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ProteomeLM: A Proteome-Scale Language Model Enables
Accurate and Rapid Prediction of Protein-Protein Interactions
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Abstract
Language models trained on biological sequences
are advancing inference tasks from the scale of
single proteins to that of genomic neighborhoods.
Here, we introduce ProteomeLM, a transformer-
based language model that uniquely operates on
entire proteomes from species spanning the tree
of life. ProteomeLM is trained to reconstruct
masked protein embeddings using the whole pro-
teomic context, yielding contextualized protein
representations that reflect proteome-scale func-
tional constraints. Notably, ProteomeLM’s atten-
tion coefficients encode protein-protein interac-
tions (PPI), despite being trained without interac-
tion labels. Furthermore, it enables interactome-
wide PPI screening that is substantially more accu-
rate, and orders of magnitude faster, than amino-
acid coevolution-based methods. We further de-
velop ProteomeLM-PPI, a supervised model that
combines ProteomeLM embeddings and attention
coefficients to achieve state-of-the-art PPI predic-
tion across benchmarks and species. Finally, we
introduce ProteomeLM-Ess, a supervised gene es-
sentiality predictor that generalizes across diverse
taxa. Our results demonstrate the potential of
proteome-scale language models for addressing
function and interactions at the organism level.
Code and weights: https://anonymous.
4open.science/r/ProteomeLM-EB3F.

1. Introduction
Protein language models trained with the masked lan-
guage modeling (MLM) objective learn coevolution be-
tween amino acids, allowing them to capture protein struc-
ture (Rives et al., 2021; Rao et al., 2021; Lin et al.,
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2023; Elnaggar et al., 2022; Hayes et al., 2025). Genome
language models extend this paradigm to nucleotide se-
quences (Nguyen et al., 2023; Dalla-Torre et al., 2025; Brixi
et al., 2025; Hwang et al., 2024), but span at most a few
megabases and cannot capture dependencies across entire
genomes, especially in eukaryotes. Given the success of
protein language models at capturing coevolution between
amino acids, it is tantalizing to develop such models at the
proteome scale, i.e. taking as input the ensemble of proteins
encoded by a genome. Such models should capture coevo-
lution between proteins, thereby generalizing over phyloge-
netic profiling methods (Pellegrini et al., 1999; Croce et al.,
2019), making them well-suited to predict complete PPI
networks and gene essentiality across diverse species. More-
over, such foundation models can also be used for other
downstream applications where proteome context informa-
tion is important, such as predicting gene essentiality (Gu-
rumayum et al., 2021).

PPI are fundamental to most biological processes, includ-
ing signal transduction, cellular metabolism, and immune
responses. Knowing these interactions is critical for deci-
phering cellular processes and for developing therapeutic
interventions. Sequence-based methods, in particular Di-
rect Coupling Analysis (DCA) (Weigt et al., 2009), offer
better scalability than structure-based approaches (Abram-
son et al., 2024; Bryant et al., 2022), but require paired
multiple sequence alignments and train one model per can-
didate protein pair, limiting large-scale application. While
such coevolution methods are often effective in bacteria and
other well-represented clades, they struggle in eukaryotes or
poorly sampled taxa (Cong et al., 2019; Humphreys et al.,
2021; Zhang et al., 2024). Supervised sequence-based pre-
dictors (Sledzieski et al., 2021; Singh et al., 2022; Ko et al.,
2024) improve accuracy, but rely on large labeled datasets.

In this paper, we introduce ProteomeLM, a transformer-
based language model that uniquely reasons on entire pro-
teomes spanning the tree of life (Figure 1). ProteomeLM
leverages embeddings from ESM-Cambrian (ESM-C) (ESM
Team et al., 2024), and integrates protein-level functional
properties at the proteome scale via masked reconstruction.
We show that its attention coefficients learn PPI in an un-
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Figure 1. ProteomeLM training. Input amino-acid sequences
are embedded through pretrained ESM-C, yielding a fixed-
dimensional embedding for each protein. ProteomeLM is trained
from scratch to predict the masked embeddings of proteins in the
context of their proteome. Proteins are annotated by a functional
encoding (orange) representing their orthologous group.

supervised way, that it screens whole interactomes orders
of magnitude faster than DCA while substantially outper-
forming it, and that ProteomeLM embeddings improve su-
pervised gene essentiality prediction over single-protein
models.

