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ABSTRACT

Large language model (LLM)-powered agents have rapidly evolved from code-completion tools
into solvers of complex software engineering (SWE) tasks. As human developers collaborate with
these coding agents over time, personalized preferences emerge, which can be used to adapt the
agents’ coding behavior to better meet the needs of human developers. Capturing and reusing
such preferences across interactions may reduce repeated corrections and improve developer-agent
collaboration efficiency. Agent skills provide a lightweight mechanism for transferring experience
without modifying model parameters and have been proven to be beneficial. However, existing work
on learning agent skills mostly focuses on task-specific skills; it remains unclear whether there can
be a personalized element, i.e., developer-specific skills distilled from each developer’s interaction
histories, that effectively generalize to future tasks. Therefore, we propose a two-stage framework
for generating personalized agent skills that extract reusable, developer-specific preferences from
developer-agent interaction traces: First, we use rule-based bootstrapping and trace-based refinement
to extract personalized skills. Second, we design a reproducible replay framework that evaluates the
effectiveness of extracted skills through an interactive, LLM-based human developer simulator. We
conduct an experiment on 206 real-world, human developer-coding agent interaction sessions from
13 developers and compare personalized skills against no-skill, generic-skill, and other-user-skill
baselines. Experimental results show that personalized skills provide only limited and inconsistent
improvements over the no-skill baseline, whereas generic skills distilled from interaction traces across
developers consistently achieve good performance. Further analysis suggests that personalized skills
become more effective when developer preferences manifest frequently, especially when they work
on similar tasks over time, making it possible to extract skills from past tasks that are generalizable to
future ones. These findings provide empirical insights into when developer-specific personalization is
effective and demonstrate that, in practice, broadly transferable procedural knowledge can be more
robust than developer-specific preference signals.

1 Introduction

Large language model (LLM) agents have rapidly evolved from code-completion tools into interactive systems for
solving complex software engineering (SWE) tasks, such as navigating repositories and iteratively repairing failed
solutions [Yang et al., 2024, Jimenez et al., 2024, Wang et al., 2025]. As developers collaborate with these agents, they
often have distinct expectations regarding how code changes should be implemented. In practice, these preferences
are often implicit at first and gradually emerge through repeated interactions with the agent on multiple tasks. An
agent capable of inferring developer preferences from past interaction trajectories has the potential to adapt its behavior
accordingly, improving the efficiency of developer-agent collaboration. For example, a developer may consistently
prefer minimal, localized changes over broad refactoring, even when this preference is not explicitly stated in every
task. An agent can proactively incorporate these preferences into its thinking and implementation processes, thereby
reducing the need for developers to repeatedly specify the same preferences and provide similar feedback across tasks.

Agent skills have recently emerged as a promising mechanism for retaining and transferring experience, by packaging
reusable procedural knowledge as structured instructions for LLM-based agents [Han et al., 2026, Xu and Yan, 2026].
Current methods distill and optimize the skills from execution trajectories to improve coding-agent performance
without updating the underlying model parameters [Ni et al., 2026, Yang et al., 2026a, Wang et al., 2026]. These
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Future task: Add rate limiting to login endpointHistorical interactions from  
the same developer

Task N: Add retry logic to email sender

Agent's proposed change

1 # Broad rewrite
2 class EmailSender:
3    def send(self, email):
4           ...

Developer feedback

Implement retry logic with minimal 
changes; do not reorganize the module.

Task 1: Fix validation bug in  
payment service

Agent's proposed change

1 # Broad refactor
2 class PaymentService:
3    def validate(self, req):
4           ...

Developer feedback
Keep the fix localized to the validation logic; 
avoid refactoring unrelated parts.

…

(a) Without personalized skill

1 # Broad refactor of auth module
2 class AuthService:
3    def login(self, user, pwd):

...              ...

Agent's proposed change

(b) With personalized skill

Personalized skill

✓
Prefer minimal, 
localized changes over 
broad refactoring.

• Preserve existing 
interfaces unless 
necessary.


• Avoid modifying 
unrelated modules or 
files.

Less pushback 
Change is appropriate.✓

1

2

3

4

...

Agent's proposed change

# Minimal, localized change in login endpoint

def login(request):

   if is_rate_limited(request.ip):

      return error("Too many requests")

             ...

• Keep the change localized to the login endpoint.

• Avoid broad refactoring of the authentication module.

• Preserve existing interfaces unless necessary.

• Update only the files required for this feature.

× Repeated pushback

1
2
3
4

Distill 
recurring 

preferences

Figure 1: Illustration of personalized skill distillation from prior developer–agent interactions and its application to a
future task.

approaches primarily distill domain- or task-specific knowledge to improve agent performance at a specific task.
However, in practice, each human developer may work on a diverse collection of tasks that may not have significant
overlap. It remains unexplored whether a task-independent, yet developer-specific natural-language skill distilled from
a developer’s interaction history can generalize across tasks from the same developer.

To bridge this gap, we investigate whether we can learn personalized agent skills that capture transferable developer-
specific preferences rather than task-specific behaviors. As illustrated in Figure 1, recurring feedback across a developer’s
prior tasks can reveal stable implementation preferences, which can be distilled into reusable guidance and applied
to subsequent tasks. However, generating and evaluating effective personalized skills present two main challenges.
First, a developer’s interaction history contains a mixture of transferable preferences, task-specific requirements, and
one-off corrections, making it challenging to distinguish reusable preferences from task-specific behaviors. Moreover,
these preferences are often conveyed implicitly through feedback on specific implementations rather than explicit
instructions, requiring the agent to infer the underlying preferences from contextual signals. Second, fairly evaluating
personalized skills depends on comparing different skills under identical interaction conditions. This evaluation requires
us to faithfully reconstruct the original developer-agent interaction session while isolating the effect of the injected skill.
Accordingly, we investigate the following core research question:

Can we distill personalized skills from developer-agent interaction histories, and do they improve
coding agent performance and reduce pushback on subsequent tasks?

