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ABSTRACT

Predicting enzyme-substrate specificity is a fundamental challenge in biocatal-
ysis and enzyme engineering. However, the scarcity of experimentally labeled
data often limits the ability of existing methods to generalize across diverse en-
zyme families. Here, we present BOLTZ2ESI, an end-to-end framework based
on the co-folding foundation model Boltz-2 for accurate enzyme-substrate inter-
action prediction. Our approach integrates a local spatial representation of the
enzyme-substrate interface with corresponding enzyme evolutionary context pro-
vided by ESM3. On ESIBank benchmark, BOLTZ2ESI achieves state-of-the-art
performance on four out of six evaluation sets, reaching an average AUROC of
0.7309. In particular, our approach shows significant improvements in data-scarce
enzyme families, demonstrating robust generalization capabilities. Finally, we
conduct extensive ablation studies to analyze the impact of each component on
the enzyme-substrate interaction prediction.

1 INTRODUCTION

Enzymatic catalysis is a fundamental biological process, accelerating chemical reactions by sev-
eral orders of magnitude compared to their spontaneous counterparts (Liu et al., 2024). This re-
markable efficiency sustains complex metabolic networks and enables a wide range of industrial
applications. Despite their critical importance, many enzymes remain poorly characterized; in par-
ticular, our understanding of enzyme substrate specificity—the ability to selectively act on target
molecules—remains limited (Cui et al., 2025). As the demand for precision enzyme engineering
grows, developing reliable methods for predicting substrate specificity is critical for elucidating nat-
ural biological functions and accelerating the discovery of novel biocatalysts.

To address this requirement, several deep learning approaches for predicting enzyme-substrate in-
teraction (ESI) have emerged, moving from sequence-based modeling to 3D structure-aware mod-
eling. Initial efforts primarily relied on 1D enzyme protein sequences and 2D substrate molecular
graphs to predict interactions (Kroll et al., 2023a). However, these non-structural representations
often struggle with generalization, as they fail to capture the precise spatial arrangement and chem-
ical complementarity required for enzymatic catalysis. More recently, the field has shifted towards
structure-based approaches (Liu et al., 2024; Cui et al., 2025), facilitated by the availability of high-
resolution protein structure prediction tools (Jumper et al., 2021; Baek et al., 2021) and co-folding
tools (Abramson et al., 2024; Passaro et al., 2025). Recent advancements further highlight that
enforcing strict geometric and chemical constraints is essential for identifying viable catalytic de-
signs (Lauko et al., 2025; Anishchenko et al., 2025). However, a significant challenge remains:
while modern co-folding methods provide high-fidelity binding structures, the scarcity of experi-
mentally labeled ESI data limits the ability of these models to fully capture the intricate nuances of
catalytic affinity.

Here, we introduce BOLTZ2ESI, a framework for enzyme substrate specificity prediction that lever-
ages the synergistic strengths of structural and evolutionary foundation models. Specifically, we
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Figure 1: The overview architecture of BOLTZ2ESI. The model utilizes sinputs (single representation)
and ztrunk (pair representation), following the notation of AlphaFold3. Additional features include
sESM, protein ESM3 embedding of active site, and dcomplex, the distogram of the 3D binding structure.

integrate Boltz-2 internal latent representations (Passaro et al., 2025) and ESM3 evolutionary fea-
tures (Hayes et al., 2025) within a predicted 3D active site structure to capture high-fidelity geo-
metric and functional context, as illustrated in Figure 1. By anchoring our model in these rich,
pre-trained representations, BOLTZ2ESI incorporates evolutionary priors alongside the strict struc-
tural constraints necessary for catalysis. We demonstrate through a comprehensive benchmark that
this integration outperforms current state-of-the-art methods, particularly across five diverse enzyme
families. In addition, we explore how the individual representations of the enzyme protein, substrate
ligand, and 3D binding contribute to overall ESI prediction performance.

