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Abstract

The ongoing transition of Large Language Models in software en-
gineering from code generators into autonomous agents requires
a shift in how we define and measure success. While models are
becoming more capable, the industry lacks a clear understanding of
the behavioral norms that make an agent effective in collaborative
software development in the enterprise. This work addresses this
gap by presenting a taxonomy of desirable agent behaviors, synthe-
sized from 91 sets of developer-defined rules for coding agents. We
identify four core expectations: Adhere to Standards and Processes,
Ensure Code Quality and Reliability, Solve Problems Effectively, and
Collaborate with the Developer. These findings offer a concrete vo-
cabulary for agent behavior, enabling researchers to move beyond
correctness-only benchmarks and start designing evaluations that
reflect the socio-technical nature of professional software develop-
ment in enterprises.
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1 Introduction

Powered by recent advancements in Large Language Models (LLMs),
the nature of Generative Al tools for software engineering has been
undergoing a rapid transformation over the past few years, shifting
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from passive code completers [21] to increasingly autonomous
agents capable of tackling complex tasks including testing [10],
migrations [17], bug fixing [15, 19] , and more. This evolution
marks a critical paradigm shift: from Al as a tool to be wielded by a
developer to Al as a collaborative partner integrated into a software
team’s workflow [11, 13].

As agents assume this role of "partner,' the definition of success
becomes increasingly ambiguous. While current models are becom-
ing more capable of generating correct code, the industry lacks a
clear understanding of the behavioral norms that make an agent an
effective contributor within a software development team. Unlike
a simple tool, an autonomous partner must demonstrate sound
judgment, adhere to team values and norms, and communicate
effectively—qualities that are often implicit and difficult to define.

This ambiguity creates a significant gap in how we measure
progress. The field has been heavily guided by benchmarks like
SWE-bench [8] and LiveCodeBench [6], which define success pri-
marily in terms of functional correctness. By fixating on the final
code output, they are fundamentally unequipped to assess the col-
laborative behaviors and process adherence that enables software
development in a team setting.

To address this challenge and move beyond a monolithic view
of agent performance, we ask the overarching research question:
What are the core behaviors an intelligent agent should be evaluated
for in software engineering?

To answer this question, we derived a taxonomy of four core
behavioral expectations and 15 specific attributes through a qual-
itative analysis of 91 real-world agent rule sets deployed within
Google, a large technology company. Agent rules are often de-
fined in project-level configuration files!, such as CLAUDE . md or
GEMINI.md, that allow developers to provide custom instructions
and behavioral guidelines to steer how an Al agent approach tasks
within a given codebase. By characterizing these behavioral expec-
tations of Al agents as partners, we provide the missing vocabulary
needed to close the current evaluation gap, enabling the field to
move beyond functional correctness and start assessing an agent’s
capacity for effective teamwork.

! An introduction to agent rule files: https://cursor.com/docs/context/rules.
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2 Related Work

The optimization targets of Al in software engineering have been
heavily expressed in and codified by benchmarks. Early bench-
marks such as HumanEval [4] and MBPP [1] established functional
correctness as the primary metric, treating the agent as a black-box
code generator. Success was measured by pass@k rates on unit
tests, a suitable method for evaluating single-shot code completion.
As tasks grew more complex, benchmarks like SWE-Bench [8] and
SWE-Lancer [16] maintained this focus on final outcomes, albeit
for more challenging, multi-file problems. Most recently, with the
rise of autonomous agents in coding, the research focus has shifted
from the final output to the process of generating it. Frameworks
like MAST [18] and TRAIL [5] provide valuable perspectives and
common failure modes to look out for.

One important capability of coding agents that many existing
evaluation techniques do not assess is the quality of the agent’s
interactions with the developer. In contrast, in domains such as
medicine and education, human-centric metrics have been adopted
when assessing LLMs’ capabilities. For instance, studies in medicine
evaluate Al not just for diagnostic accuracy but also for the quality
and empathy of its communication with patients [2, 12]. Similarly,
in education, Al tutors are assessed on their ability to provide
scaffolding and encouragement, not just correct answers [9, 14, 20].

Within the AI for SWE domain, researchers are beginning to
acknowledge this need. In an observational study, Kumar et al.
[11] found a direct correlation between successful task completion
and the amount of human-agent communication, highlighting the
importance of interaction quality. However, the specific character-
istics that constitute high-quality human-Al interaction within this
domain remain unclear.