Contributions To answer this question, we propose a framework for generating personalized skills from individual
developers’ interaction traces. For skill construction, we adopt a two-stage procedure. We first construct a bootstrap skill
using predefined rules that organize common preference dimensions into an initial structured skill. We then refine the
skill based on the developer’s historical interaction traces with the coding agent, distilling transferable developer-specific
preferences by adding, revising, or removing instructions according to the available evidence. At inference time, the
generated skills are incorporated into the agent’s prompt to guide its behavior without modifying the underlying model
parameters. For reproducible replay, we summarize the developer’s requests from each target session into a concise task
summary. Conditioned on the summary, an LLM-based user simulator progressively reveals requirements and provides
feedback after each coding-agent response. We evaluate the framework on 206 real-world interaction sessions from
13 developers, comparing personalized skills with no-skill, generic-skill, and other-user-skill baselines. Experimental
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results show that personalized skills provide limited and inconsistent gains, whereas generic skills distilled across
developers perform better consistently. Further analysis suggests that personalization is more effective when preferences
recur across similar tasks, indicating that broadly shared procedural guidance may be more robust when developer
histories are sparse.

2 Method

2.1 Bootstrap skill generation
• Identify recurring patterns 

• communication style 
• work style 
• follow-up handling 
• validation / commit 
  preferences 
• exclude task-specific 
  details

Past developer-agent 
coding sessions

def add(a, b):
    return a + b

# add type hints
...

···
Coding-agent sessions 

Can you refactor this 
function to improve 
readability?

Sure! Here’s a 
refactored version.

Evolution sessions

···

<latexit sha1_base64="MZQoEo2c2mbB/pEDoSKECb4mwHM=">AAACBnicbVDJSgNBEO1xjXEb9SjCYBA8hRkR9RjUg8cIZoFkHHo6NUmTnoXummAY5uTFX/HiQRGvfoM3/8bOctDEBwWP96qoqucngiu07W9jYXFpeWW1sFZc39jc2jZ3dusqTiWDGotFLJs+VSB4BDXkKKCZSKChL6Dh969GfmMAUvE4usNhAm5IuxEPOKOoJc88aIcUe4yK7Dr30vusjfCAGQxiMYA898ySXbbHsOaJMyUlMkXVM7/anZilIUTIBFWq5dgJuhmVyJmAvNhOFSSU9WkXWppGNATlZuM3cutIKx0riKWuCK2x+nsio6FSw9DXnaOj1aw3Ev/zWikGF27GoyRFiNhkUZAKC2NrlInV4RIYiqEmlEmub7VYj0rKUCdX1CE4sy/Pk/pJ2TkrO7enpcrlNI4C2SeH5Jg45JxUyA2pkhph5JE8k1fyZjwZL8a78TFpXTCmM3vkD4zPH/oImhk=</latexit>

Devolve
u

</> </>

Held-out test sessions
<latexit sha1_base64="yTJuaiuYioyzMWm3cwHbi7D8WZI=">AAACBHicbVA9SwNBEN2LXzF+RS3THAbBKtyJqGVQC8sI5gOS89jbzCVL9j7YnRPDcYWNf8XGQhFbf4Sd/8ZNcoUmPhh4vDfDzDwvFlyhZX0bhaXlldW14nppY3Nre6e8u9dSUSIZNFkkItnxqALBQ2giRwGdWAINPAFtb3Q58dv3IBWPwlscx+AEdBBynzOKWnLLlV5AccioSK8yN7lLewgPmCIozDK3XLVq1hTmIrFzUiU5Gm75q9ePWBJAiExQpbq2FaOTUomcCchKvURBTNmIDqCraUgDUE46fSIzD7XSN/1I6grRnKq/J1IaKDUOPN05OVnNexPxP6+boH/upDyME4SQzRb5iTAxMieJmH0ugaEYa0KZ5PpWkw2ppAx1biUdgj3/8iJpHdfs05p9c1KtX+RxFEmFHJAjYpMzUifXpEGahJFH8kxeyZvxZLwY78bHrLVg5DP75A+Mzx9b2pk0</latexit>

Dtest
u

···
</> </>

Developer Historical Interaction1 Personalized Skill Generation2

Evolution sessions

···

<latexit sha1_base64="MZQoEo2c2mbB/pEDoSKECb4mwHM=">AAACBnicbVDJSgNBEO1xjXEb9SjCYBA8hRkR9RjUg8cIZoFkHHo6NUmTnoXummAY5uTFX/HiQRGvfoM3/8bOctDEBwWP96qoqucngiu07W9jYXFpeWW1sFZc39jc2jZ3dusqTiWDGotFLJs+VSB4BDXkKKCZSKChL6Dh969GfmMAUvE4usNhAm5IuxEPOKOoJc88aIcUe4yK7Dr30vusjfCAGQxiMYA898ySXbbHsOaJMyUlMkXVM7/anZilIUTIBFWq5dgJuhmVyJmAvNhOFSSU9WkXWppGNATlZuM3cutIKx0riKWuCK2x+nsio6FSw9DXnaOj1aw3Ev/zWikGF27GoyRFiNhkUZAKC2NrlInV4RIYiqEmlEmub7VYj0rKUCdX1CE4sy/Pk/pJ2TkrO7enpcrlNI4C2SeH5Jg45JxUyA2pkhph5JE8k1fyZjwZL8a78TFpXTCmM3vkD4zPH/oImhk=</latexit>

Devolve
u

</></></>
Bootstrap skill 

(SKILL.md)

