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Agentic Test-Time Scaling (TTS) has delivered
state-of-the-art (SOTA) performance on com-
plex software engineering tasks such as code
generation and bug fixing. However, its prac-
tical adoption remains limited due to signifi-
cant computational overhead, primarily driven
by two key challenges: (1) the high cost as-
sociated with deploying excessively large en-
sembles, and (2) the lack of a reliable mecha-
nism for selecting the optimal candidate solu-
tion—ultimately constraining the performance
gains that can be realized. To address these
challenges, we propose Entropy-Guided Step-
wise Scaling (EGSS), a novel TTS framework
that dynamically balances efficiency and ef-
fectiveness through entropy-guided adaptive
search and robust test-suite augmentation. Ex-
tensive experiments on SWE-Bench-Verified
demonstrate that EGSS consistently boosts per-
formance by 5-10% across all evaluated mod-
els. Specifically, it increases the resolved ratio
of Kimi-K2-Intruct from 63.2% to 72.2%, and
GLM-4.6 from 65.8% to 74.6%, achieving
new state-of-the-art among open-source large
language models with GLM-4.6. Crucially,
EGSS exhibits superior cost-efficiency: it out-
performs the baseline configured with K = 8
candidates using only K = 4, resulting in a 38—
42 % reduction in token consumption. Code is
available here '.

1 Introduction

Autonomous Software Engineering (ASE) has
broadened the application scope of large language
models (LLMs) for code from generating sim-
ple functions to resolving complex, repository-
level software issues. In contrast to snippet-level
tasks (Chen, 2021), benchmarks such as SWE-
bench (Jimenez et al., 2023) require agents to
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Figure 1: Performance and token usage of popular test-
time scaling methods compared with entropy-guided
stepwise scaling on SWE-Bench Verified, using Kimi-
K2-Instruct as the base model.

operate within large-scale codebases, thereby ne-
cessitating long-horizon reasoning, proficient tool
utilization, and a holistic understanding of cross-
module dependencies (Yang et al., 2024; Wu, 2024;
Bouzenia et al., 2024). As task complexity in-
creases, the expanding action space and the in-
herent uncertainty of debugging trajectories sub-
stantially impede effective decision-making, often
resulting in diminished reliability.

Within this demanding landscape, Test-Time
Scaling (TTS) has emerged as a pivotal paradigm,
demonstrating substantial potential to recover per-
formance on complex problems by strategically
allocating additional inference-time compute to ex-
plore diverse reasoning trajectories (Zeng et al.,
2025; Gao et al., 2025). However, despite its
promise, existing TTS strategies often entail consid-
erable computational overhead and exhibit limited
reliability. First, prevailing TTS approaches fre-
quently suffer from pronounced computational re-
dundancy and low exploration efficiency (Li et al.,
2025a). They commonly adopt uniform search ex-
pansion or large-scale repetitive sampling without
explicit inter-trajectory coordination, thereby ex-
pending resources on trivial operations and repeat-
edly traversing unproductive branches. Moreover,
many frameworks (Gandhi et al., 2025) employ
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static process-level guidance that does not adapt
to the time-varying uncertainty inherent in com-
plex tasks. This induces a resource—uncertainty
mismatch, wherein computation is over-allocated
to relatively straightforward instances while insuf-
ficient exploration is devoted to high-ambiguity
decision points. Second, existing patch selection
mechanisms often discard informative intermedi-
ate debugging signals (Wang et al., 2025). By
disregarding execution traces, terminal-only rank-
ing methods are susceptible to "consensus errors"
and may favor brittle solutions that satisfy local-
ized checks without addressing the underlying root
cause. These limitations motivate the following
core question:

Can we design principled methods to make TTS
both efficient and reliable within the context of
ASE?

To address these challenges, we propose
Entropy-Guided Stepwise Scaling (EGSS), a prin-
cipled, entropy-guided framework that jointly op-
timizes efficiency and reliability for ASE, distinct
from prior scaling methods like ARPO (Dong et al.,
2025) and Satori-SWE (Zeng et al., 2025).

First, to mitigate redundant exploration, EGSS
introduces Dynamic Stepwise Search (DSS). Un-
like existing methods that primarily focus on train-
ing expansion or uniform sampling (Zeng et al.,
2025; Gao et al., 2025), DSS leverages tool en-
tropy to dynamically constrain test-time compute.
By identifying high-ambiguity decision points, it
selectively invokes an auxiliary judge, thereby di-
verging from static process-guided approaches and
ensuring computation is allocated only where un-
certainty is highest. This concept of using en-
tropy as a compute-constraint mechanism has been
highlighted as a key differentiator in recent discus-
sions (Dong et al., 2025).

Second, to enhance patch selection reliabil-
ity, we propose Test Consolidation Augmentation
(TCA). While prior works often discard interme-
diate debugging signals or rely on terminal-only
validation (Wang et al., 2025), TCA uniquely syn-
thesizes fragmented and potentially incompatible
debugging signals from multiple trajectories into
a unified, executable test suite. Ablation studies
confirm that this consolidation mechanism drives
performance gains beyond standard validation by
resolving self-deceptive debugging (Discussed in
section 3.2) through cross-trajectory verification.

Overall, our primary contributions are summa-
rized as follows:

* We present a principled, entropy-guided scal-
ing paradigm that improves inference effi-
ciency by allocating inference budget to high-
ambiguity decision points.

* We develop a robust patch selection pipeline
that consolidates debugging signals into a
high-coverage test suite, mitigating false posi-
tives and prioritizing robust candidate patches.

* We propose EGSS, which improves the per-
formance of all evaluated models by 5-10%
on SWE-Bench- Verified, establishing a new
state of the art among open-source methods.
Notably, EGSS achieves these gains with an
ensemble size of K = 4 while outperforming
baselines at K = 8§, resulting in a 38-42%
reduction in total token consumption.

2 Related Work
2.1 Scaling Paradigms and Search Efficiency

Previous agentic frameworks (Yang et al., 2024;
Xie et al., 2024; Wu, 2024) established repository-
level repair protocols but primarily relied on sin-
gle, linear reasoning trajectories. To address this
limitation, Test-Time Scaling has emerged as a
prominent paradigm that improves performance
by allocating additional inference-time computa-
tion to explore a broader solution space (Ma et al.,
2025; Li et al., 2025a). While existing methods
employ heuristic search (Antoniades et al., 2024)
or sampling in tool-interactive, non-deterministic
environments (Zainullina et al., 2025), they often
exhibit substantial redundancy under uniform scal-
ing, expanding the search space regardless of step-
level decision criticality. Moreover, although re-
cent process-guided models (Gandhi et al., 2025; Li
et al., 2025¢; Sun et al., 2025) provide intermediate
feedback, their reliance on static diagnostics (Khal-
ifa et al., 2025) limits their ability to adaptively
identify high-uncertainty decision points.

