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Abstract

Protein motifs are conserved elements that mediate processes such as folding, binding, catalysis, and post-
translational modifications. While motif identification is critical for protein study, experimental methods are labor-
intensive, only a few hundred motifs are cataloged in databases like ELM, and existing supervised models are typically
limited to predicting motifs with a specific function. Here, we present MotifAE, an unsupervised framework for
discovering functional motifs from the protein language model ESM2, which captures evolutionary-scale sequence
regularities. MotifAE is based on the sparse autoencoder (SAE), an encoder-decoder architecture that projects ESM2
embeddings into a sparse latent space, with an additional local similarity loss that encourages coherent latent feature
activations. When benchmarked against known ELM motifs, MotifAE achieves a median AUROC of 0.88,
outperforming the standard SAE (0.80). We also calculated Position-specific scoring matrices (PSSMs) for MotifAE
features and found that features with similar decoder weights share similar PSSMs. Furthermore, by aligning MotifAE
features with experimental data through gated feature selection, we identified features associated with specific
properties such as folding stability. Steering these features enabled designing proteins with enhanced stability, as
evaluated in silico. Overall, MotifAE provides a general framework for systematic motif discovery and interpretation,
with the potential to advance protein function analysis, mutation effect interpretation, and rational protein engineering.

Introduction

Proteins mediate essential biological processes, such as catalysis, immune defense, signal transduction, and
molecular transport. Their functional regions, such as catalytic centers, binding interfaces, and post-translational
modification sites, exhibit conserved sequence patterns, commonly referred to as motifs. Systematic discovery of
functional motifs is crucial for advancing our understanding of protein function and has broad applications in gene
annotation, mutation effect interpretation, and protein engineering.

Experimental Identification of functional motifs requires first locating protein regions that share the same function,
then aligning these regions to get the motif sequence pattern, typically represented as a regular expression or a
position-specific scoring matrix (PSSM)'. This process is labor-intensive and time-consuming. As of 2025, only 353
motifs have been curated in the Eukaryotic Linear Motif (ELM) database®. High-throughput screens have been
developed to map functional regions®®, but these screens remain limited in scale and are tailored to specific and
readily measurable functions, such as protein abundance or binding to a specific partner, making them unsuitable for
systematically identifying the full spectrum of functional motifs. To complement experimental efforts, machine learning
methods have also been developed’®, often trained on curated resources like ELM or datasets from high-throughput
screens. However, these supervised models are typically tailored to specific functions and inherently biased toward
their training datasets, limiting their generalizability.

In recent years, deep learning has driven remarkable advances in modeling protein sequence'®, structure'', and
function'. A major development is protein language models (pLMs), such as ESM2'°, which are self-supervised
models trained on large-scale protein databases using masked or next-token prediction. Through this pre-training,
pLMs implicitly learn conserved sequence patterns at the evolutionary scale. For example, Zhang et al.'® demonstrated
that ESM2 predicts protein structure by storing pairwise contact motifs, Vig et al.' found that pLMs’ attentions capture
target binding sites, Zhang et al."® showed that mutational constraints predicted by ESM2 are predictive of conserved
sequence motifs. Moreover, numerous studies have leveraged pLM embeddings to predict functional regions such as
signal peptides, transit peptides, and post-translational modification sites®. Collectively, these works demonstrate that
pLMs encode rich information about functional motifs within their parameters. However, because pLMs operate as
black boxes, the motif information they encode is not directly accessible.
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Various attempts have been made to extract interpretable features from language models. Among them, sparse
autoencoders (SAEs) have shown strong potential for interpretability'®. The core assumption of SAEs is that the model
embedding can be expressed as a linear combination of different features'’, with each feature ideally corresponding
to an interpretable factor. To achieve this, SAE uses an encoder to project embeddings into a higher-dimensional,
sparse latent space, and uses a decoder to reconstruct the embeddings from this space. Hereafter, we refer to each
neuron in the SAE latent space as a feature, and neurons with positive values are activated. During SAE training, a
reconstruction loss was used to ensure that the embeddings are accurately reconstructed, and a sparsity constraint
was used to encourage sparse feature activations. Typically, only tens of features are active per residue, far fewer
than the original embedding dimension, which often exceeds a thousand. SAEs have been successfully applied in
large language models (LLMSs) to find interpretable semantic features'®'’. Adapting the training and interpretation
strategies developed for LLM SAEs, similar approaches in biological sequence models have identified known
functional elements, including DNA features such as exons, introns, and transcription factor binding sites'®, as well as
protein features such as binding motifs and structural domains'®2".

Here, we developed MotifAE, introducing methodological advances in both SAE model training and interpretation to
make them better suited for biological sequences and compatible with experimental data. We incorporated an
additional local similarity loss during training, encouraging MotifAE’s latent features to capture the sequential nature
of motifs. Compared to standard SAEs, MotifAE markedly improves the identification of functional motifs across
diverse benchmarks. Building on this capability, we further align MotifAE features with experimental protein fithess
data using a gated feature selection approach, which enables the identification of associated features and enhances
performance in fithess prediction. Moreover, steering these selected features allows protein design with desired
properties, as evaluated in silico. Overall, MotifAE provides a systematic framework for motif discovery from pLMs
and annotation using experimental data, facilitating deeper insights into protein function, and offering potential
applications in gene annotation, mutation effect interpretation, and protein engineering.
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Figure 1. The MotifAE framework.

