes a function
signature or serialization format should reach the static semantic tier and
targeted tests. A patch that changes several coupled modules may need broader
confidence checks after the inner loop is green. The design principle is to
place the cheapest high-yield checks nearest to the edit loop and reserve
slower validation for milestones where extra latency buys meaningful risk
reduction.

 
   Separate inner-loop checks from milestone checks. A sub-minute inner
suite is what keeps the repair loop alive. If the loop takes five minutes, people stop
using it routinely and start treating validation as a pre-commit ritual. That is too
late for AI-assisted patching. The inner suite should answer one question quickly: did
this patch obviously break the codebase?

 
   A milestone suite answers a different question: is the patch still acceptable when
viewed through a broader lens? That suite can afford to be slower because you run it
less often, after a cluster of related edits or before handing the branch to
                                                                  

                                                                  
another reviewer. The split matters because it preserves momentum without
pretending that narrow checks are sufficient. Narrow checks are for immediate
correction. Milestone checks are for widening confidence once the small loop is
green.

 
   A practical pattern is: 
 

     
     	after each meaningful patch, run the inner suite;
     

     	after a cluster of related patches, run a broader local suite;
     

     	before commit or push, run the highest-value checks that remain cheaper
     than CI.


   That sequencing keeps the shortest loop tight enough to use constantly while still
acknowledging that broader verification has real value.

 
   Use changed-file and affected-target scoping deliberately. Changed-file
scoping works well for tools that can evaluate files independently. It is especially
effective for formatters and linters because the diagnostics are local and the runtime
scales with the edited surface. A linter that scans only touched files can often run in
seconds instead of minutes, and that difference changes how often you use
it.

 
   Affected-target scoping is the test analogue. If your test runner supports selectors,
feed it the tests most likely to exercise the changed path. That may mean a
module path, a class name, a test function, or a tag. The point is not to guess
perfectly. The point is to reduce the search space enough that the feedback
arrives before the patch context evaporates. A few precise tests usually beat a
broad suite that finishes after the model has already generated two more
patches.

 
   There is a trade-off. Narrow scoping can miss integration failures. You
compensate by widening the scope at deliberate points: after a risky change, after a
refactor across module boundaries, or after the narrow tests have stabilized the
patch. Narrow first, broad later is usually the right default because it preserves the
ability to iterate.

 
   Prefer deterministic commands over clever speedups. Speedups that
damage trust are counterproductive. A warmed environment is helpful if it is stable.
A cache is helpful if it is invalidated correctly. Parallel test execution is helpful if the
failure output remains intelligible. But a toolchain that hides setup, mutates state
invisibly, or changes behavior depending on stale artifacts is not a fast loop; it is an
unreliable one.
                                                                  

                                                                  

 
   This is where hermetic wrappers pay off. They pin the environment, fix the
invocation surface, and make the command mean the same thing every time. They
also let you separate performance improvements from semantic drift. If a cached run
passes, you should know whether it passed because the patch was correct or
because the cache masked the difference. If a parallel run fails, you should still
be able to identify the failing target without reading through interleaved
noise.

 
   The useful criterion is not raw speed. It is trustworthy speed. A slightly slower
command that you can believe is better than a faster one that occasionally
lies.

 
   Use parallelism only when the output stays interpretable. Parallel
execution can reduce wall-clock time, especially when your validation suite has
multiple independent targets. Tools such as tox explicitly support dependency-aware
scheduling and selective failure output for that reason. The design advantage is
obvious: you can run several environments at once and still keep the signal dense by
showing the interesting failures first.

 
   The risk is that parallel logs become unreadable. If the output interleaves
unrelated traces, the model or the human reviewer has to reconstruct the failure path
from fragments. That defeats the purpose of a fast local loop. The right pattern is to
parallelize when the suite is naturally partitioned and when the runner can preserve
enough structure to make the result actionable. If the logs become noisy,
reduce concurrency or redirect each unit of work into a separate labeled
result.

 
   A fast loop should not force you to perform log archaeology. If it does, the
throughput gain has already been spent on recovery.

 
   Choose autofix behavior according to where the check runs.
Autofix-capable tools change both latency and semantics. A check may succeed
because the tool repaired the issue automatically, not because the original patch was
already clean. That is often a good local outcome because it collapses a mechanical
correction into the same edit cycle. It may be too permissive for a stricter gate,
though, because the tool’s rewrite can hide the distinction between an acceptable
patch and a patch that merely got normalized.

 
   The practical pattern is to allow autofix in the inner loop when you want rapid
convergence, then rerun the corresponding check in strict mode when you want to
know whether the tree is genuinely clean. That is especially useful for formatting and
linting. If the autofix mode makes a change, rerun the check so the tree ends in a
known state. If the project later wants stricter behavior in CI, that stricter
mode can sit outside the local repair loop without making the inner loop
unusable.

 
   The broader design lesson is that check semantics are part of the performance
budget. A tool that fixes and passes can speed the loop locally, but only if you
account for the revalidation step and keep the trust boundary explicit.

 
   Tune test selection around historical failure patterns. You do
not have to optimize the entire suite equally. If a codebase has historically
broken in certain areas, make those areas easy to validate quickly. If parser
regressions are common, keep a parser-focused smoke suite close to the edit
                                                                  

                                                                  
loop. If serialization bugs often slip in through refactors, keep a small set of
serialization tests cheap to run. The objective is to catch the regressions
your patches are most likely to cause, not to satisfy an abstract notion of
coverage.

 
   That is where feedback design becomes domain-aware. A service layer with heavy
branching may need focused unit tests and a few contract tests. A library with strong
static typing may rely more on type checks and targeted invariants. A UI-heavy
project may prioritize lint, snapshot, and component-level tests in the inner loop.
The right mix depends on where edits usually fail, not on what the toolchain can do
in the abstract.

 
   You should resist overfitting to the last bug. The last bug is a clue, not a policy.
Broader history and coupling structure should drive the check design.

 
   Use selectivity to protect conversational momentum. In AI-assisted
editing, the validation loop is part of the conversation. A command that returns in
seconds keeps the model’s context aligned with the diff. A command that returns
after several minutes increases the odds that the next response drifts away from the
patch that caused the failure. That is why selectivity matters so much. Selective
checks preserve the causal chain.

 
   This is especially true when the model is patching incrementally. After each
patch, you want to know whether the immediate change is safe. If the loop is too
slow, you start asking the model to repair a stale state, and the model has to infer
too much from memory. Faster feedback reduces that ambiguity. It also makes it
easier to stop after a successful inner loop and decide whether the patch warrants a
broader run.

 
   The strongest design favors fast evidence over comprehensive evidence in the
inner loop, then defers broader evidence to controlled milestones. That is not a
compromise in trust; it is how you keep trust usable.

 
   Avoid the two classic anti-patterns. The first anti-pattern is the giant default
suite. Running the full end-to-end stack after every tiny patch feels safe, but it
usually destroys iteration speed and weakens causal attribution. Once the loop is
slow, people delay it and bundle unrelated changes together. The result is less trust,
not more.

 
   The second anti-pattern is the overfit micro-suite. If you optimize only for
the most recent bug, the validation surface becomes narrow and brittle.
You may get quick feedback on one class of failure while missing adjacent
regressions that arise from the same change pattern. The better approach is
layered: a small inner suite tuned for speed, a broader milestone suite tuned for
confidence, and a deliberate widening step when the patch changes the risk
profile.

 
   Both failures come from mistaking one kind of value for the whole value. Speed
without coverage is fragile. Coverage without speed is unused. The design task is to
find the smallest loop that still carries enough truth to support the next
edit.

 
   Make breadth a deliberate escalation, not the default. Breadth is
expensive, so you should spend it where it changes the decision. If a narrow test
selector fails, broaden the scope to identify whether the breakage is isolated or
                                                                  

                                                                  
systemic. If a refactor crosses module boundaries, widen the static checks and the
test surface. If the patch changes a shared build or packaging path, run the broader
local suite before you accept the result. The key is that broad validation follows
evidence, not habit.

 
   That habit is what keeps the local loop fast enough for constant use. You run the
cheapest checks first, you widen only when the change justifies it, and you preserve
enough structure in the output to support a confident next patch. The result is a
validation system that stays close to the edit, catches the likely failures
early, and leaves the heavier authority checks for the broader governance
layer.

   
 

   6.4    From Validation Output to Corrective Follow-Up Patches

A validation failure is only useful when you can turn it into the next patch without
guessing. Raw stderr is not a repair plan; it is evidence. The practical question is how
to extract the smallest trustworthy problem statement from that evidence, then ask
for a narrowly scoped correction that preserves everything else. If you ask for too
much, the model starts refactoring around the symptom instead of fixing it. If you
ask for too little, you force a cycle of blind retries. The useful middle ground is
disciplined, evidence-bound prompting.

 
   Start with structured diagnostics, not prose summary. The best follow-up
prompt begins with the validator’s most specific machine-readable data: exit status,
file path, line number, test identifier, rule code, or type error. A narrow pytest failure
is far easier to repair than a generic “tests failed” message. A lint rule ID and a line
reference are more actionable than a pasted wall of output. Where tools expose
structured formats, prefer them. Pytest can emit JUnit XML, and JUnit Platform
can emit Open Test Reporting or legacy XML, which makes failure extraction far
more reliable than terminal scraping. Mypy’s API is even better when you need
programmatic control because it separates stdout, stderr, and exit status
cleanly.

