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Abstract

The transformer architecture has revolutionized
bioinformatics and driven progress in the understand-
ing and prediction of the properties of biomolecules.
Almost all research on large-scale biosequence trans-
formers has focused on one domain at a time (single-
omic), usually DNA /RNA or proteins. These models
have seen incredible success in downstream tasks in
each domain, and have achieved particularly notewor-
thy breakthroughs in sequence modeling and struc-
tural modeling. However, these single-omic models
are naturally incapable of efficiently modeling multi-
omic tasks, one of the most biologically critical be-
ing protein-nucleic acid interactions. We present
our work training the largest open-source multi-omic
foundation model to date. We show that these multi-
omic models (MOMs) can learn joint representa-
tions between various single-omic distributions that
are emergently consistent with the Central Dogma
of molecular biology despite only being trained on
unlabeled biosequences. We further demonstrate
that MOMs can be fine-tuned to achieve state-of-
the-art results on protein-nucleic acid interaction
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tasks, namely predicting the change in Gibbs free
energy (AG) of the binding interaction between a
given nucleic acid and protein. Remarkably, we show
that multi-omic biosequence transformers emergently
learn useful structural information without any a pri-
ori structural training, allowing us to predict which
protein residues are most involved in the protein-
nucleic acid binding interaction. Lastly, we provide
evidence that multi-omic biosequence models are in
many cases superior to foundation models trained
on single-omics distributions, both in performance-
per-FLOP and absolute performance, suggesting a
more generalized or foundational approach to build-
ing these models for biology.

1 Introduction

It has long been a goal in bioinformatics to develop
models that can extract useful and accurate infor-
mation from the primary sequences of nucleic acids
and protein chains. This goal is particularly desir-
able in modern times where primary sequence infor-
mation of proteins and nucleic acids can be obtained
through high-throughput and scalable technologies.
The advent of deep learning has led to an explosion
of progress in the last decade on machine learning,
with advances in natural language processing (NLP)
yielding particularly fruitful results in the process-
ing of sequential data. Of particular note is the
transformer architecture [1], which has seen incred-
ible success in NLP tasks in the form of large lan-
guage models (LLMs) such as GPT-4 [2], BERT [3],
and LLaMA [4]. These results in processing nat-
ural language have recently been extended into se-



quences of imaging data, and notably into multi-
modal modeling of both vision and text in modern
vision-language models such as LLaVA [5]. Similar
successes have already been found in bioinformatics
by using transformer models to model distributions
over biosequences.

The majority of research applying transformers to
biosequences has focused on applying the architec-
ture to single-omics, typically nucleic acid distribu-
tions (genomics, transcriptomics, epigenetics, etc.)
or proteomics. These efforts have yielded astonish-
ing successes in several tasks, with the most notable
being the prediction of the 3D structure of proteins
from their primary sequences [6—13]. Other work has
focused on developing models that produce useful
representations of single-omics biosequences for vari-
ous downstream tasks. There exist numerous protein
foundation models [14-24], and we find the most va-
riety of model architectures in this class. Notably,
there are many generative models [25-27], encoder-
decoder models [21,22], and even a diffusion model
[29].

Many models primarily rely on structural informa-
tion [18,21,23], with many focused solely on structure
prediction [6—10,13,28-31]. Of these, most are trans-
former variants [6—10, 13], though there are notable
message-passing and other graph neural network ap-
proaches [28,29,31] as well as a diffusion-based ap-
proach [30].

Several genomics foundation models have been
trained as well, primarily on human genomics data
[32-35].  Other genomic foundation models have
been trained on human and murine data [36], multi-
species genomes [37], prokaryotic genomes [38], and
even metagenomic scaffolds [39]. Notably, very few
models integrate broad, multi-species training data,
with the exception of DNABERT-2 [37], though this
dataset notably lacks genomes from the domain Ar-
chaea and consists of only 32 billion base pairs.
To date, the largest DNA foundation model to be
trained consists of 40 billion parameters [10], and
was trained multi-species genomes and found to be
successful at multiple downstream tasks. Genomic
models augmented with epigenetic data have also
demonstrated great success in downstream tasks such
as predicting epigenetic markers [11-44], detecting

splice sites and promoter regions [35], modeling the
histone code [15], and modeling the phosphorylation
of protein kinases [46]. Other foundation models fo-
cus on transcriptomics, primarily focusing on single-
cell RNA (scRNA) [17-51]. Other foundation models
for mRNA [52] and general RNA [53] have also been
trained. Transcriptomic foundation models have suc-
cessfully predicted transcriptome-to-proteome trans-
lations [54], gene rankings [55], cell type annotation
[56], and drug response [51, 56].

However, there is a notable lack of work exploring
the ability for transformers to model multiple biose-
quences simultaneously. Only two existing models in-
corporate both nucleic acid and protein information:
AlphaFold3 [8], a closed-source proprietary model,
and RosettaFoldNA [10]. Furthermore, both of these
models are focused on structure predictions rather
than generally learning from multi-omic sequences.
We hypothesized that jointly modeling multi-omic
sequences with a single shared model would allow
for the exploration of the rich interaction between
both sequence distributions as proteins and nucleic
acids biologically have a complex but natural rela-
tionship, with proteins regulating nucleic acid expres-
sion through transcription factors, epigenetic modi-
fications, and many other mechanisms, while nucleic
acids regulate proteins via transcription/translation,
small interfering RNAs (siRNA), micro-RNA, long
non-coding RNA (IncRNA), and more. We trained
several multi-omic models (MOMs) on a large cor-
pus of nucleic acid and protein sequences. We name
our trained foundation models OmniBioTE (omni-
biosequence transformer encoders). We show that
these models emergently learn rich joint representa-
tions of different sequence types, and that these rep-
resentations are broadly useful for downstream struc-
tural and functional predictive tasks. We show that
MOMs can be easily fine-tuned to predict the binding
interactions of protein-nucleic acid complexes with
high accuracy, as well as predict the effects of vari-
ous mutations to the nucleic acid sequence on bind-
ing affinity, a critical task for designing nucleic acid
aptamers or studying the impact of mutations on
protein-nucleic acid binding. Remarkably, we show
that MOMs naturally learn useful structural infor-
mation when trained to predict the properties of



nucleotide-protein interactions, allowing for the iden-
tification of critical protein residues involved in the
binding interaction exclusively from the primary se-
quences. We find that this structural information
arises without any a priori structural training. Fur-
thermore, we train identical models with the same
compute budget on only nucleic acid or protein se-
quence, and show that there is little performance
degradation from expanding the distribution to in-
clude multiple sequence types, suggesting a strong
overlap in both distributions and a potential ben-
efit to modeling both. We evaluate all models on
previously benchmarked single-omic nucleic acid and
protein tasks, achieving state-of-the-art results on a
subset of nucleic acid tasks. An overview of the pre-
training, fine-tuning, and exploration of our model
can be found in Figure 1.

2 Results

We hypothesized that simply pre-training on large
amounts of multi-omic data would lead to a joint rep-
resentation space between modalities. We found that
OmniBioTE learns joint representations between nu-
cleic acids and protein sequences despite never ez-
plicitly being taught these relations. Next, we ex-
plored pre-trained OmniBioTE models’ performance
on downstream multi-omic tasks. Owing to the na-
tive multi-modality of OmniBioTE, OmniBioTE can
be readily fine-tuned to predict the AG of previ-
ously unseen protein-nucleic acid interactions with
high correlation to the ground truth values. Remark-
ably, we found that models trained to predict these
physical quantities from primary nucleic acid and
protein sequences learn structural information emer-
gently, and encode this information within the mod-
els’ attention maps. We further tested the robust-
ness of our AG prediction models by predicting the
change in binding affinity as a DNA-binding protein’s
motif is mutated. We then tested OmniBioTE’s per-
formance on another downstream multi-modal task
by explicitly fine-tuning the model in a supervised
fashion to predict which protein residues make con-
tact with nucleotides given the protein sequence and
nucleic acid sequence, with a contact defined at

several thresholds (either less than 8A, 6A, or 4A
inter-residue-nucleotide distance). Lastly, we com-
pared OmniBioTE models’ performance on single-
omics downstream tasks to identical models trained
on only a single sequence modality with an identi-
cal compute budget to determine the performance
change from training on multi-omic data. We found
that training on multi-omic data results in increased
performance on almost all downstream tasks.

2.1 Joint Sequence Representations
Arise Emergently

We found that it is trivial to learn a low-rank projec-
tion that extracts joint features from the OmniBioTE
embeddings and readily generalizes in contrast to
the single-omic models (Figure 2.a-b). Despite Om-
niBioTE never being explicitly (or even implicitly)
taught a correspondence between genes and their cor-
responding translated protein sequences, the model
naturally learns these associations from the underly-
ing distributions consistent with the central dogma
of molecular biology. We hypothesize that this is due
to the efficient coding hypothesis [57], where, if N
protein sequences and their corresponding genes oc-
cur in the same dataset, it is considerably more ef-
ficient to memorize one of the modalities and learn
the mapping between them, rather than memorize
both sequences separately. This property holds at all
scales, indicating that multi-omic training robustly
learns joint representations for genes and protein se-
quences, even at low parameter counts.

