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Abstract
Background. Large Language Models (LLMs) have demonstrated strong performance across a
variety of code-understanding tasks, leading many to believe that they can reason about program
semantics. A fundamental test of this capability is assessing code functional equivalence. However,
existing evaluations primarily focus on single-language settings or rely on synthetically generated
code, raising concerns about whether current results reflect true semantic understanding. Aims. We
investigate whether LLMs can accurately judge functional equivalence across different programming
languages in human-written code, a setting that requires deeper reasoning beyond superficial
similarity. Method. We introduce PolyHuman, a dataset of human-written programs in CPP,
Java, and Python. Using this dataset, we evaluate intra- and inter-language equivalence detection
across open-weight and proprietary LLMs, selecting GPT-o4-mini as a representative model to assess
stability. We then manually analyze 81 cases of systematic disagreement in which models incorrectly
judge functional equivalence, examining the code logic and the generated Chain-of-Thought reasoning.
Finally, we categorize these failures and compare them across GPT-o4-mini, Claude-Opus-4.7, and
Gemini-3-Flash to determine whether they reflect model-specific issues or broader limitations of
state-of-the-art LLMs. Results. We identify a difficulty-dependent breakdown in equivalence
judgment (harder problems make the model increasingly prone to misclassifying non-equivalent code
as equivalent), a model-specific sensitivity to programming language for the best-performing model
(particularly a more conservative behavior on Python), and a partial reliance on similarity-based
cues. GPT-o4-mini also shows substantial run-to-run instability under identical settings, indicating
inconsistent rather than absent capability. Its failures are mainly due to (1) a lack of knowledge
relevant to judging code functional equivalence and (2) abstraction-level reasoning failure, such as
premature conclusion, semantic-level misunderstanding, and implementation-level error. We also
observed that several analyzed failures involved loops and conditional branches. Conclusions.
Current LLMs do not reliably capture functional equivalence within or across languages. Our
findings highlight the need for more realistic benchmarks and suggest improvements through better
reasoning-path selection and by addressing reasoning gaps across the identified failure levels.
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41:2 Evaluating Language Models on Cross-Language Code Functional Equivalence
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1 Introduction

Large Language Models (LLMs) have recently demonstrated remarkable progress in code
understanding tasks, including generation, summarization, and bug fixing [16,39,44,45]. These
advances have led to growing expectations that LLMs can reason about code semantics at a
level comparable to human developers [1, 2, 45]. Another fundamental capability underlying
such reasoning is assessing code functional equivalence, which is the ability to determine
whether two programs produce identical outputs for all valid inputs [21,31,46]. This capability
is critical for applications such as code refactoring [9], cross-language translation [27], code
migration [3, 26], plagiarism detection [30,38], and compiler optimization [20,25].

Despite strong reported performance, we argue that current evaluations overestimate
LLMs’ true semantic understanding of code. Existing benchmarks for functional equivalence
largely focus on intra-language settings [11, 40, 43] or rely on synthetically transformed
programs [34, 49], where equivalence can often be inferred from superficial cues such as
lexical similarity or minor structural changes [36,46]. These evaluations fail to capture the
complexity of independently written human programs. This limitation becomes pronounced
in cross-language equivalence detection (e.g., after code translation [27]), where semantically
identical programs may differ significantly in syntax, structure, and idiomatic patterns [24,28].
In such settings, shallow similarity signals break down, requiring deeper reasoning about
program behavior [24,46]. However, it remains unclear whether LLMs possess this capability
or whether their apparent success is driven by dataset artifacts and heuristic shortcuts.

To address this gap, we conduct the first systematic investigation of LLMs’ ability
to judge functional equivalence across programming languages using human-written code.
We introduce PolyHuman, a new benchmark constructed from competitive programming
platforms, containing program pairs in CPP (i.e., C++), Java, and Python. Unlike prior
datasets [34, 43, 49], PolyHuman captures realistic implementation variation, enabling a
more rigorous evaluation of semantic reasoning. Using PolyHuman, we examine how well
LLMs perform when comparing programs written within the same language versus across
different programming languages, and whether their performance degrades in the presence of
human-written implementations rather than synthetic transformations. We further analyze
the factors that influence model predictions, including code complexity, similarity signals,
and language-specific characteristics, and seek to uncover the underlying causes of model
failures, particularly in cross-language scenarios where semantic reasoning is most critical.

Guided by these goals, our study addresses four research questions. RQ1 asks how LLMs
assess functional equivalence in intra-language settings, establishing a baseline for model
performance. RQ2 extends this to inter-language settings, examining accuracy degradation
relative to the intra-language baseline (e.g., for language pairs such as CPP↔Java or
Python↔Java) and the extent to which models generalize beyond language-specific syntax,
thereby probing whether LLMs rely on genuine semantic reasoning or superficial cues. RQ3
investigates what factors influence LLM assessment of functional equivalence, including the
relationship between lexical and structural similarity and prediction outcomes, the impact of
code complexity, and models’ sensitivity to specific programming languages, particularly in
cross-language comparisons. Finally, RQ4 examines what causes LLM failure in functional
equivalence assessment, through a detailed error analysis of incorrect predictions that reveals
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systematic biases (e.g., overprediction of non-equivalence) and recurring error patterns.
Our results challenge the assumption that LLMs possess robust semantic code under-

standing, showing that: (1) LLM performance is inflated by datasets with balanced labels
and syntactic transformations [21,46]; (2) models exhibit systematic and model-dependent
prediction biases, some skewing toward conservative “non-equivalent” judgments and others
toward over-accepting equivalence, an effect most pronounced in cross-language settings;
(3) human-written programs introduce substantial difficulty, exposing a significant gap
between synthetic and real-world evaluation scenarios; and (4) the best-performing model’s
decisions are partially influenced by similarity signals, indicating incomplete and inconsistent
reasoning mechanisms. Overall, our findings suggest that current LLMs do not reliably
reason about functional equivalence, especially across languages, and that new evaluation
paradigms are necessary to accurately assess semantic code understanding.

This paper makes four main contributions. First, we introduce PolyHuman, a dataset
of human-written CPP, Java, and Python programs for evaluating functional equivalence
within and across languages. Second, we conduct the first large-scale empirical study of
LLMs on cross-language functional equivalence assessment. Third, to the best of authors’
knowledge, we are the first to characterize LLM functional equivalence judgment and provide
a systematic codebook revealing the capability gaps at each level. Finally, we derive a set
of actionable implications for LLM researchers, agent system designers, and programming
practitioners, offering concrete guidance on model selection, human oversight, and risk-aware
deployment in code-related tasks.

2 Methodology

To evaluate whether LLMs can accurately judge functional equivalence, we design an empirical
study over human-written programs in two settings: (1) intra-language, where both programs
are written in the same programming language; and (2) inter-language, where they are
written in different languages. To systematically investigate this problem, we adopt the
Goal-Question-Metric (GQM) framework [4]. Our goal is to analyze the ability of LLMs
to detect functional equivalence; for the purpose of assessing whether their performance
reflects true semantic reasoning; with respect to accuracy across settings, performance
degradation on human-written code, the influence of similarity and language, and the causes
of models’ failure; from the perspective of researchers and developers; in the context of
human-written programs in CPP, Java, and Python.