2. Model
Architecture and training. ProteomeLM takes as input a
proteome, i.e. the set of proteins encoded by a given genome,
and aims to capture the functional and evolutionary signals
present between proteins at the proteome level. Each pro-
tein is represented by an embedding generated by ESM-C
(600M parameters) (ESM Team et al., 2024), obtained by av-
eraging per-amino-acid embeddings to dimension 1152. We
randomly mask 50% of the protein representations within
a proteome, while their functional encodings are kept un-
masked; the model is trained to reconstruct the original
protein embeddings based on contextual signals from the
rest of the proteome. The core of the model is the Distill-
BERT architecture with FlashAttention-2 (Dao, 2023). We
trained four variants of ProteomeLM: XS (5.6M), S (36M),
M (112M), and L (328M) parameters, on nearly 32,000 an-
notated proteomes from OrthoDB (Kuznetsov et al., 2022).
Training remained stable across all model sizes, showing
smooth convergence, and performance improved steadily
from XS to M; the L model showed degraded performance,
which we attribute to overfitting.

Functional encoding. ProteomeLM does not employ po-
sitional encoding along the genome, which sets it apart
from existing genome language models. Instead, we pro-
pose a functional encoding based on OrthoDB orthol-
ogy (Kuznetsov et al., 2022): for each protein, its ortholo-
gous group is represented by a hierarchical average of ESM-
C embeddings computed bottom-up from leaf groups to the
taxonomic root. During training, one level of this ancestral

path is randomly sampled per epoch, exposing the model
to functional descriptions at varying levels of specificity,
and encouraging it to learn relationships between proteins
that hold at multiple evolutionary scales. This functional
description purely relies on statistical protein family and not
on external annotations.

Polar loss. The standard MSE loss leads to a degenerate
solution where the model simply reproduces the functional
encoding. To address this, we decouple residual magnitude
and direction and derive a custom polar loss via maximum
likelihood:

LPolar(x̂, x, x̄) = (1− cos θ) +
(
∥r̂∥ − ∥r∥

)2
, (1)

where r = x − x̄, r̂ = x̂ − x̄, and θ is the angle between
r and r̂. The polar loss is minimized if and only if x̂ = x,
and its angular gradient is independent of ∥r̂∥, preventing
gradient collapse.

3. Results
3.1. Unsupervised PPI Recovery

We examine the attention coefficients of ProteomeLM (Vig
et al., 2021; Rao et al., 2021) to assess whether they capture
PPI without any interaction labels. We use the D-SCRIPT
dataset (Sledzieski et al., 2021), derived from STRING (Szk-
larczyk et al., 2019) and focused on experimentally validated
physical interactions, across six species. Figure 2 shows
that many attention heads are predictive of interaction la-
bels across all species: head 7 of layer 3 achieves an AUC
of 0.92 in E. coli, while also performing strongly in other
species. PPI are most accurately captured by central layers;
in protein language models, central layers are known to cap-
ture more complex interactions than early layers (Vig et al.,
2021), supporting the notion that higher-order interactions
are essential for understanding PPI. This learning of PPI
arises directly from the masked prediction training, which
promotes the learning of dependencies between proteins in
a proteome.

3.2. Fast and Accurate Interactome Screening

Current large-scale interactome prediction workflows gener-
ally rely on a two-stage pipeline (Humphreys et al., 2021;
Zhang et al., 2024): first, DCA-based methods (Weigt et al.,
2009) identify promising candidate pairs; second, heavier
structure-based methods like AlphaFold-Multimer (Evans
et al., 2021) analyze those candidates. The first step is
limited by the computational cost of MSA generation, and
by the need to train one DCA model per candidate protein
pair. The DCA pipeline of Zhang et al. (2024) required over
30 days on 50–100 GPUs to process the human proteome.
In contrast, ProteomeLM inference takes under 10 minutes
per proteome (Figure 3A) on a single RTX A6000 GPU;
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Figure 2. Unsupervised detection of PPI using ProteomeLM attention coefficients. AUC of each attention head in ProteomeLM-S for
E. coli, S. cerevisiae, and H. sapiens

features are calculated for all possible protein pairs, with-
out the need to train a separate model for each candidate
pair, reducing compute by up to six orders of magnitude for
inference alone.

