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Abstract

Protein language models (PLMs) excel at variant-
effect prediction, yet their dense residue embed-
dings lack interpretable axes, making the basis for
predictions unclear. To address this, we trained
sparse autoencoders (SAEs) on wild-type embed-
dings and aligned the resulting features with func-
tional residue annotations, yielding interpretable
concept features—SAE dimensions aligned with
biological annotations (e.g., kinase domain, ATP
binding site). Without any deep mutational scan-
ning (DMS) supervision, we found that the more
residue positions where a missense variant si-
lences a concept feature below its wild-type ac-
tivation, the greater the loss of function (LOF)
observed in DMS assays. Furthermore, across
five kinase activity assays, suppression of these
concept features localized to subdomain IX—a
region whose disruption is known to substantially
impair kinase activity. These findings show SAEs
decompose dense language model representations
into interpretable signals that align with known
mechanisms underlying variant effects.

1. Introduction

Protein language models (PLMs) (Rives et al., 2021; Lin
et al., 2023) have become the standard residue-level sub-
strate for variant-effect prediction (Frazer et al., 2021;
Cheng et al., 2023; Notin et al., 2023). However, the dense
hidden vectors driving these predictions reside in hundreds
to thousands of dimensions without semantic axes. This
opacity limits clinical applicability, as clinicians and biol-
ogists require a mechanistic understanding to evaluate the
reliability of variant effect predictions. To address this, we
decode per-residue ESM-2 embeddings via a sparse autoen-
coder (SAE) and align the resulting features post-hoc with
UniProtKB/SwissProt (UniProt Consortium, 2023) residue
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annotations, yielding interpretable concept features. We
use ESM-2 8M as the main backbone for compute effi-
ciency in the per-layer SAE training, and verify that the
kinase-domain trends reproduce at ESM-2 650M. We then
investigate whether these concept features, trained exclu-
sively on wild-type sequences, can identify deep-mutational-
scanning (DMS) loss-of-function (LOF) variants by count-
ing the residue positions at which a missense substitution
silences a concept feature below its wild-type activation.

SAEs applied to PLM activations have been utilized for
biological feature discovery (Adams et al., 2025; Garcia &
Ansuini, 2025; Gujral et al., 2025; Simon & Zou, 2025; Liu
et al., 2026). Whereas InterPLM focuses on characterizing
wild-type features, our work extends this by demonstrating
their zero-shot utility in decoding missense variant effects.
The closest precedent is the recent work by Corominas et al.
(2025), who fine-tuned a sparse autoencoder on a-amylase
DMS data and used the resulting features as control surfaces
for sequence generation in a single case study. However,
while DMS assays are resource- and time-intensive, wild-
type reference sequences are already curated at scale across
species; we therefore ask whether a sparse autoencoder
trained solely on such sequences can decode missense vari-
ant effects across a broad range of unseen DMS assays.

The central contribution of this work is a zero-shot,
supervision-free read-out of functional silencing derived
entirely from wild-type-trained concept features. Across di-
verse protein—concept pairs, the number of residue positions
silenced by a missense substitution tracks DMS-measured
loss of function in 9 of 10 protein—concept pairs. Further-
more, in five kinase activity assays, the mutation sites of
variants producing such widespread silencing localize to
subdomain IX—a region whose disruption is independently
known to substantially impair catalytic activity (Serizawa
et al., 2016). Two complementary checks support the speci-
ficity of this read-out: the signal is not restricted to sequence
conservation, and a random-forest regressor trained on the
interpretable concept basis matches the dense ESM-2 back-
bone in supervised DMS prediction. We further report a
kinase-restricted up-shift signal in the same read-out. Fig-
ure 1 summarizes the framework.
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Figure 1. End-to-end pipeline. Top (training, green): Per-
residue ESM-2 embeddings from each of six layers are passed
through per-layer sparse autoencoders trained on wild-type se-
quences, and each retained feature is post-hoc aligned to a UniPro-
tKB/SwissProt residue annotation, yielding interpretable concept
features. Bottom (inference, pink): A missense variant is run
through the same pipeline; for a chosen concept feature, each
residue position is called silenced (z < —3), up-shifted (z > +3),
or unchanged relative to the wild-type baseline.

