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SUMMARY

To begin deciphering the hierarchical structure of the cell, we need to integrate multiple types of data of
different scales on subcellular organization. To this end, we developed MIRAGE, a multi-modal generative
model for integrating protein sequence, protein-protein interaction, and protein localization data. Our adver-
sarial approach successfully learns a joint embedding space that captures the complex relationships among
these diverse modalities and allows us to generate missing modalities. We evaluate our model’s performance
against existing methods, obtaining superior performance in protein function prediction and protein complex
detection. We apply MIRAGE to construct a hierarchical map of subcellular organization in HEK293T cells,
recovering known protein assemblies across multiple scales.

INTRODUCTION

Sparsity and incomplete data present significant challenges in
bioinformatics, hindering the analysis and interpretation of large
biological datasets.' These issues necessitate the development
of specialized computational algorithms and data imputation
methods to accurately predict missing values and extract mean-
ingful insights from incomplete biological information. A single
protein encompasses multiple biological dimensions: its amino
acid sequence reveals insights into its structure and molecular
function, its protein-protein interactions (PPIs) reflect the biolog-
ical processes it takes place in and provide information on its
subcellular organization, and its localization images illustrate
its spatial distribution within cellular compartments. This multi-
faceted nature of proteins provides various sources of informa-
tion for learning meaningful representations by integrating
different biological modalities. Ideally, a unified joint embedding
space would allow for an integrated representation of proteins by
aligning these diverse modalities.

However, acquiring comprehensive datasets that include all
these modalities is often impractical due to the high costs and
complexities associated with experimental data collection about
the interactions and localization of a protein. Thus, state-of-the-
art integration methods consider only a subset of these modal-
ities. For instance, some approaches focus on integrating local-
ization images with PP information,” while others aim to connect
sequence data with localization images.® Similar approaches
have been successful in other fields, such as combining images
with text or audio in computer vision."® Nevertheless, these

methods typically operate on limited pairs of modalities, result-
ing in embeddings that are restricted to the specific combina-
tions used during training. A recent study® attempted to address
this limitation by using images as a central point to connect with
other types of data. While this is a step forward, it depends on
comprehensive image data, which are not available as of yet in
the protein world.

Our work addresses this gap by proposing the MIRAGE (multi-
modal integrative representation using adversarial generative
embedding) model that learns a joint embedding space across
the three aforementioned modalities: sequence, interaction, and
localization (Box 1). Importantly, our model does not require full in-
formation, allowing us to represent proteins for which information
on one or two modalities is missing. Our approach draws inspira-
tion from CycleGAN,’ adapting its concept of bidirectional trans-
lation to the domain of biological data modalities. In our model,
different modalities are encoded into a shared latent space,
from which we can generate other modalities. This creates a cycle
of translations: modality A can be used to generate modality B,
and the generated B can be used to reconstruct A, ensuring con-
sistency and information preservation across modalities. This
methodology enables the translation and generation of one mo-
dality from another, offering a solution to the pervasive issue of
data scarcity and incompleteness in biological research.

We demonstrate the effectiveness of our multi-modal genera-
tive model by integrating protein sequence data, PPI informa-
tion, and subcellular localization images to construct a hierarchi-
cal map of subcellular organization. Our results show that our
approach successfully learns a joint embedding space that
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Box 1. Progress and potential progress

