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ABSTRACT

Coding agents can recursively modify their own implementations, forming a loop
of self improvement. While prior work shows this can boost performance on cod-
ing benchmarks, existing approaches are costly and compute-intensive. We in-
troduce a simple, sample-efficient self-improvement framework that significantly
improves coding performance under strict budget constraints. We identify evalua-
tion of candidate self-modifications as the main bottleneck since prior approaches
estimate their effectiveness by re-running a subset of benchmark tasks with the
modified agent. We replace these partial benchmark runs with an LLM-as-a-
judge signal to rank candidate patches, reserving expensive evaluations only for
the most promising ones. Combined with a lightweight tree search, this enables
effective exploration with minimal overhead. On a subset of SWE-bench Verified,
our method improves gpt-5-mini pass rate by over 11% in fewer than three
self-improvement steps, using just $25 in API costs within 15 CPU hours.

1 INTRODUCTION

(a) Performance comparison. (b) Tree search of SIFT’s best run.

Figure 1: (a) Performance on SWE-60 by SIFT, averaged across 3 runs, compared against several baselines.
SIFT starts with the mini-swe-agent harness on gpt-5-mini and improves to match the performance
of Claude 4 Opus. Each iteration corresponds to the full-evaluation of a solution on SWE-60. (b) Tree search
leading to the best solution from SIFT. The integers labeling intermediate nodes indicate score assigned by
Judge. Note that only the iterations corresponding to accepted solutions, or the last iteration, are shown.

Large Language Models (LLMs) have enabled the rapid development of autonomous agents, capable
of reasoning, planning, and executing complex workflows. Among these, coding agents have made
leapfrog gains within the past years, demonstrating the ability to solve increasingly difficult software
engineering tasks (Jimenez et al., 2024; Jain et al., 2025). One particular frontier within this domain
is recursive self-improvement: the ability of an agent to modify its own source code to enhance its
future performance.

Theoretical frameworks such as the Gödel Machine (Schmidhuber, 2006) propose that a program
capable of provably beneficial self-modifications will converge to a global optimum. Recent em-
pirical implementations, such as the Gödel Agent (Yin et al., 2025), SICA (Robeyns et al., 2025),
and the Darwin-Gödel Machine (DGM) (Zhang et al., 2025b), have validated this potential, showing
that agents can indeed navigate their own design space to refine their own implementation, with the
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improvement validated through competitive results on various benchmarks. However, this search
process is extremely inefficient. Current methods rely on an expensive feedback loop where every
candidate modification must be validated against a comprehensive benchmark suite to estimate its
utility. As noted in recent works, this evolutionary process can incur astronomical costs, upwards of
$22,000, and consume hundreds of CPU hours (Zhang et al., 2025b; Wang et al., 2025). This high
barrier to entry limits the accessibility of self-improving agents and slows the pace of research.

In this paper, we identify that the primary bottleneck in self-improvement is the low signal-to-cost
ratio of the evaluation step. Validating a self-improvement patch via full benchmark execution
provides a strong signal but at maximum cost. We propose that this process can be optimized by
introducing intermediate, cheaper signals via a separate LLM-judge tasked with rating the quality
of a self-improvement proposal. We introduce SIFT (Self-Improvement via Fast Tree Search), a
simple framework that dramatically reduces the time and financial cost of self-improvement while
still enabling the discovery of meaningful self-improvement modifications, maintaining competitive
performance gains.

Our key contributions include

1. LLM-as-a-judge for evaluation. We identify the evaluation of each self-improvement
patch to be the most cost-heavy part of the self-improvement process, and show that we
can use LLM-as-a-judge to achieve moderately good signal on which patches potentially
lead to more performance gains. This allows us to limit our full benchmark evaluation to
the most promising nodes and significantly reduce the cost of each self-improvement step.

2. Sample efficient tree search. We show that repeated self-improvement sampling guided
by a strong LLM-as-a-judge during a simple tree search improves the performance of
gpt-5-mini on a subset of SWE-bench verified by more than 11% in fewer than 3 self
improvement steps, incurring a total API cost of under 25USD within 15 total CPU hours.