2.2 MOMs natively perform multi-
omic tasks

We demonstrated OmniBioTE’s potential as a foun-
dation model for natively multi-omic tasks by fine-
tuning each OmniBioTE model to predict the AG
of protein-nucleic acid binding interactions between
both wild-type and mutant nucleic acid sequences.
In these tasks, we found superior performance of
OmniBioTE compared to recent, purpose-built, deep
learning-based methods [58], likely owing to the rich
sequence information gleaned from the large-scale
multi-omic pretraining (Figure 3a). We compared
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Figure 1: The OmniBioTE Pipeline. a. First, we gather large-scale datasets consisting of proteomic
data, single-cell transcriptomics, and more. b. Next, we employ large-scale pertaining over these sequences
via an encoder transformer and the masked language-modeling objective. c. Finally, we can finetune this
foundation model with a task-specific head to tackle a wide variety of tasks.

our approach to using AlphaFold3 derived structures
combined with molecular dynamics simulations. No-
tably, this task is notoriously difficult and compu-
tationally expensive to tackle via structural predic-
tion followed by molecular simulation [59,60]. We
found that AlphaFold3 based simulationss were, as
expected, notably more computationally intensive
with worse results (Sec. S1, Extended Figure S1). We
also note that there is an empirical maximum Pear-
son correlation and minimum mean absolute error
achievable through gold-standard wet-lab measure-
ment, as variations in techniques and experimental
uncertainty produce different measured values across
groups and labs. This empirical maximum Pearson
correlation was estimated to be around 0.81, and the
minimum absolute error was estimated to be around

0.6 keal/mol [61].

We next confirmed that the multi-omic approach is
considerably more performant and compute efficient
than using two single-omic models (Figure 3a,b).
We see a clear trend of increasing performance with
model scale, as opposed to over-fitting with greater

parameter count, indicating the robustness of the ap-
proach and potential for further performance gains
with greater scale in both compute and data (Fig-
ure 3a,b). We found similar results on the contact
prediction task, where performance, as measured in
F1-score, improves with scale (Figure 3d).

On our held-out JASPAR binding motif evalua-
tion, we found that all of our AG prediction mod-
els on average predict a decrease in binding affinity
(increase in AG) as the strongest-binding motif is
mutated. Additionally, we found that the average
predicted decrease in binding affinity increases with
scale (Figure 3c).

2.3 Attention maps encode structural
information about protein-nucleic
acid binding interactions

Remarkably, we found that OmniBioTE models fine-
tuned to predict AG from purely primary sequence
data naturally express structural information that
emerges in the model’s attention maps. The perfor-
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Figure 2: a. The distribution of cosine similarity between feature vectors produced by OmniBioTE via a
low-rank feature extractor on the 98% held-out data. b. The analogous plot produced by NucBioTE and
ProBioTE with two separate feature extractors. c. The increase in F1l-score on the contact-prediction task
using attention maps from OmniBioTE models fine-tuned to predict binding affinity compared to attention
maps from the base models. d. An example of predicted contact probability for Zinc finger and BTB domain-
containing protein 7TA (ZBTBT7A) bound to a DNA duplex computed from the attention maps produced by
the fine-tuned OmniBioTE models.
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Figure 3: a. Performance on 10-fold cross-validation over the ProNAB dataset as a function of pre-training
compute. The empirically maximum achievable correlation in a wet lab (due to inter-measurement error) is
shown as the solid black line. b. Mean absolute error over the 10-fold cross-validation set. The empirically
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motifs as a function pre-training compute. d. Performance on the supervised PDB contact evaluation task
trained at various contact thresholds across model scale. The positive-to-negative ratio of the dataset is

0.29, 0.16, 0.09, and the maximum F1-score achievable with random guessing is 37.0, 24.7, and 15.7, for 8A,
6A, and 4A, respectively.



mance on the contact-prediction task, as measured in
F1-score, increases when using attention maps pro-
duced by the fine-tuned OmniBioTE models com-
pared to the base OmniBioTE models, and the dis-
parity increases with scale (Figure 2c). This effect
arises without any a priori structural knowledge dur-
ing training. This finding further confirms that fine-
tuned OmniBioTE models learn to compute bind-
ing affinity values through meaningful computational
processes predicated on biological sequences as op-
posed to learning spurious correlations in the dataset.

2.4 Single-omics: Nucleic acid models

OmniBioTE exceeds performance on many down-
stream nucleic acid tasks compared to previous mod-
els trained exclusively on genomic data (Figure 4a,b).
Notably, we find that multi-omic training achieves
more favorable scaling-laws (performance-per-FLOP)
than other training methodologies (Figure 4a,c.e).
This demonstrates that models benefit from pre-
training on multi-omic sequences.

OmniBioTE-XL also sets a new state-of-the-art for
the prediction of epigenetic marks, core promoter de-
tection, mouse transcription factor binding site pre-
diction, promoter sequence detection, splice site de-
tection, and SARS-CoV-2 variant classification. The
full set of evaluation results can be found in Supple-
mentary Tables S3, S4, S5, and S6.

2.5 Single-omics: Protein models

We find that OmniBioTE with the 2048 vocabu-
lary tokenizer initially underperforms compared to
its protein-only counterpart, though the per-residue
model significantly outperforms this control (Figure
4c,e). Broadly, both OmniBioTE and the ProtBioTE
control achieve performance comparable to previous
machine-learning based methodologies when measur-
ing performance-per-FLOP, though generally under-
perform in absolute performance compared to more
recent methodologies that use considerably more
training compute with large parameter counts, such
as ESM-2 [13] which roughly used 12,000 A100 GPU
days. We hypothesize this may be due to sub-optimal
token budgets at larger parameter counts, causing

the models to stray from the compute-performance
Pareto-frontier. The full evaluation results for both
ProteinGLUE and TAPE can be found in the Sup-
plementary Tables S7, S8, S9, S10, S11).

3 Discussion

We developed OmniBioTE, a series of first-of-its-
kind multi-omic models (MOMs), and analyzed their
properties across a wide range of scales and tasks.
We demonstrated the unique potential of MOMs for
modeling protein-nucleic acid interactions by fine-
tuning OmniBioTE to achieve state-of-the-art perfor-
mance on the task of predicting the change in bind-
ing energy between a protein and nucleic acid. We
also showed that as a result of this fine-tuning pro-
cess, OmniBioTE learns meaningful structural infor-
mation, allowing one to estimate how strongly a given
protein residue or nucleotide participates in binding
interactions.

We found that OmniBioTE emergently learned
a joint representation space between nucleic acid
and protein sequences despite never explicitly be-
ing trained on a joint objective, demonstrating that
training biosequence transformer models on multi-
omic data can learn non-trivial representations across
sequences even with a simple masked language model
objective. We attribute this emergence from self-
supervised pre-training as being a consequence of the
efficient coding hypothesis [57]. We hypothesize that
considerably richer representations could be learned
if auxiliary training objectives were introduced, such
as structure/property prediction, cross-attention be-
tween different modalities, or the addition of multiple
sequence alignment data. Beyond additional learning
objectives, we note that there has been a considerable
amount of research into multi-modal vision-language
modeling using novel model architectural compo-
nents including cross-attention and cross-modal pro-
jectors [5, |, and that many of these approaches
may be of interesting in multi-modal biosequence
modeling as well.

We additionally found that an added benefit of
multi-omic training is that MOMSs are superior at
scale to similar models trained on single-omics data
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with identical architectures and compute budgets.
Despite the difference in datasets, we found no
downsides to mixing in other modalities during pre-
training for our biosequence foundation models in
this project. In fact, our MOMSs set new state-of-
the-art performance numbers for several of the down-
stream nucleic acid tasks. Our MOMs also consider-
ably outperformed a combination of single-omic mod-
els on the multi-omic task of binding affinity pre-
diction, and significantly outperformed molecular dy-
namics methods in conjunction with structural pre-
dictions from AlphaFold3, despite being a consider-
ably more computationally intensive baseline. Lastly,
we showed that these results robustly transfer to com-
pletely unseen and unrelated datasets by testing our
models on the JASPAR dataset.

There are several notable limitations to this work
that deserve special mention. Most notably, we
only scratched the surface on multi-omic biosequence
modeling. As noted earlier, there are many popular
ways of training multi-omic sequence models, and we
elected for a simple approach using a masked lan-
guage modeling task. We additionally only investi-
gate our scaling over a rough two orders of magnitude
of compute, and leave the training of larger models on
larger datasets as future research directions that seem
reasonably likely to yield performance benefits con-
sistent with the scaling results we found in this work.
Lastly, we only investigated a masked language mod-
eling task for pre-training rather than the more pop-
ular autoregressive training framework, again leaving
this approach open as a viable future research direc-
tion.

Many of biology’s most significant interactions oc-
cur between proteins and DNA, and we demonstrate
the first large-scale attempt at building and scaling
foundation models to specifically learn these critical
molecular interactions. Beyond their biological sig-
nificance, modeling the interactions between nucleic
acids and proteins is of great pharmaceutical and clin-
ical importance; models that can assist with the de-
velopment of nucleic acids that modify the function of
naturally occurring proteins would greatly accelerate
pharmaceutical development. Many notable pharma-
ceutical drugs and candidate drugs that function via
nucleic acid-protein interaction have already shown

great promise, such as pegaptanib [65], an RNA ap-
tamer targeting vascular endothelial growth factor,
as well as RNA sequences that target nucleolin [66],
coagulation factors [67-70], CCL2 [71], CXCL12 [72],
and hepticidin [73]. Foundational biosequence mod-
els have the promise of dramatically improving our
ability to both understand and predict biology, and
we hope that our work with OmniBioTE presents the
first of many efforts to build multi-omic models that
can capture the full richness of biomolecular interac-
tions.