MotifAE uses the same architecture as the sparse autoencoder (SAE) but is trained with an additional local similarity loss. MotifAE projects ESM2
embeddings (dimension 1,280) into a high-dimensional latent space (dimension 40,960) using an encoder, and then reconstructs the embeddings
through a decoder. The reconstructed embeddings can be mapped to amino acid probabilities via the fixed ESM2 MLP layer, enabling prediction
of protein fitness landscape. MotifAE is trained with three objectives: a reconstruction loss, a sparsity loss, and a local similarity loss, the latter
encourages locally coherent latent feature activations.

Results

MotifAE is a sparse autoencoder with coherent latent feature activation.
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We developed MotifAE, an adaptation of the sparse autoencoder (SAE) for discovering functional motifs from pLMs.
A standard SAE is trained with a reconstruction loss and a sparsity constraint (Figure 1), ensuring that the original
embeddings are accurately reconstructed while enforcing sparse activation of latent features. To enhance biological
relevance, we introduced a local similarity loss (see Methods) that encourages MotifAE features to activate coherently
along the sequence. This design is motivated by the fact that protein motifs often involve local contiguous residues?,
and basic structural elements also exhibit local patterns, such as alternating contacts in 3-strands and periodic
interactions every three or four residues in a-helices. The local similarity loss requires that at least one neighboring
residue within a defined window exhibits activation features similar to the current residue (Figure 1; see Methods),
thereby promoting local coherence in feature activation. A window size of three residues was used in this study; since
the local similarity loss is computed over the entire sequence, it can capture relationships extending beyond the three-
residue window.
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Figure 2. Comparison of MotifAE and SAE in terms of reconstruction error, sparsity, fitness prediction, and activation length distribution.

(A) Embedding reconstruction error on the evaluation set (see Methods). (B) Mean number of non-zero neurons per residue. The ESM2 embedding
has 1280 non-zero neurons, while both SAE and MotifAE have ~46 non-zero (positive) latent features per residue. (C) Zero-shot performance
(spearman correlation) on ProteinGYM DMS datasets, only single substitution mutations were evaluated. Each dot represents a DMS dataset. Wild-
type marginal log-likelihood ratio (LLR) was used to estimate mutation effects. (D) Zero-shot performance on classifying pathogenic and benign
missense mutations in the ClinVar gene-balanced dataset (see Methods). (E) Latent feature difference between nearby residues with different
distances, the value of y-axis is 0 for identical activations and ~2 for random sparse activations. (F) Length distribution of activations from all
features. For each feature, A single (clustered) activation is defined as an activated single residue with other activated residues within two amino
acids along the sequence. In all plots, light blue denotes SAE, and dark blue denotes MotifAE.

We trained MotifAE on the final-layer embeddings from ESM2-650M, which has shown strong performance across
diverse downstream tasks. ESM2-650M captures the protein fithess landscape by being trained on evolutionary-scale
sequences and is widely used to predict mutation effects®*?*. We used the last-layer embeddings because they are
directly used to predict amino acid probability which reflects the protein fitness landscape®?®, allowing us to
investigate the relationship between latent features and fitness. To ensure that MotifAE captures representative protein
features, training was performed on 2.3 million representative proteins obtained from structure-based clustering of
the AlphaFold2 structure database®. The dimension of the latent space and weights for different losses were
determined by jointly considering reconstruction error, latent sparsity, and the protein fitness prediction performance
(Figure S1; see Methods). Based on these criteria, we selected a hidden dimension of 40,960, corresponding to a 32-
fold expansion over the ESM2 embedding dimension. While only embeddings from unmasked sequences were used
for model training, MotifAE can reconstruct embeddings of masked residues, and the reconstructed embeddings
preserve essential information for predicting the masked amino acids when processed with the fixed ESM2 MLP layer
(Figure S1C). We note that the reconstruction of ESM2 embeddings is highly fragile. Although the reconstruction
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errors remain similar across different latent space dimensions (Figure S1B), the quality of the reconstructed
embeddings varies substantially, as reflected in their performance on masked residue prediction (Figure S1C) and
protein fitness prediction (Figures S1D-E).

We trained a standard SAE without the local similarity loss for comparison (see Methods). Both MotifAE and SAE
achieve low reconstruction errors, with approximately 46 latent features activated per residue on average in both
models (Figure 2A-B). To assess the quality of the reconstructed embeddings, we evaluated their performance in
protein fitness prediction. We projected the reconstructed embeddings through the fixed ESM2 MLP layer to predict
amino acid probability (Figure 1), calculated the wild-type marginal log-likelihood ratio (LLR; see Methods)?*?, and
used the LLR to estimate mutation effects. Across deep mutational scanning (DMS) experiments in ProteinGYM?* and
pathogenic/benign mutations in ClinvVar® (see Methods), reconstructions from both MotifAE and SAE perform
comparably to the original ESM2 embeddings (Figure 2C-D). These results demonstrate that both MotifAE and SAE
preserve critical functional signals in ESM2 while requiring far fewer neurons to be activated in the latent space
compared to the dimension of embedding.