Proteins are complex biological entities that can be understood through multiple lenses: their amino acid sequence, their
interactions with other proteins, and their location within cells. While each of these “modalities” provides valuable insights, the
true understanding of protein function emerges from integrating all three perspectives. However, this integration has been
challenging because comprehensive datasets containing all three modalities for the same proteins are extremely rare—most
proteins have information for only one or two modalities. MIRAGE (multi-modal integrative representation using adversarial gener-
ative embedding) solves this problem by translating between modalities rather than requiring all modalities to be present for every
protein. Drawing inspiration from CycleGAN, MIRAGE creates a continuous cycle of translations: modality A can generate modality
B, which can then regenerate A, ensuring consistency across modalities. This approach allows MIRAGE to learn from unaligned
data—proteins with information in only one or two modalities—vastly expanding the available training data. The key innovation of
MIRAGE lies in its ability to encode different protein modalities into a shared embedding space without requiring complete infor-
mation across all modalities. This enables representation of proteins even when information on one or two modalities is missing.
This further allows the generation of missing modality data. Unlike previous approaches that require aligned data that drastically
reduce sample size, MIRAGE integrates all three modalities simultaneously while leveraging much larger datasets. Potential:
MIRAGE represents a significant advancement in our ability to understand protein function through integrated multi-modal anal-
ysis. Beyond outperforming existing methods in protein module detection and function prediction, MIRAGE offers several prom-
ising directions for future research and applications. First, MIRAGE’s ability to generate missing modality data could help over-
come the persistent challenge of incomplete biological information. For example, when protein localization images are
unavailable, MIRAGE can generate high-quality image representations from sequence or interaction data, expanding the scope
of proteins that can be analyzed. Second, the hierarchical cell map created using MIRAGE embeddings provides richer insights
into cellular organization across multiple scales, from large compartments like the nucleus down to specific protein complexes.
This multi-scale perspective could enhance our understanding of how cellular components work together in health and disease.
Finally, MIRAGE’s framework is inherently scalable to additional modalities beyond the three demonstrated here. As new types of
protein data become available (such as 3D structures or post-translational modifications), they can be incorporated into the
MIRAGE framework, potentially leading to even more comprehensive protein representations. This scalability makes MIRAGE a
valuable platform for integrating the increasingly diverse landscape of biological data, ultimately advancing our understanding
of cellular systems and protein function.

captures the complex relationships between these diverse mo-
dalities. We evaluate our model’s performance against existing
methods for protein representation learning, including those
that focus on a single modality or on pairs of modalities. Our
framework demonstrates superior performance in several key
tasks, including protein function prediction, module detection,
and data generation for missing modalities.

RESULTS

We developed MIRAGE, a multi-modal generative model for
integrating protein sequence, PPI, and protein localization data
to construct a hierarchical map of the cell (Figure 1). The model
receives as input protein data from multiple modalities. MIRAGE
adversarially learns to embed these modalities into a shared
latent space that captures the complex relationships between
these diverse modalities and allows the generation of missing
modalities Figure 2). Model training relies on three objective or
loss components: (1) adversarial loss, which ensures that the
distribution of the generated modality matches the data distribu-
tion in the target domain; (2) reconstruction loss, which enforces
consistency between the latent space representation and the
original domain; and (3) latent-cycle-consistency loss, ensuring
alignment in the latent space for the same protein encoded
from different modalities.

One of the key strengths of MIRAGE is its ability to generate rep-
resentations for missing modalities. During training, each input
modality is mapped to a shared latent space using an encoder,
and from this shared representation, the model learns to generate
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the other modalities using dedicated generators. This cross-
modal translation is enabled by adversarial training and cycle-
consistency constraints, allowing MIRAGE to infer missing modal-
ity embeddings from available ones at inference time. The
MIRAGE framework is described in detail in the STAR Methods.
We applied MIRAGE to integrate sequence, interaction, and
localization information in HEK293T cells to construct a hierar-
chical map of protein subcellular organization. As a sanity check,
we compared the MIRAGE joint embedding to those obtained
from each modality separately. As illustrated in Figure 3, our
method consistently outperformed single-modality approaches
across all benchmark datasets. For clarity, the single-modality
baselines evaluated here correspond to pretrained embeddings
obtained from widely used models: ESM-2 for sequence, node2-
vec for PPI, and DenseNet for image data, as detailed in STAR
Methods. The joint embeddings produced by MIRAGE better
align with known biological structures compared with those
derived from any individual modality. This superior performance
underscores the effectiveness of our approach in capturing com-
plementary information from diverse data types, resulting in
more biologically relevant and informative representations.
While MIRAGE seamlessly integrates all three input modalities,
methods such as MUSE® and DICE? are constrained to integrating
only two modalities at a time. To compare to those methods, we
performed three distinct experiments, each combining a pair out
of the three modalities. For each modality pair, we applied the
same evaluation protocol described earlier. The results of these
pairwise integration experiments are presented in Figure 4.
Remarkably, MIRAGE consistently outperformed the benchmark
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(A) Data preprocessing: MIRAGE inputs three types of protein data: amino acid sequences (processed through ESM-2 to generate embeddings), PPl networks
(processed through node2vec), and subcellular localization images (processed through DenseNet). Each modality is encoded into vector representations before
entering the MIRAGE pipeline. Importantly, proteins with incomplete data across modalities can still be included.