2 RELATED WORKS

Our work is closely related to an ongoing line of research on self-improving coding agents. The
Gödel machine (Schmidhuber, 2006) demonstrates that a program that is able to provably make
useful modifications to its own code will find a global optimum solution. The Gödel agent (Yin
et al., 2025) proposes sensor-executor modules that implements the approximation of such a pro-
gram in code, demonstrating improved performance across various language and reasoning bench-
marks (Dua et al., 2019; Hendrycks et al., 2021; Rein et al., 2023; Shi et al., 2022). SICA (Robeyns
et al., 2025) enforces the self-improvement agent to identically match the agent used during bench-
mark evaluations, and show significant performance gains in coding (Jimenez et al., 2024; Jain et al.,
2025). STOP (Zelikman et al., 2024) uses a meta-utility function to guide a seed-improver to dis-
cover multiple self-improvement strategies, such as simulated annealing and genetic algorithm. The
Darwin-Gödel Machine (Zhang et al., 2025b) introduces open-endedness through maintaining an
archive of well-performing agents to improve the diversity in the agentic design search space. The
Huxley-Gödel machine (Wang et al., 2025) proposes the Clade Meta Productivity (Huxley, 1957)
metric to sample the next agent based on the performance of a parent agent and all its descendants.

More broadly, this line of work of self-improving coding agents aims to efficiently explore the
design space of harness design for agents. ADAS (Hu et al., 2025) demonstrates a Meta Agent
Search algorithm that exceeds SOTA performance of human-designed agentic systems across sev-
eral comprehension and reasoning tasks. AFlow (Zhang et al., 2025c) explores the design space
of code-based workflows using Monte Carlo Tree Search, simultaneously achieving performance
improvements and cost reductions against stronger LLM backbones. Such work has also been ex-
tended to multi-agent systems via MaAS (Zhang et al., 2025a), automating the architecture search
by sampling a query-dependent agentic system from a distribution of multi-agent architectures.

Our specific instantiation of agentic design search can be also regarded as a form of meta-learning of
coding agents. Within the setting of meta-learning foundation agents, the community has developed
methods within prompt evolution (Fernando et al., 2023) in a self-referential manner, and such strate-
gies have recently been shown to outperform reinforcement learning across various tasks (Agrawal
et al., 2025). In our work, we allow the agent to evolve not only its prompts through natural lan-
guage, but also its implementation in code such as tool use error handling.
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3 METHODS

(a) SIFT workflow. (b) Sample tree search of SIFT.

Figure 2: (a) SIFT workflow. Starting from an inital agent, several self-improvement patches are proposed.
They are then scored by a judge and the top-k self-improvement patch is picked for the full evaluation on a
coding benchmark. (b) Tree search showing recursive self-improvement by SIFT, improving from an inital
accuracy of 51.7% to a final accuracy of 61.7% on SWE-60.

Experimental setting We follow the experiment details of HGM (Wang et al., 2025), using
gpt-5-mini for our coding model, evaluated on the same subset of SWE-bench verified (Jimenez
et al., 2024) containing 60 tasks1. We refer to this as the SWE-60 subset hereafter.

Our initial harness is based on the mini-swe-agent2, with access to a single bash tool that
it uses to navigate the bash-only environment of SWE-bench. The agent is allowed to make
further edits to its codebase freely, in terms of modifications of prompts and additional utility scripts.
However, the agent is not allowed to change the environment beyond the bash-only setup.

All experiments are conducted in a sandboxed Docker container. During evaluation, we pull
the Docker image from the official commit and instantiate our agent in the home directory with
mini-swe-agent folder together with a simple wrapper script. During self-improvement, our
agent is initialized in a standalone Docker container, without any SWE-bench tasks but with access
to its own implementation which includes the mini-swe-agent subfolder and a single wrapper
script. We also pass error logs to this agent.

