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Overview
The supplementary materials provide additional details and
elaborations on the datasets used, quantitative analysis
experiments, and ablation studies presented in the main
manuscript. These topics are organized as follows:
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A. Enzyme Kinetic Parameter Dataset

A.1. Details Dataset from [3]
In the main experiments of our manuscript, we employ three
specially curated kinetic endpoint datasets, as shown in Ta-
ble S1, to construct and evaluate learning-based models for
predicting enzyme kinetic parameters. The raw data un-
derlying the three endpoint datasets were curated from two
authoritative biochemical databases: BRENDA [12] release
2022 2 and SABIO-RK [18] as of November 2023. This
construction aims to provide an expanded and standardized
resource for the field of enzyme kinetic parameter predic-
tion, thereby promoting the systematic development and fair
benchmarking of enzyme kinetic prediction models.

The datasets focus on three primary enzyme kinetic pa-
rameters: the turnover number (kcat), Michaelis constant
(Km), and inhibition constant (Ki), based on in vitro mea-
surements of wild-type enzymes. Specifically, the datasets
include:

• 23,151 entries for Kinetic Parameter kcat;
• 41,174 entries for Kinetic Parameter Km;
• 11,929 entries for Kinetic Parameter Ki.
The construction of these datasets introduces several im-

provements:

❶ Data Selection and Standardization: When multiple
experimental measurements exist for the same enzyme-
substrate pair, the highest value is retained for kcat to capture
optimal reaction conditions. For Km and Ki, the geometric
mean is used, reflecting better consistency and stability for



Class Kinetic Dataset Total Details
kcat Km Ki

Dataset I (Main Test): kcat,Km and Ki from [3]
Entries 23,151 41,174 11,929 76,254

EC 1 Oxidoreductases 7,756 13,931 2,744 24,431
Oxidoreductases catalyze diverse redox reactions by transferring electrons between
molecules and substrates, and represent the largest EC class with broad kinetic and
functional diversity.

EC 2 Transferases 4,155 10,182 2,706 17,043
Transferases catalyze the transfer of functional groups between diverse substrates, en-
abling the formation of new chemical bonds and the rapid and efficient interconversion
of molecules.

EC 3 Hydrolases 8,065 11,025 4,083 23,173
Hydrolases catalyze the hydrolysis of diverse chemical bonds in biological molecules.
They efficiently cleave covalent linkages in various substrates with variable enzyme
kinetic parameters.

EC 4 Lyases 1,620 2,962 1,525 6107 Lyases catalyze the cleavage of chemical bonds without hydrolysis or oxidation. They
form double bonds or ring structures in substrates.

EC 5 Isomerases 928 1,311 434 2,673 Isomerases catalyze the conversion of molecules into their isomeric forms by reorga-
nizing atomic connectivity within the same substrate.

EC 6 Ligases 590 1,363 254 2,207 Ligases catalyze the formation of covalent bonds between two different molecules
using chemical energy from nucleotide triphosphates.

EC 7 Translocases 16 98 23 137 Translocases catalyze the active transport of ions or molecules across biological mem-
branes, efficiently coupled with chemical reaction energy.

Unclassified/Invalid 21 302 160 483 Entries that are unclassified or contain format errors, excluded from standard EC cat-
egorization.

Unique Sequences 7,183 12,355 2,829 22,367
Unique EC Classes 2,657 3,550 1,306 7,513
Unique Organisms 1,685 2,419 652 4,756
Dataset II (OOD Test): kcat and Km from [14]
Entries 35,147 29,321 - 64,468 -

EC 1 Oxidoreductases 12,197 9,770 - 21,967
Oxidoreductases catalyze diverse redox reactions by transferring electrons between
molecules and substrates, and represent the largest EC class with broad kinetic and
functional diversity.

EC 2 Transferases 8,148 7,820 - 15,968
Transferases catalyze the transfer of functional groups between diverse substrates, en-
abling the formation of new chemical bonds and the rapid and efficient interconversion
of molecules.

