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S1 Datasets of Cerebra-Epistasis

S1.1 Datasets for Cerebra-Seq model training and evaluation

Training datasets. We trained Cerebra-Seq using experimental structures from the OpenFold PDB

training set and a separately curated AlphaFold Protein Structure Database (AFDB) distillation set. The

original OpenFold PDB set contained ~130,000 protein monomers. After excluding samples shorter

than 50 residues, ~116,000 PDB samples remained for training.

The AFDB distillation set was constructed from AlphaFold-predicted structures for final training [1].

We selected approximately 2.30 million candidate proteins from the published non-singleton structural

cluster representatives obtained by Foldseek clustering of AFDB50 [2]. For each candidate, we
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downloaded the AlphaFold model_v4 structure in PDB format. By using DSSP secondary-structure
assignments [3], we trimmed contiguous coil regions from both termini. We calculated the mean
pLDDT and radius of gyration (R,) over the retained region. We retained only structures with a
mean pLDDT of at least 80, an effective trimmed length greater than 30 residues, and a full sequence
length below 800 residues. We also required the trimmed structures to satisfy the length-dependent
compactness criterion

R, < 0.2653L%33 nm, (S1)

where L denotes the effective length of the trimmed region in residues. This length-dependent empirical
upper bound was derived from statistics of monomeric PDB structures. These filters yielded 583,100
protein structures for the AFDB distillation set, which was incorporated during the final fine-tuning

stage.

Test datasets. Since the OpenFold dataset contains PDB structures released by December 2021, we
used the annual CAMEOQ datasets from the two most recent complete calendar years as the primary test
sets to evaluate our model: CAMEO 2024 (2024.01-2025.01) and CAMEO 2025 (2025.01-2026.01).
After excluding targets shorter than 50 amino acids, we retained 642 and 573 protein targets, respectively,

for evaluating the structure-prediction accuracy of Cerebra-Seq and the baseline models.

S1.2 Fitness and epistasis datasets for Cerebra-Epistasis training and evaluation

cDNA proteolysis dataset. Tsuboyama et al. developed a high-throughput cDNA display proteolysis
assay to measure the thermodynamic folding stability of protein variants [4]. In this assay, proteins
covalently linked to their corresponding cDNA were subjected to proteolysis, and the abundance of
intact proteins was quantified by deep sequencing to infer folding stability. The resulting dataset
contains large-scale stability measurements for single amino-acid variants and selected multiple mutants
across hundreds of natural and designed protein domains.

For the cDNA proteolysis dataset, the mut_type field was used as the mutation annotation and
the ddG_ML field as the mutation-effect label. Records for which ddG_ML could not be converted to a
numeric value were removed. Records containing synonymous substitutions, insertions, or deletions
were also excluded. Label values were then averaged across records with identical mutation annotations

for the same protein, and records annotated as wt were subsequently excluded.

ArchStabMS1E10 Epistasis dataset. Faure et al. constructed large-scale combinatorial mutagenesis
libraries to investigate the effects of higher-order amino-acid substitutions on protein stability and
function [5]. Variant phenotypes were quantified using protein-fragment complementation assays,
including AbundancePCA to measure protein abundance and, for selected libraries, BindingPCA
to measure ligand binding, enabling systematic characterization of mutational effects and epistatic
interactions across high-dimensional protein sequence spaces.

For the ArchStabMS1E10 Epistasis dataset, we retained libraries 1_lenient, 2, 3, and 4, and
excluded library 1, which contained fewer records and was a subset of 1_lenient. Within each
library, mutation annotations were inferred by comparing the mutant sequences with the corresponding

wild-type sequence.
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Antitoxin ParD3 Epistasis dataset. Lite et al. constructed a combinatorially complete library cover-
ing all 203 = 8,000 amino-acid combinations at three key interaction positions in the ParD3 antitoxin
and quantified the toxin-neutralization capacity of the variants using cellular growth competition and
deep sequencing [6]. The processed variant-effect data used in this study were obtained from the
subsequently released CoVES dataset [7].

For the Antitoxin ParD3 Epistasis dataset, the corresponding wild-type sequence was obtained
from the original publication and added to the dataset. Records containing nonsense mutations were
excluded, and label values were averaged across records with identical mutation annotations. Relative
mutation effects were calculated by subtracting the wild-type label from each mutant label. The
mutation annotations were then applied to the wild-type sequence to generate the corresponding mutant

sequences.

TrpB Epistasis dataset. Johnston et al. constructed a combinatorially complete fitness landscape
comprising all 20* = 160,000 amino-acid combinations at four residues near the active site of a
thermostable tryptophan synthase S-subunit (TrpB) [8]. Variant fitness was quantified using a pooled-
culture enrichment assay in tryptophan-auxotrophic Escherichia coli, in which TrpB catalytic activity
supports cellular growth, and changes in variant frequencies were measured by deep sequencing.

For the TrpB Epistasis dataset, the corresponding wild-type sequence was obtained from the
original publication and added to the dataset. Records containing nonsense mutations were excluded.
The processed mutation annotations were subsequently applied to the wild-type sequence to generate

the corresponding mutant sequences.

Human Myoglobin Epistasis dataset. Kiing et al. constructed a deep mutational scanning dataset for
human myoglobin (hMb) using yeast surface display, fluorescence-activated cell sorting (FACS), and
next-generation sequencing [9]. The variant library contained thousands of single and double mutants,
and variant expression levels were quantified as expression fitness scores based on their distributions
across fluorescence-sorting bins. These expression fitness scores were further shown to correlate with
the thermostability of soluble hMb variants, providing a large-scale dataset for characterizing mutation
effects and epistatic interactions.

For the Human Myoglobin Epistasis dataset, the wild-type amino-acid sequence was added to
the dataset. Codon-level mutation annotations were converted to amino-acid-level mutation annotations,
while records in which a mutant codon encoded a stop codon were excluded. Label values were
averaged across records with identical mutation annotations, and records containing synonymous

substitutions were further excluded.

CTXM Epistasis dataset. Judge et al. performed large-scale pairwise deep mutational scanning
across 17 active-site residues of the CTX-M-14 S-lactamase to characterize epistatic interactions
between amino acid substitutions [10]. Variant fitness was quantified by functional selection of
Escherichia coli expressing the mutant enzymes in the presence of cefotaxime or ampicillin, followed
by next-generation sequencing to measure changes in variant frequencies. The resulting fitness
measurements quantify the relative antibiotic-resistance function of single and double mutants and

enable systematic analysis of pairwise epistasis within the enzyme active site.
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For the CTXM Epistasis dataset, low-confidence mutation records were excluded. Each original
record was expanded into its two constituent single substitutions and the corresponding double
substitution. The corresponding wild-type sequence was obtained from the original publication
and added to the dataset. Mutation positions were then converted from Ambler numbering to the
corresponding positions in the protein sequence. Within each antibiotic-selection condition, label

values were averaged across records with identical mutation annotations.

ProteinGym DMS Substitutions dataset. Notin et al. developed ProteinGym, a large-scale
benchmark that integrates deep mutational scanning datasets from diverse proteins and experimental
systems for evaluating protein variant-effect prediction and protein design methods [11]. ProteinGym
standardizes mutation annotations and experimental measurements across assays, with the direction
of the DMS_score normalized such that higher values consistently indicate better variant fitness or
performance in the measured phenotype, while the specific biological interpretation of the score
remains assay dependent.

For the ProteinGym DMS Substitutions dataset, mutation annotations were validated and
standardized. Within each assay, the wild-type sequence was inferred from the mutation annotations
and corresponding mutant sequences, and the consistency of the inferred wild-type sequences was
verified to ensure compatibility between the mutation annotations and mutant sequences.

For all datasets, the processed data were organized into separate directories for individual
reference entries. Each directory contained three files: data.csv, wt.fasta, and metadata. json. The
data.csv file contained three fields: mutation_name, representing the standardized mutation annotation;
mutated_sequence, representing the corresponding mutant sequence; and label, representing the
mutation-effect measurement. All mutation positions were standardized to O-based indexing. The
wt.fasta file contained the corresponding wild-type sequence, whereas the metadata. json file
contained summary statistics for the corresponding mutation dataset. Detailed implementations of

these preprocessing procedures are available in MutCleaner [12].

S2 Cerebra-Epistasis benchmark settings

We evaluated the structural accuracy and computational efficiency of Cerebra-Seq, the single-sequence
structure predictor within Cerebra-Epistasis. We assessed the complete framework through benchmarks
for fitness and epistasis prediction.

For fitness and epistasis evaluation, we used three sources of mutational fitness data containing
multi-mutant measurements. The cDNA proteolysis dataset contributed 154 assays. After removing
assays overlapping with the cDNA proteolysis dataset, ProteinGym contained 19 assays. We also
curated an Epistasis dataset from published studies and associated data repositories; after removing
overlaps with ProteinGym, this collection contained 10 assays. All available assays were used in the
benchmarks and were assigned to individual evaluation settings according to their mutation-order
composition and the requirements of each benchmark. Details of dataset collection, curation, and
preprocessing are provided in Supplementary Section S1.2. Here, 1M and 2M denote single- and
double-mutant variants, respectively; 3M+ denotes variants containing three or more substitutions,

and 1M+ denotes variants containing one or more substitutions. For order-averaged evaluation, only
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assay—order groups containing at least 15 test variants were included; metrics were then averaged equally
across eligible mutation orders within each assay and subsequently across assays. The experimental

settings for all benchmarks are summarized in Supplementary Table S1.

S2.1 Structure prediction benchmark

The structure prediction benchmark was conducted on the CAMEOQO protein test sets described in
Supplementary Section S1.1. Cerebra-Seq, ESMFold, OmegaFold, and SPIRED were run for four
forward cycles, including the initial pass. For Cerebra-Seq, five checkpoints selected based on the
training curves were used for prediction. Baseline checkpoints and candidate-generation settings,
including the ESM3 sampling procedure, are described in Supplementary Section S4.1.

For each method and target, five candidate structures were generated and evaluated against the
corresponding experimental reference structure. For ESMFold and OmegaFold, candidates from the
two checkpoints were pooled within each method to form a single set of five structures. The highest
TM-score among the five candidates was used as the target-level score for all methods (best-of-5

evaluation).