2.1 PolyHuman Dataset Construction

To enable a realistic evaluation of functional equivalence detection, we construct PolyHuman,
a dataset of human-written programs across programming languages, as detailed below.
Data Source. To construct PolyHuman, we build upon CodeContests [18], a large-scale
dataset containing correct and incorrect human-written solutions to 13,610 programming
problems, collected from five competitive programming platforms (e.g., Aizu, AtCoder,
Codeforces). Each problem in CodeContests is annotated with a difficulty rating, from A
(easy) to G (expert level), derived from the original platform (e.g., Codeforces rating system).
We chose CodeContests because it includes realistic characteristics related to code length
variation, language coverage (CPP, Java, and Python), and solution correctness. These
characteristics enable us to analyze how problem complexity and domain influence LLM
performance in functional equivalence assessment.

ESEM 2026
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Filtering Strategy. Online judges report various submission outcomes, including wrong
answer, time limit exceeded, memory limit exceeded, runtime error, and presentation error.
In this study, we consider a solution to be correct if it passes all test cases, and incorrect
otherwise. Under this definition, when evaluating code pairs, any combination of a “correct”
and an “incorrect” solution inherently exhibits at least one point of behavioral divergence
on the test suite. This encapsulation allows us to focus strictly on observable input-output
behavior rather than specific failure causes, thereby operationally labeling such pairs as
non-equivalent. We retain only CodeContests’ solutions in three popular programming
languages, namely CPP, Java, and Python. This filtering ensures the construction of both
equivalent and non-equivalent pairs across and within languages.
Sampling and Randomization. For each selected programming problem, CodeContests
contains multiple solutions for each language. To avoid bias toward specific implementations
or coding styles, we adopt a randomized sampling strategy. Specifically, for each problem
and programming language (CPP, Java, and Python), we randomly sample two correct
(passing) solutions and one incorrect (failing) solution. These sampled solutions are then
combined to construct intra-language and inter-language pairs. This process ensures diversity
in implementations while preventing over-representation of any particular solution pattern.
Sub-tasks and Code Pair. From the filtered and sampled solutions, we construct four
categories of code pairs, totaling 15 s. We treat pairs of correct solutions as functionally
equivalent, and pairs containing one incorrect solution as non-equivalent. After filtering,
we obtain 6,905 problems. Excluding problems with unknown difficulty yields the final
PolyHuman dataset comprising 5,035 problems. Table 1 summarizes the pair categories.

Table 1 Categories of code pairs used to construct the s.

Category Equivalence Examples

Intra-language Equivalent JAVA_Pass1 vs. JAVA_Pass2; CPP_Pass1 vs. CPP_Pass2;
PYTHON3_Pass1 vs. PYTHON3_Pass2

Intra-language Non-equivalent JAVA_Pass1 vs. JAVA_Fail; CPP_Pass1 vs. CPP_Fail;
PYTHON3_Pass1 vs. PYTHON3_Fail

Inter-language Equivalent JAVA_Pass1 vs. PYTHON3_Pass1; JAVA_Pass1 vs.
CPP_Pass1; CPP_Pass1 vs. PYTHON3_Pass1

Inter-language Non-equivalent JAVA_Fail vs. CPP_Pass1; JAVA_Fail vs.
PYTHON3_Pass1; CPP_Fail vs. JAVA_Pass1; CPP_Fail vs.
PYTHON3_Pass1; PYTHON3_Fail vs. JAVA_Pass1;
PYTHON3_Fail vs. CPP_Pass1

2.2 Experiment Setup
This section describes the datasets, models, and experimental settings used in our evaluation.
Baseline Benchmarks. We consider two widely used benchmarks for code functional
equivalence: EquiBench [46] and SeqCoBench [21]. EquiBench consists of 2,400 program pairs
across four languages and six categories (DCE, CUDA, x86-64, OJ-A, OJ-V, and OJ-VA).
In this study, we focus on OJ-A and OJ-V, which contain Python programs derived from
competitive programming platforms. The distinction between them lies in their construction:
OJ-A contains pairs of independently written human programs, whereas OJ-V includes pairs
generated through variable renaming transformations [8]. Each subset includes 200 equivalent
and 200 non-equivalent pairs. SeqCoBench is a Python-based benchmark composed of code
pairs generated through 20 types of semantic-preserving (e.g., Function/identifier renaming
and Literal/value substitutions) and semantic-altering transformations (e.g., logic-changing
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operator flips and subtle semantic perturbations intended to preserve lexical similarity).
Since our work relies on running language models, which entail computational costs (for

open-weight models) and monetary costs (for proprietary models), we evaluate on a subset
of instances from the PolyHuman and SeqCoBench datasets. For SeqCoBench, we randomly
sampled 500 instances. For PolyHuman, we used the first 500 instances as ordered in the
dataset, which is not sorted by difficulty, model performance, or any other property. For
EquiBench, we used all 800 instances (400 OJ-A + 400 OJ-V). Table 2 summarizes key
statistics for EquiBench, SeqCoBench, and PolyHuman instances used in our study.

Table 2 Dataset statistics comparison across EquiBench, SeqCoBench, and PolyHuman.

Category Metric EquiBench SeqCoBench PolyHuman

OJ-A OJ-V Sampled Subset Each (15 total)

Language Python Python Python CPP Java Python

Pairs Equal 200 200 250 500 500 500
Not Equal 200 200 250 500 500 500

Lines of Code
Min 3 2 2 1 1 1
Max 3,403 4,087 50 1,233 1,423 1,042
Avg. 82 70 7.79 48.52 109.88 34.78

EquiBench (OJ-A and OJ-V ) and SeqCoBench are balanced, Python-only benchmarks.
Each EquiBench subset contains 200 pairs per label, with average LOC of 82 and 70,
respectively. From SeqCoBench’s balanced pool of 1,860 pairs per label, we sample 250 per
label (average LOC: 7.79 in Table 2). PolyHuman spans CPP, Java, and Python through 15
label-homogeneous sub-tasks, each containing 500 pairs from the same 500 sampled problems
(of 5,035 total); six sub-tasks are equivalent and nine non-equivalent (Table 1). Average LOC
is 48.52, 109.88, and 34.78 for CPP, Java, and Python, respectively, consistent with known
differences in language verbosity [29].
Evaluated LLMs. We evaluate nine language models shown in Table 3. These models
were selected to cover both proprietary and open-source architectures with varying sizes and
capabilities, enabling a comprehensive comparison of performance across different model
families. All experiments are conducted using deterministic decoding (temperature = 0) to
ensure reproducibility, except for GPT-o4-mini, whose temperature cannot be set.
Prompting Strategy. We adopt a consistent prompting strategy across all models and
datasets to ensure fair comparison. For each code pair, a single prompt is issued to the
model, containing the two programs to be evaluated. In both settings (i.e., intra-language
and inter-language), the task remains identical; the model is asked to determine whether
the two programs are functionally equivalent. The same prompt template is applied across
EquiBench and PolyHuman; SeqCoBench does not include a problem description.

The prompt follows a zero-shot format and explicitly instructs the model to reason about
program behavior rather than relying on superficial similarity. To reduce ambiguity and
enforce consistent outputs, we constrain model responses to a binary decision (Yes or No).
Error Analysis. To understand model failure modes, we conduct both quantitative and
qualitative analyses of incorrect predictions. We examine error distributions (e.g., false
positives vs. false negatives), analyze error rates across programming languages, and identify
recurring patterns in misclassified pairs. Furthermore, we conduct a fine-grained comparative
analysis on a curated set of challenging instances (i.e., those on which GPT-o4-mini repeatedly
produces incorrect predictions). In these instances, we compare the behavior of GPT-o4-
mini, Gemini-3-Flash, and Claude-Opus-4.7 to characterize where and why models diverge,
uncovering model-specific failure modes such as premature conclusions and knowledge gaps.

