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ABSTRACT

Best-of-N sampling improves code generation but requires execution for candidate
selection. Entropy dynamics (EDIS) have shown promise for detecting reasoning
errors in math problems by identifying instability patterns in per-token entropy
trajectories. We test whether entropy dynamics can provide execution-free selec-
tion signals for code generation by adapting EDIS as nEDIS with pre-registered
success criteria. Our experiments demonstrate a clear negative result: nEDIS fails
the pre-registered criterion, underperforming even random first-sample selection
by 12.8–27.5 percentage points on HumanEval and MBPP. We identify entropy
sparsity as a key failure mode—88.3% of entropy values are exactly zero with
instruction-tuned code models, undermining spike detection. The optimization
required to improve nEDIS contradicts the original hypothesis, suggesting the
method captures length bias rather than meaningful entropy dynamics. This neg-
ative result prevents wasted effort and suggests alternative approaches are needed
for execution-free code selection.
WARNING: This paper was generated by an automated research system. The code
is publicly available.1

1 INTRODUCTION

Best-of-N sampling has emerged as a simple yet effective technique for improving code genera-
tion quality (Chen et al., 2021). By generating multiple candidate solutions and selecting the best
one, this approach can substantially improve pass@1 accuracy over greedy decoding. However,
selecting the best candidate typically requires executing code against test cases—a process that is
slow, requires test availability, and poses security risks when running untrusted code. Execution-free
selection methods would enable faster inference and broader applicability, but developing reliable
selection signals without execution remains an open challenge.

Recent work on entropy dynamics offers a promising direction. EDIS (Entropy Dynamics Insta-
bility Score) (Zhu et al., 2026) demonstrated that per-token entropy trajectories during generation
can diagnose reasoning errors in mathematical problem-solving. The key insight is that incorrect
reasoning exhibits characteristic instability patterns—“burst spikes” of sustained entropy increase
and “rebound spikes” of sharp entropy recovery after false confidence. These patterns distinguish
correct from incorrect solutions without requiring ground-truth labels, suggesting that generation
uncertainty dynamics might provide useful signals about output quality.

This naturally raises the question: can entropy dynamics guide execution-free code selection? We
hypothesize that similar instability patterns might indicate unreliable code generation, enabling se-
lection of correct candidates without execution. To test this hypothesis rigorously, we adapt EDIS
to code generation as nEDIS (Normalized EDIS), introducing length and scale normalizations ap-
propriate for variable-length code. We pre-register a success criterion: nEDIS must significantly
outperform both confound baselines (length-only selection and entropy coefficient of variation) on
both benchmarks (HumanEval and MBPP) to demonstrate that spike-structure provides selection
signal beyond simple confounds.

1https://gitlab.com/fars-a/edis-code-bestofn
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Our experiments yield a clear negative result. nEDIS fails the pre-registered criterion: while
it beats the CV H baseline on both benchmarks, it fails to beat length-only selection on MBPP
(41.5% vs 66.4%, p = 1.0). More critically, all entropy-based methods—including the optimized
nEDIS v2—underperform trivial baselines. Random first-sample selection achieves 68.9%/69.0%
on HumanEval/MBPP, while nEDIS v2 achieves only 56.1%/41.5%. We identify a key failure
mode: 88.3% of per-token entropy values are exactly zero due to high model confidence, making
spike detection inherently noisy and unreliable for code generation with instruction-tuned models.

Our contributions are:

• We provide a rigorous negative result showing that entropy dynamics do not transfer from
math reasoning to code generation, with pre-registered success criteria and statistical sig-
nificance testing.

• We identify entropy sparsity as a fundamental failure mode: instruction-tuned code models
are highly confident on most tokens, undermining the spike-detection mechanism that EDIS
relies on.

• We release our code and data to prevent others from pursuing this direction and to enable
future research on alternative execution-free selection methods.

2 RELATED WORK

Code Generation and Evaluation. Large language models have demonstrated remarkable ca-
pabilities in code generation (Chen et al., 2021; Austin et al., 2021). The HumanEval bench-
mark (Chen et al., 2021) introduced the pass@k metric for evaluating functional correctness, while
MBPP (Austin et al., 2021) provides a broader set of programming problems. EvalPlus (Liu et al.,
2023) augments these benchmarks with additional test cases to provide more rigorous evaluation.
best-of-N sampling, where multiple candidates are generated and the best is selected, has emerged
as a simple yet effective technique for improving code generation quality (Chen et al., 2021). How-
ever, selecting the best candidate typically requires execution against test cases, motivating research
into execution-free selection methods.