<latexit sha1_base64="8sHAxztRuEiac/813oyOne5bprk=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE1GPRi8eKpi20sWy223bpZhN2J0IJ/Q1ePCji1R/kzX/jts1BWx8MPN6bYWZemEhh0HW/ncLK6tr6RnGztLW9s7tX3j9omDjVjPsslrFuhdRwKRT3UaDkrURzGoWSN8PRzdRvPnFtRKwecJzwIKIDJfqCUbSSf99NH91uueJW3RnIMvFyUoEc9W75q9OLWRpxhUxSY9qem2CQUY2CST4pdVLDE8pGdMDblioacRNks2Mn5MQqPdKPtS2FZKb+nshoZMw4Cm1nRHFoFr2p+J/XTrF/FWRCJSlyxeaL+qkkGJPp56QnNGcox5ZQpoW9lbAh1ZShzadkQ/AWX14mjbOqd1H17s4rtes8jiIcwTGcggeXUINbqIMPDAQ8wyu8Ocp5cd6dj3lrwclnDuEPnM8fYB+OZw==</latexit>

S0
u

Rule-based 
generator

2.2 Evidence-grounded refinement

+

LLM-based 
refiner

• verify candidate rules 
  against history 
• retain / revise / remove / 
  add rules 
• require evidence from at 
  least 2 user turns across 
  different sessions 
• avoid future-task 
  assumptions

Personalized 
skill

(SKILL.md)

Bootstrap skill 
(SKILL.md)

<latexit sha1_base64="8sHAxztRuEiac/813oyOne5bprk=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE1GPRi8eKpi20sWy223bpZhN2J0IJ/Q1ePCji1R/kzX/jts1BWx8MPN6bYWZemEhh0HW/ncLK6tr6RnGztLW9s7tX3j9omDjVjPsslrFuhdRwKRT3UaDkrURzGoWSN8PRzdRvPnFtRKwecJzwIKIDJfqCUbSSf99NH91uueJW3RnIMvFyUoEc9W75q9OLWRpxhUxSY9qem2CQUY2CST4pdVLDE8pGdMDblioacRNks2Mn5MQqPdKPtS2FZKb+nshoZMw4Cm1nRHFoFr2p+J/XTrF/FWRCJSlyxeaL+qkkGJPp56QnNGcox5ZQpoW9lbAh1ZShzadkQ/AWX14mjbOqd1H17s4rtes8jiIcwTGcggeXUINbqIMPDAQ8wyu8Ocp5cd6dj3lrwclnDuEPnM8fYB+OZw==</latexit>

S0
u

Evolution  
sessions

<latexit sha1_base64="MZQoEo2c2mbB/pEDoSKECb4mwHM=">AAACBnicbVDJSgNBEO1xjXEb9SjCYBA8hRkR9RjUg8cIZoFkHHo6NUmTnoXummAY5uTFX/HiQRGvfoM3/8bOctDEBwWP96qoqucngiu07W9jYXFpeWW1sFZc39jc2jZ3dusqTiWDGotFLJs+VSB4BDXkKKCZSKChL6Dh969GfmMAUvE4usNhAm5IuxEPOKOoJc88aIcUe4yK7Dr30vusjfCAGQxiMYA898ySXbbHsOaJMyUlMkXVM7/anZilIUTIBFWq5dgJuhmVyJmAvNhOFSSU9WkXWppGNATlZuM3cutIKx0riKWuCK2x+nsio6FSw9DXnaOj1aw3Ev/zWikGF27GoyRFiNhkUZAKC2NrlInV4RIYiqEmlEmub7VYj0rKUCdX1CE4sy/Pk/pJ2TkrO7enpcrlNI4C2SeH5Jg45JxUyA2pkhph5JE8k1fyZjwZL8a78TFpXTCmM3vkD4zPH/oImhk=</latexit>

Devolve
u

</>

<latexit sha1_base64="zLT8RzS4mKN+O1yeWgaNFsZ/0yk=">AAAB7HicbVBNS8NAEJ34WetX1aOXxSKIh5KIqMeiF48VTVtoY9lsN+3SzSbsToRS+hu8eFDEqz/Im//GbZuDtj4YeLw3w8y8MJXCoOt+O0vLK6tr64WN4ubW9s5uaW+/bpJMM+6zRCa6GVLDpVDcR4GSN1PNaRxK3ggHNxO/8cS1EYl6wGHKg5j2lIgEo2gl/76TPZ52SmW34k5BFomXkzLkqHVKX+1uwrKYK2SSGtPy3BSDEdUomOTjYjszPKVsQHu8ZamiMTfBaHrsmBxbpUuiRNtSSKbq74kRjY0ZxqHtjCn2zbw3Ef/zWhlGV8FIqDRDrthsUZRJggmZfE66QnOGcmgJZVrYWwnrU00Z2nyKNgRv/uVFUj+reBcV7+68XL3O4yjAIRzBCXhwCVW4hRr4wEDAM7zCm6OcF+fd+Zi1Ljn5zAH8gfP5A1cHjmE=</latexit>

S⇤
u

Interactive Session Replay3

3.1 Task summary  
construction

• Developer-authored 
messages only (from a 
held-out session) 

• summarize developer goal 
and explicit requirements

3b

Held-out 
test 

sessions

</>

<latexit sha1_base64="yTJuaiuYioyzMWm3cwHbi7D8WZI=">AAACBHicbVA9SwNBEN2LXzF+RS3THAbBKtyJqGVQC8sI5gOS89jbzCVL9j7YnRPDcYWNf8XGQhFbf4Sd/8ZNcoUmPhh4vDfDzDwvFlyhZX0bhaXlldW14nppY3Nre6e8u9dSUSIZNFkkItnxqALBQ2giRwGdWAINPAFtb3Q58dv3IBWPwlscx+AEdBBynzOKWnLLlV5AccioSK8yN7lLewgPmCIozDK3XLVq1hTmIrFzUiU5Gm75q9ePWBJAiExQpbq2FaOTUomcCchKvURBTNmIDqCraUgDUE46fSIzD7XSN/1I6grRnKq/J1IaKDUOPN05OVnNexPxP6+boH/upDyME4SQzRb5iTAxMieJmH0ugaEYa0KZ5PpWkw2ppAx1biUdgj3/8iJpHdfs05p9c1KtX+RxFEmFHJAjYpMzUifXpEGahJFH8kxeyZvxZLwY78bHrLVg5DP75A+Mzx9b2pk0</latexit>

Dtest
u

3.1 Original first-turn 
developer request

3.2

Personalized 
skill

Agent response 
(code / message)

Simulator response: 
• focused follow-up 
  (request /
clarification) 
• No further 
requests.

