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Abstract
Repository-level software engineering agents are commonly scaled
at test time by running multiple independent trajectories and then
selecting one completed patch. This improves the chance that at
least one branch solves the issue, but it is expensive because every
branch consumes a full rollout budget even when its intermedi-
ate behavior is already unpromising. This report studies a more
selective alternative: weak-to-strong trajectory verification. The
system generates multiple SWE-agent trajectories for the same
issue, renders their trajectory and patch evidence, compares candi-
date pairs with a weaker judge model, and aggregates the pairwise
preferences into a single selected patch.

The current experiment is intentionally preliminary. It evalu-
ates a 50-instance diagnostic subset of SWE-bench Verified, se-
lected as a relatively difficult subset for studying candidate selection
rather than as a random estimate of full-benchmark performance.
The present run uses full-trajectory checkpoints rather than early
partial checkpoints. On this subset, the pass@1 baseline solves
31/50 instances (62.0%), the weak-judge selected top-1 patch using
gpt-oss-120b solves 33/50 instances (66.0%), and an oracle pass@4
baseline solves 35/50 instances (70.0%). Thus the verifier recovers
two of the four additional solved instances available from four-
rollout sampling, or roughly half of the observed pass@4 gap over
pass@1. These results provide directional evidence that trajectory-
level weak verification can improve single-patch selection, but the
small sample size, hard-subset construction, use of only full trajecto-
ries, and missing compute-normalized accounting prevent stronger
claims.
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1 Introduction
Repository-level issue resolution requires an agent to understand
an unfamiliar codebase, localize relevant files, infer the root cause
of a failure or missing behavior, edit the repository, and validate
the proposed patch. SWE-bench introduced this setting using real
GitHub issues and pull requests, and SWE-bench Verified further
filtered the benchmark with human review to improve clarity, test
correctness, and solvability [2, 5, 14]. Compared with isolated code-
generation benchmarks, this setting stresses long-context reposi-
tory understanding, tool use, multi-step debugging, and executable
validation.

A common way to improve SWE-agent performance at test time
is independent sampling. Given an issue, the system launches sev-
eral complete trajectories, obtains multiple candidate patches, and
then uses either an oracle, a verifier, a reviewer model, or a heuristic
policy to select a final answer. Independent sampling is attractive
because different trajectories can localize different files or explore

different repair hypotheses. However, it is also compute-inefficient:
every branch pays the cost of a full run, including branches that
show weak localization, repeated failed commands, irrelevant ex-
ploration, or low-quality edits early in the trajectory.

This project asks whether a verifier can identify promising SWE-
agent trajectories before or at completion and thereby recover some
of the benefit of multi-rollout sampling while selecting only one
final patch. The key distinction from ordinary patch verification
is that the judge is not limited to the final diff. It sees trajectory
evidence: files inspected, commands executed, test outputs, edits,
failed hypotheses, final answer text, and the final patch. The central
hypothesis is that this evidence contains useful signal about even-
tual correctness, and that a weaker or cheaper judge can exploit
this signal even when it is not itself generating the patch.

The long-term target is temporal verification over partial trajec-
tories. The current experiment is more limited: it evaluates full-
trajectory checkpoints only. This limitation is important. The cur-
rent result tests whether weak trajectory-aware selection improves
top-1 patch choice, but it does not yet prove that early pruning
improves the compute-success tradeoff.

2 Related Work
2.1 Benchmarks and SWE agents
SWE-bench frames software engineering as repository-level issue
resolution: a model receives an issue description and a repository
snapshot, then must submit a patch that passes hidden benchmark
tests [5]. SWE-bench Verified is a 500-instance human-filtered sub-
set intended to provide more reliable evaluation by checking task
clarity, test correctness, and solvability [2, 14]. This report uses
SWE-bench Verified because it remains a standard setting for com-
paring coding agents, while also treating it cautiously because
recent work has raised concerns about benchmark saturation, con-
tamination, and test-based validity [9, 11, 15].

