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Abstract

Reinforcement learning with verifiable rewards (RLVR) provides reliable
supervision for software engineering agents through executable tests, but
binary rewards fail to distinguish trajectories with substantially differ-
ent debugging quality. We introduce Behavioral Self-Rewarding (BSR),
a reward-refinement method that preserves executable verification as the
source of correctness while using the agent’s own behavioral judgments to
rank trajectories with the same verifier outcome. BSR converts pairwise
trajectory comparisons into bounded auxiliary rewards, recovering learn-
ing signal from otherwise indistinguishable rollout groups. Experiments on
repository-level software engineering tasks show that BSR consistently im-
proves over verifier-only RL across Qwen3-14B and Qwen3-32B, with the
largest benefit coming from distinguishing among failed trajectories. These
results demonstrate that behavioral self-rewarding can effectively comple-
ment sparse verifiable rewards for training software engineering agents.

Code Project Page Logs Models

1 Introduction

Large language models are increasingly being deployed as software engineering (SWE)
agents: systems that operate inside real repositories and produce patches for concrete issues
through interaction with developer tools. Such repository-level software engineering requires
an agent to reason under partial information while interacting with a changing repository
and deciding how to proceed from the observations it gathers (Wu et al., 2024; Yang et al.,
2024). This makes software engineering both practically important and technically demand-
ing for language agents, while producing rich multi-step trajectories that capture how an
agent approaches a problem. Recent benchmarks and systems have made this setting con-
crete by evaluating agents on real issue-resolution tasks with executable feedback (Jimenez
et al., 2024; Wu et al., 2025; Xia et al., 2024; Wang et al., 2025a; Wu et al.).
This setting is also a natural fit for reinforcement learning with verifiable rewards. In RLVR,
the reward is supplied by an automatic checker rather than a learned preference model: a
mathematical answer can be matched against a solution, a program can be run against
tests, and a software patch can be validated by executing a repository’s test suite (Shao
et al., 2024; Guo et al., 2025). Recent work extends this idea from single-turn reasoning to
multi-step agentic RL, where a model learns from trajectories of actions and observations
rather than isolated final answers (Chen et al., 2025a; Wang et al., 2025b; Luo et al., 2025).
Software engineering is a particularly compelling instance of this broader agentic RLVR
setting because the interaction is long-horizon and behaviorally complex, while the final
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outcome can often still be determined by an executable verifier (Pan et al., 2024; Wei et al.,
2026; Jain et al., 2025; Golubev et al., 2025).
However, the same verifier that makes RL attractive also creates a severe sparsity prob-
lem. A binary test outcome gives a reliable answer to whether the final patch works, but
it compresses a rich interaction trajectory into a single success or failure signal. This dis-
tinction is crucial for multi-step software-engineering agents, since failed trajectories can
vary substantially in quality. Some failures make meaningful progress toward solving the
issue, whereas others contain little useful progress, yet both receive reward zero. Under
group-relative objectives such as GRPO or leave-one-out PPO, this problem becomes even
sharper: when all rollouts for a task fail, the group has no reward contrast and therefore
provides little or no policy-gradient signal, despite containing meaningful differences in pro-
cess quality (Schulman et al., 2017; Shao et al., 2024; Chen et al., 2025a). Prior work has
sought denser supervision through process supervision and step-aware verification, which
reward intermediate reasoning quality (Li et al., 2023; Lightman et al., 2024; Wang et al.,
2024). Reflection-based agents instead use feedback from previous attempts to guide future
behavior (Shinn et al., 2023). Preference-based and AI-feedback methods provide another
source of supervision when scalar rewards are difficult to specify (Christiano et al., 2017;
Bai et al., 2022). These directions suggest that richer behavioral signals can complement
final outcomes, but for RLVR in software engineering, the central challenge is to recover
such signal without replacing the executable verifier that defines task success.
We view this challenge as one component of the broader goal of building self-evolving lan-
guage agents: enabling an agent to extract useful learning signals from the interaction
experience it generates. Recent RLVR systems show that models can improve through in-
teraction with verifiable environments, while self-evolving approaches suggest that agents
can increasingly generate and learn from their own experience when grounded by reliable
feedback (Wang et al., 2025b; Zhao et al., 2026; Chang et al., 2026). Yet generating ex-
perience is not sufficient if much of that experience is reduced to indistinguishable binary
outcomes. In parallel, self-rewarding and LLM-as-a-judge methods show that language
models can provide useful evaluative signals for their own outputs or for outputs from other
models (Yuan et al., 2024; Zheng et al., 2023; Liu et al., 2023). For software-engineering
RL, this suggests a natural division of labor: the executable verifier determines whether an
attempt succeeds, while model judgment distinguishes behavioral quality among attempts
that the verifier already treats as equivalent. In this way, the agent can continuously improve
from its own interaction experience by extracting supervision beyond binary outcomes, while
retaining the reliable external signal that anchors correctness.
We propose Behavioral Self-Rewarding (BSR), a reward-refinement method for multi-step
agentic RLVR. BSR keeps the executable verifier as the source of final correctness, but
augments it with a small self-rewarding signal over trajectories that the verifier treats as
equivalent. For each software-engineering task, the agent samples multiple trajectories and
receives the ordinary test-based reward. Trajectories with the same verifier outcome are
then compared within the same task using a rubric-based judge that evaluates observable
debugging behavior rather than writing style or confidence. Conditioned on the task and
its reference patch, the judge assesses whether each trajectory makes task-relevant progress
and uses the available evidence effectively. These judgments are aggregated into a task-
local ranking score and converted into a bounded auxiliary reward. As a result, one failed
trajectory can be preferred over another failed trajectory, or one successful trajectory over
another successful trajectory, without allowing model judgment to override the pass/fail
ordering defined by the verifier.
BSR integrates naturally with group-relative RL by introducing contrast within verifier-
outcome groups that would otherwise provide little or no learning signal under binary RLVR.
This is particularly important for all-fail groups, where expensive interaction trajectories
may contain useful behavioral differences despite receiving identical rewards. At the same
time, the additional signal remains controlled: verifier success stays dominant, behavioral
comparisons are restricted to trajectories with the same outcome, and no separately trained
reward model is required. Empirically, BSR improves Qwen3-14B average accuracy from
32.1% to 34.7% and increases Qwen3-32B Pass@3 from 48.8% to 52.2% on SWE-Bench
Verified. Our ablations further show that the largest benefit comes from distinguishing
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Figure 1: Overview of Behavioral Self-Rewarding (BSR). Binary rewards provide no contrast
when trajectories share the same verifier outcome, while BSR ranks them within the outcome
group to recover a bounded learning signal. [Current is a draft, final figure @ Yurui]

among failed trajectories, supporting the central motivation that behavioral self-rewarding
can turn otherwise underutilized interaction experience into useful training signal while
preserving the reliability of verifier-based RL.