Trajectory-conditioned 
developer simulator

<latexit sha1_base64="zLT8RzS4mKN+O1yeWgaNFsZ/0yk=">AAAB7HicbVBNS8NAEJ34WetX1aOXxSKIh5KIqMeiF48VTVtoY9lsN+3SzSbsToRS+hu8eFDEqz/Im//GbZuDtj4YeLw3w8y8MJXCoOt+O0vLK6tr64WN4ubW9s5uaW+/bpJMM+6zRCa6GVLDpVDcR4GSN1PNaRxK3ggHNxO/8cS1EYl6wGHKg5j2lIgEo2gl/76TPZ52SmW34k5BFomXkzLkqHVKX+1uwrKYK2SSGtPy3BSDEdUomOTjYjszPKVsQHu8ZamiMTfBaHrsmBxbpUuiRNtSSKbq74kRjY0ZxqHtjCn2zbw3Ef/zWhlGV8FIqDRDrthsUZRJggmZfE66QnOGcmgJZVrYWwnrU00Z2nyKNgRv/uVFUj+reBcV7+68XL3O4yjAIRzBCXhwCVW4hRr4wEDAM7zCm6OcF+fd+Zi1Ljn5zAH8gfP5A1cHjmE=</latexit>

S⇤
u Coding 

agent

Task 
summary

Figure 2: Overview of the personalized skill generation framework.

Figure 2 illustrates the overall framework. Given a developer’s historical collaborative coding sessions with the coding
agent, we first split them into an evolution set and a held-out test set. We use the evolution sessions to construct a
personalized skill by first generating a bootstrap skill and then refining it with evidence extracted from the interaction
history. We then evaluate the personalized skill by replaying the held-out test sessions with a trajectory-conditioned
user simulator under different skill conditions to evaluate the effectiveness of the personalized skill.

2.1 Problem Formulation

Following prior work, we define a skill S as a human-readable SKILL.md document that encodes reusable, natural-
language guidance for a coding agent at inference time, without modifying its underlying model parameters [Ni et al.,
2026, Yang et al., 2026a]. In this work, a personalized skill captures the recurring preferences and expectations of a
particular developer rather than task-specific experience. Formally, let U denote a set of developers. Each developer
u ∈ U is associated with a set of coding-agent sessions Du = {du,1, . . . , du,nu

}, where nu denotes the number of
sessions associated with developer u. We split Du into an evolution set Devolve

u and a disjoint, held-out test set Dtest
u .

We use Devolve
u to construct the personalized skill and reserve Dtest

u for generalization evaluation. Specifically, given the
evolution sessions of developer u, we construct a personalized skill S∗

u = G(Devolve
u ), where G denotes the personalized

skill-generation procedure. We evaluate personalized skills on their performance, i.e., success when the coding agent
has these skills, on developer tasks in the held-out test set.
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2.2 Personalized Skill Generation

The procedure of personalized skill generation consists of two stages. We first generate a task-independent bootstrap
skill from the evolution sessions and then refine it using evidence from the original trajectories:

S0
u = B

(
Devolve

u

)
, S∗

u = R
(
S0
u,Devolve

u

)
.

Here, B denotes bootstrap construction and R denotes evidence-grounded refinement, including adding, revising, or
removing instructions, which we detail below.

Bootstrap skill generation. To provide a stable initial skill and reduce content drift during subsequent refinement,
we first use a fixed pattern analysis template to generate a task-independent bootstrap skill S0

u from the developer’s
evolution sessions Devolve

u . The template asks a backbone LLM to identify recurring patterns in communication, work
style, follow-up handling, validation preferences, and commit behavior, thereby consolidating them into a structured
SKILL.md file. The bootstrap skill captures how the developer tends to work rather than the specific tasks observed
in the evolution sessions. We therefore exclude repository names, file paths, issue identifiers, commands, and other
task-specific details.

Evidence-grounded refinement. To improve the reliability of the bootstrap skill and reduce overgeneralization, we
next provide the bootstrap skill and the original evolution sessions to a second LLM for refinement. Inspired by prior
approaches that distill reusable behavioral guidance from interaction traces and iteratively refine persistent instructions
based on observed evidence [Ni et al., 2026, Yang et al., 2026a, Wang et al., 2026], we adopt an evidence-grounded
refinement process to improve the bootstrap skill. Unlike the bootstrap stage, which prioritizes coverage, the refinement
stage prioritizes evidence-based validation and generalizability. The refiner treats the evolution sessions Devolve

u as the
primary source of evidence and the bootstrap skill as an initial set of candidate rules. It verifies each candidate rule
against the interaction history, retaining, revising, or removing existing rules, meanwhile adding recurring preferences
missed during bootstrap generation. To reduce overfitting, the refiner retains a rule only when it is supported by at least
two independent user turns from different evolution sessions. The refinement stage focuses primarily on communication
style, work style, and follow-up handling while avoiding assumptions about programming languages, frameworks,
interfaces, or task types. The resulting skill guides the agent’s behavior without overriding the active user request or
the current task details. Accordingly, it must not introduce new task requirements, prescribe environment-specific
commands, or justify implementing less than the user requested. The final output is a compact, task-independent
SKILL.md intended to generalize to unseen sessions from the same developer.

