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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 intro-
duce 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 proteomic context, yield-
ing contextualized protein representations that reflect proteome-scale functional
constraints. ProteomeLM spontaneously captures protein-protein interactions (PPI)
in its attention coefficients. Furthermore, it enables interactome-wide PPI screening
that is substantially more accurate, and orders of magnitude faster, than amino-acid
coevolution-based methods. We further develop ProteomeLM-PPI, a supervised
model that combines ProteomeLM embeddings and attention coefficients to achieve
state-of-the-art PPI prediction across benchmarks and species. Our results demon-
strate the potential of proteome-scale language models for addressing function and
interactions at the organism level. Data and code are made (anonymously) available
at https://anonymous.4open.science/r/ProteomeLM-anonymized.

1 Introduction

Recently, deep learning approaches have brought important progress to inference from biological
sequence data. Protein language models trained on large ensembles of protein sequences learn
sequence representations that encode structural and functional signals [1, 2, 3, 4, 5, 6, 7, 8, 9, 10, 11,
12], and have advanced the prediction of protein structure [9, 10], subcellular localization [13], and
mutational effects [14, 15]. Similarly, genome language models [16, 17, 18, 19, 20, 21, 22, 23, 24, 25]
have given insight in non-coding DNA, gene expression and taxonomic classification [17, 18, 19],
capturing operons and enzymatic function [21], and predicting mutation effects [20]. However, so far,
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these models span at most hundreds of kilobases or a few megabases [18, 22, 19, 23, 24, 25]. As they
do not capture dependencies across entire genomes, especially in eukaryotes, these models cannot
predict emergent properties such as protein-protein interactions (PPI).

PPI are fundamental to most biological processes, including signal transduction, cellular metabolism,
and immune responses. However, large-scale PPI determination remains a significant chal-
lenge [26]. Precise experimental methods are both labor-intensive and costly, particularly when
scaled to entire proteomes, and high-throughput ones have limited accuracy [27]. While curated
PPI databases have grown [28, 29, 30], they remain incomplete and biased toward well-studied
species. Computational methods include structure-based approaches like AlphaFold-Multimer [31],
which are computationally intensive, and sequence-based methods like direct coupling analysis
(DCA) [32, 33, 34, 35, 36, 37, 38], which struggle in eukaryotes or poorly sampled taxa and require
careful curation of orthologs [35, 36, 39, 40].

Given the success of protein language models at capturing coevolution between amino acids [3,
9, 11, 10, 12], it is tantalizing to develop such models at the proteome scale. We posit that such
models should capture coevolution between proteins, thereby generalizing over phylogenetic profiling
methods [41, 42, 43, 44, 45, 46, 47, 48, 49], making them highly suited to provide predictions of
complete protein-protein interaction networks with small computational cost once trained.

In this paper, we introduce ProteomeLM, a transformer-based language model that uniquely rea-
sons on entire proteomes from multiple species spanning the tree of life. ProteomeLM leverages
embeddings from ESM-Cambrian [12] and learns to reconstruct masked protein embeddings using
proteome context. We show that ProteomeLM’s attention coefficients learn PPI in an unsupervised
way, enable interactome screening orders of magnitude faster than DCA with substantially better
performance, and support state-of-the-art supervised PPI prediction across species and benchmarks.

2 Methods

ProteomeLM is a transformer-based language model trained on 32,000 proteomes spanning all
domains of life. Each protein is represented by an embedding from ESM-Cambrian (ESM-C) [12],
allowing our model to leverage rich functional sequence-derived properties [10, 3, 14, 9]. During
training, a subset of protein embeddings is masked, and the model reconstructs them using remaining
unmasked embeddings from the same proteome (Figure 1). This masked language modeling task
allows ProteomeLM to learn dependencies between proteins.
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Figure 1: ProteomeLM training. Input amino-acid sequences are embedded through ESM-C,
yielding fixed-dimensional embeddings. ProteomeLM predicts masked protein embeddings using
proteome context. Proteins are annotated by orthologous groups, providing functional encoding.
Training uses a custom polar loss that minimizes differences between ESM-C and ProteomeLM
embeddings in a protein family-specific manner.
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Figure 2: Unsupervised detection of PPI using ProteomeLM attention coefficients. We assess the
ability of the attention coefficients of ProteomeLM-S (36M parameters) at predicting PPI from the
D-SCRIPT dataset [26], using the Area Under the Receiver Operating Characteristic Curve (AUC)
as a metric. (A-C) In three species, we report the AUC of each attention head in each layer of
ProteomeLM, measuring its ability to distinguish interacting from non-interacting protein pairs (1:
perfect classifier; 0.5: random). (D): We show the AUC obtained for the sum of attention coefficients
over all heads in each layer of ProteomeLM-S, in each of the six species considered.