2 Preliminaries

We consider repository-level software-engineering tasks under Reinforcement Learning with
Verifiable Rewards (RLVR). A task x consists of an initial repository state, a natural-
language issue description, and an executable verifier, such as a unit-test suite. A policy πθ

acts as an interactive software-engineering agent that interacts with the repository through
developer tools, gathering evidence and modifying the code before producing a final patch.
For each task, we sample a group of K trajectories,

{τi}K
i=1 ∼ πθ(· | x), (1)

where each trajectory τi records the full multi-step interaction between the agent and the
software environment. After the trajectory terminates, the executable verifier returns a
binary reward,

Rver(τi) =
{

1, if the final patch passes the verifier,
0, otherwise. (2)

In RLVR, this verifier-derived reward is used directly as the optimization signal, rather
than being produced by a learned reward model. RLVR has been widely used for reasoning
and coding tasks where correctness can be checked automatically through exact answers,
execution, or tests (Shao et al., 2024; Guo et al., 2025). In the verifier-only setting, we write
Ri = Rver(τi) for the reward assigned to trajectory i.
Group Relative Policy Optimization (GRPO) optimizes a policy using multiple sampled
outputs for the same input and computes advantages by normalizing rewards within the
sampled group (Shao et al., 2024). For trajectory i, GRPO defines the group-relative ad-
vantage as

AGRPO
i = Ri − µR

σR + ϵ
, µR = 1

K

K∑
j=1

Rj , σR =

√√√√ 1
K

K∑
j=1

(Rj − µR)2, (3)
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where ϵ > 0 is a small constant for numerical stability. The resulting advantage is used in a
clipped policy-gradient objective without fitting a separate value model. LOOP adapts the
same group-relative principle to long-horizon interactive agents, using a PPO-style objective
with a leave-one-out group baseline instead of a learned critic (Chen et al., 2025a). Its leave-
one-out advantage is

ALOO
i = Ri − 1

K − 1
∑
j ̸=i

Rj . (4)

With binary verifier rewards, group-relative objectives provide reward contrast only when
a sampled group contains different verifier outcomes. If all rollouts fail, all rewards are
zero; if all rollouts pass, all rewards are one. In either case, every trajectory receives zero
group-relative advantage, so the group provides no learning signal from reward differences.
This reward collapse motivates a refinement signal beyond final verifier correctness. We use
self-judgment to distinguish behavioral quality among trajectories with the same verifier
outcome, while leaving correctness to the executable verifier. Prior work has shown that
language models can provide useful evaluative feedback for their own outputs or for outputs
from other models (Yuan et al., 2024; Zheng et al., 2023; Liu et al., 2023). In our setting,
this feedback is used only as a bounded auxiliary signal, so the executable verifier remains
the anchor for task correctness.

3 Method

We propose Behavioral Self-Rewarding (BSR), a reward-refinement method for self-evolving
software-engineering agents. The central idea is to preserve the executable verifier as the
source of task correctness while allowing the model to refine rewards using its own behavioral
judgment. For each task, we first run the policy as an interactive agent and obtain the verifier
outcome for each trajectory. We then provide a judge with the task, the reference patch,
the verifier outcome, and compact representations of the trajectories. The reference patch
is provided only to the post-rollout judge, not to the acting policy, and helps the judge
distinguish progress toward the task-relevant failure mechanism from superficially plausible
but irrelevant exploration. The judge does not decide whether a patch is correct; that
remains the role of the verifier. Instead, it distinguishes trajectories that the verifier treats
as equivalent, assigning a small auxiliary self-judge reward that reflects relative behavioral
quality. The adjusted training reward follows the verifier-plus-self-reward form:

Ri = Rver(τi) + ri, (5)
where ri is a bounded self-judge reward. The verifier determines the base reward, and
self-judgment only refines the reward among trajectories with the same verifier outcome.
This paradigm admits several instantiations. A judge can compare trajectories pairwise,
rank an entire group jointly, or score each trajectory against an absolute behavioral rubric.
In this work, we use pairwise ranking as the main proposal because it is local, easy to audit,
and does not require the judge to maintain a globally calibrated quality scale across tasks.
We refer to other potential variations in Appendix A.4.

3.1 Pairwise Behavioral Ranking

BSR is performed on top of group-relative RL. For each task x, the policy samples K
trajectories, and the verifier assigns each trajectory an outcome

yi = Rver(τi) ∈ {0, 1}. (6)
We split the trajectories into verifier-outcome buckets,

By = {i ∈ {1, . . . , K} : yi = y}, y ∈ {0, 1}. (7)
BSR uses an outcome-specific reward amplitude ay ≥ 0 for each bucket; setting ay = 0
disables behavioral reward refinement for that outcome. When BSR is applied to a bucket,
pairwise comparisons are restricted to trajectories with the same verifier outcome, ensuring
that behavioral judgment refines trajectories within an outcome class without overriding
the pass/fail ordering induced by the verifier.
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Algorithm 1 Behavioral Self-Rewarding with Pairwise Ranking
Require: Task x, reference patch p⋆, policy πθ, group size K, verifier V
Require: Amplitudes ay ≥ 0, deadzone thresholds δy ≥ 0, softness parameters τy > 0 for y ∈ {0, 1}
1: Sample trajectories {τi}K

i=1 ∼ πθ(· | x)
2: for i = 1, . . . , K do
3: yi ← V (τi) ▷ yi = 1 if the trajectory passes the verifier; otherwise yi = 0
4: hi ← SummarizeTrajectory(τi)
5: end for
6: for y ∈ {0, 1} do
7: By ← {i : yi = y} ▷ Bucket trajectories by verifier outcome
8: if ay = 0 or |By| < 2 then
9: ri ← 0 for all i ∈ By

10: continue
11: end if
12: Cy ← PairwiseCompare(x, p⋆, {hi : i ∈ By}, By, y) ▷ See Algorithm 3
13: {ri : i ∈ By} ← PairwiseRewardMap(Cy, By, ay, δy, τy) ▷ See Algorithm 2
14: end for
15: for i = 1, . . . , K do
16: Ri ← yi + ri ▷ Add bounded self-reward to verifier reward
17: end for
18: return refined rewards {Ri}K

i=1

Outcome-separated rewarding. The pass and fail buckets serve different purposes. In
the failed bucket, the judge is asked to identify which failed trajectory shows more useful
progress toward eventual success. This includes whether the agent searched the relevant
part of the repository, gathered evidence, made directionally plausible edits, and failed in
a recoverable way. In the successful bucket, the judge instead distinguishes the quality of
success: whether the agent solved the task efficiently, made a targeted fix, avoided brittle
or unnecessary changes, and verified the result. We keep these two comparisons separate
because the meaning of a good failure is different from the meaning of a good success.

Trajectory summarization. Raw agent trajectories can be long, redundant, and may
not fit within the judge’s context length. Before judgment, each trajectory is converted
into a compact representation. We remove the thinking section from all steps and keep
the exact actions. We truncate observations when they exceed a token threshold. We also
include deterministic unbiased statistics, such as the number of command executions before
and after the final edit, to assist judgment. We provide the full summarization format in
Appendix A.3.

Weighted pairwise comparisons. For each scheduled pair (i, j) within a bucket, the
judge returns a preferred trajectory wij ∈ {i, j} and a coarse strength label αij ∈ {1, 2, 3}.
The strength label is used as a comparison weight. A slight preference contributes less
than a clear or strong preference, which allows the reward mapper to use more information
than a binary win/loss label while avoiding fine-grained scalar judgments that are difficult
to calibrate. To reduce positional artifacts, pair presentations are randomized during pair
scheduling.

3.2 From Pairwise Comparisons to Rewards

For each outcome bucket By, let Cy denote the collection of pairwise comparisons actually
performed by the comparison scheduler. Each comparison contains the pair (i, j), the pre-
ferred trajectory wij , and its strength αij . BSR converts these weighted comparisons into
a bounded auxiliary reward.
The conversion has three stages: fit task-local ranking scores, denoise the normalized scores,
and center and bound the resulting self-reward. We aggregate weighted pairwise comparisons
into task-local scalar scores using a regularized weighted Bradley–Terry model (Bradley and
Terry, 1952), described in Appendix A.2. The resulting scores are then normalized within
each verifier-outcome bucket before applying the deadzone, centering, and bounding steps.
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Task-local score normalization. The BTL scores are task-local: their absolute scale
has no meaning across tasks or outcome buckets. For buckets with at least two trajectories,
we standardize the scores within the verifier-outcome bucket:

zi = si − µy

σy + ϵ
, µy = 1

|By|
∑

j∈By

sj , σ2
y = 1

|By| − 1
∑

j∈By

(sj − µy)2, (8)

where ϵ > 0 is a small constant for numerical stability. Buckets with fewer than two
trajectories receive zero auxiliary reward, since no pairwise comparison is possible. This
normalization makes the subsequent reward map depend on relative position inside the
current bucket rather than on the raw scale of the fitted BTL scores.

