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Results Conclusion

Metadata-free PL-ID should be
evaluated as a multi-objective problem:

Effectiveness Efficiency Trade-off

Model Performance Metrics Comparison Accuracy vs Speed Trade-off
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A shared, reproducible pipeline
enables fair comparison across
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CodeBERT-PECAN achieves state-of-
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Unified benchmarking framework for metadata-free
PL-ID across practical tools, encoder models, and

LLM baselines.
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