Uncertainty Quantification in LLMs. Uncertainty estimation has become increasingly impor-
tant for reliable LLM deployment (Shorinwa et al., 2024). Semantic entropy (Farquhar et al., 2024)
clusters generations by meaning to detect hallucinations, while self-consistency (Wang et al., 2022)
leverages agreement among multiple reasoning paths. For code generation specifically, Spiess et al.
(2024) found that code LLMs are often poorly calibrated, with confidence scores not reliably indi-
cating correctness. Li et al. (2024) proposed showing code selectively based on LLM confidence,
though their approach requires careful threshold tuning.

Entropy Dynamics for Reasoning. Recent work has explored how entropy evolves during gen-
eration as a signal for output quality. EDIS (Zhu et al., 2026) introduced the concept of entropy
dynamics instability, showing that erroneous mathematical reasoning exhibits characteristic “burst”
and “rebound” spikes in per-token entropy trajectories. EAGER (Scalena et al., 2025) uses entropy-
aware generation for adaptive inference-time scaling. Self-certainty (Kang et al., 2025) proposes
using distributional confidence for best-of-N selection, demonstrating that higher self-certainty cor-
relates with improved response accuracy on reasoning tasks. Our work tests whether EDIS-style
entropy dynamics transfer to code generation.

Execution-Free Code Selection. Several approaches have been proposed for selecting code with-
out execution. Top-Pass (Lyu et al., 2024) trains a ranker to maximize pass@k by learning from ex-
ecution feedback, achieving significant improvements but requiring training data with execution la-
bels. Zhu et al. (2025) use uncertainty-guided chain-of-thought to improve code generation. Valentin
et al. (2025) propose incoherence as an oracle-less measure of error, detecting inconsistencies across
multiple generations. Unlike these approaches, we test whether entropy dynamics alone can provide
selection signals without any training or execution feedback.
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3 METHOD

3.1 PROBLEM SETUP

We consider the best-of-N code selection problem. Given a natural language prompt x describing
a programming task, we generate N candidate code solutions {y1, . . . , yN} by sampling from a
language model with temperature τ > 0. The goal is to select a single candidate y∗ that maximizes
functional correctness without executing any code. Formally, we seek a scoring function f : Y → R
such that y∗ = argmaxyi

f(yi) yields a correct solution with high probability.

This setting is motivated by practical constraints: execution requires test cases that may not be
available, and running untrusted code poses security risks. Prior work has shown that best-of-N
sampling with execution-based selection significantly improves pass@1 over greedy decoding (Chen
et al., 2021), but execution-free selection remains an open challenge.

3.2 EDIS BACKGROUND

The Entropy Dynamics Instability Score (EDIS) (Zhu et al., 2026) was proposed to diagnose rea-
soning errors in mathematical problem-solving by analyzing per-token entropy trajectories. The
key insight is that incorrect reasoning exhibits characteristic instability patterns in the entropy se-
quence {H1, . . . ,HT }, where Ht = −

∑
v p(v|y<t) log p(v|y<t) is the entropy of the next-token

distribution at position t.

EDIS identifies two types of instability patterns: burst spikes, where entropy rises progressively
over a window of tokens (indicating deteriorating confidence), and rebound spikes, where entropy
drops to a minimum then rises sharply (indicating false confidence followed by renewed uncer-
tainty). These patterns are formalized as:

Sburst =

T−w∑
t=1

1[Ht+w −Ht > τb] (1)

Srebound =

T∑
t=2

1[Ht −min
s<t

Hs > τr] (2)

where w is the window size and τb, τr are detection thresholds. The original EDIS score combines
spike counts with entropy variance: EDIS(y) = S(y) · (1 + Var(H)), where S(y) = 1

2 (Sburst +
Srebound). Lower EDIS indicates more stable reasoning.

3.3 NEDIS: NORMALIZED EDIS FOR CODE

We adapt EDIS to code generation by introducing two normalizations to handle variable-length se-
quences and entropy scale differences across problems. Our Normalized EDIS (nEDIS) is defined
as:

nEDIS(y) = s(y) · (1 + CV2
H) (3)

where s(y) = 1
2T (Sburst + Srebound) is the length-normalized spike rate and CVH = σH/µH is the

coefficient of variation of entropy (replacing variance to reduce scale sensitivity).