(B) MIRAGE adversarial model. The model learns a latent embedding for each modality.

(C) Application to downstream tasks: a hierarchical map of cellular structures and protein function prediction.

methods across almost all modality combinations and evaluation
benchmarks. All pairwise evaluations in Figure 4 were performed
only on proteins for which both corresponding modalities were
available to ensure fairness and comparability.

We observed that MIRAGE outperforms baseline methods
(MUSE and DICE) across most modality pairs, particularly
when the modalities carry complementary information. For
example, combining sequence and image data leverages
distinct sources of information—sequence features encode
structural and functional motifs, while image embeddings cap-
ture subcellular localization. By contrast, for tasks like GO
cellular component (CC) prediction, image embeddings alone
already carry strong spatial information, leaving limited room
for improvement through integration. Additionally, we note that
MIRAGE was not fine-tuned for specific tasks or label sets,
and further performance gains may be achievable through
task-specific optimization.

To comprehensively evaluate MIRAGE in the context of
integrating three or more modalities, we conducted a compar-
ative analysis against alternative approaches capable of
handling multi-modal data. Due to the scarcity of well-estab-
lished models designed to operate on three or more modal-
ities simultaneously, we selected two baseline methods:
simple feature concatenation (CONCAT) and a multi-modal
autoencoder (MMAE), which is considered a strong baseline
for multi-modal integration.® The CONCAT method serves
as a naive baseline, directly combining features from different
modalities without learning inter-modal relationships. By
contrast, the MMAE represents a more sophisticated

approach, combining multi-modal data through a bottleneck
layer that can reconstruct original features, a technique that
has shown promise in various multi-modal learning tasks.’
The results of this comparison, constrained to proteins with
data in all modalities, are presented in Figure 5. A further
evaluation with respect to GO molecular function categories
appears in Figure S5, showing a significant advantage
to MIRAGE compared with the other methods. Overall,
MIRAGE demonstrated superior performance compared with
both CONCAT and MMAE in the vast majority of benchmarks
and evaluation metrics (with a single exception where
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Figure 2. The MIRAGE scheme

For each modality, it learns a mapping E : X—Z to latent space (dashed circle)
and a generator from latent space to modality G : Z—X. Real and generated
samples are classified using a parameterized discriminator D : X,)?—>O, 1.
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Figure 3. Performance evaluation of multi-modal protein embeddings in HEK293T cells using the BIONIC benchmark
(A) Module detection performance measured by adjusted mutual information (AMI) score comparing image-based (IMG), protein-protein interaction (PPI),
sequence-based (SEQ), and integrated MIRAGE embeddings across GO biological process (GO BP), GO cellular component (GO CC), KEGG pathways, and

CORUM protein complexes.

(B) Supervised function prediction performance measured by weighted F1 score across the same functional annotation databases. Single-modality baselines use
pre-aligned embeddings: ESM-2 for sequence (n = 20,218 proteins from UniProt), node2vec for PPI (n = 14,032 proteins from the BioPlex network), and DenseNet
forimages (n = 1,125 proteins from the Human Protein Atlas), as described in STAR Methods. Box plots show median, quartiles, and individual data points from

n = 5 cross-validation folds.

MMAE slightly outperformed MIRAGE on GO BP function
prediction).

To assess the robustness of multi-modal models under
stricter generalization criteria, we also performed a homology-
aware 5-fold cross-validation. Protein sequences were clus-
tered using CD-HIT'® at 40% sequence identity, and entire
clusters were assigned to separate folds to prevent homolo-
gous proteins from appearing in both training and test sets.
This evaluation was applied to MIRAGE, CONCAT, and
MMAE. The results of this analysis are shown in Figure S6,
which reflects model performance under these homology-
aware splits.

Hierarchical cell map

After establishing the utility of MIRAGE, we applied it to construct
a hierarchical map of cell structure. To this end, we clustered the
proteins according to the similarities between their integrative
embeddings at multiple resolutions.'" For comparison purposes,
we focused on the 907 proteins present in all three modalities.
Different protein modalities capture information at different
scales. For example, the imaging data reveal information on a
protein’s localization in the cell, while the AP-MS data (BioPlex
network) reveal the protein’s specific interaction partners and
complexes. Aligning these two modalities using MIRAGE into a
unified embedding enables capturing information from all modal-
ities, and clustering at multiple resolutions enables resolving pro-
tein assemblies across scales (Figure 6).