SWE-agent showed that agent-computer interface design can
substantially improve autonomous repository interaction by giving
language-model agents more effective tools for navigation, editing,
and test execution [17]. AutoCodeRover approaches the same prob-
lem from a software-engineering perspective, combining LLMs
with code search, program structure, and fault-localization sig-
nals [20]. Agentless showed that a carefully structured localization-
repair-validation workflow can remain competitive without a fully
autonomous agent loop [16]. SWE-Gym further studies training en-
vironments and verifiers for software engineering agents, explicitly
connecting agent trajectories, executable feedback, and inference-
time selection [10]. These systems motivate this report’s focus on
trajectory evidence rather than only final diffs.

2.2 Trajectory analysis and failure modes
Recent trajectory analyses suggest that successful and unsuccess-
ful SWE-agent runs often differ before termination. Bouzenia and
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Pradel study thought-action-result trajectories and identify struc-
tural behavior patterns, anti-patterns, and feedback-use differences
across agent runs [1]. This supports the premise that intermediate
evidence can be useful for verification. If failure modes are visible
in the sequence of search actions, commands, edits, and validation
attempts, then a judge may be able to rank candidates before all
compute has been spent.

2.3 Test-time scaling and verification
Inference-time scaling is now a central technique for improving
reasoning and coding systems. In SWE settings, Satori-SWE stud-
ies evolutionary test-time scaling to make sampling more sample-
efficient [19]; Agentic Rubrics proposes repository-grounded rubrics
as contextual verifiers for candidate patches [12]; SWE-Replay stud-
ies efficient replay and branching from archived trajectories rather
than naive resampling from scratch [3]; and R2E-Gym studies hy-
brid verification that combines execution-based and execution-free
signals [4]. In broader reasoning, 𝑉1 argues that pairwise verifi-
cation and tournament-style ranking can be stronger and more
efficient than pointwise scalar scoring [13]. This project is closest
to the verification-and-selection branch of this literature: it uses
a weak judge to compare candidate SWE trajectories and select a
single final patch.

3 Method
3.1 System overview
The system is a progressive partial-trajectory search framework.
The input is a repository and issue statement; the output is one
final patch. Rather than treating candidate generation and patch
selection as a single monolithic run, the system separates them into
three stages:

(1) generate multiple candidate SWE-agent trajectories for the
same issue;

(2) render candidate trajectory evidence into judge prompts and
compare candidates pairwise;

(3) aggregate pairwise preferences and submit the top-ranked can-
didate patch.

The broader design supports pausing, checkpointing, ranking,
pruning, and resuming branches. The current experiment uses
only full-trajectory checkpoints, but the same artifact format is
intended to support earlier temporal checkpoints once those runs
are complete.

3.2 Pause and checkpoint mechanism
The planned temporal system pauses only at turn boundaries. A
turn consists of one assistant response, the tool calls emitted by
that response, and the corresponding tool outputs. The current
deterministic pause policy uses structural trigger families: com-
pleted repository edits and reproduction or validation commands.
A cooldown rule suppresses very early pauses so that the system
does not stop after trivial setup actions.

When a branch pauses, the system stores a checkpoint rather
than a live session handle. Each checkpoint contains raw and
simplified trajectory history, pause metadata, and a recoverable

Table 1: Temporal checkpoint definitions. The current pre-
liminary experiment uses only C4.

ID Name Prefix definition

C1 First edit Through first completed repository edit
C2 First test Through first test command
C3 Last test Through last test command
C4 Full trajectory Complete simplified trajectory plus final patch

repository-state snapshot. The snapshot is represented as an in-
cremental diff chain plus an overlay of changed files. A selected
branch can be resumed by reconstructing the workspace from the
base repository, replaying the diff chain, materializing overlay files,
and launching a fresh worker session. This design ensures that
selection operates over explicit, reproducible search artifacts rather
than hidden backend state.

3.3 Candidate trajectory artifacts
For each issue, the replay pipeline discovers candidate attempts
from attempt directories. Each attempt includes the agent trajectory,
tool outputs, and final patch when available. This makes verifier
experiments reusable: prompt rendering, pairwise judging, aggre-
gation, and ablations can be rerun without regenerating candidate
trajectories.

