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Abstract: Benchmark results for Large Language Models often show inconsistencies across different
studies. This paper investigates the challenges of reproducing these results in automatic bugfixing
using LLMs, on the HumanEvalFix benchmark. To determine the cause of the differing results in the
literature, we attempted to reproduce a subset of them by evaluating 11 models in the DeepSeekCoder,
CodeGemma, and CodeLlama model families, in different sizes and tunings. A total of 32 unique
results were reported for these models across studies, of which we successfully reproduced 16. We
identified several relevant factors that influence the results. Base models can be confused with their
instruction-tuned variants, making their results better than expected. Incorrect prompt templates or
generation length can decrease benchmark performance, as well as using 4-bit quantization. Using
sampling instead of greedy decoding can increase variance, especially with higher temperature values.
We found that precision and 8-bit quantization have less influence on benchmark results.

Keywords: reproducibility; bugfixing; humanevalfix; ml4code

1. Introduction

Large Language Models (LLMs) have demonstrated remarkable capabilities in software develop-
ment [1-3], which includes their ability to detect and resolve bugs. Various benchmarks are designed
to evaluate these capabilities, such as QuixBugs [4], HumanEvalFix [1], BugsInPy [5] and MDEVAL [6].

The most widely acknowledged bugfix benchmark is probably HumanEvalFix, a component
of the HumanEvalPack [1]. In this benchmark, each of the 164 canonical solutions from the original
HumanEval code generation benchmark [7] has been manually corrupted by introducing a bug. The
task of the LLM is to repair the buggy function. The modified output is then verified using the original
test cases.

Although reliable reports of benchmark results are essential to compare models, it is not uncom-
mon to see differing benchmark results for the same model throughout studies [8-10]. In the broader
community, researchers can struggle to reproduce the officially reported benchmark results. The
difference between reported and reproduced results can be minor, but it can also be significant. This
not only complicates comparison of models but also questions the validity of the currently published
benchmark results.

In this paper, we address the issue of inconsistent benchmark results on the HumanEvalFix
benchmark. We look for discrepancies in a broad range of results published in the literature, con-
sidering models with scores reported in two or more studies. To identify the underlying reasons of
these discrepancies, we conduct our own evaluations using 11 models of various sizes and tunings:
DeepSeekCoder (1.3B and 6.7B, base and instruct) [3], CodeLlama (7B and 13B, base and instruct) [2],
and CodeGemma (2B base, 7B base and instruct) [11]. Our findings are as follows:

*  We reproduce 16 of the 32 scores reported for the evaluated models. This implies that many of
the discrepancies in reported results can be attributed to using different, or possibly incorrect
evaluation settings.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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e We quantify the impact of modifying evaluation settings individually. For instance, maximum
generation length, sampling strategy, 4-bit quantization, and prompt template choice significantly
influence the results, whereas precision and 8-bit quantization do not.

*  We identify instances of possibly misreported results, likely due to confusion between base and
instruction-tuned models.

2. Method

We begin by introducing the benchmark we focus on, HumanEvalFix, as well as the evaluation
framework commonly used to run it. Then we identify the discrepancies across reported results by
conducting a literature review of the benchmark scores. Finally, we analyze GitHub issues about
unsuccessful reproduction of published results to determine possible reasons for these discrepancies
and our experimental setup.

2.1. Benchmarking with HumanEvalFix

The authors of the HumanEvalFix benchmark have introduced a bug into each of the 164 canonical
solutions in the HumanEval benchmark, thereby turning it into a bugfixing benchmark. These bugs
involve missing logic, extra logic, or incorrect logic. The benchmarked LLM is prompted with the
incorrect function, along with unit tests, and is tasked with repairing the function. The output code
is then validated using the same unit tests found in the original HumanEval benchmark. Since the
Python version of this benchmark is the most widely used, we will also focus on this variant.

For conducting our evaluations, we use the Code Generation LM Evaluation Harness [12] framework,
provided by the BigCode Project. This framework includes multiple benchmark implementations,
such as HumanEval, MBPP, and QuixBugs, as well as the HumanEvalFix benchmark. Most of these
benchmarks evaluate functional correctness of code outputs using the pass@k metric, which indicates
the percentage of outputs that pass the tests at least once in k attempts. Users of the framework can
adjust a range of evaluation settings, such as the maximum generation length, batch size, and sampling
parameters.