The resulting hierarchy contains 111 clusters, including 62
clusters that overlap significantly with a component in the
Gene Ontology, CORUM, or HPA (hypergeometric test, false dis-
covery rate [FDR] < 10%, and Jaccard index > 10%). We recov-
ered assemblies across scales, including large compartments
(e.g., nucleus and cytosol) and small compartments (e.g., his-
tone acetyltransferase complex and ribosomal complex). In
comparison, a previous integration of interaction and image in-
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formation using DICE? identified only 46 clusters that overlapped
with known components at the same thresholds. This compari-
son suggests that MIRAGE embeddings better capture known
biological systems.

Embedding alignment and robustness to missing
information

Despite MIRAGE’s foundation in generative adversarial net-
works (GANs), we observed a notable alignment property in
MIRAGE’s joint embeddings. This phenomenon is reminiscent
of the characteristics typically associated with contrastive
learning approaches, where matching pairs are drawn closer
together in the embedding space, while non-matching pairs
are more uniformly distributed.’® To investigate the alignment
properties of our joint embedding, we used the UMAP dimen-
sionality reduction algorithm'® for visualization. The results, pre-
sented in Figure 7, reveal a striking alignment among the three
modalities for each protein. By contrast, the three modalities
are completely separated in the raw embedding. This observed
alignment is particularly notable given that MIRAGE employs
L¢yc loss, which ensures that different modalities for the same
protein are mapped nearby in latent space. The emergence of
such alignment suggests that our model has successfully
captured the intrinsic relationships between different modalities
of the same protein, effectively learning a shared representa-
tion space.

To test the robustness of the generated embeddings, we
focused on proteins with at least two modalities, and for each
modality of a given protein, we measured the distance between
its real embedding and its generated embedding based on the
other modalities of that protein. The results are shown in
Figure S7, demonstrating the potential of our model to fill in infor-
mation gaps. Notably, when comparing generation quality be-
tween proteins with complete versus partial modality coverage,
we observed no significant difference (Figure S8).
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Figure 4. Comparison of multi-modal integration methods for pairwise modality combinations in HEK293T protein data

(A) PPI and imaging data (PPI-IMG, n = 921 proteins with both modalities).

(B) PPI and sequence data (PPI-SEQ, n = 13,674 proteins with both modalities).

(C) Imaging and sequence data (IMG-SEQ, n = 1,070 proteins with both modalities). Module detection performance (AMI score) comparing MIRAGE against
established integration methods MUSE and DICE across GO biological process (GO BP), GO cellular component (GO CC), KEGG pathways, and CORUM protein
complexes using Louvain clustering. Box plots show median, quartiles, and individual data points from n = 5 cross-validation folds.

As image information is the scarcest, we particularly evaluated
our model’s ability to generate it using data from the other two
modalities. Since MIRAGE generates image embeddings in the
latent space of a pretrained image encoder (DenseNet), predict-
ing the original (raw) image content from the embedding would
require a separate decoder trained to invert the embedding,
which is beyond the scope of this work. Instead, to assess the
quality of these generated image embeddings, we employed
the Fréchet inception distance (FID) metric'® (see STAR
Methods). We compared the FID scores of our generated image
embeddings against those produced by a K-nearest neighbors
(KNNs) approach, using the true image embeddings as a
reference. Our model consistently achieved lower FID scores
compared with KNN, indicating superior performance (see
Table S3). This shows the effectiveness of our method in gener-
ating high-quality protein image representations from PPI,
sequence, or a combination of both.

Last, we evaluated the downstream utility of MIRAGE-gener-
ated image representations by testing their performance in
a protein function prediction task. As shown in Figure S9,
classifiers trained on generated image embeddings achieve
predictive accuracy comparable to those using real image
embeddings.