ESEM 2026
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3 Results and Discussion

3.1 LLM Performance for Same Programming Language Pairs (RQ1)

RQ1 compares EquiBench [46] (OJ-A and OJ-V ), SeqCoBench [21], and PolyHuman
intra-language pairs using the common models, prompt, and accuracy metric described
in Section 2.2. This unified evaluation bridges gaps in prior studies: EquiBench does
not include code-specialized LLMs, while SeqCoBench does not evaluate closed-source,
proprietary models. By standardizing both models and metrics, we enable a more consistent
and comprehensive comparison across benchmarks. We additionally inspect label-specific
prediction rates to identify systematic decision biases. Table 3 shows the LLMs’ accuracy on
the baselines (EquiBench and SeqCoBench) and intra-language instances from PolyHuman.

Table 3 Model accuracy across baseline datasets and PolyHuman intra-language tasks.

Model Baselines PolyHuman (Intra-language)

EquiBench SeqCoBench Pass vs Pass Pass vs Fail

OJ-V OJ-A CPP Java Python CPP Java Python

GPT-o4-mini 0.91 0.82 0.97 0.83 0.84 0.80 0.83 0.89 0.93
GPT-OSS-20B 0.89 0.74 0.95 0.59 0.62 0.66 0.91 0.94 0.93
Llama-3.1-8B-Instruct 0.54 0.54 0.84 0.98 0.98 0.98 0.05 0.04 0.07
Llama-3.2-3B-Instruct 0.52 0.53 0.66 0.54 0.44 0.78 0.53 0.66 0.28
Mistral-7B-Instruct-v0.3 0.51 0.51 0.50 1.00 1.00 1.00 0.03 0.02 0.02
Qwen2.5-Coder-7B-Instruct 0.67 0.64 0.89 0.66 0.75 0.66 0.54 0.40 0.54
Qwen2.5-Coder-14B-Instruct 0.74 0.71 0.87 0.60 0.56 0.50 0.65 0.66 0.71
CodeLlama-7B 0.57 0.54 0.77 0.98 0.99 0.96 0.03 0.01 0.06
CodeLlama-13B 0.57 0.54 0.75 0.31 0.53 0.30 0.74 0.52 0.76

Average 0.66 0.62 0.80 0.72 0.75 0.74 0.48 0.46 0.48
Note: Each cell reports the accuracy of pairs in the same programming language.

Bias-Induced Accuracy Illusion in Models. We observe that several LLMs exhibit
strong label prediction bias in code functional equivalence tasks. Although their accuracy
on EquiBench [46] is often close to 50%, this does not indicate random behavior. Instead,
models tend to collapse into near-constant predictions (e.g., predominantly predicting Yes or
No). Because EquiBench is balanced (50/50), such biased behavior can produce accuracy
close to random guessing, creating an illusion of reasonable performance. Using PolyHuman,
we uncover clear and systematic biases across models. For instance, Llama-based models
and Qwen2.5-Coder tend to predict non-equivalence, whereas Mistral-7B-Instruct-v0.3 shows
a tendency toward equivalence. This bias persists even in stronger models. For example,
specifically in Python, GPT-o4-mini achieves only 0.80 accuracy on Python Pass vs. Pass
pairs (where both code snippets are correct and equivalent), but 0.93 on Python Pass vs.
Fail (where one snippet is correct and the other is faulty/non-equivalent). This discrepancy
indicates that the model is biased toward predicting non-equivalence, particularly within the
Python language. This bias is particularly pronounced for GPT-OSS-20B across all three
programming languages.

Finding 1: Across the studied LLMs, each model exhibits its own systematic bias
in equivalence judgments, consistently skewing toward either false positives or false
negatives rather than erring symmetrically.

Human-written code equivalence tasks were more challenging for GPT-o4-mini.
Using GPT-o4-mini as a representative baseline [46], we observe a consistent performance
decline as evaluation benchmarks shift from synthetic to human-written programs, reflecting
the impact of increasing code realism. The model achieves near-perfect accuracy on synthetic
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datasets like SeqCoBench (0.97; Avg. LOC: 7.79) and high accuracy on OJ-V (0.91; Avg.
LOC: 70), where equivalence is derived from simple variable renaming.

In contrast, performance decreases substantially on benchmarks with independently
written implementations: OJ-A (0.82; Avg. LOC: 82) and PolyHuman’s Python subset
(0.87; Avg. LOC: 34.78), kept Python-only here for a like-for-like comparison with the
other Python-based baselines. Furthermore, the performance on PolyHuman’s Python pairs
reveals a distinct systematic bias: while the model reliably detects non-equivalence (Pass
vs. Fail, 0.93 accuracy), it struggles to recognize equivalence between structurally diverse
implementations (Pass vs. Pass, 0.80 accuracy).

Finding 2: For GPT-o4-mini, accuracy is high on synthetic datasets but drops
sharply on human-written code, suggesting that independently written implementations
introduce greater structural diversity, making equivalence detection more difficult. GPT-
o4-mini and GPT-OSS-20B also tend to detect non-equivalent code more reliably than
truly equivalent solutions with different implementations; averaged across all evaluated
models, however, the opposite pattern holds (Pass-Pass ≈ 0.72–0.75 vs. Pass-Fail
≈ 0.46–0.48; Table 3), reflecting the over-acceptance bias exhibited by several other
models.

3.2 LLM Performance for Different Programming Language Pairs (RQ2)
To answer RQ2, we analyze how LLM performance varies when models judge functional
equivalence across different programming languages. While in RQ1 we focus on intra-
language comparisons, in RQ2 we evaluate inter-language pairs from PolyHuman, covering
both equivalent and non-equivalent cases. With this analysis, we quantify performance
differences across language combinations and examine whether specific languages or pair
types are associated with systematic prediction biases. Table 4 reports the LLMs’ accuracy
across inter-language pairs. The first group of columns represents equivalent pairs, while the
remaining columns represent non-equivalent pairs. In the latter, “F” marks the language
associated with the failing case.

Table 4 Accuracy of functional equivalence detection across inter-language code pairs.

Model Equivalent pairs (Pass–Pass) Non-equivalent pairs (Pass–Fail)

CPP
↔

Java

Java
↔

Python

Python
↔

CPP

Java(F)
↔

CPP

Java(F)
↔

Python

CPP(F)
↔

Java

CPP(F)
↔

Python

Python(F)
↔

Java

Python(F)
↔

CPP
GPT-o4-mini 0.85 0.82 0.81 0.93 0.90 0.89 0.87 0.92 0.92
GPT-OSS-20B 0.63 0.62 0.64 0.92 0.91 0.88 0.86 0.90 0.92
Llama-3.1-8B-Instruct 1.00 0.99 0.99 0.02 0.03 0.02 0.03 0.02 0.02
Llama-3.2-3B-Instruct 0.51 0.61 0.72 0.56 0.44 0.54 0.35 0.53 0.31
Mistral-7B-Instruct-v0.3 1.00 1.00 1.00 0.01 0.01 0.01 0.01 0.01 0.02
Qwen2.5-Coder-7B-Instruct 0.80 0.63 0.67 0.38 0.47 0.31 0.48 0.30 0.43
Qwen2.5-Coder-14B-Instruct 0.62 0.55 0.53 0.55 0.60 0.58 0.62 0.63 0.60
CodeLlama-7B 0.99 0.97 0.98 0.03 0.04 0.01 0.05 0.02 0.02
CodeLlama-13B 0.48 0.30 0.22 0.67 0.73 0.59 0.81 0.64 0.78

The results show that model behavior and performance vary across language pairs. To
characterize these differences, we computed a decision gap for each LLM and programming
language as Gap = AccNonEq −AccEq, where AccEq and AccNonEq represent the average
accuracies on equivalent and non-equivalent pairs involving that language, respectively. A
positive gap indicates a tendency to over-reject equivalence, whereas a negative gap suggests
a tendency to over-accept equivalence. Table 5 presents the bias gaps, with colors to highlight
the direction: red indicates a bias toward non-equivalence (positive gap), blue indicates a
bias toward equivalence (negative gap), and gray represents near-balanced behavior.
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Table 5 Model-level decision gap across equivalent and non-equivalent inter-language pairs.