S2.2 Structure inference time benchmark

Inference time was measured on a single NVIDIA A100 80GB GPU. Cerebra-Seq, ESMFold,
OmegaFold, and SPIRED were each run for four forward cycles, including the initial pass. ESM3 was
excluded from the inference-time benchmark because its iterative structure-generation protocol differed
from the four-cycle prediction protocol used for the other models. Timing was collected after model
loading and warm-up, and each measurement covered the complete inference workflow from sequence
input to all-atom structure output. Measurement was repeated three times for each sequence length,
and the mean inference time was reported.

For ESMFold and OmegaFold, chunking and subbatching were disabled, respectively, to exclude
the associated computational overhead from the measurements. For SPIRED, the timed workflow

included all-atom reconstruction by GDFold2 [13] with its default parameters.

S2.3 1M+ to 1M+ fitness prediction benchmark

The 1M+ to 1M+ benchmark evaluates fitness prediction for single- and multi-mutant variants within
the same assay. The benchmark comprised 29 assays, including 19 from ProteinGym and 10 from the
Epistasis dataset, each containing both single- and multi-mutant variants. All available variants from
each assay were included. The cDNA proteolysis assays were evaluated separately in a benchmark
described below.

For each assay, variants were divided into five folds using a position-balanced random splitting
strategy. Compared with a fully random split, this procedure approximately balanced the occurrence of
each mutation position across folds.

In each cross-validation round, four folds were used for model training and the remaining fold
was held out for testing. The procedure was repeated five times so that each variant was predicted

exactly once in the held-out test fold. Predictions from the five test folds were concatenated to obtain



848

849

850

851

852

853

854

855

856

857

858

859

860

861

862

863

864

865

866

867

868

869

870

871

872

873

874

875

876

877

878

879

880

881

out-of-fold predictions for the entire assay. Performance was evaluated both across all variants and

separately by mutation order. All baseline methods were evaluated using the same five-fold partitions.

S2.4 Low-N 1M/2M to 3M+ fitness prediction benchmark

Following the Low-N 1M/2M to 3M+ benchmarking strategy used in MULTI-evolve [14], we randomly
sampled single mutants and their combinatorial variants from each assay. The benchmark comprised
18 assays, including 10 from ProteinGym and 8 from the Epistasis dataset. Only assays containing 1M,
2M, and 3M+ variants were included.

For each assay, the sampled 1M and 2M variants formed a training set containing fewer than
300 labeled variants, while the corresponding 3M+ combinatorial variants were reserved for testing.
The 3M+ test variants represented unseen higher-order combinations composed exclusively of single

mutations present in the training set. All baseline methods used the same training and test variants.

S2.5 1M/2M to 3M+ fitness prediction benchmark

Consistent with the higher-order extrapolation setting used in MULTI-evolve [14], the full 1M/2M to
3M+ benchmark followed the same assay selection as the Low-N 1M/2M to 3M+ benchmark above,
but without Low-N sampling. For each assay, all available single mutants were retained, multi-mutant
variants were restricted to combinations of these single mutations, and all retained 1M and 2M variants
were used for training while all retained 3M+ variants were reserved for testing. All baseline methods

used the same training and test variants.

S2.6 cDNA proteolysis multi-mutant fitness prediction benchmark

Among the 398 cDNA proteolysis assays, 154 containing multi-mutant variants were included in this
benchmark. These assays were evaluated separately from the 1M+ to 1M+ benchmark because they
share a common protein-stability-related label definition across proteins, providing a more homogeneous
setting for cross-protein analysis.

For each assay, variants were divided into five folds using the same position-balanced random
splitting strategy as in the 1M+ to 1M+ benchmark. In each cross-validation round, Cerebra-Epistasis
was trained as a single shared model across all assays and evaluated on the corresponding held-out fold
of each assay, whereas baseline methods were trained separately for each assay using the same five-fold
splits. Details of the joint training procedure are provided in Supplementary Section S3.5.

Predictions from the five held-out test folds were concatenated for each assay before calculating
assay-level performance. Performance was evaluated both across all variants and separately by mutation

order.

S2.7 avGFP experimental fitness prediction benchmark

The avGFP assay provided by ProteinGym [11] was used for model training, and 39 experimentally

measured avGFP variants reported by Mi et al. [15] were used as an independent test set.



882

883

884

885

886

887

888

889

890

891

892

893

894

895

896

897

898

899

900

901

902

903

904

905

906

907

908

909

910

For Cerebra-Epistasis, 10% of the ProteinGym data were randomly held out as a validation set.
A small number of candidate hyperparameter configurations were empirically evaluated, and the
configuration with the highest validation Spearman correlation was selected. The model was then
retrained on the complete ProteinGym avGFP dataset using the selected configuration and evaluated on

the 39 experimental variants. No test-set measurements were used for hyperparameter selection.

S2.8 Low-N 1M/2M to held-out 2M (epistasis) prediction benchmark

To evaluate pairwise epistasis prediction for unseen mutation combinations under limited training data,
we constructed a Low-N 1M/2M to held-out 2M (epistasis) benchmark comprising 22 assays, including
15 from ProteinGym and 7 from the Epistasis dataset. For each assay, approximately 300—400 labeled
IM and 2M variants were sampled, with all retained double mutants composed exclusively of single
mutations represented in the corresponding 1M set.

The 2M variants were divided into five folds using a position-balanced random splitting strategy,
while all sampled 1M variants were retained in the training set of every cross-validation round. In each
round, all sampled 1M variants together with four folds of 2M variants were used for training, and the
remaining 2M fold was held out for testing. Thus, the constituent single mutations of each test double
mutant were observed during training, while the specific pairwise combination was not.

For each held-out double mutant, predicted pairwise epistasis was calculated as the deviation of
its predicted fitness from the additive expectation of its constituent single mutations, with experimental
epistasis calculated analogously from the measured fitness values. This procedure was repeated for
each of the five 2M folds so that every retained double mutant was predicted exactly once as a held-out
test sample. The resulting out-of-fold epistasis predictions were concatenated for each assay before
calculating assay-level performance. All baseline methods were evaluated using the same five-fold

partitions.

S2.9 S461 protein stability prediction benchmark

The S461 benchmark [16] is a manually corrected subset of the S669 benchmark [17] and contains 461
single-point mutations with experimentally measured protein stability changes (AAG). Only proteins
containing at least 10 experimentally measured mutations were retained for evaluation.

Performance was evaluated separately for each retained protein and subsequently summarized

across proteins.
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Table S1. Overview of the Cerebra-Epistasis benchmark settings used for model evaluation.

Benchmark Dataset Training data Test data

1M+ to 1M+ fitness ProteinGym + Epistasis (29)  Four folds of 1M+ Held-out fold of 1M+
Low-N 1M/2M to 3M+ fitness ProteinGym + Epistasis (18)  Sampled 1M + 2M (< 300) 3M+

1M/2M to 3M+ fitness ProteinGym + Epistasis (18)  All IM + 2M 3M+

c¢DNA proteolysis multi-mutant fitness cDNA proteolysis (154) Four folds of 1M+ Held-out fold of 1M+
Low-N 1M/2M to held-out 2M (epistasis)  ProteinGym + Epistasis (22) 1M + four folds of 2M Held-out fold of 2M
S461 protein stability S461 (12) cDNA proteolysis S461

avGFP experimental fitness avGFP ProteinGym avGFP 39 experimental variants

S3 Cerebra-Epistasis training and implementation details

S3.1 Cerebra-Seq pretraining

The pretraining protocol for Cerebra-Seq was adapted from Cerebra [18]. We defined two PDB subsets:
a 10K dataset containing 10,000 randomly selected monomers with sequence lengths between 100 and
400 residues and resolution better than 3 A, and a 3 A dataset containing all eligible PDB samples
with resolution better than 3 A. The full PDB training set comprised approximately 116,000 samples
after length filtering. In the fourth stage, the model was fine-tuned on a mixture of the OpenFold PDB
training set and the AFDB distillation set at a ratio of 1:2. The pLDDT prediction loss was applied
only to PDB samples with experimental resolution better than 3 A.

The training strategies are described in detail in Supplementary Table S2. The training objectives
were adapted from Cerebra [18] with two modifications. First, we removed the masked-MSA prediction
loss, as Cerebra-Seq uses single-sequence representations rather than MSA inputs. Second, for
relative-rotation supervision, we replaced the component-wise L_1 error between the predicted and

reference unit quaternions with the sign-invariant discrepancy.

fquaternion =1- (qpred ’ qtrue)2 . (SZ)

The inner product measures their angular agreement, and squaring it accounts for the equivalence of q
and —(q as representations of the same rotation. The resulting errors were aggregated as in the original

Cerebra loss.

Table S2. Training strategy.

Stage Datasets Loss function Crop size Side-chain prediction
1 10K PDB subset Lo 256 X
2 3 A PDB subset LCerebra 256 x
3 Full PDB training set L wnine 384
4 PDB + AFDB distillation data fine-tuning 384

Cerebra
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S3.2 Downstream fitness model and training setup

Unless otherwise specified, the pretrained Cerebra-Seq module was kept frozen and only the downstream
prediction network was optimized. The SE(3)-Transformer encoder consisted of an input ConvSE3
layer, followed by one SE(3)-Transformer block comprising an equivariant multi-head attention layer
and a feed-forward layer, and an output ConvSE3 layer. The attention layer used four heads with
a per-head dimension of 64. The hidden fibers contained 320 degree-0 channels and 32 degree-1
channels, whereas the output fibers contained 128 degree-0 channels and 32 degree-1 channels. The
interaction function fy was implemented as an MLP with the layer dimension rg — 256 — 128 — 1
and GELU activation after the first two linear layers, where ry denotes the interaction rank.

Models were optimized using Adam without weight decay. Experimental fitness labels were
standardized separately for each assay using the mean and standard deviation computed from the
corresponding training partition. Models were trained to predict standardized fitness values, and
predictions were transformed back to the original label scale using the corresponding training-set
statistics before evaluation. The S461 protein stability benchmark was an exception, for which no label

normalization was applied. Gradients were clipped to a maximum global norm of 2.0.