DISCUSSION

MIRAGE is a multi-modal generative model for integrating pro-
tein sequence, PPI, and protein localization data for constructing
a hierarchical map of subcellular organization. Our approach
successfully learns a joint embedding space that captures the
complex relationships between these diverse modalities. By
enabling the use of unaligned data, our model can exploit a
broader range of information, potentially leading to more robust
and generalizable representations. This unaligned training para-
digm offers several advantages. First, it substantially increases
the quantity of data that can be utilized for training, as it removes
the constraint of finding perfectly matched samples across mo-
dalities. Second, it enhances the model’s ability to learn more
flexible and diverse mappings between modalities, potentially
capturing a wider range of inter-modal relationships. In partic-
ular, MIRAGE allows representation learning even when some
modalities are missing, leveraging adversarial and cycle-consis-
tent objectives to translate between available data types. This is
especially valuable in biological datasets with sparse modality
coverage. Importantly, we demonstrate that the generated em-
beddings retain sufficient biological signal to support down-
stream tasks, such as protein function prediction.

Cell Systems 16, 101444, November 19, 2025 5
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Figure 5. Performance comparison of multi-modal integration methods in HEK293T protein data

(A) Module detection performance measured by adjusted mutual information (AMI) score comparing concatenation baseline (CONCAT), multi-modal au-
toencoder (MMAE), and MIRAGE across GO biological process (GO BP), GO cellular component (GO CC), KEGG pathways, and CORUM protein complexes.
(B) Supervised function prediction performance measured by weighted F1 score across the same functional annotation databases. Analysis performed on
proteins with all three modalities available (n = 907 proteins with PPI, imaging, and sequence data). Box plots show median, quartiles, and individual data points
from n = 5 cross-validation folds. Statistical significance was determined by a paired t test comparing MIRAGE to the second-best-performing method. For GO
BP prediction, where MIRAGE is slightly outperformed by MMAE, no p value is shown.

While MIRAGE achieves state-of-the-art results in multi-
modal protein representation learning, several important limita-
tions must be acknowledged. One limitation is that MIRAGE
generates embeddings in the latent space rather than recon-
structing the original modalities themselves. For instance,
when generating missing image information, MIRAGE produces
embeddings in DenseNet’s feature space rather than actual
immunofluorescence images. This implies that while these
generated embeddings retain biological signal sufficient for
downstream tasks like function prediction, they cannot be
directly interpreted or visualized as cellular images. Addition-
ally, MIRAGE’s performance is inherently bounded by the qual-
ity of the pretrained encoders it employs. Errors or biases in
ESM-2, DenseNet, or node2vec will propagate through the
integration process, potentially limiting the biological fidelity
of the joint representations. Finally, our evaluation focuses pri-
marily on HEK293T cells, and the generalization to other cell
types or species remains to be established. Future work should
address these constraints through end-to-end architectures
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Figure 6. Hierarchy of protein assemblies constructed using the
MIRAGE embeddings

Nodes represent protein assemblies, and edges represent hierarchical
containment. Node size is proportional to the number of proteins. Nodes are
shaded based on overlap with known cellular components.
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that can generate interpretable outputs across diverse biolog-
ical systems.

A key application of MIRAGE is the derivation of a hierarchi-
cal map of subcellular organization based on the learned inte-
grated protein embeddings. Importantly, MIRAGE managed to
recover known protein assemblies across scales, including
large compartments (e.g., nucleus and cytosol) and small
compartments (e.g., histone acetyltransferase complex and ri-
bosomal complex). In addition, it suggests dozens of novel
assemblies whose validation and interpretation require further
research. As more data become available, MIRAGE could be
applied to study how protein function and organization
evolve across different conditions and species, providing in-
sights into the fundamental principles governing cellular
architecture.
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Figure 7. UMAP projections of protein embeddings from three data modalities in HEK293T cells

(A) RAW embeddings represent input to the model before integration.

(B) MIRAGE embeddings represent output after integration. Network-based embeddings (red, n = 14,032 proteins from the BioPlex protein-protein interaction
network %), image-based embeddings (blue, n = 1,125 proteins from the Human Protein Atlas immunofluorescence images'®), and sequence-based embeddings
(green, n = 20,218 proteins from UniProt) are shown before (RAW) (A) and after (MIRAGE) (B) integration. UniProt sequences are publicly available.
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KEY RESOURCES TABLE

REAGENTS or RESOURCES SOURCE IDENTIFIER

Deposited data

Cell images Thul et al.™® https://www.proteinatlas.org

Protein Sequence UniProt https://www.uniprot.org

Bioplex Network Huttlin et al.™ https://www.ndexbio.org

Protein Labels GO, KEGG, CORUM https://doi.org/10.5281/zenodo.15553132
Software and algorithms

