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Abstract

Large Language Model (LLM) agents are re-
shaping the industrial landscape. However,
most practical agents remain human-designed
because tasks differ widely, making them labor-
intensive to build. This situation poses a cen-
tral question: can we automatically create and
adapt domain agents in the wild? While sev-
eral recent approaches have sought to automate
agent creation, they typically treat agent gener-
ation as a black-box procedure and rely solely
on final performance metrics to guide the pro-
cess. Such strategies overlook critical evidence
explaining why an agent succeeds or fails, and
often require high computational costs. To ad-
dress these limitations, we propose ReCreate,
an experience-driven framework for the auto-
matic creation of specialized agents. ReCreate
systematically leverages agent interaction his-
tories, which provide rich concrete signals on
both the causes of success or failure and the av-
enues for improvement. Specifically, we intro-
duce an agent-as-optimizer paradigm that effec-
tively learns from experience via three key com-
ponents: (i) an experience storage and retrieval
mechanism for on-demand inspection; (ii) a
reasoning—creating synergy pipeline that maps
execution experience into scaffold edits; and
(iii) hierarchical updates that abstract instance-
level details into reusable specialized patterns.
In experiments across diverse domains, ReCre-
ate consistently outperforms human-designed
agents and existing automated agent genera-
tion methods, even when starting from minimal
seed scaffolds.!

1 Introduction

As the capabilities of large language models

(LLMs) continue to improve (OpenAl, 2025;

Google, 2025; Anthropic, 2025a; Liu et al., 2025a;

Chang et al., 2024), LLM-based agents have
fCorresponding Authors

'Code is available at https://github.com/zz-haooo/
ReCreate.
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Figure 1: Overall performance across four domains with
gpt-5-mini. Bars report domain-level average scores
of three method families and the proposed ReCreate.
Red annotations indicate ReCreate’s improvement over
the runner-up in each domain.

demonstrated striking competence on complex,
long-horizon tasks, such as software engineer-
ing (Yang et al., 2025, 2024), scientific discov-
ery (Tang et al., 2025; Weng et al., 2024), GUI
operation (Zhang et al., 2026c; Li et al., 2026) and
web navigation (He et al., 2024; Team et al., 2025).
These LLM-based agent systems are typically built
on agent scaffolds that specify how the model is
prompted, how tasks are decomposed and executed,
and how tools and environment feedback are in-
tegrated (Luo et al., 2025; Xi et al., 2025). The
success of these LLM-based agents shows that de-
signing agent scaffolds is a critical step toward
unlocking raw LLMs’ capabilities and grounding
raw LLMs in practical deployments (Wang et al.,
2024a; Li et al., 2025¢).

Yet in practice, LLM agents still rely on human-
designed scaffolds, since different domains call for
distinct knowledge and priors (Xia et al., 2024; Ma
etal., 2024; Li et al., 2025a,b). Designing scaffolds
manually is labor-intensive and hard to scale to
numerous open-world scenarios (cf. Appendix E).
This tension raises a central question: can we auto-
matically create specialized agents from scratch
in real-world environments? In this work, we
refer to this problem as the domain agent creation.

A growing line of work studies automated agent
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generation, which replaces human-crafted scaffolds
with a meta-agent that iteratively proposes, eval-
uates, and refines task-agent scaffolds (Hu et al.,
2024; Shang et al., 2024; Zhang et al., 2024a; Li
et al., 2025d; Wang et al., 2025). The genera-
tion in these methods is typically driven by per-
formance metrics (such as pass rates or LLM-
judged scores), which are used to select and update
candidate agents. While this strategy has yielded
promising progress, relying solely on performance
metrics presents two limitations: (1) Performance
metrics do not provide evidence about why and how
the agent succeeds or fails. Consequently, agent
optimization is typically treated as a black-box
process, relying on exhaustive trial-and-error to
uncover effective directions for scaffold improve-
ment, thereby undermining both efficiency and ef-
fectiveness. (2) Obtaining this metric value is often
costly. Each candidate scaffold typically requires
large-scale evaluation to yield a stable and reliable
performance measure. For example, ADAS (Hu
et al., 2024) spends about $500 for a single agent
generation on ARC dataset (Chollet, 2019) with
only 20 task samples.

These limitations stem from treating domain
agent creation as a black-box optimization driven
purely by performance scores. Motivated by
this, we shift towards a white-box optimization
paradigm that leverages the agent’s interaction ex-
perience — including execution trajectories, eval-
uation logs, and environment state — as primary
evidence for scaffold refinement. Such experience
provides insight into why an agent succeeds or fails,
offering semantic and concrete evidence for adding
rules, updating tools, and revising workflows (Sec-
tion 3 provides illustrative examples).

To implement this idea, we introduce ReCre-
ate, an experience-driven framework for automat-
ically creating specialized domain agents. ReCre-
ate explicitly exploits rich interaction experiences
on tasks to guide scaffold updates. However, this
process faces three key challenges: (i) The large
scale of interaction and environment information
is challenging for LLMs to tackle; (ii) Extract-
ing meaningful evidence from complex experi-
ences and converting it into suitable scaffold up-
dates is inherently nontrivial. (iii) Scaffold updates
may easily overfit to single-task experiences rather
than capture broader domain patterns, thus hin-
dering domain-level generalization. We address
these challenges through an agent-as-optimizer de-
sign comprising three components: (1) an experi-

ence storage and retrieval mechanism that enables
on-demand evidence inspection within the ReCre-
ate environment; (2) a reasoning—creating synergy
pipeline that maps execution evidence into scaffold
updates; (3) a hierarchical update mechanism that
aggregates instance-level refinements into reusable
domain-level patterns. Empirical validations on
diverse domains confirm the effectiveness of the
ReCreate, which achieves superior and low-cost
domain adaptation even when starting from trivial
seed agent scaffolds to powerful specialized agents.

Overall, the major contributions in this work are:

* The ReCreate framework: We highlight the impor-
tance of interaction-experience information and
propose ReCreate, a framework that automatically
creates agent scaffolds by learning from interac-
tion experience rather than relying solely on per-
formance metrics.

» Agent-as-optimizer design: Within ReCreate, we
introduce an agent-as-optimizer design that effi-
ciently processes large-scale experience logs, in-
fers actionable scaffold modifications from execu-
tion evidence, and extracts reusable domain-level
patterns.

* Comprehensive evaluation: We evaluate ReCre-
ate on thirteen benchmarks across four do-
mains, showing consistent performance gains over
human-designed agents and existing agent creat-
ing methods.

2 Preliminaries

2.1 Agent Scaffolds

An LLM agent can be viewed as the composition
of a base model ¢ and an agent scaffold A (Suz-
gun and Kalai, 2024; Xi et al., 2025). Formally,
given a base LLM ¢, an agent scaffold A denotes
the surrounding software layer that makes the base
LLM ¢ executable in an environment (Anthropic,
2025b; Meireles et al., 2025). To make agent scaf-
fold editable, we systematically examined recent
open-source, general-purpose agent scaffolds and
abstracted their common design patterns (Yang
et al., 2024; Wang et al., 2024c; Liang et al., 2025).
Based on their functions, we decompose .4 into the
following complementary modular components:

* Role & Object: the system instruction that de-
fines the agent’s identity, domain priors, and high-
level goals;
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* Process & Strategy: the procedure that guides
step-by-step reasoning, intermediate checks, and
termination criteria;

* Action & Tool: the action space exposed to the
agent, implemented as reusable tools and scripts,
including memory tools, search tools, etc;

* Memory & Retrieval: the mechanism that con-
trols how the agent stores, retrieves memory.

We therefore decompose agent scaffold A into a
tuple A = (A™le, Aproc glool  gmem) "with each
component editable. In our implementation, other
components, such as the action—observation for-
mat and error format, are ignored as they are non-
essential to practical performance.

2.2 Domain Agent Creation Problem

Many real-world domains lack expert-crafted
agents, offering no ready-to-use workflows, rules,
or tools. In this scenario, available resources are
limited to a base LLM ¢, a distribution D of ver-
ifiable tasks, and minimal domain information Z
(e.g., interfaces and constraints). Formally, the do-
main agent creation problem seeks to construct a
scaffold A from the tuple (¢, D, Z) that transforms
¢ into a reliable agent for D. Unlike prompt tuning
or tool learning, the goal is not adaptation to spe-
cific queries, but the creation of a plug-in agent that
captures domain-level knowledge and generalizes
to unseen tasks.

3 Motivation: Experience Matters

Our core motivation is that interaction experience,
which contains the full trajectory, execution results
and evaluation results, carries the agent’s action
path and reasoning process. This information can
be leveraged to design stronger agent scaffolds.
To illustrate, we present representative patterns in
interaction experience that suggest scaffold updates
in the form of rules, tools, and workflows.