The intended checkpoint definitions are shown in Table 1. Earlier
checkpoints expose partial progress, while C4 exposes the complete
simplified trajectory and final patch. The present 50-instance exper-
iment uses only C4. This choice isolates the verification question—
whether trajectory-aware weak judging can select a better com-
pleted candidate—but does not yet evaluate early pruning.

3.4 Pairwise weak judge
For each issue, the judge receives the issue statement and rendered
evidence for two candidates, denoted Candidate A and Candidate
B. The judge answers a comparative question: which candidate is
more likely to be correct, given the trajectory evidence and final
patch? The judge is instructed to emit a single score token from a
fixed legal set:

S = {𝐴, 𝐵,𝐶, 𝐷, 𝐸, 𝐹,𝐺, 𝐻, 𝐼, 𝐽 }. (1)

The score token encodes both preference direction and confidence.
Instead of relying only on the emitted visible token, the system
records the probability distribution over the legal A–J alternatives
whenever token log probabilities are available. The conceptual
output artifact is:
{

"judge_output_token": "H",
"legal_token_coverage": 0.97,
"score_distribution": {

"A": ..., "B": ..., "C": ..., "D": ..., "E": ...,
"F": ..., "G": ..., "H": ..., "I": ..., "J": ...

}
}

The legal_token_coverage diagnostic measures the amount of
next-token probability mass captured by the legal score tokens. Low
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coverage suggests that the model may prefer to emit explanations,
invalid symbols, or other non-score text, making the comparison
less reliable.

The current 50-instance run uses gpt-oss-120b as the weak
judge. The model is used only for evaluation and selection, not for
patch generation. This matters because the experiment measures
whether a judge can extract selection signal from candidate trajec-
tories produced by SWE agents. OpenAI describes gpt-oss-120b
as an open-weight reasoning model with 117B total parameters,
5.1B active parameters per token, and a 128k context length [8].

3.5 From score probabilities to pairwise margins
The A–J score distribution is converted into a signed pairwise mar-
gin. Probability mass assigned to tokens favoring Candidate A
contributes positive evidence; probability mass assigned to tokens
favoring Candidate B contributes negative evidence; and neutral or
low-confidence tokens contribute smaller absolute margin. This pro-
duces a weighted directed comparison rather than a hard win/loss
label.

Using probability-weighted margins has two advantages. First,
it preserves uncertainty: a near-tie comparison should not count as
strongly as a confident preference. Second, it reduces sensitivity to
a single sampled output token because the ranking uses the judge’s
local probability distribution over the legal score alternatives.

3.6 Weighted Kemeny aggregation
For each issue, pairwisemargins are aggregatedwith exact weighted
Kemeny ranking. A Kemeny ranking is an ordering that maximizes
agreement with pairwise preferences, and has a long history in
rank aggregation and social choice [6, 18]. Because the number of
candidates per issue is small, exact enumeration is feasible in the
current setting.

In a fully populated eight-candidate design, one prompt variant
requires (

8
2

)
= 28 (2)

pairwise judge calls per issue. With two prompt variants and one
checkpoint, this gives

28 × 2 = 56 (3)

judge calls per issue. The present 50-instance preliminary table
should be read as a four-candidate diagnostic evaluation; the eight-
candidate full-pairwise protocol is reserved for the planned scale-up.
This distinction is important because an oracle baselinemust use the
same candidate pool size as the verifier in any final cost-normalized
comparison.

3.7 Prompt variants and context budgeting
The current design uses two prompt variants:

• Root-cause trace: emphasizes whether the candidate identified
the correct failure mechanism, localized the right files, and edited
the relevant code.

• Process monitorability: emphasizes whether the trajectory
shows reliable debugging behavior, validation attempts, and con-
vergence rather than superficial exploration.

The variants are aggregated at the pairwise-margin level so that
each prompt contributes complementary evidence without requir-
ing either prompt to be individually perfect.