Soft deadzone for noisy preferences. We next apply a soft deadzone to suppress small
ranking differences that are likely to reflect judge noise rather than meaningful behavioral
differences:

ui = sign(zi) tanh
(

max(|zi| − δy, 0)
τy

)
. (9)

The threshold δy defines an indifference region around zero: trajectories whose normalized
scores fall inside this region receive no auxiliary signal. The softness parameter τy controls
how quickly the signal grows outside the deadzone and saturates for large score differences
(Drucker et al., 1996; Donoho, 1995).

Centering and bounding. Let

Ay = {i ∈ By : |zi| > δy} (10)

be the set of trajectories outside the deadzone. Trajectories outside Ay receive zero auxiliary
score. If Ay is empty, we set qi = 0 for all i ∈ By. Otherwise, we center the active scores,

ūy = 1
|Ay|

∑
j∈Ay

uj , ũi = ui − ūy, i ∈ Ay, (11)

and bound them by their maximum absolute value within the active set:

qi = ũi

maxj∈Ay
|ũj | + ϵ

, i ∈ Ay. (12)

For all inactive trajectories i /∈ Ay, we set qi = 0. Thus qi ∈ [−1, 1]. This step keeps the
auxiliary signal contrastive within the active subset while controlling its magnitude.

Final reward. For trajectory i ∈ By, the self-judge reward is

ri = ayqi, (13)

where ay ≥ 0 is a small outcome-specific amplitude. The final training reward is

Ri = Rver(τi) + ri =
{

1 + a1qi, Rver(τi) = 1,

a0qi, Rver(τi) = 0.
(14)

Because qi ∈ [−1, 1], the smallest possible reward for a passing trajectory is 1 − a1, while
the largest possible reward for a failing trajectory is a0. Therefore, choosing nonnegative
amplitudes such that

a0 + a1 < 1 (15)

guarantees that every verifier-passing trajectory receives a higher reward than every verifier-
failing trajectory. Thus, self-judgment can refine behavior within each verifier outcome
without changing the pass/fail ordering induced by the executable verifier.
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Algorithm 2 PairwiseRewardMap
Require: Comparisons Cy, bucket By, amplitude ay, deadzone δy, softness τy

1: {si : i ∈ By} ←WeightedBTLFit(Cy, By) ▷ Aggregate pairwise judgments
2: Compute {zi : i ∈ By} using Equation equation 8 ▷ Normalize within the bucket
3: for i ∈ By do
4: ui ← sign(zi) tanh(max(|zi| − δy, 0)/τy) ▷ Apply deadzone and soft mapping
5: end for
6: Ay ← {i ∈ By : |zi| > δy} ▷ Select trajectories outside the deadzone
7: if Ay = ∅ then
8: return ri = 0 for all i ∈ By ▷ No reliable auxiliary signal
9: end if

10: Center active scores using Equation 11 ▷ Make the signal contrastive
11: Normalize active scores using Equation 12 ▷ Bound qi to [−1, 1]
12: return ri = ayqi for all i ∈ By ▷ Inactive trajectories have qi = 0

Table 1: Performance comparison across Qwen3 model sizes and training budgets.

Size Steps Method Avg. Acc. ± Std. Max Acc. Pass@3

14B
270 Baseline 31.0 ± 0.5 31.4 45.0

BSR (ours) 33.2 ± 1.4 34.8 46.6

400 Baseline 32.1 ± 1.1 33.4 46.6
BSR (ours) 34.7 ± 1.0 35.6 48.6

32B 270 Baseline 34.4 ± 1.7 36.0 48.8
BSR (ours) 35.5 ± 0.8 36.2 52.2

4 Experiments

Setup We adopt RLLM (Tan et al., 2025) for all experiments. We train on a filtered
version of the R2E-Gym dataset (Jain et al., 2025) and evaluate on SWE-Bench Veri-
fied (Jimenez et al., 2024). For Qwen3-14B, we use 8 GPU nodes, each equipped with 8
A100-SXM4-40GB GPUs; for Qwen3-32B, we use 16 nodes. In the main BSR setting, we
apply behavioral reward refinement only to the failure bucket, setting a0 = 0.15 and a1 = 0,
with deadzone threshold δ0 = 0.5 and softness parameter τ0 = 0.5. We use the failure
bucket because it performs similarly to or better than applying BSR to both outcome buck-
ets while requiring fewer pairwise comparisons (see Section 4.3). Complete training and
reward settings are provided in Appendix B.1.

4.1 Main Results

Table 1 reports peak performance at the end of each predefined training budget, with all
other metrics in the same row evaluated at that checkpoint. BSR consistently outperforms
the verifier-only baseline across both model sizes and training budgets. On Qwen3-14B
trained for 270 steps, BSR improves average accuracy from 31.0% to 33.2%, maximum
accuracy from 31.4% to 34.8%, and Pass@3 from 45.0% to 46.6%. With a longer 400-step
training budget, the gain remains consistent: average accuracy increases from 32.1% to
34.7%, while Pass@3 improves from 46.6% to 48.6%. The improvement also transfers to the
larger Qwen3-32B model. At 270 training steps, BSR raises average accuracy from 34.4% to
35.5% and Pass@3 from 48.8% to 52.2%. Figure 2 shows the corresponding learning curves,
where BSR generally maintains an advantage over the baseline throughout training. Overall,
these results indicate that behavioral reward refinement improves both average performance
and the likelihood of sampling successful solutions across model scales.

Question: How does BSR change the agent’s behavior? BSR changes the agent’s
behavior most clearly in the investigation and verification stages. As shown in Table 2, BSR
more often reaches a reference-relevant file before editing, converts search results into down-
stream edits more frequently, and performs more post-edit testing. These gains come with
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Figure 2: Evaluation on SWE-Bench Verified while training Qwen3-14B and Qwen3-32B.
We evaluate with temperature = 1 and max_steps = 50 for 3 runs.

Statistic Baseline BSR (Ours)
Process metrics
Edited file viewed before edit ↑ 0.385 0.362
Reference file viewed before first edit ↑ 0.733 0.748
Search-to-edit conversion ↑ 0.465 0.494
Post-edit test rate ↑ 0.301 0.311
Duplicate command rate ↓ 0.209 0.208
Edit localization precision ↑ 0.314 0.300
Selected workload statistics
Average number of searches 4.74 4.06
Average number of tests 0.747 0.797
Average number of errors 13.38 12.76

Table 2: Selected trajectory behavior statistics over the full set of trajectories. Arrows
indicate the preferred direction for process metrics. Full statistics and metric definitions are
provided in Appendix B.3.

fewer searches, fewer error-producing actions, and shorter trajectory runtime, suggesting
that BSR reduces unproductive exploration while improving the use of gathered evidence.
The effect is not uniformly positive: the baseline remains stronger on edited-file inspection
before modification and edit localization precision. Overall, BSR shifts the agent to-
ward a more effective investigate–read–edit–test workflow, with stronger early
localization and verification but slightly weaker edit-level precision. We provide
the full set of trajectory behavior statistics and metric definitions in Appendix B.3.

Question: Any interesting observations or tips? For the 14B model, the fraction
of trajectories terminating because they reach the maximum number of steps increases
during training, while the truncation rate initially decreases. In the later stages, however,
the truncation rate begins to rise again. We also observe that the entropy loss continues
to increase throughout training. In practice, reducing the maximum number of steps is
important for controlling training cost. Lowering the sampling temperature or adding KL
regularization both lead to worse performance in our experiments. We lowered the maximum
number of steps for training rollouts from 50 to 40 steps, because we find that more than
95% of success trajectories finish in less than 40 steps. Changing this improved performance
and also speeds up training. Evaluation continues to use a maximum of 50 steps.