The local similarity loss of MotifAE was introduced to encourage coherent latent feature activation. To evaluate this,
we first analyzed feature activation similarity between nearby residues (measured using the absolute activation
difference divided by the L1 norm of the activations: 0 for identical activations and ~2 for random sparse activations).
MotifAE features were more similar among neighboring residues compared to SAE features (Figure 2E). We further
examined the length distribution of activations and found that MotifAE features more frequently form clustered and
contiguous activations than those of SAE, with a notably higher frequency of activations longer than four amino acids
(Figure 2F). Together, these results showed that MotifAE preserves reconstruction quality and latent space sparsity,
while the local similarity loss promotes locally coherent feature activations, with the potential to enable the
identification of localized motifs and basic structural elements.

MotifAE captures known functional motifs.

To investigate how MOotifAE latent features capture functional motifs, we compared their activations with
experimentally validated motifs from the ELM? database, which covers six categories: ligand-binding, docking, post-
translational modifications, targeting signals, degradation, and proteolytic cleavage sites. Each ELM motif has several
experimentally verified functional regions, 270 motifs with at least 20 residues within verified regions were analyzed.
We compared all MotifAE features against all ELM motifs, evaluating whether the feature activation scores could
distinguish residues located inside versus outside the experimentally verified motif regions.

Considering the best-match feature for each motif, MotifAE demonstrates strong performance, achieving a median
AUROC of 0.88 across the 270 motifs, significantly outperforming SAE (median AUROC 0.80) (Figure 3A). The best-
match MotifAE features achieve AUROCSs above 0.8 for 193 motifs and above 0.9 for 114 motifs out of 270 evaluated.
One representative feature-motif pair is {13268 with the ELM motif MOD_TYR_CSK: the C-terminal phosphorylation
motif in Src-family proteins targeted by the non-receptor tyrosine kinase Csk family?’. Across 12 proteins with known
MOD_TYR_CSK motif in ELM, f13268 predicts residues in motif regions with an AUROC of 0.97. Notably, the highest
activation of {13268 was observed for the phosphorylated tyrosine residue (Figure 3B), indicating that this feature
captures the biological characteristics of the motif. Additionally, MotifAE performs consistently across structural
contexts, with median AUROCs of 0.88 in ordered regions and 0.84 in disordered regions, compared to 0.79 and 0.76,
respectively, for SAE (Figure 3C, see Methods).

Furthermore, we evaluated the specificity of the relationship between ELM motifs and MotifAE features. We defined a
matched motif-feature pair as one with AUROC > 0.9, resulting in 322 matched pairs involving 114 ELM motifs and
146 MotifAE features (Figure S$2). Among these, 47 ELM motifs are matched to a single MotifAE feature, whereas 67
motifs are matched to multiple features (Figure 3D). On the feature side, 91 MotifAE features match only one ELM
motif (Figure 3E), whereas 55 features match multiple motifs. Among the MotifAE features that match multiple ELM
motifs, f27416 is one of the most prominent: it matches 17 ELM motifs, all of which locate at the C-terminus of protein.
Across all ELM motifs, 27416 achieves a median AUROC of 0.97 for 25 motifs exclusively located at the C-terminus
but show no predictive power for other motifs (Figure 3F). Importantly, 27416 is not universally activated at the C-
terminus of all proteins: among 320 proteins with known C-terminal motifs in ELM, 96% show f27416 activation,
compared with only 39% of randomly sampled proteins (Figure 3G). Overall, these results indicate that MotifAE latent
features align well with known functional motifs and perform substantially better than the standard SAE. MotifAE
features also exhibit granularity: some capture motifs associated with very specific functions, while others represent
more general or broadly shared motifs.
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Figure 3. MotifAE captures known functional motifs.

(A) AUROC of the best-match feature for each ELM motif. Each column represents the performances of two models on an ELM motif; dots with
dark colors indicate MotifAE, while dots with light colors indicate SAE. Dot size indicates the number of residues in motif regions, and colors
represent different ELM categories. The six categories and the number of motifs in each are listed below the plot. (B) Feature activation along
protein sequences. The height of the blue bars indicates the normalized feature activation values, the green region denotes the motif, and the red
region marks the phosphorylated tyrosine residue. Only the C-terminal 50 residues of each protein are shown for clarity. (C) Distribution of
AUROCs of best-match features for ELM motifs. Disordered and ordered regions were classified using [UPred3?. The box extends from the first
quartile to the third quartile, with a line marking the median. Whiskers span to the most extreme points within 1.5x the interquartile range. (D)
Number of features match each ELM motif, (E) Number of motifs matched by each MotifAE feature, a motif—feature match is defined by AUROC >
0.9. (F) AUROC of MotifAE feature 27416 on C-terminal versus non-C-terminal ELM motifs. Non-C-terminal ELM motifs are defined as those
with no verified regions within 10 residues of the C-terminus. (G) Percentage of proteins with activation of {27416 at the C-terminus. Proteins with
known C-terminal motifs were obtained from the ELM dataset, random proteins were sampled from the evaluation set.

MotifAE captures homodimerization interfaces.

Next, we evaluated MotifAE on three-dimensional functional sites, focusing on homodimer interfaces. A previous study
has shown that ESM2 captures evolutionary signals of homo-oligomer symmetry directly from single sequences®. To
construct the evaluation set, we retrieved homodimer structures from the PINDERX® database and removed
redundancy by clustering sequences at 30% identity (see Methods), yielding 1,565 non-redundant homodimers with
at least five contact residues (contacts are defined by a heavy-atom distance cutoff of 5A). We used the activation
value of each MotifAE feature to distinguish contact from non-contact residues within each protein. The best-match
MotifAE feature for each homodimer achieves a median AUROC of 0.73 in identifying contact residues, outperforming
SAE (0.69; Figure 4A). When stratifying homodimers by the number of contact residues (5-25, 25-50, >50), MotifAE
performs particularly well on smaller homodimer interfaces, with a median AUROC of 0.82 for homodimers with 5-25
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contact residues (SAE 0.76). Across homodimers with varying interface sizes, MotifAE consistently outperforms SAE.
Representative homodimers with different number of contact residues are shown in Figure 4B, along with the
activation values of their best-match MotifAE features.
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Figure 4. MotifAE captures homodimer interfaces.