2.2 Reliability in Patch Selection

A key bottleneck in multi-trajectory test-time scal-
ing is the limited reliability of final patch selec-
tion. Common strategies, ranging from majority
voting (Xia et al., 2024) to multi-agent collabora-
tion (Zhang et al., 2024b), can mitigate sampling-
induced errors but remain vulnerable to consensus
errors, where multiple trajectories converge on a
plausible yet incorrect fix. More advanced selec-
tor agents (Zeng et al., 2025; Gao et al., 2025)
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Figure 2: Tool entropy distribution along agent trajecto-
ries in SWE-Bench cases

and trajectory calibration methods (Wang et al.,
2025) attempt to rank candidates, but they are still
predominantly terminal-stage (post-hoc) selectors.
Consequently, they treat trajectories as isolated can-
didates and discard rich intermediate debugging sig-
nals generated during the reasoning process (Wang
et al., 2024b). Even with specialized verifiers (Pan
et al., 2024; Kong et al., 2025), the absence of
cross-trajectory signal synthesis can lead to brittle
patches.

Our proposed TCA addresses this gap by explic-
itly consolidating heterogeneous debugging traces.
Unlike simple voting mechanisms, TCA constructs
a unified test suite that captures diverse edge cases
identified across different trajectories, effectively
turning conflicting or incompatible debugging sig-
nals into a robust verification standard. This ap-
proach fundamentally differs from prior selection
strategies that lack such explicit signal synthesis
capabilities.

3 Preliminary

In this section, we conduct a systematic analy-
sis of an agent instantiated with Kimi-K2-Instruct
and evaluate its performance on SWE-Bench
tasks (Jimenez et al., 2023). The results reveal sev-
eral salient empirical phenomena, which provide
direct theoretical and practical motivation for the
design of the proposed Entropy-guided Stepwise
Scaling architecture.

3.1 Tool Use Entropy Heterogeneity

We quantify per-step uncertainty in tool selection
along an execution trajectory using tool entropy:

Hiootarlse) = — 3 Plalse) log Plalsy) (1)
acA

where P(a | s;) denotes the agent policy over a
finite tool/action set .A conditioned on the current
state ;.

Empirically (Figure 2), Hoo exhibits a right-
skewed distribution, with probability mass (De-
tailed statistical analysis are provided in Ap-
pendix A.l1) concentrated in a low-entropy
regime (Wang et al., 2024a). This pattern indi-
cates that many trajectory steps correspond to near-
deterministic routine operations (e.g., reading or
editing files). In contrast, the sparse long tail cor-
responds to semantically consequential branching
points—such as selecting among functionally simi-
lar tools—at which uncertainty increases substan-
tially. This distributional imbalance implies that
uniform exploration is computationally inefficient.
Consequently, an effective TTS paradigm should
adaptively allocate resources by reducing compu-
tation in high-density, low-entropy regions while
prioritizing the infrequent yet high-entropy deci-
sion points in the tail.

3.2 Self-Deceptive Debugging

Patch Final Outcome

Correct Wrong
With Self-Debugging (w/) 283 157
Without Self-Debugging (w/o0) 43 13

Table 1: Debugging process impact on patch outcomes
(Kimi-K2-Instruct, SWE-Bench-Verified)

We further investigate behavioral patterns during
task execution. As shown in Table 1, on the SWE-
Bench-Verified benchmark (Jimenez et al., 2023)
comprising 500 tasks, 88.0% (440/500) of trajec-
tories exhibit explicit self-verification procedures,
wherein the agent proactively generates tests, ex-
ecutes them, and iteratively refines the proposed
patch based on the resulting feedback. Notably,
among these 440 trajectories that incorporate self-
verification, 35.7% (157/440) nevertheless fail to
yield a correct patch. This finding indicates that
existing single-trajectory self-verification is fre-
quently confined to a single reasoning perspective
and lacks multidimensional assessment of patch
correctness and robustness.

We refer to this failure mode as self-deceptive
debugging: the agent nominally executes a verifi-
cation routine, yet substantively accepts an invalid
patch due to cognitive limitations or entrapment in
local optima, ultimately resulting in unsuccessful
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repairs. The prevalence of self-deceptive debug-
ging highlights a fundamental limitation of single-
trajectory self-correction: verification along a sin-
gle execution path is insufficient to expose latent
defects. Because code correctness is inherently
multi-dimensional (e.g., functional completeness,
boundary robustness, and behavioral consistency),
single-view verification is susceptible to confirma-
tion bias. This observation motivates a multi-view,
cross-trajectory verification paradigm, in which
multiple candidate patches are generated and cross-
validated to improve reliability.

3.3 Problem Formulation

We formalize the core problem as follows:
given a software engineering task, design an
agent architecture that (1) dynamically allocates
computation based on per-step decision uncer-
tainty—thereby avoiding redundant exploration in
near-deterministic steps—and (2) leverages debug-
ging signals from multiple trajectories to synthesize
a comprehensive, multi-dimensional test suite for
cross-validation, thereby reducing self-deceptive
debugging and improving patch quality. These
principles form the foundation of Entropy-guided
Stepwise Scaling, detailed in Section 4.

4 Method

4.1 Overview

As illustrated in Figure 3, we propose EGSS, a
framework that generates high-quality and robust
code patches under a constrained inference budget.
Specifically, in the first stage, the agent dynami-
cally identifies key decision points during inference
based on tool entropy (Dong et al., 2025) and con-
ducts targeted exploration at these critical nodes,
thereby substantially increasing the diversity and
semantic coverage of candidate trajectories while
preserving generation quality. In the second stage,
by leveraging debugging signals embedded across
multiple trajectories, the framework constructs an
executable, consolidated test suite, and integrates
context-aware preference selection with an ensem-
ble voting mechanism across multiple models to
systematically validate candidate patches and filter
them for robustness. This two-stage design con-
stitutes a closed-loop optimization process: the
first stage provides a high-potential candidate set,
whereas the second stage offers a reliable selection
mechanism over multiple candidate sets.

4.2 Dynamic Stepwise Search

Motivated by the observation that uncertainty is not
uniformly distributed across decision points in tool-
augmented reasoning, we aim to prioritize compu-
tation at steps that are most ambiguous. Specifi-
cally, we identify critical steps via Eq. 1. When the
entropy is high—indicating substantial uncertainty
over the appropriate tool choice—we invoke an aux-
iliary LLM-based judge (Li et al., 2025b) to evalu-
ate candidate continuations and prune low-quality
branches. This adaptive mechanism allocates infer-
ence budget more effectively than repeat sampling
strategies (Antoniades et al., 2024). Overall, this
stepwise focusing with dynamic evaluation yields
a favorable performance—cost trade-off.

In Dynamic Stepwise Search, the judge provides
trajectory-level feedback that is incorporated into
the search objective to select the top-K partial
paths (Zhang et al., 2024a). For a partial trajec-
tory 7 = (S0, ao,- .., St—1,at—1), we define

t—1

S(ry) = !;W ; (log Pla: | 5:)

2
+A- 1{i>0} : J(ai ’ Ti—1, 81)>

where s; denotes the step-¢ state (encoding the
available history/context) and a; is the correspond-
ing action. log P(a; | s;) is the base model log-
likelihood, while J(+) is the judge-provided evalu-
ation signal; A € [0, 1] controls their relative con-
tribution (we use A € [0.6, 1.0] in practice). The
length penalty length(7;)” with 4 > 0 normalizes
for trajectory length to mitigate bias toward short
trajectories; v = 0 recovers the unnormalized sum,
and larger y approximates per-step averaging. DSS
ranks partial trajectories by S(73) and prioritizes
expansion of those actions a; with higher estimated
utility, thereby focusing computation on informa-
tive decision points and reducing wasted tokens on
low-value or repetitive continuations.