Self-improvement agent At each iteration of self-improvement, the agent is given the error logs
from the previous evaluation on SWE-bench. We note that the full error logs from SWE-bench
typically exceed more than 20 turns with a median of 20K tokens per task, sometimes exceeding 50
turns with up to 50K tokens. Hence, passing in the full logs from every failed/incomplete task could
exceed context limits or result in heavy context rot. In DGM and HGM, a single random task that
failed is sampled and passed as context to a diagnosis agent. However, this results in a failure of the
agent to accurately diagnose every point of failure. We propose a simple fix to this problem, which is
to also instantiate the diagnosis/self-improvement agent with bash tools to traverse the full directory.
In this scaffold, the diagnosis agent typically completes its diagnosis of the problem within 10 turns,
traversing up to 10 error directories using grep, glob, sed commands while keeping total
tokens under 200K. While we note that there are several more advanced methods to handle context
rot (Zhang et al., 2026; Anthropic, 2025; Ji, 2025), we find that our basic implementation suffices to
handle the current context.

Judge Agent In the evolutionary search for a working self-improvement, the most cost-intensive
part is the evaluation. The Gödel machine relies on the strong correlation between performance on
coding benchmarks and overall coding agent performance to approximate a “provably" correct signal

1The small and medium subsets of SWE-bench Verified used in DGM
2https://github.com/SWE-agent/mini-swe-agent
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Algorithm 1 Self-Improvement via Fast Tree-search (SIFT)

1: Input: Initial agent A0, scoring judge J , evaluation benchmark B, expansion factor m, itera-
tions N , select top k

2: Initialize: Best agent A∗ ← A0, Best score S∗ ← Evaluate(A0,B)
3: for i = 1 to N do
4: Step 1: Agentic Self-Improvement
5: P ← ∅
6: for j = 1 to m do
7: L ← Retrieve error logs from previous evaluation of A∗ on B
8: D ← Diagnosis agent performs tool-use traversal of L
9: Pnew ← Agent A∗ implements patch based on D

10: P ← P ∪ {Pnew}
11: end for
12: Step 2: LLM-as-a-Judge
13: Scores← ∅
14: for each P ∈ P do
15: s← J.score(A∗ + P ) {Evaluate quality without running B}
16: Scores← Scores ∪ {(P, s)}
17: end for
18: Ptop ← Top-k patches from Scores
19: Step 3: Full Evaluation
20: for each P ∈ Ptop do
21: Anew ← A∗ + P
22: Snew ← Evaluate(Anew,B)
23: if Snew > S∗ then
24: A∗ ← Anew

25: S∗ ← Snew

26: break {Greedy acceptance, move to next generation i+ 1}
27: end if
28: end for
29: end for
30: Return Improved agent A∗

Table 1: Resource consumption breakdown per step. Self-improve and LLM-judge costs and durations are
reported per task, mean across 10 tasks, using gpt-5.2. SWE-60 values are reported as the total value within
a 60 task subset of SWE bench, using gpt-5-mini and the mini-swe-agent harness.

Module Cost (USD) Time (CPU Hours)
Self-Improve 0.47 0.067
LLM-judge 0.040 0.0042
SWE-60 3.1 2.9

in self-improvement in order to achieve a globally optimal agent design. However, to obtain a strong
signal on the quality of the self-improvement patch requires extensive evaluation on numerous tasks.
Even while restricting intermediate evaluations to smaller subsets and using cost-efficient models,
the full evolution algorithm results in astronomical costs: 22000USD for SWE-bench using DGM
and 5000USD for Polyglot using HGM. Beyond costs, the suite of evaluations also incur significant
CPU hours, costing 3 CPU hours for a single evaluation on the SWE-60 which results in hundreds
of CPU hours for the full evolution Wang et al. (2025).

We note that a significant hurdle here is the low signal-to-cost ratio at each evolution step as it takes
tremendous amount of resources to identify good patches from bad ones through downstream task
evaluation alone. Instead of running a full downstream evaluation suite, we hypothesize that frontier
LLMs are able to distinguish the positive from negative self-improvement patches through critiquing
the existing codebase alone (Zheng et al., 2023; Jiang et al., 2025). Importantly, the evaluation
process is cheap even when using frontier reasoning models (Table 1), and gives a comparatively
strong signal as compared to evaluation on tasks within SWE-bench (Table 2).
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We hence propose the use of an LLM-as-a-judge (Zheng et al., 2023) as an intermediate step to rate
the proposed patch made by the self-improvement agent according to a rubric from 1 to 10. We then
pick the top k patches ranked by the score given and run the full SWE-60 evaluation on these. The
best performing patch is then picked as the parent agent for the next iteration of self-improvement.