4 Methods

Broadly, we train dense, non-causal, encoder trans-
former models of varying sizes using the masked-
language-modeling (MLM) objective [3] on 250 bil-
lion tokens of nucleic acid and protein sequences of
varying types. We additionally train control models
consisting of only nucleic acid or protein sequences
with equal compute budgets to evaluate the effect of
training on additional sequence types. We demon-
strate that our MOMs emergently learn joint rep-
resentations between nucleic acid and protein se-
quences by showing that there exist meaningful fea-
tures roughly invariant to sequence modality, and
that such features do not exist in single-omic models.

We evaluate our suite of models by fine-tuning
on several single-omics datasets that assess per-
formance on various downstream tasks relevant to
molecular biology, structural biology, and biochem-
istry. Additionally, we design two novel multi-omic
tasks that require inference on both protein and nu-
cleotide sequences simultaneously. Lastly, we show
that through inference upon the models’ attention
maps, structural information is learned without any
a priori structural training.

4.1 Training Data

We source our nucleic acid data from GenBank [74],
a collection compiled by the National Center for
Biotechnology Information. We preprocessed the en-
tire GenBank archive by first removing all metadata
from each sequence, with the exception of sequence



type (DNA, mRNA, tRNA, etc.). This produced
242,855,368 sequences with a total of 312,190,748,151
base pairs, primarily composed of general DNA, gen-
eral RNA, mRNA, cRNA, and single-stranded RNA.
A full breakdown of nucleic acid sequence data can
be seen in Table 1. We source our protein data from
Uniref100 [75], a dataset maintained by UniProt.
Similarly to the nucleic acid data, we remove all
metadata from each sequence, yielding 369,597,671
sequences with a total of 1,739,747,047 residues.

We take a subset of 10'! base pairs and protein
residues total to train a byte-pair encoding tokenizer
[76] using the Sentencepiece library [77], with a vo-
cabulary size of 2! for protein sequences and nu-
cleic acid sequences (2'2 unique tokens total). Our
choice of tokenizer and vocabulary size was chosen
based on previous work [37]. Additionally, we train
a multi-omic per-residue/nucleotide model at each
size, where each token is simply a single base pair
or residue.

4.2 Architecture and Training

OmniBioTE is based on the GPT-2 architecture [78]
and the LLaMA-2 architecture [79]. We substitute
learned positional embeddings [30] for rotary posi-
tional embeddings (RoPE) [31] and replace the causal
self-attention mechanism [78, 80] with a full, non-
causal attention operation [3]. We additionally scale
the pre-softmax causal-attention at 1/width rather
than 1/width? in accordance with maximal update
parameterization (uP) [82]. We use an aspect ra-
tio (the ratio of model width to depth) of 128. We
modify Kaparthy’s NanoGPT [383] for a lightweight
and simple model implementation. We train
four OmniBioTE variants, OmniBioTE-small (88
million non-embedding parameters), OmniBioTE-
medium (675 million), OmniBioTE-large (1.3 bil-
lion) and OmniBioTE-XL (2.3 billion). Addition-
ally, we train controls for each model on only nu-
cleic acid data or only protein data (henceforth
referred to as “NucBioTE-[size]” and “ProtBioTE-
[size]”).  For experiments requiring fine-grained,
single-nucleotide/residue inference, we also train an
OmniBioTE model of each size that uses a single-
character tokenizer rather than a byte-pair encoding

10

(BPE). In total, we train 16 models.

We train each model for 250 billion tokens with a
context length of 1024 tokens for the BPE-tokenized
models and a context length of 2048 characters for
the single-character models (to accommodate for the
decreased amount of data per token). We train at
a batch size of 786432, 1032192, or 1048576 tokens
(chosen based on available compute and memory and
to maximize throughput) with the masked language
modeling objective [3]. We use AdamW [34] (1 =
0.9, B2 = 0.95, ¢ = 1078, weight decay = 1072), em-
ploying uP for stable hyperparameter transfer. For
the parameters with fixed learning rate under pP (the
embedding and unembedding parameters), we set the
learning rate to 0.05, and scale learning rates of the
rest of the parameters via 32/width. These hyper-
parameters were determined empirically with sweeps
at the 10%-parameter-scale. Finally, all learning rates
are decayed with PyTorch’s OneCycleLR [35], with
a warmup period of 1 billion tokens, a starting and
ending learning rate scale of 1072,

4.3 Evaluations

We design our own multi-omic benchmark to assess
our model’s ability to accurately characterize protein-
nucleic acid interactions. We further design several
novel benchmarks to assess the performance and in-
terpretability of our models on protein-nucleic acid
tasks. In addition to our main multi-omic tasks, we
evaluate our approach on several popular benchmarks
to evaluate single-omic performance on a variety of
nucleic acid and protein-based tasks in an effort to as-
sess the baseline single-omic capabilities of our model
before multi-omic task-specific fine-tuning. All fine-
tuning optimization is performed via AdamW [84]
with identical hyperparameters as described in the
pre-training step unless otherwise specified.

4.3.1 Protein-Nucleic Acid Binding Evalua-
tion

To showcase the native multimodality of our general-
ist model, we designed a novel evaluation task using
the ProNAB dataset [36]. ProNAB consists of 20,090
samples comprised of 14606 protein-DNA complexes,



5323 protein-RNA complexes, and 161 protein-DNA-
RNA complexes. These samples are composed of 798
unique DNA-binding proteins and 340 unique RNA-
binding proteins. We refer to the original work for a
detailed description of the dataset composition [36].
The objective of our task is as follows: given the pri-
mary sequence of a nucleic acid-binding protein, a
wild-type nucleic acid sequence, and a mutant nucleic
acid sequence, predict the AG of both the protein-
wild and protein-mutant nucleic acid complex. This
task is of particular interest in the prediction of un-
known DNA /RNA-binding protein interactions with
the human genome.

We assemble our dataset by first filtering the
ProNAB dataset, rejecting any nucleic acid or pro-
tein sequences with non-standard residues (we use
only the standard 20 amino acids and the 5 standard
nucleotide bases), leaving 850 unique proteins, and
15994 protein-nucleic acid complexes. We then split
the data into 10 cross-validation sets. Ultimately,
we end up with 752 unique proteins and 12282 total
protein-nucleic acid interactions.

The ProNAB dataset often has multiple nucleic
acid sequences per protein, thus the number of unique
proteins is vastly outweighed by the number of unique
nucleic acids. To avoid data leakage in the train
and test sets, we group samples by protein sequence,
then create folds by randomly grouping by protein
sequence such that the folds do not have any pro-
teins in common. Furthermore, we conduct sequence
similarity analysis on the protein sequences in the
train and test set via sequence alignment with the
BLOSUMS62 substitution matrix [87] to ensure min-
imal train/test leakage. We found that the average
alignment score between identical protein sequences
in our dataset was 5.20 £ 0.15 (identical sequences
may have different scores due to the BLOSUMG62
scores), while over 99.4% of pair-wise comparisons
in our train/test set had an alignment score below
0.0, and 99.9% had a score below 1.0 suggesting that
our results are not purely a result of sequence homol-
ogy. As an extra precaution, we keep any proteins
that have a sequence similarity score over 1.5 with
any other protein sequence in the dataset strictly in
the train set of all cross-validation sets to guaran-
tee there is no significant sequence homology in any
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cross-validation fold. As a result, 13 unique proteins
and 232 protein-nucleic acid interactions were always
kept in the train set to avoid any significant sequence
homology in the validation sets.

To compute a AG value, we first concatenate a
primary protein sequence and nucleic acid sequence
pair and run a forward pass through OmniBioTE. We
then take the embedding produced by the first token
and apply a linear projection which produces a sin-
gle AG value. If a complex is composed of a protein
and a double-stranded DNA or RNA molecule, we
append the second nucleic acid sequence as well. We
finetune our model to predict AG from the protein-
nucleic acid pairs in the train set, with mean-squared
error (MSE) as our loss target. As a single-omic
control, we compute the embeddings of the protein
and nucleic acid sequences separately with the corre-
sponding ProBioTE and NucBioTE model. We then
concatenate these embeddings and use a linear pro-
jection head to produce the AG value.

Our primary evaluation metrics are the Pearson
correlation coefficient of AG prediction with the
ground-truth measured value, as well as the mean
absolute error of the predicted AG values. We be-
gin with a pretrained OmniBioTE model, then fur-
ther train our models for 64 epochs with a batch size
of 256 on the wild-type AG prediction task. The
projection head learning rate initialized to 1072, the
embedding vector learning rate initialized to 1073,
and the non-embedding parameters learning rate to
10~ - 1024/width. All learning rates are decayed
with PyTorch’s OneCycleLR, an implementation of
the learning rate schedule first described in [35].

As a baseline, we train a recent deep-learning-
based architecture, DeePNAP [38] on the identical
cross-validation dataset as our model. We train the
DeePNAP architecture for 64 epochs with a batch
size of 256. For the training, we use AdamW (5; =
0.9, B> = 0.999, € 108, weight decay = 1072,
weight decay = 1072), starting at a learning rate
of 1073 and decaying linearly to 0.0. Additionally,
we fine-tune a recently released DNA-Protein model,
LucaOne [389] in a similar manner. Specifically, we
set the embedding learning rate to 10~%, the non-
embedding parameter learning rates to 2.5-107°, and
the projection head learning rate to 10~2. We train



the LucaOne with identical AdamW hyperparame-
ters, batch size, and epochs.