S3.3 Fitness and epistasis training objectives

Training was based on a primary fitness prediction objective and, where applicable, an auxiliary
pairwise epistasis objective. For a training set containing N variants, the fitness prediction loss was
defined as

N
1 .
Litness = N lzzl SmOOthLlﬁ(yi’ yi) s (S3)

where y; and y; denote the predicted and experimental fitness values on the training scale, respectively,
and B = 1.0. For benchmarks using label normalization, the loss was evaluated in the standardized
fitness space.

When both constituent single mutants of a training double mutant were available in the same
training partition, an auxiliary pairwise epistasis target was constructed. Let § 4 5 denote the standardized
fitness of a double mutant and y 4 and J 5 those of its constituent single mutants. The auxiliary pairwise
epistasis target was defined as

8;21); =YAB— YA — JB. (S4)

Consistent with the fitness assembly function, the corresponding model-predicted pairwise epistasis

was defined as
&0) = falca(ua +up)) — fo(ua) - fo(up), (S5)

where ¢,, = 1/4/m when mutation-order scaling was enabled and c,, = 1 otherwise. Only double
mutants for which both constituent single-mutant measurements were present in the corresponding

training partition were included in the auxiliary objective. The epistasis loss was then defined as

N .

1 epi

Lepi = N_ SmoothLI,g (éj, 8]') R (S6)
epi 751
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where Np; is the number of eligible double mutants in the training partition. The overall training
objective was
L = Litness + /1epi~£epi, (S7)

where A¢p; controls the contribution of explicit pairwise epistasis supervision. When A¢p; = 0, only the
fitness prediction objective was optimized. Benchmark-specific values of Ap; and the mutation-order

scaling setting are summarized in Supplementary Table S3.

S3.4 Benchmark-specific downstream training settings

Most training settings were shared across benchmarks. A small number of settings, including the
learning rate, interaction rank ry, pairwise epistasis supervision, and mutation-order scaling, were
selected separately for each benchmark. When hyperparameter selection or early stopping was required,
a validation subset was held out from the training data for this purpose. The selected settings were then
fixed and applied uniformly to all assays and data partitions within the same benchmark. Test data
were never used for hyperparameter selection or early stopping. The final settings are summarized in

Supplementary Table S3.

S3.5 Specialized training strategies

Joint training across cDNA proteolysis assays. For the cDNA proteolysis multi-mutant benchmark,
Cerebra-Epistasis was trained jointly across assays using a single shared model. During training,
each assay contributed its own training variants and assay-specific loss to update the shared model
parameters. Label normalization was performed separately for each assay using the mean and standard
deviation computed from its corresponding training partition. The corresponding training configuration

is provided in Supplementary Table S3.

Table S3. Benchmark-specific training settings.

Benchmark Epochs Learningrate rg cm  Aepi
1M+ to 1M+ Early stopping 5x 107 320 10
c¢DNA proteolysis 150 5x 1074 320 1 0
Low-N 1M/2M to held-out 2M (epistasis) 150 5% 10~ 320 1 2
Low-N 1M/2M to 3M+ 150 1x 1074 64 \/L% 2
1M/2M to 3M+ 150 1x 1074 64 \/Lﬁ 2

End-to-end training. End-to-end training was first evaluated on the 154 cDNA proteolysis assays
containing multi-mutant measurements. This protein-level split differed from the within-assay, position-
balanced split described in Supplementary Section S2.6. Reference protein sequences were grouped
into five clusters using NW-align-based sequence similarities, without a predefined sequence-identity

threshold. Each cluster defined one cross-validation fold, with all variants of each assay kept together.
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In each cross-validation round, an independent model was trained on four folds and evaluated on
the remaining fold. Cerebra-Seq was initialized from its pretrained weights and then trained end to end
with the downstream fitness-prediction components on the training assays. In the frozen-Cerebra-Seq
baseline, Cerebra-Seq was initialized from the same pretrained weights but kept fixed, so that only the
downstream components were optimized. Both settings used identical partitions. Models were trained
independently across the five rounds.

The downstream components were trained with a learning rate of 5 x 107*. The pretrained
Cerebra-Seq weights were fine-tuned at 5 x 1075, Experimental PDB structures were available for 139
of the 154 reference proteins. Structural supervision was applied to training proteins with experimental
structures, using the end-to-end training objective

LioE = Lfitness + 0.001 £ine e, (S8)

Cerebra

fine-tune : :
Corobra 18 the fine-tuning

Here, Lgmess 1S the fitness prediction loss defined above. The structural term £
objective specified in Supplementary Table S2, incorporating the loss modifications described above.
For the remaining 15 proteins without experimental structures, only the fitness prediction loss was
applied. Structural metrics were evaluated on proteins with experimental structures in the held-out fold
of each round.

To characterize training—test sequence similarity, we computed each held-out protein’s maximum
sequence identity to any protein in the four training folds. Fold-specific nearest-neighbour identity
statistics are provided in Supplementary Table S4. The maximum identity remained below 50% in
every fold, with an overall maximum of 43.60%.

For the final S461 evaluation, we identified the best-performing epoch in each cDNA cross-
validation round. The final training duration was determined from the arithmetic mean of these five
epoch numbers. Models were then trained on all cDNA assays for the resulting number of epochs.
They were evaluated on the independent S461 stability benchmark using the protocol described in

Supplementary Section S2.9.

Table S4. Sequence similarity and structure-label availability across the cluster-based cDNA cross-validation folds.
Nearest-neighbour (NN) identity is each held-out reference protein’s maximum sequence identity to any reference protein
in the four training folds. The > 40% column counts held-out assays meeting this identity threshold. Structure-label
counts indicate reference proteins with experimental PDB structures used for structural supervision in the training folds or
structural evaluation in the held-out fold.

Training Test
Mean NN Maximum NN NN identity
Test fold Assays structure labels structure labels
identity (%) identity (%) > 40% (n)
(n) (n)
Fold 0 44 33.18 43.60 5 104 35
Fold 1 19 33.73 43.60 3 122 17
Fold 2 33 33.20 38.90 0 108 31
Fold 3 29 34.79 42.90 2 110 29
Fold 4 29 34.17 41.90 3 112 27

12
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S4 Baseline methods and comparison settings

S4.1 Structure prediction baselines

For structure prediction, Cerebra-Seq was compared with ESMFold [19], OmegaFold [20], ESM3 [21],
and SPIRED [22]. ESMFold predictions used the officially released esmfold_v@ and esmfold_v1
checkpoints. OmegaFold predictions used the officially released releasel.pt and release2.pt
checkpoints. For ESM3, each candidate structure was generated in an independent run with 20 iterative

sampling steps. Unless otherwise specified, all baseline models were run using their default settings.

S4.2 Fitness and epistasis prediction baselines

For fitness and epistasis prediction, we included supervised baselines following the ProteinGym
benchmark [11]. The one-hot encoding (OHE) baseline used one-hot-encoded mutant sequences as
input to ridge regression. The OHE-based baselines additionally incorporated zero-shot fitness scores
from ESM-1v [23], Tranception [24], or MSA Transformer [25]. The embedding-based baselines
instead used mean-pooled sequence embeddings from each of these pretrained models, augmented
with zero-shot fitness scores from the corresponding model, as inputs to ridge regression. We
additionally compared Cerebra-Epistasis with MULTI-evolve [14], Kermut [26], and ProteinNPT [27].
All supervised baseline predictors were trained on the same training partitions as Cerebra-Epistasis
and evaluated on the corresponding test partitions within each benchmark. The ProteinGym-derived
baselines followed their published implementations [11, 27], while MULTI-evolve and Kermut followed

their respective original implementations.

S4.3 Fitness and epistasis prediction baselines

For fitness and epistasis prediction, we included supervised baselines following the ProteinGym
benchmark [11]. The one-hot encoding (OHE) baseline used one-hot-encoded mutant sequences
with a regularized linear prediction head. The augmented OHE baselines additionally used zero-shot
fitness scores from ESM-1v [23], Tranception [24], or MSA Transformer [25] as prediction covariates.
The embedding-based baselines processed residue-level embeddings from each of these pretrained
models with a one-dimensional convolution followed by mean pooling, and used the corresponding
zero-shot fitness score as an additional prediction covariate. We also compared Cerebra-Epistasis with
MULTI-evolve [14], Kermut [26], and ProteinNPT [27].

All supervised baselines were trained on the same training partitions as Cerebra-Epistasis and
evaluated on the corresponding test partitions within each benchmark. The ProteinGym-derived
baselines used the publicly released ProteinNPT implementation [11, 27], while MULTI-evolve and

Kermut followed their respective original implementations.

S4.4 AAG prediction baselines

For protein stability prediction on the S461 benchmark, Cerebra-Epistasis was compared with
established AAG prediction methods, including DDMut [28], ProteinEBM [29], PROSTATA [30],

13



143 RaSP [31], SPIRED-Fitness [22], GeoDDG-3D and GeoDDG-Seq [32], Mutate Everything (ESM-
1044 2) [33], ThermoMPNN [34], Pythia [35], SPURS [36], and SPIRED-Stab [22]. All baseline predictions
145 were generated using the publicly available pretrained model weights and the corresponding original
146 1Inference procedures. Performance was evaluated on the S461 benchmark following the protocol

147 described in Supplementary Section S2.9.

we 95 Supplementary Results

s 95.1 Supplementary Results for 1M+ to 1M+

150 Results for the IM+ to IM+ benchmark described in Supplementary Section S2.3 are summarized in
st Supplementary Table S5. Cerebra-Epistasis achieved the strongest overall performance, ranking first
12 on most evaluated correlation- and ranking-based metrics.

Table SS. Performance on the 1M+ to 1M+ benchmark under overall and order-averaged assay-level evaluation. Values are
reported as mean + SD across assays.