To obtain a reliable and informative JudgeScore,
we employ a trained LLM as a judge (Li et al.,
2025b) and perform online evaluation after each
expansion step. The judge input is:

Ijugge = {Task, 7<;, Rubric, as41} 2)

where Task denotes the problem specification, 7<;
the current partial trajectory (i.e., the action/tool
sequence up to step t), and Rubric (Team et al.,
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Figure 3: Overview of Entropy-guided Stepwise Scaling

2025b) the explicit evaluation criteria (see Ap-
pendix B.1 for details). The judge score at step-t+1
can be computed as

J(ats1 | 7, Se41) = Tuim(Ludge) €))

4.3 Test Consolidation Augmentation

The phenomenon of self-deceptive debugging,
wherein agents perform verification procedures yet
still accept incorrect patches (Section 3.2), exposes
a fundamental limitation of conventional Test-Time
Scaling (TTS) pipelines: their dependence on a nar-
row, unidimensional correctness criterion. By for-
mulating patch validation as an isolated terminal
decision, these pipelines fail to exploit the diag-
nostic evidence distributed across diverse debug-
ging trajectories. This restricted perspective not
only degrades the robustness of patch selection but
also neglects the collective information afforded
by multi-trajectory exploration, which could other-
wise reveal subtle defects that remain undetected
under superficial test success.

To directly address this limitation, we propose
Test Consolidation Augmentation (TCA), a ro-
bust and reliable patch selection pipeline that con-
solidates fragmented debugging evidence into a
unified and executable verification standard. Un-
like LLM-as-Judge heuristics (Li et al., 2025b),
which are susceptible to inconsistency and hallu-
cination, TCA anchors final decisions in concrete

and reproducible test outcomes synthesized from
the complete set of trajectories.

As outlined in Algorithm 1, TCA operates in
four consecutive stages:

Debugging action extraction. Given the trajec-
tory tree 7 generated by DSS, we first collect all
nodes that invoke debugging tools (e.g., test gen-
eration/execution). These nodes constitute Agebug,
which compactly summarizes the debug-related
tool-invocation steps across trajectories.

Consolidated test suite generation. We then
employ TESTCONSOLIDATIONAGENT, an agent
equipped with the same MCP tools (Abdelaziz
et al., 2024) used in the code generation(see Ap-
pendix B.2 for details), to synthesize an executable
test suite S from Agepug and the repository R. Con-
cretely, the agent consolidates complementary test-
ing intents encoded in Agepyg and grounds them in
the repository context, yielding a unified suite that
provides broader and more robust coverage than
any single-trajectory test set.

Patch evaluation and filtering. Next, we apply
TESTEVALUATIONAGENT, configured exclusively
with bash MCP tools (see Appendix B.2 for de-
tails), to execute S on each candidate patch p € P
and compute its pass rate. We retain patches whose
pass rate exceeds a threshold 7, producing a high-
confidence candidates Piyq1iq. This stage filters out
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Algorithm 1 Test Consolidation Augmentation

Require: Trajectory tree 7 from DSS, Candidate patches P,
Codebase R, pass rate threshold 7
Ensure: Selected patch p*
1: // Step 1: Extract debugging actions
2: Adebug — @
3: for each node v in T do
4 if v invokes debugging tool then
5: Adcbug — Adcbug U {7}}
6: end if
7: end for
8: // Step 2: Generate consolidated test suite
9: S < TESTCONSOLIDATIONAGENT (Adebug, R)
10: // Step 3: Evaluate patches with test suite
11: Pva]id — @
12: for each patch p in P do
13: r < TESTEVALUATIONAGENT(p, S, R)
14: if r.passRate > 7 then
15: Puatia < Praiia U {p}
16: end if
17: end for
18: // Step 4: Select best patch via voting
19: V0
20: for each model m in base models do
21: Pm $— PREFERENCESELECTORAGENT,,, (Pyaiia, R)
22: V<~ VU {pn}
23: end for
24: p* <~ MAJORITYVOTE(V)
25: return p*

patches that may appear plausible but do not with-
stand consolidated verification.

Preference selection via voting. If multiple can-
didates pass the consolidated tests, we employ mul-
tiple PREFERENCE SELECTORS to vote for a sin-
gle best patch. Specifically, each selector indepen-
dently selects one patch from Py,jig conditioned on
the repository context K.

5 Experiments

5.1 Benchmark and Evaluation Metrics

We evaluate the effectiveness of Entropy-guided
Stepwise Search on the SWE-Bench bench-
mark (Jimenez et al., 2023), adopting the resolved
percentage—defined as the proportion of bench-
mark instances for which a correct patch is success-
fully generated—as the primary metric for quantita-
tively comparing EGSS with established baselines.
In addition, we report the Oracle metric (Zhang
et al., 2024b), which considers an instance resolved
if at least one correct patch is identified among the
N generated candidate patches. Together, these
metrics offer a comprehensive evaluation of both
the empirical effectiveness of EGSS and its upper-
bound performance under candidate selection.

5.2 Compared TTS Method

To rigorously evaluate the effectiveness of the pro-
posed method, we conduct a comparative study
against several widely used TTS baselines, with em-
phasis on two critical stages: sampling and patch
selection.

In the sampling stage, we investigate repeat
sampling (Gao et al., 2025) under controlled
stochasticity by adjusting generation hyperparam-
eters (e.g., temperature), thereby encouraging di-
versity in the synthesized code patches and the
corresponding execution traces.

For patch selection, we adopt two widely used
strategies—Deibase (Zhang et al., 2024b) and Aug-
ment (Chen and Flaherty, 2025)—as baseline meth-
ods for comparison. Following their original for-
mulations, we further refine and extend both ap-
proaches:

* Deibase (Zhang et al., 2024b): The origi-
nal method retrieves relevant contextual in-
formation from the codebase and, together
with each candidate patch and the issue de-
scription, prompts an LL.M-as-judge (Li et al.,
2025b) to assign a score to each candidate. We
extend this design by adopting an Agent-as-
Judge (Zhuge et al., 2024) paradigm, in which
a judge agent autonomously evaluates each
candidate patch by constructing targeted test
suites and/or performing rubric-guided code
reviews.

* Augment (Chen and Flaherty, 2025): The
original method employs an LL.M-as-judge
paradigm (Li et al., 2025b), prompting the
model to assess each candidate patch against
the issue description and select the most ap-
propriate one. We adapt this framework to
our selector design by aggregating the deci-
sions of multiple selectors via majority voting,
thereby producing a single consensus patch.