Lastly, we compare against a baseline that is
more representative of current computational meth-
ods. First, we predict the structure of the protein-
nucleic acid complex with AlphaFold3 [8] and use
molecular dynamics simulations to predict the AG
of the binding interaction.

4.3.2 Binding Motif Specificity

To further validate the robustness of the OmniBioTE
models fine-tuned to predict binding affinity, we eval-
uate whether the models can correctly predict the
specificity of various DNA-binding proteins (DBPs)
to their motifs. First, we gather a set of 2,145 DBPs
and their position-frequency matrices (PFMs) from
JASPAR [90]. Using the same sequence similarity
rejection technique described in the ProNAB exper-
iment, we filter all DBPs from the JASPAR dataset
that have any significant overlap with the ProNAB
dataset used in the cross-validation evaluation. We
then use our fine-tuned OmniBioTE model to com-
pute the AG for each DBP-motif pair, where the
motif is computed via the most frequent nucleotide
in each position of the PFM. Next, we mutate each
motif by randomly substituting each nucleotide with
probability 5%. This produces a mutated motif that
would have a reduced binding affinity to the DBP as
empirically known by the PFM, but would still be
“in distribution” of the plausible binding motifs. We
generate 8 unique mutated motifs per DBP-nucleic
acid pair. We predict the AG for these mutated in-
teractions and compute the difference between the
predicted AG of the highest-binding-affinity motif.
If the model has learned to model the binding inter-
action correctly, we should expect the AG to increase
after the motif is mutated.

4.3.3 Protein-Nucleotide Contact Prediction

We gather all structures from the Research Collab-
oratory for Structural Bioinformatics Protein Data
Bank [91] that contain strictly one protein chain and
either one or two nucleic acid chains. For each residue
in the protein-nucleic acid complex, we compute the
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distance to the nearest nucleotide and label a residue
as “contacting a nucleotide” if it is within 8A of a
nucleotide. Next, we group data by primary pro-
tein sequence and create 10 cross-validation splits by
protein grouping to avoid data-leakage. To fine-tune
OmniBioTE, we concatenate the protein and nucleic
acid sequences together and compute a forward pass
through the model as usual. Instead of un-embedding
the hidden states of the final layers, we instead com-
pute a linear projection to a single scalar, upon which
a sigmoid function is applied to yield a contact predic-
tion. Although the nucleic acid sequence is included
in the forward pass, contact prediction is only com-
puted for the protein residues. We train the model
against the binary cross-entropy loss function for 32
epochs on each fold with a batch size of 256, with
an identical training setup to the runs in the protein-
nucleic acid binding evaluation. We additionally test
other contact thresholds (4A and 6A) to evaluate the
robustness of our approach.

4.3.4 Genome Understanding Evaluation

To evaluate OmniBioTE’s generalizability to a va-
riety of domain-specific nucleic acid tasks, we em-
ploy the Genome Understanding Evaluation (GUE)
suite [37]. GUE consists of several genetic and epige-
netic classification tasks over human, mouse, yeast,
and coronaviridae genomes. Core promoter detec-
tion, transcription factor prediction, promoter de-
tection, splice site detection, epigenetic mark pre-
diction, and COVID variant classification were the
target classes among these genomes. The promoter
detection task is a binary classification task, where
the goal is to determine whether a sequence of DNA
is or is not a promoter. The promoter task is divided
into several subcategories: proximal promoter detec-
tion, core promoter detection, and TATA /non-TATA
motif promoter detection. The proximal promoter
task contain the entire promoter sequence (including
the core promoter) in the classification task, while
the core promoter task only includes the sequence in
close proximity to the transcription start site. The
TATA class is composed of promoters that contain
a TATA-motif, while the non-TATA does not have
a TATA motif. Transcription factor detection is an-



other binary classification task, where the goal is to
determine whether a DNA sequence is the binding
site of a transcription factor. This task is divided into
human and murine datasets. Splice site detection is
a classification task where the goal is to determine
if a DNA sequence contains a splice donor or accep-
tor site. The epigenetic tasks’ goals are to determine
whether a nucleic acid sequence taken from a yeast
genome is likely to contain a given epigenetic modifi-
cation Lastly, the COVID variant task is a multi-class
classification task where the goal is to predict which
variant-type (Alpha, Beta, Delta, Eta, Gamma, Iota,
Kappa, Lambda and Zeta) a 1000 base pair snippet
was sequenced from. We refer to the original work for
a full characterization of the evaluation set. All tasks
use Matthews correlation coefficient as the primary
metric, with the exception of the COVID variant clas-
sification task, which uses F1-score.

For each classification task, we fine-tune a base
OmniBioTE or NucBioTE model. A class predic-
tion is generated by taking the first token’s final
embedding and applying a linear projection down
to the number of classes in place of the original fi-
nal projection head, followed by a SoftMax oper-
ation. We set the embedding parameter learning
rate to 1073, the transformer weight matrices to
1024-(model width)~!-107%, and lastly, set the learn-
ing rate of the projection head to 10~2 for all model
sizes. Hyperparameters were determined with sweeps
over the validation sets. All learning rates are de-
cayed with PyTorch’s OneCycleLR. The small and
medium models are trained for 15000 steps with a
batch size of 32 over the training data, while the
large and XL models were trained for 30000 steps
with a batch size of 32. We find that final valida-
tion performance is relatively robust to the number
of epochs over each dataset, thus these training pa-
rameters were chosen to yield a reasonable training
time. The model that performs best on the valida-
tion set is evaluated on the test set. We additionally
fine-tune LucaOne as an additional multi-omic base-
line. We train with the exact same optimizer hyper-
parameters described for LucaOne in the protein-
nucleic acid binding evaluation above. We train with
batch size 32 for 30,000 iterations on each task.
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4.3.5 Tasks Assessing Protein Embeddings

We employ the Tasks Assessing Protein Embeddings
(TAPE) suite [92] to evaluate OmniBioTE’s ability
to generalize to unseen protein-based tasks. TAPE
consists of five challenges: secondary structure pre-
diction, residue contact prediction, remote homol-
ogy detection, fluorescence prediction, and stabil-
ity prediction. Secondary structure prediction is a
per-residue classification challenge, where the goal is
to determine what type of secondary structure each
residue composes. The secondary structures are split
into one of either 3 or 8 classes, depending on the
task. Residue contact prediction involves generating
an N x N mask, where N is the length of the pro-
tein, with each element of the mask predicting the
probability that a residue pair are within 8 A of each
other. Remote homology detection involves mapping
a primary protein sequence to one of 1195 homologies,
with the aim to learn to classify primary sequences
into meaningful structural families. Fluorescence pre-
diction is a regression task, where the goal is to pre-
dict the log fluorescence intensity of a protein from a
given primary structure. Finally, stability prediction
is a regression task that aims to predict the maxi-
mum concentration at which a protein is still struc-
turally stable. All classification tasks are measured
in accuracy, while all regression tasks are measured
via Spearman’s correlation coefficient. We train each
task (excluding the contact evaluation which is dis-
cussed below) for 64 epochs over the dataset with
a batch size of 32, with identical initial learning
rate parameters and schedule as the GUE tasks [37],
though we initialize the non-embedding model pa-
rameter learning rate to 1024-(model width)=-107%,
the embedding learning rate to 10™%, and the projec-
tion head learning rate to 10~2 for all model sizes.
The residue contact evaluation task involves pre-
dicting an L x L matrix of values between 0 and 1,
with each element (4,7) representing the probability
that residue ¢ in the primary sequence is within 8
A of residue j. To generate this prediction matrix,
embeddings are generated from a transformer model
[30], and a learned linear projection head transforms
each embedding into 128-dimensional vectors. As
inspired by previous work [93], a tensor of shape



256 x L x L is constructed, where item [:,4,j] cor-
responds to the i*" 128-dimensional vector concate-
nated with the j** 128-dimensional vector. This ten-
sor is transformed via an 8-layer ResNet [94] to yield
a final (1 x L x L) matrix, which after transformation
by the sigmoid function, produces the desired proba-
bility matrix. Binary cross-entropy is used as the loss
target, with masks applied computing the loss only
on residue pairs that are separated by at least 12 to-
tal residues (excluding “short” contacts). Fine-tuning
is performed for 128 epochs with a batch size of 128.
The learning rate of non-embedding transformer pa-
rameters was set to 1024-(model width)~!-1074, with
the projection head and ResNet [94] using a learning

rate of 1073, Learning rates were warmed up and
decayed via the PyTorch OneCycleLR [35] learning
rate scheduler as mentioned previously.

We fine-tune a series of ESM2 models [13] to com-

pare both absolute performance and scaling perfor-
mance against a state-of-the-art single-omic protein
model. Specifically we finetune the 8 million, 35
million, 150 million, 650 million, and 3 billion pa-
rameter ESM2 models in an identical fashion as
the OmniBioTE models above. For brevity, we
hereafter refer to the ESM models as ESM2-XS (8
million), ESM2-S (35 million), ESM2-M (150 mil-
lion), ESM2-L (650 million), and ESM2-XL (3 bil-
lion). We use the same embedding and head learn-
ing rate as the OmniBioTE finetuning runs, and
set the non-embedding parameter learning rate to
640-(model width)~1-10~%. Additionally, we evaluate
LucaOne via the same hyperparameters described in
the protein-nucleic acid binding evaluation, with the
same number of iterations and batch size for each
task.We use AdamW (3; = 0.9, B2 = 0.999, ¢ = 1078,
weight decay = 0.01) as the optimizer for all models.