Model Spearman p Pearson r Kendall T NDCG Top recall
(top 10%0) (top 10%0)

Overall assay-level evaluation

OHE 0.74 £ 0.18 0.73 +0.17 0.56+0.17 088 +0.09 0.50=+0.17
OHE + ESM-1v 0.75£0.18 0.75 £0.16 0.58+0.16 0.89+0.08 0.51=+0.18
Embeddings + ESM-1v 0.70 £0.20 0.72 £0.18 053+£0.19 086+0.11 0.48+0.20
OHE + Tranception 0.77 £ 0.18 0.76 + 0.16 0.60+0.17 090+0.07 0.54+0.17
Embeddings + Tranception 0.77 + 0.19 0.80 + 0.14 0.60+0.18 090+0.08 0.55=+0.18
OHE + MSA Transformer 0.78 £0.19 0.77 £0.16 0.60+£0.17 091+0.07 0.55=+0.18
Embeddings + MSA Transformer 0.76 £ 0.18 0.79 £0.16 059+0.18 090+0.08 0.54+0.18
ProteinNPT 0.84 + 0.17 091 +0.12 0.69+0.18 094+0.07 0.67=+0.20
Cerebra-Epistasis 0.85 £ 0.17 0.91 + 0.12 0.70 £ 0.17 0.95+0.06 0.68 + 0.19

Order-averaged assay-level evaluation

OHE 0.68 +£0.17 0.68 +0.16 0.52+0.15 086+0.10 047=+0.14
OHE + ESM-1v 0.69 +0.16 0.69 +0.15 052+0.14 086+0.09 045=+0.14
Embeddings + ESM-1v 0.63 +0.21 0.65 +0.20 047+0.18 0.81+0.16 0.41=+0.16
OHE + Tranception 0.70 £ 0.16 0.70 £ 0.15 0.54+0.14 087+0.09 048=+0.14
Embeddings + Tranception 0.70 £ 0.17 0.73 £ 0.16 054+0.16 086+0.11 047=+0.14
OHE + MSA Transformer 0.71 £ 0.17 0.71 £ 0.16 055+0.15 087+0.09 049=+0.14
Embeddings + MSA Transformer 0.69 +0.17 0.71 £ 0.16 053+0.15 0.85+0.11 045=+0.15
ProteinNPT 0.78 £0.19 0.85 + 0.16 0.63+0.18 091 +0.09 0.60=+0.19
Cerebra-Epistasis 0.78 + 0.17 0.85+0.15 0.63+0.17 092+0.09 0.62+0.18
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s 95.2  Supplementary Results for Low-N 1M/2M to 3M+

s Results for the Low-N 1M/2M to 3M+ benchmark described in Supplementary Section S2.4 are
155 summarized in Supplementary Table S6. Cerebra-Epistasis achieved the strongest overall performance
s and retained its advantage under order-averaged evaluation.

Table S6. Performance on the Low-N 1M/2M to 3M+ benchmark under overall and order-averaged assay-level evaluation.
Values are reported as mean = SD across assays.

Model Spearman p Pearson r Kendall 7 NDCG Top recall
(top 10%0) (top 10%0)

Overall assay-level evaluation

OHE 0.60 +0.25 0.61 +0.25 045+021 0.84+0.11 0.46=+0.23
OHE + ESM-1v 0.63 +£0.23 0.64 +0.22 047+0.19 0.86+0.10 048 +0.22
Embeddings + ESM-1v 0.63 £0.23 0.63 +£0.23 047+0.19 084+0.12 047=+0.21
OHE + Tranception 0.63 +0.22 0.64 +0.21 047+0.19 086+0.10 048 +0.22
Embeddings + Tranception 0.62 +0.26 0.66 +0.24 047+021 0.85+0.11 0.48=+0.23
OHE + MSA Transformer 0.64 +£0.23 0.64 +0.22 048+0.19 087+0.11 0.48+0.22
Embeddings + MSA Transformer 0.60 + 0.29 0.61 + 0.28 045+024 0.80+0.16 0.46+0.22
MULTI-evolve 0.61 +0.26 0.65 +0.25 047+022 0.85+0.12 048+0.22
Kermut 0.62 +0.25 0.63 +0.23 047+021 0.86+0.11 0.50+0.21
ProteinNPT 0.56 £ 0.31 0.62 +0.30 042+025 0.84+0.13 048+0.23
Cerebra-Epistasis 0.65 + 0.24 0.66 + 0.21 049 +021 0.86+0.10 0.51 +0.19

Order-averaged assay-level evaluation

OHE 0.62 +0.25 0.62 +0.25 047+021 085+0.11 045+022
OHE + ESM-1v 0.63 £0.24 0.62 +£0.24 047+020 0.85+0.10 0.45=+0.21
Embeddings + ESM-1v 0.62 +0.23 0.62 +0.24 047+020 083+0.12 045+0.21
OHE + Tranception 0.62 +0.24 0.62 +0.23 047 +£021 0.85+0.10 0.46+0.22
Embeddings + Tranception 0.61 £ 0.26 0.64 £ 0.24 047+022 0.85+0.11 045+0.21
OHE + MSA Transformer 0.62 +0.24 0.62 +0.24 047 +021 0.85+0.10 0.46+0.22
Embeddings + MSA Transformer 0.59 +0.30 0.60 + 0.28 046+025 082+0.15 043+023
MULTI-evolve 0.63 +0.26 0.65 +0.25 048 +£0.22 0.85+0.12 0.47+0.23
Kermut 0.62 £ 0.25 0.62 £ 0.24 048 +022 085+0.13 044+022
ProteinNPT 0.57 £ 0.29 0.59 +0.30 043+024 083+0.12 042+0.24
Cerebra-Epistasis 0.65 + 0.25 0.65 + 0.22 050 +0.21 0.87+0.10 0.50 +0.19

w7 95.3  Supplementary Results for 1M/2M to 3M+

1ss  Following the 1M/2M to 3M+ benchmark setting described in Supplementary Section S2.5, we further
159 evaluated higher-order extrapolation across the full collection of eligible assays.

1060 Overall and order-averaged assay-level performance is summarized in Supplementary Table S7,
ws1  Where Cerebra-Epistasis achieved the best performance on most aggregate metrics. Performance at

162 individual mutation orders is shown in Supplementary Fig S1. Although the performance of all methods
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163 generally decreased with increasing mutation order, Cerebra-Epistasis maintained the strongest overall

1we4 performance across mutation orders.
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Figure S1. Mutation-order-resolved performance on the 1M/2M to 3M+ benchmark. Models were trained on single
and double mutants and evaluated on held-out variants with three or more mutations. Curves show assay-averaged Spearman,
Pearson, NDCG (top 10%), top recall (top 10%), and Kendall at each mutation order.
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Table S7. Performance on the 1M/2M to 3M+ benchmark under overall and order-averaged assay-level evaluation. Values
are reported as mean + SD across assays.

Model Spearman p Pearson r Kendall 7 NDCG Top recall
(top 10%0) (top 10%0)

Overall assay-level evaluation

OHE 0.57 £0.22 0.58 £0.19 042+019 080+0.13 0.39+0.23
OHE + ESM-1v 0.62 +£0.20 0.63 +0.18 046+0.17 083+0.14 045+0.23
Embeddings + ESM-1v 0.59 £0.21 0.59 +£0.17 043+0.18 0.79+0.16 0.40+0.22
OHE + Tranception 0.65 £0.20 0.64 +£0.16 048 +£0.17 086+0.12 0.46+0.21
Embeddings + Tranception 0.63 £0.21 0.65 £ 0.14 046+0.18 084+0.12 043+0.20
OHE + MSA Transformer 0.66 +0.20 0.65 +£0.16 049+£0.16 087+0.12 0.46=+0.19
Embeddings + MSA Transformer 0.61 £0.24 0.61 £0.20 046+021 0.79+0.17 041+0.22
MULTI-evolve 0.62 £0.23 0.68 +£0.18 047+£020 084+0.13 047+0.22
Kermut 0.67 £0.23 0.67 +£0.19 051+020 0.88+0.14 0.50=+0.19
ProteinNPT 0.62 £0.24 0.69 + 0.21 047+022 086+0.11 0.50+0.20
Cerebra-Epistasis 0.69 + 0.21 0.68 +£0.17 053+£0.19 088+0.11 0.52+0.18

Order-averaged assay-level evaluation

OHE 0.59 £ 0.21 0.60 + 0.18 044 +0.17 0.82+0.13 0.43+0.20
OHE + ESM-1v 0.59 +0.20 0.60 + 0.18 044 +0.17 0.82+0.13 043+0.19
Embeddings + ESM-1v 0.55+0.23 0.55 +0.20 041+0.19 0.74+0.20 0.40=+0.18
OHE + Tranception 0.59 £0.20 0.59 +£0.18 044+0.17 082+0.12 043+0.20
Embeddings + Tranception 0.57 £0.21 0.59 £ 0.16 042+0.18 0.79+0.13 041 +0.18
OHE + MSA Transformer 0.59 +0.20 0.60 + 0.17 044+0.16 0.81+0.13 043+0.19
Embeddings + MSA Transformer 0.56 +£0.23 0.57 £0.19 042+020 0.77+0.15 0.41=+0.19
MULTI-evolve 0.60 £ 0.22 0.64 + 0.18 046+0.19 083+0.13 047=+0.21
Kermut 0.60 +0.22 0.61 +0.19 045+0.19 0.83+0.14 0.44+0.20
ProteinNPT 0.56 £ 0.21 0.62 +0.21 042+0.19 0.80+0.14 043+0.22
Cerebra-Epistasis 0.63 + 0.21 0.63 +£0.18 048 +0.18 0.85+0.12 0.50 +0.17

wes 5.4 Supplementary Results for the cDNA proteolysis multi-mutant dataset in
1066 the 1M+ to 1M+ benchmark

167 Results for the cDNA proteolysis multi-mutant benchmark described in Supplementary Section S2.6
1wes are summarized in Supplementary Table S8. Cerebra-Epistasis achieved the best performance on most

106s  IMeEtrics.
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Table S8. Performance on the cDNA proteolysis multi-mutant dataset of the 1M+ to 1M+ benchmark. Results are reported
using overall assay-level evaluation and order-averaged assay-level evaluation as mean + standard deviation.