EC 3 Hydrolases 8,372 6,537 - 14,909
Hydrolases catalyze the hydrolysis of diverse chemical bonds in biological molecules.
They efficiently cleave covalent linkages in various substrates with variable enzyme
kinetic parameters.

EC 4 Lyases 3,264 2,510 - 5,774 Lyases catalyze the cleavage of chemical bonds without hydrolysis or oxidation. They
form double bonds or ring structures in substrates.

EC 5 Isomerases 1,854 1,367 - 3,221 Isomerases catalyze the conversion of molecules into their isomeric forms by reorga-
nizing atomic connectivity within the same substrate.

EC 6 Ligases 1,252 1,187 - 2,439 Ligases catalyze the formation of covalent bonds between two different molecules
using chemical energy from nucleotide triphosphates.

EC 7 Translocases 60 130 - 190 Translocases catalyze the active transport of ions or molecules across biological mem-
branes, efficiently coupled with chemical reaction energy.

Table S1. Detailed breakdown of the enzyme kinetic datasets from [3, 14] used for training and out-of-distribution (OOD) testing. We
provide the number of entries, unique sequences, EC classes, organisms, and additional information for each enzyme class in the main and
OOD test datasets.

binding affinity measurements.

❷ Diversity of Enzyme Sequences: These datasets sig-
nificantly expand enzyme sequence diversity compared to
previous datasets. They cover a broader range of enzyme
families, particularly at the first Enzyme Commission (EC)
level, without overrepresenting any specific categories. This
is an important step towards fair and comprehensive bench-
marking.

❸ Link to Structural Data: Each entry is linked to a
predicted three-dimensional structure of the corresponding
enzyme. In cases where structures are not available in
AlphaFold-2.0 [6], ESMFold [11] is used to generate these
models. This ensures that structural context is available for
all entries, further enriching the dataset for model training.

❹ Supporting Fair Benchmarking: By standardizing and
expanding the sequence and structure coverage, the dataset
offers a more representative resource for enzyme kinetic pa-



rameter prediction. This makes it well-suited for developing
and fairly evaluating learning-based models in the field.

Overall, this expanded dataset not only enhances the di-
versity of enzyme sequences but also ensures consistency
and stability in model training by using a representative
value for each enzyme-substrate pair. Compared to prior
works like DLKcat [10] and TurNup [8], our dataset covers
a broader range of enzyme families and provides a more
comprehensive foundation for large-scale enzyme kinetic
predictions.

A.2. Details OOD Dataset from [14]
To evaluate the out-of-distribution (OOD) generalization
performance of our model, we utilize two enzyme ki-
netic datasets focused on kcat and Km, compiled from the
BRENDA and SABIO-RK databases as collected by [14]
in Table S1. Each data entry contains enzyme sequences,
substrate information, and experimentally measured kinetic
parameters.

❶ Data Curation and Filtering: The initial collections
contained 143,473 entries for kcat and 75,149 entries for
Km. To ensure biological relevance, every protein sequence
was mapped to a unique UniProt ID, and sequences lacking
a valid or unambiguous ID were excluded. Substrate names
were cross-referenced with KEGG [7] and PubChem [16]
to obtain standardized 2D molecular structures. These sub-
strates were then converted into canonical SMILES using
RDKit [9]. Any substrates with ambiguous or unresolvable
identities were discarded to maintain chemical consistency.

❷ Inclusion of Mutant Enzymes: Mutant enzyme vari-
ants were retained in the dataset. While Km showed min-
imal differences between wild-type and mutant enzymes,
kcat distributions revealed that mutant enzymes typically ex-
hibit significantly reduced catalytic activity and efficiency
compared to wild-type counterparts.

❸ Final dataset composition: After rigorous screening,
the final dataset comprised 35,147 kcat records and 29,321
Km records, with one-tenth allocated as a test set for evalu-
ation.