During preliminary experiments, we discovered that the original selection direction (argmin, select-
ing lowest instability) performed poorly for code. We hypothesize this is because code generation
differs from math reasoning: longer, more complex solutions that exhibit some uncertainty may be
more likely correct than short, over-confident outputs. We therefore introduce nEDIS v2:

nEDIS v2(y) = nEDIS(y) · T (4)

with argmax selection (higher score = selected). This modification multiplies by sequence length
T and inverts the selection direction, fundamentally changing the method’s semantics from “low
instability = reliable” to “high instability × length = reliable.”

Figure 1 illustrates the nEDIS pipeline: candidates are generated, entropy trajectories are computed,
spikes are detected, and the candidate with the highest nEDIS v2 score is selected.
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Figure 1: Overview of the nEDIS pipeline for execution-free best-of-N code selection. Given N
candidate solutions, we compute per-token entropy trajectories, detect burst and rebound spikes,
calculate the normalized instability score, and select the candidate with the highest nEDIS v2 score.

3.4 PRE-REGISTERED SUCCESS CRITERIA

To rigorously test whether entropy dynamics provide useful selection signals beyond confounding
factors, we pre-register the following success criterion:

Criterion: nEDIS must significantly outperform both confound baselines (Length-only, CV H) on
both benchmarks (HumanEval, MBPP) at p < 0.05.

Refutation condition: If nEDIS fails to beat either confound baseline on either benchmark, the
hypothesis that spike-structure provides selection signal beyond simple confounds is refuted.

This criterion ensures that any observed benefit comes from the spike-detection mechanism rather
than from length bias (longer code may be more complete) or entropy variability alone (high CV H
may indicate complex reasoning).

3.5 BASELINES

We compare against two categories of baselines:

Trivial baselines that require no entropy computation:

• Greedy: Single-sample greedy decoding (temperature 0), serving as an upper bound refer-
ence.

• First-Sample: Random selection of the first candidate from N = 32 samples.

Confound baselines that isolate specific factors:

• Length-only: Select the longest candidate (tests length bias).

• CV H: Select by coefficient of variation of entropy (tests entropy variability without spike
structure).

• Mean H: Select by mean entropy (tests aggregate uncertainty).

• Self-Certainty: Select by self-certainty score (Kang et al., 2025), which in our single-
model setting is equivalent to Mean H.
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Table 1: Pass@1 accuracy (%) on HumanEval and MBPP benchmarks. Best results in bold. All
entropy-based ranking methods underperform trivial baselines (Greedy, First-Sample). †Ranking
methods select from N = 32 candidates.

Method HumanEval MBPP

Base Plus Base Plus

Greedy 71.3 63.4 77.8 67.2
First-Sample 68.9 61.6 69.0 58.7

Length-only† 35.4 32.3 66.4 56.9
CV H† 28.1 25.6 34.1 30.4
Mean H† 33.5 32.9 20.6 16.4
Self-Certainty† 33.5 32.9 20.6 16.4

nEDIS (original)† 25.0 22.6 26.5 21.7
nEDIS v2† 56.1 49.4 41.5 34.4

4 EXPERIMENTS

4.1 EXPERIMENTAL SETUP

Model and Benchmarks. We use DeepSeek-Coder-6.7B-Instruct (Guo et al., 2024), a state-
of-the-art open-source code generation model. We evaluate on two standard benchmarks: Hu-
manEval (Chen et al., 2021) (164 problems) and MBPP (Austin et al., 2021) (378 problems). Fol-
lowing EvalPlus (Liu et al., 2023), we report pass@1 on both the original test cases (base) and
augmented test cases (plus) that provide more rigorous evaluation.

Generation and Evaluation. For each problem, we generate N = 32 candidate solutions using
nucleus sampling with temperature τ = 0.8, top-p = 0.95, and maximum 512 new tokens. We
record the full per-token entropy trajectory for each candidate. For statistical significance testing,
we use one-sided paired bootstrap with 1000 resamples, testing whether nEDIS v2 significantly
outperforms each baseline. See Appendix A for hyperparameters and computational details.

4.2 MAIN RESULTS

Table 1 presents pass@1 accuracy across all methods and benchmarks. The results reveal a clear
negative finding: all entropy-based ranking methods underperform trivial baselines.

Key Finding 1: Greedy outperforms all ranking methods. Greedy decoding achieves 71.3%
on HumanEval and 77.8% on MBPP, substantially outperforming even the best ranking method
(nEDIS v2 at 56.1%/41.5%). This suggests that the ranking methods actively harm selection com-
pared to simply taking the model’s most likely output.

Key Finding 2: Random selection beats entropy-based ranking. First-sample random selection
(68.9%/69.0%) outperforms all entropy-based methods including nEDIS v2. This indicates that not
ranking at all is better than ranking by entropy dynamics.