Model Spearman p Pearson r Kendall 7 NDCG Top recall
(top 10%0) (top 10%0)

Overall assay-level evaluation

OHE 0.79 £ 0.06 0.75 £ 0.07 0.61+£0.07 0.89+0.05 0.44+0.12
OHE + ESM-1v 0.79 + 0.08 0.79 + 0.08 0.60+0.08 0.89+0.04 0.41=+0.11
Embeddings + ESM-1v 0.89 £0.05 0.89 +£0.05 0.71+£0.06 094+0.02 0.55+0.10
OHE + Tranception 0.81 £0.07 0.81 +£0.07 0.63+£0.07 090+0.04 0.41+0.11
Embeddings + Tranception 0.90 £ 0.05 0.90 £ 0.05 0.73+£0.06 094+0.02 0.59+0.09
OHE + MSA Transformer 0.82 £0.07 0.82 +£0.07 0.64£0.07 090+0.04 0.42+0.12
Embeddings + MSA Transformer 0.92 £0.04 0.92 £0.04 0.76 £0.05 095+0.02 0.62+0.10
Kermut 0.94 £0.03 0.94 +£0.03 0.79+0.05 096+0.01 0.68+0.09
ProteinNPT 0.94 +0.03 0.94 +0.03 0.81+0.05 0.97+0.02 0.71 £0.08
Cerebra-Epistasis 0.94 + 0.03 0.94 + 0.04 0.81£0.05 097+0.01 0.70+0.08

Order-averaged assay-level evaluation

OHE 0.76 £ 0.09 0.73 £0.09 0.58+0.09 0.89+0.06 0.49=+0.09
OHE + ESM-1v 0.73 £ 0.09 0.75 £ 0.09 0.56+£0.08 0.89+0.05 0.47=+0.08
Embeddings + ESM-1v 0.83 +0.08 0.85 +0.08 0.65+0.08 0.93+0.03 0.56+0.09
OHE + Tranception 0.76 £ 0.08 0.78 £ 0.09 0.59+0.08 0.90+0.05 0.49+0.08
Embeddings + Tranception 0.85 +0.08 0.86 + 0.08 0.67+0.08 0.94+0.03 0.60+0.08
OHE + MSA Transformer 0.78 £ 0.08 0.79 £ 0.09 0.60+£0.08 090+0.05 0.50=+0.08
Embeddings + MSA Transformer 0.87 £ 0.07 0.88 +0.07 0.70+0.08 0.94+0.03 0.62+0.08
Kermut 0.89 £ 0.07 0.91 +0.07 0.74+0.08 0.96+0.03 0.68+0.08
ProteinNPT 0.90 +0.07 0.91 +£0.07 0.76 £ 0.08 0.96+£0.03 0.71 + 0.08
Cerebra-Epistasis 0.91 + 0.07 0.92 + 0.07 0.76 £0.08 0.96+0.03 0.69+0.08

oo 95.5  Supplementary Results for the avGFP benchmark

wrr  Results for the avGFP experimental fitness prediction benchmark described in Supplementary Sec-
w72 tion S2.7 are summarized in Supplementary Table S9. Cerebra-Epistasis achieved the highest Spearman
w73 correlation (0.83) and Kendall correlation (0.67) among the compared methods, while attaining
174 competitive performance on the remaining metrics, including an NDCG (top 5) of 0.67 and a TopRecall
w75 (top 5) of 0.40.
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Table S9. Performance on the avGFP experimental fitness prediction benchmark. The best result for each metric is shown
in bold.

Model Spearman p Pearson r Kendall 7 NDCG Top recall
(top 5) (top 5)
OHE 0.47 0.40 0.33 0.48 0.20
OHE + ESM-1v 0.56 0.44 0.38 0.37 0.20
Embeddings + ESM-1v 0.51 0.40 0.35 0.42 0.20
OHE + Tranception 0.73 0.52 0.56 0.73 0.60
Embeddings + Tranception 0.66 0.52 0.48 0.43 0.00
OHE + MSA Transformer 0.74 0.57 0.57 0.62 0.40
Embeddings + MSA Transformer 0.70 0.53 0.54 0.50 0.60
MULTI-evolve 0.54 0.22 0.38 0.64 0.40
ProteinNPT 0.73 0.51 0.58 0.62 0.20
Cerebra-Epistasis 0.83 0.55 0.67 0.67 0.40

S5.6 Supplementary Results for Low-N 1M/2M to held-out 2M (epistasis)

Results for the Low-N 1M/2M to held-out 2M (epistasis) benchmark described in Supplemen-
tary Section S2.8 are summarized in Supplementary Table S10. Cerebra-Epistasis showed strong
performance across both correlation- and ranking-based metrics for predicting epistatic effects of
unseen double-mutant combinations.

Table S10. Assay-level performance on the Low-N 1M/2M to held-out 2M (epistasis) benchmark. Values are reported as
mean + SD across assays. The best result for each metric is shown in bold.

Model Spearman p Pearson r Kendall v NDCG Top recall

(top 10%0) (top 10%0)
OHE 0.00 £0.10 0.02 £0.12 0.00+0.07 0.62+0.12 0.12+0.07
OHE + ESM-1v -0.07 £ 0.11 -0.06 £0.12  -0.04+0.07 0.59+0.14 0.08 £0.06
Embeddings + ESM-1v 0.19 £0.21 0.23 +0.22 0.13+0.15 0.68+0.14 0.23+0.15
OHE + Tranception -0.05+0.13  -0.07+0.15 -0.04+0.09 0.62+0.13 0.11 £0.07
Embeddings + Tranception 0.37 £0.26 0.43 +0.28 026+0.19 0.77+0.13 0.34 +0.22
OHE + MSA Transformer -0.06 +0.09 -0.09+0.10 -0.04£0.07 0.59+0.13 0.09 +0.06
Embeddings + MSA Transformer 0.23 +£0.28 0.24 + 0.28 0.16 £0.20 068 +0.15 0.20=+0.16
MULTI-evolve 0.19 £0.20 0.29 +£0.29 0.13+£0.14 0.78+0.12  0.33 +£0.27
Kermut 0.35 +0.26 0.39 +0.28 025+0.19 0.79+0.12 0.34+0.23
Cerebra-Epistasis 0.55 + 0.25 0.60 + 0.26 041 +020 0.84+0.11 0.47 +0.24

S5.7 Effect of end-to-end training on AAG prediction

To assess whether end-to-end training improves downstream fitness prediction, we focused this
comparison on protein stability prediction, because large-scale cDNA proteolysis data support training

across diverse proteins, while established AAG benchmarks provide standardized external evaluation.
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We compared a downstream-only setting, in which the pretrained Cerebra-Seq module was frozen,

with an end-to-end setting, in which the Cerebra-Seq module and downstream prediction network were

trained end to end. The two model variants were evaluated alongside established AAG prediction

methods on the S461 benchmark using the evaluation protocol described in Supplementary Section S2.9.

The results are shown in Supplementary Table S11.

Table S11. Comparison of AAG prediction performance on the S461 benchmark. Cerebra-Epistasis® denotes end-to-end
training of Cerebra-Seq and the downstream predictor on the complete cDNA proteolysis dataset; Cerebra-Epistasis denotes
the corresponding setting in which Cerebra-Seq was frozen and only the downstream predictor was optimized. Values are
the mean + standard deviation across proteins. Bold values indicate the best mean performance for each metric, including

ties.

Model Spearman p  Kendall T Pearson r Top-5 Top-10
Precision Precision

DDMut 048+040 037+£0.31 052+039 045+0.26 0.61=+0.18
ProteinEBM 0.51+£022 038+0.16 0.53+026 047+0.23 0.67+0.19
PROSTATA 0.53+0.33 040+0.25 055+034 053+025 0.67+0.23
RaSP 0.56+030 043+0.23 054+028 047+£0.25 0.64+0.22
SPIRED-Fitness (zero-shot) 0.58+033 045+0.25 0.59+030 0.58+0.16 0.70+0.17
GeoDDG-3D 0.59+0.23 044+020 059+023 063+0.17 0.72+0.15
GeoDDG-Seq 0.60+0.23 046+0.18 0.63+0.20 0.55+0.19 0.72+0.17
Mutate Everything (ESM-2) 0.63+0.19 046+0.16 0.62+0.18 045+0.24 0.69+0.18
ThermoMPNN 0.63+0.32 048+0.26 0.60+031 048+0.23 0.67+0.21
Pythia 0.64+0.19 048+0.16 0.63+0.18 0.57+0.22 0.68 +0.17
SPURS 0.69+£025 055+0.23 0.70+0.23 0.62+0.26 0.73+0.14
SPIRED-Stab 071+024 057+021 0.69+021 0.62+022 0.68+0.24
Cerebra-Epistasis 0.61+0.32 048+0.28 0.66+030 052+0.26 0.67+0.21
Cerebra-Epistasis* 0.71+0.24 0.57+020 0.71+£0.22 057+0.14 0.74+0.17

S6 Ablation and sensitivity analyses

We performed a series of ablation and sensitivity analyses to examine two key design principles

underlying Cerebra-Epistasis: structure-aware representation learning and explicit modeling of epistatic

interactions across mutation orders. We first assessed how Cerebra-Seq-derived structure-aware features

contribute to higher-order extrapolation and whether explicit geometric information helps recover the

spatial organization of epistasis. We then examined the contribution of explicit epistasis modeling and

investigated how the mutation orders and pairwise interaction coverage represented during training

affect generalization to unseen higher-order combinations. Finally, we evaluated whether end-to-end

optimization of the structure and fitness prediction modules further improves mutation-effect prediction.
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S6.1 Contribution of Cerebra-Seq-derived structure-aware features to higher-

order extrapolation

To assess whether structure-aware information improves higher-order extrapolation beyond sequence
representations alone, we progressively augmented the ESM-2-derived features with three-dimensional
coordinates, Cerebra residue-level node representations, and pairwise edge representations. This
progression introduces increasingly rich geometric and structural context, from explicit residue
coordinates to learned residue- and pair-level representations derived by Cerebra. On the 1M/2M
to 3M+ benchmark, progressively incorporating these features generally improved both overall
performance and performance across mutation orders (Supplementary Fig S2). These results indicate
that Cerebra-Seq-derived structural information provides complementary signals beyond sequence

embeddings for predicting unseen higher-order mutant combinations.
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Figure S2. Contribution of Cerebra-Seq-derived structure-aware features to higher-order extrapolation. Models
were trained on single- and double-mutant variants and evaluated on held-out variants containing three or more mutations.
Starting from ESM-2-derived sequence features, three-dimensional coordinates, Cerebra residue-level node representations,
and pairwise edge representations were progressively incorporated. A-E, Spearman, Pearson, Kendall, NDCG (top 10%),
and Top recall (top 10%) across mutation orders. F, Assay-averaged performance across the five evaluation metrics,
summarizing the contribution of progressively added structure-aware features.