4.3.6 Protein General Language of Life Eval-
uation

To explore per-residue tasks (i.e., tasks that require
a prediction for every residue in the protein), we em-
ploy the Protein General Language of Life Evaluation
(ProteinGLUE) [95]. We refer to the original work for
a full description of ProteinGLUE, but briefly, Pro-
teinGLUE consists of several tasks:
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Secondary structure prediction: the task is identi-
cal to the TAPE secondary structure task discussed
above [92]. Accuracy is the primary metric.

Solvent accessibility: the task is to either classify
whether a residue has less than 7% solvent accessi-
bility, as well as a regression task to predict the ac-
tual solvent accessibility value. For the binary clas-
sification task, accuracy is the primary metric, and
Pearson correlation coefficient is used as the primary
metric for the regression task.

Protein-protein interaction: the task is to predict
which residues interact in either homodimer or het-
erodimers. Area under the receiver operating char-
acteristic curve (AUCROC) is used as the primary
metric.

Epitope region detection: the task is to predict
which regions of a protein are antigenic epitopes. The
performance of this task is measured in AUCROC.

Hydrophobic patch prediction: the goal of this task
is to predict the largest rank of a hydrophobic patch
that a residue belongs to. This task is measured via
Pearson correlation coefficient.

FEach task was trained with a batch size of 32
for 16 epochs on all tasks except for the protein-
protein interaction, for which 64 epochs were used
owing to a smaller dataset size. Identical initial
learning rates and schedules used in the TAPE eval-
uation mentioned above were used. We compare
against ESM models in a similar manner as the
TAPE evaluations, namely with an embedding learn-
ing rate of 10™%, a projection head learning rate of
1072, and a non-embedding parameter learning rate
of 640 - (model width)=! - 107%. We use the same
optimizers and hyperparameters as described in the
TAPE evaluations. We evaluate LucaOne on this
task with identical hyperparameters as the TAPE
evaluation.

4.4 Per-Residue Evaluations

Because the protein and nucleic acid datasets were
tokenized with byte-pair encoding [70], most tokens
contain several base pairs or residues. Evaluations
that require a per-residue prediction, such as sec-
ondary structure, are not directly compatible with
this tokenization scheme. To solve this issue, we ap-



ply two simple strategies at train and test time. At
train time, we compute the target of a single token as
the mode of all the residues it contains in the case of
a classification task or the mean of the values of the
residues it contains in the case of a regression task.
This allows the input sequence length and the target
sequence length to be the same size. At test time, we
simply duplicate the value at the predicted token by
the number of residues that token contains, allowing
us to construct a prediction with the same length as
the target ground truth. This method places an up-
per bound on the maximum achievable performance
our model can achieve on any per-residue task, but in
practice, this upper bound is higher than state-of-the-
art results previously reported. This is likely due to
the fact that nearby residues often share similar val-
ues in per-residue prediction tasks (e.g., if a residue is
in a beta chain, its adjacent residues are likely to be
in a beta chain as well). We note that our evaluation
results are still directly comparable to previous per-
residue methods, as we duplicate our predictions to
match the ground truth dimensionality rather than
decreasing the ground truth dimensionality to match
the sequence length (as is done at train time).

For the contact evaluations, the non-uniform num-
ber of residues encoded by each token presented
a significant challenge. We remedy this issue by
transforming prediction targets from residue to to-
ken space for training and transforming predictions
from token to residue space for evaluation. Trans-
formation of prediction maps from residue space to
token space was accomplished by assigning the (i, j)-
token pair as a true contact if any of the residues
contained within token i contact any of the residues
within token j. Similarly, the (4, j)-token pair of the
contact mask, used to ignore short-range contacts in
the loss function, was assigned a positive value if
any of the residues contained within token i are at
least 12 residues apart from any of the residues con-
tained in token j. Transforming from token space to
residue space for evaluation is done in a simpler man-
ner: residue (n,m) is assigned the value of the token
pair (i,7), where i is the token containing residue
n and j is the token containing residue j. For the
per-residue/nucleotide models, the models were eval-
uated normally.
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4.5 Interpretability
4.5.1 Protein-Nucleic Acid Interactions

To show that OmniBioTE learns semantically mean-
ingful features, we demonstrate that when trained
to predict the binding affinity between a nucleic
acid and a protein sequence, OmniBioTE implicitly
learns structural information despite exclusively be-
ing trained on primary sequence data. We fine-tune
one OmniBioTE model of each size, in an identical
fashion as described for the protein-nucleic acid bind-
ing evaluation, though we use all available data rather
than cross-validation splits, as the goal is to fine-tune
OmniBioTE models to be highly capable of predict-
ing binding interactions, then investigate their me-
chanics.

Next, we gather all structures from the Research
Collaboratory for Structural Bioinformatics Protein
Data Bank [91] that contain strictly one protein chain
and either one or two nucleic acid chains. For each
residue in the protein-nucleic acid complex, we clas-
sify the residue as making contact with a nucleotide
if it is within 8A of any nucleotide (in the same man-
ner as described in the Protein-nucleic acid Contact
Prediction task). We then compute a forward pass
through either the OmniBioTE model fine-tuned to
predict AG or through the base OmniBioTE model
(control) and collect the attention maps produced by
each head in each layer (this results in N? attention
maps, where N is the number of layers). Next, we
concatenate these attention maps along the channel
dimension to produce an N2 x L x L tensor, where L
is the length of the input sequence. We then train a
small convolutional network consisting of four layers.
The first layer takes the N2 channels and applies a
3x 3 convolution to produce 64 channels, the next two
layers apply a 3 x 3 convolution producing 64 chan-
nels, and the final layer again applies a 3 X 3 convo-
lution but produces only one channel. The output of
the convolutional net is an L x L tensor, and we aver-
age across the last dimension to produce L logits that,
after a sigmoid operation, yield the predicted proba-
bility that a given residue makes contact with a nu-
cleotide (this task is identical to the Protein-Nucleic
acid Contact Prediction task described above). We



train this convolutional network via AdamW with a
learning rate of 1073, 8; = 0.9, B2 = 0.999, weight
decay of 1072, and € = 1078 for 1000 steps with a
batch size of 256, linearly decaying the learning rate
to zero over the course of training. Critically, the
weights of the underlying OmniBioTE model remain
frozen throughout training, meaning that the convolu-
tional network must extract this structural informa-
tion strictly from the attention maps produced by the
underlying model. We compare the F1-score on each
of the 10 folds for the attention maps produced by
the base OmniBioTE model and those produced by
the OmniBioTE model fine-tuned to predict binding
affinity. If the fine-tuned model has learned meaning-
ful structural information from the fine-tuning pro-
cess, we would expect the Fl-score for convolutional
networks trained on these attention maps to be higher
than those of the base model.

4.5.2 Shared
Modalities

Representations Between

We aim to test whether OmniBioTE effectively learns
a joint representation space between nucleic acid and
protein sequences rather than simply learning to rep-
resent both modalities separately. In this case, we
want to test whether OmniBioTE has learned repre-
sentations of gene sequences (DNA) and their corre-
sponding protein sequences that reflect shared func-
tional or structural properties, independent of the se-
quence modality.

We first formalize the notion of invariance under
transcription and translation. Let x € X be a gene
(DNA) sequence, and let y € Y be the corresponding
protein sequence produced by a mapping G: X — Y,
such as the standard transcription and translation
process. Suppose that our pre-trained multimodal
model outputs embeddings z, for = and z, for y,
where z,,z, € R?. We define a feature extractor
¢ : RY — R that maps an embedding to a scalar
feature value. A feature is called invariant under the
mapping G if

6(2.) = 6(z,)
for all z € X and y = G(z). In practical terms, such
an invariant feature may correspond to the biological
function or identity of a gene—protein pair, that is, a
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characteristic that remains constant regardless of the
modality.

To test whether the model has indeed learned such
invariant features, we conduct a contrastive learning
experiment employing a strict linear transformation.
In this experiment, we first obtain pairs of gene se-
quences (including both intronic and exonic regions)
and their corresponding translated protein sequences.
Using our pre-trained multimodal model, we com-
pute the embeddings z, and z, for each gene and
protein sequence, respectively. We then introduce a
learnable linear function W € RF*? with low rank
k < d to project the embeddings into a shared sub-
space, yielding Wz, and Wz,. The function W is
optimized via a contrastive objective that simultane-
ously maximizes the cosine similarity between corre-
sponding pairs Wz, and Wz, while minimizing the
similarity between non-corresponding pairs.

Specifically, we employ a contrastive loss function
similar to the CLIP framework [96] to learn our fea-
ture extractor: let X € RV*4 and Y € RV*? denote
two batches of embeddings (with N samples and em-
bedding dimension d), where each row x; of X is a
gene’s feature vector,a and each row y; of Y is the
corresponding protein sequence. Any given pair z;
and y; are unrelated if ¢ # j. To compute the con-
trastive loss, each embedding in X and Y is normal-
ized to unit length. The normalized embeddings are
then used to compute a similarity matrix § € RV*V
whose entries are given by

] — )
T
where 7 is a temperature parameter that controls the
scaling of the cosine similarities.