2 RELATED WORK

Deep learning has significantly advanced enzyme engineering by enabling predictions across various
scales of functionality. At the function level, contrastive learning approaches have been successfully
applied to Enzyme Commission (EC) class prediction (Yu et al., 2023b; Sanderson et al., 2023;
Kim et al., 2023). While informative, these methods often lack the specificity required to determine
whether an enzyme will catalyze a particular substrate. Complementarily, recent models for predict-
ing kinetic parameters, such as kcat, offer quantitative estimates of activity (Li et al., 2022; Yu et al.,
2023a; Kroll et al., 2023b; Boorla & Maranas, 2025; Nie et al., 2025). However, these models often
rely on condition-dependent measurements that are difficult to standardize across assay conditions.

In contrast, ESI prediction modeling utilizes a more direct and transferable supervision signal by
identifying whether a reaction occurs. Early ESI methods like ESP (Kroll et al., 2023a) relied
on graph neural networks (GNNs) using 1D sequences and 2D molecular topologies, which lim-
ited their ability to capture the 3D spatial complementarity essential for catalysis. Addressing this,
EZSpecificity (Cui et al., 2025) addressed this by incorporating structural information. Nonetheless,
its reliance on structures derived from AlphaFill (Hekkelman et al., 2023) and conventional docking
(Santos-Martins et al., 2021), which are based on homology search and local alignment, can lack the
precision needed for fine-grained interaction modeling. While recent work (Lauko et al., 2025) has
shown that filtering designs with geometric criteria from PLACER (Anishchenko et al., 2025) can
improve catalytic success, such approaches depend on well-defined binding pockets that may not
be available for uncharacterized enzymes. This underscores the need for an end-to-end framework
capable of capturing high-fidelity structural context directly from foundation models.

2



Published at the GEM workshop, ICLR 2026

3 METHODS

Boltz-2 (Passaro et al., 2025) represents a milestone in AI-based biomolecular interaction predic-
tion, approaching the accuracy of free-energy perturbation (FEP) methods in predicting protein-
ligand binding affinities while maintaining significantly higher inference efficiency. This capability
underscores the potential of co-folding representations for deciphering complex biological interac-
tions. However, the Boltz-2 affinity module primarily focuses on local spatial relationships within
the active site, aiming to correlate structural geometry with the physical binding energy. While ef-
fective for general small molecule drug discovery task against a target protein, such a local-centric
approach may overlook broader enzyme-specific features critical for enzyme engineering, such as
global protein stability or distal allosteric effects. To address these limitations, we integrate evolu-
tionary features atop the Boltz-2 to capture a more holistic representation of the enzyme-substrate
interaction. The entire pipeline are detailed in Section A.

3.1 FEATURE PREPARATION

Structure Preparation via Induced-fit Docking. We utilize Boltz-2 (Passaro et al., 2025) for
blind docking to capture enzyme-substrate spatial interactions while explicitly accounting for protein
flexibility. For each enzyme-substrate pair, five structures are generated using Multiple Sequence
Alignments (MSAs) and structure templates. The structure with the highest confidence score is
selected to identify the putative active site, which serves as the structural foundation for subsequent
modeling stages. To evaluate the impact of active site detection accuracy, we compares flexible
docking approach and conventional rigid docking methods in Section 4.3.

Refined Structure Prediction on Active Site. Following the Boltz-2 affinity prediction pipeline, we
define an active site by extracting 200 nearest residues to the ligand using Boltz-2 Affinity Cropper.
We then generate five pocket-ligand structures using Boltz-2 and select one with the highest interface
predicted TM-score (ipTM) to ensure a high-fidelity geometric context.