2.3 Interactive Session Replay

Faithful evaluation of personalized skills requires the coding agent to use them on a developer’s tasks. However, a
recorded developer-agent session cannot be replayed verbatim, since the agent, armed with new skills, may follow
a different trajectory from the agent in the original interaction. Therefore, using the original developer follow-up
messages at fixed turns may not lead to a faithful representation of human behavior. Following prior work [Wu et al.,
2026], we replay each held-out test session with an LLM-based developer simulator. The simulator draws on the
original developer’s task specifications but decides when and how to follow up based on the current session’s trajectory.
We detail various components of our replay setup below.

Task summary construction. For each held-out test session d ∈ Dtest
u , we generate a task summary from all

developer-authored messages in the original session. The summary captures the developer’s general goal and the
requirements explicitly stated during the interaction. It gives the developer simulator a complete account of the
developer’s stated requirements while enabling the evaluated agent to discover later requirements through subsequent
interaction. Since the summary is extracted from developer messages only, it excludes the original agent’s reasoning,
actions, and implementation choices. Only the developer simulator receives the task summary, whereas the coding agent
receives the original, ground-truth first-turn developer request and encounters later requirements through interactive
session replay.

Trajectory-conditioned developer simulation. After each agent response, the developer simulator receives the task
summary and the current conversation with the agent. The simulator reviews the agent’s latest response and determines
whether it has addressed the developer’s explicit requests. It then takes one of two actions: issue a focused follow-up
for the most important unresolved requirement or return No further requests. For each follow-up, the simulator
refers to what the evaluated agent has said or done and focuses on any remaining gaps. This setup keeps the interaction
faithful to the current trajectory without changing the scope of the recorded session.

4



2.4 Skill-Conditioned Replay

For each held-out test session d ∈ Dtest
u , we replay the reconstructed interaction under each skill condition. The coding

agent receives the corresponding skill before the developer’s original first-turn request. The skill is kept unchanged
during the session.

3 Experiments

In this section, we conduct experiments to evaluate the effectiveness of our personalized skill generation framework
using the proposed replay evaluation setup.

3.1 dataset

Since this work focuses on developer-agent interaction, we evaluate the effectiveness of personalized skills on SWE-
chat [Baumann et al., 2026], which contains 8,866 public command line (CLI) interface coding-agent sessions collected
through Entire.io from public GitHub repositories between January and June 2026. To enable fully reproducible and
verifiable replay, we remove sessions with incomplete interactions, inaccessible or unrecoverable repository states,
private dependencies, missing files, or no substantive code edits. For each remaining session, we reconstruct the
codebase as it existed before the agent began the task by checking out the parent of the commit containing the agent’s
final code changes, and create an isolated worktree for execution and validation. We also exclude answer-only, read-only,
empty-tool and review-only sessions, and retain only developers with at least three valid tasks. After this filtering, the
dataset contains only 206 sessions from 13 developers. We note that this strict filtering criterion establishes a rigorous
evaluation setup but limits our ability to draw definitive conclusions. For each developer, we randomly split the sessions
into an 80% evolution set and a 20% held-out test set to evaluate generalization to unseen tasks from the same developer,
resulting in 164 evolution sessions and 42 test sessions. The distribution of task categories in the dataset is shown in
Figure 3. The replayable dataset covers a diverse range of software engineering tasks, such as code review and targeted
fixes (28.6%), feature implementation (20.9%) and testing/build/DevOps (15.0%).

Code review & targeted fixes 59 (28.6%)

Feature implementation 43 (20.9%)

Testing, build & DevOps 31 (15.0%)

UI/UX changes 27 (13.1%)

Documentation & research 18 (8.7%)

Bug fixing 15 (7.3%)

Refactoring & maintenance 7 (3.4%)

Continuation / other 6 (2.9%)

Figure 3: Distribution of task categories in our replayable SWE-chat dataset.

3.2 Experimental Setup

We use Codex 1 with GPT-5.5 for personalized skill generation, coding-agent execution, developer simulator, and
task-completion scoring. The prompts used for all components are provided in Appendix C. We replay each held-out
task with Codex CLI from the same initial repository commit, using an isolated worktree for every run. To make
computational cost consistent across conditions, we limit each replay to at most six developer-agent interaction turns.

We consider four conditions: (A) no skill, (B) the target developer’s personalized skill, (C) a personalized skill from
another random developer, and (D) a generic skill pooled across all developers. For Condition D, the generic skill
is generated from the pooled evolution sessions of all developers, including those of the target developer. All other
components including the repository state, initial request, task summary, developer simulator, and agent configuration,
remain the same across all experimental conditions. After each replay, we collect the interaction trajectory, code changes,
and validation evidence, and assess task completion following the SWE-chat 100-point scoring rubric [Baumann et al.,

1https://chatgpt.com/codex/
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2026], using LLM-as-a-judge. We repeat the experiment using five random seeds for the within-developer data split to
reduce sensitivity to data partitions.

3.3 Quantitative Results

Table 1: Task-completion performance under four skill conditions. Follow-up Rate denotes the percentage of replay
instances in which the simulated user issues at least one non-terminal follow-up after the initial request, with multiple
follow-ups in the same replay counted once. Win/Tie/Loss denotes the percentage of paired replay instances in which a
condition scores higher than, equal to, or lower than the no-skill baseline, respectively. Best results are shown in bold.

Condition Score ↑ Follow-up Rate ↓ Win/Tie/Loss

(A) No skill 65.02±3.24 24.76% (52/210) –

(B) Personalized skill 65.99±2.14 30.95% (65/210) 41.43/14.76/43.81% (87/31/92)

(C) Random developer skill 65.94±3.66 27.62% (58/210) 43.33/17.62/39.05% (91/37/82)

(D) Generic skill 68.80±2.26 30.00% (63/210) 50.95/14.76/34.29% (107/31/72)

Table 1 reports the overall task-completion performance under the four skill conditions.