4.2 Ablation: The Effect of Deadzone and Softness
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Reward mapping Avg. Pass@3
No deadzone, no softness 32.0 45.6
Deadzone, no softness 32.6 44.8
Deadzone + softness (BSR) 33.2 46.6

Table 3: Ablation on the reward-mapping de-
sign. Best average accuracy and pass@3 are
reported in percentages.

We ablate the reward-mapping function
used to convert pairwise behavioral rank-
ings into auxiliary rewards. As shown
in Table 3, removing both the deadzone
and softness gives the weakest final perfor-
mance, reaching 32.0% best average accu-
racy and 45.6% pass@3. Across training
checkpoints, this variant is almost always
worse than the two variants that use a deadzone, indicating that directly using all rank-
ing differences introduces noisy reward signal. Adding the deadzone improves best average
accuracy to 32.6%, suggesting that suppressing small and ambiguous preference differences
is important. Compared with the full method, removing softness has a smaller effect on
average accuracy, but its pass@3 is worse later in training, suggesting that the soft bounded
mapping helps stabilize the stronger candidates selected by multiple samples. The full BSR
mapping performs best overall, reaching 33.2% best average accuracy and 46.6% pass@3.
The full training curves are included in Appendix 8.

4.3 Ablation: The Effect of Training Group

Training group Avg. Pass@3
Pass bucket only 32.0 44.0
Pass + fail buckets 33.1 44.6
Fail bucket only (BSR) 33.2 46.6

Table 4: Ablation on which verifier-outcome
group receives BSR. Best average accuracy
and pass@3 are reported in percentages.

We also ablate which verifier-outcome bucket
receives the BSR signal. As shown in Ta-
ble 4, applying BSR only to the fail bucket
performs best, reaching 33.2% best average
accuracy and 46.6% Pass@3. Applying BSR
to both the pass and fail buckets achieves a
similar best average accuracy of 33.1%, but
a lower Pass@3 of 44.6%. It also requires
additional pairwise comparisons in the pass
bucket, increasing judgment cost without im-
proving performance. In contrast, applying BSR only to the pass bucket performs worse,
reaching 32.0% best average accuracy and 44.0% Pass@3. These results support the central
motivation of BSR: behavioral refinement is most useful among failing trajectories, where bi-
nary verifier rewards provide no contrast despite substantial differences in debugging quality.
The full training curves are shown in Figure 7 in the appendix.

4.4 Analysis: The quality of model judgment

We analyze whether the policy’s pairwise judgments remain aligned with a stronger external
judge during RL training. Every 10 training steps, we randomly sample 200 pairwise trajec-
tory comparisons from the 14B ranking model and re-evaluate the same pairs using Kimi-2.5
as a proxy reference judge. Figure 3 shows that judgment alignment decreases over training:
macro F1 is highest in the early checkpoints and gradually drops as the policy is optimized
for solving software-engineering tasks rather than for maintaining calibrated judgment be-
havior. This result should be interpreted as diagnostic rather than absolute, since Kimi-2.5
is a stronger model but not a ground-truth oracle for trajectory quality. Nevertheless, the
alignment remains substantially above random choice throughout training, indicating that
the model continues to provide meaningful pairwise signal even as judgment calibration
degrades. Importantly, this degradation does not invalidate the reward-refinement method:
BSR still improves the trained policy despite relying on an imperfect self-judge. A straight-
forward way to remove this moving-judge effect would be to serve a separate frozen judge
model throughout training, but this would require additional model serving and increase the
system cost. We therefore use self-judgment as a lightweight reward-refinement mechanism
and treat the alignment analysis as evidence about the reliability and limitations of this
design.

Random reward control. To test whether the gains come from meaningful judgment
signal rather than simply adding reward variance, we compare BSR against a random-reward
control. In this variant, trajectories receive random auxiliary rewards sampled within the
same amplitude range as BSR, but the rewards are not tied to pairwise behavioral ranking.
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Figure 3: Judgment alignment over train-
ing. Macro F1 against Kimi-2.5 decreases
but remains above random.

Method Avg. acc. Pass@3
Baseline 31.0 45.0
Random reward 30.9 42.8
BSR (Ours) 33.2 46.6

Table 5: Random-reward ablation on
Qwen3-14B. Random rewards use the same
amplitude range as BSR but ignore behav-
ioral rankings.

As shown in Table 5, random rewards do not improve over the baseline and slightly reduce
Pass@3. In contrast, BSR improves both average accuracy and Pass@3, suggesting that the
benefit comes from rank-structured behavioral signal rather than from injecting arbitrary
reward noise.

5 Related Work

Verifiable Rewards for Agentic RL. Reinforcement learning with verifiable rewards
(RLVR) trains language models using task-specific automatic checkers rather than learned
preference models. In mathematical reasoning, coding, and repository-level software engi-
neering, such verifiers can often be constructed from exact answers, unit tests, execution
results, or issue-specific validation suites. PPO provides the standard clipped policy-gradient
foundation for many language-model RL methods (Schulman et al., 2017). GRPO removes
the learned critic and normalizes rewards within groups of samples from the same prompt
(Shao et al., 2024), while GSPO moves the optimization to the sequence level for more sta-
ble large-scale RL (Zheng et al., 2025). DeepSeek-R1 further demonstrated that verifiable
rewards can induce strong reasoning behavior at scale (Guo et al., 2025). For long-horizon
interactive agents, LOOP combines PPO-style clipping with a leave-one-out group baseline
and no value network (Chen et al., 2025a). These optimizers are highly compatible with
executable software-engineering tasks, but they inherit a common limitation: when all roll-
outs in a group receive the same verifier outcome, group-relative reward differences collapse.
Our method is orthogonal to these optimizers. It modifies the scalar reward supplied to the
optimizer while preserving the executable verifier as the primary reward source.

Repository-Level Software Engineering Agents. Software engineering has emerged
as a natural domain for agentic language models because repository-level tasks require tool
use, code navigation, multi-step planning, and executable validation. SWE-bench estab-
lished real-world GitHub issue resolution as a benchmark for language-model software-
engineering agents (Jimenez et al., 2024). Subsequent systems such as SWE-agent, Au-
toCodeRover, Agentless, and OpenHands explored different agent-computer interfaces,
code-search pipelines, localization strategies, repair workflows, and generalist developer-
agent platforms (Yang et al., 2024; Zhang et al., 2024; Xia et al., 2024; Wang et al., 2025a).
CodePlan studies repository-level coding as a planning problem over interdependent edits
(Bairi et al., 2024), while LocAgent improves code localization with graph-guided repository
navigation (Chen et al., 2025c). Recent systems further scale inference and experience use:
CodeMonkeys studies serial and parallel test-time compute for SWE-bench-style issue resolu-
tion (Ehrlich et al., 2025); Satori-SWE uses evolutionary test-time scaling for sample-efficient
SWE solving (Zeng et al., 2025); SWE-Exp stores and reuses repair experience across is-
sues (Chen et al., 2025b); and CWM releases an open-weights code model trained with
world-model-style interaction traces and multi-task RL in coding and software-engineering
environments (Copet et al., 2025). Complementing benchmark evaluation, Copilot Arena
evaluates code LLMs through pairwise user preferences collected inside a developer envi-
ronment (Chi et al., 2025). These works improve agents, interfaces, localization, memory,
or inference-time search; our focus is different: extracting a training signal from verifier-
equivalent trajectories during RL.
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Executable Environments for SWE Agents. A parallel line of work builds executable
environments and datasets for training and evaluating software-engineering agents. R2E
turns arbitrary GitHub repositories into programming-agent environments (Jain et al.,
2025). SWE-Gym constructs executable real-world SWE tasks for training agents and ver-
ifiers (Pan et al., 2024), and R2E-Gym scales procedural environment construction while
combining execution-based and execution-free verification (Jain et al., 2025). debug-gym
provides a text-based environment for interactive debugging (Yuan et al., 2025), and Refac-
torBench evaluates stateful reasoning in multi-file refactoring tasks (Gautam et al., 2025).
SWE-rebench builds an automated pipeline for task collection and decontaminated evalua-
tion (Badertdinov et al., 2026); SWE-smith scales synthetic task generation for SWE-agent
training data (Yang et al., 2026); and GSO introduces challenging software-optimization
tasks where agents must improve runtime efficiency under performance tests (Shetty et al.,
2026). Surveys of LLMs for software engineering summarize the broader landscape of mod-
els, tasks, benchmarks, and evaluation practices (Zhang et al., 2026; Hou et al., 2024).
These works supply the environments and evaluation settings in which verifier-based RL
is possible. Our contribution is a reward-refinement layer that can be applied when these
environments expose only sparse or low-distinguishability verifier outcomes.