5.3 Experiment Setup

In our experiments, the base agent framework in-
tegrates a suite of MCP tools (Abdelaziz et al.,
2024) (see Appendix B.1.1 for agent details). For
patch generation, we evaluate several large lan-
guage models (LLMs): Kimi-K2-Instruct (Team
et al., 2025b), GLM-4.6, and GLM-4.5-Air (Team
et al., 2025a).

During the Dynamic Stepwise Search stage, all
models in our experiments operate with a tempera-
ture of 1, and the stepwise rollout count is set to 4.
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Method Base Model Resolved %
Swe-Bench Swe-Bench
Verified Lite
Kimi-K2-Instruct 63.2% 48.33%
GLM-4.6 65.8% 51%
Single Shot GLM-4.5-Air 56.4% N/A
Claude-4-sonnet 68% 57%
Claude-45-sonnet 70.4% 62%
Kimi-K2-Instruct 65.4% N/A
Repeat+Dei Aug GLM-4.6 66.6% N/A
GLM-4.5-Air 57.2% N/A
Kimi-K2-Instruct 70.6% 61%
EGSS (Ours) GLM-4.6 73.8% 64%
GLM-4.5-Air 62.6 % N/A

Table 2: Performance differences across models under
various methods, with fixed Ensemble size K = 4

bl

To determine which steps qualify as “high-entropy,
we set the entropy threshold at the 75th percentile
(q75 =~ 1.16) of the empirical entropy distribution
observed in our dataset. This data-driven choice
balances computational efficiency with decision
reliability by filtering out the top 25% most am-
biguous states while avoiding excessive overhead
on routine tasks. A detailed statistical analysis and
justification for this threshold are provided in Ap-
pendix A.1. A fine-tuned Qwen3-8B (Yang et al.,
2025) model serves as the judge, providing scalar
scoring signals. We further evaluate sensitivity
to the ensemble size by comparing configurations
with 4, 6, and 8 rollouts, which correspond to gen-
erating 4, 6, and 8 final patch candidates, respec-
tively.

In the Test Consolidation Augmentation stage,
Kimi-K2-Instruct (Team et al., 2025b) serves as
the base model for both the TESTCONSOLIDA-
TIONAGENT and the TESTEVALUATIONAGENT.
Final decisions are determined via majority vot-
ing over an ensemble of expert models compris-
ing Kimi-K2-Instruct (Team et al., 2025b), GLM-
4.6 (Team et al., 2025a), and Qwen3-Coder-480B-
A35B-Instruct (Yang et al., 2025).

5.4 Experimental Results

As summarized in Table 2, with an ensemble size
of K = 4, EGSS achieves 73.8% on SWE-Bench-
Verified and 64% on SWE-Bench-Lite. Across dif-
ferent base LLMs, EGSS consistently outperforms
the compared TTS-based methods, delivering rela-
tive improvements of approximately 5%-10%.

To further elucidate the sources of these gains,
we structure our ablation study into two stages cor-
responding to EGSS’s pipeline. The first stage

N Repeatyo _ TCAyo W Repeatgim
DSSk2 Dei Augiz DSSgim

- TCAgim
Dei Auggim

600k

500k

N
=3
S
=

300k

Token usage

200k

100k

0k

Ensemble size

Figure 4: Average token usage per instance on the SWE-
Bench benchmark, aggregated across different ensemble
sizes and sampling strategies for Kimi-K2-Instruct and
GLM-4.6.

investigates the sampling component, comparing
Dynamic Stepwise Search (DSS) with conventional
repeat sampling (Gao et al., 2025) in terms of to-
ken efficiency and oracle performance (Zhang et al.,
2024b). The second stage assesses the effect of Test
Consolidation Augmentation under fixed ensemble
sizes across sampling strategies, examining its im-
pact on the stability of patch generation. Detailed
analyses are presented in the following sections.

5.4.1 Analysis of Token Usage

Base Model K  Sampling Strategy  Oracle
4 Repeat 71.8%

DSS 73.8%

Kimi-K2-Instruct 6 Repeat 73.4%
DSS 75.6%

3 Repeat 74.2%

DSS 78.8%

4 Repeat 73.4%

DSS 77.4%

GLM-4.6 6 Repeat 74.8%
DSS 78.4%

g Repeat 76.6%

DSS 79.6%

. Repeat 60.8%
GLM-4.5-Air 4 DSS 64.8%

Table 3: Comparison of different sampling strategies on
SWE-Bench- Verified

Component-Level Overhead vs. System-Wide
Efficiency. A rigorous evaluation of Test-Time
Scaling (TTS) frameworks must distinguish be-
tween component-level costs and system-wide
efficiency. The EGSS framework incorpo-
rates Test Consolidation Augmentation (TCA),
which introduces additional computational over-
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Base Model K Resolved %
Repeat + Dei Aug Repeat + TCA  DSS + Dei Aug DSS + TCA (EGSS)

4 65.4% 66.6% 65.8% 68.4%
Kimi-K2-Instruct 6 66% 67.6% 68.2% 70.6%

8 66.4% 67.6% 70.0% 72.2%

4 64.2% 66.4% 71.6% 73.8%
GLM-4.6 6 67% 68.6% 70.2% 72%

8 68.2% 70.4% 71.0% 74.6 %

Table 4: Performance comparison (Resolved %) across different TTS methods, base models, and Ensemble size K

values on SWE-Bench-Verified

head—specifically, wall-clock latency for context
consolidation and test execution—compared to
lightweight verification baselines. As quantified in
Figure 4, when fixing the ensemble size K, EGSS
exhibits a modest token overhead (ranging from
3% to 13%) relative to the baseline. This overhead
is an inherent characteristic of the consolidation
mechanism, which requires full context reads and
comprehensive test suite executions.

However, this component-level cost is strategi-
cally offset by the substantial gains in sample effi-
ciency provided by the Diversified Search Strategy
(DSS). By generating higher-quality candidates,
EGSS reduces the ensemble size K required to
achieve state-of-the-art performance. Since veri-
fication costs scale linearly with K, reducing the
required ensemble size yields disproportionate sav-
ings in total computational resources, effectively
amortizing the fixed cost of TCA.

Empirical Validation of Net Savings. To quan-
tify the holistic efficiency, we evaluate the total to-
ken consumption required to reach comparable or
superior accuracy levels. The results demonstrate
that EGSS achieves a superior cost-performance
Pareto frontier:

* GLM-4.6: The baseline method requires an
ensemble of K = 8 (approximately 502k
tokens) to achieve 68.2% resolved ratio. In
contrast, EGSS achieves a superior 73.8% re-
solved ratio with only K = 4 (approximately
291k tokens). This represents a 42.0% reduc-
tion in total token usage, demonstrating that
the savings from reduced ensemble size vastly
outweigh the fixed overhead of TCA.

* Kimi-K2-Instruct: Similarly, EGSS at K =
4 (approximately 296k tokens, and 68.4% in
resolved ratio) outperforms the baseline at
K = 8 (approximately 481k tokens, 66.4%

in resolved ratio), resulting in a 38.4% net
saving.