 
   A practical example is to convert the validator output into a small repair
request:
   
 

 python -m pytest -q tests/test_parser.py \ 
 
  --junitxml=out/junit.xml 
 
 
 
python -m mypy src/api.py \ 
 
  1>out/mypy.out 2>out/mypy.err

 
   From there, your follow-up prompt should cite only the essential facts: the failing
test name, the assertion text, the file or function under edit, and the last
patch’s diff boundary. The point is to keep the next request anchored to
executable evidence rather than to a plausible story about why the failure
happened.

 
   Separate observed failure from inferred cause. The validator tells you what
broke; it rarely tells you why with certainty. That distinction matters because the
model is very good at inventing plausible causal narratives from incomplete data. If a
test says an expected value was missing, do not immediately ask for a broad redesign.
                                                                  

                                                                  
If a linter reports an unused symbol, do not invite the model to refactor the
surrounding module unless the evidence shows a deeper issue. Ask for the smallest
change that satisfies the observed invariant.

 
   A useful discipline is to restate the observed failure in neutral terms before asking
for a fix. For example: “tests/test_parser.py::test_empty_input” fails because
the parser returns None instead of an empty list. That statement is tight,
local, and evidence-based. It does not claim root cause. It gives the model
just enough information to repair the failure surface without expanding
scope.

 
   That separation also protects you from overcorrecting. A small bug in
a return value may be local; a fix that changes public behavior, rewrites
adjacent code, or alters unrelated APIs is often too broad for the evidence at
hand.

 
   Constrain the repair surface to the prior patch. The most reliable
follow-up patches stay close to the last change. If the previous patch touched
src/parser.py, the corrective request should stay in that file unless the failure
clearly points elsewhere. If the last edit changed a type signature, ask the model to
repair call sites only if the type error names those sites. If the patch touched a
formatter-generated file, ask for the minimum correction that restores the expected
output.

 
   A tight prompt usually names four boundaries: 
 

     
     	the file set that may change,
     

     	the function, module, or rule at issue,
     

     	the invariant that must be restored,
     

     	the material that must remain unchanged.


   That last item is often overlooked, but it is where scope control becomes real. If
you do not say what must stay fixed, the model may repair the failure by altering
behavior that the validation did not exercise. Preserving unchanged behavior is as
important as fixing the visible defect.

 
   Use the diagnostics to choose the right kind of repair. Not every failure
should trigger a code edit. The next action depends on what the validator is actually
telling you. A clean code violation with a precise location is repairable in the patch.
An internal error, usage error, missing dependency, or configuration failure usually is
                                                                  

                                                                  
not. Those states point to environment remediation, command correction, or human
investigation.

 
   The taxonomy is simple: 
 

     
     	Observed code failure: ask for a narrow patch.
     

     	Tool or configuration failure: fix the command surface first.
     

     	Ambiguous or noisy output: reduce the problem before patching.


   This is where the earlier distinction between repairable and non-repairable signals
becomes operational. A failed unit test with a stable stack trace is an excellent repair
target. A linter that exits with a configuration error is not. If you treat both as the
same, you train the model to patch source code when the real defect is in the
validator or its environment.

 
   Turn failure artifacts into scoped prompts. A strong follow-up
prompt is short, concrete, and constrained. It should include the failure
evidence and the repair boundary, then ask for a patch, not an explanation. For
example:
   
 

 Fix the failure in tests/test_parser.py::test_empty_input. 
 
The parser returns None instead of []. 
 
Limit changes to src/parser.py. 
 
Do not alter unrelated parsing behavior.

 
   That prompt works because it makes the evidence explicit and the scope narrow.
It does not ask the model to diagnose the whole subsystem. It does not invite a
rewrite. It asks for a patch that resolves one named failure and preserves the rest of
the behavior.

 
   If the validator exposed a rule ID or type error, include it. If the test report
names a single failing case, use that case name. If the error points to a specific line or
assertion, carry that line into the prompt. The more precise the repair target, the less
likely the model is to solve a different problem than the one you actually
have.

 
   Prefer machine-readable extraction where available. Scraping terminal
output is fragile. The same tool may reorder messages, change formatting, or
add unrelated warnings between releases. Structured artifacts are better
because they let you isolate the failing unit without interpreting the whole
stream.

 
   If pytest emits JUnit XML, parse the XML and extract the failing node,
assertion text, and file position. If a JUnit-based runner emits Open Test
Reporting, use that instead of parsing console text. If mypy is available
through its API, consume the tuple it returns rather than reconstructing
                                                                  

                                                                  
meaning from the terminal. The general rule is straightforward: use structured
APIs for structure, and terminal text only when no machine-readable path
exists.

 
   That practice also improves follow-up prompts in a second way. Structured
output makes it easier to keep the prompt narrow when multiple failures exist. You
can select the first failure, the highest-confidence failure, or the failure closest to the
last patch instead of dumping everything into one request.

 
   When multiple failures appear, choose the one that best explains the
last edit. A broad test run may fail in several places at once. That does not mean
the model should repair everything at once. It means you need a triage rule. The
most useful failure is often the one nearest to the edited code, the one with the
clearest assertion, or the one most likely to be causally linked to the last
patch.

 
   The right follow-up request usually targets a single failure first. Once that
failure is fixed, rerun the same validator. If the remaining failures persist,
they are easier to interpret after the first fault disappears. This prevents the
common error of asking for a sweeping patch that silently fixes one issue
while introducing another. Narrow repair, revalidate, then widen only if
needed.

 
   There is an important exception: if the same edit causes several tightly related
failures in the same subsystem, you may want to repair them together. Even then,
keep the prompt bounded to that subsystem and describe the shared invariant rather
than listing dozens of unrelated diagnostics. Cohesion matters more than
count.

 
   Stop when the evidence stops being local. Some failures do not support
another narrow patch. That is the point where you should pause the repair loop and
investigate directly. Typical stop conditions include flaky tests, nondeterministic
output, failures far from the edited code, missing environment prerequisites, and
repeated repair attempts that keep moving the symptom without restoring the
invariant.

 
   A repeated failure after several narrow fixes is a strong signal that the model has
not found the real boundary. At that point, inspect the diff manually, reduce the
failing case, or run a broader diagnostic command. If the error looks like a config or
environment problem, fix the command surface rather than the source tree. If the
failure is far removed from the last edit, your local causal model is probably too weak
to support another automated patch.

 
   The correct response to a non-local failure is not persistence. It is reducing
uncertainty until the validator can point somewhere specific again.

 
   Keep the follow-up patch smaller than the failure surface. A
corrective request should do less than the failure seems to demand. That sounds
counterintuitive, but it is the safest way to keep the repair loop honest. If a test fails
because one return value is wrong, ask for that return value to be corrected. If a lint
rule flags a single import, ask for that import to be fixed. If a type checker reports
one incompatible call, ask for that call site to be adjusted. Resist the urge to request
surrounding cleanups, architecture changes, or opportunistic refactors in the same
prompt.
                                                                  

                                                                  

 
   This discipline pays off because every extra degree of freedom weakens the link
between the failure and the patch. A small patch is easier to validate, easier to reason
about, and easier to revert if the fix is wrong. A large patch often solves the symptom
by changing unrelated behavior, which makes the next failure harder to
interpret.

 
   Use the prior diff as the repair boundary. The last patch is the best default
boundary for the next request. The validation failure should be interpreted relative to
the exact delta you just introduced. That means you should keep the corrective
request tied to the modified files and the affected code paths unless the evidence
clearly points outside them.

 
   For example, if the last patch changed a serializer, the follow-up request should
ask for the serializer to satisfy the failing test. If the last patch introduced a new type
alias, the follow-up request should fix the alias or the call sites implicated by the type
checker. If the last patch touched a build file, the next prompt should not suddenly
refactor application logic unless the build failure shows that logic was miswired into
the build itself.

 
   This is where Git history and diff context matter. You are not asking the model
to repair a vague state of the repository. You are asking it to repair the
concrete difference between the previous clean state and the current failing
state.

 
   Treat repeated failure as a signal to narrow the problem, not to
broaden the request. If the same validation keeps failing after two or three focused
attempts, widen the diagnostic surface, not the repair surface. Rerun a more
specific command. Reduce the test case. Inspect the exact diff of the failing
file. Check whether the failure is coming from setup, fixture state, or an
indirect dependency. The urge to broaden the patch usually masks a lack of
evidence.

 
   This is the moment where human judgment takes back control. The model can
still help, but only after the problem has been made local again. That may mean
switching from a full test file to a single test, from a broad linter invocation to a
specific rule, or from a one-step patch request to a manual investigation of the failing
path. The repair loop should continue only while the validator is supplying a stable
target.

 
   Keep the request and the validation in lockstep. A corrective patch is
trustworthy only if you rerun the same relevant validation immediately afterward. If
you change the command each time, you lose the ability to tell whether
the fix addressed the original failure or merely satisfied a different check.
Revalidation should use the same test selector, the same lint scope, or the
same type-check invocation unless the failure itself shows that the scope was
wrong.