We train a lightweight logistic regression on 48
ProteomeLM-S attention heads (Figure 3B), using only
100 positive and 1,000 negative pairs as supervision. In
H. sapiens, ProteomeLM achieves an AUC of 0.83 ver-
sus 0.73 for DCA (Zhang et al., 2024); among the top 10M
scored pairs, it recovers 50% of known PPI versus only 20%
for DCA. Over 40% of the top 10,000 predictions align with
known or suspected interactions in STRING (Szklarczyk
et al., 2019), and nearly 10% correspond to high-confidence
interactions. Across 19 human bacterial pathogens (102 mil-
lion protein pairs), AUC values range from 0.87 to 0.92,
confirming consistent generalization across highly diverse
taxa. Thus, ProteomeLM has a very strong potential to re-
duce the burden on downstream structure-based modeling
for precise PPI prediction.

3.3. Supervised PPI Prediction

We introduce ProteomeLM-PPI, a supervised PPI prediction
network that employs both node-type features (ProteomeLM
embeddings for individual proteins) and edge-type features
(ProteomeLM attention coefficients for pairs of proteins).
The supervised model relies on a modular neural network
that processes individual protein embeddings and attention
coefficients through distinct but integrated modules. To
model the interaction between two proteins, the network
combines their transformed representations by concatenat-
ing each of the two representations, their element-wise mul-
tiplication, and their absolute difference (see Figure 6A in
supplementary). We trained and evaluated ProteomeLM-
PPI on the D-SCRIPT dataset (Sledzieski et al., 2021) and
the bias-controlled benchmark of Bernett et al. (2024), using
the same splits as TUnA (Ko et al., 2024).

ProteomeLM-PPI outperforms state-of-the-art methods on
E. coli and S. cerevisiae, and performs comparably on
D. melanogaster and C. elegans (see Figure 6B in sup-
plementary). In particular, it leads to an AUPR improve-

ment of more than 0.1 (from 0.67 to 0.79) over TUnA (Ko
et al., 2024) on E. coli, highlighting ProteomeLM’s strong
ability to capture PPI signals and to generalize from one
species to others. On the dataset from Bernett et al. (2024),
ProteomeLM-PPI consistently reaches or outperforms state-
of-the-art methods (Figure 4), showing the robustness of
ProteomeLM-PPI to biases of PPI prediction benchmarks.
Ablation experiments confirm that ProteomeLM embed-
dings and attention coefficients are individually informative,
and that their combination consistently yields the best pre-
dictive performance.

3.4. Gene Essentiality Prediction

While we focused on PPI prediction so far, ProteomeLM is
a foundation model that can be used for diverse tasks where
proteome-level information is important. Both protein se-
quence on the one hand, and genomic context and protein-
protein interactions on the other hand, have been found to
matter for predicting essentiality (Gurumayum et al., 2021).
We introduce ProteomeLM-Ess, a two-layer fully connected
classifier taking ProteomeLM embeddings as input, trained
on the OGEE database (Gurumayum et al., 2021) (213,608
labeled genes across 91 species), with sequence-similarity-
controlled splits (40% identity) to prevent homology-based
shortcuts.