(A) AUROC of the best-match MotifAE features for predicting each homodimer interfaces in the PINDER dataset. Homodimers are shown either
collectively or grouped by the number of contact residues (5-25, 25-50, >50). (B) Representative homodimer structures. In the upper panel, contact
residues are highlighted in purple. In the lower panel, the saturation of blue indicates the relative activation values of the best-match MotifAE
feature.

The universe of sequence patterns of MotifAE features.

Next, we set out to characterize the sequence pattern of motifs captured by MotifAE features. Since functional motifs
often exhibit distinct sequence preferences, we first analyzed the amino acid composition of activated peptides for
each feature. Among the 40,960 features, 6,421 show coherent activations in the representative protein dataset®®. By
recording activated peptides for each feature (see Methods), we found that MotifAE features display significantly
biased amino acid preferences compared with random peptides (Figure 5A). Notably, approximately 400 features are
almost exclusively activated by a single amino acid (Figure 5B; with one amino acid type accounting for >99% of all
activations). To describe the sequence patterns, we constructed position-specific scoring matrices (PSSMs) for each
MotifAE feature: activated peptides of each feature were aligned using GibbsCluster®!, and the aligned cores were
used to calculate the PSSMs (see Methods, PSSMs were set to a length of five residues for all features). The resulting
PSSMs exhibited median KL divergence values (summed across the five residues) relative to the background amino
acid distribution of 10.7 (Figure 5C). Among the PSSMs with well-defined sequence patterns, as indicated by higher
KL divergence, some correspond to homopolymeric repeats (e.g., {13432 and f28775), while some exhibit multiple
amino acid types (e.g., 2302, {36881, and f38747) (Figure 5D).

In the MotifAE decoder, each feature has a weight vector that is multiplied by its activation value to reconstruct the
embedding. Thus, the decoder weights reflect the properties of features in the latent embedding space. Notably,
features that have similar decoder weight vectors tend to have similar PSSMs (Figure 5E). For example, both 6643
and f20738 have an “H” residue centered between four “R” residues; both 2459 and f22016 capture an “LPLP”
pattern; both 2182 and 23778 exhibit paired “Q” residues separated by a gap (Figure 5D). Together, by
systematically characterizing the sequence patterns of MotifAE features, we found that they exhibit specific sequence
preferences, we also found that these patterns are reflected in the decoder weight space.
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Figure S. The universe of sequence patterns of MotifAE features.

(A) KL divergence between the amino acid composition of activated peptides of each feature and the background (amino acid composition in the
2.3M representative proteins). Random peptides matched in number and length distribution were used as a control. (B) Frequency of the most
abundant amino acid in the activated peptides of each feature. (C) KL divergence of PSSMs calculated for each feature compared to the background
amino acid frequency. KL divergence values were summed across the five aligned core positions. (D) UMAP visualization of MotifAE decoder
weights. Each point represents a feature; gray points correspond to features without coherent activations, while blue points correspond to features
with coherent activations. PSSM sequence logos are shown for some features. (E) Relationship between feature similarity in decoder weight space
and similarity of their PSSMs. Decoder weight similarity was measured using Pearson correlation, while PSSM similarity was measured using
Jensen—Shannon divergence (JSD), where smaller JSD values indicate higher similarity.

Aligning MotifAE with experimental data identifies features associated with the specific property.

Interpreting latent features remains a major challenge. While comparing MotifAE feature activations with known
functional sites reveals the biological signal captured by latent features, this approach is limited by the scarcity of
known functional sites. To overcome this, we developed a supervised approach to annotate MotifAE features using
experimental data, which do not necessarily provide explicit site-level annotations. This approach involves two steps.
First, a model is trained to predict experimental measurements from embeddings, many existing fine-tuning models
can be directly reused; in this step, MotifAE reconstructions serve as a drop-in replacement for ESM2 embeddings.
Second, a gating layer is introduced to selectively amplify or attenuate the activation magnitudes of MotifAE features.
The gating layer is further trained on the same dataset, thereby modulating both the reconstructed embeddings and
downstream predictions. After training, the gate weights reflect the association between features and the measured
property, and the activated residues of associated features may underlie the property. We refer to this framework as
MotifAE-G.