Feature Extraction. Finally, we extract the internal single input representation sinputs and trunk pair
representations ztrunk from Boltz-2, and a distogram d derived from the selected active site structure.
To further enrich the evolutionary context, we compute ESM3 representations (Hayes et al., 2025)
for entire enzyme sequence and extract features of active-site residues sesm as additional inputs for
the ESI prediction module. The effects of this evolutionary context are analyzed in Section 4.2 and
Section B.1. We note that the length of the input single representations and trunk pair representations
are the same to the sum of the number of pocket residues and the number of ligand atoms.

3.2 ENZYME-SUBSTRATE INTERACTION PREDICTION MODULE.

Architecture. Given these features, we first fuse the input single representation sinputs with the evo-
lutionary features sesm to form sfusion, as illustrated in Figure 1. This fused representation is then
projected to the same dimension as the trunk pair representations ztrunk using a broadcasted linear
projection applied row-wise and column-wise. Geometric context is then incorporated through an
one-hot token-level distogram matrix d of the predicted active-site structure. The complete imple-
mentation is detailed in Algorithm 2.

Training Objective. As is typical for many real-world biological datasets, for enzyme-substrate
interaction, positive samples are scarce while negative samples are abundant (see Table 2). To
better leverage the limited positive supervisory signals, we sample each mini-batch with a fixed 1:10
positive-to-negative ratio. In addition, we employ focal loss (Lin et al., 2017) to further prioritize
difficult samples and mitigate the label imbalance:

L(pt) = −αt(1− pt)
γ log(pt). (1)

The hyperparameters used in this work are in Section C.2.

4 EXPERIMENTS

We validated BOLTZ2ESI using ESIBank (Cui et al., 2025), a public ESI dataset that aggregates
large-scale data from ESIBank (Jeske et al., 2019) and six additional representative enzyme families:
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Table 1: Summary of performance on ESIBank test set for enzyme-substrate interaction prediction.
We report average AUROC across 4 splits for ESIBank and five enzyme families. Top 2 results are
highlighted with bold and underlined, respectively. DUF indicates Domain of Unknown Function.
We note that Boltz-2 indicates the pre-trained binary head of Boltz-2 affinity module, and additional
results with fine-tuning are reported in Section B.1.

Model ESIBank Thiolase Esterase Phosphatase Glycosyltransferase DUF Average

Boltz-2 0.5764 0.5307 0.5755 0.6219 0.7440 0.5468 0.5992
ESP 0.6778 0.6439 0.5091 0.5921 0.5878 0.4594 0.5784
EZSpecificity 0.7198 0.5970 0.8035 0.6741 0.7972 0.7067 0.7169

BOLTZ2ESI 0.7132 0.6621 0.7816 0.6826 0.8214 0.7244 0.7309

Thiolase, Esterase, Phosphatase, Glycosyltransferase, Nitrilases, and DUF (Domain of Unknown
Function). First, we compare our framework against baseline models on ESIBank and enzyme
families (Section 4.1). We then conduct ablation studies to evaluate: (1) the contribution of enzyme
evolutionary features (Section 4.2) and (2) the impact of active site prediction accuracy (Section 4.3).
In addition, we investigated whether Boltz-2’s input featurizer provides a sufficiently generalized
representation of substrate molecules by comparing it with auxiliary ligand representations from
Uni-Mol (Zhou et al., 2023) and molecular fingerprints (Morgan, 1965) (Section 4.4). Finally, we
compared BOLTZ2ESI against the Boltz-2’s affinity module under various training configurations
to assess transferability and architectural efficiency (Section B.1).

4.1 COMPARATIVE STUDY ON ESIBANK BENCHMARK

Evaluation Details. ESIBank includes four types of train-test splits: (1) random split; (2) unknown
enzyme; (3) unknown substrate; and (4) unknown enzyme and substrate (Cui et al., 2025). In this
work, we adopt the most stringent scenario: unknown enzyme and substrate, ensuring both enzymes
and substrates in the test set are unseen during training. We evaluate model performance using four-
fold cross-validation. We note that Nitrilase is excluded from evaluation, as certain splits for this
protein class contain no positive samples in the test set. Details of ESIBank are described in Table 2.