2. Methods
2.1. Sparse Autoencoder

Our SAE follows the design of InterPLM (Simon & Zou,
2025). We extract per-residue embeddings from every trans-
former layer of ESM-2 esm2_t 6_8M_UR50D (Lin et al.,
2023) and train a separate ReLLU + ¢; (Bricken et al., 2023)
SAE for each layer on UniRef50 (Suzek et al., 2015) wild-
type proteins. Each per-residue input x € R32° is mapped
to a sparse code and a reconstruction with expansion factor
r = 32 and dictionary size D;, = 10,240 per layer (full
training protocol in Appendix A).

f(x) = ReLU(W,(x — bg) + b,) W
X

= Wdf(X) + by,

2.2. Concept-Aligned Read-Out

To obtain interpretable features, we align SAE features post-
hoc to UniProtKB (UniProt Consortium, 2023) residue an-
notations, retaining 168 features with /7 > 0.5. For LOF
analysis, each concept is represented by its F}-best feature.
For each feature j and position ¢, we quantify the impact of
each variant 7, regardless of its mutation site, by computing
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Figure 2. Concept feature silencing tracks DMS loss of function
across diverse proteins. Normalized DMS scores (Appendix C)
are plotted against the net concept shift An = n'"? — nd°"™ for
10 protein-concept pairs: 5 kinase assays (top row) and 5 non-
kinase assays (bottom row). Variants with net silencing (An < 0)
are grouped into a zero-shift reference (An = 0) and two active
silencing bins (moderate and deep; Section 3.1). Numbers above
each box indicate per-bin variant counts. In 9 of 10 pairs, the
silenced bins show a statistically significant decrease relative to
the zero-shift reference (two-sided Mann—Whitney U test with
Benjamini—-Hochberg FDR correction applied within each panel;
* % ek indicate p < 0.01, 0.001, 107°).
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where ¢ ; is the standard deviation calculated across the
entire variant population. To suppress noise, we define a fea-
ture as silenced if z; j ; < —3 and up-shifted if z; ;; > +3.
These per-position events are then aggregated into variant-
level counts, n?o‘”“ and n;’p, to facilitate downstream tasks.

2.3. Kinase Case Study

The kinase case study uses the F;-best SAE feature aligned
to the Protein kinase concept (layer-3, F; = 0.834).
The analysis covers the five ProteinGym (Notin et al.,
2023) activity-cohort assays—MET, MKO1, and three SRC
sets—that carry the UniProtKB/SwissProt “Protein kinase”
annotation. We build an SRC-anchored MSA over 3,683
SwissProt kinase-domain entries; per-position conservation
is computed as 1 — H(col)/ log, 20 with Henikoff position-
based sequence weights (Henikoff & Henikoff, 1994) (full
procedure in Appendix B).
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Figure 3. Deep silencing converges on kinase subdomain IX. SRC-anchored MSA of the five kinase activity assays (MET, MKO1,
three SRC sets) with NTRK1 and FLT3 as literature-validated references. Dark-blue cells mark positions containing variants in the
deep-silencing bin (Section 3.1); light-blue cells mark residues within subdomain IX of NTRK1 and FLT3 with substitutions shown to

impair kinase activity (Serizawa et al., 2016).