In this setup, the diagonal elements S;; represent
the cosine similarity between corresponding pairs,
while the off-diagonal elements S;; for ¢ # j repre-
sent the similarities between non-corresponding pairs.
Our final loss is composed of two terms: the first term
considers each row of S as logits for a classification
task in which the correct label for z; is 7. The second
term is computed by treating each column as logits
for the corresponding ;. The two terms are simply
averaged to compute the final scalar loss. This ap-
proach is identical to the original CLIP loss proposed



by Radford et al. |
7 =0.07, and d = 16.

We minimize this loss via the AdamW optimizer,
with learning rate 0.01, linearly decayed to 0.0
over 10000 steps, 3 = (0.9,0.95), and ¢ = 1078.
We optimize strictly over the projection matrix and
leave the model parameters frozen, as the goal is to
test whether joint features are already learned, not
whether they can be learned.

After learning ¢, we apply this transformation to
a held-out set of gene-protein pairs and compute the
dot product between their feature representations. If
¢ is a generalizable feature extractor, we should see
high dot product scores between corresponding held-
out pairs and low dot product scores between non-
corresponding held-out pairs.

Critically, we assess the generalization capability
of the invariant features under very strict conditions;
we train on only 2% of the available paired data and
test on the remaining 98%. Strong performance in
this setting indicates that the model’s embeddings
encode a shared subspace that captures the desired
invariances.

For further validation, we perform a control exper-
iment using two separately trained single-omic mod-
els—one trained solely on genes and the other solely
on proteins. In this case, the embedding spaces of
these models are learned independently, and there is
no inherent guarantee of alignment between them.
We attempt to learn two distinct feature extractors,
¢, and ¢y, for the gene and protein modalities, re-
spectively, with the goal of minimizing the same con-
trastive loss.

]. For our experiments, we use
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Supplementary Information

S1 Predicting binding interactions between proteins and nucleic
acids

We developed and assessed a pipeline for predicting the interaction energy between proteins and nucleic
acids by combining AlphaFold3 (AF3) [8] with molecular dynamics (MD) simulations performed in OpenMM
version 8.1.2 [97]. Our pipeline is available at the link https://github.com/hockyg/af3_protein_nuclic_
md_pipeline. We applied this pipeline to as many targets as possible from the ProNAB database studied
in Fig. 3. Ultimately, we were able to generate structure predictions and perform MD simulations on 599
protein /nucleic acid pairs.

Given that we wanted to compare our ability to predict binding energies from sequence directly, this
required us to generate bound conformations via a machine learning approach that treats both proteins
and nucleic acids, and so for that we selected one of the only available options, AF3 [3]. Due to the large
size of the systems and the need to rapidly evaluate interactions, we were forced to use an implicit solvent
approach. This need was exacerbated by the fact that AF3 predicted structures often have large regions
with low confidence scores that are non-compact, resulting in simulation boxes that would be intractable
if filled with water (i.e. millions of atoms including solvent and ions). Using implicit solvent, the MD
simulations executed for our targets ranged in size from 1195 atoms to 60832 atoms, with an average size of
approximately 7653.

To approximately compute the binding energy between a protein and nucleic acid in tractable compu-
tational time, we adopted a protocol similar to the so-called MM /GBSA approach [60]. To compute the
binding free energy of a complex, we need to compute

AG = Gap — Ga — Gg, (1)

where A and B are the separate components and the free energies on each side are averaged over a con-
formational ensemble. AG has contributions that come from the (1) direct interaction energy between the
molecules, (2) the change in solvation free energy due to the difference in buried surface area, (3) and the
change in configurational entropy of both parts upon binding. When using simulations with implicit solvent,
effects 1 and 2 are taken into effect if we simply calculate the MD energy. The third effect due to overall
changes in the conformations of the bound and unbound A and B molecules is not possible to calculate in a
single simulation and requires extensive calculations beyond the scope of this work. However, conveniently,
we expect that for calculations of AAG of mutation, this term cancels out. Below, we will therefore run
short MD simulations and compute the energy of the complex as well as for separate components in order to
see whether AGe*Periment cap he predicted. We emphasize that we do not expect this to work in general [08],
and we are performing these calculations to set a baseline for our ML predictions given in the main text.

To go from sequence to energy prediction, we start by converting entries in the ProNAB database [30]
into YAML files suitable for AF3 predictions. This consists of specifying a protein chain and a nucleic acid
chain (or chains in the case of a double stranded sequence). We also added 1 Mg?* ion per nucleotide in
case explicit divalent cations were needed for solvated MD simulations in the future. These divalent ions
were removed for implicit solvent simulations performed next.

27


https://github.com/hockyg/af3_protein_nuclic_md_pipeline
https://github.com/hockyg/af3_protein_nuclic_md_pipeline

—4 1 2 _ —4 1 —
r<=0.12 X | I'2=O.J.2 K=0.01 - °
& 0.4 G Py
= -6 &5 ° -6 °
o @, o ]
£ o g 02y I 82, ,.!L‘.:"ot,‘('-.'f'-,.
g -8 hog g g B -8 N pReuiy sonein;
X - [ ] ( 2 0.0 1 I 2 o eE80 qisNEZL
2101 GREE m 3 g | mmmm AT
2 10 L-‘IEJ & ¢ -0.24 r QSE 101° \: lI .J kIi”’igll
8 1 o 2 < o B g og HD
£ — 4 1 4 - 4
Q u l % —0.4 A 3 -12 i
< o
—-14 1 ® —0.6 1 | —14 °
T T T T T T T A i : i i
—30000 —20000 —10000 0 -0.2 0.0 0.2 2.5 3.0 025 050 0.75 1.00
DAEpreq (kcal/mol) Relative AAGpreq

AF3 pair-ptm

Figure S1: (A) Comparison of energy differences between bound and separated states using MD as described
in the text with experimentally measured values. Squares denote proteins bound to DNA while circles are
proteins bound to RNA. Color indicates a different protein. (B) Relative predicted free energy difference
between binding a native and mutant nucleic acid sequence. (C) Comparison of experimental binding free
energies with AF3 PTM scores (0-1 with 1 being a high confidence in binding prediction).

The topology of the system was built from the AF3 output CIF file using PDBFixer in OpenMM [97]. The
forcefield used was Amberl4 [99] with the GB2 implicit solvent model [100]. After minimizing the energy,
the velocities were randomies and the system was equilibrated at T = 300K by running 100 ps of MD, before
running 10 ns of MD using a 4 fs timestep and the LangevinMiddle integrator [101,102] with hydrogen mass
repartitioning to a mass of 3 amu and a drag coefficient of 1 ps~!. The energies of the full complex, and
the protein and nucleic acid separately were averaged over the final 5 ns of MD simulation to produce the
AFEped = Eap — E4 — E values in Fig. S1.

Fig. S1A shows a scatter plot comparing AEy.q with measured binding free energies for those complexes.
Multiple values are given for the same protein when different nucleic acid sequences were given in the
database for mutational studies. As can be seen, both the order of magnitude is greatly different, and also
there is little to no correlation as measured by the square of the Pearson correlation, r2.

In Fig. SIB we show the results of computing a predicted AAGeq & AERIEM — Ang;é"e to those
from experiment. The absolute values of AAGpreq were much larger than for experiment again, so here
we show the relative difference (i.e. scaled by the native binding free energy or energy value). Again here
there is no correlation. There is also one target (p04390) which is an outlier, but there is nothing obvious
suggesting why this protein shows such a large relative error compared to the others. There is also little to
no correlation when removing this outlier.

We check whether the PTM confidence scores reported by AF3 [8] are correlated with the binding affinity
for these complexes. This metric also has no correlation, as measured by the Spearman rank order correlation
coefficient, K (Fig. S1C).

Finally, we can also consider the time required to compute these results. Simulations that we attempted
ranged from 5 to 912 ns/day on a single GPU. For those simulations that completed the full 10 ns of MD,
times ranged from approximately 0.01 to 0.2 hours, for a total of approximately 13.4 GPU-hours. While
this already far exceeds the inference time from our ML model, this was not the time consuming part of the
calculation. AF3 calculations can be split into two parts, one which involves a multiple sequence alignment
(MSA), and then the actual inference [8]. While the inference step is relatively fast, the MSA step is slow
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and CPU bound, and was the longest part of the calculation. For these calculations, the average inference
took 0.940.4 minutes on an A100 GPU, while the average MSA computation time took 47.5 minutes and

ranged from 14 to 283 minutes on 16 CPUs, for a total of over 6700 CPU-hours.