One source of developers’ expectations for agent behavior is
agent rules, a mechanism for developers to provide project-level
context and directives that has recently seen growing adoption
across the industry. In a study by Jiang et al. [7], 36% of repos stud-
ied have agent rule files that contain behavior-related guidelines.
Similarly, in Chatlatanagulchai et al’s study, 24.4% of agent context
files contained specific instructions on the desired behavior and
roles of agentic coding, and methods for integrating other Al tools
[3]. While these studies take a descriptive approach to analyzing
the content of agent rules in open source software projects, this
work leverages data from one of the largest enterprise codebases,
and focuses primarily on the expected behaviors expressed in these
rules to establish a normative taxonomy for the evaluation of agent
behavior.

3 Methods

To create a taxonomy of desirable agent behaviors in enterprise
software engineering, we analyzed 91 project-level rule files for
coding agents at Google, a global technology company. Collected
in late July 2025, about a month after support for agent rules was
introduced to software developers at the company, this dataset
represents perspectives from early adopters of agent rules in this
organization.

Two of the authors performed iterative open coding on 15 rule
files, which led to a codebook consisting of 15 behavioral attributes
grouped by four themes. To scale the analysis, we employed an
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LLM-based annotator to code the remaining corpus. We instructed
the model to first segment each file into a set of coherent rules and
then annotate each rule with up to three codes from the codebook.
On a validation set of 5 files (95 rules), the annotator achieved 94.4%
precision and 91.2% recall with zero hallucinations, a performance
we deemed acceptable for our qualitative analysis. The prompt
template for the annotator and the full codebook are available in
the supplemental material.

4 Findings

Our analysis of the agent rules defined by software engineers re-
veals four core expectations and 15 specific behaviors for Al agents,
summarized in Table 1. In the rest of this section, we describe these
expectations in detail. To protect proprietary information, we re-
placed specific instances of such with descriptive labels enclosed in
angle brackets.

4.1 Adhering to Standards and Processes

A predominant expectation was that the agent must strictly ad-
here to established standards and project-specific processes. This
expectation highlights the "brownfield" nature of software develop-
ment in a large enterprise where Al-generated code is expected to
integrate seamlessly into a mature, existing codebase.

Developers frequently instructed the agent to "follow," "adhere
to," "consult," and "use" pre-existing, widely-accepted guidelines
for specific programming languages and frameworks within the
company. These included documents like "CSS Best Practices," "effi-
cient java guide, "Go Style," and the "TypeScript style guide. The
specificity of these rules can vary across projects. While some rules
simply link to online documentation, others underscore key steps
directly in the rules file itself, indicating differing degrees of confi-
dence in the agent’s capacity to identify and implement relevant
guidelines.

Beyond general best practices, developers specified a multitude of
project-specific procedures and conventions. These rules governed
local practices such as dependency management, interaction with
external systems, test generation and execution, API usage patterns,
naming conventions, and code organization. By providing these
rules, developers effectively mandated an “orientation” for the Al
agent to ensure the agent’s contributions are not only functional
but also conformant.

4.2 Ensure Code Quality and Reliability

Our analysis of agent rules highlights developers’ deep concern
for code quality, extending far beyond functional correctness. De-
velopers instructed the agent to produce code consistent in style,
maintainable, reliable, and performant.

First, a significant portion of the rules centered on enforcing
stylistic consistency, a critical factor for maintaining a large-scale,
multi-author codebase. These instructions fell into three categories:

¢ Guideline Application: Developers frequently directed the
agent to follow links of official style guides. These references
were often supplemented with specific rules for naming
conventions, import ordering, or syntax.
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Table 1: Human-Centered Taxonomy of AI Agent Behavior: Core Expectations, Behaviors, and Example Rules. % Files represents