3. Results and Discussion
3.1. Concept Feature Silencing Tracks Loss of Function

For each (protein, concept) pair, we define the net con-
cept shift as An = n"P — nd°"? where n"P and ndov®
denote the number of up-shifted and silenced residue posi-
tions, respectively (Section 2.2). Focusing on the silencing
regime (An < 0), we plot the normalized DMS scores (Ap-
pendix C) against An and partition variants into three bins
based on the maximum observed net-negative shift Ny, ax:
a zero-shift reference (An = 0), a moderate-silencing bin
(from —1 to —Npyax/2), and a deep-silencing bin (from
_(Nmax/2 + ]-) to _Nmax)-

Figure 2 presents results for ten protein-concept pairs that
met the minimum threshold of 1,000 single-substitution
variants in the DMS dataset (ENVZ_ECOLI_Ghose_2023
was excluded as no variants produced silencing). These
comprise five kinase pairs (top row) and five non-kinase
pairs spanning diverse selection types such as Expression
and Stability (bottom row). In 9 of the 10 pairs, the con-
ditional medians of the normalized DMS scores decrease
monotonically as the silencing magnitude grows, and the
deep-silencing bins of these 9 pairs show a statistically sig-
nificant functional loss relative to the zero-shift reference
(two-sided Mann—Whitney U test, Benjamini-Hochberg
FDR correction (Benjamini & Hochberg, 1995)). The same
trend holds in the five kinase pairs at an alternative model
scale (Appendix D).

These results demonstrate that an interpretable concept fea-
ture, trained solely on wild-type sequences, can track DMS
loss-of-function scores at inference time (Fowler & Fields,
2014) across diverse protein families and selection types:
when a missense variant disrupts the wild-type sequence
regularities captured by a concept feature at many residues,
the variant tends to manifest as LOF in the corresponding
DMS assay.

3.2. Silencing Signals Localize to Kinase Subdomain IX

Across the five kinase activity assays (MET, MKOI, and
three SRC sets; Section 2.3), we mapped variants from the
deep-silencing bin (Section 3.1) onto a multiple sequence
alignment (MSA) anchored on the SRC (Figure 3).

Across all five assays, the deep-silencing variants clustered
in a single contiguous MSA region: subdomain IX of the
kinase catalytic core (Hanks & Hunter, 1995; Taylor & Ko-
rnev, 2011). In a previous study, this subdomain was shown
to stabilize the conformation of the catalytic loop, and spe-
cific substitutions within it—such as NTRK1 V710A and
FLT3 K868N—were shown to substantially impair kinase
activity (Serizawa et al., 2016). We visualized this signal by
projecting the union of these residues onto the AlphaFold2-
predicted SRC structure (Appendix E). The same signal on
subdomain IX is reproduced at an alternative model scale
(Appendix D).

The co-localization of the deep-silencing positions with
this independently characterized functional anchor indicates
that the kinase-domain concept feature aligns with a known
mechanism of catalytic loss of function, despite the under-
lying SAE being trained without any DMS or functional
supervision.

3.3. Concept-Feature Silencing Carries Information
Beyond Sequence Conservation

A natural concern is whether the silencing signal recapitu-
lates sequence conservation, since the underlying PLM im-
plicitly captures conservation patterns from its pre-training
corpus. To address this, we compared the deep-silencing po-
sitions identified in Section 3.2 against per-column sequence
conservation (Capra & Singh, 2007). For each of the five ki-
nase activity assays, we plot per-column Shannon conserva-
tion, computed over 3,683 SwissProt kinase-domain entries
(Section 2.3), against the per-position median normalized
DMS score (Figure 4). Positions containing deep-silencing-
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Figure 4. Concept-feature silencing carries information beyond
sequence conservation. For each of the five kinase activity assays,
per-position median normalized DMS scores (y-axis) are plotted
against per-column Shannon conservation over 3,683 SwissProt
protein kinase domain entries (x-axis; Section 2.3). Blue points
mark positions containing deep-silencing-bin variants (criterion
as in Figure 3); gray points mark all other positions. Vertical red
dashed lines mark the top 5% and top 1% conservation percentile
cutoffs commonly used in conservation-based functional residue
prediction (Panchenko et al., 2004). Blue points span a wide range
of conservation values, indicating that the concept feature flags
positions that per-column conservation alone would not.

bin variants are colored blue; all other positions are gray.
Vertical lines mark the top 5% and top 1% conservation
percentile cutoffs commonly used in conservation-based
functional residue prediction (Panchenko et al., 2004).