2.2. Review of Reported Benchmark Results

We conduct a review of 18 papers that contain results of the HumanEvalFix benchmark [1,13-28],
focusing on their reported HumanEvalFix results. These papers report benchmark results for a total
of 117 different models (including variants in sizes and tunings). Out of the 117 models mentioned,
26 appeared in at least two papers. These models form the basis of our investigation. Their reported
results are visualized in Figure 1, as well as in Table 1 with all relevant citations.

Six out of 26 models have identical reported results across studies (e.g. InstructCodeT5+, Star-
Coder). This suggests that the initially published result was cited by other authors without trying to
reproduce it. For 4/26 models, results differ only slightly (e.g. OctoCoder, Llama3-Inst-8B). Small
differences are accepted in many cases as they can be due to minor differences in configuration settings.
However for most of the models, more precisely in 16/26 cases, the results differ significantly (e.g.
CodeLlama, DeepSeekCoder). For example, the reported results for DeepSeekCoder-Instruct (1.3B)
range from 9.1% to 48.9%. Similarly, for CodeLlama-Instruct (13B), six benchmark results are reported,
ranging from 15.2% to 30.5%, nearly evenly spread. According to one reported result, DeepSeekCoder-
Instruct (33B) should be one of the top models for bugfixing with an exceptionally high score of 81.0%,
yet two other studies report a much lower score of 47.5%.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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Figure 1. Reported HumanEvalFix results of LLMs. Only models with reported results from at least 2 papers
are included. The labeled blue dots represent the results. Red lines are used in between results to visualize the
discrepancy between the minimum and maximum reported score. In the original papers, multiple prompts were
used for StarCoderBase and StarCoder2; however, we include only the results from the instruct prompt, as this is
the one used by other authors.

As the benchmark dataset size is exactly 164, the benchmark results should be percentages that
are calculated through dividing by 164. Since in most cases this is an infinitely long fraction, reported
values are usually rounded or floored to one or two decimals. Notably, we have observed that in
certain cases, the reported result cannot be obtained either by flooring or rounding. For example,
the reported pass@1 score of 44.9% (for DeepSeekCoder-Inst 6.7B) cannot be correct: if 73 fixes were
successful, the score would be 44.51%, and if 74 fixes were successful, it would be 45.12%. Throughout
the reported scores across the analyzed papers (from Figure 1 and Table 1), 34 reports have such an
unobtainable score out of 85. Considering the unique scores only, 20 scores have this property out of
57. Such scores are hard to explain. They could be a result of a simple mistake, such as inaccurate
rounding/flooring, or a more severe one, such as confusion with a different benchmark score.
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Table 1. All reported HumanEvalFix results of LLMs considered in this paper. Citations are provided for studies
introducing models and for ones that evaluate them.

Model Reported results
InstructCodeT5+ (16B) ! 2.7 L1622

StarChat-f (16B) 1" 18.1 0~

CodeGeeX2 (6B) P! 15.9 111522

StarCoder (16B) ©**! 8.7 111822281

StarCoderBase (15B) % 10.4 #11, 12,6 202

StarCoder2 (15B) ! 9.1 %1 9,7 12023

OctoGeeX (6B) ! 28.1 14

OctoCoder (16B) ! 28 111 30,4 [118:2022,2326]
WizardCoder (16B) ©**! 31.8 111822281 57 6 129
CodeLlama-Inst (7B) 15.2 1 19,5 11 20.6 71, 28.0 1%
CodeLlama-Inst (13B) 15.2 %1 16.4 21, 18.9 21 19.4 129 29,2 181 ‘30,5 [>°]
CodeLlama-Inst (34B) ! 36.5 1520 37.8 1?1l 55,9 [>°]
CodelLlama (13B) ! 6.1 21, 33,1 @

CodeLlama (34B) ! 14.0 Y, 47.6 >

BLOOMZ (176B) & 16.6 11152

Mistral-Inst (7B) 1% 10.9 1, 53,05 U

Llama3-Inst (8B) 1°% 40.2 #1, 41,5 !