Dataset Statistics

Sequence Type Average Length Minimum Length | Maximum Length
(bp/residues) (bp/residues) (bp/residues)
DNA 16941.82 + 1421192.40 6 363684565
mRNA 624.75 + 539.25 6 84308
RNA 10027.20 £+ 39070.07 6 167463040
cRNA 1769.64 £ 1945.04 35 157276
rRNA 482.19 £ 266.62 24 7097
ss-RNA 3087.72 4+ 4797.85 14 35911
ss-DNA 1637.48 £ 1253.90 17 34395
ds-RNA 2075.30 &+ 2197.43 48 31081
tRNA 249.23 + 349.17 20 1208
ds-cRNA 657.16 + 970.66 127 15341
ms-DNA 15492.76 + 19181.55 84 45513
ds-mRNA 1695.75 £ 547.50 1114 2414
ms-RNA 606.50 4+ 28.50 578 635
ds-rRNA 580.00 &+ 0.00 580 580
peptide 388.19 £+ 379.80 5 45359

Table S1: Training data statistics across all sequence types.
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Evaluation Results

Model AG PCC AG MAE
OmniBioTE-small 25.50 £ 9.48 1.68 £ 0.22
OmniBioTE-medium 3721 £ 7.34 1.57 £ 0.20
OmniBioTE-large 34.61 4+ 7.86 1.60 £ 0.21
OmniBioTE-XL 40.67 £ 9.77 | 1.56 + 0.23
OmniBioTE-small (per-nucleotide/residue) 22.73 £12.23 | 1.72 £ 0.20
OmniBioTE-medium (per-nucleotide/residue) | 33.53 £ 6.51 1.63 + 0.22
OmniBioTE-large (per-nucleotide/residue) 29.89 + 12.65 | 1.63 £+ 0.29
OmniBioTE-XL (per-nucleotide/residue) 37.75 £ 8.78 1.56 £ 0.25
Nuc+ProtBioTE-small 7.08 £ 11.15 1.71 £ 0.24
Nuc+ProtBioTE-medium 8.13 £ 11.62 1.83 £ 0.32
Nuc+ProtBioTE-large 3.85 + 13.35 1.83 + 0.29
Nuc+ProtBioTE-XL 7.71 £ 14.02 1.90 + 0.29
LucaOne 19.98 + 0.16 2.43 £ 0.29
DeePNAP 10.00 £ 11.13 | 2.35 £ 041
AlphaFold3 + simulation 11.00 -
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Table S2: OmniBioTE performance across all 10-folds of the Pronab mutation benchmark as measured in
Pearson correlation coefficient (PCC) and mean absolute error (MAE).




OmniBioTE

Model H3 | H3K14ac | H3K36me3 | H3K4mel | H3K4me2 | H3K4me3
OmniBioTE-small 77.01 58.23 59.42 51.83 33.62 37.89
OmniBioTE-medium 79.75 66.40 68.01 60.03 49.56 55.02
OmniBioTE-large 80.64 67.31 69.48 59.04 46.64 55.33
OmniBioTE-XL 82.11 67.34 70.22 58.14 52.45 57.43
OmniBioTE (per-nucleotide)
OmniBioTE-small (per-nucleotide) 77.85 53.96 60.93 54.67 30.32 30.32
OmniBioTE-medium (per-nucleotide) | 80.76 56.94 63.58 54.69 32.52 45.27
OmniBioTE-large (per-nucleotide) 82.64 71.52 69.89 62.42 57.56 59.33
OmniBioTE-XL (per-nucleotide) 80.47 59.27 66.20 54.59 45.71 47.16
NucBioTE
NucBioTE-small 76.93 53.83 56.46 46.81 36.11 40.34
NucBioTE-medium 75.44 49.76 59.04 38.98 27.55 35.10
NucBioTE-large 76.51 53.51 55.45 47.05 32.68 40.71
NucBioTE-XL 80.81 66.91 66.44 55.26 47.20 57.04
Baselines
HyenaDNA [33] 67.17 31.98 48.27 35.83 25.81 23.15
NT-2500M-multi [103] 78.77 56.20 61.99 55.30 36.49 40.34
DNABERT-2 [37] 78.27 52.57 56.88 50.52 31.13 36.27
RandomMask [104] 77.62 65.07 63.68 54.47 53.88 62.19
LucaOne 72.28 44.61 46.72 42.33 28.79 25.96

Table S3: GUE Results (Epigenetics): Histone Modification Benchmarks (Part 1). Values represent the
Matthews correlation coefficient of the predictions.
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Model \ H3K79me3 \ H3K9ac \ H4 \ H4ac
OmniBioTE
OmniBioTE-small 63.48 61.94 | 79.70 | 47.12
OmniBioTE-medium 72.99 68.79 | 82.50 | 62.57
OmniBioTE-large 72.57 67.99 | 82.50 | 63.62
OmniBioTE-XL 73.35 66.75 | 81.55 | 63.71
OmniBioTE (per-nucleotide
OmniBioTE-small (per-nucleotide) 63.14 57.13 | 81.94 | 46.86
OmniBioTE-medium (per-nucleotide) 67.62 59.17 | 82.54 | 52.22
OmniBioTE-large (per-nucleotide) 73.69 67.91 | 83.48 | 65.86
OmniBioTE-XL (per-nucleotide) 73.07 60.89 | 80.90 | 58.18
NucBioTE
NucBioTE-small 63.17 04.31 | 78.69 | 52.12
NucBioTE-medium 62.50 51.78 | 79.86 | 38.15
NucBioTE-large 66.78 58.41 | 80.84 | 50.19
NucBioTE-XL 72.73 65.95 | 82.65 | 62.41
Baselines
HyenaDNA [33] 54.09 50.84 | 73.69 | 38.44
NT-2500M-multi [103] 64.70 56.01 | 81.67 | 49.13
DNABERT-2 [37] 67.39 55.63 | 80.71 | 50.43
RandomMask [104] 72.67 65.02 | 79.44 | 64.22
LucaOne 59.69 50.82 | 76.24 | 36.70

Table S4: GUE Results (Epigenetics): Histone Modification Benchmarks (Part 2). Values represent the
Matthews correlation coefficient of the predictions.
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Human Transcription Factors Covid

Model 0 ‘ i ‘ 5 ‘ 3 ‘ 1
OmniBioTE
OmniBioTE-small 65.67 | 70.07 | 56.43 | 46.36 | 65.81 | 67.93
OmniBioTE-medium 62.37 | 72.04 | 59.63 | 47.22 | 76.02 | 69.38
OmniBioTE-large 62.53 | 72.08 | 60.40 | 51.94 | 75.76 | 69.26
OmniBioTE-XL 64.82 | 69.95 | 63.75 | 55.44 | 75.65 | 68.77
OmniBioTE (per-nucleotide)
OmniBioTE-small (per-nucleotide) 64.80 | 70.83 | 53.22 | 45.29 | 73.00 | 57.30
OmniBioTE-medium (per-nucleotide) | 66.86 | 69.08 | 69.12 | 51.34 | 77.69 | 73.50
OmniBioTE-large (per-nucleotide) 65.77 | 70.46 | 67.49 | 51.62 | 77.74 | 76.55
OmniBioTE-XL (per-nucleotide) 66.50 | 67.82 | 62.95 | 53.32 | 76.02 | 74.11
NucBioTE
NucBioTE-small 65.50 | 69.92 | 53.82 | 38.98 | 74.00 | 66.02
NucBioTE-medium 64.19 | 66.98 | 53.50 | 50.28 | 73.03 | 59.66
NucBioTE-large 63.50 | 65.24 | 56.67 | 41.90 | 69.28 | 67.01
NucBioTE-XL 64.78 | 68.50 | 59.15 | 43.18 | 76.83 | 67.82
Baselines

HyenaDNA [33] 62.30 | 67.86 | 46.85 | 41.78 | 61.23 | 23.27
NT-2500M-multi [103] 66.64 | 70.28 | 58.72 | 51.65 | 69.34 | 73.04
DNABERT-2 [37] 71.99 | 76.06 | 66.52 | 58.54 | 77.43 | 71.02
RandomMask [104] 67.13 | 72.55 | 71.64 | 60.14 | 77.20 -
LucaOne 66.84 | 69.00 | 57.23 | 41.25 | 67.83 | 38.92

Table S5: GUE Results: Human Transcription Factors and COVID. Values represent the Matthews corre-
lation coefficient of the predictions, with the exception of the COVID variant prediction task which uses
F1-score.
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Mouse Transcription Factors

Model 0] T] 7] 3] 1
OmniBioTE

OmniBioTE-small 46.67 | 82.67 | 81.71 | 68.29 | 43.07

OmniBioTE-medium 56.42 | 84.94 | 79.88 | 70.78 | 47.96

OmniBioTE-large 57.38 | 84.60 | 76.33 | 78.01 | 49.70

OmniBioTE-XL 60.50 | 85.01 | 83.61 | 83.26 | 52.01

OmniBioTE (per-nucleotide)
OmniBioTE-small (per-nucleotide) 37.79 | 82.00 | 75.62 | 71.90 | 39.93
OmniBioTE-medium (per-nucleotide) | 64.07 | 85.47 | 85.39 | 80.82 | 52.33
OmniBioTE-large (per-nucleotide) 63.83 | 84.86 | 83.55 | 84.24 | 51.43

OmniBioTE-XL (per-nucleotide) 63.95 | 85.60 | 81.10 | 87.52 | 53.05
NucBioTE
NucBioTE-small 48.92 | 82.95 | 73.22 | 70.83 | 41.58
NucBioTE-medium 52.62 | 82.63 | 77.76 | 69.22 | 40.76
NucBioTE-large 48.34 | 81.23 | 72.00 | 69.91 | 37.15
NucBioTE-XL 53.11 | 83.38 | 73.85 | 63.73 | 48.65
Baselines
HyenaDNA [33] 35.62 | 80.50 | 65.34 | 54.20 | 19.17
NT-2500M-multi [103] 63.31 | 83.76 | 71.52 | 69.44 | 47.07
DNABERT-2 [37] 56.76 | 84.77 | 79.32 | 66.47 | 52.66
RandomMask [104] 55.61 | 82.72 | 77.61 | 74.06 | 49.81
LucaOne 52.33 | 82.57 | 73.44 | 57.11 | 45.17

Table S6: GUE Results: Mouse Transcription Factors. Values represent the Matthews correlation coefficient
of the predictions.