The deep-silenced (blue) positions span a broad range of
conservation values, including many positions that fall out-
side the top-5% percentile cutoff. Applying a standard top-
percentile cutoff for conservation-based functional residue
prediction would therefore miss these positions, indicating
that the kinase-domain concept feature captures functional
constraints that conservation cutoffs alone do not identify.
The two readouts thus provide complementary evidence for
variant effects. In particular, the convergence on subdo-
main IX shown in Section 3.2 reflects critical functional
residues that wild-type-trained concept features can flag but
per-column conservation alone does not.

3.4. Concept Features Preserve Variant-Effect
Prediction Performance

To evaluate whether these concept features can reliably
power interpretable predictive models without sacrificing ac-
curacy, we trained random-forest regressors across N = 201
ProteinGym substitution assays (Appendix F). Despite re-
ducing the per-position feature pool by an order of magni-
tude (from L X dmoger = 1,920 to 168 features), the SAE rep-
resentation achieved predictive performance (median Spear-
man p = 0.719, Pearson » = 0.756) matching the dense
ESM-2 backbone (p = 0.715, r = 0.753; Appendix F).

The paired difference Ap = —0.003 £ 0.026 (mean £ SD
over N = 201 assays) is statistically equivalent within an
a priori margin of £0.01 (TOST paired-t, p < 10~3). This
demonstrates that concept features successfully capture the
variant-effect signal, making them a reliable basis for build-
ing transparent predictive models.

3.5. Concept Feature Up-Shifts Track Functional Gain
in Kinases

The preceding silencing analyses focused on An < 0. Be-
cause the read-out also records the symmetric up-side event
(# > +3; Section 2.2), we extended the box-plot analysis
of Figure 2 to the full range of An = n"P — nd°"™ for the
five kinase activity assays (Section 2.3). Variants are parti-
tioned into five symmetric bins—deep silencing, moderate
silencing, zero-shift reference, moderate up-shift, and deep
up-shift—using thresholds analogous to those defined in
Section 3.1 (Appendix G).

In all five assays, the conditional medians of the normalized
DMS scores increase monotonically as An becomes more
positive, mirroring the decrease observed in the silencing
regime. The deep up-shift bins show a statistically signifi-
cant elevation in functional score relative to the zero-shift
reference (two-sided Mann—Whitney U test, Benjamini—
Hochberg FDR-corrected).

Driving a wild-type-aligned concept feature above its base-
line activation (z > +3) tracks variants with above-wild-
type DMS scores in the five kinase activity assays, consistent
with gain-of-function substitutions.

4. Conclusion

‘We have shown that the dense per-residue embeddings of
PLMs can be decomposed, via a sparse autoencoder trained
solely on wild-type sequences, into an interpretable ba-
sis of concept features aligned with curated annotations.
Without DMS supervision, the number of residue positions
at which a missense substitution silences such a concept
feature tracks DMS-measured loss of function in 9 of 10
protein—concept pairs. In a kinase case study, these silenc-
ing signals clustered in subdomain IX of the catalytic core,
a region whose disruption is independently known to impair
catalytic activity (Serizawa et al., 2016), and this signal is
not recoverable from conservation alone. The interpretable
concept basis matches the dense ESM-2 backbone in super-
vised DMS prediction, showing that interpretability need
not cost predictive utility. Together with a kinase-restricted
up-shift signal, these results support concept features as a
mechanistically transparent lens on missense variant effects.
Despite remaining limitations in model scale, annotation
coverage, and SAE design (Appendix H), this work offers a
concrete starting point for interpretable variant-effect tools.
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A. Sparse Autoencoder Training and Pipeline Detail

Training hyperparameters. Table 1 lists the per-layer sparse-autoencoder training configuration; the same configuration
applies to every layer £ € {1,...,6}. A linear warm-up on both the learning rate and the sparsity coefficient prevents early
dead-feature collapse without dead-neuron resampling (Bricken et al., 2023). The non-default scikit-learn settings used by
the per-fold variant-effect-prediction pipeline of Appendix F (nyn = 5 for the mutual-information estimator, nes; = 200
trees with min_samples_leaf = 2 for the random-forest regressor) are retained from preliminary tuning on a held-out
protein subset; all other parameters use scikit-learn defaults.