Baselines. We evaluated BOLTZ2ESI against two representative enzyme-substrate interaction pre-
diction models. Boltz-2 (Passaro et al., 2025) trains an affinity module atop of co-folding represen-
tations on large-scale protein-ligand binding affinity database. ESP (Kroll et al., 2023a) utilizes a
gradient boosting model built upon substrate representations from pre-trained GNNs and enzyme
protein embeddings from ESM (Rives et al., 2021). EZSpecificity (Cui et al., 2025) is the cur-
rent state-of-the-art model on ESIBank, which employs a cross-attention assisted SE(3)-equivariant
GNN on predicted binding structures to integrate both sequence and structural information.

Results. As shown in Table 1, BOLTZ2ESI achieves state-of-the-art performance on 4 out of the 6
test sets: Thiolase, Phosphatase, Glycosyltransferase, and DUF, and remaining highly competitive
on the ESIBank dataset. Notably, BOLTZ2ESI significantly outperforms existing baselines on the
Thiolase and Glycosyltransferase families, where the labeled data is limited (550 and 1,019 positive
samples, respectively). This underscores the robust generalization capabilities of BOLTZ2ESI, even
in data-scarce enzyme families. Such results demonstrate that the model effectively transfers gener-
alized protein-ligand interaction representations (ztrunk), learned from large-scale complex structural
databases, to the specialized domain of enzyme-substrate interactions.

4.2 IMPACT OF EVOLUTIONARY INFORMATION

Due to the substantial computational cost of training, all ablation studies were conducted on the
first split of the ESIBank cross-validation. While Boltz-2 utilizes MSAs for co-folding, its affin-
ity module employs a restricted MSA profile of the active site pocket to minimize computational
overhead and prevent overfitting in standard ligand discovery tasks. However, enzyme engineering
necessitates a global sequence perspective to accurately model protein stability, distal allosteric ef-
fects, and evolutionary plasticity. To evaluate the contribution of evolutionary context, we compared
BOLTZ2ESI against an ablation baseline without ESM embedding (“w/o ESM”). As illustrated in
Figure 2(a), removing ESM features causes the AUROC to drop sharply from 0.7164 to 0.6179.
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Figure 2: The results shows the performance of the variants of BOLTZ2ESI on the first split. (a)
Ablation studies evaluating the impact of ESM embeddings and active site extraction strategies (Vina
vs Boltz-2) on the ESIBank test set. (b) Model performance with auxiliary ligand features.

This performance collapse underscores that evolutionary information captures essential functional
semantics and physicochemical properties that local structural features cannot provide.

4.3 IMPACT OF ACTIVE SITE PREDICTION ACCURACY

We further investigated how the fidelity of active site localization impacts model performance. In-
stead of extracting active site from the Boltz-2 predicted structure, we used conventional docking
to obtain a binding structure, denoted as “w/ Vina pocket”. The pocket is defined based on the
docking pose from AutoDock-GPU (Santos-Martins et al., 2021), where unbound protein structure
is predicted by AlphaFold2 (Jumper et al., 2021), with cofactors added by AlphaFill (Hekkelman
et al., 2023). As shown in Figure 2(a), the model using the Boltz-2 pocket achieves an AUROC of
0.7164, significantly outperforming the model using the Vina pocket (0.6881). This improvement
stems from the active site flexibility. Unlike traditional rigid-body docking, co-folding explicitly
captures induced-fit effects and precise spatial arrangements. This higher fidelity ensures a physi-
cally consistent and optimized structural context, resulting in more robust interaction classification.

