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ABSTRACT

Test-time scaling improves code generation by sampling multiple candidates and
using execution feedback to guide selection or refinement. However, when
multiple candidates fail for similar reasons, providing redundant feedback may
waste the model’s context. We propose Execution-Signature Recycling (ESR), a
training-free method that clusters candidates by their execution signatures—the
set of failing tests and error types—and conditions subsequent generations on
a deduplicated failure bank. We evaluate ESR on HumanEval+ with Qwen2.5-
Coder-7B-Instruct under a fixed 16-generation budget. While ESR achieves the
highest mean Pass@1 (87.60%), it does not significantly outperform the simpler
Self-Debug baseline (86.99%), with a 95% confidence interval of [−0.81, 2.24]
that includes zero. This negative result suggests that for strong code generation
models, per-sample self-debugging may be sufficient, and cross-sample feedback
aggregation does not provide reliable additional benefits.
WARNING: This paper was generated by an automated research system. The code
is publicly available.1

1 INTRODUCTION

Large language models (LLMs) have demonstrated remarkable capabilities in code generation, and
recent work shows that allocating additional inference-time compute—known as test-time scaling—
can substantially improve performance (Snell et al., 2024; Brown et al., 2024). A common approach
is best-of-N sampling: generate multiple candidate programs, execute them against unit tests, and
select the best-performing candidate. This simple strategy can significantly boost Pass@1 accuracy
compared to single-sample generation.

Execution feedback provides a powerful signal for improving code generation. Self-debugging
methods (Chen et al., 2023) use error messages and tracebacks to iteratively refine failing candi-
dates, while approaches like Reflexion (Shinn et al., 2023) and Self-Refine (Madaan et al., 2023)
maintain memory of past failures to guide future attempts. However, these methods typically op-
erate on individual candidates, refining each based on its own execution feedback without sharing
information across candidates.

We hypothesize that under best-of-N sampling, multiple candidates often fail for similar reasons—
the same edge case, the same type error, or the same off-by-one bug. If failure modes cluster strongly,
then providing deduplicated feedback about common failures could help the model avoid redundant
exploration and focus on novel solutions. To test this hypothesis, we propose Execution-Signature
Recycling (ESR), a training-free test-time scaling method that clusters candidates by their execu-
tion signatures (the set of failing tests and error types) and conditions subsequent generations on a
compact, deduplicated failure bank.

We evaluate ESR on HumanEval+ with Qwen2.5-Coder-7B-Instruct under a fixed 16-generation
budget. While ESR achieves the highest mean Pass@1 (87.60%), it does not significantly outper-
form the simpler Self-Debug baseline (86.99%), with a 95% confidence interval of [−0.81, 2.24]

1https://gitlab.com/fars-a/unit-test-grounded-rse
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that includes zero. This negative result suggests that for strong code generation models, per-sample
self-debugging may be sufficient, and cross-sample feedback aggregation does not provide reliable
additional benefits.

Our contributions are:

• We propose ESR, a method that aggregates execution feedback across candidates using
signature-based clustering and provides deduplicated failure information to guide subse-
quent generations.

• We conduct a rigorous evaluation with pre-registered decision rules and paired bootstrap
confidence intervals across multiple random seeds.

• We report a negative result: ESR does not significantly outperform per-sample self-
debugging on HumanEval+, providing evidence that simpler feedback approaches may be
sufficient for strong models.

2 METHOD

We propose Execution-Signature Recycling (ESR), a training-free test-time scaling method for
code generation that aggregates and deduplicates execution feedback across multiple candidate pro-
grams. ESR operates under a fixed generation budget split into two rounds: an exploration phase that
identifies common failure modes, followed by an exploitation phase that conditions new generations
on a compact, deduplicated failure bank.

2.1 PROBLEM FORMULATION

Given a programming task with natural language specification p and a set of unit tests {tj}mj=1, the
goal is to generate a program y that passes all tests. Under a fixed generation budget of N candidates,
we seek to maximize the probability that the selected candidate passes all evaluation tests (Pass@1).

2.2 EXECUTION SIGNATURES

For a candidate program y executed against unit tests {tj}mj=1, we define its execution signature as
the set of failing test outcomes:

σ(y) = {(j, errtypej) : tj fails on y} (1)

where errtypej denotes the error type (e.g., AssertionError, TypeError, Timeout). Pass-
ing tests are excluded to keep signatures compact. Two candidates share the same execution signa-
ture if and only if they fail on exactly the same tests with the same error types.

2.3 TWO-ROUND PROCEDURE

ESR divides the generation budget N = 16 into two rounds of 8 candidates each, as illustrated in
Figure 1.

Round 1 (Exploration). We sample 8 candidate programs from the language model and execute
each against the base unit tests. For each candidate, we record its execution signature σ(yi).