Table 1. Sparse autoencoder training hyperparameters (per ESM-2 layer).

Quantity Symbol Value

Input dimension D 320
Expansion factor T 32
Dictionary size Dy, 10,240

Batch size B 2,048

Total training steps T 5 x 10°

Base learning rate Mo 107¢
Sparsity coefficient Ao 0.08
Warm-up fraction Pw 0.05 (T, = 25,000)
Gradient ¢2-clip — 1.0
Random seed — 42
Optimiser — ConstrainedAdam (Algorithm 1)

ConstrainedAdam. The decoder unit-norm constraint of Section 2.1 is maintained by a first-order retraction onto the
product of unit spheres. Algorithm 1 composes (i) a tangent-space projection of the decoder-column gradient that drops its
radial component, (ii) a standard Adam update on all parameters, and (iii) a re-projection of decoder columns to unit norm.

Algorithm 1 ConstrainedAdam (one optimiser step on the SAE).

Input: parameters (W, b., Wy, b,), gradients (gw. , ., Ew,, Sb,)
for j = 1to Dy, do

Wi Wl g/ ((Waljllo+¢)

ng[:’]] — ng[:vj] - (ng[:vj] 'Wj)wj
end for
(Wea bea Wda bd) — Adam(wea bev Wda bda W, 8b.s 8Wy» gbd)
for j = 1to Dy, do

Wal:, ] < Wal:, j1/(IIWal:, 5|2 + €)
end for

B. ProteinGym Subset and Exclusion List

ProteinGym subset. We cap inputs at L, = 1,024 residues (the ESM-2 positional-embedding limit); sixteen Prote-
inGym substitution assays exceed this cap and are excluded a priori. Table 2 lists each excluded assay with its sequence
length and ProteinGym coarse_selection_type. The cohort distribution (8 OrganismalFitness, 5 Activity, 2 Expres-
sion, 1 Binding) is consistent with the over-representation of large multi-domain proteins among long-sequence assays
(BRCA1/2, the SARS-CoV-2 spike, Cas9 from Streptococcus pyogenes, the Zika virus envelope, picornavirus and HCV
polymerases, NPC1).

Database releases. UniRef50 (Suzek et al., 2015), downloaded 2026_02; UniProtKB/SwissProt (UniProt Consortium,
2023), downloaded 2026_02; ESM-2 model checkpoint facebook/esm2_t 6_8M_UR50D (Lin et al., 2023); ProteinGym
substitution release v1.1, downloaded 2026_02 (Notin et al., 2023). Specific release tags are pinned in the project repository
configuration and will be released with the camera-ready code package.

SwissProt kinase-domain MSA. The 3,683-record SwissProt kinase universe used in Section 2.3 and Figure 4 is the
set of UniProtKB/SwissProt entries (downloaded 2026_02; UniProt query reviewed:true) carrying FT DOMAIN

/note="Protein kinase" as the kinase-domain definition. The SRC reference was chosen so every aligned column
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Table 2. Sixteen ProteinGym substitution assays excluded a priori under the ESM-2 t6 context cap (L > 1,024). Sorted by sequence
length.