Llama3-Inst (70B) % 57.3 1, 81.7 ¥

CodeGemma (2B) ' 4.3 1 2271

CodeGemma (7B) ' 8.5 %1 11,7 1 53,7 114
CodeGemma-Inst (7B) ['!! 46.3 211, 72,4 ]
DeepSeekCoder (1.3B) ! 1.2 16.4
DeepSeekCoder (6.7B) ! 23.8 (11 29,9 1] 454 7]
DeepSeekCoder-Inst (1.3B) ! 9.1 11,293 1% 48,9 7]
DeepSeekCoder-Inst (6.7B) ©! 42,111 44,9152 561281 60,4 4 73,3 ]
DeepSeekCoder-Inst (33B) ! 47,5152 81,0 1

2.3. Experimental Setup

The goal of our experiments is twofold. First, we examine the effect of a wide range of settings on
the results of models mentioned in multiple studies. Then, we try to reproduce results reported in the
literature by finding out the evaluation settings they could have used. In this section, we determine
the experimental setup for the evaluations.

To explore potential causes of differences in benchmark results, we reviewed the reported issues
about unsuccessful attempts at reproducing published results in the GitHub repository of the bench-
marking framework!. At the time of investigation, 145 issues were published (47 open and 98 closed)’.
Thirteen out of the 145 issues (6 open and 7 closed) were about unsuccessful reproduction of officially
reported results. We analyzed the issues that were either closed or had helpful answers to them (10 in
total), and found these causes:

¢ A differently tuned version of the model was used (e.g. the base model instead of its instruction-
tuned variant), causing a large difference in benchmark result. (2 issues)

¢  The wrong variant of the same benchmark was used: MBPP instead of MBPP+, and HumanEval
instead of its unstripped variant. (2 issues)

*  The temperature was set incorrectly: while generating one sample for each prompt, the tempera-
ture T = 0.8 turned out to be an improperly large value. (1 issue)

*  Anincorrect prompt was used, causing more than 6% of a decrease in pass@1 performance. (1
issue)

1 https://github.com/bigcode-project/bigcode-evaluation-harness

2 We reviewed these issues on the 5th of November (2024)
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e  The reproduced results were different by only a few percentage points compared to the officially
reported ones. Such a discrepancy was considered negligible, as this can be due to minor
variations in evaluation settings, minor updates in model versions, or in hardware configurations.
(4 issues)

We chose 11 models for evaluation, most of which have multiple reported results across papers.
We evaluated these models on the HumanEvalFix benchmark, in different settings. The models used
are: DeepSeekCoder (1.3B and 6.7B), DeepSeekCoder-Instruct (1.3B and 6.7B), CodeLlama (7B and
13B), CodeLlama-Instruct (7B and 13B), CodeGemma (2B and 7B) and CodeGemma-Instruct (7B). In
our experiments, we consider these evaluation settings and values:

Prompt template The evaluation framework defaults to the instruct prompt template, with only the
context and instruction (the program and the instruction to fix it). The default prompt template
lacks model-specific formatting suggested by model authors. We evaluate models both with
their suggested prompt template as well as the default instruct setting.

Sampling vs. greedy decoding The default behavior in the framework is not to use greedy decoding,
but to apply sampling with the temperature T = 0.2. Alongside greedy decoding, we conduct
experiments using sampling with temperatures T = 0.2 and T = 0.8.

Limiting generation length The default value of 512 tokens is insufficient, as it can lead to unfinished
programs and reduced benchmark scores. We conduct our experiments using lengths of 512 and
2048. Since the max length generation parameter considers both the prompt and the generated
output, it must be large enough to prevent cutting the output short. We found 2048 to be a
good choice on this benchmark, as tokenizers typically fit the inputs within 1024 tokens, leaving
enough space for the generated output.