S6.2 Contribution of explicit epistasis modeling to higher-order extrapolation

To determine whether higher-order extrapolation in the 1M/2M to 3M+ benchmark benefits from
explicit epistasis modeling, we compared the complete Cerebra-Epistasis model with an additive-only
model. Both models were trained on the same single- and double-mutant data and evaluated on the
same held-out 3M+ variants. The additive-only model predicted multi-mutant fitness as the sum of
its constituent single-mutation contributions, whereas the complete model combined these additive
contributions with an explicit epistatic term. The complete model outperformed the additive-only

model in overall performance and generally maintained stronger performance across mutation orders
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(Supplementary Fig S3), demonstrating that modeling non-additive interactions explicitly is important
for transferring epistatic information from lower-order measurements to unseen higher-order mutant
combinations.
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Figure S3. Effect of explicit epistasis modeling on higher-order fitness extrapolation. Comparison of Cerebra-Epistasis
and the additive-only model on the 1M/2M to 3M+ benchmark. A-E, Assay-averaged Spearman, Pearson, Kendall, NDCG
(top 10%), and top recall (top 10%) at each mutation order. F, Overall assay-level performance across held-out higher-order
variants, with the incremental gain over the additive-only model indicating the contribution of explicit epistasis modeling.

S6.3 Effect of maximum training mutation order on higher-order extrapolation

To examine how the maximum mutation order included in the training data affects extrapolation to
more complex variants, models were trained on progressively expanded mutation-order ranges and
evaluated on the same higher-order test variants (Supplementary Fig S4A). Adding double mutants to
the single-mutant training set produced a marked improvement in higher-order prediction, indicating
that pairwise measurements provide important information about non-additive interactions that is
difficult to infer from single-mutant effects alone. Including variants with progressively higher mutation
orders yielded further improvements, although these gains were generally smaller than the improvement
obtained from introducing double mutants. These results suggest that pairwise epistasis provides much
of the interaction information needed for higher-order extrapolation, whereas higher-order training

examples contribute additional information about more complex mutational dependencies.

S6.4 Effect of double-mutant coverage on higher-order extrapolation

To investigate how extensively pairwise interactions must be sampled before reliable higher-order
extrapolation becomes possible, the single-mutant training set and higher-order test set were held fixed,
while the proportion of available double mutants used for training was varied (Supplementary Fig S4B).
Prediction performance improved as double-mutant coverage increased, confirming that direct ob-

servations of pairwise epistasis provide transferable information for predicting unseen higher-order
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combinations. Notably, substantial gains were already obtained from partial double-mutant coverage,
suggesting that the model can infer useful interaction patterns without exhaustively measuring the
complete pairwise landscape. The progressively smaller improvements at higher coverage further indi-
cate diminishing returns, with additional double-mutant measurements mainly refining an interaction

representation that is already partially established from a limited subset of pairwise observations.
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Figure S4. Effects of training mutation order and double-mutant coverage on higher-order extrapolation. A,
Performance of models trained with progressively increasing maximum mutation orders. B, Performance of models
trained with different proportions of the available double mutants. For each ablation, the five mutation-order plots show
assay-averaged Spearman, Pearson, Kendall, NDCG (top 10%), and top recall (top 10%), while the final plot shows overall
assay-level performance across held-out 3M+ variants.
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S6.5 Effect of end-to-end training on fitness and structure prediction

To distinguish the contributions of fitness gradients and structural supervision, we compared four
settings on identical sequence-grouped five-fold partitions of the cDNA proteolysis multi-mutant
dataset. Fitness gradients updated the downstream components in every setting, with Cerebra-Seq
kept fixed in the frozen baseline. In structure-only training, only structural gradients updated Cerebra-
Seq, while fitness gradients were restricted to the downstream components. Fitness-only training
propagated fitness gradients through both modules without structural supervision. End-to-end training
(Structure + Fitness) allowed both fitness and structural gradients to update Cerebra-Seq. These
comparisons also tested whether adding structural supervision improves fitness prediction when fitness
gradients already update the upstream model. Across epochs 1-100, all three update settings improved
trajectory-averaged Spearman correlations over frozen Cerebra-Seq. End-to-end training achieved the
highest correlation, exceeding structure-only training and modestly improving on fitness-only training
(Supplementary Fig S5A,B). Fitness-only training progressively increased side-chain y torsion-angle
loss and reduced C,, IDDT. End-to-end training instead reduced torsion-angle loss below the pretrained
baseline and largely preserved IDDT (Supplementary Fig S5C,D). Its trajectory-averaged 1DDT
remained slightly below that of structure-only training. These results indicate that fitness gradients
improve prediction beyond structural supervision alone, while additional structural supervision further

improves prediction and helps preserve structural accuracy.
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Figure S5. Contributions of fitness gradients and structural supervision to end-to-end training. Models used identical
sequence-grouped five-fold partitions of the cDNA proteolysis multi-mutant dataset, with fitness gradients updating
the downstream components in every setting. In A, C and D, blue denotes frozen Cerebra-Seq; green, structure-only
training; purple, fitness-only training; and red, end-to-end training (Structure + Fitness). Only structural gradients updated
Cerebra-Seq in structure-only training, only fitness gradients in fitness-only training, and both in end-to-end training.
A, Spearman correlations for held-out proteins. B, Paired gains in Spearman correlation from end-to-end training over
structure-only training (green), frozen Cerebra-Seq (blue), and fitness-only training (purple). Differences were calculated
within the same fold and epoch before averaging. C, Changes in side-chain y torsion-angle loss from the pretrained
baseline; negative values indicate improvement. D, Changes in C, IDDT from the pretrained baseline; positive values
indicate improvement. Zero denotes the fold-specific pretrained baseline in C and D. Lines show equal-weight means
across five folds.

S7 Cerebra-Epistasis Inference

This section presents pseudocode for the complete inference workflow of Cerebra-Epistasis and
its main components. Supplementary Algorithm S1 first provides a high-level overview of the
framework, encompassing one-time wild-type encoding by Cerebra-Seq, structure-aware mutation-atlas
construction, and fitness and epistasis prediction for arbitrary-order mutants. The subsequent algorithms
describe the Cerebra-Seq structure predictor, the downstream fitness prediction modules, and the core

SE(3)-equivariant operations in detail.

S7.1 Features and Notation

Supplementary Table S12 summarizes the principal features and notation shared across the algorithms.

Shapes of short-lived intermediate variables are given locally in the rightmost column of each algorithm.
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Table S12. Features and notation used in the pseudocode algorithms.

Feature Description Shape

L Number of residues in the wild-type protein

K Number of anchor-conditioned structure predictions

B Number of candidate mutants evaluated together

m Number of substitutions in an individual mutant

ry Dimension of the learned epistasis representation

wt_seq Wild-type amino-acid sequence [L]
XESM-2 Per-residue ESM-2 representation [L,1280]
XESMC Per-residue ESMC representation [L,1152]
XESM3 Per-residue ESM3 representation [L,1536]
m Cerebra-Seq single representation arranged over ten streams [10, L,256]
zZ Cerebra-Seq residue-pair representation [L, L, 128]
T Anchor-conditioned residue translations [K,L,3]
Q Anchor-conditioned residue orientations represented as quaternions [K,L,4]
N Cerebra-Seq residue-level structural representation [L,256]

E Cerebra-Seq residue-pair structural representation [L,L,128]
F Collection of degree-wise SE(3) features, {F(O), F(U} [L,Co, 1]; [L, Cy, 3]
E Pair representation projected to the SE(3) edge channels [L,L,32]
V/ Degree-0 invariant output representation of the SE(3) encoder [L,128]
A\ Degree-1 equivariant output representation of the SE(3) encoder [L,32,3]
pstat Mean and standard deviation of the selected neighborhood distances [L,2]

S WT-centered single-mutation score tensor [L,20]

U WT-centered epistasis representation tensor [L,20,ry]
M Individual mutant represented as {(ix, ax)};-, [m,2]

Q Collection of candidate mutants, { M, } 1?:1 [B]

Y M Predicted fitness of mutant M

Em Predicted total epistatic contribution of mutant M

S7.2 Overall Cerebra-Epistasis workflow

Given a wild-type sequence and a collection of candidate mutants, Cerebra-Epistasis first runs

Cerebra-Seq once to obtain atom14 coordinates together with residue-level node and residue-pair

edge representations. The downstream encoder then converts these shared wild-type features into

the single-mutation score tensor S and epistasis representation tensor U. Each candidate mutant is

subsequently evaluated by lightweight indexing and permutation-invariant assembly, without repeating

sequence or structure encoding.
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Algorithm S1 Complete Cerebra-Epistasis workflow

def Cerebra_Epistasis_Inference(wt_seq € AL, target_feat, residue_index, AnchorList, Q = {Mb}le):