Experience Suggests Adding Rules. Agents of-
ten overlook domain priors unless explicitly guided.
For example, in DA-Code (Huang et al., 2024), ex-
perience shows that agents often evaluate models
using training accuracy without a validation split.
Although the base LLLM can conduct proper cross-
validation, it will not do so reliably if the scaffold
does not emphasize this protocol. This suggests a
simple scaffold update: add a rule that any model
evaluation should construct a train/validation split

and report performance on the validation set, rather
than on the training data.

Experience Suggests Creating Tools. Repetitive
or error-prone steps can be replaced by dedicated
tools. For example, experience shows that agents
often need to verify whether the solution is non-
empty, executable, well-structured, etc. Creating
a tool to run these checks not only simplifies the
workflow but also ensures that all these validations
are applied.

Experience Suggests Modifying Workflows.
Failures often stem from the wrong order of ac-
tions rather than the lack of capability. For example,
in SWE-bench (Jimenez et al., 2023), experience
shows that agents often commit changes before
submission, leading to an empty patch in evalua-
tion. A simple update is to add a pre-submission
validation step that runs git diff —cached before
finish. Notably, only with this change, an agent can
improve the pass-rate by over 2%.

These cases are detailed in Appendix K. These
examples illustrate that interaction experience re-
veals agent behavior patterns, which can be lever-
aged to design better scaffolds. This motivates an
experience-driven scaffold optimizer that inspects
execution traces and converts such evidence into
targeted scaffold updates.

4 Method

In this section, we begin with problem formulation
and ReCreate framework, and then detail our agent-
as-optimizer design for scaffold optimization.

4.1 Problem Formulation

We first formalize the domain agent creation prob-
lem. Given domain D, we denote each task ¢; as

t; £ (l’i,El’lVZ‘), (1)

where x; denotes the problem context and Env;
denotes an executable environment of the given
domain. For example, in software engineering, x
may contain an issue description and code snippets,
while the Env contains the repository, runtime, and
unit tests.

Given an agent scaffold .4, a base model ¢, and
task t;, the task agent produces an interaction tra-
jectory

T ~ P¢(' | .A, tl'), (2)

where each trajectory 7; is a sequence of reasoning
steps, tool use, and observations. After the 7; is
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generated, an agent submission can be Exec (TZ-, ti)
obtained (e.g., a patch or generated codes). A task-
specific verifier then evaluates this submission and
produces a performance metric r;:

r; = Ver[Exec(7;, t;)] € R, 3)

where r; could be pass/fail signals from unit tests
on software engineering tasks, or scores from eval-
uation scripts on scientific tasks.

Given the tuple (¢, D, Z), domain agent creation
can then be formulated as the following bi-level
optimization problem:

max E,~pVer [Exec (TZ-* (A, t;), tz)}

max

s.t. 7 (A, t;) € ar
i (A1) IR

Ver (Exec(7;,t;)).

The inner-level optimization is generating a tra-
jectory 7 to maximize the task performance under
current scaffold .A. The outer-level optimization is
creating an agent scaffold A to maximize the ex-
pected performance in domain D. In practice, the
bi-level objective can be approximated via iterative
scaffold updates: at iteration k, run Ay, on tasks, ob-
tain feedback, and update it to Ay 1, starting from
Ay derived from minimal domain information Z.

Existing automated agent generation methods
can be abstracted as a metric-based update:

Api1 = Meta-Agent (A, 7).

Here, the entire execution process is compressed
into a single metric, which lacks process informa-
tion. Instead, we propose to update scaffolds from
interaction experience:

A1 = ReCreate-Agent (Ay, e),

where e £ (T, Exec,Ver).

“)

Here the interaction experience e contains the full
trajectory, execution results and evaluation results.
In this way, the outer optimization can use full
inner-level information for scaffold updates.

4.2 The ReCreate Framework

As illustrated in Figure 2, ReCreate formulates the
domain agent creation as a bi-level optimization
process, which imitates how human experts itera-
tively refine software systems. In the inner loop,
the agent equipped with scaffold A interacts with
the environment to solve tasks. This loop captures
the agent’s task-solving process, which contains

a) Inner Loo
@ P Observation

@#" 7, @ Tasks

Reasoning Agent Action Environment
A\ Scores Experience Scaffold ‘
\ ) /=
@ Evaluation
Results
71 Exccution l@l .
B\ Results — Reasoning
] ) (=)
92 raieciorie
ReCreate-Agent (b) Outer Loop

Figure 2: The overview of ReCreate.

its task decomposition, chain-of-thought reason-
ing and tool usage patterns. In the outer loop, the
ReCreate-Agent acts as a scaffold-optimizer. It
inspects the collected experience to attribute why
the agent succeeds or fails and generates targeted
updates from Ay to Aj41. Unlike existing meth-
ods that treat agent generation as a black-box op-
timization problem guided solely by performance
metrics, ReCreate reframes it as a white-box debug-
ging process driven by rich interaction experience
(i.e., agent trajectories, execution logs, and environ-
mental states).

ReCreate bridges the gap between agent’s execu-
tion behavior and agent scaffold design, enabling
the creation of domain agents from minimal seeds.
Despite its simplicity, the ReCreate framework par-
allels the workflow of human experts, yet is empow-
ered by superior intelligence. This embodies a core
philosophy: as models cross the critical threshold
of reasoning and creativity, the labor-intensive pro-
cess of agent creation can finally be automated by
the agents themselves.

4.3 The Agent-as-optimizer Design

While the ReCreate framework leverages interac-
tion experience to improve agent creation, effec-
tively exploiting it is non-trivial for three chal-
lenges: (1) the full interaction experience is large
for LLMs to tackle; (2) attributing agent experi-
ence to actionable agent scaffold updates is com-
plex; (3) instance-level fixes often bring overfit-
ting and fail to generalize. Next, we handle these
challenges via three components in the Agent-as-
optimizer design.

Experience Storage and Retrieval To handle
long and noisy experience, we store each task-
agent episode as an environment for ReCreate-
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Task [

Fix a GitHub issue in a real repository: implement a patch their scaffolds .

that makes the failing tests pass......

You are an agent that creates and
updates other AI agents by editing

Role & Objective
You are an expert software engineer solving

)

GitHub issues in real project

Trajectory

assistant: THOUGHT: I'll start by listing Python files in Inspection
the repository......

assistant: bash\nfind /testbed —type f —-name \"*.py\"
system: <output> xxx <output>

retriever

)"\/’\

Rules to follow: ......
Response Format: ......

Process & Strategy

Recommended workflow:

1. Understand: ...... 2. Locate: ......
Strategies:

1. Verify your understanding before editing......

Creation

router

Execution H
—  def get(self, key): [ | Tools Tools/
- i If._datalkey] # KeyE: analysis
return self._datalkey] eyError ;g: E gg%jslggmg
¢ & get(self, key, default=None): Observation Observation [ verify_patch
+ if key not in self._data: M insert_code
Evaluation Q emory
eas ing y When to read memory: ......
Failed (23P/2F) Reasoning 20 e
AssertionError: expected "xxx", got ”xxx" After inspection, I found the agent Static memories library: ......
. got AssertionError because ......
Experlence I decide to create ...... Scaffold

Figure 3: The pipeline of ReCreate. ReCreate-Agent iteratively reasons and acts to locate key evidence on why the
agent succeeds or fails and reflect how to improve the agent scaffold.

Agent (call it ReCreate-Environment), which col-
lects the current scaffold, the full interaction tra-
jectories, execution/evaluation results and environ-
ment context (e.g., codebase, database and sandbox
state). ReCreate-Environment supports on-demand
inspection, allowing the ReCreate-Agent to actively
retrieve the relevant piece of experience instead of
the full experience. Typically, the ReCreate-Agent
starts from failure or success information and inter-
acts with ReCreate-Environment to progressively
narrow down to the key evidence. To facilitate effi-
cient retrieval, we introduce an evidence retriever
that indexes critical events (e.g., errors, failing tests,
file operations) and links them to their context. This
allows ReCreate-Agent to jump from final evalua-
tion information to the relevant context based on
its reasoning capability.

Synergizing Reasoning and Creating While the
ReCreate-Environment captures comprehensive in-
teraction histories, the raw experiences are often
complex to analyze, which brings a gap between
experience and agent scaffold creation. To bridge
this gap, the ReCreate-Agent acts as an optimizer
for the scaffold in the ReCreate-Agent’s environ-
ment, as illustrated in Figure 3. In the left part,
ReCreate-Agent iteratively reasons and inspects
the interaction experience to locate key evidence
on why the agent succeeds or fails. The on-demand
inspection is enabled by our experience storage and
retrieval mechanism described above. In the right
part, ReCreate-Agent iteratively reasons and cre-
ates components to improve scaffold. Specifically,
we introduce a creation router, including a routing
prompt and interfaces for scaffold editing. The cre-
ation router guides the ReCreate-Agent to decide
which scaffold component to edit and how to edit
it based on the retrieved evidence. This design en-

sures that every scaffold update is grounded in spe-
cific evidence in the interaction experience, rather
than blind trial-and-error. Based on this pipeline,
ReCreate-Agent synergizes Reasoning and Creat-
ing for experience-driven agent creation.