Precision and quantization The majority of LLMs are released using bf16 precision, making it the
preferred choice for precision. We evaluate models using all three common precision formats:
fpl6, fp32, and bfl6. While quantization is a useful technique to lower memory usage when
running models, it’s generally best to use models without it. In addition to our tests without
quantization, we also run experiments using 4-bit and 8-bit quantization (with fp16 precision).

To assess the effect of each parameter setting individually, we select a configuration as the baseline.
Then we compare the evaluation results of this baseline configuration with those obtained when only
one setting differs. In the baseline setting, the prompt format follows the recommendations of the
model’s authors, no sampling is applied, the maximum generation length is set to the sufficiently large
value of 2048, and bf16 precision is used without quantization.

Next, we attempt to reproduce the results reported in the literature. To do this, we run an
exhaustive grid search for each model, with all possible combinations of the evaluation settings. As we
have 2 options for prompt, 3 for sampling and temperature, 2 for generation length, and 5 for precision
and quantization, we evaluate every single model in 60 settings.

While our main focus is on instruction-tuned models — as these are more frequently evaluated
throughout studies —, we also take results of base models into consideration to assess whether they
reproduce results originally attributed to their instruction-tuned counterparts.

The experiments are performed on A100 GPUs with 40GB VRAM each. We set max_memory_per_gpu
to the value of auto, which distributes the model on the assigned GPUs. We utilize only as many
GPUs as required to load the model and execute the benchmark, which is typically just one. Where
multiple GPUs were used, we also measured whether modifying the number of assigned GPUs has an
influence on results; we have not seen any variation in benchmark results when increasing the number
of utilized GPUs.

3. Experimental Results

In this section, we present the results of our evaluations. First, we examine the impact of each
evaluation parameter individually, compared to the baseline configuration. Next, we perform an

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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exhaustive grid search for each model and assess whether the reported results can be reproduced. All
evaluation results are summarized in Table 2.

Table 2. All of our evaluation results and the reported results for the evaluated models (on the right). Succesful or
close reproductions of reported scores are highlighted with bold and underlined font.