Generic skills provide the largest and most consistent gains. Generic skills achieve the highest average score
(68.80), the largest improvement over the no-skill baseline (+3.78), and the highest win rate (50.95%). Although the
improvement over the baseline does not reach the conventional significance threshold (paired t-test, p = .063), the
consistently stronger performance suggests that pooling interaction histories across developers is more effective: doing
so produces more robust and broadly transferable guidance than constructing separate skills from the limited interaction
histories of individual developers. Additionally, the generic skill has a follow-up rate of 30.00%, compared with 24.76%
for the no-skill baseline. This observation suggests that generic skills help most towards better task completion rather
than towards higher developer–agent collaboration efficiency.

Developer-specific skills do not show clear benefit from personalization. Personalized skills yield only a modest
improvement in task performance, with an average gain of 0.97 compared to the no-skill baseline. However, their
win and tie rates are only 41.43% and 14.76% respectively, indicating that the improvement is inconsistent across
held-out task instances. The overall improvement is not statistically significant (paired t-test, p = .399). Similarly,
a skill distilled from another random developer achieves a comparable average gain of 0.92 with a similar win rate
of 43.33% and a tie rate of 17.62% (paired t-test, p = .451). The comparable performance of the personalized and
mismatched developer skills shows limited evidence that developer-specific information contributes additional benefits
beyond generic procedural guidance. We hypothesize that this result may be due to the limited interaction history
available for each developer, which makes it difficult to distinguish stable developer preferences from task-specific or
one-off feedback and thereby limits generalization performance on held-out tasks.

4 Detailed Analysis

We analyze experimental results, focusing on the impact of relevant interaction history, the effectiveness of the developer
simulator, interaction and execution behavior, and skill content. We discuss how limitations in available developer–agent
interaction trace data prevent us from drawing more definitive conclusions. We also examine the effectiveness of
evidence-grounded skill refinement and how skill effectiveness varies across developers in Appendix A and B.

4.1 Impact of Relevant Interaction History
Table 2: Performance of relevant evolution sessions. A: no
skill; B: personalized skill; C: random developer skill; D:
generic skill.

Relevant Sessions N B−A B−C B−D

0 3 −6.33 +15.00 −8.00
1–2 16 0.00 −1.38 −3.81
3–5 11 +0.10 +0.20 −7.20
≥ 6 12 +10.17 +8.92 +5.67

We examine whether the number of sessions used for skill
creation in the evolution set impacts the effectiveness of
personalized skills. For each of the 42 held-out tasks in
one random seed, we use an LLM to review all evolution
sessions from the same developer and identify those that
are semantically related to the held-out task. We then
group the held-out tasks into four bins (0, 1-2, 3-5, and
≥ 6 relevant sessions) to analyze how the effectiveness of
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personalized skills varies with the number of relevant historical sessions. As reported in Table 2, the effectiveness
of the personalized skill varies with the amount of relevant evolution sessions. When at least six relevant sessions
are available, the personalized skill substantially outperforms both the no-skill baseline (B − A = +10.17) and the
random developer skill (B − C = +8.92), and even surpasses the generic skill (B −D = 5.67). In contrast, when
fewer than six relevant sessions are available, the personalized skill shows little or no advantage over either the no-skill
baseline or the random developer skill, while the generic skill performs better in all three groups. These results suggest
that personalized skills become effective only when a developer’s interaction history contains a sufficient number of
examples that are relevant to held-out evaluation tasks. It is possible that as larger-scale developer-agent interaction
trace data becomes available, the potential of personalized skills can be fully realized.

4.2 Effectiveness of Developer Simulator

Figure 4: Semantic consistency between real developer messages
and simulator-generated follow-ups. A: no skill; B: personalized
skill; C: random user skill; D: generic skill.

We also examine the effectiveness of the proposed
developer simulator. Specifically, we compare the
follow-up messages generated by the simulator with
the corresponding real developer messages. Each
pair of messages is classified by an LLM-as-a-
judge evaluator according to a predefined semantic-
matching rubric. We define three match levels. An
exact match indicates that the simulated follow-up ex-
presses all requirements contained in the real devel-
oper follow-up, allowing minor differences in word-
ing or the consolidation of multiple turns. A partial
match indicates that the two follow-ups share at least
one requirement, but the simulated follow-up omits
or introduces other requirements. A mismatch indicates that the two follow-ups contain different requirements with no
substantive overlap. Across five seeds, 171 of the 210 replay instances contained substantive follow-ups from both the
real developer and the simulator. As shown in Figure 4, among these instances, 59.65% were exact matches, 29.82%
were partial matches, and 10.53% were mismatches. Thus, 89.47% were at least partially semantically consistent
with the real developer messages. This rate ranged from 86.96% to 92.50% across the four experimental conditions,
suggesting that our replay simulator generally captures the requirements expressed by real developers across different
skill conditions.

4.3 Interaction and Execution Behavior

We further investigate how the skill conditions affect the agent’s interaction and execution behavior. As shown in
Table 3, a skill generally leads to more extensive execution rather than reducing interaction effort. Compared to the
no-skill baseline, all three skill conditions produce more agent turns, follow-ups, generated tokens, tool calls, code
changes, and validation attempts. More specifically, personalized skills do marginally increase the task-completion
score from 65.02 to 65.99, but at the cost of increasing the average number of tool calls from 8.47 to 9.46 and execution
time from 91.76 to 106.16 seconds. It changes more files and produces greater patch churn, while the number of
unresolved requirement follow-ups increases from 0.29 to 0.37. Thus, personalized skills do not reduce the amount
of interaction or computation required to complete a task. Nevertheless, skills lead to more systematic validation.
Conditioned on the personalized skills, the average number of test command groups increases from 0.56 to 0.97 and
the proportion of runs reporting successful validation rises from 43.1% to 58.9%. The random user and generic skills
show similar trends. The generic skill achieves the highest task-completion score, but also uses the most tokens and
produces the greatest patch churn. These results suggest that skills primarily encourage more extensive implementation
and validation rather than improving execution efficiency.