4 RESULTS

4.1 JUDGE PERFORMANCE

Table 2: Correlation coefficients between the score attained by a single self-improvement patch on SWE-60
and score given by the judge model to the patch. A total of 50 patches are sampled from the same set of models
of gpt-5.2, gpt-5-mini, gpt-5-nano. Cost is reported per run, averaged across the 50 runs.

Judge Pearson Spearman Cost (USD)
gpt-5.2 0.340 0.145 0.040
gpt-5-mini 0.286 0.044 0.0057
gpt-5-nano 0.076 -0.157 0.0011
Random subtask 0.220 0.138 0.051

We hypothesize that a strong judge is able to provide efficient signals on the improvement potential
of a suggested patch. We demonstrate this with the following experiment. Starting from our base
model, we sample 50 patches of varying quality. Then, each of these 50 patches is evaluated on
SWE-60 and simultaneously scored by a judge. The correlations between the judge score and the
SWE-60 score is reported in Table 2. That is, given N = 50 total suggested self-improvement
patches, we report the correlation for judge modelM with benchmark B as

Corr(M,B) = Corr1≤i≤N (si,M,Acci)

where the Spearman rank correlation is computed by ranking both the score si,M assigned to patch
i by modelM and ranking the accuracy obtained on SWE-60 Acci by patch i.

We observe that judge scores have roughly a 34% correlation with the benchmark performance, with
correlation increasing with model strength. This corroborates with existing studies (Jiang et al.,
2025) which show that reasoning models significantly outperform non-reasoning variants as a code
judge, providing a cost-efficient method for obtaining a signal to distinguish between good and bad
self-improvements as gpt-5.2(high reasoning) cost less than 0.05 USD per task.

For a baseline comparison, we compare this with the correlation between the success of a random
task on SWE-60 and the overall accuracy obtained on SWE-60. Explicitly, across each task t within
the T = 60 tasks, we compute

Et∈T [Corr1≤i≤N (1t,i,Acci)]

where 1t,i is the indicator random variable for whether task t was solved on patch i. This metric is
reported in the last row of Table 2. At roughly the same cost, using a frontier LLM judge gives a
stronger signal on the quality of the self-improvement over evaluating on a random task within the
subset. Also note that the API calls to the LLM-judge is much faster than the time required than
a benchmark task evaluation (Table 1), which makes the LLM-judge both more cost and compute
efficient than downstream task evaluation.

These scoring signals from the judge can also be used in multiple rounds of self-improvement.
Figure 3 shows the binned accuracy improvement due to a self-improvement patch plotted against
the score assigned by a gpt-5.2 judge to the patch. Majority of proposed patches achieve rather
mediocre scores. At later iterations of self-improvement, low-scoring patches also can sometimes
result in severe degradation of performance by introducing more bugs. Nonetheless, higher scoring
patches tend to deliver strong performance gains.

4.2 SWE-VERIFIED-60

To verify the extent of self-improvement achieved, one can evaluate the improved model on a task
correlated to the performance of a model. In terms of coding agents, this is best realized through
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Figure 3: Mean accuracy change against score by judge LLM(gpt-5.2), averaged across the three runs in
Figure 1. Error bars represent standard errors.

a coding benchmark. Tasks within SWE-bench-verified Jimenez et al. (2024) includes PRs from
existing Github repositories requiring the implementation of a feature or bug fixes that were previ-
ously tasked to humans. These tasks help to verify the general capabilities of coding agents, such
as code understanding, multi-file handling and long context management, ideal attributes exhibited
by a coding agent. Existing works (Wang et al., 2025; Zhang et al., 2025b) have also found self-
improving coding agents to show improved performance on this benchmark over multiple rounds of
self-improvement.