Assay (DMS_id) L Cohort
CAR11_HUMAN Meitlis_2020_gof 1,154  OrgFitness
CAR11_HUMAN _Meitlis_2020_lof 1,154  OrgFitness
KCNH2_HUMAN _Kozek_2020 1,159  Activity
UBE4B_MOUSE _Starita_2013 1,173 Activity
ERBB2_HUMAN Elazar_ 2016 1,255 Expression
SPIKE_SARS?2_Starr_2020_binding 1,273 Binding
SPIKE_SARS2_Starr_2020_expression 1,273  Expression
NPC1_HUMAN _Erwood_2022_HEK293T 1,278  Activity
NPC1_HUMAN _Erwood_2022_RPE1 1,278  Activity
CAS9_STRP1_Spencer_2017 _positive 1,368  Activity
BRCA1_HUMAN Findlay 2018 1,863  OrgFitness
SCN5A_HUMAN _Glazer_2019 2,016  OrgFitness
POLG_CXB3N_Mattenberger_2021 2,185  OrgFitness
POLG_HCVIJF_Qi_2014 3,033  OrgFitness
BRCA2_HUMAN _Erwood_2022_HEK293T 3,418 OrgFitness
AOA140D2T1_ZIKV _Sourisseau_2019 3,423 OrgFitness

maps to a SRC residue index for variant lookup. The SRC-anchored alignment was constructed with Biopython 1. 87 (Cock
etal., 2009) via the PairwiseAligner in global mode, using the BLOSUMS62 substitution matrix with NCBI-default
affine gap penalties (gap open = —10, gap extend = —1); each of the 3,683 kinase entries was globally aligned to the SRC
reference (UniProt P12931), yielding an SRC-anchored row matrix from which per-position effective coverage n.g and
Henikoff position-based sequence weights are computed by the same script. Each ProteinGym kinase assay is matched to its
row by exact ungapped-sequence equality.

C. DMS Score Rescaling for Visualization

DMS assays differ in selection type, dynamic range, and absolute scale, so raw fitness scores are not directly comparable
across assays. To enable cross-assay visual comparison in our figures, we apply a per-assay piecewise-linear rescaling that
anchors three reference points: the per-assay minimum to 0, the wild-type score to 1, and the per-assay maximum to 2. For a
variant ¢ in a given assay with raw DMS score s;, wild-type score sy, per-assay minimum Sy, and per-assay maximum
Smax, the normalized DMS score is defined as

Si — Smin .
_— ifs; < SWT,
~ S — Smi
5. = wT min (3)
Si — SWT .
1+ ——— ifs; > swr,
Smax — SWT

yielding values in [0, 2] with the wild-type anchored at 1. This rescaling is applied only for visualization; the rank-based
statistical tests reported throughout the paper are invariant to it and therefore yield identical results on raw DMS scores.

D. Robustness to Model Scale

To assess the robustness of the wild-type-aligned concept silencing read-out across model scales, the analyses of Fig-
ures 2 and 3 are repeated under an alternative model checkpoint. Specifically, the SAE pipeline is re-trained on
esm2_t33_650M_UR50D (Lin et al., 2023) per-residue embeddings using the same training configuration as Table 1,
with silencing threshold |z| > 2. For this 650M setting, the SAE is trained at layer 33 only (rather than across all transformer
layers as in the 8M analysis), and the protein kinase—aligned feature at that layer attains F; = 0.654 (vs. F; = 0.834
at 8M layer 3). The bin definitions of Section 3.1 are recomputed per assay, with N, determined separately for each
assay. All other procedures—DMS-score rescaling (Appendix C), MSA construction (Section 2.3), and statistical testing
(Mann—Whitney U with Benjamini—-Hochberg FDR correction)—are held identical to the main analyses. These two figures
are reported as sensitivity analyses; the BH correction is applied within each panel and is not pooled with the main-figure
family.
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Figure 5. Concept feature silencing tracks DMS loss of function in kinase pairs at ESM-2 650M. The box-plot construction of
Figure 2 is re-run on the five kinase pairs (the top-row assays of Figure 2) using esm2_t33_650M_UR50D layer 33 (F; = 0.654
against the SwissProt Protein kinase annotation) with silencing threshold |z| > 2. The moderate and deep-silencing bins are recomputed
with Nax determined separately per assay; the zero-shift reference and statistical procedure (two-sided Mann—Whitney U test with
Benjamini—Hochberg FDR correction applied within each panel; *, **, *** indicate p < 0.01, 0.001, 10’5) are otherwise identical to
Figure 2. Numbers above each box indicate per-bin variant counts. The non-kinase pairs of Figure 2 are not included in this robustness
check.
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Figure 6. Deep silencing converges on kinase subdomain IX at ESM-2 650M. The SRC-anchored MSA of Figure 3 (MET, MKO1, and
three SRC sets, with NTRK1 and FLT3 reference rows) is re-generated using deep-silencing positions identified from variants in the
650M setting (esm2_t 33_650M_UR50D layer 33; |z| > 2; bins recomputed per assay) of Figure 5; the MSA construction (Section 2.3)
and position-marking criterion are otherwise identical to Figure 3. Dark-blue cells mark positions containing deep-silencing-bin variants;
light-blue cells mark NTRK1 and FLT3 subdomain IX residues whose substitutions are reported to impair kinase activity (Serizawa et al.,
2016).