Full C4 prompts can be long because they contain the task state-
ment, two simplified trajectories, and two final patches. For local
32k-context models, prompt budgeting must be pair-level rather
than only single-trajectory-level. The deterministic truncation pol-
icy is label-blind. It prioritizes the task statement, final patches, fi-
nal answers, validation evidence, test commands, error summaries,
edit context, and then compresses repetitive logs before middle
truncation. For every truncated prompt, the system should record
estimated prompt length, original and rendered trajectory length,
patch length, whether either patch was truncated, and the trunca-
tion reason.

4 Evaluation Setup
4.1 Benchmark and subset
The evaluation uses SWE-bench Verified, a 500-instance human-
filtered subset of SWE-bench [2, 14]. The current result is computed
on 50 instances. These 50 instances should be described as a rela-
tively difficult diagnostic subset, not as a random sample of the full
benchmark. They are useful for stress-testing candidate selection
because even the oracle over four generated attempts solves only
35/50 instances, leaving 15/50 unresolved despite multiple trajec-
tories. This means the subset contains both candidate-generation
failures and candidate-selection failures.

This distinction affects interpretation. The 50-instance result can
show whether the verifier has signal on a hard selection set, but
it cannot estimate full SWE-bench Verified performance. It also
cannot establish statistical significance by itself. Any final claim
about benchmark-level performance should use the larger selected
set or the full 500-instance benchmark and should report paired
per-instance outcomes.

4.2 Candidate source and label separation
For each instance, multiple candidate trajectories are generated by
the underlying SWE-agent worker. The verifier ranks candidates
without access to the official resolved labels. After the selected
candidate is written, the patch is evaluated using the official SWE-
bench execution harness. Rankings should be produced and cached
before labels are joined, so that selection cannot accidentally leak
ground-truth test outcomes into the judge or aggregation process.

4.3 Baselines
The preliminary experiment reports three quantities:

• Pass@1 baseline: success rate of a single unverified candidate.
• Verifier-selected top-1: success rate of the single candidate

selected by pairwise weak judging and Kemeny aggregation.
• Oracle pass@4: an upper baseline that counts an issue as solved

if at least one of four candidate attempts solves it.

Oracle pass@4 is not a deployable single-patch selector because
it assumes knowledge of which candidate passes the hidden tests.
It is included to measure how much useful solution mass exists
in the sampled candidate pool. The verifier-selected top-1 result
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Table 2: Preliminary result on a 50-instance relatively diffi-
cult SWE-bench Verified diagnostic subset. Wilson intervals
are included to emphasize small-sample uncertainty.

Method Solved / 50 Rate 95% Wilson CI

Pass@1 baseline 31 62.0% [48.2%, 74.1%]
Verifier-selected top-1 33 66.0% [52.2%, 77.6%]
Oracle pass@4 35 70.0% [56.2%, 80.9%]

should be compared primarily to pass@1. The gap between verifier-
selected top-1 and oracle pass@4 measures remaining selection
error, provided the verifier and oracle use the same candidate pool.

4.4 Metrics and diagnostics
The primary metric is the official resolved rate:

resolved rate =
number of resolved instances
number of evaluated instances

. (4)

For a verifier-based system, resolved rate alone is insufficient. The
following diagnostics should also be reported:
• invalid judge-output rate;
• legal A–J token coverage;
• number of pairwise comparisons per issue;
• prompt-length and truncation statistics;
• candidate-pool size and missing-candidate rate;
• cache/resume consistency;
• token usage for candidate generation and judging;
• wall-clock time and hardware utilization where applicable.
These diagnostics are necessary because a small resolved-rate gain
is only meaningful if the verifier is reliable, reproducible, and cost-
effective.

5 Preliminary Results
Table 2 summarizes the current 50-instance result. The pass@1
baseline solves 31/50 instances, or 62.0%. The weak-judge selection
pipeline with gpt-oss-120b solves 33/50 instances, or 66.0%. The
oracle pass@4 baseline solves 35/50 instances, or 70.0%.

