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Enzymes are central to life and increasingly indispensable to modern

pharmaceutical research, synthetic biology, and sustainable chemical

manufacturing. Their remarkable catalytic efficiency and exquisite

chemo-, regio-, and stereoselectivity make them attractive alterna-

tives to conventional chemical catalysts. However, the functional

landscape of enzymes remains only sparsely annotated. Although

public databases contain tens of millions of enzyme sequences, only

a small fraction have been manually characterized with reliable in-

formation on catalytic function, substrate specificity, reaction scope,

or binding residues1,2. This annotation gap has become a major

bottleneck for enzyme engineering, metabolic pathway design, and

biocatalyst discovery.

Machine learning has emerged as a powerful strategy to

accelerate enzyme function annotation and enzymatic reaction

modeling. Early approaches relied heavily on handcrafted physi-

cochemical descriptors, structural features, or experimentally

curated data, which limited their scalability and generalizability.

More recently, deep learning and large pre-trained molecular

models have enabled protein and small-molecule representations

to be learned directly from large-scale sequence or chemical

data3,4. These advances have substantially improved tasks such as

enzyme classification, substrate prediction, and functional site

annotation. Nevertheless, many existing models remain task-

specific or unimodal, typically representing enzymes only

through protein sequences or structures. Such representations

overlook a fundamental biochemical principle: enzymes do not act

in isolation, but exert their function through specific catalytic

transformations linking substrates to products.

In this issue, Huang et al.5 report an advance in enzymatic

reaction modeling through the development of ERAM, an

enzymatic-reaction-aware molecular representation learning

framework. The study addresses a central challenge in artificial

intelligence for biocatalysis: how to construct molecular repre-

sentations that are not merely protein- or molecule-aware, but

explicitly aware of enzymatic reaction context. By integrating pre-

trained protein and small-molecule models with multimodal

relational learning, ERAM provides a task-agnostic framework

that can be applied to enzyme retrieval, substrate prediction, and

binding site prediction without being designed exclusively for any

single downstream task.

The conceptual foundation of ERAM is particularly innova-

tive. Instead of treating enzymes, substrates, and products as in-

dependent entities, the authors formulate enzymatic reactions as

triplets in a knowledge graph, where substrates and products serve

as molecular entities and enzymes function as relations connecting

them. This design is reminiscent of the classical TransE frame-

work, in which relations are modeled as translations between head

and tail entities in a shared embedding space6. In the biochemical

context, this formulation carries intuitive mechanistic meaning:

the enzyme representation acts as a catalytic transformation vector

that maps a substrate representation toward a product represen-

tation. Such a design elegantly bridges chemical reaction logic and

representation learning, providing a geometrically interpretable

way to encode enzymatic catalysis.
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Further, ERAM strengthens this reaction-aware representation by

incorporating multimodal molecular encoders. Small molecules are

represented using Uni-Mol, while enzyme sequences are encoded

using ESM-2-derived protein language model representations3,4.

Importantly, the enzyme encoder includes a cross-attention mecha-

nism that allows substrate information to modulate enzyme repre-

sentations. This design reflects the biological reality that enzyme

function can be substrate-dependent. Enzymes with broad specificity

may adopt different functional representations depending on the

substrate context, a phenomenon related to enzyme promiscuity and

induced fit. By allowing the enzyme embedding to become substrate-

aware, ERAM moves beyond static protein representation and to-

ward context-dependent catalytic representation.

Another important methodological contribution is the dual-

grained contrastive learning strategy. In conventional contrastive

learning, negative samples are often treated uniformly. However,

enzymatic reactions contain different levels of biochemical

mismatch. Replacing the product disrupts the chemical trans-

formation itself and represents a coarse-grained negative sample.

In contrast, replacing or removing the enzyme may preserve the

same substrate—product chemical equilibrium while altering the

catalytic feasibility or rate, corresponding to a fine-grained

negative sample. ERAM explicitly distinguishes these two types

of negatives by assigning different margins in the contrastive

objective. This design injects biochemical prior knowledge into

the learning process and enables the model to better capture the

functional disparity between small molecules and enzymes.

Moreover, the authors introduce prototype learning to improve

contrastive learning under limited batch sizes. By maintaining

enzyme-class prototypes and encouraging embeddings from the

same class to move closer to their corresponding prototypes, the

model indirectly increases the number of positive samples without

requiring larger batches or additional model parameters. This is a

practical and effective solution, especially because enzyme reac-

tion datasets are often imbalanced and computational constraints

limit the scale of contrastive learning.

The performance of ERAM across multiple tasks demonstrates

the strength of this design. In enzymatic reaction retrieval, ERAM

achieves outstanding product retrieval and enzyme retrieval per-

formance across test sets with different levels of sequence identity.

Notably, even in low-sequence-identity subsets, the model main-

tains robust retrieval performance, suggesting that ERAM does

not simply memorize sequence similarity but learns more gener-

alizable reaction-aware representations. Compared with Reac-

tzyme7 and CREEP8, ERAM consistently achieves superior

enzyme retrieval performance, especially in challenging subsets

without EC annotations. This result is particularly important

because practical enzyme discovery often involves poorly anno-

tated or evolutionarily distant proteins.