Hierarchical Local-to-Domain Updates To ad-
dress the risk of instance-level overfitting, we
propose a hierarchical update mechanism, which
couples instance-level update UPD with domain-
level update DOMUPD. At the instance level,
the agent analyzes individual interaction experi-
ence to generate a candidate update AA accom-
panied by its corresponding justification x, which
are buffered rather than immediately applied. At
the domain level, the ReCreate-Agent synthesizes
these instance-level proposals to extract domain
patterns. This hierarchical process filters out task-
specific noise, ensuring that only generalized up-
dates are integrated into the final domain agent
scaffold.

Algorithm 1 ReCreate for Domain Agent Creation

Require: LLM ¢, dataset D, domain init-info Z.
Ensure: final domain scaffold Agp,
1: (Dgev, Dtest) < SPLIT(D)

2: A< INIT(Z)

3: for n = 1to Npax do

4 H<+«+0,B <+ SAMPLE(Dgey)

5: for each task t € B do

6: (1,7) < AGENTRUN(A, ¢, 1)
7: (AA, k) < UPD (7‘, o, p, 7“) 2
8: H+ HU{(t,AAk)}

9: end for

10: A < DomUPD(H, A, 7)

11: end for

12: return A > report final metrics on Dyegt
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Domain Dataset Human-designed Self-Evolve Agent Generation Ours
CoT SBA Refine | LIVE OPRO ExpelL | ADAS Square | ReCreate
SWE Django 58.29 58.77 56.87 | 58.77 52.13  59.24 | 5592 57.82 60.19
Sympy 61.82 61.82 58.18 | 58.18 5455 56.36 | 58.18 54.55 63.64
DW 4281 41.66 4243 | 3855 1855 47.50 | 37.98 45.98 51.94
ML 3432 3625 3585 | 41.68 39.08 40.27 | 21.53 22.90 42.88
DS SA 1933 20.15 20.39 | 21.83 17.16 2244 | 15.66 11.99 24.50
Numpy 62.00 64.50 64.00 | 68.00 71.00 68.50 | 61.00 67.00 77.00
Pandas 62.73 61.25 63.10 | 6421 6347 6494 | 60.52 63.10 68.63
Matplotlib | 78.52 80.74 81.48 | 8296 8296  78.52 | 76.30 82.96 85.19
Algebra 8145 8548 84.68 | 8548 87.10 83.87 | 80.65 83.87 92.74
Math NT 91.94 90.32 9032 | 9355 100.00 90.32 | 83.87 93.55 100.00
C&P 94.74 9474 9474 | 92.11 9474  92.11 84.21 94.74 100.00
Digital Normal 48.81 48.81 47.02 | 47.62 51.79  49.40 | 50.00 48.81 52.98
Challenge | 34.05 3621 35.01 | 3453 3429 3453 | 3693 34.77 40.29
Average 59.29 60.05 59.54 | 60.57 5899  60.62 | 55.60 58.62 66.15

Table 1: Pass rate or testing score on various real-world agent benchmarks.

Algorithm 1 summarizes the complete workflow
of ReCreate. First, the domain dataset D is split
into development set Dy, and test set Dygy, Where
Dgev 1s used for agent scaffold creation and Diegt
is used for agent scaffold evaluation. The agent
scaffold A is initialized through minimal initial
information Z, including environment interfaces
and necessary procedures. For each task in the
sampled batch B, ReCreate-Agent derives a local
update proposal AA from interaction experience
and buffers it into H (Lines 5-8). These buffered
local update proposals are aggregated to global
update by ReCreate Agent (Line 10). Finally, the
created agent scaffold A is evaluated on Dyt

4.4 Comparing with Existing Methods

Comparison to Existing Self-Evolve Methods.
Recent self-evolving methods (Xia et al., 2025;
Yang et al., 2023; Zhao et al., 2024) also leverage
experience to refine pre-existing agents. ReCreate
differs from self-evolving methods in three aspects:
(1) Scope: Instead of refining pre-defined scaffolds,
ReCreate builds agents from scratch, broadening
applicability to scenarios without mature agents.
(2) Objective: Unlike these methods prioritizing
instance-level success, ReCreate aims for domain-
level generalization with hierarchical updates. (3)
Strategy: Rather than relying on high-level out-
comes, ReCreate conducts fine-grained inspection
of execution traces, extracting concrete meaningful
evidence for optimization. Empirically, ReCreate
even initialized with a minimal scaffold outper-
forms these methods with fully-developed scaffolds

Here, o refers to execution results and p refers to evalua-
tion results for short.

(cf. Section 5). Beyond this, we provide a detailed
discussion in Appendix C about the design of our
Agent-as-optimizer and how ReCreate differs from
existing methods.

5 Experiments

5.1 Experimental Setup

Datasets To validate the effectiveness of ReCre-
ate across diverse real-world scenarios, we conduct
experiments on four representative domains widely
used for agent evaluation, including Software En-
gineering (SWE), Data Science (DS), Mathematics
(Math), and Digital Assistance (Digital). Specifi-
cally, we instantiate these domains by using their
most representative subsets: for SWE, we select the
two largest repositories, Django and SymPy, from
the SWE-bench-Verified (Jimenez et al., 2023);
for DS, we select the three largest subsets from
DA-Code (Huang et al., 2024) (Data Wrangling,
Machine Learning, Statistical Analysis) and DS-
1000 (Lai et al., 2023) (NumPy, Pandas, Mat-
plotlib); for Math, we select the three sub-domains
in MATH (Hendrycks et al., 2021) (Algebra, Num-
ber Theory, Counting &Probability); for Digital,
we select both the Normal and Challenge subsets
of AppWorld (Trivedi et al., 2024). It is worth
noting that DA-Code uses a continuous evaluation
signal, producing a score in [0, 1] (converted to a
percentage in our reporting). In contrast, all other
benchmarks considered here use deterministic bi-
nary outcomes (0 for failure and 1 for success).
Detailed information for datasets is shown in Ap-
pendix F.
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Figure 4: Action distributions of the ReCreate-Agent in various domains.

Implementations We employ gpt-5-mini as
the backbone for the task agent to ensure infer-
ence efficiency and employ claude-4.5-opus as
the ReCreate-Agent to guarantee high-quality rea-
soning and scaffold updates. We set the tempera-
ture to O for the claude-4.5-opus and 1.0 for the
gpt-5-mini (fixed at 1.0 by the API). Following
Algorithm 1, we configure the loop with a maxi-
mum iteration Nyax = 2 and a batch size of 4. For
data partitioning, we randomly sample a small set
of approximately 20 instances as the development
set Dyey for each domain, reserving all remain-
ing data for testing (ranging from 38 to 417). All
tasks are executed within Docker sandboxes. De-
tailed statistics of data splits and prompts for the
ReCreate-Agent are provided in Appendix F.

Baselines We compare ReCreate against three
related categories of methods to ensure a compre-
hensive evaluation. The first category is human-
designed scaffolds with test-time scaling, includ-
ing CoT (Wei et al., 2022), Step-Back Abstraction
(short as SBA) (Zheng et al., 2023), and Self-Refine
(short as Refine) (Madaan et al., 2023). The second
category is Self-Evolving methods, where agents
autonomously refine themselves for solving tasks.
We select representative methods for different evo-
Iution targets: LIVE (Xia et al., 2025) for tool
evolution, OPRO (Yang et al., 2023) for prompt
optimization, and ExpeL (Zhao et al., 2024) for
experience accumulation. The third category is Au-
tomated Agent Generation, including ADAS (Hu
et al., 2024), AgentSquare (Shang et al., 2024)
(short as Square).

5.2 Main Results

Table 1 reports the main results across four do-
mains. First, ReCreate consistently exceeds both
human-designed scaffolds and self-evolving base-

lines across all domains. On average across all
benchmarks, ReCreate improves the overall score
by more than 5% over the strongest competing
method, especially with clear performance gains
on DS, Math, and Digital tasks. These notable re-
sults are because these baselines rely on human
prior knowledge encoded in hand-crafted scaffolds,
which can be difficult to acquire and may not gener-
alize well when domain knowledge is scarce. Sec-
ond, ReCreate delivers substantial gains over Agent
Generation methods, improving the overall average
by more than 7%. This highlights the effectiveness
of leveraging interaction experience, rather than
relying solely on a scalar score, for domain agent
creation. Besides, Agent Generation methods typi-
cally search for or compose agents from a pre-built
component pool, while ReCreate updates the scaf-
fold directly from execution experience, without
requiring any predefined modules.