MIRAGE This Paper https://doi.org/10.5281/zenodo.15569121
node2vec Grover et al.'’ https://snap.stanford.edu/node2vec
DenseNet Ouyang et al."® https://github.com/CellProfiling/densenet

ESM-2 Lin etal.” https://huggingface.co/facebook/esm2/_
t33/_650M/_UR50D

METHOD DETAILS

Let X = {Xj,X2, ..., Xu} represent the set of M different modalities for protein representation (e.g., sequence (SEQ), interaction (PPI)
and localization (IMG)), where X; € R%. The goal is to embed X,-E_»Z into a shared latent space Z € R, and to generate ZE>X,' modality

vector from any latent modality j, where E; and G; are parameterized mapping functions.

We employ adversarial learning, where discriminators D; are trained to distinguish between real and generated samples of each
modality. The key innovation lies in feeding unaligned modality embeddings to the framework, allowing the model to learn cross-
modal relationships without requiring full M -tuple data from the same protein. Formally, for any pair of modalities (i.j), we can perform
translations X,-—>E,Z—>G,-X/.’, where X/’ is the generated version of modality j from modality i. Our approach, MIRAGE, is illustrated in
Figure 2. Importantly, MIRAGE’s translation process is independent of the specific proteins used in the input modality, enabling flex-
ible cross-modal generation even when data for all modalities is not available for every protein. This overcomes the requirement for
aligned data that often drastically reduces the volume of available training samples as demonstrated in Figure S1.

Our objective function consists of three main components, which are described in detail below: (i) adversarial loss L4, which en-
sures that the distribution of the generated modality matches the data distribution in the target domain; (ii) reconstruction loss L,
which enforces consistency between the latent space representation and the original domain; and (jii) latent-cycle-consistency loss
Leyc, introduced to prevent contradictions between the learned mappings E and G, ensuring alignment in the latent space for the
same protein encoded from different modalities. The full loss function is a weighted sum of these loss terms:

Liota = ﬂgan[/gan + j«cyc[«cyc + Arec Lrec, (Equation 1)

where Agan, Acye, Arec CONtrol the relative importance of each loss term. Computationally, this setup requires learning 2 x M parameters,
making the complexity linear with respect to the number of modalities, in contrast to a direct mapping between all modalities, which
would lead to quadratic complexity. We evaluate key training dynamics in Figures S2 and S3. The former illustrates that discriminator
buffering helps prevent overfitting, while the latter shows that smaller batch sizes destabilize adversarial training—a critical issue for
relatively small biological datasets. Our design follows established practices in GAN training, including the use of least-squares GAN
loss®° and gradient penalty.®’

To assess the impact of the latent cycle-consistency loss, we conducted an ablation experiment varying its weight (Acye = 0,5,10).
As shown in Figure S4, higher values of Acyc result in greater alignment among the three modality representations in the shared latent
space, as visualized via UMAP. This supports the role of the cycle-consistency loss in encouraging cross-modal coherence.

Application to HEK293T cells
We applied MIRAGE to data coming from three different modalities measured in HEK293T cells. Specifically, we integrated protein
sequence data from UniProt for 20,218 human proteins, alongside immunofluorescence images from the Human Protein Atlas'® and
protein-protein interaction data from the Bioplex network.' The protein interaction network contains 14,032 proteins and 127,732
interactions, while the image dataset includes 1,125 immunofluorescence images. Dataset sizes and overlaps are depicted in
Figure S1.

After learning, in order to construct a representative embedding for each protein that accounts for its image-based, network-based
and sequence-based embeddings, we fuse those embeddings into a joint representation. While there are many potential fusion func-
tions,?* we simply use concatenation: Z = [Z|Z2|Z3].
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In recent works, there has been a growing shift toward using embedded or encoded features instead of raw data, enabling models
to extract rich, abstract representations that capture essential aspects of the data.?® By breaking large tasks into smaller, manage-
able ones, intermediate representations can be learned and then leveraged for the main objective. For example, in ESM-2,"® masked
language modeling (MLM) was first applied to learn sequence embeddings, which were subsequently used to train a 3D structure
prediction model, in contrast to end-to-end approaches like AIphaFoId.24 Another example is in computer vision, where image rep-
resentation is learned for downstream tasks such as: classification, segmentation.?*° Following this practice, MIRAGE also utilizes
embeddings as input, incorporating multiple modalities in a joint embedding space rather than working directly with raw data. This
approach enhances flexibility and improves performance in complex tasks.