Here, we applied MotifAE-G to DMS experiments (Figure 6A). Because the ESM2 MLP layer’s predicted amino acid
probabilities correlate well with mutation effects (Figure 2C-D), we don’t need to train an additional predictor (step
one described above). A binary gate was used, meaning that each feature was either retained or completely
suppressed. A differentiable Spearman correlation loss was used to update the gate parameters (see Methods). We
used the mega-scale protein stability DMS dataset®, which contains 379,495 single substitution mutations across
412 proteins, including both natural and designed proteins. On this dataset, MotifAE without gating performs
comparably to ESM2 (Figure S3A). 412 proteins were grouped into 189 clusters based on 30% sequence identity.
Among these, 285 proteins from 133 clusters were used for training and validation, while 127 proteins from the
remaining 56 clusters were reserved for testing. Using the MotifAE-G framework, we identified 1,404 stability-
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associated features from the training set. With these features, MotifAE-G achieves a median Spearman correlation of
0.61 on the training set, significantly outperforming ESM2 (0.43), with 97.5% of training proteins showing performance
improvement (Figure 6B). On the test set, MotifAE-G achieves a median Spearman correlation of 0.61, also
significantly higher than ESM2 (0.44), with 88% of test proteins showing improvement (Figure 6C). For both training
and test sets, the improvement was more pronounced for proteins that were initially predicted poorly by ESM2 (Figure
6B-C).
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Figure 6. Aligning MotifAE with experimental data for feature annotation and protein design.

(A) Schematic of applying MotifAE-G framework to DMS data. A learnable binary gate was used to select latent features to align predicted amino
acid probability with experimental mutation effect data; during training, only the gate parameters were updated. (B-C) Comparison of MotifAE-G
and ESM2 performance on stability mutation effects across training and test proteins; each point represents a protein; color represents whether the
protein has homolog in UniRef50. (D) Comparison of MotifAE-G and ESM2 performance on protein with and without homolog in UniRef50. (E)
Mean relative solvent accessibility (RSA) of activated residues for stability-associated versus other MotifAE features, only features with at least 50
activated residues in 412 proteins were analyzed. (F) AlphaFold2-predicted structures of representative proteins. Upper panels show experimentally
measured stability changes, averaged over all mutations at each residue (purple indicates stronger destabilizing effects). In the lower panel, the
saturation of blue indicates the relative activation values of the MotifAE feature. (G-I) Designing proteins with improved stability using iterative
redesign sampling. Gate weights of 1, 2, and 4 were applied to stability-associated features (shown in progressively darker blue), while other
features were fixed at a gate weight of 1. (G) Buried residues were defined as sites with RSA < 0.2. All mutations from four rounds of redesign
were included in the analysis. (H) Percentage of designs showing improved stability compared to their primary (unmutated) sequences. (I) Relative
FoldX AG compared to the primary sequence, 1 indicates no improvement. The median AG across all designs in each round for each protein is
shown. H-I show results for 32 test proteins, only designs with ESMFold pLDDT > 0.8 and FoldX AG > 2 kcal/mol were included.
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We previously observed that ESM2 models perform better on natural proteins but worse on designed proteins®,
Among the 412 proteins in the dataset, 135 have no homologs in UniRef50% (the training set of ESM2), ESM2 performs
much worse on these proteins (median Spearman correlation 0.32) compared to proteins with homologs (0.49; Figure
6D). MotifAE-G improves prediction performance for both, achieving median Spearman correlations of 0.57 for
proteins without homologs and 0.62 for proteins with homologs (Figure 6D).

To further assess the biophysical relevance of the stability-associated features, we analyzed the relative solvent-
accessible surface area of activated residues of each feature. We found that the stability-associated features tend to
activate at more buried residues (Figure 6E), consistent with the fact that stability-disrupting mutations often occur at
buried residues®. Furthermore, we compared the activation value of each feature with the mean mutation effect per
residue within each protein. We found that stability-associated features tend to exhibit stronger correlations with mean
mutation effects, indicating better alignment with experimentally observed stability changes (Figure S3B). One
example feature is 8244, which shows strong correlations across multiple proteins, with representative cases
visualized in Figure 6F: residues with high f8244 activation tend to harbor destabilizing mutations. Together, these
results demonstrate that by aligning latent features with experimental data, MotifAE-G identifies meaningful features
associated with specific functions or protein properties, which in turn enhance the prediction of mutational effects for
both natural and designed proteins, highlighting its strong generalization.

Steering MotifAE-G enables designing protein with enhanced stability.

pLMs can be used for protein design by sampling from their predicted amino acid probabilities. However, directly
generating sequences from pLMs does not necessarily yield proteins with the desired property. To address this,
several approaches have been proposed to fine-tune pLMs to guide the design process toward specific functions or
properties®®*, Here, we explored whether MotifAE-G can be used for property-specific protein design. Specifically,
we steered the stability-associated features identified from the DMS dataset to design proteins with improved stability.
Because ESM2 is not suitable for de novo sequence generation, we adopted an iterative redesign sampling strategy®’.
At each iteration, a single mutation was sampled according to the probabilities predicted by MotifAE-G, using higher
gate weights to amplify the influence of stability-associated features and gate weights of one for other features (see
Methods). This process was repeated over multiple rounds to progressively refine the sequence. The designed
proteins were evaluated using FoldX®, a physics-based force-field model that can estimate folding free energy (AG),
applied to structures predicted by ESMFold™ (see Method).

We applied the above strategy to the representative proteins from the 56 test protein clusters in the DMS dataset,
among them, 32 proteins with ESMFold pLDDT > 0.8 and FoldX-predicted AG > 2 kcal/mol were selected for
subsequent design. We applied weights of 1, 2, and 4 to the stability-associated features, with a weight of 1 as the
baseline, equivalent to design using ESM2. For each weight, four rounds of iterative redesign were applied to each
protein. We did not conduct more rounds because introducing a few new core interactions is typically sufficient to
stabilize the protein, whereas excessive mutations may alter the native fold. The procedure was repeated 100 times
per protein. By analyzing the introduced mutations, we found that increasing the weights of stability-associated
features resulted in a higher proportion of mutations converting other amino acids into hydrophobic residues at buried
sites (Figure 6G). This observation aligns with the fact that proteins are primarily stabilized by hydrophobic interactions
within their cores. Furthermore, analysis of FoldX-predicted AG values showed that higher weights on stability-
associated features generated more designs with improved stability relative to the original proteins (Figure 6H) and
produced greater improvements in predicted AG on average across four design rounds (Figure 6l).