The substrate prediction results further highlight the utility of

ERAM as a general-purpose enzymatic reaction representation

model. On nitrilase and aminotransferase datasets, ERAM out-

performs the state-of-the-art ESP model across most metrics and

splitting strategies9. The performance gain under substrate-based

splitting is especially meaningful, as this setting evaluates whether

the model can generalize to unseen chemical substrates rather than

relying on familiar molecular scaffolds. ERAM’s strong performance

in this scenario suggests that reaction-aware relational learning can

improve chemical generalization, a key requirement for discovering

new enzyme—substrate pairs in biocatalysis.

Beyond predictive accuracy, ERAM offers a degree of inter-

pretability that is valuable for enzyme science. The authors show that

attention scores from the enzyme encoder preferentially highlight

experimentally annotated binding regions. In the unsupervised

binding site prediction task, ERAM achieves a higher overlap score

and lower false positive rate than RXNAAMapper and other baseline

models10. Case studies further demonstrate that high-attention resi-

dues correspond to known binding motifs, conserved domains, or

docking-supported binding pockets. This is an important finding

because many enzyme sequences lack experimentally verified

structural or functional annotations. A model capable of suggesting

candidate binding regions from sequence and reaction context could

provide useful hypotheses for mutagenesis, enzyme engineering, and

mechanistic studies.

The attention visualization of the small-molecule encoder also

provides mechanistic insight. ERAM assigns higher attention to

chemically meaningful reaction sites, including bond cleavage sites,

hydroxyl groups involved in elimination reactions, stereochemical

transformation sites, and carbon—carbon double bonds involved in

addition reactions. These observations suggest that the model does

not merely learn statistical associations between proteins and mole-

cules, but captures chemically relevant features underlying enzy-

matic transformations. Such interpretability is essential if artificial

intelligence models are to become reliable tools for mechanistic

enzymology rather than black-box predictors.

Several aspects of this study merit broader attention. First, ERAM

offers a compelling example of how domain knowledge can be

embedded into representation learning. The use of reaction-balanced

substrate—product pairs, translation-based relational geometry, dual-

grained negatives, and substrate-aware enzyme representations

collectively reflects a careful integration of biochemical principles

with modern deep learning. Second, the framework is task-agnostic.

Rather than training separate models for enzyme retrieval, substrate

prediction, and binding site prediction, ERAM learns a unified latent

space that supports multiple downstream applications. Third, the

work illustrates a promising direction for connecting large pre-

trained molecular models with structured biochemical knowledge.

Protein language models and molecular foundation models provide

powerful initial representations, but ERAM demonstrates that these

representations can be substantially enriched when aligned with

enzymatic reaction context.

The study also raises important questions for future research.

Although ERAM shows strong performance across computational

benchmarks, prospective experimental validation will be critical for

establishing its practical value in enzyme discovery and engineering.

For example, model-predicted enzyme—substrate pairs or binding

residues could be tested through biochemical assays, site-directed

mutagenesis, or directed evolution campaigns. In addition, ERAM

currently relies primarily on protein sequence-derived representa-

tions and small-molecule embeddings. Incorporating high-quality

protein structures, predicted conformational ensembles, enzyme

pockets, and reaction transition-state information may further

improve its ability to model catalytic mechanisms. Another impor-

tant direction is uncertainty estimation, particularly for low-

confidence predictions involving rare enzyme families, ambiguous

RHEA reactions, or substrates outside the training distribution.

From a broader perspective, ERAM represents a step toward

mechanistically informed artificial intelligence for biocatalysis.

The field is moving beyond isolated prediction tasks toward in-

tegrated models that understand proteins, small molecules, re-

actions, and biological function within a unified framework. Such

models could accelerate enzyme annotation, identify candidate

catalysts for synthetic transformations, guide enzyme engineering,

and support the construction of metabolic pathways. In
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pharmaceutical sciences, where biocatalysis is increasingly used

for greener and more selective synthesis, reaction-aware enzyme

modeling may become an important component of computer-

aided process development and drug discovery.

In conclusion, the study by Huang et al.5 makes a contribution to

enzymatic reaction modeling by introducing a task-agnostic, multi-

modal, and reaction-aware representation learning framework. By

formulating enzymatic catalysis as relational learning among sub-

strates, enzymes, and products, ERAM provides both strong pre-

dictive performance and meaningful interpretability. This work

highlights the value of embedding biochemical principles directly

into artificial intelligence models and points toward a future in which

enzyme function, substrate scope, and catalytic mechanisms can be

explored through unified molecular representation spaces. As

computational predictions become increasingly coupled with

experimental validation, frameworks such as ERAM may help un-

lock the vast uncharacterized enzyme repertoire for drug discovery,

synthetic biology, and sustainable chemistry.
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