For sequence encoding, we utilized the ESM-2"° model to obtain sequence embeddings from the raw sequence data. We
excluded 460 proteins with sequences longer than 2000 amino acids due to input length limitations of the ESM-2 model. For image
encoding, we use DenseNet.'® For network encoding, we employed node2vec.'” These encodings allow for direct comparison with
previous works that have used similar methods.®

Performance evaluation

To assess the performance of our method, we utilized the recently developed BIONIC benchmark®” with the following tasks:
(i) protein module detection and (i) supervised protein function prediction. For module detection, BIONIC uses the Adjusted Mutual
Information (AMI) score (see Adjusted Mutual Information (AMI)) to compare clustering outputs against known protein modules. AMI
measures the agreement between two clusterings while correcting for chance, making it robust for evaluating unsupervised
methods. This metric was also used in the BIONIC benchmark,?” ensuring consistency with prior evaluations. While BIONIC originally
employed hierarchical clustering for module evaluation, we opted for the popular Louvain clustering algorithm?® due to its
computational efficiency and effectiveness in identifying community structures in large networks. For supervised function prediction
we followed BIONIC and used a One-vs-Rest scheme with a linear support vector classifier.

Our evaluation was conducted using human protein module benchmarks derived from multiple well-established biological
databases. These included KEGG pathways,”® excluding metabolic pathways to focus on signaling and regulatory modules;
Gene Ontology (GO) annotations,®° specifically targeting Cellular Components (CC) and Biological Processes (BP); and CORUM
complexes,®' which provide a curated set of mammalian protein complexes. Following BIONIC, we used 5-fold cross-validation
for all evaluations. For module detection, we consider labels that occur in at least 5 proteins, and for supervised function prediction,
we restrict to frequent labels that appear in at least 20 proteins, consistent with BIONIC. This diverse set of benchmarks allowed us to
evaluate our method’s performance across various biological contexts and scales, ranging from specific protein complexes to
broader functional modules and pathways.

A breakdown of protein coverage across different functional annotations and modality combinations is provided in Tables S1 and
S2 reports the number of unique GO, KEGG and CORUM terms available for each modality or modality combination. Together, these
tables summarize the dataset composition and term diversity used throughout our experiments. All datasets and annotation stan-
dards used in our experiments are publicly available (key resources table) to support reproducibility.

Adversarial loss

Generative Adversarial Networks (GANs)*” are a class of deep learning models consisting of two neural networks, a generator and a
discriminator, trained simultaneously through adversarial learning. In traditional GANSs, the discriminator is typically trained using bi-
nary cross-entropy loss to distinguish between real and generated samples, while the generator aims to produce samples that can
fool the discriminator. However, this approach can lead to training instability and vanishing gradients. To address these limitations,
we adopted the Least Squares Generative Adversarial Network (LSGAN)?° approach in our work. LSGAN replace the cross-entropy
loss function in the discriminator with a least squares loss. This modification provides several advantages: (i) it helps mitigate the
vanishing gradients problem often encountered in GAN training; (i) and it addresses the issue of the discriminator learning too quickly
and overpowering the generator, which can lead to training instability. This results in improved stability during the training process
compared to regular GANs.

For the discriminator the loss is:

Lo = [(D(x) - 1)2} + [D(G(z)ﬂ, (Equation 2)

where 1 represents the target label for real samples, and only the discriminator D is updated during this step.
For the generator the loss is:

Lo = [(D(G(z)) - 1)2], (Equation 3)

where 1 represents the target label for generated samples to fool the discriminator, and only the generator G is updated during
this step.

We further incorporate the gradient penalty®’ approach, which enhances the stability of GAN training by regulating how quickly the
discriminator’s output can change with respect to its input. Specifically, the gradient penalty adds a term to the loss function that
discourages the discriminator from making overly confident predictions based on small changes in input. This helps to prevent
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the discriminator from becoming too powerful too quickly, which can lead to training instability. The gradient penalty is added to the
original Lp loss, resulting in the following adversarial objective:

Lo = L0 + Lo +igoErr, [(IV:DR), — 1)°]. (Equation 4)

where Ay, is a constant that controls the strength of the gradient penalty,® X is the input sampled along the line between real and
generated samples, sampled only from real, V;D(X) is the gradient of the discriminator with respect to X, | -||, is the L2 norm,
and the term (||VxD(X)|l, — 1)2 encourages the gradient norm to be close to 1.