5.3 Statistical Study

To look into the creation process, we count the
action distribution of the ReCreate-Agent in three
sub-domains, shown in Figure 4. Across all cases,
inspection dominates creation (roughly 65%—76%
vs. 24%-35%), indicating that ReCreate-Agent
typically locates and verifies evidence more than
proposing scaffold edits. This aligns with our agent-
as-optimizer design, where scaffold updates are
grounded in execution experience rather than blind
trial-and-error.

The dominant evidence sources and update tar-
gets vary by domain. On Django, the agent heavily
inspects the Docker sandbox for code base, while
creation mainly manifests as memory construction
to consolidate debugging findings into reusable
rules. On Machine Learning, inspection frequently
focuses on scaffolds and evaluation artifacts, and
creation is more balanced across prompt adjust-
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ments and tool/memory creations. On AppWorld,
trajectory inspection is prominent and creation be-
comes notably more frequent, with more prompt
and memory updates. In short, the agent’s behavior
is highly context-dependent, allocating its reason-
ing and creation efforts where they yield the highest
value for the specific task.
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201

Test Accuracy (macro avg, %)

o4
SWE DA-code DS-1000 Math Digital
Hmm ReCreate

mmm ReCreate w/o environment

ReCreate w/o exec & eval
ReCreate w/o full trajectory

Figure 5: Ablations on experience components.

5.4 Ablation Study

Observation-level Ablation Figure 5 reports ab-
lations over the experience components in ReCre-
ate. Across all five domains, the full ReCreate
model has the best performance. Removing any
component degrades its performance, which con-
firms the importance of experience components.
Among the variants, removing the full trajectory
causes the largest and most consistent performance
drop, highlighting that step-by-step traces provide
crucial context for diagnosing failures and guid-
ing creation. Removing execution & evaluation
feedback also leads to the performance drop, sug-
gesting that outcome signals (e.g., generated files,
test results, verifier feedback) are necessary to an-
chor updates. Removing the environment yields a
smaller but consistent decline, indicating the value
of runnable execution for faithful inspection and de-
bugging. These results underscore the complemen-
tary roles of trajectory, environment and exec/eval
feedback for domain agent creation.

Method SWE DA-Code DS

ReCreate 60.19 39.77 77.74
w/o creation router 58.00 37.13  75.39
w/o DoOMUPD 57.09 37.83 75.96

Table 2: Action-level ablation.

Action-level Ablation Table 2 ablates two action-
level components in ReCreate. Removing either
creation router or domain update DOMUPD con-

sistently hurts the performance across SWE, DA-
Code, and DS-1000 (DS for short). Without cre-
ation router, the ReCreate-Agent tends to focus
on instance prompt; without DOMUPD, the up-
dates are biased toward instance details. Therefore,
the two components are complementary: creation
router improves execution reliability of ReCreate-
Agent, while DOMUPD improves cross-task gener-
alization.

Digital

ReCreate with Claude-opus
Human-designed

ReCreate with GPT-5-mini
ReCreate with Meta-info

Figure 6: Reasoning-level ablation.

Reasoning-level Ablation The ReCreate frame-
work requires strong reasoning capability to
achieve reliable agent creation. Figure 6 compares
ReCreate-Agent with different reasoning capac-
ities and the task agent is fixed as gpt-5-mini.
The radar values are normalized by ReCreate with
Claude-opus, indicating each setting’s relative per-
formance ratio. We draw two conclusions. First,
ReCreate with only initial domain information
yields very poor performance in most domains
(except Math). This indicates that initial domain
information alone is far from sufficient and that
effective scaffolds require richer domain knowl-
edge from interaction experience or experts. Sec-
ond, ReCreate with Claude-opus consistently sur-
passes Human-designed scaffolds, whereas ReCre-
ate with gpt-5-mini fails to outperform them in
most domains. This gap indicates that the stronger
reasoning capability substantially improves the
ReCreate-Agent’s ability to interpret interaction ex-
perience and translate it into actionable scaffold up-
dates. Furthermore, it suggests that frontier LLMs
are approaching the point of matching or even re-
placing expert-designed scaffolds in practice.

5.5 Analysis of the Update Procedure

In this section, we dive into the update process
in ReCreate and study how it affects agent per-
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formance on dev-set Dy, and test set Digst. We
consider a single-case setting where the develop-
ment set contains only one instance. Starting from
the initial scaffold, we iteratively apply ReCreate
updates and re-evaluate the agent on the same case
to quantify the post-update gain in pass rate. Fig-
ure 7 plots the average pass rate curve for 20 single-
case development sets (i.e., 20 distinct cases) in the
SWE domain under this setting, with a maximum
of Npax = 4 update iterations. The left panel
shows the average task-level resolved rate, while
the right panel reports the fine-grained test-case
pass rate. Under this setting, ReCreate steadily im-
proves both the task’s resolved rate and its test-case
pass rate by iteratively updating the agent scaffold.
These results suggest that ReCreate can fix a subset
of tasks that initially failed through its experience-
driven updates on agent scaffold edits.
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Figure 7: Post-update Gain Verification on SWE tasks.

5.6 Case Study

We present task-solving cases to intuitively show-
case how ReCreate evolves the agent scaffold; de-
tails are provided in Appendix M.

5.7 Cost

Beyond performance, we also assessed the cost-
effectiveness of ReCreate compared to automated
agent generation methods. Figure 8 compares the
average cost (counted by USD) of scaffold opti-
mization across domains between ReCreate and
ADAS. ReCreate is more efficient than ADAS, re-
ducing the cost by roughly 36% to 82%. Even
though ReCreate employs a strong ReCreate-Agent
(e.g., claude-4.5-opus) for scaffold updates, it
converges with a small development set and fewer
iterations thanks to the rich signals from interaction
experience. In contrast, ADAS has to repeatedly
evaluate each candidate, leading to higher cost.

SWE 231 42.40
DA-code 42.19
DS-1000 43.24

Math 42.17

Digital 16.10 MM ReCreate ADAS
0 10 20 30 40 50

Cost ($)

Figure 8: Cost Comparison.

6 Conclusion

We introduced ReCreate, an experience-driven
framework for domain agent creation that opti-
mizes agent scaffolds by learning from interaction
experience rather than relying solely on perfor-
mance metrics. Concretely, ReCreate adopts an
agent-as-optimizer design with three components,
enabling scaffold updates grounded in concrete ev-
idence while improving task generalization. Em-
pirically, ReCreate yields consistent performance
gains over baselines across diverse domains even
when starting from minimal seed scaffolds.

7 Limitations

The limitations of this work are twofold.

First, ReCreate focuses on optimizing agent scaf-
folds at the textual and code levels, such as prompts,
reasoning strategies, and tool implementations. It
does not extend to infrastructure (also called har-
ness) adaptations, such as customizing execution
environments or systems, as these require heavy
engineering that is distinct from the generalizable
logic of agent creation.

Second, the framework adopts a training-free
framework and does not update the base model
parameters. This work prioritizes a lightweight,
plug-and-play approach to efficiently unlock the ca-
pabilities of frozen frontier LLMs without the high
overhead of gradient-based optimization. While
fine-tuning would internalize the discovered scaf-
fold patterns, the data engineering required to cu-
rate high-quality training corpora is computation-
ally expensive, which forms a promising direction.
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A Usage of LLMs

Throughout the preparation of this manuscript,
Large Language Models (LLMs) were utilized as a
writing and editing tool. Specifically, we employed
LLMs to improve the clarity and readability of the
text, refine sentence structures, and correct gram-
matical errors. All final content, including the core
scientific claims, experimental design, and conclu-
sions, was conceived and written by us, and we
take full responsibility for the final version of this

paper.
B Related Work

B.1 Automated Agentic Generation

Automated agent generation methods can be
roughly divided into two lines: they either search
an agent from a predefined module pool or train
a scaffold generator. ADAS (Hu et al., 2024)
and AFlow (Zhang et al., 2024a) treat an agent
as a program or workflow and use a meta-agent
or MCTS-style search to iteratively propose, ex-
ecute, and retain high-scoring designs in a hand-
crafted search space. AgentSquare (Shang et al.,
2024) abstracts agents into four interchangeable
modules (planning, reasoning, tool use, memory),
while AgentSwift (Li et al., 2025d) further enlarges
the space by jointly searching workflow structure
and functional components under a value-guided,
uncertainty-aware hierarchical search. These
search-based methods operate over increasingly
rich design spaces but still rely on coarse scalar
scores, without explicitly reasoning over the inter-
action experience when updating scaffold.