Sampling + Temperature: Greedy decoding Sampling with T = 0.2 Sampling with T = 0.8 Repr::::::" of
Max generation length: 2048 512 2048 512 2048 512
Prompt type:
o proper instruct | proper instruct | proper instruct | proper instruct| proper instruct | proper instruct
_— - other tuning
p16 21.34% 20.73% | 16.46% 18.90% | 22.56% 20.12% | 16.46% 18.90% | 20.27% 25.08% | 17.68%  18.29%
fp32 21.34% 20.73% | 16.46% 18.90% | 21.34% 20.12% | 16.46% 18.98% | 25.00% 25.61% | 17.68% 23.17% |  29.3% |
- -I; 1.3B|vr16 20.73% 22.56% | 15.85% 20.73% | 20.73% 23.78% | 17.68% 19.51% | 25.61% 24.39% | 17.68%  21.95%
ol> fp16 (8bit) | 20.73% 19.51% | FATILED FATLED | 26.12% 24.39% | FAILED FAILED | 20.73% 28.05% | FAILED = FAILED -
C p16 (4bit) | 21.95% 20.12% | FATILED FATLED | 22.56% 20.73% | FAILED FAILED | 20.12% 23.78% | FAILED FAILED
O |- p16 48.78% 45.12% | 31.71% 37.20% | 51.22% 45.12% | 32.93% 37.20% | 49.39% 43.29% | 31.71% 33.54%
(e} 2 p32 48.78% 45.12% | 31.71% 37.20% | 48.78% 44.51% | 32.93% 37.80% | 50.00% 42.68% | 34.76%  35.37%
(@) = |6.7B |bt16 50.08% 46.34% | 32.93% 37.20% | 50.61% 45.73% | 32.32% 37.80% | 56.61% 44.51% | 34.76%  34.76%
X fp16 (8bit) | 50.61% 44.51% | FAILED FAILED | 52.44% 44.51% | FAILED FAILED | 52.44% 40.24% | FAILED FAILED
(7] p16 (4bit) | 44.51% 39.62% | FAILED FATLED | 43.20% 39.e2% | FAILED FAILED | 44.51% 39.63% | FAILED FAILED
Q p16 0.61%  1.22% | 0.00%  0.61% | 0.61%  2.44% | 0.80%  1.83% | 3.66%  8.54% | 1.83%  6.71% 1.2%
N fp32 8.61%  1.22% | 0.68%  0.61% | 0.61%  2.44% | 0.80%  1.83% | 4.27%  10.98% | 1.83%  8.54% 16.4%
1.3B|bf16 6.61%  1.22% | 0.8e%  ©0.61% | 0.61%  1.83% | 0.80%  1.83% | 3.66%  11.50% | 1.83%  7.93%
Q o fp16 (8bit)| ©.61%  3.66% | FAILED | FAILED | ©.61%  4.27% | FAILED | FAILED | 2.44%  4.88% | FAILED | FAILED
| p16 (4bit) | 1.83%  6.10% | FAILED FAILED | 3.05%  6.10% | FAILED FAILED | 3.65%  10.98% | FAILED FAILED
| p16 30.49% 19.51% | 25.61% 17.07% | 31.10% 20.12% | 25.61% 18.20% | 32.32% 27.44% | 24.39% 25.00%
Q o p32 31.10% 19.51% | 26.22% 17.67% | 31.10% 20.12% | 25.61% 18.29% | 32.93% 27.44% | 26.83% 19.51% 29.9%
6.7B |bf16 31.71% 20.73% | 25.61% 17.68% | 29.88% 21.34% | 24.39% 19.51% | 34.15% 24.39% | 25.08%  25.61% 45.4%
p16 (8bit) | 30.49% 20.12% | FAILED ~FAILED | 33.54% 20.73% | FAILED FAILED | 24.39% 25.61% | FAILED FAILED
fp16 (4bit) | 22.56% 17.67% | FAILED FAILED | 21.34% 21.34% | FAILED FAILED | 35.37% 23.17% | FAILED FAILED
p16 19.51%  24.39% | 17.68%  22.56% | 18.29% = 23.78% | 15.85% = 21.95% | 19.51% 21.95% | 17.67%  25.80% 15.2%
fp32 19.51% 24.39% | 17.68% 22.56% | 18.29% = 23.78% | 16.46% = 21.95% | 21.34% 21.95% | 16.46% 23.78% 19.5%
+ 1 7B |bf16 19.51% 24.39% | 17.07% 22.56% | 18.90% 22.56% | 15.85% 23.17% | 17.67%  22.56% | 15.85% 20.73%
g p16 (8bit) | 21.34% 25.61% | FAILED FAILED | 21.95% 24.39% | FAILED FAILED | 24.39% 24.39% | FAILED  FAILED
e p16 (4bit) | 15.24% 15.24% | FATILED FATLED | 15.24% 15.24% | FAILED FAILED | 14.02% 21.34% | FAILED FAILED
M |+ p16 18.90% 12.80% | 17.68% 12.20% | 18.29% 12.20% | 16.46% 13.41% | 19.51% 21.34% | 20.12% 13.41% | 15.2%