In our experiments, we use the same subset of SWE-bench-verified as in Wang et al. (2025) due
to the extensive cost demanded by the full benchmark. At each iteration, we sample 10 self-
improvement patches and select the top patch ranked by the score given by the judge LLM. The
top scoring patch is then evaluated on the SWE-60 tasks and accepted if the accuracy improves.
Otherwise, the patch is rejected and 10 new patches are resampled independently on the next itera-
tion. Hence, each iteration on Figure 1 corresponds to exactly one full evaluation on SWE-60.

Within the first 10 iterations, we consistently observe SIFT to achieve an improvement from the
initial 51.7% to a 60%(Figure 1). This exceeds the accuracy of Kimi-K2-Thinking(which is the
current best open-source model) and matches the same level of performance as Claude Opus 4 using
the mini-swe-agent harness, demonstrating that a weaker model can rival the performance of
stronger models when bootstrapped with a stronger harness.

The performance of SIFT on SWE-60 also exceeds that of existing self-improvement frameworks,
such as HGM and SICA at lower cost and CPU hours. However, we note that this comparison is
not entirely fair as the initial benchmark scores of HGM and SICA were 40% while that for SIFT
was 51.7%. Nonetheless, our results still demonstrate the viability of SIFT as a fast and effective
framework to achieve self-improvement in coding abilities.

Ablation We ablate SIFT against a simpler baseline to verify its effectiveness. We compare SIFT
against single-sample, where just a single proposed patch is sampled at each step of self-
improvement. The judge necessarily only scores and selects a single patch. This is reflected as
single-sample in Figure 4. Note that this is equivalent to replacing the judge with a random
sampler.

We observe that SIFT consistently outperforms single-sample, averaged across three separate
runs at little compute and cost overhead, highlighting the added benefit of a judge LLM.

4.3 POLYGLOT

To verify the generalizability of the SIFT method to other coding tasks, we run another set of ex-
periments on Polyglot, following Wang et al. (2025) and Zhang et al. (2025b). Polyglot (Gauthier,
2024) is a multilingual coding benchmark where the agent is tasked to implement solutions to word
problems across the languages c++, go, rust, java, javascript, python. Due to
the larger number of tasks on Polyglot, we report mainly exploratory results on the effectiveness of
SIFT to achieve few-step self-improvement.
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Figure 4: Comparison of SIFT against a simpler baseline where we just sample a single modification patch
without a judge LLM at each step of self-improvement.

We begin with a similar harness as implemented in previous baselines Wang et al. (2025); Zhang
et al. (2025b) and obtain an initial starting accuracy of 22.7% on Polyglot. Through a single step of
self-improvement, the top scoring patch received a score of 8 from the judge LLM and the improved
agent achieves a performance gain of up to 27.7%, nearing the performance of the best existing
self-improvement frameworks on Polyglot.

Strong correlation is also observed between scores assigned by the LLM-judge to the extent of
self-improvement(Figure 5), corroborating our findings on SWE-60 that a strong judge can act as a
signal for the effectiveness of self-improvement at a fraction of the cost of benchmark evaluation.
Across 5 independent patches, we find a stronger signal from the LLM-judge as compared to ran-
domly sampling a task from Polyglot. We hope to expand these experiments to arrive at a stronger
conclusion.

Figure 5: Correlation between the score provided by the judge LLM(gpt-5.2) and the full 225 tasks on
Polyglot. For reference, we also compute the average(across all 225 tasks) of correlation of the task success
rate with overall benchmark accuracy, as well as the small(10 task) and medium(50 task) subset performance
correlation with the full Polyglot benchmark.

The high correlation of the LLM judge score and the Polyglot performance allows for multiple
iterations of the greedy tree search algorithm following SIFT 1. We set 10 parallel self-improvement
agents, and a single judge, each using gpt-5.2 as the LLM backbone. We select the top scoring
patch(scored by the judge LLM) at each step and use this as the agent for the next step of self-
improvement. By running SIFT for two iterations, we improve the benchmark score on Polyglot
from 22.7% to 28.4%.