The verifier improves over pass@1 by 4 percentage points, cor-
responding to two additional resolved instances on the 50-instance
subset. Oracle pass@4 improves over pass@1 by 8 percentage
points, corresponding to four additional resolved instances. Un-
der this preliminary protocol, the verifier therefore recovers

33 − 31
35 − 31

= 0.5 (5)

of the observed pass@4 improvement over pass@1. Equivalently,
it recovers half of the available four-rollout oracle gap while still
trailing the oracle by two instances.

This is a positive but limited signal. The positive signal is that
the weak judge is not merely adding noise: it selects a top-1 patch
that solves more instances than the unverified baseline. The limi-
tation is that two additional successes are not enough to make a
strong statistical claim. The Wilson intervals overlap substantially,
and a proper significance test would require paired per-instance
outcomes, such as whether the verifier fixed or broke the baseline
candidate on each instance. With paired data, McNemar testing or

a paired bootstrap over instances would be more appropriate than
treating the three rates as independent binomial estimates.

The result also supports the decision to call the subset relatively
difficult. Even with four generated attempts and an oracle selector,
15/50 instances remain unsolved. Thus the subset is not merely
testing whether the judge can identify obvious wins; it includes
cases where candidate generation fails entirely and cases where
the judge must distinguish correct patches from plausible incorrect
ones. This is the right stress regime for a verifier, but it also means
that the result should not be extrapolated to the full 500-instance
benchmark.

6 Discussion
6.1 What the result suggests
The main positive finding is that trajectory evidence appears useful.
A judge that does not generate patches can still improve final can-
didate selection by examining the files inspected, commands run,
validation attempts, and final diffs. The improvement from 31/50 to
33/50 suggests that the judge identifies at least some cases where
the first or default candidate is not the best candidate among the
sampled attempts.

The result also suggests that pairwise ranking is a reasonable
interface for weak verification. Pairwise comparison can be easier
than assigning calibrated absolute correctness scores, especially
when candidates solve the same issue and can be compared relative
to the same problem statement. This matches broader evidence
that pairwise verification can be a strong primitive for test-time
scaling [13].

6.2 What the result does not prove
The current experiment does not prove compute efficiency. If the
system still generates four complete trajectories for every issue and
then adds many judge calls, it may improve selected-patch quality
while increasing total cost. The intended contribution is progressive
allocation over partial trajectories, but the current numerical result
uses C4 full trajectories only. Therefore, the current result validates
candidate selection signal, not early pruning.

The current result also does not prove that gpt-oss-120b is a
generally calibrated verifier. The judge may overvalue superficial
indicators such as running many tests, producing longer explana-
tions, or editing files that look semantically central. The planned
ablations should separate genuine root-cause understanding from
these surface cues.

6.3 Likely failure modes
The gap between verifier-selected top-1 and oracle pass@4 indicates
remaining selection error. Plausible causes include:

• Evidence omission: deterministic truncation may remove deci-
sive evidence from one candidate.

• Prompt framing bias: one prompt may overemphasize process
quality while underweighting patch correctness.

• Score-token noise: the A–J mapping may not be sufficiently
calibrated across issues.
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• Aggregation loss: Kemeny aggregation may be robust to cycles
but cannot recover evidence that the pairwise judge failed to
express.

• Benchmark ambiguity: some patches may pass tests without
matching developer intent, or fail tests despite being functionally
plausible [9, 15].

7 Limitations
The current report intentionally avoids strong claims for five rea-
sons.

First, the result is based on only 50 instances. The observed
improvement is two instances, so the result should be treated as
directional evidence. Second, the subset is relatively difficult and
diagnostic rather than randomly sampled. This is appropriate for
stress-testing a verifier, but not for estimating full-benchmark per-
formance. Third, the current experiment uses only C4 full-trajectory
evidence. It does not yet establish that early checkpoint selection
can reduce compute. Fourth, the experiment uses one judge model
and one main selection configuration. Robustness across judge
backends, prompt variants, aggregation methods, and candidate-
generation seeds is unknown. Fifth, compute-normalized measure-
ment is incomplete. The final evaluation should report candidate-
generation cost, judge-call cost, token usage, wall-clock time, hard-
ware utilization, and pruning efficiency.