 
   That lockstep behavior creates a small but powerful invariant: one failure, one
repair, one recheck. It prevents the repair loop from turning into a diffuse editing
session. It also forces you to keep the prompt evidence-bound, because you know you
will ask the validator the same question again right after the patch lands. The result
is a repair cycle that stays narrow enough to trust and precise enough to be
useful.
                                                                  

                                                                  
   
 



    

   


   Chapter 7
CI Safety Nets, Policy Enforcement, and Team Integration

The interesting tension in AI-assisted development is not whether local iteration can
be fast, but whether fast iteration can coexist with institutional trust. This chapter
shows how to build that trust boundary: CI owns merge authority, humans own
judgment, and every convenience layer is acceptable only if it preserves diff visibility,
deterministic validation, and clean rollback paths.

   
 

   7.1    CI as the Source of Merge Authority

A local run can tell you that a patch compiles on one machine, with one
dependency graph, one set of environment variables, and one human making
optimistic assumptions. That is useful, but it is not permission to merge. Once
AI enters the loop, the mismatch between local confidence and repository
truth becomes more expensive, because the model can generate a change
faster than a reviewer can reconstruct its implications. The right control
boundary is therefore not the laptop, the editor, or the pre-push hook. It is
the CI system attached to the protected branch, because that is where the
repository can evaluate the change against the same rules every contributor must
satisfy.

 
   A practical merge gate usually looks like this:
   
 

 # local preflight 
 
pre-commit run --all-files 
 
pytest -q 
 
 
 
# push the bounded patch 
 
git push origin feature/ai-fix 
 
 
 
# CI and branch protection decide mergeability 
 
# green checks + required review => merge

 
   That small sequence encodes the hierarchy that matters. Local checks reduce
waste, but CI decides whether the change is eligible to join the mainline. If a rule
matters enough to block entry to the protected branch, it must be enforced where the
team can trust the result, audit it later, and apply it uniformly. GitHub and GitLab
both frame protected branches, required checks, and approval rules as server-side
controls rather than workstation preferences, which is exactly why they serve as
merge authority instead of merely reflecting it. Required status checks, required
reviews, code-owner review, and merge queues are all variations of the same idea: the
repository refuses to advance a ref until the authoritative gate says the change is
acceptable.
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   That diagram captures a boundary that is easy to blur in practice. Local
validation sits inside the developer workflow and serves speed. CI sits outside the
workstation and serves authority. The protected mainline sits beyond both, because
it should only accept changes that have satisfied the repository’s own policy. You can
think of the laptop as a speculation engine and CI as the evidence engine. The
speculation engine helps you converge on a plausible patch; the evidence engine
decides whether the patch can be admitted.

 
   The distinction becomes sharper with AI-generated changes. A model can create
a plausible edit that passes a narrowly chosen test run and still violate a broader
contract: a schema migration might compile but break a downstream job, a refactor
might satisfy unit tests while invalidating a code-owner policy, or a generated patch
might silently depend on a local environment variable that does not exist in CI. None
of those failures are bugs in the idea of local validation. They are reminders
that local validation is necessarily partial. The laptop does not know which
runner image, secrets policy, branch protection rule, merge queue state, or
dependency cache the repository will use when it evaluates the change for real. CI
does.

 
   That is why patch-first development matters so much. When the AI produces a
narrow diff, CI is asked a narrow question. Did this specific edit preserve the
invariants of the codebase under the authoritative environment? If the answer is no,
the failure tends to be small enough to diagnose quickly: a broken import, a
missing fixture, a contract mismatch, a policy violation, or a test that exposes
the changed assumption. When the AI produces a sprawling rewrite, CI
must answer a sprawling question, and one red run can implicate a dozen
possible causes. Diagnosis time explodes because the failed pipeline no longer
isolates a single claim about the repository. Patch-first work keeps the claim
small.

 
   That smaller claim has operational consequences beyond convenience. It reduces
queue waste because failed runs are cheaper to interpret. It lowers rollback cost
because the offending change is easier to revert or amend. It also improves the value
of each green run, because a green result on a narrow patch means something
specific: this bounded change fits the current codebase contract. In contrast, a large
generated diff can make CI appear capricious. The system is not inconsistent; it is
merely answering an overbroad question.

 
   Merge authority is a policy boundary, not a test location. A common
mistake is to treat CI as a place where tests happen. That description is too weak. CI
is where the repository decides whether a change is allowed to enter the
protected branch. The system may run tests, linters, security scans, deployment
checks, or policy validators, but their purpose is to inform that decision. This
is why branch protection exists at all. GitHub’s protected branch model
lets you require pull requests, required status checks, approval thresholds,
conversation resolution, signed commits, and other merge conditions before a
ref may advance. GitLab’s protected branches and approval rules play the
same role from a different implementation surface. The precise knobs differ
by platform, but the control logic is the same: the repository gates merge
                                                                  

                                                                  
eligibility centrally, rather than trusting the developer’s environment to
self-certify.

 
   That centralization matters because local tooling is intentionally bypassable. A
hook can be skipped. A wrapper can be misconfigured. A cached dependency can
hide a version conflict. An IDE can run against a different shell, interpreter, or
filesystem behavior than the CI runner. None of these are defects in local
automation; they are the reason local automation cannot be the final arbiter. If you
allow an AI-heavy workflow to merge on the basis of a green workstation, you have
converted a trust boundary into a convenience heuristic. That is the wrong
direction.

 
   Protected branches turn repository policy into an enforced contract.
Once a branch is protected, merge eligibility can depend on specific signals rather
than on informal team memory. Required checks are especially important because
they bind the merge decision to named, reproducible outcomes. On GitHub, the
required-check mechanism is only robust if the workflow names are unambiguous;
overlapping job names across workflows can create ambiguity and block merges for
the wrong reason. That is a small implementation detail with a large governance
effect, because the merge gate is only as interpretable as the status names
attached to it. When the check names are clear, the status surface becomes an
auditable contract. When they are sloppy, the control boundary becomes
noisy.

 
   Required reviews play a different but complementary role. CI proves that the code
path behaved as expected under the pipeline; review proves that a human accepted
the change’s intent, shape, and risk. For AI-generated patches, the interaction is
especially important. If the model regenerates a patch after approval, stale-review
dismissal or approval-of-most-recent-push rules become relevant because the
approved diff is no longer the diff under review. A protection rule that ignores that
distinction undermines the point of review entirely. The repository should not merge
yesterday’s approval into today’s patch just because the branch name has not
changed.

 
   Merge queues make authority reflect the true integration state. A patch
can be individually green and still fail when combined with the latest mainline.
Merge queues address that race by validating a queued change against a synthetic
merge group or equivalent integration state before the branch is updated. That is not
a cosmetic improvement; it is a control upgrade. It prevents the classic failure mode
where several PRs each pass in isolation, then break after landing together because
they all assumed an older branch tip. GitHub’s merge queue dispatches
a merge_group event and expects workflows that participate in required
checks to run on that synthetic state. If those workflows are absent, the queue
cannot verify the actual merge candidate, and the protection layer loses
integrity.

 
   For AI-generated changes, merge queues are especially valuable because the patch
arrival rate can be high and the commit size can be low. Many small changes reduce
individual risk, but they also increase the number of times the repository must
resolve the question, “Does this still fit with the current branch tip?” The queue gives
you a disciplined answer. It converts many speculative local successes into one
                                                                  

                                                                  
authoritative integration check. That is a good trade when the alternative is false
confidence.

 
   Patch size determines how much evidence CI can provide. Patch-first
development is not merely a style preference. It is a diagnostic architecture. A
narrow patch gives CI enough structure to pinpoint failure modes. If the patch
changes one function, a failing integration test has a concise explanation. If the
patch changes ten subsystems, the same failure becomes an investigation
into whether the cause lives in the new code, an untouched dependency,
an environment mismatch, or an interaction between all three. The larger
the generated diff, the more likely the failure is to become an archeology
project.

 
   You can see the same effect in rollback. A small patch can often be reverted or
amended without destabilizing neighboring changes. A large generated rewrite often
requires the team to reconstruct intent before it can safely be backed out. That is a
poor use of human time and a poor fit for CI as a source of authority. CI
should answer a question, not become a forensic platform for giant speculative
edits.

 
   That is why the patch-first model and the merge-authority model reinforce each
other. Patch-first work shrinks the unit of verification. CI turns that unit into
an enforceable decision. Together they produce a workflow with low blast
radius. Without patch-first discipline, CI still works, but it becomes slower,
noisier, and harder to trust because each failure covers too much surface
area. With patch-first discipline, the same CI stack becomes sharper and
cheaper.

 
   Local checks reduce cost; they do not grant permission. You still want
local validation, and you want it early. Fast tests, linting, formatting, and type checks
are ideal when they stop obvious mistakes before they consume shared CI capacity.
But their job is to reduce friction, not to redefine authority. A green local run is
evidence that your patch is plausible. It is not evidence that the repository has
accepted the patch.

 
   That distinction is easy to preserve when the team is small and the change set is
modest. It becomes harder when AI assistance accelerates throughput. Then
developers start to value the speed of local iteration so highly that they
unconsciously promote it into a governance layer. The danger is subtle: the team
stops asking whether a rule is enforced centrally and starts asking whether a rule is
usually satisfied locally. Those are not equivalent questions. Only the first one
answers the merge policy problem.

 
   If you need a simple operational test, ask whether a failed check can block the
merge even if the author insists that the code works on their machine. If the answer
is yes, you have located merge authority correctly. If the answer is no, you have a
convenience layer, not a control boundary.