Model CPP Java Python

AccEq AccNonEq Gap AccEq AccNonEq Gap AccEq AccNonEq Gap

GPT-o4-mini 0.830 0.902 0.072 0.835 0.910 0.075 0.815 0.902 0.088
GPT-OSS-20B 0.635 0.895 0.260 0.625 0.902 0.277 0.630 0.898 0.267
Llama-3.1-8B-Instruct 0.995 0.023 -0.972 0.995 0.023 -0.972 0.990 0.025 -0.965
Llama-3.2-3B-Instruct 0.615 0.440 -0.175 0.560 0.518 -0.042 0.665 0.408 -0.258
Mistral-7B-Instruct-v0.3 1.000 0.012 -0.988 1.000 0.010 -0.990 1.000 0.012 -0.988
Qwen2.5-Coder-7B-Instruct 0.735 0.400 -0.335 0.715 0.365 -0.350 0.650 0.420 -0.230
Qwen2.5-Coder-14B-Instruct 0.575 0.588 0.013 0.585 0.590 0.005 0.540 0.612 0.073
CodeLlama-7B 0.985 0.028 -0.958 0.980 0.025 -0.955 0.975 0.032 -0.942
CodeLlama-13B 0.350 0.713 0.363 0.390 0.658 0.267 0.260 0.740 0.480

We observe three distinct decision profiles based on the performance gap between equi-
valent and non-equivalent pairs. First, over-rejection of equivalence is exhibited by
GPT-o4-mini, GPT-OSS-20B, Qwen2.5-Coder-14B-Instruct, and CodeLlama-13B, all show-
ing positive gaps across languages. This bias is strongest in CodeLlama-13B, particularly for
Python pairs (Gap = 0.480, AccEq = 0.260, AccNonEq = 0.740). Second, extreme over-
acceptance is found in Llama-3.1-8B-Instruct, Mistral-7B-Instruct-v0.3, and CodeLlama-7B,
which present negative gaps. Notably, Mistral-7B-Instruct-v0.3 achieves AccEq = 1.000
across all languages but fails entirely on non-equivalent pairs. Third, mild over-acceptance
is observed in Llama-3.2-3B-Instruct and Qwen2.5-Coder-7B-Instruct, which display interme-
diate negative gaps.

Among the evaluated models, Qwen2.5-Coder-14B-Instruct shows the most balanced gap.
Its gaps remain close to zero for CPP (Gap = 0.013) and Java (Gap = 0.005), with only
a small positive gap for Python (Gap = 0.073). This does not imply the highest absolute
accuracy, but it suggests lower decision bias compared with models showing extreme positive
or negative gaps. GPT-o4-mini is also competitive due to its relatively high accuracy on
both equivalent and non-equivalent pairs, although its consistently positive gaps indicate a
more conservative profile.

Additionally, Wilcoxon signed-rank tests [47] comparing AccEq and AccNonEq within
each language find no statistically significant difference (CPP: W = 13.0, p = 0.30; Java:
W = 13.0, p = 0.30; Python: W = 14.0, p = 0.36; n = 9). A Friedman test [10] comparing
bias gaps (Gap = AccNonEq − AccEq) across languages is borderline (χ2 = 5.35, df = 2,
p = 0.069, Kendall’s W = 0.297), suggesting a possible but statistically inconclusive language
effect. We therefore do not claim that language plays no role; rather, CPP, Java, and Python
performance consistently track each model’s own decision tendency more closely than any
common language pattern, and the wide variation in gap magnitude across models (from
−0.988 for Mistral-7B-Instruct-v0.3 to +0.363 for CodeLlama-13B in CPP) points to model
identity as the more salient factor. This aggregate, cross-model test (n = 9) has limited power
and does not rule out the model-specific Python effect found in RQ3’s larger-sample regression
(β = −0.450, p = 0.001; Table 6); language thus appears secondary and model-specific rather
than a uniformly shared driver.

Practically, these results show that model-specific differences were larger than the common
language effect in our evaluated set. For instance, Mistral-7B-Instruct-v0.3, Llama-3.1-8B-
Instruct, and CodeLlama-7B exhibit high false-equivalence rates, whereas CodeLlama-13B
over-rejects equivalence. To mitigate these complementary biases, ensemble-based judging
strategies offer a promising solution [51]. This aligns with recent findings that LLM capabilities
vary significantly across programming contexts and tasks [6, 15,48,50].
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Figure 1 GPT-o4-mini’s Yes response rate across problem difficulty levels.

Finding 3: The studied LLMs do not behave equally in cross-language equivalence
judgments: some tend to over-reject equivalence, while others tend to over-accept it.
Among the models evaluated, Qwen2.5-Coder-14B-Instruct shows the most balanced
behavior, while GPT-o4-mini offers the best overall trade-off. These results show that
model choice matters: highly biased models should not be used alone, and combining
complementary models may lead to more reliable judgments.

3.3 Factors Influencing the Best-Performing Model’s Predictions (RQ3)
To answer RQ3, we conduct an in-depth behavioral analysis of GPT-o4-mini (the top-
performing model in RQ2) to evaluate how code- and task-level features from PolyHuman
influence its functional equivalence judgments. Specifically, we extract three categories of
features: (1) problem difficulty (levels A to G); (2) code length (LOC); and (3) superficial
similarity signals, including lexical similarity (Lexsim) [32], CodeBLEU [33], and embedding-
based metrics from CodeBERT, GraphCodeBERT, UniXcoder, and BGE-Code [7, 17]. We
then employ Spearman’s ρ [41] to assess the correlation between these similarity signals and
model predictions. Finally, we construct a binary logistic regression model to quantify the
explanatory power of these combined factors on the model’s classification outcomes.
Impact of Problem Difficulty. Figure 1 shows the best-performing model’s Yes response
rate across difficulty levels (A–G) for equivalent (Pass1 vs. Pass2 ) and non-equivalent pairs
(Pass1 vs. Fail). As difficulty increases, the Yes rate drops from 83.0% to 54.2% for equivalent
pairs, but rises from 5.5% to 33.3% for non-equivalent ones. This indicates that higher
difficulty degrades the model’s discriminative power, increasing both false negatives and false
positives, rather than merely making it more conservative.

Finding 4: For GPT-o4-mini, problem difficulty reduces the model’s ability to
distinguish equivalent from non-equivalent pairs: as difficulty increases, the model
misses more true equivalences while also producing more false equivalence judgments.

Impact of Code Length. Figure 2a shows GPT-o4-mini’s Yes response rate across LOC-
based complexity bins. We consider five LOC-related measures: minimum LOC, maximum
LOC, summed LOC, absolute LOC difference, and LOC ratio between the two programs.
These measures allow us to distinguish the effect of overall input size from the effect of size
imbalance between paired implementations.