4.4 GENERALIZATION ABILITY OF BOLTZ-2 SUBSTRATE REPRESENTATION

Finally, we analyzed whether the intrinsic ligand representations learned by Boltz-2 are sufficient
or if they benefit from auxiliary features. We trained a variant of BOLTZ2ESI that concatenates ex-
plicit ligand features: Uni-Mol representations (Zhou et al., 2023) and Morgan fingerprints (Morgan,
1965). Figure 2(b) presents the performance comparison across all enzyme families. Unexpectedly,
incorporating these auxiliary features generally leads to a decline in performance or offers no sig-
nificant gain. This observation suggests that the input featurizer of Boltz-2 already extracts a highly
generalized and robust representation of substrate molecules. The addition of external ligand fea-
tures likely introduces overfitting, hindering the model’s ability to learn spatial relationship.

5 CONCLUSIONS

In this work, we introduced BOLTZ2ESI, a framework that leverages co-folding foundation models
and evolutionary priors for accurate enzyme substrate specificity prediction. Our results demonstrate
that BOLTZ2ESI outperforms current state-of-the-art methods across diverse enzyme families, par-
ticularly in data-scarce regimes. Through comprehensive ablation studies, we established that the
integration of global evolutionary features from ESM3 and high-fidelity, flexible binding site pre-
dictions from Boltz-2 are critical for capturing the intricate nuances of enzymatic specificity.

Despite these advancements, there are still several room for improvement. First, our current struc-
tural representation for the enzyme protein is restricted to residue-level information. Atomistic-level
detail is often critical for modeling the specific chemical environments required for catalysis; future
iterations could incorporate all-atom representations to better reflect these local reaction dynamics.
Second, while we currently utilize the Boltz-2 affinity prediction pipeline as a backbone, building
the ESI module directly on top of the co-folding trunk could enable the model to leverage MSA
and global protein structure information, potentially surpassing the performance gains provided by
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external ESM embeddings. Furthermore, BOLTZ2ESI does not yet account for co-factors, which
are important to predict the accurate co-folding structure and enzyme-substrate specificity. Future
work will integrate atomistic details and enriched evolutionary context to accelerate next-generation
biocatalyst design.
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A BOLTZ2ESI ARCHITECTURE

A.1 ENTIRE END-TO-END PIPELINE

Algorithm 1 described the detailed algorithm of the entire pipeline.

Algorithm 1 BOLTZ2ESI pipeline

Require: Enzyme protein sequence seq, Substrate ligand molecule mol

▷ Stage 1: Predict a binding complex structure.
1: {xyzi} ← Boltz-2({seq,mol}) ▷ Select one with top confidence score.

▷ Stage 2: Extract active site pocket residues.

2: I residue ← AffinityCropper({xyzi}) ▷ Extract pocket residue indices.
3: seq∗ ← seq[I residue]

▷ Stage 3: Predict active site structure and extract structural features.

4: {sinputs
i } ← InputFeatureEmbedder({seq∗,mol})

5: {strunk
i }, {ztrunk

ij } ← Trunk({sinputs
i })

6: {xyzi} ← SampleDiffusion({sinputs
i }, {strunk

i }, {ztrunk
ij }) ▷ Select one with top ipTM score.

7: {dij} ← ToDistogram({xyzi})
▷ Stage 4: Extract evolutionary features.

8: {sesm
i } ← ESM3(seq)[I residue]

▷ Stage 5: Run enzyme-substrate interaction module.

9: pinteraction ← ESIModule({sinputs
i }, {sesm

i }, {ztrunk
ij }, {dij})

10: return pinteraction

A.2 ESIMODULE ARCHITECTURE

Algorithm 2 described the detailed algorithm of ESIModule.