Classifiers based on ProteomeLM embeddings significantly
outperform those based on ESM-C embeddings, demon-
strating that the contextualized whole proteome-aware in-
formation present in ProteomeLM embeddings allows to
better capture gene essentiality than protein-level informa-
tion. The performance of ProteomeLM-Ess scales with
ProteomeLM size; the best version (layer 8 embeddings
from ProteomeLM-L) achieves an AUC of 0.93 (Figure 5).
We held out the entire proteomes of E. coli and S. cerevisiae
from training: 71% of experimentally essential genes (and
only 2% of non-essential genes) in E. coli are correctly pre-
dicted as essential (Figure 7B). ProteomeLM-Ess further
generalizes to the synthetic minimal cells JCVI-Syn1.0 and
JCVI-Syn3A (absent from OGEE), achieving AUC of 0.88
and 0.83; JCVI-Syn3A, engineered to be close to minimal,
constitutes a particularly stringent out-of-distribution test.
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C

D

A
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ESTRING score

Figure 3. Fast and high-precision screening of whole interactomes. (A) Compute for ProteomeLM vs. DCA on the full human
proteome. (B) H. sapiens interactome recall vs. number of predictions. (C–D) Fraction of top-scoring predictions matching STRING, for
H. sapiens and 19 pathogens. (E) Per-species AUC across 19 pathogens.

Figure 4. Supervised prediction of PPI using ProteomeLM-PPI.
Performance on the bias-controlled benchmark of Bernett et al.
(2024).

4. Discussion
We introduced ProteomeLM, a transformer-based language
model that learns contextualized protein representations
from complete proteomes spanning the whole tree of life.
Trained to reconstruct masked protein representations from
the other proteins of a proteome, ProteomeLM learns depen-
dencies between proteins that reflect functional and evolu-
tionary constraints. As a foundation language model trained
using the MLM objective, ProteomeLM can be used for
many downstream tasks. The possibility of using the pre-
trained ProteomeLM, means that using it in inference for
downstream tasks can be very computationally efficient.
We demonstrated that ProteomeLM combines speed, in-
terpretability, and accuracy across tasks ranging from PPI
screening to gene essentiality prediction.

ProteomeLM can be used to map functional networks and
co-expression clusters, predict protein complex member-
ship across species, and study the evolution of these sys-
tems. For the determination of direct physical interactions,

Figure 5. Gene essentiality prediction with ProteomeLM-Ess.
AUC vs. normalized layer depth for ProteomeLM-Ess (all sizes)
and ESM-C baseline.

it can serve as a fast and accurate screening step to priori-
tize candidate protein pairs for computationally intensive
analyses, including structural prediction approaches such
as Boltz (Wohlwend et al., 2024; Passaro et al., 2025) and
AlphaFold3 (Abramson et al., 2024). Beyond interaction
prediction, ProteomeLM enables high-throughput in silico
screens of gene essentiality and comparisons across species.
ProteomeLM’s performance remains stronger on prokary-
otes than on eukaryotes, likely due to the relative scarcity
of high-quality eukaryotic proteomes in the training dataset;
expanding to more eukaryotic and metagenomic proteomes
is a natural avenue for improvement.

In the future, the progress of long-context language models
may enable ProteomeLM to directly operate at the amino-
acid level across whole proteomes, paving the way to local-
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ized cross-protein interactions and more granular modeling
of functional dependencies. Another interesting perspec-
tive is to train ProteomeLM using embeddings from protein
language models trained over additional modalities beyond
sequences, such as structure (Hayes et al., 2025); exploit-
ing the complementary information available in structure
and sequences may help ProteomeLM infer more complex
functional relationships. We expect that proteome-aware
language models will become increasingly important in the
coming years, enabling new ways of modeling system-level
biological properties at the scale of proteomes and cells.
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A. Supplementary Figures
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Figure 6. Supervised prediction of PPI using ProteomeLM-PPI. (A) Architecture: node features (ProteomeLM and ESM-C embeddings)
and edge features (attention coefficients) feed a modular network. (B) Cross-species generalization on D-SCRIPT (Sledzieski et al., 2021).
(C) Performance on the bias-controlled benchmark of Bernett et al. (2024).
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Figure 7. Gene essentiality prediction with ProteomeLM-Ess. (A) AUC vs. normalized layer depth for ProteomeLM-Ess (all sizes) and
ESM-C baseline. (B) Predicted vs. experimental essentiality labels for E. coli, S. cerevisiae, JCVI-Syn1.0, and JCVI-Syn3A (held out
from training).
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