Another line of approaches learn an LLM policy
that generates scaffolds. ScoreFlow (Wang et al.,
2025) trains a workflow generator with a score-
based preference objective, turning workflow opti-
mization into learning from pairwise preferences
induced by evaluation scores. RobustFlow (Xu
et al., 2025) extends this view to robustness, opti-
mizing generators so that workflows remain con-
sistent across perturbed but semantically equiva-
lent instructions. FlowReasoner (Gao et al., 2025)
instead optimizes a query-level meta-agent with
external execution feedback, using distillation plus
reinforcement learning to improve the multi-agent
systems it designs for each query.

ReCreate differs from both lines by taking full
interaction experience (trajectories, logs, execution
artifacts, verifier outputs) as input to a ReCreate-

Agent that proposes targeted scaffold edits and en-
ables experience-grounded agent optimization.

B.2 Self-Evolve Methods

Automated Tool Learning A prominent line of
self-evolving agents enhances what an agent can
do by autonomously expanding and maintaining
its tool set. In embodied scenarios, long-horizon
settings, Voyager (Wang et al., 2023a) continually
explores and accumulates reusable skills, forming
a growing library of executable behaviors. For
more general-purpose tool creation, works such
as Alita (Qiu et al., 2025), Live-SWE-Agent (Xia
et al., 2025), ATLASS (Haque et al., 2025), CRE-
ATOR (Qian et al., 2023), SkillWeaver (Zheng
et al., 2025), and CRAFT (Yuan et al., 2023) gen-
erate new functions or APIs from interaction ex-
perience and execution feedback, and reuse them
across tasks. Beyond tool creation, an additional
challenge is tool selection under a large inventory:
methods such as ToolGen (Wang et al., 2024b),
ToolRet (Shi et al., 2025), and ToolRerank (Zheng
et al., 2024) retrieve, rerank, and invoke appro-
priate tools more reliably. Tool learning is also
studied at the level of tool-use competence, e.g.,
Toolformer (Schick et al., 2023) and ToolLLM (Qin
et al., 2023), which train or distill tool-use behav-
iors to improve tool calling accuracy and robust-
ness.

Automated Context Learning Another core di-
rection evolves what an agent sees in its context
window, most commonly through prompt and in-
struction optimization. Early representative ap-
proaches treat prompt search as a discrete opti-
mization problem: APE (Zhou et al., 2022) and
MetalCL (Min et al., 2022) generate candidate
prompts and select among them based on valida-
tion performance. More agentic variants explic-
itly plan over the prompt space, such as PromptA-
gent (Wang et al., 2023b), while population-based
evolution is exemplified by PromptBreeder (Fer-
nando et al., 2023). To stabilize and accelerate
iterative prompt refinement, OPRO (Yang et al.,
2023) and REVOLVE (Zhang et al., 2024b) use
model-generated critiques and edits as optimization
steps; similarly, ZERA (Yi et al., 2025) performs
training-free evaluation-refinement with principle-
based critiques and jointly refines system and user
prompts (and task descriptions). For agentic set-
tings with long and dynamic traces, SCOPE (Pei
et al., 2025) treats prompt evolution as an online
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optimization problem and updates prompts from
execution traces. Beyond single prompts, pipeline-
level context learning is captured by DSPy (Khattab
et al., 2023), and gradient-style textual optimiza-
tion is explored in TextGrad (Yuksekgonul et al.,
2024), LLM-AutoDiff (Yin and Wang, 2025) and
others (Liu et al., 2025b; Chen et al., 2023; Lin
et al., 2025b; Cui et al., 2025; Gao et al., 2023b,a).
Overall, these methods optimize the in-context
specification (instructions, exemplars, and inter-
mediate prompts) to steer agent behavior, and are
largely orthogonal to expanding the toolset or up-
dating long-term memory.

Automated Memory Evolving Memory evolv-
ing methods update what an agent retains and re-
trieves across episodes by deciding what to store,
revise, and discard. One line focuses on structured
long-term memory maintenance: SAGE (Liang
et al., 2024) uses a forgetting-curve-inspired reten-
tion heuristic, while MemO (Chhikara et al., 2025)
and Memlnsight (Salama et al., 2025) use explicit
update operations and semantic organization to sup-
port retrieval. Another line treats memory as an
experience library by summarizing interaction his-
tory into reusable guidance: Expel (Zhao et al.,
2024) distills trajectories into actionable rules, and
Agent Workflow Memory (Wang et al., 2024d)
stores workflow fragments that can be replayed for
similar tasks. Memory evolution is also explored in
multi-agent interaction settings: self-play accumu-
lates negotiation knowledge over time (Cheng et al.,
2026; Long et al., 2026; Lin et al., 2025a; Ouyang
et al., 2024; Ke et al., 2025), while social simula-
tion frameworks leverage persistent group mem-
ory to model long-horizon agent dynamics (Zhang
et al., 2026b, 2025; Ma et al., 2026; Zhang et al.,
2026a; Bai et al., 2026). Overall, these approaches
treat memory as a persistent object that is contin-
ually updated and consulted to guide future deci-
sions.

C Discussions

Why Agent-as-optimizer? While the concept of
LLM-as-optimizer is widely recognized (Yuksek-
gonul et al., 2024), Agent-as-optimizer remains an
emerging frontier. We identify domain agent cre-
ation as a quintessential scenario to exemplify this
distinction. Fundamentally, Agent-as-optimizer
represents a paradigm shift from Optimization by
Prompting to Optimization by Doing. The former
follows a linear Reasoning — Text process, pas-

sively generating prompts based on static context.
Crucially, this approach remains labor-intensive, as
it requires humans to manually curate and feed spe-
cific optimization targets into the model’s context.
In contrast, ReCreate establishes an Optimization
by Doing loop: Inspect — Reason — Optimize.
Here, ReCreate-Agent acts as an autonomous engi-
neer: it actively retrieves specific trajectories, exe-
cution diffs or evaluation results to diagnose failure
modes. This shifts the paradigm from reading static
history to navigating full experience, enabling the
precise localization of bug roots hidden in massive
logs.

Comparison to Self-Evolve Recent self-
evolving methods (Xia et al., 2025; Yang et al.,
2023; Zhao et al., 2024) also leverage experience
to refine pre-existing agents. ReCreate differs
from these self-evolving methods in three aspects:
(1) Scope: Instead of iteratively polishing a
pre-defined scaffold, ReCreate can create an agent
from scratch, which makes it applicable even in
domains where no mature agent or hand-crafted
workflow is available. (2) Objective: While prior
work mainly optimizes for instance-level success
(i.e., improving performance on the specific tasks
encountered), ReCreate targets domain-level
generalization by abstracting reusable improve-
ments through hierarchical updates, thereby
reducing overfitting to individual instances. (3)
Strategy: Rather than relying primarily on coarse
outcome signals (e.g., pass/fail or scalar rewards),
ReCreate performs fine-grained inspection of
execution traces and environment feedback, and
turns concrete evidence into grounded scaffold
edits. Empirically, even when initialized with a
minimal seed scaffold, ReCreate outperforms these
methods that start from fully-developed scaffolds
(cf. Section 5).

D Implementations of ReCreate

We implement RECREATE as a parallel evolution
pipeline that improves a shared scaffold (prompt +
tools + memory) across iterations. For each batch,
a task agent runs multiple instances in parallel un-
der the same scaffold inside Docker, and we record
the trajectory, submitted artifacts (e.g., patches/-
files), and the evaluator report. A per-instance meta-
agent then inspects these artifacts and produces a
concrete update (a scaffold diff, a new tool, or a
memory entry), and a synthesis meta-agent merges
updates from the whole batch into the next scaffold
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version while removing instance-specific changes.
To support five benchmarks with one codebase,
we use a DomainAdapter that only specifies how
to load data, run the agent, and evaluate, while
the evolution logic stays identical across domains.
The entire process is logged as versioned folders
(global_v00o, global_veo1, ...) with diffs and
statistics, enabling reproducible comparisons to the
baseline scaffold.

Following Agent Skills design (Han Lee, 2025),
we package each tool as a self-contained direc-
tory with a SKILL.md (YAML name/description
for discovery) plus executable scripts and optional
resources. The agent only preloads lightweight
metadata, and lazily reads the full instructions or
runs scripts on demand, enabling many tools with-
out saturating the context window. In our system,
RECREATE-Agent creates and updates these skill-
style tool folders from execution evidence (trajecto-
ries, artifacts, and evaluator logs), so improvements
are reusable and traceable to concrete failures or
successful patterns.

As for memory, we implement two complemen-
tary components: a memory mechanism and a static
memory bank. The memory mechanism specifies
when the task agent should write new memories
and when it should retrieve existing memories (e.g.,
after repeated failures or before critical steps), mak-
ing memory usage a controlled part of the workflow.
The static memory bank stores reusable experience
distilled by RECREATE-Agent (e.g., common fail-
ure modes, repair heuristics, and tool-usage tips),
which can be searched and reused across future
instances.

E Limitations of Human-designed
Scaffolds

In this section, we argue that human-designed scaf-
folds are not only labor-intensive to build, but also
cap performance.