the percentage of files in our dataset that contained rules pertaining to each behavior.
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Expectation Behavior Example Agent Rule from Corpus % Files
Following Established Best “"Follow the [Angular Style Guide](<URL>) for more details" 45.05
1. Adhere to Standards  Practices
el Following Project Workflows  "After creating your new _test.go file, add a go_test target to the 92.31
and Conventions test/<package> file!
Maintain Code Style "Follow Local Style: Adhere to existing patterns and naming conventions... 57.14
2. Ensure Code This takes precedence over general style guides.”
gulafhl?ll'and Write Readable and Maintain-  "Write for Others: Code should be written with the assumption that someone  36.26
eliability able Code else will read, understand, and maintain it."
Build Robust and Performant  "Unsubscribe from observables using take (1) or other lifecycle-aware 46.15
Software operators to prevent memory leaks."
Understand Project Context "Before creating the first SQL query, “you must* read the ‘proto’ files linked 90.11
before Acting from the <path>/sql.md to understand the fields that are very likely to come
up in queries."
Work Incrementally and Iter- "Incremental Changes: Make the smallest possible code change, then run tests. 11.00
3. Solve Problems . o . "
R atively Fix failures before making further changes:
Effectively
Validate Work Proactively "After finishing any changes, always run our unit tests by running <command> 37.36
and iterating until these tests pass."
Maintain Task Focus "Defer Unrelated Tasks: If you identify a necessary but out-of-scope task (e.g., 9.89
a needed data model refactoring), leave a TODO comment."
Infer Intent from Context "If the user does not write any test description, the Al agent should still try 19.78
inferencing the test case from the name."
Learn by Example "Inspect other tools in the tools/ dir and copy their approaches.” 32.97
Communicate Effectively "STRICTLY FORBIDDEN from starting messages with *Great’ or ’Certainly’... It~ 30.77
is important you be clear and technical in your messages."
. Seek Help and Clarification ~ "You are allowed to ask the user questions. Be sure to use a clear and concise ~ 25.27
4. Collaborate with . . . "
question that will help you move forward with the task!
the Developer
Plan Collaboratively and An- "Critically evaluate all requests. If a prompt is ambiguous, please challenge it ~ 8.79
alyze Trade-offs and propose a better alternative, explaining the trade-offs..."
Learn from Feedback and "At the end of every task, or upon making an error, you MUST update the 14.29

Past Experiences

lessons_learned.md file...This process is essential for self-correction and
knowledge retention."

e Tool Execution: Adherence was often automated by in-
structing the agent to execute standard formatting and lint-
ing tools as part of its workflow.

e Contextual Adaptation: Some developers expected the
agent to infer and adopt the style of the surrounding code
and instructed the agent to prioritize local conventions over
global ones when they are in conflict.

Second, developers emphasized that Al-generated code should
be easy for humans to understand, modify, and debug. This expec-
tation frames code not as a set of instructions for a machine, but
as a form of communication within a development team. Specif-
ically, developers provided several types of guidance about code
maintainability:

e High-Level Principles: Adherence to established software
engineering philosophies like DRY ("Don’t Repeat Yourself"),

"Loose Coupling," and the "Boy Scout Rule" (leave the code
cleaner than you found it).

e Structural Organization: Instructions to organize code into
clearly-defined modules, manage dependencies correctly,
and reuse existing utilities rather than creating redundant
logic.

e Code-Level Simplification: Directives to write simple,
clear code by avoiding deep nesting, simplifying complex
conditions, and keeping functions short and focused.

e Naming and Documentation: A strong focus on clear,
descriptive names for variables and methods, as well as the
creation and maintenance of comments and docstrings to
provide context for future developers.

Finally, developers instructed the agent to produce code that
was resilient, efficient, and well-tested. They expected the agent to
proactively avoid common pitfalls (e.g., unsafe memory operations).



CHI EA °26, April 13-17, 2026, Barcelona, Spain

These rules about code quality communicate a clear developer
preference that the efficiency gain from agentic coding should not
come at the expense of the long-term health and coherence of the
codebase.

4.3 Solve Problems Effectively

Beyond adhering to institutional standards and ensuring code qual-
ity, developers actively seek to instill effective problem-solving
heuristics in the agent through agent rules. These rules represent a
form of procedural knowledge, teaching the agent not just what to
do, but how to approach its tasks like an experienced engineer in
the following aspects:

First, the agent should gather and internalize project-specific
information before making changes. This involves reading docu-
mentation and examining existing code to understand the project’s
architecture, tech stack, and design patterns.

Second, when approaching a large task, the agent should method-
ically break it down into small, manageable steps. Directives such
as "one build configuration file at a time," "small, single-purpose
PRs," and making the "smallest possible code change" were common
among agent rules.