4.4 Skill Content Analysis

We also compare the 13 personalized skills for each developer and the generic skill across all developers to better
understand why the generic skill consistently outperforms personalized skills. As listed in Table 4, the generic skill
contains substantially more rules (25 vs. 14.15 on average) and words per skill (383 vs. 236.38) than personalized
skills. These two types of skills exhibit similar category distributions, with most rules concerning workflow, follow-up
handling, and communication. However, the generic skill contains a larger proportion of commit-related rules (16.0%
vs. 7.6%). Personalized skills are not simply specialized versions of the generic skill; their mean TF-IDF similarity to
the generic skill is 0.517, while the mean similarity between different developers’ skills is 0.443. Under our rule-based
lexical criterion, 64.7% of personalized rules are unique to a single developer. There is substantial lexical variation
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Table 3: Interaction and execution metrics under the four skill conditions. Values are averaged across evaluated replays.
A: no skill; B: personalized skill; C: random user skill; D: generic skill.

Metric A B C D

Interaction and computation
Agent turns 1.29 1.37 1.33 1.35
Unresolved-requirement follow-ups 0.29 0.37 0.33 0.35
Command/tool calls 8.47 9.46 8.69 8.98
Agent tokens 442,096 597,120 521,219 643,578
Execution time (s) 91.76 106.16 99.62 104.57

Code changes
Files changed 1.65 2.22 1.79 1.99
Patch churn 29.08 37.11 32.32 37.98

Testing and validation
Test command groups 0.56 0.97 0.86 0.93
Validation command groups 1.77 2.23 2.06 2.16
Runs reporting successful validation ↑ 43.1% 58.9% 54.1% 57.4%

Table 4: Content statistics of the personalized and generic skills. The personalized results are averaged across the skills
of 13 developers.

Skill property Personalized Generic

Skill size and length
Rules per skill 14.15 25.00
Words per rule 16.70 15.32
Rule words per skill 236.38 383.00

Rule-category distribution
Communication rules 23.4% 20.0%
Workflow rules 30.4% 28.0%
Validation rules 10.3% 12.0%
Follow-up rules 28.3% 24.0%
Commit rules 7.6% 16.0%

Similarity and specificity
Similarity to generic skill 0.517 1.000
Similarity between developers 0.443 –
Unique developer-specific rules 64.7% –

in personalized skills across developers. Nevertheless, lexical uniqueness alone does not imply that a rule is broadly
applicable or relevant to held-out tasks, nor does it guarantee that the coding agent will follow the rule during execution.
These observations suggest that the generic skill benefits from broader coverage of reusable developer practices, whereas
many developer-specific rules may have limited opportunities to influence held-out tasks. These observations are
consistent with our earlier hypothesis in Section 3.3 that limited per-developer interaction histories may constrain the
coverage of personalized skills, whereas pooling interactions across developers enables the generic skill to capture a
broader range of reusable guidance.

5 Related Work

5.1 Interactive Coding Agents

As LLM-based agents have demonstrated increasing capability in solving complex SWE tasks, many studies have
developed benchmarks that provide agents with task specifications and evaluate the resulting repository state [Jimenez
et al., 2024, Yang et al., 2024, Wang et al., 2025]. Most recent work has moved toward more realistic interactive
settings [Tang et al., 2026]. For example, SWE-chat collects real coding-agent sessions from open-source development
environments, providing an empirical understanding of how AI agents perform in real developer workflows [Baumann
et al., 2026]. Based on SWE-chat, SWE-Together reconstructs verifiable multi-turn tasks and user feedback from the
collected sessions, enabling the evaluation of both final task correctness and the amount of user guidance required
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during interaction [Wu et al., 2026]. SWE-Interact transforms existing single-turn software engineering benchmarks
into interactive tasks in which a simulated user progressively reveals requirements and provides feedback during
execution, evaluating whether agents can discover user intent, adapt to evolving requirements, and build on their own
prior work [Raghavendra et al., 2026]. Whereas these studies focus on within-session interaction and adaptation, we
investigate cross-session adaptation by examining whether experience accumulated across a developer’s prior sessions
can guide agent behavior on subsequent tasks.

5.2 Agent Skills and Skill Evolution

Agent Skills encode reusable procedural knowledge in structured packages of instructions, code, and supporting
resources [Xu and Yan, 2026, Jiang et al., 2026, Li et al., 2026, Cho et al., 2026, Zhao et al., 2026]. Since skills reside
outside the model parameters, they provide a lightweight mechanism for adapting agent behavior without parameter
updates. Recent work has explored automatically deriving and improving skills from agents’ prior execution experience
[Alzubi et al., 2026, Liu et al., 2026, Shen et al., 2026]. For example, Trace2Skill uses inductive reasoning over
agent experience to consolidate multiple execution trajectories into a unified skill directory [Ni et al., 2026]. SkillOpt
iteratively refines natural-language skill documents using rollout feedback and validation-gated edits [Yang et al., 2026a].
SkillGrad formulates skill improvement as gradient-descent-like optimization, converting trajectory-level diagnoses
into textual gradients that guide structured skill revisions [Wang et al., 2026]. Some studies further suggests that skills
learned from narrow experience may become overly specialized, whereas skills distilled from more diverse traces can
transfer more reliably [Belikova et al., 2026]. These methods primarily aim to extract generalizable knowledge that
improves performance across tasks within a domain or benchmark. In contrast, we generate skills from an individual
developer’s interaction history, focusing on recurring user-specific preferences and expectations rather than broadly
applicable task-solving procedures.