A key innovation is our functional encoding based on orthology rather than genomic position. Since
genome organization varies dramatically across species (bacterial operons vs. dispersed eukaryotic
genes), ProteomeLM uses orthologous groups from OrthoDB [50] to capture shared evolutionary
and functional relationships. Phylogenetic profiling methods have shown that orthologous group
presence-absence patterns contain information about functional relationships [41, 42, 43, 51, 46],
ProteomeLM improves over these methods. We trained models ranging from 6M to 328M parameters
for 72h on single H100 GPUs. More information about the methods have been made available in
supplementary section A.

3 Results

3.1 ProteomeLM Attention Captures Protein-Protein Interactions

We examined whether ProteomeLM spontaneously learns PPI through its attention coefficients by
comparing them to known interactions from the D-SCRIPT dataset [26] across six species. Figure 2
shows that many attention heads achieve strong predictive power, with head 7 of layer 3 reaching AUC
of 0.92 in E. coli while performing well across eukaryotic species. PPI are most accurately captured
by intermediate layers, suggesting that higher-order interactions are essential for understanding PPI.

Thus, ProteomeLM can identify interacting proteins among thousands in a complete proteome (e.g.,
4,000 proteins in E. coli and 20,000 in humans) in an unsupervised manner, without any fine-tuning.
This is especially compelling given that ProteomeLM does not rely on gene order or local genomic
context.

3.2 Fast and Accurate Interactome Screening

Current interactome prediction workflows use DCA as a first filter, requiring training separate
models for each candidate protein pair. We trained a lightweight classifier on ProteomeLM attention
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coefficients and compared performance to recent large-scale DCA studies on human and pathogen
proteomes [52, 53].

ProteomeLM inference takes under 10 minutes per proteome on a single GPU, compared to 30+ days
on 50-100 GPUs for DCA on the human proteome, representing up to 6 orders of magnitude speedup
(Figure 3A). ProteomeLM significantly outperforms DCA in recovering experimentally validated
interactions, achieving AUROC of 0.83 vs 0.73 for DCA in humans, and recovering 50% vs 20% of
known PPI among top 10 million scored pairs (Figure 3B). We further examine the overlap between
ProteomeLM’s top predictions and STRING [54] annotations. Figure 3C shows that in H. sapiens,
over 40% of the top 10,000 predictions align with known or suspected interactions, and nearly 10%
correspond to high-confidence interactions according to STRING. We extended our analysis to 19
human bacterial pathogens [53]. Figure 3D shows that more than 40% of the top 10,000 predictions
are supported by STRING with consistent results across species (Figure 3E).

C

D
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Figure 3: Fast and high-precision screening using ProteomeLM. (A) Compute comparison for
human proteome analysis. (B) Human interactome recovery performance. (C-D) Fraction of top
predictions corresponding to STRING database interactions. (E) Performance across 19 pathogenic
bacterial species.

3.3 State-of-the-Art Supervised PPI Prediction

ProteomeLM-PPI combines node features (ESM-C and ProteomeLM embeddings) with edge features
(attention coefficients) for supervised PPI prediction. We evaluated on two datasets: the multi-species
D-SCRIPT dataset and a human-specific dataset addressing benchmark biases [55].

Figure 4B shows ProteomeLM-PPI outperforms state-of-the-art methods on E. coli and S. cerevisiae,
with AUPR improvement of more than 0.1 (from 0.67 to 0.79) over TUnA [56] on E. coli. Performance
remains strong across diverse species, demonstrating robust generalization. Figure4C also shows that
ProteomeLM is better than previous approach on the Bernett et al. [55] dataset built to prevent data
leakage between training, validation and testing set.

3.4 Gene Essentiality Prediction

Here, we consider another important task, which consists in predicting which genes are essential,
i.e. necessary for survival or reproduction of an organism. Both protein or gene sequence on the one
hand, and genomic context and protein-protein interactions on the other hand, have been found to
matter for predicting essentiality [57]. We therefore finetuned ProteomeLM to predict the essentiality.
To train and test this classification model, we used the OGEE database [58], which collects gene
essentiality data from 127 experimental studies. We tested the ability of each layer of the four models
to predict gene essentiality.
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Figure 4: Supervised PPI prediction. (A) Architecture combining node and edge features. (B)
Cross-species generalization on D-SCRIPT dataset. (C) Performance on bias-corrected dataset.