Overall, we observed that code length affects NEQ pairs more clearly than EQ pairs.
For EQ pairs, we observe high and stable Yes rates across LOC bins, suggesting that larger
code pairs do not substantially hinder equivalence recognition. For NEQ pairs, however, we
observe that the Yes rate increases in larger bins, indicating more false equivalence judgments
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(a) Code length (b) Code similarity

Figure 2 GPT-o4-mini’s Yes response rate across code length and similarity bins. Left panels
report equivalent pairs (EQ), and right panels report non-equivalent pairs (NEQ).

as input size grows. This trend is stronger for min_LOC, max_LOC, and sum_LOC than
for diff_LOC and ratio_LOC, suggesting that input size matters more than size imbalance.

Finding 5: Code length mainly affects non-equivalent pairs: as overall input size
increases, the model becomes more likely to produce false equivalence judgments.

Impact of Similarity Signals. Figure 2b illustrates the best-performing model’s Yes re-
sponse rate across similarity bins for lexical (Lexsim), structural (CodeBLEU), and embedding-
based metrics (CodeBERT, GraphCodeBERT, UniXcoder, BGE-Code).

Similarity signals strongly correlate with correct Yes judgments for equivalent (EQ) pairs,
led by CodeBLEU (ρ = 0.87, p = 0.001) and UniXcoder (ρ = 0.84, p = 0.002), followed by
BGE-Code, Lexsim, and GraphCodeBERT (all p < 0.05). For non-equivalent (NEQ) pairs,
although overall Yes rates remain low, higher similarity induces a shortcut-learning bias
that increases false equivalences. This bias is driven by structural and semantic features
like CodeBERT (ρ = 0.76, p = 0.011) and CodeBLEU (ρ = 0.70, p = 0.025), whereas
textual overlap (Lexsim) shows no significant impact (p = 0.138). Thus, similarity acts as a
double-edged sword: aiding EQ detection while masking subtle differences in NEQ pairs.

Finding 6: For GPT-o4-mini, similarity is associated with correctly identifying
equivalent pairs, especially for CodeBLEU and UniXcoder. However, in NEQ pairs,
CodeBERT and CodeBLEU are associated with more false equivalence predictions,
indicating a residual similarity bias.

Regression Analysis. We model GPT-o4-mini’s Yes predictions using logistic regression
with problem difficulty, sum_LOC, CodeBLEU, programming language, ground-truth label
(EQ vs. NEQ), and a difficulty × label interaction as predictors. We use sum_LOC as the
representative size metric because alternative LOC measures (min, max, and sum) show
consistent trends. Although sum_LOC and difficulty are moderately correlated across
languages and implementation states (Spearman’s ρ ∈ [0.36, 0.42], Kendall’s τ ∈ [0.29, 0.33]),
the association is not strong enough to indicate severe collinearity, supporting their inclusion
as distinct predictors. Table 6 shows that the included factors account for substantial
variation in the model’s responses (Pseudo R2 = 0.429; n = 2,969 of 3,000 nominal instances,
after excluding 5 problems with missing difficulty labels and 1 unparsable response).

As expected, the ground-truth label is the dominant predictor: NEQ pairs are much
less likely to receive a Yes prediction than EQ pairs (OR = 0.023, p < 0.001), indicating
that the model discriminates substantively. However, difficulty has a conditional effect. For
EQ pairs, higher difficulty reduces the likelihood of a Yes prediction (β = −0.350, OR
= 0.705, p < 0.001), suggesting more false non-equivalence judgments. For NEQ pairs,
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Table 6 Logistic regression of factors associated with the model’s True predictions.

Predictor β SE p-value Odds Ratio

Intercept 1.791 0.110 < 0.001∗∗∗ 5.993
Difficulty -0.350 0.067 < 0.001∗∗∗ 0.705
Difficulty × NEQ 0.804 0.103 < 0.001∗∗∗ 2.234
NEQ (vs. EQ) -3.755 0.115 < 0.001∗∗∗ 0.023
Java (vs. CPP) -0.183 0.145 0.208 0.833
Python (vs. CPP) -0.450 0.134 0.001∗∗ 0.637
CodeBLEU 0.212 0.053 < 0.001∗∗∗ 1.236
sum_LOC 0.056 0.060 0.353 1.058

Observations: 2969 Pseudo R2: 0.429 ∗∗p < 0.01 ∗∗∗p < 0.001

the positive difficulty × NEQ interaction (β = 0.804, OR = 2.234, p < 0.001) indicates the
opposite tendency: harder non-equivalent cases are more likely to be incorrectly accepted
as equivalent. Similarity remains an independent predictor even after controlling for label,
difficulty, language, and code length. CodeBLEU significantly increases the odds of a Yes
prediction (β = 0.212, OR = 1.236, p < 0.001), suggesting a residual reliance on surface or
structural resemblance. In contrast, sum_LOC is not significant (p = 0.353), indicating that
code length does not independently explain the model’s decisions once the other factors are
controlled. Language effects are also limited but not absent: Java does not differ significantly
from CPP (p = 0.208), whereas Python is associated with fewer Yes predictions (β = −0.450,
OR = 0.637, p = 0.001), suggesting more conservative behavior for Python pairs.

Overall, the regression results refine the previous finding. Code similarity matters, but it
is not the only driver of LLM equivalence judgments. The model’s decisions are shaped by
the interaction between ground-truth equivalence and difficulty, residual similarity effects,
and language-specific behavior, while code size has no significant independent effect.

Finding 7: For GPT-o4-mini, equivalence judgments are not explained by similarity
alone: logistic regression shows that its predictions are mainly shaped by the ground-
truth label, difficulty conditioned on equivalence status, CodeBLEU, and Python-
specific conservativeness, while code length has no significant independent effect.

3.4 Why LLMs Fail to Judge Code Functional Equivalence (RQ4)

To answer RQ4, we analyzed misclassified code pairs from GPT-o4-mini to uncover the root
causes of LLM failures. Rather than relying solely on aggregate metrics, we investigated
whether errors stemmed from systematic prediction biases, superficial similarities, language-
specific misunderstandings, abstraction mismatches, or stochastic instability.

Given PolyHuman’s scale, we adopted an incremental evaluation strategy guided by
thematic saturation [12,13]. Each pair was evaluated three times using majority voting, and
we terminated manual error classification when 16 consecutive erroneous instances yielded no
new error categories. In total, we evaluated 900 instances across 60 problems. GPT-o4-mini
exhibited an instability rate of 18% (162 instances with inconsistent predictions across runs).
For the manual thematic analysis, we focused on systematic errors (i.e., instances where
the model failed in at least two of the three runs) and leveraged a Chain-of-Thought (CoT)
prompt (presented below) to elicit and analyze the model’s underlying reasoning.
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Prompt used for RQ4 error analysis
We define functionally equivalent as: two code snippets produce the same output for every
possible input. They may be written in different programming languages; ignore stylistic
or structural differences and focus only on input-output behaviour.

Your task: determine whether <code1> and <code2>, which are both intended to solve the
problem described in <Problem>, are functionally equivalent.

<Problem> {problem} </Problem>
<code1> {code1_numbered} </code1>
<code2> {code2_numbered} </code2>

Think step-by-step before giving your final answer.