Discussion

In this study, we present MotifAE, an unsupervised framework for extracting interpretable functional motifs from pLMs.
By incorporating a local similarity loss, MotifAE encourages coherent feature activation that reflects the sequential
continuity of motifs and basic structural elements, thereby improving its ability to discover biologically meaningful
motifs. Analysis of MotifAE feature sequence patterns reveals rich diversity, ranging from single amino acid specificity
to multiple amino acids consensus motifs, highlighting its potential for large-scale motif discovery. Furthermore,
MotifAE-G demonstrates how unsupervised MotifAE features can be aligned with experimental data, enabling the
identification of features associated with specific functions or properties. Beyond interpretation, feature selection also
allows MotifAE-G to enhance predictive performance on related tasks and to guide the rational design of proteins with
desired characteristics.

While some SAEs have been trained for pLMs'#2"3 they directly adopted the training and interpretation strategies
developed for large language models. Our work introduces methodological advances in both model training and
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interpretation, making it better suited for biological sequences and enabling integration with experimental data. For
model training, we introduced the local similarity loss, defined as the L1 norm of latent feature differences between
neighboring residues, sharing the same form as the L1 norm used for enforcing sparsity. Adding this loss not only
preserves sparsity in the latent space and maintains the quality of reconstructed embeddings, but also promotes
coherent activation of latent features, thereby facilitating more effective identification of functional motifs. Current local
similarity loss operates at the sequence level, incorporating three-dimensional proximity information could enable
MotifAE to capture more complex structural motifs. Interpreting latent features is the most challenging part. Acommon
approach is to compare latent feature activation patterns with known functional sites, such as those annotated in
UniProt (as in Simon et al.*®) or ELM (as used here). However, this strategy is limited by the incompleteness of current
annotations and cannot reveal novel motifs, as some latent features may capture functions absent from existing
annotations. Although Simon et al.** employed large language models to further annotate latent features, this
approach still relied on known protein functions described in literature. Our work provides two strategies for annotating
and potentially discovering novel motifs. First, we calculated PSSMs for each MotifAE feature; features exhibiting well-
defined sequence patterns (high KL divergence; Figure 5C-D) may correspond to novel motifs. Future studies are
needed to systematically link these sequence patterns to biological functions or protein properties. Second, our
MotifAE-G framework can be applied to experimental datasets that lack explicit site-level annotations, and the
activated residues of selected features may reveal the mechanistic basis of the function or property measured in the
experiment.

Looking forward, MotifAE could be further improved in several directions. First, we currently use the L1 norm for the
sparsity loss because it shares the same form as the local similarity loss. Alternative sparsity-promoting strategies,
such as TopK*® and BatchTopK*' approaches, have been shown to improve SAE training, and future work is needed
to explore how these can be integrated with the local similarity constraint. Second, since deep learning models
inherently bias to their training data, both the pre-training dataset of the underlying pLM and the dataset used to train
MotifAE influence the biological signals captured by latent features. Investigating how dataset composition shapes
latent features is important. Finally, applying MotifAE-G to other large-scale functional assays, such as enzymatic
activity and protein degradation profiling, could link MotifAE features to other functions.

Overall, we established a framework for the unsupervised discovery and interpretation of functional motifs from pLMs,
enabling the study of motifs at an evolutionary scale. By systematically uncovering the sequence determinants of
protein function, MotifAE provides a versatile tool for protein annotation, mutational effect interpretation, and rational
protein engineering.

Methods

Sparse autoencoder architecture

Sparse autoencoder (SAE) projects language model embeddings into a sparse latent space. The model can be
formulized as:

f = RELU(Wencoder(x - b)) (1)

2 = Waecoqer " [+ b (2)

where W,,...qer Projects the original embedding x into the high dimensional latent space f and W, ,q4. does the
reverse to get the reconstruction x. b is the bias term. ReLU was used as the activation function, setting negative
values to zero and retaining positive values. Both the encoder and decoder consist of a single linear layer.

Here, the 650-million-parameter version of ESM2 was used, which produces embeddings with a dimensionality of
1,280. The SAE and MotifAE models were trained with varying latent space dimensions, and a dimension of 40,960
was selected (Figure S1).

MotifAE loss function

MotifAE employs three losses: the reconstruction loss (L), the sparsity loss (L), and the local similarity 10ss (L;ocqr)-
The reconstruction and sparsity losses follow the SAE framework, preserving essential information from the input
embeddings while enforcing sparse feature activations. The local similarity loss further constrains at least one nearby
residue to have similar latent features, encouraging coherent activation patterns that capture the sequential continuity
of protein motifs and basic structural elements. The loss functions are defined as follows:
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Here, i denotes the residue index; n denotes the protein length; x and % represent the raw and reconstructed
embeddings, respectively; and f denotes the latent feature activations. D; quantifies the L1-norm difference in latent
feature activations between residue i and its k neighboring residues. L;,.,; encourages at least one nearby residue to
have a similar latent feature activation. To achieve this, we apply a softmin over D; to approximate the minimum
difference. Only one direction along the sequence is considered for each residue, but since L;,.,; is computed for the
full sequence, the opposite direction is accounted for when evaluating neighboring residues. k is the local window
size used for similarity calculation, which we set to three.

