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Semantic equivalence verification of codes

This work has been presented at LLM4HPC Asia 2026.

Yuta Tanizawa et al.: Semantic Equivalence Verification of HPC Codes Using LLMs



Motivation

• Why equivalence verification matters
• Refactoring

• Language migration (Fortran → Python/C++)

• Code optimization

• LLM-generated codes

• HPC codes are large and complex
• Legacy Fortran

• Scientific simulations

• Long codebases
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Background

• 4 types of code equivalence
• Type1: lexical

• Identical except for whitespace or comments

• Type2: syntactic
• Different identifiers but identical structure

• Type3: near miss
• Partially different but highly similar

• Type4: semantic
• Different structures but functionally equivalent
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Challenges and Objective

• Semantic equivalence verification is difficult with conventional 
methods:
• Syntax-based analysis fails for structurally different codes

• Test-based methods lack completeness

• Symbolic execution suffers from path explosion
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Related Work

• Prompt-based semantic equivalence verification using LLMs 
(Zhang et al., 2024) 
• A performance comparison between GPT-3.5 and GPT-4

• Benchmarks:
• BigCloneBench (Svajlenko et al., 2015)

• GPTCloneBench (Alam et al., 2023)

• Limitations
• LLMs are treated as black boxes

• Existing benchmarks focus on limited languages (Java, Python)

• Limited applicability to HPC codes such as Fortran
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Related Work (Cont’d)

• Ensemble of multiple prompt-based LLMs using majority voting 
(Ahmed et al., 2023) 

• Ensemble of multiple similarity metrics with ML classifiers
 (Feng et al., 2024) 
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Open Issues in Prior Studies

1. Semantic equivalence verification for HPC codes (e.g. Fortran) 
has not been sufficiently evaluated.

2. LLMs are used only at the output level
• No access to confidence or reasoning

• Internal representations are not utilized

3. Ensemble strategies are underexplored
• Choice of LLMs

• Choice of hidden layers

• Choice of ML classifiers
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Contributions of This Work

1. First evaluation of semantic equivalence verification for HPC 
codes

2. Feature extraction from LLM hidden layers

3. Systematic exploration of LLM–layer–ML combinations
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Overview of the Proposed Method

• Key Idea
• Feature extraction from LLM hidden layers for ML classifiers

• Majority-voting ensemble

• Workflow
• Construct a custom dataset

• Extract hidden-layer representations from LLMs

• Verify equivalence using pretrained ML classifiers

• Explore optimal model combinations (n = 3）
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Dataset

• Source code pairs collected from AtCoder submissions
• 15000 code pairs

• 4 languages
• Fortran

• C

• C++

• Python

• AtCoder is a programming contest 
• Submitted codes could be incorrect for a given problem.

• Codes for different problems → obviously different = easy to verify

• Codes for the same problem → likely similar = difficult to verify
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Dataset Construction

• Code Pair Types
• Pair Type 1: Semantically non-equivalent (different problems)

• Pair Type 2: Semantically equivalent (same problem, both are correct)

• Pair Type 3: Semantically non-equivalent (same problem, one is incorrect)
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A custom dataset was constructed 
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differences



Feature Extraction Using LLMs

• Input: Code pairs + prompt

• Output: Semantic vectors from hidden layers
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• LLMs Used
• DeepSeek-Coder

• OpenCoder

• Llama

• Phi-4

• Qwen2.5-Coder

• (ChatGPT-4o)

Using hidden layers of LLMs for equivalence 

verification is novel
※Baseline only 

(no internal representations)



ML Classifiers and Ensemble

• ML Classifiers

• Ensemble Strategy
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• The final binary outputs from the ML models are evaluated 
using a majority-voting ensemble

• K-Nearest Neighbors (KNN) 

• LightGBM (LGBM)

• Multi-Layer Perceptron (MLP)

• Random Forest (RF) 

• Support Vector Machine (SVM)

• XGBoost (XGB) 

LLMs for Feature 

Extraction
Hidden Layers 

Selected as Features

ML Models for 

Classification

5 Types 30~40 Layers 6 Types

Such systematic evaluations of LLM–layer–ML combinations remain unexplored.

For 30 LLM–ML combinations, the top 3 hidden layers are 

selected for each, yielding 90 candidates (90C3 = 117,480)



Evaluation Conditions

• Evaluation Overview
• Comparison with conventional methods (Fortran only)

• Proposed Method:

• Majority-voting ensemble of ML classifiers with LLM features

• Baseline Method

• Majority-voting ensemble of prompt-based LLM’s outputs

• Ablation Study
• Prompt-based LLM

(evaluated on Fortran, Python, and C/C++)

• ML classifiers with LLM features
(evaluated on Fortran only)

• Evaluation Environment
• CPU: AMD EPYC 7352

• GPU: NVIDIA A100 80GB

• Memory: 480 GiB of DDR SDRAM
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Overall Comparison with Baselines

• Comparison Results
• The F1 score improves by 0.265

• Intermediate layers are effective for feature extraction

• MLP achieves the best performance among ML classifiers
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Use of each LLM with Prompts

• Evaluation Results
• No significant performance gap 

between Fortran and other 
languages

• Fortran F1 score ranges from 0.504 
to 0.705

• Recall and precision exhibit model-
dependent biases
• Llama shows higher recall

• ChatGPT and Qwen2.5-Coder achieve 
higher precision
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LLM as a Feature Extractor 22
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Internal representations at intermediate layers are useful for equivalence verification



LLM as a feature extractor (Cont’d)

• Evaluation Results
• Best F1 score: 0.913

• Intermediate layers show relatively high performance

• MLP consistently achieves the best performance across LLM–ML combinations
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Summary

• Background
• LLM-based methods are promising for code semantic equivalence verification

• Challenges
• HPC codes (e.g., Fortran) remain underexplored

• Existing methods rely on surface-level, black-box LLM outputs

• Ensemble combinations are insufficiently studied

• Objective
• To achieve semantic equivalence verification of source code using LLMs

• Proposed Method
• Majority-voting ensemble combining LLM features and ML classifiers

• Conclusions
• Achieves robust performance on HPC datasets

• Best F1 score: 0.972 (vs. baseline 0.717)

• Intermediate LLM layers are most effective

• MLP performs best among evaluated classifiers
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Future Work

• Detailed analysis of inference cost
• Evaluate the computational cost of feature extraction and the ensemble 

pipeline

• Visualize the accuracy–cost trade-off by comparing with baseline methods

• Evaluation on real-world problems
• Due to dataset construction costs, evaluation is limited to programming 

contest datasets

• Future work includes validation on real-world HPC codes (MPI/OpenMP, 
simulations, legacy Fortran)
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Structural Differences in AI Investment? 26
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