5.3 Personalized LLM Agents

Previous work has personalized LLM-based agents using user profiles, persistent memory, and feedback from past
interactions [Xu et al., 2026, Westhäußer et al., 2025, Liang et al., 2026, Qiu et al., 2026]. These systems typically
summarize user information, retrieve relevant preferences during inference, and update stored memories as new feedback
become available. AdaMem further studies what information should be retained over long interaction histories [Chen
et al., 2026]. Personalization has also recently attracted attention in software engineering agents. For example,
ToM-SWE employs a user-modeling agent to infer developer goals, constraints, and preferences from instructions
and interaction history and store them in persistent memory [Zhou et al.]. Hedwig learns behavioral guidelines from
developer interactions across sessions to adjust the autonomy of coding agents [Shukla et al., 2026]. TRACE converts
user corrections into persistent, developer-specific rules that can be enforced on future tasks [Zhou et al., 2026].
AutoSkill identifies recurring preferences and requirements from dialogue histories and encodes them as reusable skills
for future interactions [Yang et al., 2026b]. Unlike these approaches, our work focuses on learning task-independent
personalized skills from developers’ coding-agent interaction histories and systematically evaluates whether such skills
generalize to unseen tasks from the same developer.

6 Conclusions and Future Work

In this paper, we investigate whether personalized skills distilled from prior developer-agent interactions can improve
coding-agent performance. The experimental results show limited benefits from developer-specific personalization:
personalized skills yield small and inconsistent gains, while a generic skill pooled across developers provides the
largest and most consistent improvement. The further analyses suggest that limited per-developer interaction histories
may make it difficult to identify stable and transferable developer preferences, although personalization appears more
promising when multiple relevant historical examples are available.

Overall, our findings suggest that skill conditioning can improve coding agents, but the current benefits arise primarily
from reusable guidance shared across developers rather than from developer-specific personalization. We expect that, as
more real-world datasets of developer-agent interaction session trace data become publicly available, there are several
promising avenues for future work. First, one can examine whether longer interaction histories, with extensive follow-up
specifications after the first turn, support more reliable personalization. Second, one can investigate other methods
for integrating skills into coding agents in stead of directly including them as part of the prompt. Since the sessions
we analyzed are primarily GitHub-related work, formulating skills as reusable Python functions is not applicable.
Third, one can explore more adaptive mechanisms for skill utilization, such as retrieving task-relevant guidance from a
repository of skills mined across developers and tasks. Combining it with a small set of developer-specific preferences
may be the right combination for a new task.
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A Effectiveness of evidence-grounded skill refinement
Table 5: Direct comparison between the rule-based bootstrap skill and its LLM-refined version. Differences and
win/tie/loss counts are computed per session as Condition B − F.

Skill variant Score ↑ Follow-up Rate ↓ Win/Tie/Loss
(F) Rule-based bootstrap 65.71±1.65 30.95% (65/210) –
(B) Bootstrap + LLM refinement 65.99±2.14 30.95% (65/210) 42.86/13.33/43.81% (90/28/92)

Since we first generates a rule-based bootstrap skill and then uses an LLM to refine it based on the original evolution
sessions, we examine whether this refinement improves skill reliability and mitigates overgeneralization. As shown in
Table 5, the refined skill achieves a slightly higher average score than the bootstrap skill (65.99 vs. 65.71), corresponding
to an improvement of 0.28. Both variants have the same follow-up rate of 30.95%, indicating that refinement does
not reduce the need for additional user clarification. Moreover, the refined skill yields a nearly balanced win/tie/loss
distribution relative to the bootstrap skill (90/28/92), and the difference is not statistically significant (paired t-test,
p = .792). These results suggest that LLM-based refinement may modestly improve task performance. However, richer
interaction histories are needed to determine whether this gain is consistent and statistically reliable.

B Developer-Level Variation in Skill Effectiveness
B - A
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A: no skill  |  B: own personalized skill  |  C: another developer’s skill  |  D: aligned generic skill

Descriptive 95% intervals; intervals beyond +/-60 are clipped.

Figure 5: Developer-level differences in task-completion scores across skill conditions (A: no skill; B: personalized
skill; C: other-user skill; D: generic skill). Square markers indicate mean score differences, and horizontal bars show
descriptive 95% intervals.
We further examine how skill effectiveness varies across developers. As shown in Figure 5, the effect of personalized
skills varies substantially. Comparing the personalized-skill and no-skill conditions (B−A), only 6 of the 13 developers
achieve higher task-completion scores under the personalized-skill condition than under the no-skill baseline. Similarity,
comparing the target developer’s skill with a skill distilled from another developer (B − C) reveals no consistent
evidence of a personalization benefit. Although the personalized skill achieves higher task-completion scores than the
mismatched skill for 8 of the 13 developers, the largest improvements tend to occur for developers with fewer held-out
sessions, whose estimates also exhibit substantially wider confidence intervals. In contrast, the generic skill shows more
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consistent improvements, outperforming the no-skill baseline for 11 of the 13 developers. This observation suggests that
limited developer-agent interaction session trace data make it difficult to reliably identify developer-specific preferences
that generalize to held-out tasks.

C Prompts used in the personalized skill generation framework

The prompts for evidence-grounded skill refinement, coding-agent execution, task summary, developer simulator and
task-completion scoring are shown in Figure 6–10.

Figure 6: Prompt for evidence-grounded skill refinement.
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Figure 7: Prompt for coding-agent execution.

Figure 8: Prompt for task summary generation.
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Figure 9: Prompt for developer simulator.
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Figure 10: Prompt for task-completion scoring.
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