Current agent scaffolds gate what a base model
can do. We ask a simple question: for a fixed
base model, how much can the final success de-
pend on the surrounding scaffold? To isolate the
effect of scaffolds, we compare five top-performing
open-sourced agents on SWE-bench Lite (300 is-
sues) that all use the same LLM (gpt-40) but dif-
fer in prompts, workflows, and tool setups. Fig-
ure 9 (left) shows that their solved issues overlap
only partially: the union reaches 184 issues, yet
the best single scaffold solves 147. This leaves a

scaffold-fixable headroom of 184 — 147 = 37 is-
sues (20% of the union): these issues are solved
by the same model under some scaffold, but are
missed by the strongest human-designed scaffold
in this pool. The small intersection (only 52 issues
solved by all five) further suggests that scaffolds
do not merely guide outputs: they also change the
agent’s search behavior (what to inspect, which
checks to run, how to iterate), effectively routing
the model to different solvable regions.

The right panel quantifies this effect by count-
ing, for each scaffold S, how many issues in the
union U it fails to solve (i.e., issues solved by at
least one other scaffold). Even for the best scaf-
fold, 37 union issues are missed; for other scaf-
folds, the gap is much larger (65-82 issues). In
other words, a substantial portion of what looks
like “model limitation” under one scaffold is ac-
tually recoverable under another scaffold with the
same base model. This exposes a key weakness
of human-designed scaffolds: they are strong but
incomplete samples from a vast design space, and
they leave significant performance untapped. These
observations motivate us to perform agent scaffold
optimization rather than one-off manual engineer-
ing. Moreover, as Al continues to surpass human
intelligence, it can achieve a higher upper bound in
creating agents.

F Detailed Information for Datasets

Our experiments are conducted on five benchmarks
(counts in Table 3); we briefly introduce each
benchmark below.

SWE (Jimenez et al., 2023) We use SWE-BENCH
VERIFIED, where each instance corresponds to a
real GitHub issue in a target repository. The agent
must produce a code patch that is applied and vali-
dated in an isolated environment; success is deter-
mined by passing the benchmark’s tests after patch
application. Django and SymPy are the two reposi-
tories in SWE-bench Verified that cover the largest
number of tasks. In our experiments, we sample 20
tasks from each repository as the development set.
DA-Code (Huang et al., 2024) This benchmark tar-
gets data-science programming workflows, cover-
ing common routines such as data transformation/-
cleaning, classical ML modeling, and statistical
analysis. Tasks emphasize producing executable
code under practical workflow constraints. In our
experiments, we sample 20 tasks from each subset
as the development set.
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Figure 9: Scaffolds gate what a base model can do.

SWE DA-Code DS-1000
Django Sympy Data Wrangling | Machine Learning Statistical Analysis NumPy | Pandas | Matplotlib
231 75 100 100 78 220 291 155
Math AppWorld
AIME24 | AIME25 Algebra Number Theory Counting&Probability dev Normal | Challenge
30 30 124 62 38 57 168 417

Table 3: The counts for datasets used in our experiments.

DS-1000 (Lai et al., 2023) DS-1000 is a data-
science code generation benchmark built from real-
world questions, paired with automatic evaluation
via executable checks. We report results on three
core library subsets that represent array computing
(NumPy), tabular manipulation (Pandas), and vi-
sualization (Matplotlib). In our experiments, we
sample 20 tasks from each repository as the devel-
opment set.

Math AIME24 and AIME25 (Li et al., 2024)
contain problems in AIME exams of the corre-
sponding years and evaluate competitive-math rea-
soning with short final answers. We additionally
use MATH500 (Hendrycks et al., 2021), a 500-
problem subset of the MATH dataset, and break
it down into topic subsets (Algebra, Number The-
ory, and Counting & Probability) to study subject-
specific behavior. In our experiments, we use
AIME24 as the development set and evaluate on
the MATHSO00 topic subsets as test sets.
AppWorld (Trivedi et al., 2024) APPWORLD is an
interactive agent benchmark with a suite of apps
and executable APIs. Tasks require multi-step de-
cision making and tool use in a controlled environ-
ment. We follow its provided split into a dev set
and two evaluation partitions (Normal and Chal-
lenge), where the latter typically poses harder or
more adversarial scenarios. In our experiments,
we sample 30 instances from the dev split as the
development set, and evaluate on the Normal and
Challenge splits as test sets.

G Temperature Sensitivity

We test the performance of ReCreate with differ-
ent sampling temperature ¢ of ReCreate Agent (we
use claude-4.5-opus), as shown in Table 4. It
can be observed that ReCreate maintains compara-
ble performance across different sampling temper-
atures. This suggests that state-of-the-art models
have stably approached the capability to create do-
main agents.

Domain Dataset t=00 t=05 t=1.0
Django 60.66 61.14 63.51

SWE Sympy 61.82 58.18 60.00
DW 51.94 47.79 50.55

ML 40.88 51.16 45.78

DS SA 23.00 20.33 27.33
Numpy 77.00 78.00 81.50

Pandas 67.53 65.68 66.79
Matplotlib | 85.19 78.52 74.07

Algebra 95.16 94.35 93.55

Math NT 100.00  100.00  100.00
C&P 100.00 100.00  97.37

.. Normal 52.98 51.79 55.36

Digital

Challenge | 37.41 37.65 38.85

Average 65.66 64.97 65.74

Table 4: ReCreate performance with different tempera-
ture.
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Generalization on Various Base Models for
ReCreate Agent One may suspect that ReCre-
ate’s gains in the main results simply stem from
the stronger reasoning capability of the selected
ReCreate-Agent. We additionally evaluate ReCre-
ate with Claude Opus 4.5 as both the ReCreate-
Agent (Meta-Agent) and the task agent. The results
are shown in Figure 10. ReCreate remains con-
sistently better than baseline across all evaluated
domains. As can be seen, ReCreate consistently
outperforms the human-designed agent across the
four domains, demonstrating that our experience-
driven, automatically designed paradigm can ef-
fectively replace carefully hand-crafted designs in
many settings.

Agent Beyond the default backbone (GPT-5-
mini) in our main experiments, we further evaluate
ReCreate by swapping the base LLM from GPT-
5-mini to Gemini-2.5-Flash and GPT-40-mini. As
shown in Figure 11, ReCreate consistently outper-
forms the human-designed scaffold (12/13 tasks
on Gemini and 13/13 on GPT-40-mini), deliver-
ing +8.3 and +8.7 absolute pass-rate points on
average, with the largest gains on DS-1000 (up
to +37.6). These results indicate that ReCreate’s
experience-driven scaffold edits capture largely
model-agnostic role/process/tool/memory patterns
rather than backbone-specific prompt tricks.

I Significance Test

While some test sets in the main results are rela-
tively small (e.g., 38—75 instances), many datasets
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are substantially larger: for example, Pandas,
Numpy, and AppWorld Challenge contain 271, 200,
and 417 instances, respectively.

To assess whether ReCreate’s improvements
are statistically significant, we conduct McNemar
paired significance tests on all test instances across
13 datasets (N=1681). Here we report the statisti-
cal significance of ReCreate’s improvements over
the best baseline in each of the three baseline cate-
gories, including human-designed, self-evolve, and
agent generation.

Table 5: Paired significance tests (ReCreate vs base-
lines).

Comparison exactp significant?
vs SBA 3.43e-11 v
vs ExpeL 7.57e-8 v
vs AgentSquare  9.24e-11 v

The results show that ReCreate achieves statisti-
cally significant (o« = 0.05) gains over these base-
lines.

J Sensitivity Analysis

To address the concern about dev-set sensitivity,
we conduct two sensitivity analyses as follows.

Sensitivity of Development Set We construct
dev sets by randomly sampling 20/50/100 cases
from SWE-bench Full excluding SWE-bench Ver-
ified (500 cases), and keep all other settings iden-
tical to the main experiment. The results are as
follows:

Table 6: Changing the size of dev set in SWE tasks.

Method SWE-bench Verified
ReCreate-20 57.4
ReCreate-50 604
ReCreate-100 60.8

We conclude that the performance of ReCreate
improves as the dev set size increases. This is con-
sistent with our expectations since a larger dev set
provides more experience for agent scaffold up-
dates. In our experiments, we use only a small
development set of 20 samples and can beat var-
ious compared baselines. In fact, ReCreate still
has substantial room for improvement and strong
potential when larger dev sets are used.

Sensitivity of Dev Set Composition We con-
struct dev sets by repeatedly and randomly sam-
pling 50 instances, thereby creating three dev sets
with different compositions. The instances of dev
sets are sampled from SWE-bench Full exclud-
ing SWE-bench Verified and all other settings are
identical to the main experiment. The results of
ReCreate are as follows:

Table 7: Changing the composition of dev set in SWE
tasks.