5 DISCUSSION AND CONCLUSION

In this paper, we introduced SIFT: Self-Improvement via Fast Tree-search. We propose to replace
the downstream task evaluation, cost and compute-intensive process of recursive self-improvement,
with a judge LLM at each intermediate step. We observe that models with stronger reasoning abil-
ities are significantly more capable than weaker models at distinguishing the quality of proposed

7



Published as a conference paper at ICLR 2026

self-improvement patches. Using a strong reasoning model for the LLM-judge, we significantly
speed up the process of self-improvement, achieving a performance gain exceeding 10 percentage
points on a 60 task subset of SWE-bench within 3 evaluation steps, and achieving 6% performance
gain to 28.4% on Polyglot in under 2 self-improvement steps.

Limitations The main drawback of this work is the limited evaluation subset used. Our exper-
iments were performed on a subset of SWE-bench that, while matching the subset used in re-
lated works (Wang et al., 2025; Zhang et al., 2025b), still only contained tasks from django and
sphinx. While our experiments on Polyglot were conducted on the full benchmark, we still hope
to expand these experiments more thoroughly in the future. In spite of the difficulty in correlating
the performance of a coding agent to any single benchmark due to potential overfitting, extensive
work has been done in expanding the world of benchmarking tasks (Chen et al., 2026) and we hope
that SIFT can be an efficient framework in exploring the design space of coding agent with the help
of these more extensive benchmarks.

We also note that the initial harness used in our implementation exceeds the baseline performance
of that in other works. However, we believe that the implementation of our current harness most
closely matches the performance at the frontier of coding agents3. A significant gain starting from a
weak harness that does not improve upon the state-of-the-art yields little contribution as compared
to one that improves upon a stronger harness closer to frontier performance. As adequately noted
in Wang et al. (2025), a stronger harness is more difficult to improve from. Our experiments reveal
similar trends, as we observe lower judge scores and smaller improvements as the accuracy on a
benchmark saturates. Nonetheless, SIFT consistently improves from its baseline harness efficiently
across different benchmarks.

SIFT is also not entirely self -improving in the strictest sense because it relies on an external judge
LLM to assign scores to self-improvement patches. While pre-existing works that we build on also
make distinctions between the diagnosis model and the coding model (Wang et al., 2025; Zhang
et al., 2025b), we believe that using the same model and harness for each part of the pipeline most
accurately demonstrates self-improvement abilities, which we aim to include into our work in the
future.

Future work SIFT implements a greedy tree search algorithm, where the parent node for the next
iteration of self-improvement is always selected to be the best performing node from the previous
generations. However, existing literature suggests that evolutionary pressure from the competi-
tion across different generations can lead to a stronger agent discovered in the long run. SIFT has
demonstrated LLM-as-a-judge has strong evaluation capabilities across a single iteration of self-
improvement. The use of a judge LLM for evaluation across multiple generations of the tree archive
can potentially lead to more interesting discoveries.

Existing literature has also explored the use of an agent as a judge (Zhuge et al., 2024) to evaluate
agents with agents. Such a framework can also be implemented within SIFT, by turning the judge
LLM into a judge agent. This would entail giving abilities to the judge LLM to selectively run coding
benchmark tests against suggest patches. Although this increases compute cost at the judging stage,
it may allow the judge to form a more accurate estimate of a patch’s self-improvement potential.

Safety and Ethics This work aims to advance the field of machine learning and artificial intel-
ligence and we acknowledge that several risks are correlated with the increased capabilities of AI
agents through recursive self-improvement. Several examples include unsandboxing and environ-
ment hacking. We observe that when unrestricted, the diagnosis agent can suggest patches which
modify the time limit, or increase the number of retry attempts in the environment. These were
immediately fixed through a direct prompt to the agent and rejecting patches to unauthorized files,
and none of these behaviors made it through to the final experiments. Nonetheless, we believe that
safety remains a concern for more complex agentic systems and should be handled with care when
conducting research in recursive self-improvement.

3verified against the official SWE-bench leaderboard https://www.swebench.com/
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