❹ 3D Structure Generation for OOD Testing: No-
tably, we use the kcat and Km test sets from [14] for out-
of-distribution generalization testing. The corresponding
3D structures for the enzymes are generated using Open-
Fold [1] or ESMFold [11], ensuring that the structural data
is consistent with the latest advancements in protein struc-
ture prediction.

B. Enzyme Commission Distribution
This section explores the performance of various models
across different Enzyme Commission (EC) classes, focus-
ing on the influence of model architecture and the impact of

our ERBA (Enzyme-Reaction Bridging Adapter) in im-
proving predictions for enzyme kinetic parameters.

B.1. Overview of EC Class Distributions
Enzyme Commission (EC) classes group enzymes based on
their catalytic functions, and understanding the distribution
of these enzymes across various EC classes is crucial for
predicting their kinetic parameters accurately. The datasets
used in this experiment cover a wide range of EC classes,
from EC 1 (Oxidoreductases) to EC 6 (Ligases), and include
kinetic data for kcat, Km, and Ki. Each class includes differ-
ent numbers of entries, with EC 3 (Hydrolases) containing
the most data, and EC 6 (Ligases) containing fewer. The
purpose of this analysis is to evaluate how different model
backbones and ERBA impact the prediction performance
across these classes. It is notable that EC 7 (Translocases)
is excluded from the analysis due to insufficient data.

B.2. Effect of Different Model Architectures Across
EC Classes

Table S2 presents a comparison of various models across
six EC classes, with a focus on the performance metrics
R2, PCC, RMSE, and MAE for kcat, Km, and Ki. We ob-
serve that larger backbone models, such as Ankh3-5.7B [2]
and ProtT5-3B [5], outperform smaller models, like ESM2-
650M, across all EC classes, suggesting that larger models
are better equipped to handle the complexities of enzyme-
substrate interactions. In EC 1 (Oxidoreductases), Ankh3-
5.7B achieves a higher R2 score for kcat (0.52) compared to
ESM2-650M (R2 = 0.45). This indicates that larger back-
bone models are better at capturing the intricate relation-
ships between enzyme sequences and substrate properties.

B.3. Impact of Model Size within the ESM Archi-
tecture

Focusing specifically on the ESM2 architecture, we exam-
ine how different model sizes affect performance. As shown
in (c) and (d), increasing the model size from ESM2-650M
to ESM2-3B leads to noticeable improvements in perfor-
mance across EC classes. For instance, in EC 5 (Iso-
merases), the R2 score for kcat improves from 0.48 with
ESM2-650M to 0.50 with ESM2-3B. This performance
increase reflects the enhanced capacity of larger models
to process more complex enzyme-substrate interactions,
which are particularly important in enzyme families with
diverse substrates like EC 5 and EC 6.

B.4. Conclusion
The results demonstrate that larger backbone models, such
as Ankh3-5.7B and ProtT5-3B, perform better across di-
verse EC classes, highlighting the importance of model size
in capturing complex enzymatic processes. In the case
of ESM2, increasing the model size from ESM2-650M to



Index Class Name Kinetic Endpoint: kcat Kinetic Endpoint: Km Kinetic Endpoint: Ki
R2Ò PCCÒ RMSEÓ MAEÓ R2Ò PCCÒ RMSEÓ MAEÓ R2Ò PCCÒ RMSEÓ MAEÓ