E 2 fp32 18.90% 12.80% | 17.68% 12.20% | 18.29% 12.26% | 17.87% 13.41% | 19.51% 23.17% | 18.20% 17.87% | 16.4%
= | 13B |br16 18.08% 12.80% | 17.68% 12.20% | 19.51% 14.82% | 17.68% 13.41% | 21.95% 19.51% | 20.73% 15.24% | 18.9%
© p16 (8bit) | 18.98% 13.41% | FAILED = FAILED | 26.12% 15.85% | FAILED = FAILED | 21.95% 20.73% | FAILED = FAILED
: fp16 (4bit) | 12.20% 10.37% | FAILED = FAILED | 12.80% 11.59% | FAILED FAILED | 14.63% 17.07% | FAILED FAILED
) p16 8.61%  15.85% | 0.61% | 14.63% | 8.61%  14.63% | 0.61%  14.82% | 2.44% | 17.68% | 1.83% | 15.85%
fp32 0.61%  15.85% | 0.61% | 14.63% | 0.61%  14.63% | 0.61%  14.82% | 1.83% | 15.85% | 1.83% | 19.51%
© 7B |vfi6 8.61%  15.24% | 0.61%  14.02% | 8.61%  14.02% | 0.61%  14.63% | ©0.00% | 15.24% | 1.83% | 16.46%
(o] o p16 (8bit)| ©.61%  14.63% | FAILED | FAILED | ©.61%  15.85% | FAILED | FAILED | 3.05% | 21.34% | FAILED | FAILED
Olow p16 (4bit) | ©.61%  14.63% | FAILED FATLED | ©.61%  13.41% | FAILED FAILED | 1.22% | 18.90% | FAILED FAILED
© p16 8.61%  4.27% | 0.61%  14.63% | 8.61%  3.85% | 8.61%  3.66% | 3.66%  12.20% | 3.05% | 13.41% 6.1%
m fp32 8.61%  3.66% | 0.61% | 14.63% | 0.61%  3.85% | 0.61%  3.66% | 4.88%  12.20% | 3.85%  13.41% |Naanim |
13B [vf16 0.61%  5.49% | 0.61%  4.88% | 0.61%  6.18% | 0.61%  5.49% | 3.66%  9.15% | 2.44%  17.87%
fp16 (8bit) | ©.61%  7.32% ['FAILED | FAILED | ©.61%  4.88% | FAILED | FAILED | 4.88% | 15.24% | FAILED | FAILED
fp16 (4bit)| ©.61%  7.32% | FAILED = FAILED | ©.08%  6.71% | FAILED FAILED | 3.66%  15.24% | FAILED FAILED
P p16 46.95% 34.15% | 38.41% 29.27% | 45.73% 33.54% | 39.02% 20.27% | 45.12% 32.03% | 34.15%  26.83% 46.3%
g p32 45.12% 33.54% | 37.20% 28.66% | 46.34% 33.54% | 36.50% 28.05% | 44.51% 35.98% | 37.80% 28.05% | 72.4% |
© S| 7B [orie 42.07% 34.15% | 35.37% 28.66% | 42.67% 29.88% | 38.41% 27.44% | 41.46% 33.54% | 31.71%  26.83%
E 2 p16 (8bit) | 45.12% 32.93% | FAILED FAILED | 48.78% 32.93% | FAILED FAILED | 44.51% 35.98% | FAILED FAILED
= p16 (4bit) | 44.51% 29.27% | FAILED FAILED | 45.12% 32.32% | FAILED FAILED | 43.29% 30.49% | FAILED FAILED
E p16 8.61%  4.27% | 0.61%  4.27% | 0.80%  4.88% | 0.80%  4.88% | 3.66%  7.32% | 2.44%  6.71% 4.3%
(7] fp32 8.61%  4.88% | 0.61%  4.88% | 0.00%  4.88% | 0.80%  3.66% | 3.66%  10.37% | 3.85%  6.10% |N22aza |
O 2B |vf16 1.83%  4.27% | 1.83% | 4.27% | 1.83%  4.27% | 1.22%  4.88% | 3.66% = 9.15% | 4.27%  12.20%
) fp16 (8bit)| ©.61%  4.88% | FAILED | FAILED | ©.08%  4.88% | FAILED | FAILED | 1.22%  9.15% | FAILED | FAILED
| fp16 (4bit) | 2.44%  4.88% | FAILED FATLED | 2.44%  4.88% | FAILED FAILED | 3.66%  9.76% | FAILED FAILED
TV |© p16 0.61%  7.32% | 0.61%  6.71% | 1.22%  9.76% | 0.61%  8.54% | 7.93%  14.02% | 6.10%  12.20% 8.5%
(o) oM fp32 6.61%  B8.54% | 0.61%  7.93% | 1.22% = 9.76% | @.61%  9.15% | 4.88% | 17.87% | 5.49% | 15.24%
(&) 7B |vfi6 5.40%  0.76% | 4.88%  8.54% | 4.88%  10.98% | 3.05%  10.98% | 5.49%  15.24% | 6.10%  12.80%
p16 (8bit) | @.61%  7.32% | FAILED | FAILED | 1.22%  10.37% | FAILED | FAILED | 6.71%  12.80% | FAILED | FAILED
fp16 (4bit)| ©.00%  1.20% | FAILED = FATLED | ©.61%  2.44% | FAILED FAILED | 0.06%  1.83% | FAILED FAILED