ProteomeLM-Ess significantly outperforms classifiers based on ESM-C embeddings alone for gene
essentiality prediction (Figure 5A), demonstrating that contextualized proteome-aware information
better captures essentiality than protein-level information. The best performing version achieves
AUC of 0.93. ProteomeLM-Ess generalizes well to held-out proteomes including synthetic minimal
cells JCVI-Syn1.0 and JCVI-Syn3A, correctly predicting 71% of essential genes in E. coli.
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Figure 5: Gene essentiality prediction. (A) Performance vs layer depth for ProteomeLM-Ess and
ESM-C baselines. (B) Comparison with experimental labels for four organisms.

4 Discussion

We introduced ProteomeLM, a transformer-based language model that learns contextualized protein
representations from complete proteomes spanning the tree of life. ProteomeLM spontaneously
captures PPI in its attention coefficients and enables highly scalable interactome screening with sub-
stantially higher accuracy than DCA and computational cost reduced by up to 6 orders of magnitude.
Combined with supervised approaches, ProteomeLM achieves state-of-the-art performance on PPI
prediction and gene essentiality tasks.

ProteomeLM represents proteins at a coarse-grained level using global ESM-C embeddings, enabling
work with full proteomes while maintaining reasonable context sizes. Future work could leverage
longer-context models to operate directly at amino-acid level or incorporate structural information
from multimodal protein language models.

A key innovation is our functional encoding based on orthology rather than genomic position,
allowing ProteomeLM to reason across diverse species with different genome organizations. While
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performance remains stronger on prokaryotes than eukaryotes, likely due to training data composition,
ProteomeLM demonstrates the power of proteome-scale language models for capturing emergent
biological properties.

ProteomeLM opens applications including large-scale interactome prediction across species, evolu-
tionary studies of protein networks, and context-aware fitness prediction. As a foundation model,
ProteomeLM can be applied to diverse downstream tasks where proteome-level information matters,
making it a valuable tool for systems biology and functional genomics.
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A Methods

A.1 Architecture and training of ProteomeLM

Dataset. We collected 31,947 proteomes from OrthoDB (version 12) [50]. Each of these proteomes
is a list of protein sequences annotated by their respective orthologous groups. An orthologous
group comprises descendants of a common ancestral gene, separated by speciation, and usually
retaining the same function. It is linked to functional annotations from Gene Ontology (GO) [59, 60],
describing protein localization and biological processes. However, here, we do not use these functional
annotations. Our functional encoding (described below) only relies on orthologous groups. Note that
the definition of an orthologous group operates at a specific level of orthology. Here, we use all these
levels (see below).

Protein representations. We used the ESM-Cambrian (ESM-C) model with 600 million parameters
[12] to represent each of the 162 million proteins in our dataset. ESM-C is a protein language model,
trained on a vast corpus of sequences, which is a successor of ESM-2 [10]. Note that, contrary to
ESM-3, which is multimodal [61], it is a sequence-only model. We selected ESM-C because of its
strong performance in capturing the structural and functional properties of protein sequences. Each
protein sequence was encoded by ESM-C, and the per-amino acid ESM-C embeddings were averaged
to obtain a global embedding of the protein with a fixed dimension of 1152.

To optimize computational efficiency, protein sequences were batched based on their length, reduc-
ing the overhead associated with the model’s quadratic time complexity. The whole embedding
computation process took 192 GPU-hours on one H100 GPU.

Functional encoding. In natural language processing [62], and also for protein sequences [9, 63, 12]
and for genomic sequences [18, 64], BERT models usually rely on positional encoding, which
provides the model with information on the order of tokens (words in a sentence, amino acids in a
protein chain, nucleotides along the genome). However, such a positional encoding is not appropriate
for our purpose, given the lack of conservation of genomic order across diverse species, and the
lack of correlation between proximity along the genome and functional relationship or interaction
in eukaryotic genomes. Instead, we designed a functional encoding based on OrthoDB orthologous
groups.