MET_HUMAN_Estevam_2023 LDEKFTVKVADFGLARMVDKEVYSVKT.AKL.\/-MALESLQTQKFTTKSDVWSIGVLTLMTIGAPPVPDVFDITVY. OGRRLLQPEVCPDP.EVILK-PKAEMRPSISELVSRI

E. Structural Projection of Deep-Silencing Positions

In Figure 7, the deep-silencing positions from Section 3.2 cluster within a contiguous region of the SRC kinase fold,
consistent with the subdomain IX localization shown in Figure 3.
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Figure 7. Structural projection of deep-silencing positions onto the SRC kinase fold. The deep-silencing positions identified in
Figure 3 are mapped onto the AlphaFold2-predicted SRC structure and shown as dark-blue residues, while all remaining positions are
colored green for contrast. The N-terminal segment (residues 1-70), which is predicted to be unstructured and lies outside the kinase
domain, is hidden.

F. Variant-Effect Prediction Protocol and Parity

For each protein and each single-substitution variant ¢, we form a feature vector spanning the entire residue support of
the protein and all six trained transformer layers. For the SAE representation, we restrict the features to the |S| = 168
concept-feature subset; flattening the per-residue activations over (position, SAE-feature) yields a vector of length N x 168,
where N < 1,024 is the per-protein sequence length. The matched raw-ESM-2 baseline applies flattening over (layer,
position, hidden-dim), yielding a vector of length L X N X diode1, Where L = 6 and dioge1 = 320.

For each protein, the variant set is partitioned into five disjoint train/test splits with KFold (n_splits=5,
shuffle=True, random_state=42), and the same fold seed is used for both representations. On each training fold,
columns are scored by mutual information (Pedregosa et al., 2011, mutual_info_regression, nnn = b, training half
only), and the top nsc1ect = 1,000 columns are retained. A random-forest regressor (Breiman, 2001, n_est imators = 200,
min_samples_leaf = 2, max_depth=None, otherwise scikit—-1learn defaults) is then fit on the retained features
and evaluated on the held-out fold, yielding Spearman p and Pearson r per fold. Both approaches share the fold splits, the
MI estimator and its parameters, and the random-forest hyperparameters; the only asymmetry at the input is the candidate
pool before MI selection (168 features per position for the SAE representation versus L X dmogel = 1,920 for the ESM-2
representation).
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Figure 8. The interpretable concept basis preserves variant-effect signal. Distributions of Spearman p (left) and Pearson r (right) of
random-forest predictions of normalized DMS scores across N = 201 ProteinGym substitution assays under matched protocols. Each
box summarizes per-assay performance; orange line, median; box, interquartile range; whiskers, 1.5 xIQR; circles, outliers. The two
representations show closely matched medians (SAE concept features: Spearman p = 0.719, Pearson r = 0.756; raw ESM-2: Spearman
p = 0.715, Pearson r = 0.753).