(a) Ankh3-5.7B [2] w/ ERBA
EC-1 Oxidoreductases 0.39 0.68 1.25 0.89 0.51 0.78 0.83 0.61 0.53 0.73 1.29 0.96
EC-2 Transferases 0.44 0.65 1.23 0.87 0.55 0.74 0.78 0.58 0.39 0.65 1.27 0.97
EC-3 Hydrolases 0.45 0.70 1.13 0.85 0.53 0.73 0.85 0.60 0.29 0.60 1.72 1.27
EC-4 Lyases 0.52 0.73 1.20 0.91 0.60 0.79 0.73 0.55 0.54 0.74 1.36 0.99
EC-5 Isomerases 0.42 0.62 1.41 0.95 0.60 0.76 0.85 0.67 0.65 0.82 1.15 0.91
EC-6 Ligases 0.50 0.71 1.01 0.79 0.30 0.55 1.12 0.83 0.27 0.51 1.38 1.08
(b) ProtT5-3B [4] w/ ERBA
EC-1 Oxidoreductases 0.40 0.71 1.44 0.99 0.60 0.79 0.77 0.58 0.55 0.73 1.25 0.98
EC-2 Transferases 0.48 0.73 1.25 0.90 0.51 0.69 0.79 0.58 0.42 0.69 1.39 1.03
EC-3 Hydrolases 0.42 0.69 1.20 0.89 0.50 0.71 0.94 0.69 0.46 0.68 1.41 1.04
EC-4 Lyases 0.48 0.70 1.21 0.85 0.53 0.71 0.87 0.65 0.69 0.83 1.07 0.77
EC-5 Isomerases 0.46 0.70 1.29 0.90 0.63 0.80 0.80 0.61 0.65 0.81 1.10 0.89
EC-6 Ligases 0.54 0.79 0.92 0.67 0.40 0.65 0.97 0.71 0.41 0.65 1.30 0.97
(c) ESM2-650M [11] w/ ERBA
EC-1 Oxidoreductases 0.35 0.62 1.37 1.05 0.43 0.67 1.01 0.77 0.51 0.72 1.28 0.98
EC-2 Transferases 0.39 0.66 1.34 1.02 0.34 0.62 0.96 0.74 0.35 0.60 1.39 1.05
EC-3 Hydrolases 0.40 0.65 1.32 1.01 0.33 0.60 1.05 0.80 0.31 0.65 1.71 1.29
EC-4 Lyases 0.44 0.69 1.28 0.98 0.31 0.58 1.00 0.77 0.46 0.74 1.47 1.10
EC-5 Isomerases 0.43 0.65 1.32 0.99 0.53 0.77 0.90 0.81 0.71 0.87 1.12 0.88
EC-6 Ligases 0.50 0.71 0.99 0.79 0.33 0.57 1.09 0.85 0.32 0.60 1.41 1.08
(d) Ours (ESM2-3B [11] w/ ERBA)
EC-1 Oxidoreductases 0.37 0.62 1.32 0.95 0.55 0.74 0.90 0.69 0.58 0.77 1.19 0.92
EC-2 Transferases 0.46 0.69 1.22 0.87 0.53 0.73 0.81 0.61 0.38 0.65 1.37 0.99
EC-3 Hydrolases 0.43 0.68 1.18 0.88 0.51 0.72 0.90 0.65 0.48 0.71 1.50 1.10
EC-4 Lyases 0.50 0.71 1.27 0.92 0.56 0.75 0.81 0.61 0.65 0.81 1.19 0.84
EC-5 Isomerases 0.46 0.73 1.39 0.94 0.61 0.78 0.84 0.64 0.67 0.83 1.20 0.95
EC-6 Ligases 0.53 0.77 0.96 0.71 0.34 0.59 1.02 0.76 0.34 0.62 1.39 1.03

Table S2. Performance Comparison Across Enzyme Commission Classes. The table compares the performance of different backbone
models and the impact of ERBA on kinetic parameter prediction for six EC classes: EC 1 (Oxidoreductases), EC 2 (Transferases), EC 3
(Hydrolases), EC 4 (Lyases), EC 5 (Isomerases), and EC 6 (Ligases). Metrics include R2, PCC, RMSE, and MAE for kcat, Km, and Ki,
showcasing the effect of model size and architecture on the predictive accuracy across enzyme classes.

ESM2-3B significantly enhances performance, especially
in EC classes with diverse substrates, such as EC 5 (Iso-
merases). Furthermore, the introduction of ERBA pro-
vides a substantial boost to model performance by incorpo-
rating both substrate recognition and structural adaptation.
This underscores the effectiveness of staged conditioning
in improving enzyme kinetic predictions and enhancing the
model’s generalization capabilities.