Failure Bank Construction. We cluster the Round 1 candidates by exact signature equality. For
each cluster c with signature σc and size |c|, we create a bank entry containing: (1) the count |c|
indicating how many candidates failed this way, (2) the list of failing test IDs, and (3) for up to
K = 2 failing tests, the input, expected output, and observed output or exception traceback. We
select the top-M = 3 clusters by frequency and serialize them into a failure bank B with a maximum
token budget (900 tokens).

Round 2 (Exploitation). We prompt the model with the original task specification p, the failure
bank B, and an instruction to generate a correct solution that avoids the documented failure modes.
We then sample 8 new candidates conditioned on this augmented prompt.

Selection. We pool all 16 candidates from both rounds and select the one that maximizes the base-
test pass rate, with ties broken by fewer failing tests.
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Figure 1: Overview of Execution-Signature Recycling (ESR). Round 1 generates 8 candidates, ex-
ecutes them against unit tests, and clusters failures by execution signature (error type + failing test
ID). Round 2 samples 8 additional candidates conditioned on a deduplicated failure bank containing
at most M = 3 unique signatures with K = 2 examples each.

2.4 DESIGN RATIONALE

ESR aggregates information across candidates to identify common failure patterns, unlike per-
sample self-debugging approaches (Chen et al., 2023) that refine each candidate independently. By
clustering failures by execution signature and providing deduplicated feedback, ESR aims to reduce
redundant exploration while keeping the shared feedback concise. This design is inspired by re-
cent work on experience recycling for test-time scaling (Wang et al., 2026), but replaces semantic
deduplication with deterministic, unit-test-grounded execution signatures.

3 EXPERIMENTS

3.1 EXPERIMENTAL SETUP

We evaluate ESR on HumanEval+ (Liu et al., 2023), an extension of the HumanEval bench-
mark (Chen et al., 2021) with augmented unit tests designed to reduce overfitting. The bench-
mark contains 164 Python function synthesis tasks. We use the original HumanEval base tests for
execution feedback and candidate selection, while evaluating the selected candidate on the full Hu-
manEval+ test suite.

We use Qwen2.5-Coder-7B-Instruct (Hui et al., 2024) as our base model, a strong open-source
code generation model. All methods operate under a fixed budget of 16 generations per task. We
use temperature 0.7 and top-p 0.95 for sampling, with a maximum of 1024 tokens per generation.
Experiments are repeated across three random seeds (42, 123, 456) to estimate variance, and we
report mean ± standard deviation.

Baselines. We compare ESR against two baselines under the same 16-generation budget: (1) Best-
of-16: Pure parallel sampling that generates 16 independent candidates and selects the one with the
highest base-test pass rate. (2) Self-Debug (Chen et al., 2023): Per-sample feedback that generates
8 initial candidates, then produces one debug revision for each candidate conditioned on its own
execution feedback (error type and traceback for up to 3 failing tests), yielding 16 total candidates.

Evaluation Protocol. For all methods, we select the candidate that maximizes the number of passing
base tests, with ties broken by fewer failing tests. The selected candidate is then evaluated on
HumanEval+ augmented tests. We report Pass@1, the fraction of tasks where the selected candidate
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Table 1: Main results on HumanEval+ (Pass@1 %). ESR achieves the highest mean but does not
significantly outperform Self-Debug. Best in bold, second-best underlined. * indicates statistical
significance (95% CI excludes 0).

Method Seed 42 Seed 123 Seed 456 Mean ± Std ∆ vs Best-of-16 ∆ vs Self-Debug

Best-of-16 86.59 85.98 85.37 85.98 ± 0.50 — —
Self-Debug 86.59 87.80 86.59 86.99 ± 0.70 — —
ESR (Ours) 89.02 87.20 86.59 87.60 ± 1.27 +1.63* +0.61

Table 2: ESR execution signature statistics across seeds. Most tasks (∼68%) have all candidates
passing in Round 1, leaving empty failure banks.

Seed All-Pass Tasks Non-Empty Failure Bank % Non-Empty

42 113 51 31.1%
123 109 55 33.5%
456 111 53 32.3%

Mean 111.0 53.0 32.3%

passes all evaluation tests. Statistical significance is assessed using paired bootstrap confidence
intervals over 492 task-seed pairs (164 tasks × 3 seeds).

3.2 MAIN RESULTS

Table 1 presents the main experimental results. ESR achieves the highest mean Pass@1 of 87.60%,
compared to 86.99% for Self-Debug and 85.98% for Best-of-16. However, the improvement of ESR
over Self-Debug (+0.61 percentage points) is not statistically significant, with a 95% confidence
interval of [−0.81, 2.24] that includes zero. In contrast, ESR significantly outperforms Best-of-16
(+1.63pp, 95% CI [0.41, 3.05]), confirming that execution feedback improves test-time scaling for
code generation.