Algorithm 2 Enzyme-Substrate Interaction Prediction Module

Require: Input single representations sinputs
i , ESM3 evolutionary representations sesm,

Trunk pair representations ztrunk
ij , Distogram dij , Protein mask mprot

i

1: mpair
ij ← 1−mprot

i ·mprot
j

2: sfusion
i ← concat(sinputs

i , sesm
i )

3: sfusion
i ← MLP(sfusion

i )

4: sfusion
i ←mprot

i · sfusion
i + (1−mprot

i ) · sinputs
i

5: zij ← LinearNoBias(LayerNorm(ztrunk
ij ))

6: zij ← zij + LinearNoBias(sfusion
i ) + LinearNoBias(sfusion

j )

7: zij ← PairConditioning(zij ,LinearNoBias(dij))

8: {zij} ← PairFormerStack({zij},mask = {mpair
ij })

9: g← Meani,j({zij | i ̸= j,mpair
ij = 1})

10: pinteraction ← Softmax(MLP(g)) pinteraction ∈ [0, 1]

11: return pinteraction
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B ADDITIONAL RESULTS

B.1 COMPARED TO BOLTZ-2 AFFINITY MODULE

The Boltz-2 affinity module was constructed on the co-folding framework to utilize generalized
biomolecular interaction patterns. In this section, we investigated whether these interaction patterns–
trained on broad protein-ligand binding affinity databases–could be directly transferred to the spe-
cialized domain of enzyme-substrate catalysis without incorporating external information, such as
ESM features.

To assess this, we first established a baseline using the pre-trained binary classification head of
Boltz-2 affinity module (“Boltz-2”). We subsequently evaluated the performance achieved by fine-
tuning the pre-trained module on the ESIBank dataset (“Boltz-2 w/ Finetuning”). As illustrated in
Figure 3, these experiments demonstrate that evolutionary information is essential in ESI prediction,
as the inclusion of ESM features in the full BOLTZ2ESI model yielded a substantial increase in
AUROC from 0.6054 to 0.7164 on ESIBank test set.

0.50 0.55 0.60 0.65 0.70 0.75
AUROC score

Boltz-2

Boltz-2 w/ Finetuning

Boltz2ESI w/o ESM

Boltz2ESI

0.5586

0.6054

0.6179

0.7164

Figure 3: Performance comparison to Boltz-2 affinity module.
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C EXPERIMENTAL DETAILS

C.1 DATASET DETAILS

Table 2 summarizes the data distribution for each protein family within the ESIBank dataset across
four independent cross-validation splits (Unknown enzyme; unknown substrate scenario). For
brevity, only the training and test set sizes are reported, with validation set statistics omitted.

Table 2: The four-fold cross validation splits for enzyme families in ESIBank

Split 1 Split 2 Split 3 Split 4
Family Class Entire Train Test Train Test Train Test Train Test

Thiolase Positive 550 355 12 321 26 270 27 294 20
Negative 545 305 1 284 13 335 12 300 22

Esterase Positive 3076 1735 103 1704 95 1848 68 1636 117
Negative 10940 6185 339 6144 347 6072 374 6212 325

Phosphatase Positive 5424 3152 143 3180 165 2953 223 2954 166
Negative 30546 17184 959 17032 966 17383 879 17095 1004

Glycosyltransferase Positive 1019 570 35 574 36 527 37 628 26
Negative 3995 2283 134 2220 127 2270 122 2207 141

Nitrilase Positive 85 57 2 57 0 49 5 31 9
Negative 599 349 19 307 28 357 16 333 19

DUF Positive 274 175 7 181 7 151 13 111 18
Negative 2463 1398 77 1392 77 1422 71 1329 98

C.2 TRAINING DETAILS

We trained the proposed model for a total of 10 epochs using the AdamW optimizer with learning of
1× 10−4 and a weight decay of 1× 10−5. Similar to AlphaFold3 (Abramson et al., 2024), learning
rate is linearly increased from 0 over the first 500 warm-up steps, followed by a dacay factor of
0.95 every 1000 steps. To train model with multiple data sources, we simply applied dataset weights
proportional to the size of each respective dataset. Each training batch was constructed with a ratio of
4 positive samples to 40 negative samples (1 positive sample and 10 negative sample for each GPU).
To further address this class imbalance, we trained the model using Focal Loss with hyperparameters
α = 0.8, γ = 1.0. For feature extraction, we followed the default configuration of Boltz-2 official
repository1. The training procedure was completed within 2 days on 4 NVIDIA A100-80GB GPUs.