5.4.2 Analysis of Patch Selection

As shown in Table 4 and Figure 5b, Test Consol-
idation Augmentation demonstrates consistently
strong performance across ensemble sizes K and
sampling strategies. In particular, TCA exhibits
both efficiency and robustness: using GLM-4.6
under the DSS strategy, it attains a success rate
of 73.8% at K = 4, which already exceeds the
strongest baseline (DSS+Dei Aug), and further im-
proves to 74.6% at K = 8.

Unlike methods for which increasing K can
introduce additional noise and thereby impair
patch selection—reflected in non-monotonic per-
formance trends—TCA effectively exploits larger
ensembles. It approaches the Oracle upper bound
with fewer samples while preserving a higher-
quality candidate pool, thereby supporting more
reliable patch selection as K increases.

To elucidate the individual contributions of
TCA’s components, we performed an detailed abla-
tion study (see Appendix A.3). As summarized in
Table 7, Test Consolidation serves as the primary
driver of performance, significantly outperforming
the random selection baseline and closely approx-
imating the Oracle upper bound through effective
candidate ranking. Specifically, selecting candi-
dates based on their pass rates over the consolidated
test suite (i.e., Top-1 and Top-3) proves highly ef-
fective in ranking correct patches, closely approx-
imating the Oracle upper bound. While augmen-
tation provides supplementary stability, the con-
solidated test suite is essential for distinguishing
correct solutions from plausible failures. We refer
readers to the appendix for a detailed quantitative
breakdown comparing these selection strategies
across various model backbones.

29488



\

(o)

Resolved%
(o N BN |
(=}

661
—e~— W/ Repeat Oracle
641 v —m— W/ DSS Oracle
621 W/ Repeat + Dei Aug
—+=— EGSS
60

Ensemble Size

(a) Kimi-K2-Instruct

Resolved%
S S T
S N B o » B

oo

661 ¥
—o— W/ Repeat Oracle
641 —m=— W/ DSS Oracle
621 W/ Repeat + Dei Aug
== EGSS
60

1 4 6 8
Ensemble Size

(b) GLM-4.6

Figure 5: Comparison of ensemble strategies across different ensemble sizes

6 Conclusion

In this paper, we proposed Entropy-guided Step-
wise Scaling (EGSS), a novel TTS framework de-
signed to enhance both computational efficiency
and operational reliability in autonomous software
engineering. EGSS dynamically allocates compu-
tational resources to high-uncertainty steps based
on tool entropy and integrates cross-trajectory test
evidence to enable robust patch selection.

Our empirical results on SWE-Bench-Verified
demonstrate that EGSS consistently boosts per-
formance by 5-10% across various base models,
establishing a new state-of-the-art among open-
source methods. Crucially, we highlight that the
architectural sophistication of EGSS—comprising
specialized agents for generation, judgment, and
consolidation—serves as a strategic investment
rather than a mere overhead. By replacing blind,
uniform scaling with targeted, entropy-guided ex-
ploration and rigorous test consolidation, EGSS
reduces total token consumption by 38-42% com-
pared to strong baselines while achieving superior
accuracy. These findings suggest that in complex
domains like software engineering, structured ar-
chitectural complexity is a necessary prerequisite
for achieving cost-effective and reliable autonomy,
offering a sustainable alternative to brute-force in-
ference scaling.

7 Limitations

Stepwise scaling paradigm has not been tested
on more open-ended software engineering
tasks—such as feature implementation, API de-
sign—where action spaces are broader and success
criteria less well-defined, limiting conclusions

about its generalizability.
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A Extended Experimental Results

A.1 Tool Use Entropy Statistics and
Threshold Selection

In this section, we provide a detailed statistical
analysis of the tool-use entropy distribution to jus-
tify our hyper-parameter settings. Our goal is to
balance computational efficiency (by minimizing
unnecessary judge invocations) with decision relia-
bility (by flagging ambiguous states). We demon-
strate that our chosen entropy threshold is grounded
in a data-driven empirical analysis of agent trajec-
tories within the software engineering domain.

A.1.1 Empirical Distribution Analysis

We conducted a large-scale statistical analysis on
agentic trajectories derived from software engineer-
ing issues. As illustrated in Figure 2 of the main
paper, the entropy distribution exhibits a distinct
right-skewed pattern. This skewness indicates that
while most decision nodes possess low uncertainty,
a long tail of high-entropy instances exists, cor-
responding to complex or ambiguous reasoning
steps.

The following table summarizes the comprehen-
sive descriptive statistics of this distribution. The
mean entropy is 0.87, and the median is 0.80, sug-
gesting that the central tendency of agent confi-
dence is relatively high. However, the presence of a
long tail is evident from the higher percentiles: the
75th percentile (g75) is approximately 1.16, while
the 95th percentile (qg5) reaches 1.76. Extreme
values extend up to 2.92, representing rare cases of
significant hallucination or decision ambiguity.

Stat. | Val
Mean |0.87
Median|0.80
qrs 1.16
q9s5 1.76
n+o |1.38

Max 2.92

Table 5: Entropy distribution statistics.

A.1.2 Rationale for Threshold Selection (¢75)

Based on the statistical properties outlined above,
we selected the 75th percentile (g75 ~ 1.16) as the
entropy threshold for triggering external verifica-
tion (judge invocation). This choice is motivated
by the following trade-offs:

Noise Filtering and Reliability. Setting the
threshold at g75 effectively isolates the top 25%
of high-entropy instances. Statistically, these in-
stances correspond to the "long tail" of the distri-
bution, which are prone to ambiguity or potential
hallucinations. By targeting this upper quartile,
our method ensures that the most uncertain deci-
sions are subjected to additional scrutiny, thereby
enhancing overall reliability.

Efficiency-Quality Trade-off. The selection of
qrs represents an optimal balance between over-
head and performance:

* Lower Thresholds (e.g., Median): Setting
the threshold at the median (0.80) would clas-
sify nearly half of all routine, low-uncertainty
tasks as requiring verification. This would
introduce excessive computational overhead
without proportional gains in accuracy.

* Higher Thresholds (e.g., gg5 or ;1 + 0): Con-
versely, thresholds such as qg5 (1.76) or y+ o
(1.38) are too permissive. They allow a sig-
nificant number of moderately uncertain deci-
sions to pass unchecked, potentially compro-
mising the quality of the final output.

Therefore, g75 serves as a "sweet spot” that cap-
tures the bulk of standard operational variance
while pruning significant outliers. This empirical
approach ensures that the hyper-parameter aligns
with the intrinsic uncertainty distribution of the task
domain, rather than relying on arbitrary grid-search
values.

A.2 Computational Efficiency and
Cost-Performance Analysis

While Test Consolidation Augmentation (TCA) in-
troduces a marginal overhead in constructing and
running an expanded test suite, the EGSS frame-
work is explicitly architected to optimize the trade-
off between computational efficiency and task ef-
fectiveness. In this section, we provide a holistic
evaluation of the computational costs, demonstrat-
ing that EGSS achieves superior overall utility com-
pared to existing Test-Time Scaling (TTS) methods
through a better cost-performance balance.