3.1. The Effect of Individual Evaluation Settings

We measure the effect of individual evaluation settings by comparing the baseline configuration
against variants in which evaluation parameters are modified individually. The effect of each parameter
change on the benchmark scores is analyzed in isolation. The impact of these modifications is visualized
in Figure 2.
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Benchmark score impact (%)
T T T T T T T
Using 4-bit quantization — -13.33% -8.47%
Using 8-bit quantization —| -0.95% I: +3.63%
Using fp16 precision | 159% [ ] +282%
Using fp32 precision | 2.22% [ :| +1.61%
Sampling with T = 0.8 | +7.94% +3.63%
Sampling with T = 02— 0.95% |: +0.40%
Default prompt o o
template used N :l 2R e |:
Max length set too low —| -20.63% -21.37%
\ \ \ \ \ \ \ \ \ \
~30% —20% ~10% 0% +10% +20% —30% —20% ~10% 0% +10% +20%
Subfigure 1: All evaluated models Subfigure 2: Instruction-tuned models

Figure 2. Effects of individually altering each evaluation setting relative to the baseline, showing both the average
change in overall benchmark score and standard deviation.

3.1.1. Temperature: Greedy Evaluation and Sampling

Considering all models, sampling with temperature T=0.2 has a slight impact on average perfor-
mance: —0.95%. The change in performance is more significant when using T=0.8: +7.94%. However,
by only considering the instruction-tuned models, this change is less notable: +0.40% (with T=0.2)
and +3.63% (with T=0.8).

For the baseline of greedy decoding, the standard deviation of scores across precision and
quantization settings is 1.58 for all models and 1.98 for instruction-tuned models. When we switch to
sampling at T=0.2, the standard deviation rises to 1.94 (+-22.99%) for all models and 2.48 (425.03%) for
the instruction-tuned ones. Increasing the temperature further to T=0.8 increases standard deviation
even more, to 2.37 (+50.40%) for all models and 3.03 (+52.78%) for the instruction-tuned models.

3.1.2. Maximum Generation Length

In the case of DeepSeekCoder-Instruct (1.3B) (evaluated using fp16), we see a notable decrease in
performance (21.34% — 16.46%) when limiting the length of generation to the default value (to 512).
This is a significant effect with a relative drop of 22.87%. The effect also applies more generally: across
all models, the average performance drop is 20.63%. Similarly, for the instruction-tuned models, this
drop is 21.37%.

3.1.3. Using an Incorrect Prompt Template

Considering the instruction-tuned models, switching from the suggested template to the default
instruct prompt template resulted in average relative drop of 7.26% in model performance. This
phenomenon is not observable when base models are also included in the calculation: the average
performance even increases by 2.54%.

3.1.4. Precision and Quantization

By switching from bf16 to fp32 or fp16 precision, performance drops by 2.22% (fp32) and 1.59%
(fp16) for all models, and increases by 1.61% (fp32) and 2.82% (fp16) for instruction-tuned models.
Similarly, 8-bit quantization seems to have a rather small effect with changes of —0.95% (all models)
and +3.63% (instruction-tuned). However, using 4-bit quantization decreases overall scores by a
significant margin: —13.33% for all models and —8.47% for the instruction-tuned ones.

3.2. Reproducibility of Results in Existing Research

We attempt to reproduce existing results in the literature by trying out all possible combinations
of the experimental settings. Our main goal is to identify potential misconfigurations in the original
setups. All results from our evaluations as well as scores from existing studies can be seen in Table 2.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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3.2.1. Codellama

The results reported in studies for CodeLlama-Instruct (7B) range from 15.2% to 28.0%. This is in
line with our evaluations, in which this model achieves scores from 14.02% to 25.61%. We reproduced
all of the reported scores with one exception, indicating that the differences in reported results are
indeed caused by variations in the evaluation settings. For CodeLlama-Instruct (13B), reported results
range from 15.2% to 30.5%. Our evaluation yielded considerably lower scores: 10.37% to 23.17%. We
reproduced 4 out of 6 results.