Per the pre-registered decision rule, we conclude that ESR does not provide a statistically signif-
icant improvement over the best baseline (Self-Debug) on HumanEval+ with Qwen2.5-Coder-7B-
Instruct. Both feedback-based methods outperform pure parallel sampling, but the additional com-
plexity of cross-sample signature aggregation does not yield reliable gains over simpler per-sample
self-debugging.

3.3 ANALYSIS

Signature Statistics. Table 2 presents ESR’s execution signature statistics. Approximately 68% of
tasks (111 out of 164 on average) have all 8 Round 1 candidates passing all base tests, resulting
in empty failure banks. ESR’s feedback mechanism only applies to the remaining ∼32% of tasks.
Among tasks with failures, the median number of unique execution signatures is 1.0, validating
ESR’s premise that failure modes cluster strongly. However, this also means that for most failing
tasks, there is only one dominant failure pattern to deduplicate.

Variance Analysis. ESR exhibits substantially higher inter-seed variance (std=1.27) compared to
Best-of-16 (std=0.50) and Self-Debug (std=0.70). Examining per-seed results reveals inconsistent
effectiveness: ESR gains +2.44 percentage points over Self-Debug on seed 42 but loses 0.61pp on
seed 123 and ties on seed 456. This inconsistency suggests that ESR’s cross-sample aggregation
may introduce instability compared to the more robust per-sample approach.

Discussion. Several factors may explain why ESR does not significantly outperform Self-Debug.
First, the strong base model (Qwen2.5-Coder-7B-Instruct) already achieves high accuracy, leaving
limited room for improvement. Second, the high proportion of all-pass tasks (∼68%) means ESR’s
feedback mechanism is only active for a minority of problems. Third, Self-Debug’s per-sample
feedback may be sufficient when failure modes are already diverse across candidates, reducing the
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benefit of cross-sample deduplication. These findings suggest that simpler per-sample feedback
approaches may be preferable for strong code generation models on benchmarks like HumanEval+.

4 RELATED WORK

Test-Time Scaling. Allocating additional inference-time compute can substantially improve LLM
performance on reasoning and code generation tasks. Snell et al. (2024) demonstrate that optimal
test-time compute scaling can be more effective than scaling model parameters, while Brown et al.
(2024) show that repeated sampling with large generation budgets can solve problems that smaller
budgets cannot. Self-consistency (Wang et al., 2022) improves reasoning by sampling multiple
chains and aggregating answers. Tree of Thoughts (Yao et al., 2023) enables deliberate problem
solving through search over intermediate reasoning states. For code generation, AlphaCode (Li
et al., 2022) achieves competition-level performance through massive sampling and clustering-based
selection.

Self-Debugging and Iterative Refinement. Execution feedback enables iterative improvement of
generated code. Chen et al. (2023) introduce self-debugging, where models refine code based on
execution traces and error messages. Reflexion (Shinn et al., 2023) extends this with verbal rein-
forcement learning, maintaining episodic memory of past failures. Self-Refine (Madaan et al., 2023)
demonstrates iterative refinement using self-generated feedback across diverse tasks. These methods
typically operate on individual candidates, refining each based on its own execution feedback.

Code Generation with Execution Feedback. Unit tests provide strong programmatic signals for
code generation. CodeT (Chen et al., 2022) uses model-generated tests to rank candidate solutions.
CodeRL (Le et al., 2022) applies reinforcement learning from execution feedback to improve code
generation. Recent work on experience recycling (Wang et al., 2026) proposes batched experience
banks with semantic deduplication for test-time scaling in mathematical reasoning, though this has
not been applied to code generation with unit-test feedback.

Code Generation Benchmarks. HumanEval (Chen et al., 2021) and MBPP (Austin et al., 2021)
are standard benchmarks for Python code generation. HumanEval+ (Liu et al., 2023) extends Hu-
manEval with augmented tests to reduce overfitting. LiveCodeBench (Jain et al., 2024) provides
contamination-resistant evaluation with continuously updated problems.

ESR extends self-debugging by aggregating execution feedback across candidates using signature-
based clustering. However, our results show that this cross-sample aggregation does not significantly
improve over simpler per-sample approaches on HumanEval+ with strong base models.

5 CONCLUSION

We proposed Execution-Signature Recycling (ESR), a test-time scaling method that aggregates and
deduplicates execution feedback across candidate programs using signature-based clustering. While
ESR achieves the highest mean Pass@1 (87.60%) on HumanEval+, it does not significantly out-
perform the simpler Self-Debug baseline (86.99%), with a 95% confidence interval that includes
zero. This negative result suggests that for strong code generation models on benchmarks like Hu-
manEval+, per-sample self-debugging may be sufficient, and the additional complexity of cross-
sample feedback aggregation does not provide reliable benefits. Future work could explore ESR on
harder benchmarks with more diverse failure modes, weaker base models where feedback may have
greater impact, or alternative signature representations that capture finer-grained failure patterns.
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