Analysis of Verification Overhead. It is impor-
tant to note that all TTS methods generally involve
two stages: candidate generation and verification.
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The verification cost scales linearly with the ensem-
ble size (K) across all methods. Baselines, such
as Repeat + Dei Aug, incur similar per-candidate
verification costs to EGSS. Therefore, the key dif-
ferentiator lies not in the per-sample cost, but in
the ensemble size (K) required to achieve a target
performance level.

Efficiency via Reduced Ensemble Size. EGSS
improves candidate quality through Dynamic Self-
Synthesis (DSS) and TCA, enabling the model to
achieve superior performance with a significantly
smaller ensemble size (/). Since the total com-
putational cost is dominated by the linear scaling
of verification with K, reducing the required K
leads to substantial savings in both token usage and
wall-clock time.

Table 6 presents the empirical results comparing
EGSS against the baseline (Dei + Aug) in terms of
token usage and resolved ratio. The data highlights
two critical findings:

1. Superior Performance with Lower Cost:
EGSS consistently outperforms the baseline
at equivalent or lower computational costs.
For instance, on the GLM-4.6 model, EGSS
with K = 4 consumes 291,576 tokens to
achieve a 73.8% resolved rate. In contrast,
the baseline requires K = 8 (502,301 tokens)
to reach only 68.2%. This represents a ~42 %
reduction in token usage for EGSS while
delivering higher accuracy.

2. Consistent Savings Across Models: A sim-
ilar trend is observed with Kimi-K2-Instruct.
EGSS (K = 4; 296,486 tokens) saves ap-
proximately 38 % in tokens compared to the
baseline (K = 8; 481,420 tokens), while also
achieving a higher resolved rate (68.4% vs.
66.4%).

Conclusion on Efficiency-Effectiveness Balance.
Although TCA introduces a fixed component-level
overhead, the quality gains from DSS and TCA al-
low EGSS to converge with a significantly smaller
ensemble. The computational savings from reduc-
ing K substantially outweigh the fixed cost of TCA.
The observed 38-42% reduction in total token
usage demonstrates that EGSS is a highly cost-
effective solution for test-time scaling, delivering
superior performance with reduced resource con-
sumption.

Table 6: Comparison of Computational Efficiency (To-
ken Usage) and Effectiveness (Resolved Rate) between
EGSS and the Baseline. EGSS achieves higher accuracy
with significantly fewer tokens by leveraging a smaller
ensemble size (K).

Model Method Ens. Size (K) Token Usage Resolved (%) Token Savings

4 262,841 65.4%

360,242 66.0%

481,420 66.4% -
296,486 68.4% -38%*
372,258 70.6% -
515,336 72.2%

270,879 64.2%
389,943 67.0%
502,301 68.2%

291,576 73.8% -42%*
410,903 72.0% -
8 537,648 74.6% -

* Token savings calculated by comparing EGSS (K = 4)
against Baseline (K = 8) where EGSS achieves higher
performance.

Kimi-K2-Instruct  Baseline (Dei+Aug)

EGSS (Ours)

o h|was|wa

GLM-4.6 Baseline (Dei+Aug)

EXNES

EGSS (Ours)

A.3 Ablation Study on Test Consolidation and
Augmentation

To dissect the specific contributions of the com-
ponents within the EGSS framework, particularly
the role of Test Consolidation versus standard en-
semble strategies, we conducted a detailed ablation
study. This analysis aims to verify whether the
performance gains are driven by the quality of can-
didate selection via consolidated tests or merely
by the increased diversity from augmentation and
voting.

Table 7 presents the resolved ratio across dif-
ferent selection strategies using Kimi-K2-Instruct

and GLM-4.6 as base models. We compare the
following configurations:

* Average (Random Baseline): Represents the
expected performance of randomly selecting
a single candidate from the ensemble of size
N.

» Test Consolidate Top1: Selects the single
best patch based solely on the pass rate over
the consolidated test suite generated by TCA.

* Test Consolidate Top3 (Oracle@3): Selects
the top 3 patches based on the consolidated
test suite pass rate and reports the oracle accu-
racy (i.e., success if any of the top 3 is correct).
This serves as an upper-bound proxy for the
selection quality of the consolidation module.

* TCA (Full EGSS): The complete method
combining Test Consolidation with Augmen-
tation and final ensemble voting.
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¢ Oracle (Upper Bound): The theoretical max-
imum performance if at least one correct patch
exists in the entire ensemble of size V.

Table 7: Ablation study on the contribution of Test
Consolidation. Results show that Test Consolidation
significantly narrows the gap between random selection
and the Oracle upper bound, identifying it as the primary
driver of performance improvement.

Model Ens. (N) Oracle Avg.

738% 64.2%
75.6% 63.4%
78.8%  64.0%

77.4%  65.4%
78.4% 64.6%
79.6%  65.8%

TC Topl TC Top3 TCA (Full)

66.2% 73.2% 68.4%
68.8% 74.0% 70.6%
70.4% 75.6% 72.2%

70.4% 76.6% 73.8%
69.2% 75.2% 72.0%
71.4% 77.6% 74.6 %

Kimi-K2-Instruct

GLM-4.6

e N =

Key Observations. The results in Table 7 yield
two critical insights regarding the mechanism of
EGSS:

1. Test Consolidation is the Primary Perfor-
mance Driver: The Test Consolidate Topl
strategy consistently outperforms the Average
baseline by a significant margin (e.g., +7.2%
for GLM-4.6 at N = 8). More importantly,
the Test Consolidate Top3 results closely ap-
proach the Oracle upper bound. For instance,
with GLM-4.6 (N = 8), TC Top3 achieves
77.6%, which is nearly identical to the Ora-
cle limit of 79.6%. This demonstrates that
the consolidated test suite is highly effective
at suppressing false positives and accurately
ranking correct patches, independent of com-
plex voting logic.

2. Synergy with Augmentation: While Test
Consolidation alone (Top1) provides strong se-
lection capability, the full TCA method further
improves robustness. The gap between TC
Topl and TCA (Full) indicates that while con-
solidation identifies high-quality candidates,
the augmentation and final voting mechanism
help stabilize the final output, ensuring con-
sistent performance across different ensemble
sizes. However, the fact that TC Top3 nearly
matches the Oracle confirms that the unifica-
tion of test suites is the distinct contribution
enabling reliable selection, rather than the en-
semble size itself.

In summary, this ablation study validates that the
core innovation of EGSS lies in the Test Consoli-
dation module, which effectively leverages unified

test feedback to distinguish correct solutions from
plausible but incorrect ones, thereby maximizing
the utility of the generated candidate pool.

B EGSS Implementation Detail

B.1 Dynamic Stepwise Search

Implementation Detail of Dynamic Stepwise
Search

B.1.1 Code Generation

First we will introduce our code agent used for
code generation, the system prompt used are as
following, and Tools available for Agent are:

* read_file: Read file contents with optional
line range selection

e write_file: Create or overwrite files

e edit_file: Perform edits via search-and-
replace

* grep: Fast code search powered by ripgrep

glob: File discovery using glob patterns

bash: Execute shell commands with timeout
control

System Prompt .

