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benchmark for estimating
the accuracy of protein
complex structural models
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Motivation

Protein Sequence Predicted Protein Structures

» Protein complex structures are central to understanding biological function, disease, and drug design.

« AlphaFold2 and AlphaFold3 generate accurate structural models, but their self-reported confidence scores are
not always reliable for model selection.

» Selecting high-quality models is often harder than generating them.

« Estimation of Model Accuracy (EMA) is therefore essential — but limited by lack of large, diverse, well-
annotated datasets to train and test EMA methods.



Model Generation & Annotation Pipeline
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- CASP15_inhouse_dataset: 7,885 models (31 targets)

. CASP15_community_dataset: 10,942 models (40 targets)

- CASP16_inhouse_dataset: ~1 M models (36 targets)

- CASP16_community_dataset: 12,904 models (39 targets)

| - Multimer_7_2024 8 2025 dataset: 400,400 models (2,002 targets)



Methods & Metrics

GCPNet-EMA
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GATE (Trained and Tested on PSBench)

A. Pairwise Similarity Graph B. Structural-similarity-based C. Graph Transformer:
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valuation (Blind CASP16 experiment)

CASP16 EMA competition

(A) Pearson's Correlation (B) Spearman's Correlation

CASP16 Inhouse models
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Datasets and codes

e Codes: https://github.com/BioinfoMachinelLearning/PSBench

 Datasets: https://dataverse.harvard.edu/dataset.xhtml?persistentld=doi:10.7910/DVN/75SZ1U
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