The base CodeLlama (13B) model has two reported scores across papers: 6.1%, which we repro-
duced, and an unexpectedly high score of 33.1%. The latter score is very close to the upper range of
scores reported for CodeLlama-Instruct (13B).

3.2.2. DeepSeekCoder

The reported results for the DeepSeekCoder (1.3B and 6.7B) base models go up as high as 16.4%
and 45.4% for the 1.3B and 6.7B variants, respectively. These scores are unusually high, especially
when considering our own evaluations, which never exceed 11.59% (1.3B) and 35.37% (6.7B).

DeepSeekCoder (1.3B) for example is measured to have both 1.2% and 16.4% pass@1 score, which
represents more than a 10X difference. We evaluated this model and its instruction-tuned variant and
reproduced both reported results: 1.2% was reproduced using the base model, while the score of 16.4%
was only reproducible with the instruction-tuned variant. Using the 6.7B base model, we reproduced
two of the reported results, but not the very high score of 45.4%. Its instruction-tuned variant however,
has yielded multiple results close to this value, with the closest being 45.12%.

For the instruction-tuned 1.3B model, one of three values was reproduced. The score of 9.1%
might come from the base-model, as some of our evaluations yielded values close to it. Our evaluation
results of the 6.7B instruction-tuned model range from 31.71% and 52.44%. These are partially in line
with the reported results, with two very close results.

3.2.3. CodeGemma

Our evaluations of the CodeGemma (2B) base model attained up to 12.20% for the 2B model with
one of the two reported scores reproduced. Using the 7B base model, values go up to 17.07% with one
exact match and one near match to the reported scores; the third score was significantly higher. In our
evaluations of CodeGemma-Instruct (7B), we reproduced one of the two reported results.

4. Discussion

The results of our reproducibility experiments highlight several possible reasons for the discrep-
ancies between results in the literature. They also point to some strategies that could help prevent
these discrepancies.

In some cases, we see surprisingly large scores for base models. We think this is due to confusing
the base model with its instruction-tuned variant. It is crucial to ensure that the intended model variant
is used, not one with different tuning. Furthermore, it is necessary to confirm that the correct model
name and type is specified when reporting evaluation results.

The pass@1 scores do not change significantly when switching from greedy evaluation to sampling,
especially for instruction-tuned models. However, the standard deviation increases, especially with
higher temperature values. Thus, we observe that greedy evaluation should be preferred over sampling
when calculating the pass@1 performance on this task.

Restricting the models to a short generation length affects the results negatively, resulting in large
drops in performance. In order to obtain accurate results, a proper limit should be chosen to avoid
cutting possibly correct generations. In the case of our benchmark of focus, HumanEvalFix, 2048 is
such a value, but this might differ for other benchmarks.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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Using the proper prompt template (defined by model authors) is necessary to ensure stable and
reliable evaluation results. Without it, the evaluation may not reflect accurate results. This only applies
to instruction-tuned models, as base models were not fine-tuned to process such templates.

We noticed only a slight variation when modifying precision settings or using 8-bit quantization,
suggesting these factors do not strongly account for differing results across papers. However, 4-bit
quantization does have a notable effect.

5. Conclusion

In this paper, we highlighted the issue of inconsistent benchmark results in the literature on the
HumanEvalFix benchmark, one of the most widely used benchmarks for evaluating bugfixing. We
found that for most of the models mentioned in multiple papers, the reported benchmark results can
vary significantly. We conducted evaluations to determine the effect of various evaluation settings,
and to reproduce different scores reported for the same models, in order to uncover the reasons for
these inconsistencies.

Through a series of emprirical evaluations, using multiple models in different sizes and tunings,
we identified the set of factors influencing benchmark results. Our experiments revealed that factors
such as the prompt template, maximum generation length and decoding strategies had a notable
influence on benchmark results, whereas precision and 8-bit quantization did not. We have also found
cases where results were likely misattributed between instruction-tuned and base models. We wish to
emphasize the importance of using appropriate evaluation settings and including these settings in the
studies to ensure reliable and reproducible results.
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