${available_tools}

You are an Al coding assistant designed to help develop-
ers with their coding tasks. You have access to tools that
allow you to read and write files in the workspace.

Your approach:

1. Carefully analyze the user’s request

2. Use available tools to gather necessary information
3. Propose clear, well-thought-out solutions

4. Execute changes carefully and verify results

When modifying files:

- Always read files before modifying them
- Make precise, targeted changes

- Explain what you’re doing and why

Be concise, accurate, and helpful.

B.1.2 Judge Model

When an Agent step is identified as a high-entropy
action, we roll out multiple actions in the current
step. To determine the preference order among
these actions, we introduce a Judge Model. The
Judge Model takes the current task, a partial tra-
jectory of the agent, and a rubric as input. The
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detailed system prompt and the rubric used in our
experiments are provided below.

System Prompt .

Role Please act as an impartial judge to verify the patch
provided by assistant to the user’s task below.
Instruction

e User will provide you with a response and the
corresponding task, and your task is to verify its
rationality with the rubric given below.

* Base your decision solely on how well the response
addresses the user’s question and adheres to the
assistant instructions.

* You can use the available tools to assess the pro-
vided rubric

* Important, If there are anything wrong with the
provided response, do not try to fix it!

Rubric Your evaluation should focus on the following
criteria:

${rubric}

Output format IMPORTANT Your final reply must be
structured in the Json format consist of one args

e critique, required, str

* scalar, required, str, this is a fractional string where
the numerator represents the score and the denomi-
nator is the total possible score from the rubric.

Here is an example of the output

{
"critique”: "xxxx",
"scalar”: "a/b"

3

User Task:

${task?}

Agent History Trajectory
${trajectory}

Current Round Response
${response}

Output Now it’s your turn.

A rubric is an evaluation criterion. In our ex-
periment, we focused the rubric primarily on the
reasonableness of certain processes, such as ex-
pected tool usage.

1. Step Consistency Definition: Assesses whether the
entire execution trace is logically coherent, free of con-
tradictions, and devoid of redundancy.

Score  Criteria

0 Inconsistent

1 Basically Consistent
2 Partially Consistent
3 Fully Consistent

2. Context Awareness Definition: Evaluates whether
the agent effectively utilizes and dynamically updates
historical context, avoiding repetition or conflict.

Score  Criteria

0 Context Ignored

1 Partially Contextualized
2 Mostly Contextualized
3 Fully Contextualized

3. Goal Prioritization Definition: Determines whether
the agent correctly identifies and prioritizes critical sub-
goals, preventing resource misallocation.

Score Criteria

0 Chaotic Prioritization

1 Unbalanced Prioritization
2 Adequate Prioritization

3 Optimal Prioritization

4. Expected Tool Use Definition: Selection, invocation,
and sequencing of the correct tools with appropriate
arguments and minimal redundancy, including proper
error handling and validation. This includes ensuring
format-specific features are fully implemented across all
relevant code paths, and critically, handling edge cases
and optimization paths in the target codebase (e.g., fast-
delete optimization in Django deletion logic).

Score Criteria

0 Misuse or Abstain
1 Partial Tool Use

2 Adequate Tool Use
3 Optimal Tool Use

5. Diagnostic Precision Definition: Evaluates how ef-
fectively the agent isolates the root cause of an issue, dis-
tinguishes between symptoms and causes, and provides
targeted explanations or fixes without over-generalizing
or misidentifying the problem.

Score  Criteria

0 Misdiagnosis

1 Partial Diagnosis

2 Accurate Diagnosis
3 Precise Diagnosis

/

A case study of the Judge Model is presented
below, illustrating how preference ordering among
high-entropy actions is determined. Due to space
constraints, only a portion of the input is displayed
here, with certain content omitted and indicated by
ellipses.
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Case Input: ${task}

Modeling’s separability_matrix does not compute sepa-
rability correctly for nested Compound Models
Consider the following model: ...

J

-~

J

Case Input: ${trajectory}

<trajectory>
<tool_call name="read_file">
<arguments>
{"path": "/testbed/astropy/

modeling/tests/test_separable.
py"}

</arguments>

<response>

</response>
</tool_call>
<tool_call name="bash">
<arguments>
{"command”: "cd /testbed &&
python -m pytest astropy/
modeling/tests/test_separable.
py -v"}
</arguments>
<response>
Command executed successfully.\n\
nOutput:...
</response>
</tool_call>

</trajectory>

(& J

Case Input: ${response} N

<response>
<tool_call name="edit_file">
<arguments>

"file_path": "/testbed/astropy
/modeling/tests/
test_separable.py”,

"old_string”: ...,

"new_string":

}
</arguments>
</tool_call>
</response>

AN J

Case Judge Model Output

{

"critique"”: "The assistant
correctly identifies that a
new test case is needed to
demonstrate the bug reported
by the user. The
investigative steps,
particularly running a debug
script to trace the matrix
creation, were relevant.
However, the overall process

was inefficient and illogical

n
’

"scalar”: "18/30"

B.2 Test Consolidation Augmentation

This section will reveal the implementation details
of Test Consolidation Augmentation

B.2.1 Test Consolidate Agent

The Test Consolidation Agent is designed to con-
solidate debugging signals from diverse agent tra-
jectories. It shares the same MCP tools as the Code
Generation agent (introduced in Section B.1.1) and
possesses equivalent privileges, granting it full ac-
cess to any file within the repository.

Tools available for Test Consolidate Agent are:

* read_file: Read file contents with optional
line range selection

e write_file: Create or overwrite files

e edit_file: Perform edits via search-and-

replace
* grep: Fast code search powered by ripgrep
» glob: File discovery using glob patterns

¢ bash: Execute shell commands with timeout
control

System Prompt .

${available_tools}

ROLE: Act as an expert of programming tester. Given a

codebase, an issue, and trajectories generated by different

code agents, you need to generate a single test file that
can be used to validate the patch generated.

WORK PROCESS:

1. Contextual Analysis: Comprehend the issue and rel-
evant codebase components (referenced code, patched
code, related files, existing regression tests).

2. Trajectory Analysis: Evaluate test cases and debug
code from each trajectory for sufficiency.

3. Coverage Assessment: Identify and add missing test
scenarios (edge cases, regression) to ensure compre-
hensive coverage.

4. Test Consolidation: Integrate all test cases (from
trajectories, new designs, existing regressions) into
‘test_current_issue.py* at the root.

5. Compilation Assurance: Ensure
‘test_current_issue.py‘ compiles without errors, even
if tests fail initially.

Requirements for TEST FILE:

* MUST be ‘test_current_issue.py" in the root directory.

* Provide comprehensive validation for the issue.

29496



« IMPORTANT: Executable with ‘pytest‘, reporting
total test cases.
Task

${task}

Trajectory Trajectories sampled from different code
agents with only debugging tools:

${trajectories}

A case study of the Test Consolidation Agent is
presented below, illustrating the structure of execu-
tion trajectories and providing a concrete example.
Due to space constraints, only a portion of the input
is displayed here, with certain content omitted and
indicated by ellipses.