Model training

MotifAE and SAE were trained and evaluated on 2.3 million representative protein sequences clustered from the
AlphaFold Protein Structure Database using Foldseek* (downloaded from https://afdb-
cluster.steineggerlab.workers.dev/). Of these, 2.2 million sequences were used for training and the remainder for
evaluation. Since ESM2 was trained with a maximum sequence length of 1,024, proteins exceeding this length were
randomly truncated to a 1,024-residue region.

Models were implemented in PyTorch* (v2.2) and optimized using the Adam optimizer with a maximum learning rate
of 0.001 and a 500-step linear warm-up. A batch size of 40 proteins was used. Residue order was preserved during
training to retain positional information required by the local similarity loss. MotifAE was trained with both sparsity and
local similarity loss weights set to 0.4, whereas the standard SAE was trained with a sparsity loss weight of 0.85 and
no local similarity loss. The weights of the sparsity and local similarity losses were gradually annealed over 5,000 steps.
Training was conducted for 80,000 optimization steps on a single NVIDIA L40S GPU, requiring approximately 10 hours
per model.

Mutation effect prediction and data processing

The wild-type marginal method® was used to calculate log-likelihood ratio (LLR) to estimate mutation effects, which
was calculated as:

LLR™ = log (p(x™|x)) — log (p(x}"*|x)) (8)

Where i represents residue index, mt and wt represent the mutant and wild-type amino acids, x is the full sequence
without mask.

The ProteinGYM* database consists of over 200 protein deep mutational scanning (DMS) experiments, covering
mutation effects across diverse protein functions. In this study, only single substitution mutations were evaluated.

The ClinVar®® database provides expert-annotated mutations related to human diseases. Data preprocessing followed
the procedure described in our previous work*. For this study, we considered only genes containing at least five
pathogenic and five benign mutations, equal number of pathogenic and benign mutations were randomly sampled
from each protein, resulting in a gene-balanced dataset of 2,272 pathogenic and 2,272 benign mutations in 207 genes.
We used this dataset because ClinVar exhibits strong gene-level bias: the ratio of pathogenic to benign mutations
varies substantially among genes®.

For protein stability®?, the dataset “Tsuboyama2023_Dataset2_Dataset3_20230416.csv” and AlphaFold2-predicted
protein structures were downloaded from https://zenodo.org/records/7992926. Proteins were defined using the
“WT_name” column in the table. Only single substitution mutations with “ddG_ML” values were analyzed. The
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“ddG_ML” values for the same sequence were averaged. Wild-type sequences of 412 proteins were clustered using
MMseqs2 easy-cluster with the parameters: --min-seg-id 0.3 -¢ 0.5 --cov-mode 1. Homologs in the UniRef50
(downloaded in February 2025) were identified using MMseqs2 search with the parameters: -s 7 -a 1. Solvent
accessibility was computed from predicted structures using mdtraj*’. The raw solvent-accessible surface areas were
normalized by the maximum accessible area of each amino acid residue, resulting in normalized values ranging from
0 to 1. For MotifAE-G training, 70% mutations in training proteins were used to select gates, while the remaining 30%
were used as validation set to optimize hyperparameters.

Evaluation on ELM motifs and homodimer

ELM motifs were downloaded from the ELM? database in January 2025, and only instances annotated as true positive
were analyzed. For proteins longer than 1,024 residues, a subsequence of length 1,024 was selected with the motif
region positioned at the center. IUPred3? was used to predict disordered regions: residues with both long disordered
region prediction > 0.5 and short disordered region prediction > 0.5 were classified as disordered, whereas all others
were classified as ordered.

PINDER® is a database of PDB protein complexes. We filtered the dataset to include only structures released after
September 30, 2021, and conducted data quality control following the PINDER supplementary material. From the
resulting dataset, we got 3,303 homodimers and annotated contact residues as those with heavy atoms within 5 A
We further removed redundancy by clustering the filtered dataset at a sequence identity threshold of 30% using
MMseqgs?2 and retaining only the representative sequence from each cluster. Homodimers with less than five contacts
were excluded. The final dataset comprised 1,565 dimers, with a median number of contacts of 44.

These two tasks were formulated as a binary classification problem, where each residue is labeled as either part of a
motif/interface or not. In MotifAE and SAE, each residue is represented by a 40,960-dimensional feature vector. For
each latent feature, its activation value was used as the residue-level prediction of motif/interface to calculate AUROC.

Activated peptides analysis and motif calculation

Activated peptides for each MotifAE feature were identified across the 2.3 million representative proteins. For each
protein, only features with a summed activation value > 1 were analyzed. Coherent activations were recorded, and
activations separated by a gap of one or two amino acids were merged. Only activated peptides with a mean feature
activation value > 0.2 and lengths between 5 and 30 residues were retained for analysis.