Third, developers mandated that the agent take responsibility
for the quality of its own output before presenting it to them. The
agent was commanded to perform a range of validation actions,
including building the project, checking code style, and running
tests.

Fourth, to prevent unintended side effects or scope creep, devel-
opers imposed strict constraints on the agent’s actions. Using im-
perative phrases like "Only accept,’ "DO NOT engage," and "Leave...
alone," developers created clear boundaries, demanding that the
agent remain laser-focused on the specific task at hand.

Fifth, in contrast to the need for strict focus, some developers
granted the agent a degree of autonomy to resolve ambiguity, espe-
cially in low-stakes situations. Rather than halting and asking for
clarification, the agent was sometimes expected to use its reason-
ing capabilities to infer the developer’s intent from the available
context.

Finally, related to inferring intent from context, the agent was
also expected to reason about the best course of action from exam-
ples in the codebase.

4.4 Collaborate with the Developer

Developer defined protocols, through agent rules, for a productive
human-agent partnership, focusing on how the agent should com-
municate, manage uncertainty, formulate plans, and learn over time.
Four key collaborative behaviors emerged from our analysis:
First, developers required communication that was precise, trans-
parent, and efficient, prioritizing substantive information over con-
versational pleasantries. This technical communication style aimed
to ensure the precision of information, maintain the developer’s
situational awareness, and facilitate exception management.
Second, the agent was expected to recognize the limits of its
own knowledge and capabilities. Under conditions of ambiguity,
high-stakes actions, or environmental blockers, it was instructed to
pause and defer to the developer. Critically, developers also wanted
these interruptions to be low-friction, often by having the agent
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provide suggested answers to make it easy for the developer to
provide guidance.

Third, before executing complex tasks, developers required the
agent to engage in collaborative planning. This involved creating
a plan, evaluating the pros and cons of different approaches, and
presenting recommendations for approval. In some cases, the agent
was even expected to exercise critical thinking, challenge subop-
timal initial requests, and propose better alternatives with clear
justification.

Last, developers sought to overcome the stateless nature of LLMs
by instructing the agent to learn from its mistakes and experiences.
While many rules implicitly aimed for this through negative con-
straints (e.g., "never ever do ..."), some developers attempted to
arrange an explicit mechanism for knowledge retention, such as
having the agent maintain a "lessons_learned.md" document.

The above collaborative protocols defined in agent rules suggest
a sophisticated interplay of developer needs. First, the demands
for planning, transparency, and seeking help are primarily risk-
mitigation strategies. Developers are concerned about agents per-
forming destructive or incorrect actions without oversight and use
these human-in-the-loop checkpoints to maintain control.

Second, efficient communication and the ability to learn from
feedback are aimed at making the agent easier to manage. Conver-
sational fluff is perceived as noise that slows down human guidance,
while having to repeat corrections is a source of frustration.

Last, beyond simply preventing errors, some rules aim to lever-
age the agent’s reasoning capabilities. By encouraging the agent to
critically examine requests, analyze trade-offs, and identify ambi-
guity, developers are prompting the agent to exercise its “agency,”
though often within specified limits.

5 Conclusions and Future Work

To sum up, our work addresses a critical evaluation gap in the
evolving landscape of AI agents for software engineering. Our
main contribution is a taxonomy of desirable Al agent behaviors
for enterprise software engineering, derived from a qualitative
analysis of 91 sets of agent rules. The taxonomy defines four key
expectations of agent behavior: Adhere to Standards and Processes,
Ensure Code Quality and Reliability, Solve Problems Effectively, and
Collaborate with the Developer, providing a systematic vocabulary
for setting goals on effective human-AI partnership.

To keep pace with the rapid advancement of Al agents and
evolving developer practices, our future work focuses on three
key areas. First, we aim to build a robust, automated pipeline to
significantly expand the agent rules dataset and perform periodic
re-analysis. Second, a larger dataset will enable more granular
analysis to identify variations in expected agent behavior across
diverse problem domains, technology stacks, and codebase maturity
levels. Finally, we are developing behavioral evaluations for specific
taxonomy attributes, beginning with those related to human-AI
communication in software development.

6 GenAl Usage Disclosure

GenAl tools were utilized for copy editing and data analysis, as
described in the Methods section.
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