We constructed a hierarchical representation of each OrthoDB group. For this, we defined a repre-
sentation of each leaf orthologous group (i.e., each orthologous group containing proteins but not
orthologous subgroups) by averaging the ESM-C embedding of each protein in that group. We then
propagated these representations up the orthologous group hierarchy by recursively averaging the
representations of each group’s immediate subgroups, assigning equal weight to each child. We save
the representations obtained at each taxonomic level, and use all of them (see next paragraph). For
each protein, this gives rise to a representation of the hierarchy of its orthologs, summarizing protein
family membership, which we employ as a functional encoding. It is given as input to ProteomeLM
together with the ESM-C embedding of that protein.

Architecture. We trained a transformer encoder from scratch to learn complex relationships
between the ESM-C embeddings of different proteins in a proteome. The core of the model is
the DistillBERT architecture, available in Hugging Face’s transformers library [65]. We used
FlashAttention-2 [66] to accelerate training and inference.

Each proteome is represented as a list of protein embeddings with their associated functional en-
codings. For each protein, the functional encoding is sampled randomly among the representations
of its orthologous groups at all taxonomic levels, allowing the functionality of each protein to be
represented at any taxonomic level. At the input stage, both the protein encoding and its functional
encoding pass through two separate embedding modules, each consisting of a single linear layer.

Training objective and loss design. ProteomeLM is trained using a masked language modeling
(MLM) objective adapted to proteome-level inputs. During the training of ProteomeLM, we limit
the size of the proteomes to 4096 by randomly subsampling proteins when proteomes are longer.
While longer inputs could in principle be employed, since we use FlashAttention, which has linear
memory complexity, we chose to limit the length of the input to 4096 to reduce computational time,
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which still has quadratic complexity. We randomly mask 50% of the protein representations within a
proteome, while their functional encodings are kept unmasked. Masked proteins are replaced by their
functional encoding, and the model is trained to reconstruct the original protein embeddings based on
contextual signals from the rest of the proteome.

The standard masked language modeling loss cannot be applied here, because we work directly
with continuous input and not with tokens. A straightforward alternative loss function for this
task would be the mean squared error (MSE) between actual and predicted embeddings. However,
as will be shown below, this approach resulted in a degenerate solution, where the model simply
reproduced the functional encoding. This behavior likely stems from the high similarity between
functional encodings and protein embeddings within conserved families. To address this challenge,
we introduced the following polar loss function:

L(x̂, x, x̄) = CosineEmbeddingLoss [(x̂− x̄), (x− x̄)] + (∥x̂− x̄∥2 − ∥x− x̄∥2)2 , (1)

where x is the true protein embedding, while x̂ is the embedding predicted by ProteomeLM, and x̄ is
the functional encoding. This loss jointly enforces directional alignment of the residuals, which are
the differences between the predicted and true embeddings, and accurate prediction of the Euclidean
norms of these residuals. This loss is minimized if and only if x̂ = x. Moreover, it avoids collapse.
Indeed, the “lazy” solution where the model just predicts the functional encoding as the reconstructed
embedding (x̂ = x̄) would result in a high loss, due to the high cosine embedding loss between ground
truth and reconstructed residuals. More details are given below, in the paragraph titled “Comparison
of losses”.

Training dynamics and scaling behavior. We trained four variants of ProteomeLM, differing by
model sizes: XS (5.6M parameters), S (36M), M (112M), and L (328M). All models were trained for
210 epochs on a dataset comprising 31,000 proteomes with a total of 160 million proteins. Validation
loss was measured on a 2% held-out set of proteomes randomly sampled from the training set.

Training remained stable across all model sizes, showing smooth convergence, see Figure 6A.
Figure 6A and B show that performance, assessed by loss value, improved steadily from XS to
M, suggesting that the model benefits from increased capacity. However, the L model failed to
outperform M, and in some cases showed degraded performance. In particular, in Figure 6B, the trend
follows a scaling law from XS to M, before performance degrades for the L model. We attribute this
to overfitting, given that the number of trainable parameters exceeds the number of unique training
proteins in the training set for ProteomeLM-L. To rule out architecture-specific factors, we tested
variants of ProteomeLM-L with different numbers of layers, heads, and embedding dimensions.
These variants exhibited similar behavior in early training, reinforcing the interpretation that training
data volume is the limiting factor.

In Figure ??, we show the training dynamics of each attention head in ProteomeLM-S by tracking their
AUC for unsupervised PPI recovery during training. Certain heads become increasingly predictive of
PPI as training progresses. Some of them display taxon-specific specialization, while others exhibit
consistent predictive power across species. These results highlight that ProteomeLM’s attention heads
learn distinct, biologically meaningful signals during training.