C. Error Distribution Analysis

C.1. Overview of Error Distributions

The error distributions across different models (Ankh3-
5.7B, ProtT5-3B, ESM2-650M, and ESM2-3B) and their
corresponding performance with ERBA are analyzed in
terms of absolute prediction error. As shown in Figure S1,
all models show an overall improvement when enhanced
with ERBA, particularly in terms of 1-RadioAE values,
which represent the percentage of predictions with an ab-
solute error smaller than 1.

C.2. Performance of Ankh3-5.7B and Its Unique
Behavior on Km

Notably, the Ankh3-5.7B model, while showing lower over-
all performance compared to ESM2-3B (as observed in the
manuscript), performs significantly better in terms of Km
predictions. Specifically, the Ankh3-5.7B model achieves a
high 1-RadioAE value of 78.82% for Km predictions, indi-
cating a higher proportion of predictions with small errors
despite having lower overall R2 and PCC scores. This sug-
gests that Ankh3-5.7B may be better at making precise pre-
dictions within a narrower range of Km values, while other
models may struggle with broader generalization across the
Km space.

C.3. ESM2-3B: Best Overall Performance with
ERBA

The ESM2-3B model consistently outperforms all other
backbones, particularly for kcat and Km. The error distri-
butions show that the ESM2-3B with ERBA achieves the
highest 1-RadioAE values (67.67% for kcat, 79.53% for Km,



≤1-RadioAE : 82.18% ≤1-RadioAE : 57.67%≤1-RadioAE : 66.53%

(a) Error Distribution of Ankh3-5.7B w/ ERBA

≤1-RadioAE : 78.82% ≤1-RadioAE : 59.43%≤1-RadioAE : 66.23%

(b) Error Distribution of ProtT5-3B w/ ERBA

≤1-RadioAE : 59.33% ≤1-RadioAE : 55.56%≤1-RadioAE : 71.49%

(c) Error Distribution of ESM2-650M w/ ERBA

≤1-RadioAE : 67.67% ≤1-RadioAE : 62.28%≤1-RadioAE : 79.53%

(d) Ours (Error Distribution of ESM2-3B w/ ERBA)

Figure S1. Error Distribution Comparison Across Different Backbone Models and ESM Sizes. It shows the error distribution of predicted
versus experimental values for three kinetic parameters (kcat, Km, and Ki) across four backbone models: (a) Ankh3-5.7B [2], (b) ProtT5-
3B [4], (c) ESM2-650M [11], and (d) ESM2-3B [11], each augmented with ERBA. The plots show the proportion of predictions with
absolute error less than or equal to 1, denoted as 1-RadioAE.
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Method Kinetic Endpoint: Ki

R2↑ PCC↑ RMSE↓ MAE↓

Stage 1 w/ Concat & Self-Atention [15] 0.47 0.69 1.44 1.10
w/ MRCA (Ours) 0.61 0.78 1.26 0.91

Table S3. Stage 1 (Recognition) ablation on Ki: Replacing Concat
& Self-Attention with our MRCA markedly improves R2 and PCC
while reducing RMSE/MAE under identical settings.

and 62.28% for Ki), demonstrating its robust performance
across all three kinetic endpoints. This confirms the effec-
tiveness of the ESM2-3B backbone combined with ERBA
for enzyme kinetic parameter prediction.

C.4. Comparison with Smaller ESM2 Variants
Interestingly, while the larger models like ESM2-3B excel
overall, the smaller versions (such as ESM2-650M) show
a reduction in the percentage of predictions with smaller
errors, especially for Km. This highlights the trade-off be-
tween model size and accuracy for out-of-distribution gen-
eralization. Larger models tend to perform better overall
but may exhibit more variability in specific kinetic parame-
ter predictions, particularly in smaller enzyme classes or in
scenarios with less data.