Table 3: Training hyperparameters

Hyperparameter Value
Max epoch 10
Optimizer AdamW
Learning rate 1× 10−4

Weight decay 1× 10−5

LR scheduler AlphaFold3
Dataset weights ∝ dataset size
Batch size 4 (positive) + 40 (negative)
Focal loss weights (α, γ) 0.8, 1.0
Num recycles (full) 3
Num diffusion samples (full) 5
Num recycles (active site) 5
Num diffusion samples (active site) 5

1https://github.com/jwohlwend/boltz/blob/main/docs/prediction.md

12

https://github.com/jwohlwend/boltz/blob/main/docs/prediction.md


Published at the GEM workshop, ICLR 2026

D ADDITIONAL RELATED WORK

Structure-based Protein-Ligand Interaction Prediction. The prediction of protein-ligand bind-
ing affinities has evolved from empirical energy scoring functions (Trott & Olson, 2010; Halgren
et al., 2004) to data-driven deep learning architectures. Early learning-based approaches primarily
integrated 2D ligand molecular graphs with binding pocket information (Pandey et al., 2022). How-
ever, these methods often suffer from limited generalization, tending to memorize structural biases
inherent in training datasets rather than learning the underlying physical principles of protein-ligand
interactions (Wallach & Heifets, 2018; Seo & Kim, 2024).

To address these limitations, recent advancements have incorporated 3D binding structures to bet-
ter capture the spatial relationship between protein and ligand (Moon et al., 2022; Jiang et al.,
2025). Notably, Méndez-Lucio et al. (2021) and Shen et al. (2022) developed residue-atom distance
likelihood potentials derived from statistical distributions, and Jin et al. (2023) introduced SE(3)-
equivariant denoising score matching to learn energy landscapes directly from unlabeled crystal
structures, thereby mitigating the scarcity of experimentally labeled structural data. More recently,
Passaro et al. (2025) constructed a binding affinity prediction module atop a co-folding framework
to leverage generalized biomolecular interaction patterns, achieving accuracy competitive with free-
energy perturbation (FEP) methods.

Co-folding representation Recent advances in co-folding foundation models have enabled the
learning of rich internal representations that encode geometric and chemical interaction patterns,
extending their utility beyond structure prediction. Beyond the affinity module in Boltz-2, several re-
cent works have explicitly repurposed co-folding representations for downstream scoring and rank-
ing tasks. AlphaRank (Hong et al., 2025) leverages PairFormer outputs from Protenix (Team et al.,
2025) within a lightweight ranking network to compare protein-ligand affinities, demonstrating that
co-folding embeddings capture transferable signals useful for discrimination. Boltz-2-PPI (King
et al., 2025) showed that incorporating sequence-based embeddings alongside co-folding represen-
tations provides complementary information, leading to improved protein–protein interaction affin-
ity prediction. Hsu et al. (2025) suggests that performance gains from using co-folding models to
train binding affinity scoring functions critically depend on the quality of the predicted complex
structures, highlighting both the promise and limitations of co-folding–based supervision.

13


	Introduction
	Related Work
	Methods
	Feature preparation
	Enzyme-substrate interaction prediction module.

	Experiments
	Comparative Study on ESIBank Benchmark
	Impact of Evolutionary Information
	Impact of Active Site Prediction Accuracy
	Generalization Ability of Boltz-2 Substrate Representation

	Conclusions
	Boltz2ESI Architecture
	Entire End-to-End Pipeline
	ESIModule Architecture

	Additional Results
	Compared to Boltz-2 Affinity Module

	Experimental Details
	Dataset Details
	Training Details

	Additional Related Work