Case Input: ${task}

Modeling’s separability_matrix does not compute sepa-
rability correctly for nested CompoundModels
Consider the following model: ...

S J

Case Input: ${trajectories}

<trajectory idx='1'>
<tool_call name="write_file">
<arguments>

{

~

"path”: "/testbed/test_issue.py”,
"content”: "..."
3
</arguments>
</tool_call>
<tool_call name="write_file">
<arguments>
{
"path”: "/testbed/debug_issue.py”,
"content”: "..."
3
</arguments>
</tool_call>
<tool_call name="bash">
<arguments>

</arguments>
</tool_call>

</trajectory>
<trajectory idx='2'>

</trajectory>

AN J

Case Agent Output .

Perfect! Now let me create a final summary of what was
done:

Summary

I have successfully created a comprehensive test file
that validates the patch for the separability matrix bug
in nested CompoundModels. Here’s what was accom-
plished: ....

Test Results

- 12 comprehensive test cases - all passed

- 12 existing tests - all still pass (no regressions)
- Edge cases - all validated
- Original issue examples - all now work correctly

Key Test Cases Validated

B.2.2 Test Evaluation Agent

The Test Evaluation Agent is designed to execute a
specified test file within a strictly controlled envi-
ronment. It is restricted exclusively to Bash-related
Model Context Protocol (MCP) tools and operates
solely on the designated test file. To ensure in-
tegrity and security, strict filesystem isolation is
enforced, preventing access to any files outside the
test directory. Upon invocation, the agent auto-
matically executes the test file and autonomously
resolves any environmental dependencies or con-
figuration issues that might impede successful exe-
cution.

Tools available for Test Evaluation Agent are:

¢ bash: Execute shell commands with timeout
control

System Prompt .

${available_tools}

ROLE: Act as an expert programming tester. Validate
code with test_current_issue.py based on codebase, issue,
and patch.

WORK PROCESS:

1. Execute Test: Run python test_current_issue.py. Out-
put number of solved test cases.

2. Fix Environment Issue (if needed): Correct com-
pilation errors in test_current_issue.py if not due to
patch. NOTICE: you can’t modify any codes!

OUTPUT FORMAT: IMPORTANT: Reply in JSON.

* passed: int, passed cases.

» failed: int, failed cases.

e error: int, error cases.

* total: int, total test cases.

{
"passed”: X,
"failed": x,
"error”: Xx,
"total”: x
3

Output Now it’s your turn.

B.2.3 Preference Selector

The Preference Selector is primarily employed to
filter and select a single, final patch from a given
set of multiple candidates. It shares the same MCP
tools as the Code Generation agent (introduced in
Section B.1.1) and possesses equivalent privileges,
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granting it full access to any file within the reposi-

tory. Tools available for Preference Selector are:

line range selection
write_file: Create or overwrite files

edit_file:
replace

grep: Fast code search powered by ripgrep

glob: File discovery using glob patterns

control

read_file: Read file contents with optional

Perform edits via search-and-

bash: Execute shell commands with timeout

System Prompt

${available_tools}

ROLE: Act as an expert code selector. Given a codebase,

an github issue and N candidate patches proposed by your

colleagues, your responsibility is to select the correct one
to solve the issue.

WORK PROCESS:

1. Understand Issue & Codebase: Comprehend the
problem from issue description. Examine codebase
for context:

(1) Code/patches referenced in issue.
(2) Unchanged/related parts of affected files.

2. Analyze the Candidate Patches: For each patch, ana-
lyze its logic and intended fix. Consider whether the
changes align with the issue description and coding
conventions.

3. verify its rationality with the rubric given below.

4. The candidate patches have not yet applied to the
repository, apply first before validate the patch

Rubric Your evaluation should focus on the following

criteria:

${rubric}
Output Format: Reply in JSON:
{"result”: "x" // id of the patch}

Analysis: [Explain why Patch-x is correct.]
Tasks:

${task?}
Candidate Patches
${patches}

QOutput Now it’s your turn.

J

Rubric used during preference selection is as
following

Score  Criteria

0 Severely Off-Topic
1 Partial Coverage
2 Highly Relevant

3 Perfect Alignment

2. Code Accuracy Definition: Apply available tools to
run the code and check for any compilation errors.

Score Criteria

0 Broken

1 Flawed

2 Correct

3 Robust & Accurate

3. Change Precision Definition: How accurately the
patch targets **only** the code that must change, avoid-
ing extraneous edits.

Score Criteria

0 Mis-targeted

1 Imprecise

2 Accurate

3 Minimal & Exact

4. Dependency & Context Awareness Definition:
Awareness of upstream/downstream dependencies and
the completeness of associated updates (imports, call
sites, configs, external contracts, backward compatibil-

ity).

Score Criteria

0 Breaking Change

1 Partial Awareness

2 Internally Consistent
3 System-Wide Vision

5. Code Quality Definition: Adherence to project style
guides, language idioms, readability, and maintainability.

Score Criteria

0 Poor

1 Inconsistent Style

2 Clean & Comfortable
3 Exemplary

6. Functionality Validation (Gating Criterion) Defini-
tion: Adherence to project style guides, language idioms,
readability, and maintainability.

Score  Criteria
0 Any Failure
3 Comprehensive & Robust

J

1. Requirement Relevance Definition: How completely
and precisely the patch satisfies **all** functional and
non-functional requirements expressed or implied in the
user’s task.

A case study on the Preference Selector is as

follows.

Case Input: ${task}

Modeling’s separability_matrix does not compute sepa-
rability correctly for nested CompoundModels
Consider the following model: ...
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Case Input: ${patches}

<patch id='A'>

diff --git a/astropy/modeling/separable.py b
/astropy/modeling/separable.py

index a308e27297..45bea36085 100644

--- a/astropy/modeling/separable.py

+++ b/astropy/modeling/separable.py

@@ -242,7 +242,7 @@ def _cstack(left, right):

cright = _coord_matrix(right, 'right
', noutp)
else:
cright = np.zeros((noutp, right.
shape[11))
= cright[-right.shape[@]:, -right.
shape[1]:] = 1
+ cright[-right.shape[@]:, -right.
shape[1]:] = right

return np.hstack([cleft, cright])
</patch>
<patch id='B'>
</patch>
<patch id='C'>

</patch>

N

Case Agent Output

Perfect! All tests pass, including the new test that specifi-
cally covers the nested compound model issue.
Summary

I have successfully analyzed the issue and implemented
the correct fix. Here’s my analysis:

Status: succeed

Result:

{"result”: "A"}

Analysis:

Issue Understanding:

The issue was in the ~_cstack™ function in ...

Root Cause: ...
Why Patch A is correct:

1. Core Fix: All patches (A, B, C, D) contain the
identical core fix to line 245

2. Test Coverage: Patch A provides the most com-
prehensive test coverage, including:

¢ The exact issue scenario from the GitHub
issue

* Edge cases with different nesting patterns
» Both left and right nested compound models

3. Documentation: Patch A includes clear docstrings
explaining the test purpose

~
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