Training SWE Agents with Reinforcement Learning. Recent work has begun to
train software-engineering agents directly rather than relying only on prompting or super-
vised fine-tuning. SWE-RL scales RL to open software evolution data using rule-based
rewards derived from developer changes (Wei et al., 2026). Long-context, multi-turn SWE
RL trains agents in interactive, stateful environments where the repository state changes
after each action (Golubev et al., 2025). Self-play SWE-RL further reduces dependence
on human-written issues and tests by training an agent to inject and repair bugs in sand-
boxed repositories (Wei et al., 2025). Other work improves verification rather than policy
optimization: SWE-RM provides execution-free reward-model feedback for SWE agents
(KaShun Shum et al., 2025); Agentic Rubrics constructs codebase-grounded rubrics as con-
textual verifiers (Raghavendra et al., 2026); and R2E-Gym studies hybrid execution-based
and execution-free verification (Jain et al., 2025). These methods address data, environ-
ments, or verifier design. Our method is complementary: it does not replace tests with a
learned verifier or reward model. Instead, it keeps test success dominant and uses behavioral
judgment only to rank trajectories that the executable verifier already treats as equivalent.

Process Supervision and Trajectory Preferences. Our reward construction is related
to process supervision, preference-based learning, and ranking-based reward aggregation.
Process supervision rewards intermediate reasoning quality rather than only final correct-
ness; in mathematical reasoning, step-level process supervision can outperform outcome-only
supervision (Lightman et al., 2024). Preference-based methods similarly use comparisons
when absolute scalar labels are difficult to define. The Bradley–Terry model provides a clas-
sical method for aggregating pairwise comparisons into latent scores (Bradley and Terry,
1952), RankNet popularized pairwise learning-to-rank objectives (Burges et al., 2005), deep
RL from human preferences showed that trajectory comparisons can be used to learn re-
ward models (Christiano et al., 2017), and DPO optimizes language models directly from
preference pairs (Rafailov et al., 2023). Related agent-safety work uses pairwise trajectory
comparisons to train safer multi-step tool use (Agarwal et al., 2026). Self-rewarding and
LLM-as-a-judge methods show that language models can provide useful evaluative signals
for their own outputs or for outputs from other models (Yuan et al., 2024; Zheng et al., 2023;
Liu et al., 2023). Our approach uses preference information in a narrower and more verifier-
preserving way: preferences are local to a single task and verifier-outcome bucket, and they
are converted into a small bounded auxiliary reward rather than a standalone reward model.
Thus, the judge does not replace the executable verifier; it only refines trajectories that the
verifier cannot distinguish.

6 Conclusion

We introduced verifier-anchored self-judgment for reinforcement learning of software engi-
neering agents. The method preserves the binary executable verifier as the primary reward
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while refining failed trajectories through local trajectory comparisons. By ranking failed
attempts from the same task and mapping the result into a bounded auxiliary reward, the
method recovers learning signal from all-fail groups that would otherwise be uninforma-
tive under group-relative RL. This provides a simple way to make software-engineering RL
more sample-efficient without replacing test-based correctness with an unconstrained reward
model.
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A Additional Method Details

A.1 Pairwise Comparison Scheduling.

Algorithm 3 describes the comparison schedule for each verifier-outcome bucket By, where
y ∈ {0, 1} denotes the shared verifier outcome. For 2 ≤ |By| < 5, we use exhaustive
pairwise comparison. For larger buckets, we use a Swiss-style tournament schedule (Sauer
et al., 2021) to reduce the number of model calls while maintaining balanced comparison
coverage. Table 6 shows the resulting reduction in model comparisons.
For each scheduled pair, we ask the model to compare the two trajectory summaries given
the task x, reference patch p⋆, and bucket outcome y. The model selects the better trajec-
tory under the shared outcome: better progress among failures or cleaner behavior among
successes. We denote the collection of performed comparisons by Cy, where each comparison
record (i, j, wij , αij) contains the compared pair (i, j), the preferred trajectory wij , and the
preference-strength label αij . To reduce position bias during BSR training, we randomize
the presentation order of each pairwise comparison.
We use separate prompts for the pass and fail buckets (Figures 10 and 11). They have the
same general structure but direct the model to different behavioral criteria depending on the
verifier outcome. We show the user prompt in Figure 12 and an example ranking response
in Figure 13.

Algorithm 3 PairwiseCompare: Comparison Scheduling for One Outcome Bucket
Require: Task x, reference patch p⋆, model πθ, trajectory summaries {hi : i ∈ By}, bucket By,

outcome y ∈ {0, 1}
1: n← |By|
2: Cy ← ∅
3: if n < 2 then
4: return Cy ▷ No pairwise comparison is possible
5: else if n < 5 then ▷ Case 1: Exhaustive comparison
6: P ← {(i, j) : i, j ∈ By, i < j}
7: for (i, j) ∈ P do
8: (wij , αij)←ModelCompareπθ (x, p⋆, hi, hj , y)
9: Append (i, j, wij , αij) to Cy

10: end for
11: else ▷ Case 2: Swiss-style comparison
12: T ← min(⌈log2 n⌉+ 2, n− 1) ▷ Number of rounds
13: Initialize wins vi ← 0 and match counts ci ← 0 for all i ∈ By

14: Initialize pair counts cij ← 0 for all i, j ∈ By

15: for t = 1, . . . , T do
16: Sort trajectories by decreasing vi, then increasing ci

17: Pt ← ∅
18: Form round pairs greedily among unused trajectories ▷ Prefer unseen pairs, fewer

rematches, and similar win counts
19: Update cij for each scheduled pair (i, j) ∈ Pt

20: for (i, j) ∈ Pt do
21: (wij , αij)←ModelCompareπθ (x, p⋆, hi, hj , y)
22: Append (i, j, wij , αij) to Cy

23: vwij ← vwij + 1 ▷ Update Swiss score
24: ci ← ci + 1, cj ← cj + 1 ▷ Update match counts
25: end for
26: end for
27: end if
28: return Cy

A.2 Weighted Bradley–Terry Score Fitting

Weighted Bradley–Terry aggregation. Given the performed comparisons Cy for an
outcome bucket By, we convert pairwise preferences into task-local scalar scores using a
weighted Bradley–Terry model (Bradley and Terry, 1952). Each trajectory i ∈ By is assigned
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Bucket size n Full comparisons
(

n
2

)
Scheduled comparisons Reduction

1 0 0 –
2 1 1 0.0%
3 3 3 0.0%
4 6 6 0.0%
5 10 8 20.0%
6 15 15 0.0%
7 21 15 28.6%
8 28 20 28.6%

Table 6: Comparison reduction from the scheduling scheme. For n < 5, the scheduler uses
exhaustive pairwise comparison. For n ≥ 5, it uses T = min(⌈log2 n⌉ + 2, n − 1) Swiss-style
rounds, with at most ⌊n/2⌋ comparisons per round.

a latent score si. For a comparison between trajectories i and j, the model defines

P (i ≻ j) = σ(si − sj), σ(t) = 1
1 + exp(−t) . (16)

Let mij = 1 if wij = i and mij = 0 otherwise. We fit the scores by minimizing the weighted
negative log likelihood with ℓ2 regularization:

LBTL(s) = −
∑

(i,j,wij ,αij)∈Cy

αij [mij log σ(si − sj) + (1 − mij) log σ(sj − si)] + λ

2
∑

i∈By

s2
i .