 
   Authority follows the branch, not the person. One final advantage of
CI-centered merge authority is organizational consistency. Every contributor,
including the fastest AI-assisted workflow, is measured against the same branch rule
set. That keeps the policy from drifting into person-based exceptions: senior
engineer, urgent fix, generated patch, manual patch, and emergency hotfix all
                                                                  

                                                                  
still pass through the same merge boundary unless the repository explicitly
defines a separate emergency path. This matters because trust in merge
discipline depends on predictability. When the rules are stable, the team
can make narrow changes confidently. When the rules vary by person or
by tool, the repository becomes a social negotiation instead of a technical
gate.

 
   That predictability is what makes the later design of pipeline stages, review rules,
and local automation meaningful. Once CI is accepted as the authority layer, every
surrounding tool can be judged by one criterion: does it shorten the distance to a
trustworthy merge decision, or does it merely make the workspace feel productive?
The answer should shape where you invest engineering effort, where you enforce
policy, and how much room you give a generated patch before it meets the protected
branch.

   
 

   7.2    Designing Pipeline Gates for AI-Generated Changes

When AI produces small patches quickly, the cost of a poorly designed pipeline rises
just as quickly. A monolithic CI job that runs everything in one opaque pass can hide
the root cause of failure, mutate the workspace in ways that are hard to audit, and
waste runner time on checks that could have been ruled out earlier. A better
design treats CI as a sequence of increasingly expensive claims about the
patch: first, that the code is syntactically and structurally sane; then that it
builds; then that targeted behavior still holds; and finally that repository-wide
policy and integration constraints still permit merge. The order matters
because AI-generated changes tend to be frequent, narrow, and mechanically
plausible. That combination rewards gates that fail early and explain themselves
well.

 
   A representative gate layout might look like this:
   
 

 name: ci 
 
 
 
on: 
 
  pull_request: 
 
  merge_group: 
 
 
 
jobs: 
 
  lint: 
 
    runs-on: ubuntu-latest 
 
    steps: 
 
      - uses: actions/checkout@v4 
 
      - run: pre-commit run --all-files 
 
 
 
  build: 
 
    runs-on: ubuntu-latest 
 
    needs: lint 
 
    steps: 
 
      - uses: actions/checkout@v4 
 
      - run: make build 
 
 
 
  test: 
 
    runs-on: ubuntu-latest 
 
    needs: build 
 
    steps: 
 
      - uses: actions/checkout@v4 
 
      - run: pytest -q tests/unit 
 
 
 
  policy: 
 
    runs-on: ubuntu-latest 
 
    needs: test 
 
    steps: 
 
      - uses: actions/checkout@v4 
 
      - run: ./scripts/check-policy.sh

 
   That example is intentionally ordinary. Its value lies in what it refuses to do. It
does not try to repair the source tree in CI. It does not collapse linting,
building, and policy evaluation into one undifferentiated step. It does not
depend on local state from a developer workstation. Most importantly, it
runs in the same merge context that the branch protection layer will trust.
GitHub’s merge queue, for example, expects required checks to run on the
synthetic merge group, not just on the standalone pull request; otherwise
the pipeline certifies the wrong state. GitLab makes a similar distinction
between branch and merge-request pipelines, so the pipeline must be wired
explicitly for the merge context rather than relying on incidental branch
execution.

 
   Start with deterministic, low-cost gates. The first gate should answer a
simple question: is the patch mechanically coherent? Syntax checks, formatting
                                                                  

                                                                  
validation, static analysis, and fast linting belong here because they are cheap,
deterministic, and diagnostically local. If an AI patch breaks import order, violates a
style rule, or introduces an obvious type mismatch, you want that failure before the
pipeline spends minutes booting containers or provisioning databases. The first gate
should also be non-mutating. A formatter that rewrites source in CI creates an
awkward governance problem: the authoritative system has changed the
artifact, but the change has not been reviewed in the same diff that will be
merged.

 
   That is why verification should dominate correction at the authoritative layer.
Local tools may autoformat, because the developer can immediately inspect the
resulting diff. CI should usually verify formatting, not silently rewrite it. If a
correction-oriented step is unavoidable, its output should become an explicit artifact
that is surfaced for review and applied through the same patch discipline as any
other change. Otherwise CI can no longer serve as a faithful witness to the state
under test.

 
   For AI-generated edits, this matters more than it does for hand-written code
because the model can produce stylistically plausible output that hides structural
mistakes. A syntactic gate catches issues that are cheap to recognize and expensive to
ignore later. It also keeps later failures meaningful. When an integration suite fails
after lint and build have already passed, you know you are looking at semantics, not
basic hygiene.

 
   Make the build gate authoritative and reproducible. The build stage
should establish that the code compiles, packages, or otherwise materializes in a
controlled environment. This stage is where deterministic tooling earns its keep. You
want a pinned runtime image, pinned dependency resolution, and a shell
environment that matches the assumptions the repository actually supports.
If local success depends on an untracked interpreter patch, a host-specific
library, or a permissive cache, the CI build should expose that mismatch
immediately.

 
   Reproducibility at this layer is not a philosophical preference; it is a
diagnostic multiplier. A build that runs in a known container or runner
image narrows the search space when a patch fails. A build that floats across
ad hoc workstation environments broadens it. For AI-generated patches,
the difference is especially large because the patch may be mechanically
correct but semantically dependent on an environment detail the model could
not infer. Canonical runtime images, shared dependency resolution, and
centralized secrets handling give you the same execution substrate every
time. That consistency makes failures comparable across runs and across
contributors.

 
   You should also treat cache behavior as part of the gate design. Caches are useful
when they accelerate deterministic work, but they become misleading when they hide
state drift. A build that only passes because an old artifact remains in cache is not a
trustworthy signal. Prefer cache keys that encode dependency manifests, compiler
versions, and lockfiles. If a cache hits because the environment is genuinely
unchanged, good. If it misses because the environment changed, that is also
useful. A pipeline whose build stage can only succeed when its hidden state
                                                                  

                                                                  
happens to match the developer’s last run is not a merge gate; it is a guessing
machine.

 
   Use targeted tests before expensive suites. After the build passes, run the
smallest test set that can falsify the change’s local claim. For AI-generated patches,
this usually means unit tests or contract tests focused on the touched subsystem. The
point is not to minimize coverage for its own sake. The point is to preserve diagnostic
precision. If an AI patch changes one parser, running the parser’s focused tests
before the full integration suite tells you whether the change preserved the immediate
behavioral contract. If the targeted tests fail, you can inspect the patch
in the right neighborhood instead of combing through unrelated system
behavior.

 
   This ordering also changes the economics of test design. A broad end-to-end suite
as the first gate creates slow, ambiguous failures. The same suite later in the pipeline
becomes much more useful, because earlier stages have already ruled out trivial
breakage. That is why the gate sequence should usually progress from syntax and
static checks to build checks, then to focused behavior checks, and only then to
broader integration or end-to-end validation. The sequence is not sacred, but the
principle is: cheap, deterministic, and local first; expensive, stateful, and global
later.

 
   For AI-assisted changes, target selection deserves special attention. Models often
produce changes with a deceptively small footprint but a large semantic radius.
A one-line edit can alter error handling, serialization, or query behavior
in ways that spill across the system. If the pipeline only runs the entire
repository suite, you may learn that something broke without learning what
kind of contract was violated. If you add focused tests that align with the
touched path, the failure becomes more actionable. That is the difference
between “the pipeline is red” and “the parser now rejects a valid empty
field.”

 
   Reserve broad suites for repository-wide invariants. Once the change has
survived the local gates, broader tests and policy checks should answer the question
that only CI can answer: does this patch still fit the repository as a whole?
That is where integration tests, end-to-end flows, deployment validation,
and policy scans belong. These are the gates that validate cross-component
assumptions, environment wiring, migration behavior, and organization-specific
rules.

 
   Broader suites are expensive, so they should carry a higher bar for signal quality.
A flaky integration test that sometimes fails because of timing noise is a weak merge
gate, no matter how valuable it is as an exploratory diagnostic. The same
is true for policy checks that depend on undocumented side effects. If the
gate cannot explain its failure well enough for a reviewer to act on it, the
gate is too noisy to be authoritative. CI must produce evidence, not just
obstruction.

 
   Some organizations are tempted to let AI-generated changes skip broad suites if
the patch is “small enough.” That is usually the wrong trade. Small AI patches are
exactly the kind most likely to be shipped frequently, which means a false green on a
narrow patch can propagate quickly. If a rule should block entry to the mainline, the
                                                                  

                                                                  
size of the patch does not exempt it. What changes with patch size is the expected
cost of failure and the breadth of the tests you need to locate it efficiently. The merge
policy stays the same.

 
   Treat policy gates as first-class checks. Modern CI is not limited to code
correctness. It also enforces policy. That includes secret scanning, dependency or
supply-chain scanning, schema compatibility, path-sensitive approvals, and
deployment constraints. For AI-generated changes, policy gates are especially
important around high-risk files such as CI definitions, infrastructure manifests,
release automation, and repository policy files. Code owners or approval rules can be
used to force additional scrutiny on those paths, which is a practical way to
match expertise to risk. GitHub branch protection and GitLab approval
rules both support forms of path-sensitive governance, and teams should
use them for policy-bearing files rather than relying on informal reviewer
memory.