We also used the D-Script dataset [26] to assess the performance of the models on PPI recovery
(training and validation on disjoint sets of H. sapiens PPI, test on other species). The left panel of
Figure 6C shows that, for unsupervised PPI recovery, AUPR increases with model size up to M, and
decreases for size L, thus confirming the trend observed for the loss. Note also that performance on
human data slightly decreased from S to M, indicating that larger models do not always generalize
better across all species. The right panel of Figure 6C shows that AUPR increases over model size
on eukaryotes, while it degrades after model S on E. coli, again showing the better generalization
capabilities of the smaller models.

Comparison of losses. We evaluated our polar loss function against two natural alter-
natives, namely the mean squared error (MSE) loss MSELoss (x̂, x) and the cosine em-
bedding loss CosineEmbeddingLoss [(x̂− x̄), (x− x̄)]. (Note that we do not consider
CosineEmbeddingLoss [x̂, x] because the vectors x and x̂ tend to have a similar orientation any-
way within each protein family.) For our comparison of loss functions, we trained a version of
ProteomeLM for 72h with each of these two alternative losses. Performance comparisons were
conducted in both unsupervised and supervised protein-protein interaction (PPI) prediction tasks.
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Figure 6: Training dynamics, scaling behavior, and training strategies for ProteomeLM. (A)
Evaluation loss during training for four ProteomeLM model sizes: XS (5.6M parameters), S (36M),
M (112M), and L (328M). (B) The final evaluation loss is shown for three different epochs. (C)
The AUPR for unsupervised PPI prediction using summed attention coefficients over all heads and
layers (left) and supervised PPI prediction through the ProteomeLM-PPI architecture (right) is shown
across five species on the D-SCRIPT dataset. (D) Comparison of three different loss functions
(MSE, cosine and polar, where polar is the one retained throughout), and evaluation of two training
strategies focused on eukaryotic data (fine-tuning and training from scratch). AUPR are shown for
both unsupervised (top) and supervised (bottom) PPI prediction tasks. As in C (left panel), summed
attention coefficients over all heads and layers are used for unsupervised prediction. C-D: All models
used in these comparisons were trained for 210 epochs under identical hardware and random seed
conditions to ensure fair evaluation.
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In the unsupervised setting, we used the sum of attention weights over all heads and layers as a
simple estimate of interaction probability for each protein pair. In the supervised setting, we trained a
downstream classifier (see Figure 4A) using frozen representations obtained from models trained
with each loss function.

As shown in Figure 6D, our polar loss consistently outperformed both the MSE loss and the cosine
loss across multiple evaluation metrics. In particular, the unsupervised AUC scores were generally
performing higher when the model was trained with the polar loss or the cosine embedding loss
than with the MSE loss. Likewise, in the supervised PPI prediction task, the models trained with the
polar loss yielded higher precision-recall performance (AUPR). The MSE loss showed the weakest
performance in both settings. As mentioned above, it is because the model then converges towards a
degenerate solution, where the model simply reproduced the functional encoding (x̂ = x̄).

Note that, in addition to predictive accuracy, we observed that the polar loss produced embeddings
with properties more closely aligned to those of ESM-C, thus facilitating interoperability between
models, e.g. improving compatibility in transfer learning applications. These results validate the polar
loss as an appropriate objective for reconstructing protein embeddings within a proteome context.

Improving performance on eukaryotic data. We observe that ProteomeLM’s accuracy is compar-
atively lower on eukaryotic datasets than on prokaryotic ones (see Figures 2 and 4). We explored
two approaches to improve performance on eukaryotes: fine-tuning the pretrained ProteomeLM on
eukaryotic data, and training a new model from scratch on eukaryotic data only.

Figure 6D shows that both approaches provide moderate improvements on eukaryotic benchmarks,
both for unsupervised and supervised PPI prediction. However, these improvements come with a
decrease in performance on prokaryotes such as E. coli, indicating a trade-off between specialization
and generalization.

Given our goal to design a model that works across diverse organisms, we retained the baseline
ProteomeLM models for our main analyses. However, the specialized eukaryotic alternatives can be
valuable for specific applications.