(17)
Algorithm 4 gives the optimization procedure used to obtain the scores. We use a diagonal
second-order preconditioner and re-center the scores after each iteration, since the down-
stream reward map depends only on their relative values.

Algorithm 4 Weighted BTL Score Fitting
Require: Bucket By, comparisons Cy, regularization λ, learning rate η
1: Initialize si ← 0 for all i ∈ By

2: repeat
3: for i ∈ By do
4: gi ← λsi

5: di ← λ
6: end for
7: for (i, j, wij , αij) ∈ Cy do
8: mij ← 1{wij = i}
9: pij ← σ(si − sj)

10: gi ← gi + αij(pij −mij)
11: gj ← gj − αij(pij −mij)
12: di ← di + αijpij(1− pij)
13: dj ← dj + αijpij(1− pij)
14: end for
15: for i ∈ By do
16: si ← si − η gi/(di + ϵ)
17: end for
18: Center scores: si ← si − 1

|By|

∑
j∈By

sj

19: until convergence
20: return scores {si : i ∈ By}

A.3 Trajectory Summarization

Before pairwise judgment, we convert each raw agent trajectory into a compact step-wise
representation hi. We parse the interaction transcript into an ordered sequence of tool
actions and resulting observations. Because the judge is intended to compare externally
visible debugging behavior, we remove the model’s internal thinking and retain the action-
observation trace. We use deterministic reductions whenever possible and only fall back to
LLM-based summarization when an observation remains too long to preserve directly.
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Action reparsing. Tool actions are originally emitted in a verbose function-call format.
We parse each assistant message to extract the tool name and its parameters, and render the
action as a compact function-style call, such as tool_name(arg=value). This preserves the
invoked tool and argument values while removing formatting overhead such as XML-style
wrappers. Multiline values are kept as multiline strings, structured values such as lists or
dictionaries are preserved, numbers and booleans are left unquoted, and ordinary strings
are JSON-escaped. If no valid tool call is found, we retain the original action text; if a tool
is found but has no parameters, we render it as a zero-argument call.

Observation reduction. Observations are reduced using tool-specific deterministic rules
before any LLM-based summarization. Short observations are kept unchanged. For bash
outputs, observations containing errors, tracebacks, or exceptions are preserved so that
failure information remains visible to the judge. For file-editor observations, we distinguish
file views from other editor operations. When a long file view is produced by a numbered
cat-style output, we retain the first and last portions and insert a marker indicating that
the middle was omitted. Other compact file-editor outputs are kept unchanged. If an
observation remains long and does not match one of these safe reduction cases, we summarize
it with an observation-specific prompt that preserves the key command outcome, relevant
files or paths, and any errors.

A.4 Other Potential Instantiations of Behavioral Reward

Beyond pairwise ranking, we explored two alternative instantiations of behavioral reward:
group ranking and rubric grading. In preliminary experiments, neither produced a clear
improvement, so we did not tune or investigate them further. Nevertheless, they illustrate
other ways in which behavioral judgment could be used to refine verifier rewards.

Group ranking. Group ranking evaluates all trajectories in the same verifier-outcome
bucket jointly. Each trajectory is first summarized through a structured process evaluation
covering aspects such as localization, root-cause analysis, fix quality, verification, and overall
behavior. The judge then considers the full group and assigns each trajectory a coarse score
from 1 to 5, with ties allowed. These scores are mapped to bounded auxiliary rewards within
the corresponding verifier-outcome bucket. Compared with pairwise ranking, this approach
gives the judge a global view of the group and can reduce the number of direct comparison
calls.

Rubric grading. Rubric grading evaluates each trajectory independently against a pre-
defined set of behavioral criteria. The judge determines whether each progress criterion is
satisfied and whether any undesirable behavior, represented as a red flag, is present. Un-
satisfied progress criteria and triggered red flags produce weighted penalties that refine the
verifier reward. This approach is simple, parallelizable, and provides an absolute behavioral
assessment without requiring comparisons among trajectories.

Discussion. The three approaches make different trade-offs. Pairwise ranking provides
direct relative supervision and requires only local comparisons, but requires additional judg-
ment compute to evaluate multiple pairs. Group ranking compares the entire bucket more
efficiently and captures global relative structure, but its scores remain relative to the par-
ticular group and may be sensitive to group composition or listwise presentation. Rubric
grading is less expensive and produces an absolute assessment for each trajectory, but it does
not directly compare trajectories and depends on the completeness and calibration of the
predefined rubric. Conversely, both pairwise and group ranking lack a task-independent ab-
solute quality scale. Combining absolute rubric-based assessment with comparative ranking
may therefore be a useful direction for future work.
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Parameter Value
Model Configuration

Max Prompt Length 4096
Max Response Length 32768

Training Settings
Train Dataset R2E-Gym Subset
Train Batch Size 64
Learning Rate 1 × 10−6

RL Settings
Advantage Estimator LOOP
Rollout Samples 8
Rollout Temperature 1.0
PPO Mini-batch Size 64
KL Loss False
Entropy Coefficient 0.0
Clip Ratio High 0.28
Training Max Agent Steps 40

BSR Reward Settings
Rewarded Outcome Bucket Fail (y = 0)
Reward Amplitude a0 0.15
Deadzone Threshold δ0 0.5
Softness τ0 0.5

Table 7: Important hyperparameters used in the main experiments.

B Additional Experiment Details, Results, and Analysis

B.1 Detailed Setup

In the training, we follow the RLLM to setup our training. We use the filtered R2E-Gym
dataset (4,578 tasks) for training and SWE-Bench Verified (500 tasks) as the evaluation
benchmark. We periodically evaluate all methods on SWE-Bench Verified throughout train-
ing. For each predefined training budget, we report the checkpoint with the highest SWE-
Bench Verified average accuracy within that budget. The same evaluation schedule and
checkpoint-selection procedure are applied to all methods. We do not include an entropy
regularization term in the training objective. Further, trajectories that reach max context,
max steps, or timeout are masked out and are not used for update. See Table 7 for used
hyperparameters. Training rollouts use a maximum of 40 agent steps, while SWE-Bench
Verified evaluation uses a maximum of 50 steps.
For Qwen3-14B, we training on 8 GPU nodes, each containing 8 A100-SXM4-40G GPUs.
For Qwen3-32B, we use 16 nodes. Each trainings takes 6-8 days.

Kubernetes setting Environment provisioning is a major systems challenge for SWE-
agent training, since each optimization step may require 512 concurrent environments (64
tasks × 8 rollouts). In our experiments, we manually configured a two-node Kubernetes
cluster, with each node providing 128 CPU cores and approximately 500 GB of memory.
To reduce startup latency, we pre-pull and cache all required container images. We also
use small per-pod resource requests (80 m CPU and 300 MiB memory), allowing the cluster
to schedule a large number of concurrent environments. Several configuration details are
important in practice:

• Ensure that pods have outbound network access when required by the task.
• Increase the maximum number of pods allowed per node to support the desired level of

parallelism.
• Configure Kubernetes and containerd image-garbage-collection and disk-eviction policies

to avoid removing frequently used cached images.
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• Maintain a stable and automatically recoverable connection between the GPU training
machines and CPU environment nodes.

• Promptly clean up completed or failed pods to prevent resource leakage.

Additional setup instructions and configuration examples are included in our codebase.