# Encode the wild-type protein sequence with ESM models once

1: XESM2  (ESM-2(wt_seq)) XESM-2 ¢ RLx1280
2: XESMC  (ESMC(wt_seq)) XESMC ¢ RLx1152
3: XESM3  (ESM3(wt_seq)) XESM3 ¢ RLx1536
# Predict the wild-type structure and extract structural representations once with Cerebra-Seq
4: atom_coords, N, E < Cerebra_Seq( atom_coords € RL*14x3
XESMC XESM3 ‘target_feat, residue_index, AnchorList) N € REX256. E ¢ REXLx128
# Construct the shared structure-aware mutation atlas once
5: Z,V,D%¥ « SE3_Transformer_Encoder( 7 € RLX128. y ¢ RLX32x3
N, E, atom_coords) pstat ¢ RLX2
6: S,U « Mutation_Landscape_Head(Z, V, D2, XESM-2 wt seq) S € REX20. U g REX20%rm
# Reuse the mutation atlas to predict all candidate mutants
7: forb=1,...,Bdo
8:  9p, € « Assembly_Module(S, U, Mp; fo) Vb, €p €R

9: end for
10: return S, U, {9, éb}le

S7.3 Cerebra-Seq structure prediction

Supplementary Algorithm S2 and Supplementary Algorithm S3 summarize the Cerebra-Seq forward
pass using the module-oriented notation of the original Cerebra description [18]. Supplementary Algo-
rithm S2 presents inference for one Cerebra-Seq checkpoint. Frozen ESMC and ESM3 representations
are extracted once and reused across four prediction cycles, consisting of an initial pass and three
recycling updates with shared network weights. In each cycle, the single and pair representations
are initialized together with the recycled states, refined by the 32-block Evoformer Module, and
passed through four sequential Cerebra StructureGenerationMotifs. Each motif retains the original
Cerebra ordering of the 1D encoder, structure encoder, 1D decoder, structure decoder, and PSA
operations. After the final cycle, the anchor-conditioned residue frames are aligned and combined, and
the resulting frames and seven torsion-angle representations are converted to atom14 coordinates. The
next algorithm isolates the ESMC-ESM3 fusion and mHC-inspired mixing used in the input pathway.

Unless otherwise specified, modules not detailed here retain the architectures described in Cerebra [18].
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Algorithm S2 Cerebra-Seq model inference

def Cerebra_Seq(XESMC ¢ REX1152 XESM3 ¢ RIXIS36 target feat € {1,...,22}L, residue_index € ZL,
AnchorList € {1, ..., L}X, Neyele = 4):
# Initialize the recycling state
1: mP zP' DP'Y 3 @ @
# Initial prediction followed by recycling updates; weights are shared across cycles
2: forc=1,..., Neyele:
3: m, z — MHC_Head( m € RIOXLX256. 5 o RLXLXI128
XESMC XESM3 ‘target_feat, residue_index,

( mPrev | zPrev pprev ) )

4:  m,z « EvoformerStack(m, z)
5:  Npaw, E, {T, Q} « CerebraStructureStack(m, z, AnchorList) Niaw € RIOXLX256. | ¢ RLXLX128
6: N « Linear(Nyaw) N e REx256
7: @ <« AngleResNet(N) @ € REX7X2
8:  PPLPPT . piddt_Head(N, E) PPLDDT ¢ RKXL
9:  Dyij < [ITri — Tijll2 D e REKxLxL
10: mP®, zP" DP'® « m,z,D
11: end for
# Combine anchor-conditioned frames and construct the side-chain-resolved structure
12: T,Q « AnchorFrameConsensus(T, Q, PPMPPT AnchorList) T e RLx3; Q e RLx4
13: atom_coords «— atom_coords € REX14x3

computeAllAtomCoordinates(T, Q, «, target_feat)

14: return atom_coords, N, E

Supplementary Algorithm S3 details the component that distinguishes the Cerebra-Seq input
pathway from the MSA-based Cerebra Embedding Module. ESMC and ESM3 representations are
concatenated residue-wise, projected to 2,560 channels, and partitioned into ten streams of width
256. A shared learnable logit matrix is converted in log space to a doubly stochastic matrix by 20
Sinkhorn iterations and then mixes the ten streams. The mixed language-model representation is
combined with the target-residue embedding, while the 128-channel pair representation is initialized
from target-residue and relative-position embeddings. From the second prediction cycle onward, the
normalized single and pair states and the binned structural distances from the preceding cycle are added

to these initial representations.
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Algorithm S3 MHCMixingEmbedder Head
def MHC_Head(XESMC ¢ RLX1152 XESM3 ¢ RLXI536 target_feat, residue_index, prevs = (mP™, zPrV, DPreY)):
# Fuse the ESMC and ESM3 representations

1: m < Cat(XESMC,XESNB) me RLX2688

2: m « Reshape; ,;ox25¢(LayerNorm(Linear(m))) m € REx10%256

# Construct an mHC-constrained operator for stable exchange across streams

3: Construct the learnable cross-stream residual mapping H H e RI0x10
4: H « SinkhornKnopp(H) H ¢ R!9%19; doubly stochastic
5:m; —Hm;, [=1,...,L m € REx10x236

# Initialize single and pair representations
6: m < Permute(m) + Reshape, ; «os¢ (Linear(target_feat)) m € R10XEx256
7: z;; <« RelPos(residue_index; — residue_index;) + z € REXLx128
Linear(target_feat;) + Linear(target feat;)
# Add recycled representations when available
8: if prevs # (2, @, @):
9: m « m + LayerNorm(mP™®")
10:  z « z + LayerNorm(zP™") + Linear(Distgram(DP™"))

11: returnm,z

1200 Supplementary Algorithm S4 summarizes how the anchor-conditioned predictions are combined.
200 The prediction associated with the middle anchor is used as the reference. Each remaining prediction is
1202 rotated into this reference coordinate system. For every residue, the five aligned predictions with the

1203 highest pLDDT scores are then averaged to obtain one complete set of residue frames.
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Algorithm S4 Consensus of anchor-conditioned residue frames

def AnchorFrameConsensus(T, Q, PPMPPT AnchorList):

# Use the middle anchor-conditioned prediction as the reference
1: K « |AnchorList|, r « |K/2|+1 ref{l,...,K}
2: TS « Center(T,) TS € REXS
# Place all anchor-conditioned residue frames in the reference coordinate system
3: fork=1,...,Kdo
4:  Tj < Center(Tx)
5: Ry « Kabsch(T¢, T¢)

6: qfig“ « RotationToQuaternion(Ry) q?{hgn eR*
70 T e TS Re, Qui — (ﬁlign ®Qxi» 1=1,....L
8: end for
# Select the five most confident predictions and obtain one complete residue-frame set
9: fori=1,...,Ldo
10 I; « TopFivek(Pili‘DDT) |Z;| =5
_ 1 - _
11: Ti<—§zk€]iTk,- T e RS
— 1 ~ —
12:  Q; « Normalize(g 2kel; Qki) Q e R4

13: end for
14: return T, 6

S7.4 Downstream fitness prediction

The following algorithms expand the downstream part of Supplementary Algorithm S1. They describe
the one-time encoding of the Cerebra-Seq representations, construction of the mutation atlas, and

assembly of arbitrary-order mutant fitness and epistasis predictions.

S7.4.1 Downstream model workflow

Following the complete workflow in Supplementary Algorithm S1, the downstream model integrates
the Cerebra-Seq residue, pairwise, and coordinate features of the wild-type protein using the SE(3)-
Transformer encoder. The encoder integrates sequence and structural information into a degree-0
invariant representation Z and a degree-1 equivariant representation V, while also summarizing the
selected neighborhood distances as local distance statistics D, These outputs, together with the
ESM-2 650M embedding, are used to construct the single-mutation score tensor S € R?0 and the
epistasis representation tensor U € RI*?9<7# _ The entries corresponding to an arbitrary-order mutant

are then indexed and assembled to predict its fitness and epistatic component.

S7.4.2 SE(3)-Transformer encoder

Supplementary Algorithm S5 describes the SE(3)-Transformer encoder used to integrate the Cerebra-

Seq-derived residue, pairwise, and coordinate features of the wild-type protein. The residue features are
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projected into degree-0 invariant features, the atom coordinates initialize degree-1 equivariant features,
and the pairwise features are projected into edge features. Geometric and pairwise-representation
neighborhoods are then constructed to define the residue graph. The resulting features are processed
by an input equivariant convolution, a single SE(3)-Transformer block, and an output equivariant
convolution, yielding the degree-0 invariant representation Z € RZ¥128 and the degree-1 equivariant
representation V € RE*32%3 The distances within the selected neighborhoods are additionally

summarized by their residue-wise mean and standard deviation, producing the local distance statistics
Dstat ¢ RLXZ.

Algorithm S5 SE(3)-Transformer encoder

def SE3_Transformer_Encoder(N € REX20 E € REXEX128 atom_coords € RL*14%3):

# Initialize degree-0, degree-1, and edge features

1: F « Node_Projection(N)[..., None] F©) ¢ RLx320x1
2: F) « atom_coords F(1) ¢ RLx14x3
3: E « Edge_Projection(E) E € RLXLx32
4: C « atom_coordsc,, C e RL*3

# Construct geometric and pairwise-representation neighborhoods

Dij — |ICi = Cjlla,  sij < [[Eijll2 D,s € RLXL
kgeo < round(L'/?), kpair < round(L'/3)

Neeo (i) «— TopKIndices,i, ({Dij : j # i}, kgeo)

Npair (i)« TopKIndices,,, ({sij : j & Naeo(i) U {i}}, kpair)

N (i) = Ngeo (i) U Npair (i), K — [N(D)]

R A

# Compute relative geometry, local distance statistics, and equivariant bases
10: Ax;j « C; = C;, dij « |Axijll2,  j € N() d € REXK
11: D [Mean;en)(dij), Stdje ) (dif)] pstat ¢ REX2
12: ®;; « SE3_Equivariant_Basis(Ax; )
# Apply the input convolution with C o-centered atomic-coordinate features
13: F « ConvSE3;,( F = {FO F}
{FO FO} E N, d, @;
pool = True, self_interaction = True, center_degl_by_ca = True)
# Apply one SE(3)-Transformer block including the central residue in attention
14: ¥ « SE3_Transformer_Block(F, E,N.d, D)

# Apply the output convolution without coordinate centering
15: F « ConvSE3u(
F,E,N.d, ®;
pool = True, self_interaction = True, center_degl_by_ca = False)
# Extract encoded representations
16: Z « Squeeze(F ), Ve FW Z € REX128 'y ¢ REX32x3
17: return Z,V, D
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S7.4.3 Construction of the single-mutation score tensor and the epistasis representation tensor