D. Explainable Analysis
We further analyze the interpretability of our method
through the visualization of module behaviors. We further
analyze the interpretability of our method through the visu-
alization of module behaviors. In Figure S2, MRCA pro-
duces highly localized attention regions on the sequence
and assigns the highest scores to chemically functional
groups on the substrate. In Figure S3, the gating distribution
is sparse and dynamically relies on enzyme characteristics,
while 3D saliency map shows that top-1 expert responses
cluster around the adaptive binding pocket.

E. Additional Ablation Studies
To isolate the contribution of each component, we ablate on
Ki prediction under identical preprocessing, backbone, and

Method Kinetic Endpoint: Ki
R2↑ PCC↑ RMSE↓ MAE↓

Stage 2 w/ MoE [13] 0.50 0.71 1.39 1.05
w/ G-MoE (Ours) 0.61 0.78 1.26 0.91

Table S4. Stage 2 (Adaptation) ablation on Ki: standard MoE
vs. our G-MoE that routes by pocket geometry; geometry-aware
experts yield consistent gains across all metrics.

Method Kinetic Endpoint: Ki
R2↑ PCC↑ RMSE↓ MAE↓

Optimization w/ L2 Loss [17] 0.48 0.69 1.42 1.08
w/ ESDA (Ours) 0.61 0.78 1.26 0.91

Table S5. Objective ablation on Ki: plain L2 vs. ESDA-
regularized objective. Distribution alignment in RKHS stabilizes
fine-tuning and improves R2/PCC while lowering RMSE/MAE.

training schedule. Across all studies, each module provides
measurable gains and the full model is consistently best.

E.1. Stage 1: Does MRCA Help Recognition?
We replace the common Concat & Self-Attention [15] fu-
sion with our MRCA, as shown in Table S3, which ex-
plicitly conditions enzyme tokens on substrate tokens in the
PLM latent space before any structural input. MRCA im-
proves R2 from 0.47 to 0.61 (+0.14 / Ò29.8%), PCC from
0.69 to 0.78 (+0.09 / Ò13.0%), and reduces RMSE from 1.44
to 1.26 (Ó12.5%) and MAE from 1.10 to 0.91 (Ó17.3%). Re-
sults indicate that conditioning the PLM on substrate iden-
tity early yields a cleaner recognition signal than shallow
concatenation, which underuses PLM priors.

E.2. Stage 2: Is Geometry-aware MoE Necessary?
As shown in Table S4, we compare a standard MoE [13]
against our G-MoE, which routes by pocket geometry and
applies pocket-local, low-rank adaptation. G-MoE raises
R2 0.50Ñ0.61 (+0.11 / Ò22.0%) and PCC 0.71Ñ0.78
(+0.07 / Ò9.9%), while lowering RMSE 1.39Ñ1.26 (Ó9.4%)
and MAE 1.05Ñ0.91 (Ó13.3%). This validates that the
geometry-routed experts specialize to distinct conforma-
tional regimes (pocket size/shape/flexibility), outperform-
ing a single shared adaptation rule.

E.3. Does ESDA Stabilize Fine-tuning?
We replace the plain L2 regression with our ESDA ob-
jective, reported in Table S5, which aligns the distri-
butions of Hp0q (sequence), Hp1q (seq+substrate), and
Hp2q (seq+substrate+structure) to the PLM manifold via
RKHS MMD. ESDA improves R2 0.48Ñ0.61 (+0.13 /
Ò27.1%) and PCC 0.69Ñ0.78 (+0.09 / Ò13.0%), and re-
duces RMSE 1.42Ñ1.26 (Ó11.3%) and MAE 1.08Ñ0.91
(Ó15.7%). Thus, the distribution alignment curbs feature
flooding from strong structural cues and preserves pre-
trained biochemical semantics during adaptation.



E.4. Overall
Gains accumulate across stages: MRCA supplies substrate-
aware recognition, G-MoE injects pocket-specific adapta-
tion, and ESDA keeps both anchored to the PLM’s semantic
space, yielding the best accuracy and lowest errors on Ki.
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