 
   Here the difference between verification and authorization becomes important. A
scan can tell you that a binary, dependency, or manifest appears to satisfy a rule. It
cannot by itself prove that the artifact was produced from a trusted build chain
unless your system explicitly validates provenance. GitLab’s own guidance
distinguishes approval policies from artifact integrity guarantees; policy evaluation
can require extra approval, but it does not magically authenticate the artifact under
review. That distinction matters when CI gates are used to approve releases, deploys,
or generated code. If provenance matters, check provenance directly rather than
inferring it from a scan result alone.

 
   Keep merge-context execution aligned with branch protection. A CI
gate is only authoritative if it runs on the same event that determines mergeability.
On GitHub, merge queues require workflows to listen for merge_group so the
required checks run on the queued merge candidate, not just on the individual pull
request. Without that, the pipeline can certify a state that never actually
reaches the protected branch. On GitLab, merge-request pipelines need to be
configured explicitly so the proposed changes are tested in merge-request
context rather than only on branch push. The principle is identical across
platforms: test the exact integration state that will be merged, not a looser
approximation.

 
   This is where platform differences matter. Some systems call the feature a merge
queue, some a merge train, and some express it through protected branches and
merge-request pipelines. The names vary, but the operational requirement does not.
If the authoritative gate does not run in the authoritative context, the merge decision
is based on a proxy. That is acceptable for a local heuristic and unacceptable for a
protected branch.

 
   Design for failure that a human can act on. The best CI gate is not the
one that catches the most problems in aggregate. It is the one that turns a
failure into a clear next step. For AI-generated patches, that property is
especially valuable because a model can make a change faster than a human can
reconstruct the intent behind it. The pipeline should therefore report failures at
the smallest useful scope and preserve evidence that helps you localize the
defect.
                                                                  

                                                                  

 
   That means preserving logs, annotating files or lines when the platform supports
it, and separating gate names cleanly enough that the reviewer can see which
contract failed. A gate named “tests” is weak. A gate named “unit: parser
round-trip” or “policy: no direct edits to deployment manifests” is much better. The
name is not cosmetic; it is part of the diagnostic surface. If a check fails, the name
should tell the reviewer where to look and what class of assumption may have been
violated.

 
   Artifacts matter here too. If a build produces a generated schema, a compiled
package, or a test report, preserve the artifact and attach it to the run. Then the
reviewer can inspect the evidence without rerunning the whole pipeline. AI-generated
patches benefit disproportionately from this practice because they often sit at the
boundary between plausible and correct. A precise artifact makes that boundary
visible.

 
   Avoid pipelines that mutate the source of truth. A common anti-pattern is
the pipeline that runs a formatter, code generator, or migrator in place and then
proceeds as if the resulting tree were the same patch that was submitted. That
creates a gap between the reviewed diff and the tested diff. If CI rewrites the source
tree, the system is no longer validating the exact patch that entered the run. It is
validating a derivative artifact, and the team must then decide whether to trust that
derivative without review.

 
   That is sometimes unavoidable, but it should not be the default. Prefer
non-mutating verification. If a generator must run, compare its output against a
checked-in expected result and fail when the output differs. If a formatter must run,
require the developer to apply it locally and submit the resulting diff. The
authoritative gate should not smuggle in unreviewed edits under the guise of
automation.

 
   This matters even more with AI-generated code because silent mutation can hide
responsibility. If the model suggested the patch, the formatter normalized it, and the
CI job adjusted it again, the final artifact may bear little resemblance to the
original intent. You want a visible patch history, not a sequence of invisible
repairs.

 
   Balance parallelism against interpretability. Modern CI platforms
encourage parallel execution, and that is useful, but maximal parallelism is not
always the right default for AI-heavy workflows. If every expensive suite runs
immediately and independently, the result may be faster wall-clock time but poorer
diagnosis. A staged pipeline that lets a cheap failure stop later work often saves more
time overall because it avoids consuming runners on checks that cannot change the
merge decision.

 
   The right balance depends on the project. Large monorepos may benefit from
parallel targeted suites once the initial gates pass. Smaller services may prefer strict
serialization to keep failure logs easy to read. The important thing is to
treat wall-clock speed and diagnostic clarity as separate goals. AI-generated
changes tend to multiply the number of candidate causes for a failure, so
preserving clarity is often more valuable than shaving the last minute from the
pipeline.

 
   A disciplined CI design for AI-generated changes therefore follows a simple
                                                                  

                                                                  
pattern: verify structure first, prove buildability second, test the smallest relevant
behavior third, and apply broad repository policy and integration checks only after
the patch has survived the local claims. When that sequence is anchored to the same
protected merge context used by branch protection, the pipeline becomes more
than a test runner. It becomes the repository’s evidence system, and the
merge decision becomes a controlled statement about a change that has been
checked in the right order, in the right environment, and against the right
policy.

   
 

   7.3    Pre-commit Hooks as Convenience, Not Policy

A good local hook setup catches mistakes before they reach shared infrastructure,
but it does not create trust. That distinction matters once AI enters the workflow,
because the same tool that speeds up patch production can also make it easier to
overestimate local success. A pre-commit hook can tell you that a formatter ran
cleanly, a linter found no obvious issues, or a secret check did not flag a pattern. It
cannot, by itself, assert that the repository has accepted the change under the
organization’s merge rules. The governance boundary still belongs in CI and branch
protection; the hook belongs in the fast path that reduces friction before you
push.

 
   A minimal but practical pre-commit setup makes that division explicit:
   
 

 repos: 
 
  - repo: https://github.com/pre-commit/pre-commit-hooks 
 
    rev: v5.0.0 
 
    hooks: 
 
      - id: trailing-whitespace 
 
      - id: end-of-file-fixer 
 
      - id: check-yaml 
 
 
 
  - repo: local 
 
    hooks: 
 
      - id: ruff 
 
        name: ruff 
 
        entry: ruff check . 
 
        language: system 
 
        types: [python]

 
   That configuration is useful because it standardizes local checks without
pretending to be the final authority. The framework installs and runs hooks
consistently across the team, which makes it a good vehicle for early feedback and for
mirroring simple CI checks locally. But even a disciplined hook chain remains a
developer-side convenience. Users can skip it, install it incorrectly, or run it in an
environment that differs from the CI runner. The framework’s purpose is to reduce
latency, not to certify merge eligibility.

 
   Treat hooks as early warning, not as a merge credential. The cleanest
way to think about local automation is to classify it by the failure it can
prevent, not by the authority it can claim. Hooks are excellent at catching
low-cost, high-frequency problems: indentation errors, trivial formatting drift,
malformed YAML, unused imports, or an obvious missing file newline. They
are also useful for running lightweight checks that are annoying to discover
only after a push. That makes them ideal for shortening the local feedback
loop.

 
   They are not ideal for defining policy. Policy must be centralized, auditable, and
reproducible under the same conditions that govern the merge. A hook cannot
guarantee that all contributors used the same version of the tool, the same
interpreter, the same environment variables, or the same dependency set. It cannot
guarantee that no one bypassed it with a skip flag. It cannot guarantee that the
                                                                  

                                                                  
repository state under test is the same state that branch protection will evaluate.
Those are not edge cases; they are the normal reasons local checks are subordinated
to CI.

 
   Once you frame hooks as warning signals, their role becomes clear. They should
surface likely failure modes early, and if they pass, they should increase your
confidence that the patch is worth sending onward. But a green hook run remains a
probability boost, not a permission slip.

 
   Mirror CI categories locally, but do not collapse them. A useful local
setup mirrors the categories of CI without claiming to replace them. If CI
runs formatting validation, a local formatter hook makes sense. If CI runs a
cheap secret scan, a local secret scan makes sense. If CI runs a lint pass that
finishes quickly and deterministically, the same check belongs in the hook
chain. The local environment then acts as a preview of the authoritative
pipeline, which saves shared compute and shortens the time between edit and
failure.

 
   The key is to preserve category separation. A hook that formats code is not the
same thing as a CI job that validates formatting. A hook that runs a fast unit subset
is not the same thing as a broader test job that executes in a pinned runner. Local
tools can approximate the classes of checks that CI will later enforce, but
they should not blur the boundary between convenience and governance.
Chapter-level policy lives remotely; local tooling only helps you get there with fewer
surprises.

 
   This is where the economics of AI-generated changes matter. A model can
produce many small edits quickly, and each edit can trigger a local check. That
makes local checks valuable, but it also makes them easy to mistake for final
verification. The more frequently the assistant generates plausible-looking diffs, the
more you need a strict rule: if CI will block the merge on a condition, a local hook
may preview that condition, but it may not replace it.

 
   Prefer visible correction over silent mutation. Silent correction is the most
subtle way local automation can undermine discipline. A formatter or code generator
that rewrites files automatically is often helpful, especially when the developer can
immediately inspect the resulting diff. The problem arises when the rewrite
becomes invisible or routine enough that the developer stops reading what
changed. At that point, the tool has shifted from convenience to hidden
transformation.

 
   A safer pattern is to make any automatic rewrite obvious and reviewable. If the
tool changes files, you inspect the diff before staging or committing. If the tool only
verifies state, it fails loudly and tells you what to fix. Both patterns preserve
accountability. The dangerous middle ground is the automation that mutates files,
continues execution, and leaves the user with a false sense that the patch has already
been accepted by the toolchain.

 
   The same rule applies to AI-assisted edits. If a formatter normalizes code after
the model proposes a patch, you still need to read the normalized diff. If a task
wrapper re-runs a command until it passes, you need to know which run produced
the final state. If a file watcher silently edits code in response to a save event, you
need a visible boundary that tells you when the machine has changed the source and
                                                                  

                                                                  
when you are expected to re-review it. Hidden mutation is convenient right up until
it obscures responsibility.