Supplementary Algorithm S6 defines the mutation landscape head, which coordinates the single-

mutation score branch and the epistasis representation branch detailed in Supplementary Algorithm S7

and Supplementary Algorithm S8, respectively. Given Z, V, D¥ XESM-2 and wt_seq, the two

branches construct the single-mutation score tensor S € R*?0

Ue RLXZOXrH

and the epistasis representation tensor

Algorithm S6 Mutation landscape head

def Mutation_Landscape_Head(Z € RLX128)V ¢ REX32x3 pstat ¢ RIX2 XESM-2 ¢ RIXI280 wt gseq € AL):

# Convert the wild-type sequence to amino-acid indices
1: w « AAlndex(wt_seq)
# Construct the single-mutation score tensor

2: S « Single_Mutation_Score_Branch(Z, XESM-2. W)

# Construct the epistasis representation tensor
3: U « Epistasis_Representation_Branch(Z, V, D%, w)
4: return S,U

we{l,...,20}F

S e RLX2O

Ue RLXZOXrH

Algorithm S7 Single-mutation score branch

def Single_Mutation_Score_Branch(Z € RE*128 XESM2 ¢ REXI280 v ¢ (1

# Map the invariant structural representation to mutation scores
1: H « LayerNorm(Z)
2: H « LeakyReLU(Linear(H))
3: S « Linear(H)
# Map the ESM-2 representation to a sequence-derived correction
4: H « LayerNorm(XESM-2)
5: H « LeakyReLU(Linear(H))
6: H « LeakyReLU(Linear(H))
7: AS « Linear(H)

# Stochastically gate the ESM-2 correction, where pgr?g'z
8: Dkeep & 1 — pgrsol;f‘z, 0 ~ Bernoulli(pkeep)

9: ¥ ¢ 0/ Ppxeep if training, otherwise 1
10: S — S+ By AS
# Center scores relative to the wild-type amino acid
11: Sig—Sia—Siw, i=1,...,L,a=1,...,20

12: return S

., 2030y

S e RLXZO

AS € REX20

is the dropout probability and f3 is a learnable scalar

§e{0,1}

S e RLXZO
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Algorithm S8 Epistasis representation branch

def Epistasis_Representation_Branch(Z € RI*X128 vV € REX32X3 pstat ¢ RIX2 w e (1, ...,20}0):

# Learnable parameters: amino-acid embeddings EA* € R*™ and a bias-free linear map Wy € R'HX"H

# Construct an invariant residue-level interaction context

vmag V], ymag ¢ RLx32
H < Concat [Z, ymag, D‘“at]

H «— GELU(Linear(LayerNorm(H)))

H < LayerNorm(H)

H < GELU(Linear(H))

H < GELU(Linear(H))

H < Linear(H) H e REXrH

A AR > s

# Condition residue contexts on substituted amino-acid identities
8: Ujq — Wy (H[ O] E/;A) U € RLX20xrw
# Center representations relative to the wild-type amino acid

9: Uy —Uiu—-Uiy, i=1,...,L,a=1,...,20 U € REX20%ru
10: return U

S7.4.4 Assembly and prediction of arbitrary-order mutants

Given the precomputed single-mutation score tensor S and epistasis representation tensor U, the
assembly module predicts arbitrary-order mutants without re-encoding their sequences or structures.
For notational simplicity, consider an individual mutant M = {(ix, ax)}}" |, where the mutation-specific
score sx = S;, 4, and epistasis representation u; = U;, 4, . are directly indexed from S and U for each

substitution. The mutant fitness is predicted as

m m m
= D [k fool + | folem D we| = falw)|. (S9)
k=1 k=1 k=1
single-mutation contributions Em

The first term represents the sum of the individual mutation contributions, whereas the second
term defines the total epistatic contribution é,,. Because the assembly depends only on summation
over substitutions, both ¥ 51 and € are invariant to mutation ordering. Supplementary Algorithm S9
summarizes the corresponding indexing and assembly rule for an individual mutant. For complete-

landscape inference, the same rule is vectorized over batches of mutants in the implementation.
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Algorithm S9 Assembly and prediction of an arbitrary-order mutant

def Assembly_Module(S € RL*20U € RE2H M = {(ix, ar) Yy . /o):

# Extract mutation-specific components from the precomputed tensors
I:osk = Sipary, Wk —Uj g, k=1,....m sk €ER, up e R™H

# Assemble the mutant fitness and epistatic component
m m
2: )A’M<_Zsk+& CmZuk IMER
k=1 k=1
m m
3 ep— folem ) we| = D folwe) émeR
k=1 k=1

4: return ¥ pq, €pq

The shared nonlinear interaction function fy used in the assembly module maps either an individual
epistasis representation or the normalized aggregate of multiple epistasis representations to a scalar

response. Supplementary Algorithm S10 details its architecture.

Algorithm S10 Learnable interaction function

def fo(h e R™H):

# Map an epistasis representation to a scalar response

1: z; « Dropout(GELU(LayerNorm(Wh + by))) z; € R
2: zp « Dropout(GELU(W;z; + b)) 7, e R12
3: y— Wizp + b3 yeR
4: return y

S7.4.5 Core operations of the SE(3)-Transformer encoder

Supplementary Algorithm S11 and Supplementary Algorithm S12 describe the input projections applied
to the Cerebra residue and pair representations before equivariant processing. The node projection maps
the normalized 256-channel residue representation to 320 degree-0 input channels through two linear
layers with a LeakyReLU activation and final normalization. The edge projection maps the 128-channel
pair representation through a GELU-activated hidden representation to the 32 edge channels used
by the equivariant kernels. Supplementary Algorithm S14 and Supplementary Algorithm S13 then
summarize the two core equivariant modules used within the encoder. ConvSE3 gathers degree-wise
features from the selected neighbors and transforms them using SE(3)-equivariant kernels conditioned
on Fourier-encoded inter-residue distances and projected Cerebra pairwise features, together with
spherical-harmonic equivariant bases. In ConvSE3;,, the degree-1 atomic-coordinate features of each
neighboring residue are expressed relative to the C, coordinate of the central residue, with atom-validity
masking handled internally and omitted from the pseudocode for clarity. The SE(3)-Transformer block
subsequently updates the degree-wise representations through equivariant attention and feed-forward
transformations. The remaining mathematical formulations follow the standard SE(3)-Transformer

architecture [37].
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Algorithm S11 Node feature projection

def Node_Projection(N € RL*236):

# Project the Cerebra residue representation to the degree-0 input channels

1: H < LayerNorm(N)

2: H « LeakyReLU(Linear(H)) H e REX320
3: FN « LayerNorm(Linear(H)) FN ¢ REX320

4: return FV

Algorithm S12 Edge feature projection

def Edge_Projection(E € REXEX128):

# Project the Cerebra pair representation to the SE(3) edge channels

1: H <« GELU(Linear(E)) H e RL*Lx200
2: E « Linear(H) E ¢ RLXLx32
3: return E
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Algorithm S13 SE(3)-Transformer block

def SE3_Transformer_Block(7:,E,N ,d,®):
# Generate equivariant queries, keys, and values
. Hun <« NormSE3(F, GELU, use_LN = True)
: Q « LinearSE3 g (Han)
1 K « ConvSE3k(
Hon, E, N, d, D;

W N =

pool = False, self _interaction = False, center_degl_by_ca = False)
1V « ConvSE3y (
7-{81{117 Ea N9 da q)7

N

pool = False, self_interaction = False, center_degl_by_ca = False)
# Include the central residue in attention
5: Kseir < LinearSE3k ceir (Haitn)s  Viselr < LinearSE3y geir (Hatn)
6: K « Prepend(Kseir, K), 7V « Prepend(Vieir, V)
# Compute invariant attention weights and aggregate equivariant values
7. for £ € {0,1} do
8: QU K VI  SplitHeads(Q"),K(©), V(O)

() k<f>>
9:  a') —<qih ]

G,
10 @'Y « Softmax -(Mask(a(‘)) ))
: ijh J ijh

11: 0 « ConcatHeads al.(fh) v}fh) + Z ai(f;)lvgf})l
JEN(i)
12: end for
13: Oym < LinearSE34 ({0, 0(1})
14: F « ResidualSE3(Oym, F)
# Apply a degree-wise feed-forward network with a residual connection
15: Higy «— NormSE3(% , Identity, use_LLN = True)
16: P « FeedForwardSE3(H)
17: Fou < ResidualSE3(P, F)

18: return Fou

36



1264

1265

1266

1267

1268

1269

Algorithm S14 SE(3)-equivariant convolution

def ConVSE3(T,I~E,N ,d,®,pool,self_interaction,center_degl_by_ca):
# Construct distance- and edge-conditioned equivariant kernels

1: p;; « Concat FourierEncode(dij),E-j , JEN(@) pE RLXKxd,
# Transform features between degree-0 and degree-1 representations

2: for £y, € {0,1} do

3 Y o0

4 for £;, € {0,1} do

5 Xf_fi“) — Gather(F.&[ﬁ“), JEN (i))

6: if center_degl_by_ca and £, = 1 then

(D) (D) (1)
7 Xija < Xijg ~Fic,.
8 end if
Cin—Cout . . tin,Cou

9 K — PalrW1seKernel(p,- j> @ 1)

10: Y(fout) - Y([out) + Kfin—’foutvec(x(fin))
’ ij ij ij ij

11: end for

# Optionally aggregate neighboring messages
12:  if pool then

13: Ggf"“‘) < MaskedMean ;. N(,-)Yg.}"“‘)
14: else
. ({Lul) (fbut)
15: Gij — Yl.j
16: end if
17: end for

# Optionally add a degree-preserving self interaction

18: if self_interaction then

190 Feerr — F

20:  if center_degl_by_ca then

21 Fiell)f,i,q - Fl(lq) - FE,IC)(,,:

22:  end if

23: G « ResidualSE3(@, LinearSE3(Feeir)) G ={GY gy
24: end if

25: return G
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