Key Finding 3: nEDIS v2 improves over original nEDIS but remains inadequate. The opti-
mized nEDIS v2 achieves +31.1pp on HumanEval and +15.0pp on MBPP compared to the original
nEDIS, but still falls far short of trivial baselines.

4.3 STATISTICAL SIGNIFICANCE

Table 2 presents bootstrap significance tests for nEDIS v2 against each baseline. The pre-registered
success criterion requires nEDIS v2 to significantly outperform both confound baselines on both
benchmarks.

Pre-registered criterion NOT met. While nEDIS v2 significantly outperforms CV H on both
benchmarks (p < 0.005), it fails to beat Length-only on MBPP (−24.9pp, p = 1.0). This triggers
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Table 2: Bootstrap significance tests (one-sided, H1: nEDIS v2 > baseline). ✓ indicates p < 0.05;
× indicates no significant improvement. The pre-registered criterion is not met: nEDIS v2 fails to
beat Length-only on MBPP.

Comparison HumanEval MBPP

∆ p-value ∆ p-value

vs Length-only +20.7pp ✓ <0.001 −24.9pp × 1.000
vs CV H +28.1pp ✓ <0.001 +7.4pp ✓ 0.004

vs Mean H +22.6pp ✓ <0.001 +20.9pp ✓ <0.001
vs Self-Certainty +22.6pp ✓ <0.001 +20.9pp ✓ <0.001
vs First-Sample −12.8pp × 1.000 −27.5pp × 1.000

the pre-registered refutation condition: the spike-structure hypothesis does not provide selection
signal beyond simple confounds.

Worse than random selection. nEDIS v2 is significantly worse than First-Sample on both bench-
marks (−12.8pp on HumanEval, −27.5pp on MBPP, both p = 1.0 for the one-sided test of improve-
ment). This demonstrates that entropy-based ranking actively harms candidate selection.

4.4 ANALYSIS: WHY ENTROPY DYNAMICS FAIL FOR CODE

Entropy Sparsity. We find that 88.3% of per-token entropy values are exactly 0.0, indicating that
the model is highly confident on most tokens. This extreme sparsity undermines spike detection:
with so few non-zero entropy values, the burst and rebound patterns that EDIS relies on become
noisy and unreliable. Code generation with instruction-tuned models appears fundamentally differ-
ent from math reasoning in this regard.

Optimization Paradox. The optimization that produced nEDIS v2 required two changes that con-
tradict the original EDIS hypothesis: (1) inverting the selection direction from argmin to argmax,
and (2) multiplying by sequence length T . The original hypothesis was “low instability = reliable
reasoning.” The optimized version effectively becomes “high instability × length = reliable code,”
which has no theoretical justification and suggests the method is capturing length bias rather than
meaningful entropy dynamics.

Original nEDIS Performs Worst. The original nEDIS with argmin selection achieves only
25.0%/26.5% on HumanEval/MBPP—the worst performance among all methods. This indicates
that selecting candidates with low entropy instability (the original EDIS intuition) is actively harm-
ful for code generation, further evidence that the entropy dynamics hypothesis does not transfer from
math to code.

5 CONCLUSION

We tested whether entropy dynamics can provide execution-free selection signals for code genera-
tion by adapting EDIS to nEDIS with pre-registered success criteria. Our experiments demonstrate
a clear negative result: nEDIS fails the pre-registered criterion, underperforming even random first-
sample selection by 12.8–27.5 percentage points. We identify entropy sparsity as a key failure
mode—88.3% of entropy values are exactly zero with instruction-tuned code models, undermining
spike detection. The optimization required to improve nEDIS contradicts the original hypothesis,
suggesting the method captures length bias rather than meaningful entropy dynamics. This nega-
tive result prevents wasted effort on this direction and suggests that alternative approaches—such as
semantic similarity, structural analysis, or learned rankers—may be needed for execution-free code
selection.
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A EXPERIMENTAL DETAILS

Hyperparameters. We use the following hyperparameters for nEDIS, following the original EDIS
paper: window size w = 4, burst threshold τb = 1.36, rebound threshold τr = 1.33, and numerical
stability constant ϵ = 10−6. For candidate generation, we use temperature τ = 0.8, top-p = 0.95,
and maximum 512 new tokens.

Computational Resources. Experiments were conducted on 8 GPUs with data parallelism. Can-
didate generation took approximately 40 minutes for HumanEval (164 problems × 32 candidates)
and 48 minutes for MBPP (378 problems × 32 candidates). Entropy computation and ranking are
negligible in comparison.
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