 
   Keep local hooks fast enough that you do not train people to bypass
them. Hook design has a human factor that teams often underestimate. Slow hooks
encourage skip behavior. Noisy hooks encourage distrust. Non-deterministic hooks
encourage resentment. Once developers learn that the hook is a tax rather than a
shortcut, they will look for ways around it, and the whole control model
weakens.

 
   That means the local set should stay small and cheap. Favor checks that
usually complete in seconds, not minutes. Favor deterministic behavior over
maximal coverage. Favor checks that fail for clear reasons over tools that
produce a long wall of unrelated output. If a check takes too long, move it to
CI and let the authoritative system handle it. The local workflow should
help you avoid obvious mistakes, not reproduce the entire pipeline on every
save.

 
   This is also where patch-first habits and hook discipline reinforce each other.
When the AI produces a narrow patch, the local hook run stays fast and
interpretable. When the AI produces a sprawling edit, the hook run becomes more
expensive and less actionable. The same design pressure that favors narrow diffs in CI
also favors narrow, cheap hooks locally.

 
   Use the pre-commit framework for standardization, not for
authority. The pre-commit framework is valuable because it gives you a
consistent way to install, version, and execute local hooks across a team. That
consistency matters. It reduces the friction of onboarding, makes hook definitions
reviewable in version control, and helps local and CI checks stay aligned. In
practice, that makes it an excellent mechanism for predictable developer-side
feedback.

 
   But standardization is not enforcement. A standardized hook still runs on a
workstation under a user-controlled process. It can be absent. It can be disabled. It
can target a different interpreter or shell than the CI job. It can even be correct while
the CI environment is wrong, or vice versa. The framework helps you reduce
divergence; it does not dissolve the trust boundary between local execution and
server-side policy. If you want the local check to matter, mirror the CI logic as closely
as practical. If you want the check to decide whether the patch may merge, put that
decision in CI.

 
   A practical implication follows: keep the hook definitions in the repository, version
them like code, and review them like code. That makes the local policy
visible to the team and lets CI reuse the same conceptual checks. It does not,
however, make the local check authoritative. The repository can coordinate
behavior through a shared config file while still reserving merge power for the
server.

 
   Separate convenience checks from required checks. The most robust
operating model is to split checks into two classes. Convenience checks run locally
and help you avoid predictable mistakes. Required checks run in CI and decide
whether the patch may land. The split is simple, but teams often blur it by accident.
They treat a green local hook chain as evidence that the branch is ready, or they
                                                                  

                                                                  
relax CI because the hooks already caught the obvious mistakes. That is exactly
backward.

 
   A practical division looks like this:
   
 
 	  Local
  convenience                
 
	  CI authority                                                       
 


		
	  Formatting
  checks                             
 
	  Required formatting validation                                         
 


	  Cheap
  linting                             
 
	  Full lint or policy gates                                                   
 


	  Lightweight
  secret
  scan                               
 
	  Centralized secret scanning                                              
 


	  Fast
  unit
  subset                             
 
	  Authoritative test matrix                                                
 


	  File-specific
  wrappers                         
 
	  Protected branch merge checks                                         
 


	                             
 
 


   That table is not a prescription for every repository, but it captures the
governance pattern. Anything that matters enough to block entry to the main branch
belongs in CI. Anything that mainly reduces iteration cost belongs in local
automation. If a local check is also a required check, duplicate the logic in CI rather
than pretending the local run is sufficient.

 
   Watch for drift between local and remote rule versions. One of the easiest
ways to undermine confidence is to let local rules drift from CI rules. A hook can
quietly use an older linter version, a different config path, or a different file-matching
rule than the server uses. For AI-generated changes, that drift is especially dangerous
because the generated patch may be correct only under one rule set. A developer
sees green locally, pushes, and then discovers that CI enforces a different
interpretation.

 
   You reduce this risk by treating hook versions and configs as part of the
repository contract. Pin versions where the ecosystem supports it. Keep the same
configuration file names and paths in both local and CI contexts when possible. If the
environments differ, make the differences explicit rather than accidental. A local hook
should ideally predict CI, not merely perform a vaguely related task with the same
tool name.

 
   The same caution applies to lockfiles and package managers. If a hook relies on
the current developer cache or unpinned tool version, it may succeed for the wrong
reason. That kind of accidental success is particularly deceptive with AI-generated
code because the patch may already be harder than usual to reason about. Keep the
local path as close to the CI path as practical, and let the remote system retain final
authority.

 
   Use local automation to reduce review noise, not to replace review.
There is a tendency to imagine that if hooks and wrappers are strong enough, the
team can reduce the need for careful review. That is not how the control model
works. Local automation can eliminate uninteresting failures before they consume
reviewer attention, and that is valuable. It can also make diffs cleaner by normalizing
formatting or flagging obvious mistakes before a human looks. But it cannot judge
whether the patch matches the intended behavior, whether the change boundary is
appropriate, or whether a generated transformation has preserved a hidden
invariant.
                                                                  

                                                                  

 
   That limitation becomes more important when the patch comes from a model. AI
can generate convincing code and plausible explanations at the same time. A green
local hook run may make the explanation feel even more trustworthy than it is.
The correct response is not to weaken the hooks; it is to keep their role
narrow. Use them to improve patch quality and reduce avoidable friction. Use
review and CI to decide whether the patch deserves to exist on the protected
branch.

 
   Make skip paths visible and intentional. Any local hook system needs an
escape hatch for unusual cases, and that is fine. Emergency work, tooling failures,
and environment issues happen. The problem is not that skip paths exist; the
problem is when they become informal or habitual. If developers routinely bypass
hooks because they are inconvenient, the tool has stopped being a convenience and
started being a nuisance.

 
   The remedy is policy, not mystique. Tell the team when it is acceptable to bypass
a local hook, and require the bypass to be explicit and reviewable. If a developer
skips a hook because the local environment is broken, CI still catches the missed
condition. If a developer skips a hook because the tool is flaky, that flakiness should
be addressed or the check should be moved out of the local path. Skip paths should
be narrow, deliberate, and rare.

 
   This is another place where CI’s authority matters. Even if the local hook is
bypassed, the required server-side check still blocks an unsafe merge. That
redundancy is not waste. It is the mechanism that allows local automation to remain
lightweight without becoming a security or quality blind spot.

 
   Keep the operational rule simple. The simplest policy statement is also the
one that teams are most likely to violate under pressure: convenience may run
anywhere, but merge rules must run where everyone can trust and audit them. Local
hooks, wrappers, and editor integrations can make AI-assisted work much
smoother, and they should. They can catch many small issues before the
branch leaves the workstation, and they should. But they do not replace the
repository’s authoritative checks, because they do not sit at the protected merge
boundary.

 
   If you keep that hierarchy intact, local automation becomes what it is good at: a
fast, low-friction guardrail that improves the odds of a clean CI run. If you blur the
hierarchy, the hook stops being a helper and starts being a false proxy for the policy
layer.

   
 

   7.4    Human Review Protocols and Trust Boundaries in Teams

A review that merely confirms the CI lights are green is not a review. It is a handoff.
Once AI enters the development loop, that distinction matters because the model can
generate code, tests, and explanations that all look mutually consistent while still
being wrong in a way only a human can detect. The reviewer’s job is therefore not to
approve the existence of a patch. It is to examine whether the patch deserves the
                                                                  

                                                                  
team’s trust at the point where semantics, architecture, and business risk
meet.

 
   A disciplined review flow usually starts with the evidence, not the narrative:
   
 

 git fetch origin 
 
git show --stat --patch origin/feature/ai-fix 
 
git diff origin/main...HEAD

 
   That sequence forces you to inspect the change as a diff before you read the
model’s explanation or the author’s summary. The ordering is intentional. Diffs,
logs, tests, and CI results are evidence; the model’s prose is a claim about that
evidence. The reviewer should not allow the explanation to substitute for inspection.
When a generated patch is plausible but subtle, the diff is the only artifact that
exposes where control flow, invariants, or side effects actually changed. The
team’s trust boundary should be built around that inspection, not around the
confidence of the person or model that wrote the code. Required reviews are a
mechanical control, but the quality of the review still depends on scope
discipline, ownership mapping, and whether the reviewer looks at the right
evidence.

 
   Review artifacts before you review intent. Generated code invites a
dangerous shortcut: accepting the patch because the rationale sounds coherent. That
is exactly backward. Review begins with the concrete artifact set: the diff, the test
changes, the CI status, and any logs or reports attached to the run. From there, you
ask whether the code change matches the stated intent, whether the tests actually
exercise the behavior that changed, and whether the patch introduces any hidden
side effects.

 
   This order matters because AI can generate convincing language alongside the
patch. A human reviewer may feel that a patch is already understood after reading
the explanation, when in fact the explanation is only a hypothesis about what the
code does. If you inspect the artifact first, the explanation has to earn your trust.
That is a healthier asymmetry.

 
   The simplest habit is to compare the diff against the claimed scope. If the author
says the patch fixes a parser bug but the diff also rewrites error handling, HTTP
timeout behavior, and a release script, the review has already shifted from
mechanical to architectural. At that point you should ask whether the decomposition
is still reviewable or whether the change needs to be split. AI workflows tend to
enlarge scope by accident because a single prompt can produce a broad edit.
Reviewers must compensate by treating scope expansion as a signal, not an
inconvenience.