Method SWE-bench Verified
ReCreate-dev1 60.4
ReCreate-dev2 59.8
ReCreate-dev3 59.8

Even with different dev-set samples, perfor-
mance remains stable (std = 0.28), suggesting that
ReCreate is not sensitive to dev-set composition.

In our main experiments, we use a dev set of 20
instances as a compute-efficient choice, and this
dev-set size is also common in prior works, such
as (Hu et al., 2024; Shang et al., 2024).

K Cases in Motivation

In this section we present cases that show experi-
ence can be important for agent scaffold update,
shown in Figure 12, 13, 14.

L. Prompts of ReCreate-Agent

The ReCreate-Agent operates as an agent-
optimizer. Its system prompt is designed to guide
it through the full loop of inspection, diagnosis,
and scaffold evolution. Below we present the core
components of the prompt (administrative instruc-
tions and specific file paths are omitted for brevity),
shown in Figure 15.

The Synthesis prompt of Meta-Agent aggregates
per-instance scaffold edits into one unified scaf-
fold, shown in Figure 16. We omit administrative
instructions and absolute paths for brevity.

M Case Study

We take the initialization and the final results of
ReCreate on Django for demonstration. To ensure
a realistic initialization, ReCreate starts with a min-
imal seed scaffold, shown in Figure 17. Driven by
interaction experience, the agent iteratively evolves
this seed into a specialized domain system. The
final output includes rigorous prompt templates for
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Motivation 1: Rules (Log: ML/q_39)

Context: Task requires training a classifier on breast_cancer.csv.
[STEP 3] Model Training & Verification

> THOUGHT: ...missing values are handled. Features are stored in X and labels in y. I will now fit a Random Forest and
check the accuracy to ensure the model is learning correctly before prediction.

> ACTION:

from sklearn.ensemble import RandomForestClassifier

# Initialize model with default parameters
clf = RandomForestClassifier(random_state=42)
clf.fit(X, y)

# Evaluate performance

# <--- [FATAL FLAW] Evaluating on training data

train_score = clf.score(X, y)

print(f"Current Accuracy: {train_score:.4f}")

> OBSERVATION: Current Accuracy: 0.9420

> THOUGHT: The accuracy is 94.2%, which is excellent. The model is robust. I will proceed to load test.csv...

[Motivation] The trace reveals an overfitting hallucination. The agent sees a near-perfect score (0.942) and stops optimizing,
unaware that the score is biased without a hold-out set. A naive idea is to inject rule: “CONSTRAINT: You need to use
train_test_split for internal evaluation.”

J

Figure 12: A case study for adding rules.

system constraints, workflows, and memory inter-
faces (Figures 18, 19, 20). Additionally, ReCreate
crystallizes its experience into actionable memories
(Figure 21) and custom tools (Figure 22) to resolve
specific domain challenges.
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Motivation 2: Tools (Log: SA/q_41)

Context: Agent generated solution.py and needs to verify it.
[STEP 4] Multi-step Verification

> THOUGHT: ...code is written. Before submission, I must ensure the file is not empty, has correct syntax, and is actually
executable. I will check these one by one.

> ACTION: ...

# 1. Check if file exists and is not empty
1s -1h solution.py && cat solution.py | head -n 3

> OBSERVATION: -rw-r-r- 1 root root 402B ...
def solve(nums):

> ACTION:

# 2. Check for syntax errors

python3 -m py_compile solution.py

> OBSERVATION: (No output, implies syntax OK)

> ACTION:

# 3. Check execution logic

# <--- [INEFFICIENT] Wasting 3 turns on routine checks
python3 -c "from solution import solve; print(solve([1, 2]1))"

> OBSERVATION: 3

[Motivation] The trace reveals a tedious verification loop. The agent spends multiple turns performing generic sanity checks
(size, syntax, execution). An effective idea is to create a unified tool: full_check(file_path) that automates this entire

validation pipeline in one call.
\ J

Figure 13: A case study for adding tools.

Motivation 3: Workflows (Log: SWE-bench/django-45)

Context: Fixed bug in django/utils/text.py. Tests passed.

[STEP 12] Submission

> THOUGHT: ...regression tests are passing. I will now commit the changes to the repository and submit the final patch.
> ACTION:

git add django/utils/text.py
# <--- [FATAL FLAW] Committing clears the Index
git commit -m "Fix regression in slugify”

> OBSERVATION:

[main 8a3clb] Fix regression in slugify
1 file changed, 4 insertions(+), 1 deletion(-)

> ACTION:
echo COMPLETE_TASK_AND_SUBMIT_FINAL_OUTPUT

>SYSTEM EVALUATION: » Patch Content: (empty string)
» Result: FAILED (Patch size @ bytes)

[Motivation] The trace reveals a “clean working tree” paradox. The agent followed standard Git practice, but the harness
requires staged changes (Index) for patch extraction. A necessary update is to enforce a workflow: “CRITICAL: RUN git
\diff —cached before finish.”

J

Figure 14: A case study for enforcing workflows.

31039



ReCreate-Agent System Prompt

Role Definition You are an agent that creates and evolves other Al agents by editing their scaffolds (prompts, workflows,
tools, and memory mechanisms).

Mission Analyze agent execution trajectories, understand success and failure patterns, inspect the agent’s environment, and
evolve the agent’s scaffold and tools so that it performs better on future tasks in the same domain.

Core Philosophy You are discovering generalizable principles. Think like a teacher improving a student:
¢ Learn from SUCCESS: Extract winning strategies and encode them as tools.

¢ Learn from FAILURE: Diagnose issues and add safeguards.

The Five Components You Control
1. system_template: Agent’s identity, core knowledge, principles.
D. instance_template: Problem-solving workflow, step-by-step guidance.
3. memory_template: Agent’s memory read/write strategy.
1. agent_tools/: Reusable automation scripts and helper commands.

5. agent_memory/: Historical lessons & patterns (static content).

Thinking Framework When analyzing a trajectory, focus on:

» Patterns: What behaviors systematically help or hinder progress?

* Root Cause: Is this a knowledge gap, strategy gap, or tool gap?

* Intervention: What targeted change would steer future trajectories better?

* Tool Opportunities: Ask "What repetitive operation could be automated?"

Available Tools (Action Space)

e Trajectory Analysis:

read_trajectory.py summary: Get overview of the run.
read_trajectory.py failures: List all errors and their context.
— read_trajectory.py context —step N:Inspect specific reasoning steps.

¢ Environment Inspection:

— inspect_in_docker.py —command "ls -R": View the actual file system state.

* Scaffold Editing:

scaffold_editor.py str_replace: Modify prompts/templates.
— tool_manager.sh create: Create new Python tools for the agent.
memory_manager.py add: Inject static knowledge/lessons.

Recommended Workflow

¢ Check Submission: Verify if the patch is empty or valid.

¢ Read Trajectory: Understand what the agent did step by step.

* Analyze Causes: Why did the reasoning or tool usage break down?

¢ Decide Intervention: Create a tool (Preferred) or Update Scaffold.

¢ Execute & Verify: Apply changes and confirm they match intent.
\ J

Figure 15: Main prénhPéfbr ReCreate-Agent.



Synthesis Meta-Agent Prompt (Batch Synthesis)

Role
You are the Synthesis Meta-Agent. Review all proposed scaffold modifications from a batch and produce a unified global

scaffold that generalizes across the domain.

Context
Batch {{ batch_idx }} ran {{ num_instances }} instances from the same base scaffold (global_v{{ batch_idx }}).

{{ num_modifications }} instances proposed modifications.

Your Task

1. Review each proposal (summary + diff; open full files when needed).
0. Extract shared patterns and generalizable improvements.

3. Resolve conflicts and synthesize a single unified scaffold.

Where to Inspect Full Proposals

* batch_modifications/<instance_id>/diff.txt
e batch_modifications/<instance_id>/summary.md

e batch_modifications/<instance_id>/scaffold.yaml

Decision Guidelines (Prefer Success)

¢ Successful instances: prioritize reusable tools, stable workflow improvements, and concise rules that clearly contributed to
success.

* Failed instances: include only low-risk safeguards that address a general failure mode; avoid brittle or overly restrictive
rules.

Conflict Resolution
Prefer changes supported by multiple instances; otherwise choose the simpler, more general formulation. When uncertain,

keep the original rule.

Required Outputs

e Update current/scaffold.yaml with the unified scaffold.
* Write current/synthesis_summary.md (included vs. rejected changes, plus conflict resolutions).
« If useful tools/memories exist, copy/add them into current/.

Completion
Output: echo COMPLETE_TASK_AND_SUBMIT_FINAL_OUTPUT

Reminder
Optimize for generalization across the domain, not for the specific instances in this batch.

Figure 16: Batch synthesis prompt for aggregating instance-level scaffold edits into a unified global scaffold.
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[System Template] Minimal Seed

You are an expert software engineer solving GitHub issues.