Performance optimization To reduce end-to-end training time, we overlap environment
provisioning with other parts of the training pipeline. First, while the model is being
updated for the current batch, we asynchronously pre-create the environments required by
the next batch. This hides a substantial portion of environment startup latency behind
model optimization. Second, we remove the synchronization barrier between environment
creation and trajectory generation. Rather than waiting for all environments in a batch to
become ready, each rollout begins as soon as its own environment has been created. This
allows fast-starting environments to enter trajectory generation immediately and reduces
idle time caused by slow environment initialization or other stragglers.
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Figure 4: Mean critic scores on training set for BSR and the baseline. Curves are smoothed
with EMA with a span of 31.
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Figure 5: Detailed plot of evaluation on SWE-Bench Verified while training Qwen3-32B.
We evaluate with temperature = 1 and max_steps = 50 for 3 runs.

B.2 Additional Results

We provide additional training curves in this section. Figure 4 shows the mean scores
during training for both Qwen3-14B and Qwen3-32B. Figure 6 presents the full 400-step
curves on SWE-Bench Verified for Qwen3-14B, while Figure 5 shows the detailed training
curves for Qwen3-32B. Figures 7 and 8 provide the full results on SWE-Bench Verified for
the verifier-outcome-group and reward-mapping ablations, respectively. [change plot]
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Figure 6: Evaluation on SWE-Bench Verified while training Qwen3-14B for long run of 400
steps. We evaluate with temperature = 1 and max_steps = 50 for 3 runs. At step 360, BSR
reaches a high average accuracy of 34.7%, while the maximum score for baseline is 32.1%.

40 80 120 160 200 240 280
Training Step

18

20

22

24

26

28

30

32

34

Av
er

ag
e 

Ac
cu

ra
cy

 (%
)

33.2

33.1
32.2

32.031.7

31.3

31.3

31.2

31.130.7 30.730.5 30.530.0

29.7

29.4

29.3

29.129.0

28.9

28.7

28.2

27.7
27.2

27.1

27.0
26.5

26.2
25.3

24.9

24.924.9
23.7

23.2

22.1
21.2

21.020.7

20.1

19.1

18.7

18.3

Success + failed group
BSR (failed group)
Success only

(a) Average accuracy.

40 80 120 160 200 240 280
Checkpoint Step

30

35

40

45

Pa
ss

@
3 

(%
)

46.6
45.8

44.6
43.8 43.4

43.4

43.2

43.0
42.2

42.041.8

41.6 41.4 41.4
40.440.2

40.2 40.039.8 39.839.2

39.0
38.4 38.2

37.837.2 36.6
35.8

35.434.8 34.2

33.8

33.6
32.4
31.4

31.2

30.830.2

Success + failed group
BSR (failed group)
Success only

(b) Pass@3.

Figure 7: Training-group ablation on SWE-Bench Verified while training Qwen3-14B. We
compare applying BSR to failed trajectories only, successful trajectories only, and both
successful and failed trajectories.
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Figure 8: Reward-mapping ablation on SWE-Bench Verified while training Qwen3-14B.
We compare the full BSR reward mapping against variants without the deadzone and/or
softness.
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Figure 9: Additional judgment-alignment metrics over training. We compare the 14B rank-
ing model against Kimi-2.5 on the same sampled pairwise comparisons used in Figure 3.
Both metrics show the same general trend as macro F1: alignment decreases during task-
oriented RL training but remains above random.

Finally, Figure 9 reports additional judgment-alignment metrics over training, complement-
ing the macro-F1 analysis in Figure 3.

B.3 Trajectory Behavior Statistics

Metrics Used. We report two groups of trajectory-level statistics. The first group con-
tains basic workload statistics, including the number of steps, first edit step, numbers of
search/read/edit/test actions, post-edit tests, errors, unique files read and edited, runtime,
and token usage. These statistics describe how the agent spends computation, but are
not always directly comparable: for example, fewer steps may indicate efficiency or prema-
ture stopping, while more searches may indicate either careful investigation or unfocused
exploration.
The second group contains process metrics that more directly reflect debugging behav-
ior. Edited file viewed before edit measures whether an edited file was inspected before
modification. Reference file viewed before first edit measures whether the agent localized
a reference-relevant file before editing. Search-to-edit conversion measures whether search
results led to downstream edits. Post-edit test rate measures whether the agent verified
its changes after editing. Duplicate command rate captures repeated commands, and edit
localization precision measures the fraction of edited files that overlap with the reference
patch. We treat these process metrics as the primary behavioral indicators, while workload
statistics provide supporting context.

Behavioral Differences. Table 8 shows that BSR improves several process metrics as-
sociated with investigation and verification. Compared with the baseline, BSR more often
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Statistic Baseline BSR (Ours)
Process metrics
Edited file viewed before edit ↑ 0.385 0.362
Reference file viewed before first edit ↑ 0.733 0.748
Search-to-edit conversion ↑ 0.465 0.494
Post-edit test rate ↑ 0.301 0.311
Duplicate command rate ↓ 0.209 0.208
Edit localization precision ↑ 0.314 0.300
Basic workload statistics
Average total steps 28.90 28.42
Average first edit step 5.33 5.24
Average number of searches 4.74 4.06
Average number of reads 5.39 5.56
Average number of edits 12.46 12.16
Average number of tests 0.747 0.797
Average number of post-edit tests 0.746 0.797
Average number of errors 13.38 12.76
Average unique files read 1.97 2.11
Average unique files edited 3.02 3.17
Average search result files per search 7.20 7.12
Average observation lines per step 32.21 31.85
Average total time (s) 1132.28 1068.55
Average total tokens 18283.74 18572.82
Trajectory count 1500 1500

Table 8: Appendix trajectory behavior statistics over the full set of trajectories. Arrows
indicate the preferred direction for process metrics. Basic workload statistics are descriptive
and should be interpreted in context.

views a reference-relevant file before the first edit (0.748 vs. 0.733), has higher search-to-edit
conversion (0.494 vs. 0.465), and performs more post-edit testing (0.311 vs. 0.301). It also
slightly reduces duplicate commands (0.208 vs. 0.209). The workload statistics are consis-
tent with this shift: BSR uses fewer steps, performs fewer searches, reads slightly more, runs
more tests, encounters fewer errors, and completes trajectories faster.

Tradeoffs. The improvement is not uniform across all metrics. The baseline is stronger
on edited file viewed before edit (0.385 vs. 0.362) and edit localization precision (0.314 vs.
0.300), suggesting somewhat tighter edit-level grounding and file-level targeting. Thus, BSR
appears to improve early localization, search follow-through, and verification, while slightly
weakening some measures of edit precision.

Conclusion. Overall, BSR changes the agent’s behavior toward a more effective
investigate–read–edit–test workflow: it reduces unproductive exploration, improves
reference-file discovery and search-to-edit follow-through, and increases post-edit verifica-
tion. Although the baseline remains stronger on some edit-level grounding metrics, the
aggregate evidence suggests that BSR improves the overall debugging process rather than
merely shortening trajectories.
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You are a strict evaluator for software engineering agents. You will be shown two candidate
trajectories produced by two agents solving the same programming task. Each trajectory
contains the agent’s actions, and outcomes.

Each trajectory may also end with a compact stats block. Attend to those metrics as
supporting evidence about efficiency and behavior, but do not treat them as the sole basis
for judgment.
Both trajectories ultimately succeeded and produced a correct patch that passes all tests.
Your goal: compare the two trajectories and decide which one demonstrates better debugging
and code-editing behavior that, if reinforced during training, is more likely to improve future
task accuracy.
Use a rubric-based pairwise judgment. Evaluate only observable behavior in the trajectories.
Do not judge writing quality.
For correct-vs-correct comparisons, prefer the trajectory whose behavior is more efficient,
causally grounded, and safer to reinforce for future generalization.