34



Model | SS3 | SS8 | SS3 CB513 | SS8 CB513
OmniBioTE
OmniBioTE-small 77.1 ] 64.9 77.6 63.0
OmniBioTE-medium 81.3 | 69.0 82.9 68.5
OmniBioTE-large 82.0 | 69.8 83.4 69.7
OmniBioTE-XL 82.7 | 70.7 87.0 72.0
OmniBioTE (per-residue)
OmniBioTE-small (per-residue) 76.7 | 64.5 76.4 62.6
OmniBioTE-medium (per-residue) | 81.8 | 69.4 82.9 69.9
OmniBioTE-large (per-residue) 82.5 | 70.6 83.0 69.5
OmniBioTE-XL (per-residue) 82.8 | 71.1 83.5 73.0
ProtBioTE
ProtBioTE-small 79.8 | 67.3 81.3 67.0
ProtBioTE-medium 84.1 | 72.3 87.8 72.8
ProtBioTE-large 84.9 | 73.0 86.5 73.8
ProtBioTE-XL 85.4 | 74.3 88.8 75.0
ESM2-t6-8M 76.0 | 63.8 73.4 58.7
ESM2-t12-35M 79.9 | 67.8 7.3 63.0
ESM2-t30-150M 83.0 | 71.7 81.0 67.6
ESM2-t33-650M 85.3 | 83.0 83.0 70.4
ESM2-t36-3B 85.6 | 75.1 82.8 70.5
LucaOne 75.5 | 62.8 73.2 58.2

Table S7: Performance on the structural prediction tasks in the ProteinGLUE dataset. Values represent the
accuracy of the predictions.
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Protein-protein | Hydrophobic Epitope Solvent Buried-residue

Model Interaction patch rank detection accessibility prediction
(AUCROC) (PCO) (AUCROC) (PCC) (Accuracy)
OmniBioTE
OmniBioTE-small-1k 58.0 26.4 50.2 61.5 86.6
OmniBioTE-medium-1k 61.8 23.9 61.6 65.7 88.0
OmniBioTE-large-1k 59.1 23.7 55.9 64.2 87.9
OmniBioTE-XL-1k 60.8 26.5 59.5 56.5 88.1
OmniBioTE (per-residue)
OmniBioTE-small (per-residue) 0.532 0.145 0.628 0.598 0.800
OmniBioTE-medium (per-residue) 0.568 0.114 0.573 0.623 0.828
OmniBioTE-large (per-residue) 0.641 0.133 0.554 0.659 0.833
OmniBioTE-XL (per-residue) 0.610 0.075 0.590 0.617 0.833
ProtBioTE

ProtBioTE-small-1k 58.5 27.2 53.6 62.4 87.2
ProtBioTE-medium-1k 61.9 304 51.5 65.4 88.6
ProtBioTE-large-1k 59.9 7.4 61.0 55.4 88.8
ProtBioTE-XL-1k 61.7 28.4 56.2 59.3 89.2
ESM2-t6-8M 61.7 30.3 51.7 67.6 79.7
ESM2-t12-35M 53.6 21.1 50.3 71.1 82.0
ESM2-t30-150M 65.9 20.0 50.4 74.9 83.6
ESM2-t33-650M 65.3 20.2 52.3 76.9 84.8
ESM2-t36-3B 65.3 17.7 51.4 75.2 85.3
LucaOne 59.7 27.5 50.2 66.3 79.4

Table S8: Performance on the remaining tasks in the ProteinGLUE dataset.
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Model Secondary Structure (3-way) | Secondary Structure (8-way)
CASP12 CB513  TS115 CASP12 CB513  TS115
OmniBiota (OmniBioTE)
OmniBioTE-small 0.695 0.733 0.762 0.568 0.598 0.640
OmniBioTE-medium 0.717 0.784 0.794 0.600 0.642 0.680
OmniBioTE-large 0.722 0.786 0.801 0.591 0.646 0.674
OmniBioTE-XL 0.708 0.798 0.805 0.582 0.656 0.681
OmniBiota (per-residue)
OmniBioTE-small (per-residue) 0.721 0.757 0.787 0.585 0.616 0.669
OmniBioTE-medium (per-residue) 0.746 0.813 0.820 0.619 0.678 0.707
OmniBioTE-large (per-residue) 0.749 0.819 0.825 0.630 0.685 0.705
OmniBioTE-XL (per-residue) 0.751 0.822 0.828 0.615 0.688 0.716
ProtBioTE
ProtBioTE-small 0.707 0.769 0.782 0.568 0.626 0.667
ProtBioTE-medium 0.717 0.784 0.794 0.600 0.642 0.680
ProtBioTE-large 0.767 0.822 0.828 0.591 0.646 0.674
ProtBioTE-XL 0.764 0.827 0.831 0.642 0.691 0.717
Baselines
ESM2-t6-8M 0.702 0.731 0.658 0.590 0.586 0.658
ESM2-t12-35M 0.730 0.773 0.805 0.607 0.631 0.690
ESM2-t30-150M 0.753 0.802 0.716 0.634 0.668 0.716
ESM2-t33-650M 0.780 0.831 0.843 0.667 0.700 0.733
ESM2-t36-3B 0.781 0.826 0.842 0.668 0.701 0.740
LucaOne 0.700 0.720 0.755 0.578 0.569 0.630
TAPE-Transformer 0.710 0.730 0.770 0.590 0.590 0.640
TAPE-ResNet 0.700 0.750 0.780 0.570 0.590 0.660
TAPE-LSTM 0.720 0.750 0.780 0.580 0.590 0.640
Supervised [11] 0.700 0.730 0.760 0.570 0.580 0.650
UniRep [12] 0.720 0.730 0.770 0.590 0.570 0.630

Table S9: Secondary structure performance. In the 3-way columns, CASP12, CB513, and TS115 scores are
reported; in the 8-way columns, the corresponding scores are reported. All values are measured in accuracy.
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Model ‘ Fold ‘ Superfamily ‘ Family ‘ Fluorescence ‘ Stability
OmniBiota-mixed (OmniBioTE)
OmniBioTE-small 0.208 0.906 0.362 0.666 0.686
OmniBioTE-medium 0.219 0.965 0.454 0.655 0.722
OmniBioTE-large 0.226 0.971 0.455 0.660 0.671
OmniBioTE-XL 0.242 0.970 0.482 0.659 0.689
OmniBiota-char (per-residue)
OmniBioTE-small (per-residue) 0.201 0.914 0.342 0.659 0.700
OmniBioTE-medium (per-residue) | 0.231 0.966 0.475 0.587 0.689
OmniBioTE-large (per-residue) 0.240 0.972 0.512 0.662 0.711
OmniBioTE-XL (per-residue) 0.223 0.973 0.470 0.539 0.699
OmniBiota-protein (ProtBioTE)
ProtBioTE-small 0.194 0.951 0.406 0.666 0.702
ProtBioTE-medium 0.219 0.965 0.454 0.655 0.722
ProtBioTE-large 0.226 0.971 0.455 0.666 0.683
ProtBioTE-XL 0.241 0.972 0.463 0.663 0.654
Baselines
ESM2-t6-8M 0.240 0.911 0.439 0.663 0.660
ESM2-t12-35M 0.288 0.961 0.574 0.673 0.723
ESM2-t30-150M 0.272 0.978 0.601 0.672 0.761
ESM2-t33-650M 0.231 0.965 0.530 0.665 0.720
ESM2-t36-3B 0.249 0.970 0.542 0.654 0.774
LucaOne 0.266 0.949 0.487 0.639 0.703
TAPE-Transformer 0.21 0.88 0.34 0.68 0.73
TAPE-ResNet 0.26 0.92 0.43 0.67 0.69
TAPE-LSTM 0.17 0.77 0.31 0.21 0.73
Supervised [11] 0.17 0.79 0.20 0.33 0.64
UniRep [12] 0.23 0.87 0.38 0.67 0.73

Table S10: Remote homology (Fold, Superfamily, Family) classification performance measured in accuracy
and regression performance (Fluorescence, Stability) measured in Spearman’s correlation coefficient.
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Model | Contacts PQL (long) | Contacts PQL (medium)
OmniBiota-mixed (OmniBioTE)
OmniBioTE-small 0.286 0.339
OmniBioTE-medium 0.237 0.350
OmniBioTE-large 0.280 0.371
OmniBioTE-XL 0.300 0.334
OmniBiota-char (per-residue)
OmniBioTE-small (per-residue) 0.544 0.682
OmniBioTE-medium (per-residue) 0.467 0.614
OmniBioTE-large (per-residue) 0.636 0.725
OmniBioTE-XL (per-residue) 0.755 0.789
OmniBiota-protein (ProtBioTE)
ProtBioTE-small 0.307 0.373
ProtBioTE-medium 0.386 0.406
ProtBioTE-large 0.302 0.347
ProtBioTE-XL 0.318 0.394
Baselines
ESM2-t6-8M 0.521 0.609
ESM2-t12-35M 0.506 0.676
ESM2-t30-150M 0.515 0.654
ESM2-t33-650M 0.765 0.822
ESM2-t36-3B 0.753 0.819
LucaOne 0.365 0.556
TAPE-Transformer 0.17 0.19
TAPE-ResNet 0.20 0.20
TAPE-LSTM 0.10 0.18
Supervised [11] 0.18 0.22
UniRep [12] 0.17 0.17

Table S11: Contact evaluation performance, reporting Contacts PQL for long- and medium-range contacts.
All values are the computed precision of the predictions.
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