Response Format: THOUGHT: <analysis>
" “bash

<ONE command>

Rules:

* ONE command per response. Do NOT try to do everything at once.
¢ No vim/nano. Use sed -i or python3 -c for edits.

¢ NEVER use heredoc («EOF) - it causes truncation errors.

* NEVER read or modify test files.

[Instance Template] Minimal Seed

## Task

{{task}}

## Workflow (STEP BY STEP)

1. LOCATE: Find relevant files with find and grep.

2. ANALYZE: Read the code...

3. IMPLEMENT: Edit the files...

4. VERIFY: Check if it works...

5. SUBMIT: git add -A && git diff -cached && echo COMPLETE_TASK...

Figure 17: The Minimal Seed Scaffold in Django.
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You are an expert software engineer solving GitHub issues in real open-source projects.

## Response Format (CRITICAL)

You MUST respond with EXACTLY this format every turn:
THOUGHT: <your analysis in a single paragraph>
“‘bash

<exactly ONE command>

“e

NEVER output multiple code blocks. NEVER skip the THOUGHT section.
## Rules

ONE command per response. Work step-by-step, not all at once.

No interactive tools: NO vim, nano, less, or interactive prompts

NEVER use heredoc («EOF) - it causes truncation errors. Use sed or python -c instead.

Directory changes don’t persist. Use: cd /path && command

Commands timeout after 100 seconds. Use head/tail/grep for large outputs.

## Anti-Cheat Rules (MUST FOLLOW)

* NEVER read, modify, or look at any test files (test_x.py, *_test.py, tests/, testing/)
* NEVER try to discover or reverse-engineer test content

* NEVER modify or delete .git directories

e Focus ONLY on the issue description to understand what needs fixing

* Your fix must be based on understanding the problem, not the tests

## File Editing Methods

RECOMMENDED: Use the file_editor tool (handles quoting automatically):

python3 /workspace/agent_tools/utils/file_editor/main.py replace <file> -old "old text” —-new "new text”

python3 /workspace/agent_tools/utils/file_editor/main.py show <file> -start 50 —end 100

python3 /workspace/agent_tools/utils/file_editor/main.py search <file> -pattern "regex”

For simple changes, use sed:

sed -i ’s/old_text/new_text/g’ filename.py

For complex edits with special characters, use python with raw strings:

python3 -c ’from pathlib import Path; p=Path("file.py"); s=p.read_text(); s=s.replace(”old"”, "new"); p.write_text(s)’

## Running Python Scripts
For complex Python scripts (multi-line, classes, if statements), use printf to write to a file:
printf ’linel\nline2\nprint(result)’ > /tmp/test.py && python3 /tmp/test.py

## Codebase Location
The repository is at /testbed/. Always work from there.

Figure 18: The System Template created from Django experience.
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## GitHub Issue to Solve
{{task}}

## Workflow (Follow Step-by-Step)

1. UNDERSTAND: Read the issue carefully. What is the expected vs actual behavior?
2. LOCATE: Find relevant files using:

e find /testbed -type f -name "x.py"” | grep -E "keyword” | head -20

e grep -r "function_name” /testbed -include="*.py"” -1 | head -20

If grep output is truncated, NARROW your search to the relevant subdirectory:

e grep -r "pattern” /testbed/specific/module/ -—include="x.py"

After finding one occurrence, check if the same pattern exists in related files.
3. ANALYZE: Read and understand the code:

cat /testbed/path/to/file.py | head -100

grep -n "pattern” /testbed/path/to/file.py

4. IMPLEMENT: Make targeted changes using sed or python -c (NO heredoc!)
5. VERIFY: Check your changes:

git diff to see what you changed

Quick sanity check: python3 -c "import module_you_changed” to verify no syntax errors

TEST THE ACTUAL BEHAVIOR: Run a quick test with the specific inputs from the issue
Example: python3 -c "from module import func; print(func(problematic_input))”

Test edge cases: boundary values, empty inputs, unusual but valid inputs

For multi-stage operations (ORM queries, serialization, caching): trace the full data flow and verify your fix handles
ALL stages, not just the first one you found

6. VALIDATE: Before submitting, ask yourself:

Does my fix address the root cause described in the issue

Did I test the specific scenario mentioned in the issue?

Could my change break other functionality?

7. SUBMIT: When confident your fix is complete:
git add -A 8& git diff -cached && echo COMPLETE_TASK_AND_SUBMIT_FINAL_OUTPUT

## Important Reminders

* Work incrementally: one change at a time
* Read code before modifying it
e Verify your changes with git diff before submitting

¢ NEVER touch test files - your fix will be evaluated against hidden tests

Figure 19: The Instance Template created from Django experience.
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## Memory System

You can read and write memories to learn from past experiences.

Read memories (search for relevant lessons):

python3 /workspace/agent_memory/search_memory.py "keyword”

Write memories (save what you learned):

python3 /workspace/agent_memory/write_memory.py —-title "Short title” -content "What you learned” -tags "tagl,tag2"”

When to read memories:

* At the start of a task, search for similar issue types
* When encountering an error, search for that error message

¢ When stuck, search for the technology/library involved
When to write memories:

e After solving a tricky bug, save the key insight
¢ When you discover a useful pattern or gotcha

e After finding a non-obvious solution approach

Figure 20: The Memory Template created from Django experience.

emories:

content: "When using python3 -c for file editing with regex patterns, avoid complex escaping. Instead
use raw strings (r'pattern') and multi-line format. Better yet, use the file_editor tool at /workspace/
agent_tools/utils/file_editor/main.py for safe search-and-replace operations.”

created: '2026-01-02'

id: mem_001

tags: [python, regex, editing, escaping]

title: Regex escaping in python -c

content: "For Django issues, always run the specific FAIL_TO_PASS tests mentioned in expected_tests.txt
before submitting. Use: python tests/runtests.py <module>.<Class>.<method>. Don't assume a fix works

just because it compiles - the actual test may reveal the fix is incomplete.”

created: '2026-01-02'

id: mem_002

tags: [django, testing, swe-bench, verification]
title: Run FAIL_TO_PASS tests before submitting Django fixes

content: "When replacing entire Python methods/functions, avoid complex regex patterns that require
escaping. Instead, use str.find() to locate the method start (e.g., 'def method_name(') and find the
next method at the same indentation level to determine the end. This approach is more reliable.”
created: '2026-01-02'

id: mem_003

tags: [python, editing, methods, refactoring]

title: "Method replacement: use find() not regex”

Figure 21: A snapshot of the static memory accumulated by ReCreate.
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#!/usr/bin/env python3

non

Replace Method Tool - Replace an entire Python method/function by name

Usage:
python3 replace_method/main.py <file> --method "name” --new-body "def name(): pass”
python3 replace_method/main.py <file> --method "name"” --new-body-file /path/to/impl.py

non

import argparse, re, sys
from pathlib import Path

def find_method_boundaries(content: str, method_name: str) -> tuple:
"""Find the start and end positions of a method based on indentation.
lines = content.split('\n")

nan

# Pattern to match method/function definition strictly
method_pattern = re.compile(rf'*(\s#*) (def\s+{re.escape(method_name)}\s*x\()")

# ... [Logic to find start_line and base_indent]

# Find the end of the method by checking indentation levels
end_line = len(lines)
for i in range(start_line + 1, len(lines)):

line = lines[i]

stripped = line.lstrip()

# Skip empty lines and comments
if not stripped or stripped.startswith('#'): continue

current_indent = len(line) - len(stripped)

# Stop if we find a line at same or lower indentation level
if current_indent <= base_indent:

end_line = i

break

return start_pos, end_pos, base_indent

def replace_method(filepath: str, method_name: str, new_body: str) -> None:
"""Replace a method/function with new implementation."""”
path = Path(filepath)
content = path.read_text()

# 1. Locate the method in the source file
start_pos, end_pos, indent = find_method_boundaries(content, method_name)

if start_pos is None:
print (f"ERROR: Method '{method_name}' not found")
sys.exit (1)

# 2. Align the new body to the correct indentation level
new_lines = new_body.split('\n"')
indented_lines = []
for line in new_lines:
if line.strip() and not line.startswith(' ' * indent):
line = ' ' % indent + line.lstrip()
indented_lines.append(line)
new_body_indented = '\n'.join(indented_lines)

# 3. Perform the string replacement

new_content = content[:start_pos] + new_body_indented + content[end_pos:]
path.write_text(new_content)

print (f"SUCCESS: Replaced method '{method_name}' in {filepath}")

def main():
# ... [Argparse setup omitted for brevity]
if args.show_only:
replace_method(args.file, args.method,
elif args.new_body:
replace_method(args.file, args.method, args.new_body)

wn
B

show_only=True)

"

if __name__ == "__main__
main ()

",

Figure 22: A tool created from Django experience.
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