 
   Separate mechanical correctness from semantic correctness. CI can verify
that a patch builds, that tests pass, and that required policy scans complete. It
cannot fully determine whether the patch preserves the right meaning. That is the
reviewer’s domain. The reviewer needs to answer questions that machines can only
approximate: Does the patch preserve the intended invariant? Does it alter behavior
in a way the tests do not cover? Does it create a new failure mode under a realistic
edge case? Does it change an interface in a way that will surprise downstream
consumers?

 
   This distinction becomes sharper with AI-generated changes because the model
                                                                  

                                                                  
often optimizes for local plausibility. It may produce code that compiles and
even passes a focused test while still encoding a mistaken assumption. A
parser test might pass while a corner-case record format silently regresses.
A refactor might preserve nominal behavior while breaking a log line that
another service parses. A reviewer should look for these semantic mismatches,
especially when the patch is small enough to feel safe and broad enough to hide
surprise.

 
   A useful pattern is to ask whether the tests validate the change or merely mirror
it. Generated tests deserve skepticism for the same reason generated code does:
they can encode the same mistaken model of the problem. If a code change
and its test were produced from the same flawed premise, both can pass
and still be wrong. Human review is the place where that symmetry gets
broken.

 
   Use ownership to map expertise to risk. Code-owner review is the
platform-supported way to align expertise with paths that matter. When the patch
touches deployment manifests, CI configuration, security policy, or infrastructure
code, the reviewer should not treat those files as generic source. They are
policy-bearing artifacts. A person who understands the business logic of a service
may still miss the implications of a runner image change, a secret scope modification,
or a branch-protection rule edit.

 
   Ownership mapping solves part of that problem by routing specific paths to
people who know the consequences of those edits. Teams that use GitHub or GitLab
should treat code-owner or path-based approval rules as the normal mechanism for
this routing, not as a special exception. If the patch touches files that influence how
the repository is built, tested, or deployed, the review should include someone who
understands the operational impact, not just the application logic. GitHub and
GitLab both support ownership and approval patterns that make this practical at the
repository level.

 
   This is especially important for AI-assisted changes because the model can move
across file boundaries cheaply. A prompt that asks for one fix may lead to edits in
source code, tests, docs, and pipeline files all at once. That breadth is not
automatically bad, but it increases the number of trust domains involved. When the
patch crosses domains, reviewers should enforce narrower decomposition or require
multiple approvals. A single person cannot be equally authoritative on application
semantics, deployment policy, and security posture unless the patch is genuinely
trivial.

 
   Treat stale approvals as invalid when the diff changes. AI workflows often
regenerate a patch after review has already begun. That creates a specific failure
mode: the approval applies to an earlier version of the diff, but the new diff now
contains different assumptions. Stale-review dismissal addresses exactly this problem.
If a new commit materially changes the patch, prior approval should no longer carry
forward automatically. That rule is especially important when an AI assistant is
iterating on the same branch, because the model can make a second pass
that subtly alters behavior while preserving the superficial shape of the
fix.

 
   You should treat this as a control boundary, not an annoyance. A reviewer who
                                                                  

                                                                  
approved version one of a patch did not necessarily approve version two. The repo
should not infer consent from proximity. If the content changed, the review should be
refreshed. This is not just a mechanical safety net; it is a trust statement. The team
is saying that review applies to the actual artifact, not to the branch name or to the
conversation history around it.

 
   The practical implication is simple: if the assistant regenerates the patch in
response to comments, assume the old approval has expired. The reviewer should
recheck the diff, especially the lines that changed in the second pass. That habit
keeps generated patches from drifting past the point where human intent still
matches the current code.

 
   Apply heightened scrutiny where the blast radius grows. Not every patch
deserves the same depth of inspection. A whitespace cleanup and a migration rewrite
do not present the same risk. Human review must scale with blast radius: the number
of places where a defect could surface and the cost of that defect if it does.
AI-assisted workflows make this more important because they can produce broad
edits with little friction.

 
   High-scrutiny cases include multi-file refactors, interface changes, security-sensitive
logic, schema migrations, release automation, and any patch that modifies
policy-bearing files. These changes deserve stricter inspection because a reviewer
cannot rely on one local assumption to explain the whole patch. If the model touched
both business code and the CI pipeline, for example, you need to ask whether
the pipeline edit is merely a supporting change or a policy change in its
own right. If the patch affects authentication, billing, or data deletion, you
should look for evidence that the failure modes were explicitly considered and
tested.

 
   A good review protocol asks three questions in these cases. First, is the patch
decomposed into reviewable units, or did the AI flatten unrelated changes
into one diff? Second, does the patch preserve the invariants that matter
most to the system? Third, is the author asking you to trust prose where
you should demand evidence? If the answer to the third question is yes,
slow down the merge. The reviewer’s power is not just to approve; it is to
require decomposition when the scope exceeds what a single pass can safely
validate.

 
   Read tests as evidence, not as decoration. Tests occupy a special place in
AI-generated work because they can either reinforce or obscure the meaning of a
patch. A good review does not stop at “tests pass.” It asks whether the tests validate
the right property, whether they are sufficiently independent of the implementation,
and whether they fail for the reason you would expect if the patch were
wrong.

 
   Generated tests are particularly tricky. They often match the structure of the
code too closely, which makes them vulnerable to the same conceptual mistake. A
model that misunderstands a boundary condition can generate a method and a test
that both encode the error consistently. That gives you a green suite and a false sense
of safety. Human reviewers should look for this pattern in any patch where the tests
changed alongside the implementation. The right question is not whether the tests
are present. The right question is whether the tests would have caught the bug before
                                                                  

                                                                  
the patch existed.

 
   When the test surface is large, the reviewer can also inspect the failure mode by
reading the assertion semantics. Does the test check a stable contract, or does it
simply repeat an implementation detail? Does it assert the observable effect that
matters to downstream code, or just an internal shape that the author happened to
choose? Those distinctions are central when you are deciding whether a generated
patch has earned trust.

 
   Validate claims against artifacts, not against confidence. The review
conversation should stay anchored to artifacts that can be inspected independently of
the author’s confidence. If the author says the patch preserves backward
compatibility, where is that shown? If they say the migration is safe, what proves
that the schema change is reversible or at least operationally bounded? If they
say the performance impact is negligible, what measurement supports that
claim?

 
   This is where the evidence model matters. Diffs, logs, benchmark output,
deployment checks, and CI status are concrete. Explanations, intentions, and
model-generated summaries are auxiliary. A reviewer who can connect the claim to
the artifact has a stronger basis for approval than a reviewer who merely agrees with
the narrative. That discipline protects you from the smoothness of AI-generated
prose, which can create the illusion that a patch has already been reasoned through
when it has not.

 
   The same principle applies to generated documentation or change notes. A model
can write a polished summary of a bug fix, but the summary does not establish
correctness. It only records the author’s claim. The reviewer still has to compare the
claim against the code and the evidence.

 
   Keep reviewer protocol narrow enough to stay reliable. Teams often fail
review quality by making the protocol too vague. “Please review carefully” is not a
protocol. A reliable protocol gives reviewers a stable set of questions and escalation
criteria. For AI-generated changes, that protocol should explicitly include scope
check, ownership check, diff review, test adequacy check, and stale-approval
invalidation when the patch changes.

 
   A practical checklist might look like this:
   
 

 # reviewer checklist 
 
1. Read the diff before the summary. 
 
2. Check whether scope changed unexpectedly. 
 
3. Verify tests cover the changed behavior. 
 
4. Confirm owner paths are reviewed. 
 
5. Re-review after any regenerated patch.

 
   The value of a checklist is not ceremony. It is consistency under load. Reviewers
get tired, and AI-assisted work increases the number of patches that feel routine
while actually changing important behavior. A checklist keeps the team from relying
on memory for the parts of the job that should be invariant. If the patch touches
security policy, deployment config, or cross-service interfaces, the checklist should
force an explicit pause before approval.

 
   Balance trust and throughput deliberately. Stronger review improves safety,
but only if it stays focused on the changes that matter. If every patch is treated as
high risk, the process becomes slow enough that people start looking for ways around
it. That is how teams accidentally weaken the very boundary they are trying to
protect. Good review policy therefore discriminates. Mechanical changes with obvious
                                                                  

                                                                  
scope and low blast radius can move quickly if the evidence is clean. Broad,
ambiguous, or policy-bearing changes should slow down and pick up additional
scrutiny.

 
   The decision criteria are practical. Ask how broad the diff is, whether
the patch crosses ownership boundaries, whether the change is reversible,
whether the post-merge observability is good, and whether the reviewer
can independently reason about correctness from the evidence provided. If
the answer set is weak, require more decomposition or another reviewer.
If the answer set is strong, approve with confidence and keep the pipeline
moving.

 
   That balance is where the trust boundary becomes real. Humans do not compete
with AI on speed. They enforce intent fidelity, scope discipline, and accountability at
the points where automation cannot tell you whether a change is merely plausible or
actually acceptable.

   
 

   7.5    IDE and Watch-File Integration Without Losing Discipline

Convenient interfaces change how quickly you can iterate, but they should not
change what counts as a trustworthy patch. That matters when AI is in the
loop, because an editor panel or file watcher can make the workflow feel
continuous and low-friction while quietly hiding the same governance risks that
existed at the terminal. The safety model stays intact only if the interface
preserves explicit diffs, visible validation, and an unambiguous handoff to CI. If
those properties disappear, the tool has crossed from acceleration into policy
drift.