G. Bidirectional Concept Shifts in Kinase Activity Assays

In Figure 9, normalized DMS scores in the five kinase activity assays increase monotonically as the net concept shift An
becomes more positive, mirroring the decrease seen in the silencing regime.
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Figure 9. Bidirectional concept shifts track DMS scores in kinase activity assays. The box-plot construction from Figure 2 is extended
to the full range of the net concept shift An = n"P — n°"™ for the five kinase activity assays (single row). Variants are partitioned into
five symmetric bins: deep silencing (dark blue), moderate silencing (light blue), zero-shift reference (gray), moderate up-shift (light red),
and deep up-shift (dark red). The dashed green line indicates the wild-type baseline (Normalized DMS = 1.0; Appendix C). In all five
assays, normalized DMS scores increase monotonically as An becomes more positive, mirroring the decrease observed in the silencing
regime (Figure 2). Statistical significance relative to the zero-shift reference was assessed by a two-sided Mann—Whitney U test with
Benjamini—-Hochberg FDR correction applied within each panel (* p < 0.01, ** p < 0.001, *** p < 0.00001).

H. Limitations and Future Work

Model scale and SAE design choices. This study trains the SAE primarily on the 8M-parameter variant of ESM-2
(320-dimensional embeddings); larger PLMs may capture additional biological concepts under SAE analysis (Simon & Zou,
2025). A robustness check at ESM-2 650M reproduces the kinase-domain trends of Figures 2 and 3 (Appendix D), but a full
assessment across the ESM-2 scale ladder remains future work. We also adopt a single SAE design (ReLU + ¢;, expansion
factor » = 32); alternative architectures such as TopK and JumpReLU SAEs may yield concept feature sets with different
coverage and specificity. Even with this design, sparse autoencoders do not yet achieve a one-to-one mapping between
dictionary atoms and biological concepts—feature splitting and residual polysemanticity remain unresolved (Bricken et al.,
2023), and a feature with F} > 0.5 may still partially absorb signal from neighboring or related concepts. In addition,
our concept features are bounded by the SwissProt annotation vocabulary and a one-feature-per-concept aggregation,
leaving mechanisms outside this vocabulary—and regions lacking curated annotations such as intrinsically disordered
regions—invisible to the read-out.

From a zero-shot read-out to interpretable variant-effect models. The present read-out is intentionally minimal: it
counts residue positions at which a concept feature falls below a wild-type baseline. This simplicity is by design—it
keeps the read-out fully zero-shot and supervision-free—but it also leaves substantial headroom on the modeling side. A
natural next step is to build supervised machine-learning or deep-learning variant-effect models that take concept-feature
activations (rather than raw ESM-2 embeddings) as input, so that each prediction comes with per-residue and per-concept
attribution drawn from a biologically grounded vocabulary. Such concept-feature-based models would (i) enable head-to-
head comparison against specialized variant predictors—for example, AlphaMissense (Cheng et al., 2023) or EVE (Frazer
et al., 2021)—on shared benchmarks, and (ii) operationalize the interpretability advantage in a way the present diagnostic
read-out only foreshadows. We view this transition from a single zero-shot signal to a family of concept-feature-based
interpretable models as the most direct path from our findings to clinically usable variant-effect tools.

I. Code and Data Availability

Code and the trained sparse autoencoders will be released as a public repository regardless of review outcome. Evaluation
pipelines—the wild-type-trained concept-feature read-out on ProteinGym substitution assays and the SwissProt kinase-
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domain MSA analysis—are reproducible from public resources per Appendices A and B: ProteinGym (Notin et al., 2023)
substitution data and UniProtKB/SwissProt (UniProt Consortium, 2023) annotations are publicly available, and specific
release versions together with the resulting set of N = 201 retained assays (after the Ly.x = 1,024 filter; see Table 2) are
recorded in Appendix B. The 168-feature concept-alignment table and the kinase MSA construction script will be released

with the same repository.
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