Respond only with a JSON object using the following schema:
{
"verdict": "Yes" | "No",
"reasoning": "<step-by-step explanation>",
"key_lines": {
"code1": [<integer line numbers>],
"code2": [<integer line numbers>]

}
}

From the 900 evaluated instances, we identified 81 cases that met the systematic dis-
agreement criterion and manually analyzed them. Table 7 summarizes their distribution by
pair type, covering same-language and cross-language pairs with equal or different outcomes.
When considering subtask opportunity bounds (360 equivalent vs. 540 non-equivalent pairs),
false negatives occurred at a slightly higher rate than false positives (9.72% vs. 8.52%,
corresponding to 35 FNs and 46 FPs). In terms of sample composition, cross-language
comparisons accounted for 46 of the 81 analyzed failure instances.

Table 7 Pair-type distribution of the 81 manually analyzed instances.
Same language, equal outcome Same language, different outcome Different language, equal outcome Different language, different outcome

Pair N Pair N Pair N Pair N

Java Pass1 vs. Java Pass2 9 Java Pass1 vs. Java Fail 8 CPP Pass1 vs. Java Pass1 6 Java Fail vs. Python Pass1 9
Python Pass1 vs. Python Pass2 4 CPP Pass1 vs. CPP Fail 6 Python Pass1 vs. CPP Pass1 5 CPP Fail vs. Java Pass1 7
CPP Pass1 vs. CPP Pass2 6 Python Pass1 vs. Python Fail 2 Java Pass1 vs. Python Pass1 5 Java Fail vs. CPP Pass1 6

CPP Fail vs. Python Pass1 3
Python Fail vs. Java Pass1 3
Python Fail vs. CPP Pass1 2

To examine whether these failures were specific to GPT-o4-mini or reflected broader
limitations of current LLMs, we evaluated two additional models on the same 81 instances
using the same CoT prompt. We found that 24 instances were misclassified by all three models,
suggesting intrinsically difficult cases. However, several GPT-o4-mini failures were correctly
resolved by Claude-Opus-4.7, Gemini-3-Flash, or both (19 resolved by both), indicating model-
specific differences. In addition, nine GPT-o4-mini failures were corrected after applying
CoT prompting. We consider a misclassification corrected when CoT prompting produces
predictions consistent with the ground truth across three independent runs.

Finding 8: Among the three models evaluated on the 81 disagreements, failures reflect
both shared semantic reasoning limitations and model-specific weaknesses. While 24
instances were missed by all models, other GPT-o4-mini failures were correctly resolved
by Claude-Opus-4.7, Gemini-3-Flash, or after applying CoT prompting. This suggests
that some failures reflect insufficient reasoning depth rather than a complete lack of
capability. However, CoT alone was not enough to ensure robust equivalence detection.

Qualitative analysis of failure modes. Overall, our analysis pipeline filter proceeded
as follows: 900 initial instances → 162 unstable instances → 81 systematic disagreements →
9 corrected by CoT → 72 coded failure cases (55 genuine model failures and 17 ground-truth
issues). To better understand why LLMs fail, we manually inspected the remaining 72
misclassified cases and identified recurrent (sub-)categories of failure modes. We organize
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these 72 cases into three top-level categories: Knowledge Failure (part of the 55 model
failures), Abstraction-Level Reasoning Failure (part of the 55 model failures), and LLM
Judgment Is Actually Correct (the 17 ground-truth issues). These categories capture different
mechanisms behind apparent failures: incorrect knowledge assumptions, breakdowns across
abstraction levels, and defensible disagreements with the ground truth. The complete
qualitative analysis, including the full set of coded instances and examples, is available in
our replication package [42].

We can observe that most cases fall under Abstraction-Level Reasoning Failure (38/72,
52.8%), especially Implementation-Level Detail Error (21/72, 29.2%). This suggests that
LLMs often produce plausible explanations but fail to verify concrete details such as index
correspondence, state updates, control-flow paths, or variable evolution. We describe each
category and sub-category in detail as follows: figures show only the relevant code evidence
and failure mechanisms, while LLM claims are discussed in the text.
A. Knowledge Failure (17). This category captures cases in which the LLM lacks or
misapplies factual knowledge relevant to judging code functional equivalence, causing its
reasoning to rest on incorrect foundations. Figure 3 illustrates the representative examples.

A.1 Built-in Function Misunderstanding

Java Pass1

1 Integer[] ar = new Integer[sc.nextInt()
];

2 Integer[] sortedAr = new Integer[ar.
length];

3 for(int i = 0; i < ar.length; i++){
4 ar[i] = sc.nextInt(); sortedAr[i] =

ar[i];
5 }
6 Arrays.sort(sortedAr);
7 int misMatchCnt = 0;
8 for(int i = 0; i < ar.length; i++){
9 if(!ar[i].equals(sortedAr[i]))

misMatchCnt++;
10 }
11 if(misMatchCnt==0||misMatchCnt==2)
12 System.out.println("YES");
13 else System.out.println("NO");

Java Fail

1 sort(sorted);
2 int index, temp, i=0, c=0;
3 for(i=0; i<n; i++){
4 if(ar[i] != sorted[i]){
5 index = binarySearch(sorted, ar

[i]);
6 temp=ar[index]; ar[index]=ar[i];

ar[i]=temp;
7 if(ar[i]!=ar[index]){
8 if(ar[i]!=sorted[i]) break;
9 else c++;

10 }
11 }
12 }
13 if(c>1||i<n) out.println("NO");
14 else out.println("YES");

Failure mechanism. The model assumes that binarySearch returns the intended
matching index. With duplicate values, this assumption may not hold.

A.2 Domain Knowledge Deficit

Java Fail

1 int [] delta = new int[k + 1]; int prev
= 0;

2 for (int i = 0; i < k; i++) {
3 int x = sc.nextInt();
4 delta[i] = x - prev;
5 prev = x;
6 }
7 delta[k] = -100;
8

9 PriorityQueue<Integer> pq =
10 new PriorityQueue<>(Comparator.

comparingInt(x -> -delta[x]));
11

12 Integer next = pq.poll();
13 res += delta[next];
14 pq.add(next + 1);

CPP Pass1

1 long long go(long long rest, long long
lft) {

2 if (rest == 0 or lft == 0) return 0;
3 if (dp[rest][lft] != -1) return dp[

rest][lft];
4 for (long long i = 0; i <= min(lft, k)

; i++) {
5 ret = max(ret, h[i] + go(rest - 1,

lft - i));
6 }
7 return dp[rest][lft] = ret;
8 }

Failure mechanism. The model misses a domain-specific constraint in the optimization
formulation, treating behaviorally different strategies as equivalent.

Figure 3 Representative examples of knowledge failures.

A.1 Language/Built-in Function Misunderstanding (11) occurs when the LLM
misinterprets the behavior of a programming language construct or built-in function. In
FP-row-19, shown in Figure 3(A.1), the LLM claims that both snippets decide whether
an array can be sorted with at most one swap. However, its reasoning depends on the
call to binarySearch in line 3. When duplicate elements are present, this call may
return any matching index, not necessarily the index assumed by the model. As a result,
the subsequent swap logic in lines 4–6 may not preserve the intended behavior.
A.2 Domain Knowledge Deficit (5) captures cases where the model lacks the
mathematical, algorithmic, or problem-specific knowledge to evaluate equivalence. In FP-
row-32, shown in Figure 3(A.2), the LLM treats two optimization strategies as equivalent.
However, the excerpt highlights a domain-specific adjustment in line 8, where delta[k]
is set to -100. This value changes the optimization behavior, but the model overlooks
its role and incorrectly assumes that the two strategies compute the same contribution.
A.3 Equivalence Criterion Confusion (1) occurs when the LLM misinterprets what
“functional equivalence” means in the context of this task. For example, it may treat
passing all test cases on an online judge as sufficient evidence of functional equivalence or
conflate semantic equivalence with functional equivalence.