A.2 Supervised protein-protein interaction prediction: ProteomeLM-PPI

Architecture and input. The supervised ProteomeLM-PPI model relies on a modular neural
network that processes both individual protein embeddings (node features) and attention coefficients
(edge features) through distinct but integrated modules, see Figure 4A.

Specifically, the node feature module reduces each protein embedding from 640 to 256 dimensions
through two layers (640 → 512 → 256), with layer normalization and dropout to enhance stability
and weight regularization. To model the interaction between two proteins, the network combines their
transformed representations by concatenating each of the two representations, their element-wise
multiplication, and their absolute difference, thus resulting in a 1024-dimensional vector (4 × 256),
which is then compressed to 64 dimensions through the interaction processor (1024 → 128 → 64).
In parallel, the edge feature module reduces the 48-dimensional input (from the 48 attention heads
of ProteomeLM-S) to 32 dimensions (48 → 64 → 32). The 64-dimensional processed interaction
features from the interaction processor are then concatenated with the 32-dimensional pairwise
feature vector to form a 96-dimensional input to the final PPI prediction classifier module. This input
then passes through two layers (dimensions: 96 → 128 → 64), before the PPI predictor outputs a
final interaction score. This modular design enables the model to flexibly integrate different sets of
learned features while maintaining strong inductive biases for capturing protein-protein relationships.

Training. To train the model, we used a train-validation-test split. During training, the model
is optimized on the training set, while its performance is monitored on the validation set to apply
early stopping, preventing overfitting. During training, the proteins pairs of the training set are fed
into the model in mini-batches as triplets comprising ProteomeLM embeddings of both proteins
involved, and ProteomeLM attentions weights between the two of them. The training minimizes
binary cross-entropy with logits using the Adam optimizer [67]. At each epoch, predictions on the
validation set are evaluated using the area under the precision-recall curve (AUPR), and the best
model state is saved based on this metric. After training, the best model is evaluated on the held-out
test set, and we report AUC and AUPR.
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Our training approach ensures a fair assessment of the model’s generalization ability by performing
model selection on a dedicated validation set, rather than the test set, thereby avoiding overfitting
to the test data. For both the dataset from [55] and the D-SCRIPT dataset [26], clean and non-
overlapping splits into training, validation, and test sets were already available, and we employed
them.

A.3 Supervised gene essentiality prediction: ProteomeLM-Ess

Architecture and input. ProteomeLM-Ess is a two-layer fully connected classifier that takes as
input embeddings from any ProteomeLM model, has a hidden layer of size 2048, and outputs two
logits, which are normalized with a softmax function to obtain an essentiality score. In the hidden
layer, ProteomeLM-Ess has a ReLU activation and dropout with probability 0.5. Protein embeddings
are normalized using the genome-wide mean and standard deviation before being given as input to
ProteomeLM-Ess.

Data and training. ProteomeLM-Ess is trained in a supervised way, using ProteomeLM embed-
dings together with essentiality labels from the OGEE database [58]. We recovered the protein
sequences associated to the essentiality labels from other databases, by matching the gene names
(gene IDs) provided by OGEE. Specifically, we collected protein sequences from UniProt [68], NCBI
[69], Saccharomyces Genome Database (SGD) [70] and Fitness Browser [71], and obtained data for
87 taxonomic IDs. Relying on curated complete proteomes whenever possible allowed to minimize
ambiguities coming from the presence of isoforms or duplicate protein sequences (i.e. identical
sequences with different protein IDs). The remaining duplicate entries were merged, while keeping
both IDs.

Out of the 87 total genomes, we used 83 to train ProteomeLM-Ess, holding out the genomes of
S. cerevisiae and of 4 strains of E. coli. We also collected essentiality data for the synthetic cells
JCVI-Syn1.0 [72] and JCVI-Syn3A [73, 74], to evaluate the model after training. For the 83 genomes
used for training, we split the proteins into training, validation and test sets by clustering proteins
across all genomes according to sequence similarity. Specifically, we clustered sequences using
MMSeqs2 [75] with a 40% similarity threshold. We designed our split so that if two labeled proteins
belong to the same cluster, then they are either both in the training set, in the validation set, or in
the test set. The data split is performed at the protein level and not at the genome level, to avoid the
model relying on sequence similarity between, say, two orthologs in similar genomes, as a shortcut to
predict essentiality. All protein sequences are given as input to ProteomeLM to build contextualized
embeddings. The training procedure and objective used for ProteomeLM-Ess are the same as the
ones used for ProteomeLM-PPI (see above).
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