Cycle Consistency Loss

The cycle consistency loss, originally introduced for CycleGAN,” helps ensure that the translation process is bijective and preserves
important features of the input. By extending this concept to the latent space, we aim to enforce consistency in the learned repre-
sentations (Figure S10), which can lead to more stable and meaningful translations. This latent cycle consistency loss, allows many to
many mapping without fixing pairs to perform a full cycle as in Zhu et al.” also it contribute to better alignment of translations in the
latent space. Formally, the loss is:

Loo = |Z0 - E(G@)|3, (Equation 5)

where Z; = E;(X;) is the latent representation of input modality i. We randomly select a target modality j, generate that modality and
then encode back to latent space (Figure S10).

Reconstruction Loss

In addition to the cycle consistency loss, we utilize a reconstruction loss from the latent space back to the original space. This addi-
tional constraint helps to preserve important features of the input during the translation process and encourages the model to learn a
meaningful and diverse mapping between domains. By enforcing this reconstruction, we aim to avoid the problem of mode collapse,
by generator produces a limited variety of outputs regardless of the input. This approach is inspired by the original CycleGAN paper,”
and further explored in the augmented CycleGAN model.>®> We use the following reconstruction loss:

Lee = X — Gi(Z)]3, (Equation 6)

where Z; = E;(X;) is the latent representation of modality i (Figure S11).

Fréchet Inception Distance (FID)
The Fréchet Inception Distance (FID) score between two distributions P; (real data) and Py (generated data) is given by:

FID(P-Pg) = [l — mlly+Tr(20 + 2 — 2(5:%,)?), (Equation 7)

where u, and X; are the mean and covariance of the real data features, and 4 and X, are the mean and covariance of the generated
data features.

FID is particularly suitable for this task as it captures both the quality and diversity of generated images, providing a comprehensive
measure of how well the generated distributions match the real data distribution.'®

Adjusted Mutual Information (AMI)
Adjusted Mutual Information (AMI) measures how similar two sets of cluster assignments are, while correcting for similarities that
could occur just by chance.®* It is particularly helpful when comparing predicted clusters —such as protein modules—to known bio-
logical groupings that may differ in size or number.

The core idea is to compute how much the predicted and true clusterings overlap (called Mutual Information), and then adjust that
score to account for random chance. If two clusterings agree perfectly, AMI will be 1. If they are no better than random, AMI will be
close to 0.

Implementation details

We implemented MIRAGE using PyTorch and conducted experiments on a Linux machine equipped with an NVIDIA TITAN Xp GPU.
The source code is available at https://github.com/raminass/MIRAGE. Our network architecture utilizes a latent dimension of 128 and
a hidden dimension of 512. We initialized the model weights using Xavier initialization.®> We employed a batch size of 32 for all ex-
periments, as it provided optimal stability for adversarial training. Smaller batch sizes such as 8 were explored but resulted in unstable
training dynamics, as illustrated in Figure S3. For optimization, We employed the Adam optimizer®® with a learning rate of 0.0002 and
By = 0.5, following established practices in GAN training.® Our training schedule maintained a constant learning rate for the first 100
epochs, followed by a linear decay to zero over the subsequent 100 epochs, a strategy that has been shown to enhance stability and
convergence in GAN training.” Notably, we update the discriminator using only the samples produced by the most recent generator
iteration. This design choice was made after observing that including older or buffered samples—i.e., previously generated outputs
stored in a sample history buffer—led to an overpowered discriminator that quickly overfits to stale generator outputs, destabilizing
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the adversarial training. While buffering is sometimes used to regularize discriminator updates,” in our setting with limited data, it had
the opposite effect. This observation is illustrated in Figure S2.

In our loss function, we employed multiple components weighted by specific hyperparameters to balance their contributions. The
total loss is computed as a weighted sum of the GAN loss, cycle consistency loss, reconstruction loss, and gradient penalty, spe-
cifically we use the following weighting parameters same as in Zhu et al.”: Agan = 1, 2cyc = 10,Apec = 10,4gp = 1.
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