B. Abstraction-Level Reasoning Failure (38). This category captures cases in which the
LLM has relevant knowledge but fails while moving across levels of abstraction. The model
may start from a plausible algorithmic interpretation, but the reasoning chain breaks before
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it correctly verifies the actual behavior of the two solutions. These failures are therefore
not simply about whether the model recognizes the algorithm, but whether it can connect
that recognition to a correct semantic and execution-level judgment. Figure 4 illustrates the
representative examples.

B.1 Premature Conclusion

Java Fail

1 PriorityQueue<node> q=new PriorityQueue<>(n,
2 new Comparator<node>(){
3 public int compare(node a,node b){
4 return a.c-b.c;
5 }
6 });
7 for(i=0;i<=n;i++)
8 q.add(new node(i,ex[i]));

Python Pass

1 s = sorted(set([x for x in range(N + 1)])
2 - set(a) - set(res), reverse=True)
3 for i in range(N):
4 if res[i] == -1: res[i] = s.pop()

Failure mechanism. The model stops at a shared
greedy abstraction and does not verify whether the
constructions preserve the same semantic behavior.

B.2 Semantic-Level Misunderstanding

Python Pass

1 f1, l1, f2, l2 = [n-1, n-1, n-1, n-1]
2 for i in range(n):
3 while f1>=0 and temp[f1]+temp[i]>=value1: f1 -= 1
4 while l1>=0 and temp[l1]+temp[i]>value2: l1 -= 1
5 while f2>=0 and temp[f2]+temp[i]>=value3: f2 -= 1
6 while l2>=0 and temp[l2]+temp[i]>value4: l2 -= 1
7 noOfOnes += max(0, l1 - max(i, f1))
8 noOfOnes += max(0, l2 - max(i, f2))

Python Fail

1 f1, l1, f2, l2 = [1, n-1, 1, n-1]
2 for i in range(n):
3 while f1<=n-1 and temp[f1]+temp[i]<value1: f1 += 1
4 while l1>=0 and temp[l1]+temp[i]>value2: l1 -= 1
5 while f2<=n-1 and temp[f2]+temp[i]<value3: f2 += 1
6 while l2>=0 and temp[l2]+temp[i]>value4: l2 -= 1
7 noOfOnes += max(0, l1 - max(i+1, f1) + 1)
8 noOfOnes += max(0, l2 - max(i+1, f2) + 1)

Failure mechanism. The model reaches semantic reason-
ing, but misinterprets how pointer movement and mono-
tonicity determine the equivalence relation.

B.3 Implementation-Level Detail Error

CPP Fail

1 void getDivs(long long x) {
2 for (long long i = 2; i*i <= x; i++) {
3 if (x%i==0 and isPrime(i)) mop[i] =
4 mop[x/i] = 1;
5 }
6 mop[x] = 1;
7 }

CPP Pass

1 cin >> x >> y;
2 for (int d = 2; d*d <= max(x,y); d++) {
3 if (x%d==0 || y%d==0) v.push_back(d);
4 while (x%d==0) x/=d;
5 while (y%d==0) y/=d;
6 }
7 if (x>1) v.push_back(x);
8 if (y>1 && x!=y) v.push_back(y);

Failure mechanism. The model captures the
high-level divisor-filtering idea but fails to trace
concrete variable evolution and divisor enumera-
tion.

Figure 4 Representative examples of abstraction-level reasoning failure.

B.1 Premature Conclusion (Pre-Semantic) (11) occurs when the LLM stops at
surface-level or algorithm-level similarity and concludes equivalence before performing a
semantic comparison. In FP-row-18, shown in Figure 4(B.1), the LLM claims that both
snippets implement the same greedy construction for preserving prefix MEX behavior.
This claim is based on recognizing a priority-queue based selection in lines 1–7 of the first
snippet and a set-based filling strategy in lines 1–3 of the second snippet. However, the
model does not verify whether these two constructions preserve the same input-output
behavior. The failure, therefore, occurs before a semantic comparison is performed.
B.2 Semantic-Level Misunderstanding (6) occurs when the model reaches the
semantic level but misinterprets the key behavioral property that determines equivalence.
In FP-row-13, shown in Figure 4(B.2), the model correctly identifies pointer movement as
relevant. The critical evidence appears in lines 3–6 of both snippets: in the first snippet,
pointers such as f1 and f2 move left, whereas in the second snippet they move right. The
LLM interprets this directional difference as evidence of non-equivalence. However, its
conclusion is based on an incorrect understanding of the monotonicity invariant governing
the pair-counting logic. Thus, unlike B.1, the model does reason semantically, but the
semantic interpretation is flawed.
B.3 Implementation-Level Detail Error (21) occurs when the model captures the
high-level intent but fails to verify concrete execution details. In FP-row-6, Figure 4(B.3),
the LLM claims that both snippets enumerate candidate prime divisors and filter them
across pairs. The key issue is in the concrete divisor extraction logic. In the first snippet,
lines 2–4 add factors based on divisibility but do not update x by removing the factors
already found. In contrast, the second snippet explicitly divides x and y inside the loops
in lines 4–5, exposing remaining factors that may be added later in lines 7–8. The LLM
overlooks this variable evolution, leading to an incorrect equivalence judgment.

C. LLM Judgment Is Actually Correct (17). This category captures cases in which the
LLM’s judgment is in fact correct; the disagreement between ground-truth and GPT-o4-mini
prediction lies in the data construction or validation rather than in the LLM’s reasoning.
This category encompasses two sub-cases: either a counterexample exists that contradicts
the ground-truth label, confirmed via manual execution of test cases; or the problem admits
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multiple valid outputs, such that the two code snippets are genuinely not functionally
equivalent, representing an internal threat rather than an LLM’s reasoning failure.

C.1 LLM Identifies a Genuine Counterexample (4) refers to cases where the
LLM successfully identifies a test case that produces different outputs from the two
code snippets, or correctly recognizes a potential runtime error scenario (e.g., behavioral
divergence caused by hash collisions).
C.2 Problem Has More Than One Valid Solution (13) refers to cases where the
original problem inherently admits multiple correct implementations. The LLM identifies
an alternative valid solution beyond the reference answer, making its “not equivalent”
judgment logically defensible.