There are also benchmark-level limitations. SWE-bench Verified
was designed to improve reliability over the original SWE-bench,
but recent work argues that benchmark contamination and model
memory may affect interpretation [11]. Other work shows that
test-passing patches can still diverge behaviorally from developer-
intended fixes [15]. OpenAI has also argued that SWE-bench Ver-
ified no longer measures frontier coding capabilities because of
saturation, contamination, and residual test-quality problems [9].
For this project, SWE-bench Verified is still useful as a controlled
diagnostic benchmark for trajectory selection, but it should not be
presented as a completemeasure of real-world software engineering
reliability.

8 Planned Large-Scale Experiments
8.1 Scale-up protocol
The next stage is to run the larger evaluation with consistent
candidate-pool definitions. A recommended sequence is:

(1) one-instance dry run with prompt emission and no judge API
calls;

(2) one-instance live smoke test with full pairwise comparison;
(3) prompt-length audit over all selected instances;
(4) small live batch, for example five instances, with conservative

worker count;
(5) full selected-set run after invalid-output rate, token coverage,

and cache behavior are acceptable.

All judge-call artifacts should be cacheable. Ranking outputs should
bewritten before resolved labels are joined. The artifact store should
include the issue id, candidate ids, checkpoint id, prompt variant,
truncation diagnostics, judge backend, score-token distribution,
pairwise margin, aggregate ranking, selected candidate, and final
resolved label.

8.2 Local SWE-Star 14B variant
A local-GPU version will evaluate whether a smaller open model
can serve as the weak judge. The planned backend is SWE-Star
14B, part of the SWE-Star family of agentic coding models [7].
The experimental design should remain unchanged: only the judge
inference backend and score-probability extraction method should
differ. The local backend must return a single A–J score token and
a normalized distribution over legal A–J alternatives. If an OpenAI-
compatible endpoint cannot provide reliable top log probabilities,
the fallback is a native next-token-logits backend that computes
legal-token probabilities directly from the model output head.

The local run should be reported as a separate variant from
the gpt-oss-120b result. Its artifacts must record served model
name, quantization mode, context length, score-probability source,
truncation policy, and cache-key fields. These details matter because
local serving choices can change the score distribution even when
the prompt text is unchanged.

8.3 Ablations
The final report should include ablations that isolate which compo-
nents matter:
• Prompt format: root-cause trace, process monitorability, and

their combination.
• Checkpoints: C1, C2, C3, and C4 when partial-checkpoint runs

are available.
• Aggregation: weighted Kemeny versus majority vote, Borda-

style averaging, and average pairwise margin.
• Probability use: full score-token probability margins versus

hard visible-token outcomes.
• Context truncation: no truncation where possible versus de-

terministic pair-level truncation.
• Judge backend: gpt-oss-120b versus local SWE-Star 14B and

any additional open judge models.
• Candidate pool size: pass@4-compatible four-candidate rank-

ing versus eight-candidate ranking with a matching pass@8
oracle.

8.4 Expected final claims
The final claims should be framed in terms of measured tradeoffs,
not only raw resolved rate. The strongest supported claim would
require showing that weak-to-strong temporal verification selects
a single candidate that improves over pass@1, approaches pass@𝑘 ,
and does so with judge overhead small enough to justify the se-
lection step. The current preliminary result supports only the first
part: selected top-1 improves from 62.0% to 66.0% on a 50-instance
relatively difficult diagnostic subset, while remaining below the
70.0% oracle pass@4 baseline.

9 Conclusion
This report studies weak-to-strong verification for SWE agents:
using a judge model to compare candidate trajectories and select
one final patch. The current 50-instance result is encouraging but
preliminary. A gpt-oss-120b judge improves selected top-1 per-
formance from 31/50 to 33/50 resolved instances and recovers half
of the observed oracle pass@4 improvement. However, the experi-
ment is small, uses a relatively difficult diagnostic subset, evaluates
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only full trajectories, and lacks complete compute accounting. The
next step is a larger, artifact-complete evaluation that tests partial
checkpoints, reports cost-normalized performance, and compares
judge backends and aggregation choices.
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