To calculate position-specific scoring matrices (PSSMs), up to 1,000 activated peptides ranked by mean activation
value were used for each feature. GibbsCluster 2.0*' was employed to align the activated peptides and remove outliers
with parameters: -g 71 -1 5 -T -j 1 -1 1 -D 1. The motif length was set to 5 amino acids. A trash cluster was used to
remove sequences that did not align well with others, with the threshold set to 1. The alignment cores of length 5
generated by GibbsCluster were subsequently used to construct PSSMs, which were visualized using the
Logomaker*® Python package.

MotifAE-G architecture and training

The MotifAE-G model introduced a gating mechanism to amplify or attenuate feature signals during embedding
reconstruction, which were subsequently used for downstream tasks. The gate was applied to each latent feature of
MotifAE as:

f'=f0O gate €)
where © denotes elementwise multiplication.

For protein stability prediction, a learnable binary gate was introduced while keeping ESM2 and MotifAE parameters
fixed. Each gate value could only take 0 or 1, and only features with a gate value of 1 were retained for reconstructing
the embeddings. The gate was binarized using the Straight-Through Estimator*®*°. In the forward pass, each gate was
discretized as:

a(g) > 0.5

gate = {0 a(g) <05 (10

while in the backward pass, gradients were propagated directly through the sigmoid output a(g).
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The reconstructed embeddings from the selected features were passed through the ESM2 MLP layer to predict logits
for the 20 amino acids, which were then converted into LLRs between the mutant and wild-type amino acids (equation
8). The resulting LLRs were compared with experimentally measured mutation effects on protein stability “ddG_ML”"
to compute a soft Spearman correlation loss:

Cov(r(ddG),r(LLR))
\/Var(r(ddG))\/Var(r(LLR))

where r(-) denotes the differentiable rank function®'. The first term maximizes the rank correlation between predicted
and experimental mutation effects, while the second imposes an L1 regularization on the gate values to constrain the
number of active features. The weighting coefficient 1 was set to 1 based on performance on evaluation set.

L=-—

+2lg] (11

Model training was implemented in PyTorch using the Adam optimizer (learning rate = 1 x 1073, default parameters).
Each batch contained a single protein, and gradients were accumulated across all training proteins before updating
the gate parameters, meaning the parameters were updated once per epoch. Models were trained for 60 epochs, and
the checkpoint with the highest validation Spearman correlation after 50 epochs was selected for downstream
analyses.

MotifAE-G protein design and stability prediction

For each representative test protein, we performed four rounds of iterative design. In each round, the probabilities of
all possible single substitutions were predicted using ESM2 and MotifAE-G, with different weights applied to stability-
associated features. The wild-type sequence was used without masking, following the same procedure as in mutation
effect prediction. All possible mutations were ranked by their relative probability compared to the wild type:
p(x{”ﬂx)/p(x{’” |x). A top-k sampling strategy®” (with k=10 in our experiments) was applied to select mutations, where
the sampling probability of each mutation was proportional to its relative probability.

To evaluate the stability of the designed sequences, we predicted their structures using ESMFold. Global stability was
then estimated using FoldX (version 20251231) based on the predicted structures. Specifically, we first ran the
command “RepairPDB”, followed by “Stability” to compute energy contributions, and used the sum (total energy) as
an absolute stability metric. We reversed the sign of this total energy to represent AG. Only designs with ESMFold
pLDDT > 0.8 and FoldX-predicted AG > 2 kcal/mol were analyzed.

Data availability

All data used in this work are publicly available. 2.3 million representative proteins were downloaded from https://afdb-
cluster.steineggerlab.workers.dev/. ProteinGYM DMS data were downloaded from https://proteingym.org/download.
ELM motifs were downloaded from http://elm.eu.org/downloads.html. For protein stability, the DMS data and
AlphaFold2-predicted protein structures were downloaded from https://zenodo.org/records/7992926.

Code availability
Codes are available at GitHub: https://qithub.com/CHAOHOU-97/MotifAE.git.
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Figure S1. Comparison of different latent feature dimensions in MotifAE.

The values on the x-axis represent the expansion ratio relative to the embedding dimension (1,280). We note that the results shown
here are obtained from MotifAE trained on normalized ESM2 embeddings in our preliminary experiment, whereas the results in the
main figures are based on embeddings without normalization. Therefore, the absolute values in some figures may differ, but the
overall conclusions should remain consistent. (A) Average number of non-zero latent feature activations per residue on the evaluation
set. (B) Reconstruction loss on the evaluation set. (C) One residue in each evaluation protein was masked; amino acid probabilities
were predicted using the MotifAE reconstruction with the fixed ESM2 MLP head and compared with predictions from ESM2 raw
embeddings. A KLD value of zero indicates identical distributions. (D-E) Performance on mutation prediction using the wild-type
log-likelihood ratio as the predictor. Mean Spearman correlation on ProteinGYM dataset was reported.
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Figure S2. MotifAE feature performance on ELM motifs.

Matched motif-feature pairs were defined as those with AUROC > 0.9, resulting in 322 matched pairs involving 114 ELM motifs and
146 MotifAE features. The heatmap shows the performance (AUROC, indicated by blue intensity) of these 146 features across all
114 motifs. The six motif categories on the x-axis are the same as those shown in Figure 3A.
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Figure S3.

(A) Zero-shot performance (Spearman correlation) on 412 protein stability DMS datasets. (B) Distribution of Spearman correlations
between feature activation values and mean mutation effects per residue for each protein. Only features with at least ten activated
residues in a protein were considered. Because destabilizing mutations have negative AAG values, a negative Spearman correlation
indicates that the feature is associated with protein stability.
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