Rubric for correct trajectories:
1. Failure-surface investigation:
- Did it investigate the right failure surface?
- Did it look in the right code paths, files, or behaviors?
2. Evidence-based diagnosis:
- Did it use evidence to narrow uncertainty before changing code?
- Did it run useful checks or inspections to distinguish between plausible causes?
3. Targeted and efficient execution:
- Were actions and edits targeted and efficient?
- Did it avoid unnecessary exploration, wasted motion, or overly broad changes? 4.
Root-cause alignment:
- Did the patch address the root cause rather than only symptom-matching? - Was the
reasoning connected to why the fix should work?
5. Safety and regression awareness:
- Did it preserve existing behavior and avoid likely regressions?
- Did it avoid risky or unnecessary edits?

Useful trajectory stats to attend to when they are present:
- num_bash_runs_before_last_edit and num_bash_runs_after_last_edit: useful for
checking whether the agent validated before changing code and whether it verified after
making edits.
- num_repeated_actions: repeated identical actions are usually a negative signal.
- num_edits_without_prior_view: edits made without first viewing the file are usually a
negative signal.

Ignore:
- explanation style
- verbosity
- confidence
- stylistic fluency
- superficial similarity to a known patch unless it directly reflects better debugging behavior

Always pick one winner: "A" or "B".
Then assign a coarse strength-of-preference score:
- 1 = slight
- 2 = clear
- 3 = strong

Strength should reflect how much better the winner is in this pair, not absolute trajectory
quality.

Output format (first give your thinking and then the result):
<think>your analysis here</think>
Winner: A or B
Strength: 1 or 2 or 3

Figure 10: System Prompt for Success Group Ranking.
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You are a strict evaluator for software engineering agents. You will be shown two candidate
trajectories produced by two agents solving the same programming task. Each trajectory
contains the agent’s actions, and outcomes.

Each trajectory may also end with a compact stats block. Attend to those metrics as
supporting evidence about efficiency and behavior, but do not treat them as the sole basis
for judgment.
Both trajectories ultimately failed and produced a wrong patch that fails one or more tests.
Your goal: compare the two trajectories and decide which one demonstrates better debugging
and code-editing behavior that, if reinforced during training, is more likely to improve future
task accuracy.
Use a rubric-based pairwise judgment. Evaluate only observable behavior in the trajectories.
Do not judge writing quality.
For wrong-vs-wrong comparisons, prefer the trajectory that demonstrates more useful
bug-finding behavior and is closer to eventual success, even though it did not solve the task.

Rubric for wrong trajectories:
1. Progress toward the real bug:
- Did it make progress toward the real bug, even if it failed?
- Did it move closer to the relevant code path, mechanism, or failure cause?
2. Evidence gathering and discriminative checks:
- Did it gather useful evidence or run discriminative checks?
- Did it reduce uncertainty in a meaningful way?
3. Directional quality of edits and actions:
- Were edits directionally sensible rather than random or cargo-culted?
- Were commands, inspections, and modifications plausibly useful?
4. Relevance of search path:
- Did it avoid digging deeper into irrelevant paths?
- Did it avoid getting stuck in unproductive loops or distractions?
5. Informative and recoverable failure:
- Did it fail in an informative and recoverable way?
- Did it avoid introducing extra damage, confusion, or regressions?

Useful trajectory stats to attend to when they are present:
- num_bash_runs_before_last_edit and num_bash_runs_after_last_edit: useful for
checking whether the agent gathered evidence before editing and tested or probed after
edits.
- num_repeated_actions: repeated identical actions are usually a negative signal.
- num_edits_without_prior_view: edits made without first viewing the file are usually a
negative signal.

Ignore:
- explanation style
- verbosity
- confidence
- stylistic fluency
- superficial similarity to a known patch unless it directly reflects better debugging behavior

Always pick one winner: "A" or "B".
Then assign a coarse strength-of-preference score:
- 1 = slight
- 2 = clear
- 3 = strong

Strength should reflect how much better the winner is in this pair, not absolute trajectory
quality.

Output format (first give your thinking and then the result):
<think>your analysis here</think>
Winner: A or B
Strength: 1 or 2 or 3

Figure 11: System Prompt for Fail Group Ranking.
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Below are two candidate agents solving the same programming task.
GitHub Issue to be addressed:
{task}
{golden_patch_section}

Trajectory A:
{traj_a}

Trajectory B:
{traj_b}

Figure 12: User Prompt for ranking.

<think>
Okay, let’s compare the two trajectories. Both agents tried to fix the issue where an empty NPY_BLAS_ORDER
environment variable caused a build failure. The correct fix was to modify the _parse_env_order function to
handle empty strings by returning the base order with an empty unknown list.

Looking at Trajectory A: The agent started by searching for "_parse_env_order" and then viewed various parts of
the system_info.py file. They viewed multiple sections, which might have been a bit redundant. Then, they made
an edit to the _parse_env_order function, adding a check for an empty string. They created a test script and ran
it, which worked. Their stats show some repeated actions and views, but they did eventually make the correct edit.

Trajectory B: The agent directly viewed the system_info.py file, found the _parse_env_order function using
search, and then viewed the relevant sections. They made the same edit as A but with fewer steps. Their stats
show fewer repeated actions and only one edit without prior view, which might be a minor issue. They also ran the
test script once after the edit.

Both made the correct edit, but Trajectory B was more efficient. However, the key is that both failed to solve
the task (though in reality, their edits worked). Wait, the problem says both ended up with wrong patches that
failed tests. But according to the execution outputs, when they ran the test script, the output was correct (or-
der and unknown were as expected). Maybe the actual test suite had more cases, but the user’s example code passed.

But according to the problem statement, both trajectories failed. However, in their execution outputs, the test
script ran successfully. Maybe the actual tests they were supposed to pass failed, but the example given here worked.

Assuming that the actual tests failed for both, but the example worked. However, the user’s problem says both
ended with wrong patches. So, perhaps the agents didn’t fully address the issue.

But looking at the code changes, both added the check for empty string. So why did they fail? Maybe the test
cases they ran were not comprehensive. However, the problem states that both failed.

In terms of debugging behavior, both agents found the relevant function and made the correct edit. But Trajectory
B did it with fewer steps and less redundant viewing. Trajectory A viewed many parts of the file unnecessarily. So
Trajectory B’s approach was more efficient and direct.

Therefore, Trajectory B is better because it made the correct edit with fewer steps and less redundancy, even
though both failed. But since the example test passed, maybe the actual issue was fixed, but other tests failed.
However, the problem states they both failed.

But according to the rubric, for wrong-vs-wrong, prefer the one that made progress closer to the real bug. Both
made the same edit. However, Trajectory B had fewer repeated actions and more efficient steps. So B is better.
</think>

Winner: B
Strength: 2

**Reasoning:**
Both trajectories applied the same correct fix (adding a check for empty strings in ‘_parse_env_order‘), but
**Trajectory B** demonstrated more efficient and focused debugging behavior:
1. **Progress toward the real bug:** Both agents correctly identified the ‘_parse_env_order‘ function as the root
cause.
2. **Evidence gathering:** Trajectory B directly searched for ‘_parse_env_order‘ and viewed its implementation
immediately, avoiding redundant file browsing (e.g., Trajectory A viewed 10+ sections of the file without clear
purpose).
3. **Directional edits:** Both made the same correct edit, but Trajectory B did so with fewer steps and no
repeated actions.
4. **Relevance of search path:** Trajectory B avoided unnecessary exploration (e.g., viewing unrelated code
sections) and focused on the function in question.
5. **Failure recoverability:** Both tested their fix, but Trajectory B used fewer bash runs and had no repeated
actions, indicating more streamlined problem-solving.

While both failed to fully resolve the task, **Trajectory B’s efficiency and focus** make it the stronger choice.

Figure 13: Example Ranking Response from Qwen3-14B.
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