Finding 9: Among the GPT-o4-mini errors analyzed qualitatively, the primary
bottleneck is an inability to accurately trace microscopic dynamic execution paths and
sequential variable evolution. Of the two additional models evaluated on these cases,
Opus alone resolved 17 instances (14 Abstraction-Level Reasoning Failure) and Gemini
alone resolved 12 (6 Knowledge Failure), suggesting Opus is comparatively stronger
at abstraction-level reasoning and Gemini at knowledge-related cases. Additionally,
we identified at least 17 ground-truth labeling flaws among the analyzed failure cases
(1.89% of the total 900 instances).1

4 Actionable Implications

Our analysis of GPT-o4-mini shows that the model does not rely solely on surface-level
code similarity when judging functional equivalence; instead, its predictions are shaped by a
structured combination of factors operating at different levels of abstraction (quantitatively,
these factors yield a Pseudo R2 = 0.429, with ground-truth equivalence dominating over
code similarity). However, these very factors also give rise to systematic failure patterns
that manifest at distinct levels of abstraction. Based on these findings, we derive several
actionable implications for researchers and practitioners.
Implications for LLM Researchers. Our findings reveal that GPT-o4-mini’s failures stem
primarily from deficient implementation-level comprehension and fragile domain knowledge,
rather than mere surface similarity. However, surface-matching shortcuts persist: even when
controlling for difficulty and ground-truth labels, GPT-o4-mini relies on code similarity
to a small but statistically robust degree (β = 0.212, p < 0.001), suggesting that future
work must prioritize fine-grained semantic modeling over generalized abstract reasoning.
Crucially, the model breaks down consistently on three kinds of inputs: (1) tangled control
flow (loops + branching), (2) structurally diverse human-written code, and (3) cross-language
pairs, where a language-specific bias is evident as the model exhibits pronounced caution
exclusively on Python (β = −0.450, OR = 0.637, p = 0.001) while CPP and Java remain
indistinguishable (p = 0.208). Furthermore, average accuracy masks a severe asymmetric
vulnerability driven by a powerful difficulty×equivalence interaction (β = 0.804, p < 0.001),
meaning that on harder problems the model increasingly misclassifies non-equivalent code
as equivalent. Therefore, future benchmarks should supplement aggregate accuracy with
stratified metrics to prevent these asymmetric failures from remaining invisible.

1 Note that this represents a lower bound on dataset label noise, as manual inspection was restricted to
targeted, non-random failure instances where the model disagreed with the ground truth.
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Implications for Agent and Multi-Agent System Researchers. When LLMs (GPT-
o4-mini, Claude-Opus-4.7, Gemini-3-Flash) encounter specific layer gaps, their capacity
for self-correction is substantially diminished, suggesting that human-in-the-loop validation
may be valuable in high-risk settings [22]. Beyond individual agents, our analysis reveals
complementary capability profiles across models: Claude-Opus-4.7 performed better on
abstraction and intermediate reasoning, while Gemini-3-Flash shows a comparative advantage
on cases requiring domain- or language-specific factual knowledge. Thus, multi-agent system
designers can exploit this complementarity by assigning reasoning-intensive stages to the
former and knowledge verification to the latter, enabling more effective model specialization.
Implications for LLM-Assisted Programming Practitioners. Practitioners should
exercise heightened scrutiny when deploying models for code involving complex loops, itera-
tions, and multi-layered conditional logic, as model reliability degrades significantly under
these constructs. Furthermore, cross-run analysis indicates that isolated correct outputs
reflect inconsistent capability rather than robust competence.

5 Threats to Validity

Internal Validity. PolyHuman labels two solutions passing all online judge test cases as
functionally equivalent. However, test suites may not achieve full input coverage, and passing
programs may still differ on unseen edge-case inputs. This threat is evidenced by Category
C in our manual analysis, which accounts for 17 out of 900 instances (1.9%), though its
overall impact remains limited. A further threat is data contamination: CodeContests is
public and likely present in the training data of the evaluated models, so if anything this
would bias results toward overestimating model performance, making our finding of poor
functional-equivalence judgment a conservative estimate.
External Validity. PolyHuman is constructed from competitive programming platforms,
where code tends to be algorithm-intensive and performance-oriented, which may not fully
generalize to real-world code. Regarding model selection, our evaluation is primarily limited
to open-source models in the 3B–20B parameter range, plus GPT-o4-mini due to resource
constraints. However, the additional evaluation of Claude-Opus-4.7 and Gemini-3-Flash on
the 81 manually analyzed instances in RQ4 partially mitigates this threat.
Construct Validity. Although accuracy is used as the primary metric for cross-dataset
comparability, we mitigate its limitations by separately analyzing Pass vs. Pass and Pass
vs. Fail pairs, which is equivalent to reporting True Positive Rate and True Negative Rate
independently. This decomposition provides a more informative view of model behavior
under prediction bias than aggregate accuracy alone.
Conclusion Validity. The manual classification of 81 failure cases into categories A, B, and
C involves inherent subjectivity, as category boundaries depend on researcher interpretation.
To mitigate this threat, all classifications were independently verified by the second author,
disagreements resolved through discussion. We acknowledge that no formal inter-rater
reliability measure (e.g., Cohen’s Kappa) was computed, which limits the reproducibility of
categorical assignments. All coded instances are made available in our replication package.

6 Related Work

LLMs for Code Understanding. LLMs have achieved strong performance across code
generation, summarization, and translation [16], raising expectations that they can reason
about program semantics like human developers. Yet a growing line of empirical SE research
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finds their performance highly inconsistent across tasks and settings [19,23,37]. Our work
extends this critical evaluation to a capability not yet examined under realistic conditions:
judging code functional equivalence.
Functional Equivalence and Clone Detection. Functional equivalence underpins
refactoring, migration, and clone detection [5,9, 14,35]. Two recent benchmarks for LLMs
target those tasks: EquiBench [46] and SeqCoBench [21]. While valuable, both construct non-
equivalent pairs via controlled transformations (OJ-V for EquiBench), so the equivalent/non-
equivalent distinction is often local and can be solved by similarity shortcuts rather than
semantic reasoning. This mirrors the similarity-driven tendency in clone detection [36,43],
meaning high benchmark accuracy may not reflect true semantic understanding.
Cross-Language Code Analysis. Similarity shortcuts fail most clearly across languages,
where equivalent programs differ drastically in syntax and idiom [24,28]. LLMs are known
to introduce bugs in cross-language translation [27] and struggle with cross-lingual clone
detection [24], but these efforts address clone detection or translation rather than strict
functional equivalence, and rely on synthetic data. Whether LLMs can reliably judge
cross-language functional equivalence on human-written code remains open.
Positioning. We differ from prior work in three ways: (1) PolyHuman uses independently
written human solutions rather than synthetic pairs; (2) we conduct the first systematic
evaluation of cross-language functional equivalence judgment; and (3) beyond aggregate
accuracy, we provide a mechanistic failure analysis across abstraction levels and discuss
complementary-model strategies [51].

7 Conclusion

This paper investigates LLMs’ ability to judge functional equivalence across programming
languages. To address the issue that single-language and synthetic benchmarks overestimate
LLMs’ semantic understanding, we introduce PolyHuman, a novel dataset of human-written
programs in CPP, Java, and Python.

Our main contributions are twofold. Quantitatively, we observe a sharp decline in
performance on human-written code. We find that decision biases appear more strongly
model-dependent than uniformly language-driven, suggesting that model selection and
ensembling are more critical than language choice. Furthermore, while superficial similarity
exerts a secondary influence, errors are highly difficulty-conditional: on complex problems,
GPT-o4-mini increasingly misclassifies non-equivalent code as equivalent. Qualitatively, we
identify two major classes of model failures, namely knowledge failures and abstraction-level
reasoning failures, with the latter spanning presemantic, semantic, and implementation-level
reasoning. GPT-o4-mini demonstrates sound reasoning across many problems, albeit with
some instability. We also identified 17 ground-truth/data issues among the analyzed cases;
because these cases were selected based on model disagreement, this proportion should not
be interpreted as an estimate of the dataset’s overall label-error rate.

Future work should investigate strategies to improve LLM semantic reasoning for code
functional equivalence, particularly in cross-language and human-written scenarios. Promising
directions include developing benchmarks with more diverse real-world programs, reducing
reliance on superficial similarity signals, and improving reasoning stability across runs. Future
studies may also explore ensemble and multi-agent approaches that combine complementary
model strengths, as well as techniques for better tracing of execution paths and variable
evolution in complex control-flow structures.

ESEM 2026
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