 
   A disciplined IDE-based loop can look like this:
   
 

 aider --file src/parser.py --file tests/test_parser.py 
 
pytest -q 
 
git diff -- src/parser.py tests/test_parser.py 
 
git commit -am "Fix parser edge case"

 
   That pattern is useful because it keeps the patch visible at every step. You
request a bounded edit, inspect the diff, run validation where you can see it, and
commit only after you have reviewed the exact artifact that will leave the
workstation. Whether the assistant is launched from a shell, a command palette, or a
watch-file loop, the same rule applies: the user interface may be ambient, but the
patch must remain explicit. Editor integrations and file watchers are helpful because
they shorten the path from intent to feedback. They are not helpful if they obscure
what changed or make it easier to skip inspection. JetBrains File Watchers,
for example, are designed to run formatters, linters, or compilers on file
change or save and surface diagnostics inline; that is acceleration, not merge
authority.

 
   Preserve the diff as the unit of trust. The first invariant to defend is the diff
itself. If you cannot point to the exact lines the assistant changed, you have already
lost the patch-first model. IDE panels, watch-file workflows, and assistant sidebars
often encourage a continuous sense of flow: ask for a fix, watch the file update, accept
                                                                  

                                                                  
the result, move on. That is convenient, but it can also create a blind spot if the user
stops reading the resulting patch. The correct habit is to force a reviewable diff
before any commit or push, no matter how pleasant the surrounding interface
becomes.

 
   This is why integration quality should be judged by questions that have nothing
to do with branding. Can the tool constrain edits to selected files or folders? Does it
present the patch in a standard SCM view? Can you see the exact hunks before you
stage them? Can you reject a change without leaving the current context? If the
answer to any of those is no, the integration is pushing too hard toward opaque
automation.

 
   The reviewer’s mental model should remain identical across interfaces. A shell
session, an editor command, and a file watcher are just three ways to generate a
patch. None of them has special standing. The patch is the artifact; the interface is
only the transport.

 
   Use watch-file loops for latency, not for authority. Watch-file workflows are
valuable when you are iterating on repetitive fixes, such as formatting, compile
errors, or small test failures. They reduce the time between edit and feedback and
they can make the local loop feel much tighter than a manual terminal cycle. That
speed is useful, especially when AI generates a small patch and you want fast repair
cycles. But a watcher does not strengthen policy. It only shortens the path to the
next local check.

 
   The key operational constraint is visibility. If the watcher triggers a formatter or
linter, you should see the command, the output, and the resulting file changes. If it
triggers a re-run after every save, you should still know which run produced the
current state. Watchers become unsafe when they re-enter silently, retry behind the
scenes, or apply changes that the user does not explicitly inspect. A hidden retry
loop may be acceptable in a build farm; it is not acceptable when the local source
tree is the object being edited.

 
   Treat watcher output the same way you treat a shell command’s output. Read it.
If the tool rewrites files, inspect the diff again. If it only reports diagnostics, fix the
source and re-run. The watcher’s job is to reduce friction, not to smuggle in
unreviewed mutations.

 
   Align watcher commands with the same CLI used in CI. The safest way
to avoid drift is to make local watcher commands wrappers around the same
underlying binaries that CI runs. If CI uses a specific linter version, the watcher
should call that same version through the same configuration path when possible. If
CI expects a formatter to run in check mode, the watcher should not invoke a
different formatter package or a different config file. The more the watcher diverges
from CI, the more likely it becomes to validate a patch under one rule set and merge
it under another.

 
   This alignment is especially important for AI-generated changes because
generated edits often appear plausible under one toolchain and fail under another. A
local IDE plugin may format imports one way, while CI validates a different import
ordering rule. A watcher may use a cached interpreter from the workstation, while CI
uses a pinned container image. Those differences are not inherently problematic, but
they must be intentional and documented. If the local loop is meant to predict CI,
                                                                  

                                                                  
then the command paths, config files, and versions should match as closely as
practical.

 
   The practical test is simple: if you disabled the IDE and ran the same command
from a terminal in the same repository state, would you expect the same result? If
not, the integration is no longer just a convenience layer. It is a separate execution
environment, and it should be treated with the same skepticism as any other
uncontrolled environment.

 
   Keep repository policy independent of any specific IDE. Repository
policy should never assume that a contributor uses a particular editor, plugin, or
watch mechanism. That assumption breaks portability immediately. Teams use
different editors, different shells, different plugin versions, and different operating
systems. A policy that depends on a JetBrains feature, for example, cannot serve as
the team’s merge rule unless every contributor is forced onto that stack. That is the
wrong place to encode trust.

 
   The better pattern is to let IDE integrations call tools that already exist in the
repository or in the CI image. The policy lives in version-controlled scripts, CI jobs,
and protected branch rules. The IDE merely offers a more comfortable way to invoke
them. This keeps the merge model editor-agnostic and avoids creating a hidden class
of contributors who get better validation because of the tooling they happen to
use.

 
   This also improves survivability. If the IDE plugin breaks, the policy still
works. If the watcher stops firing, the CI gate still runs. If a contributor
prefers a minimal text editor, the repository still behaves the same way.
That separation of concerns is what keeps convenience from turning into
fragility.

 
   Use ambient tooling to preserve small patches. The strongest argument for
editor integrations in an AI workflow is that they make small request/patch cycles
easier to sustain. When the assistant is one keystroke away, you are more likely to ask
for a narrow edit instead of a broad rewrite. When file watching is active, you can
repair syntax or type errors immediately after the patch lands. That is good, because
patch-first work depends on small, reviewable changes. Ambient tooling can
reinforce that discipline if it nudges you toward bounded edits and quick
inspection.

 
   The opposite is also true. If the interface makes it too easy to continue a
background rewrite, you will drift into larger diffs. Large diffs are harder to review,
harder to revert, and harder for CI to diagnose. So the integration should encourage
file selection, not global mutation. It should make it easy to scope the assistant to a
directory or a few files. It should make it obvious when a generated change has
spilled beyond the intended boundary. And it should make it no harder to inspect the
diff than it is to request it.

 
   A good design signal is whether the tool naturally asks you to confirm the
resulting patch before moving forward. A bad signal is whether it tries to keep
operating in the background until the source tree looks vaguely clean. The first
supports disciplined iteration. The second erodes it.

 
   Treat local validation as visible, not ambient. Editor-integrated validation
is only useful if the result is visible enough to inspect. A status light or transient
                                                                  

                                                                  
popup is not enough for an AI-assisted workflow. You want logs, command output,
and file annotations that point you to the actual issue. If a watcher runs a formatter
or linter, you should be able to tell whether it failed because of syntax, style, or a
semantic problem. If it succeeds, you should still know what succeeded and on what
files.

 
   This matters because invisible validation tends to produce mistaken confidence. A
green icon in the corner does not tell you whether the check ran against the intended
files, whether it used the intended version, or whether it was the same check CI will
later trust. The validation output should be concrete enough that you can compare it
with the authoritative pipeline. That is how you preserve a coherent mental model
across tools.

 
   For AI-generated changes, readability matters more than raw speed. A
patch that gets fixed by a watcher but never visibly explains its own failure
is still a patch you do not understand. When the patch is small, you can
afford the time to look. When the patch is broad, the warning sign is even
stronger.

 
   Preserve rollback clarity by keeping commits narrow. One hidden cost of
ambient tooling is that it can blur where one change ends and another begins. A
watcher might repair formatting, the assistant might revise logic, and the editor
might auto-update tests, all in the same working tree. That is fine while you are
iterating, but the commit boundary still has to be clear. If you cannot describe what
one commit does, you cannot roll it back cleanly.

 
   Commit clarity starts with scope control. Keep the assistant scoped to a few files
when possible. Let the watcher handle repetitive mechanical changes only if those
changes remain inspectable. Separate unrelated fixes into separate commits when
practical. That discipline makes rollback obvious when CI finds a problem later. It
also keeps the review surface manageable, which is especially important when AI has
generated part of the diff and human intent must be reconstructed from the artifact
itself.

 
   You can use a simple checkpoint rule: if the patch would be hard to revert
without affecting unrelated behavior, it is too broad for comfortable ambient
iteration. Break it up before pushing. The goal is not just to make the code correct.
The goal is to make the history legible.

 
   Do not let UI convenience weaken CI authority. The final control
boundary remains the same regardless of interface: CI decides whether the patch may
merge. IDE integrations, file watchers, and save-time commands can make local work
much faster, but they do not alter merge authority. If a check must block entry to
the protected branch, it must run in CI. If a check only helps you avoid
obvious mistakes, it can run locally too. The interface never changes that
rule.

 
   This is why the safest posture is conservative. Let the IDE help you request
narrow edits, surface diagnostics, and keep the patch visible. Let the watcher shorten
the cycle of correction. Let local validation run as early as possible. But keep the
merge gate remote, explicit, and reproducible. That separation lets teams adopt
ambient tooling without sacrificing the discipline that keeps AI-generated work
reviewable and reversible.
                                                                  

                                                                  

 
   When the workflow stays in that shape, the editor becomes a faster way to
produce a bounded diff, not a substitute for the repository’s own judgment.
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