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ABSTRACT

Single-cell Foundation Models (scFMs) have demonstrated remarkable capability
in learning cellular representations, yet their internal mechanisms remain largely
opaque. In this work, we apply Sparse Autoencoders (SAEs) to the residual stream
of AIDO.Cell, a transformer-based scFM, to decompose its latent space into in-
terpretable biological features. We trained TopK SAEs on the 12th transformer
layer using the PBMC3K dataset as a proof of concept. Using Gene Ontology en-
richment to interpret features, we find that ∼ 64% of trained SAE features achieve
statistically significant biological annotations, compared to ∼ 34% from the dense
raw activations. Beyond interpretation, we demonstrate that these features can be
used to functionally ”steer” cell identity: amplifying and suppressing individual
features (e.g., Viral Defense) drives symmetric changes in gene expression, with
steered cell states aligning with the expected biological programs. Furthermore,
we implement a contrastive steering method to automatically discover sparse fea-
ture combinations that drive CD4+ T cells towards a CD8+ T cell phenotype.
Inspection of the selected features revealed that the model learned biologically
relevant directions in latent space enabling cell-type steering. Our findings show
that a scFM can learn a decomposable and manipulable model of cell biology,
enabling interpretable in silico experiments.

1 INTRODUCTION

The development of Single-cell Foundation Models (scFMs) promises a unified understanding of
cellular biology (Theodoris et al., 2023; Rosen et al., 2024). By pre-training on millions of tran-
scriptomes, models such as scGPT (Cui et al., 2024) and scFoundation (Hao et al., 2024) have
shown remarkable performance in tasks such as cell-type annotation and perturbation prediction.
However, due to superposition (Elhage et al., 2022), these models compress biological complexity
into lower-dimensional representations, resulting in entangled, polysemantic features that obscure
the specific gene programs driving model behavior.

Mechanistic interpretability offers a solution by reverse-engineering model components into human-
understandable concepts (Olah et al., 2020). Sparse Autoencoders (SAEs) have recently emerged
as a powerful tool for this purpose, successfully decomposing dense neurons in Large Language
Models (Templeton et al., 2024) and Protein Language Models (Adams et al., 2025) into sparse,
monosemantic features. Recent work has begun to apply SAEs to scFMs (Pedrocchi et al., 2025;
Schuster, 2025), yet these studies have often been constrained by their scFM architecture or focused
on single-feature enrichments that lack strong causal validation.

In this work, we apply SAEs to AIDO.Cell-100M (Ho et al., 2024), a dense Transformer-based
scFM that models the full 19,264-gene human transcriptome. We show that SAE trained features
yield statistically significant Gene Ontology enrichments, which are more interpretable compared
to those found with the raw activations. We also provide, via steering experiments, evidence that
some of these features have causal influence on model’s outputs, where amplifying or suppressing
individual features drives targeted changes in gene expression. Finally, we implement a contrastive
approach that discovers sparse feature combinations for cell-type reprogramming.

∗correspondence: nyanovsky@dc.uba.ar
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2 METHODS & RESULTS

2.1 SAE TRAINING AND INTERPRETATION

We trained a Top-K Sparse Autoencoder (K = 32, expansion factor 8×) on the residual stream
(x) of the 12th transformer layer of AIDO.Cell (with a latent dimension of 640, resulting in 5120
features) using the PBMC3K dataset. This configuration balances feature granularity with computa-
tional efficiency, aligning with recent work in protein and single-cell modeling (Adams et al., 2025;
Schuster, 2025). The encoder and decoder are defined as follows:

ẑ = TopK(Wenc(x− bpre))

x̂ = Wdecẑ + bpre

Where bpre is a learned bias vector. SAEs were trained to minimize the reconstruction loss ||x−x̂||2.
To interpret the learned features, we compute a feature-gene activation matrix F (averaged across
cells) and introduce a data-driven strategy to select top activating gene sets per feature. Standard
enrichment analyses often rely on arbitrary Top-N gene sets; instead, we use the Participation Ratio
(PR) to determine the biological footprint of each feature. We compute the PR for feature i from its
squared activation vector (energy) across genes:

PRi =
(
∑

j F
2
ij)

2∑
j F

4
ij

Intuitively, this metric measures the ”effective dimensionality” of the feature: if a feature activates
N genes with equal strength, the PR is exactly N ; if it relies on a single gene, the PR is 1. This
provides a continuous, scale-invariant proxy for the number of active genes, allowing us to select
the top PR genes to test for GO enrichment. Dynamically scaling our interpretation to the feature’s
scope allows us to discover features which activate from narrow markers to broad programs (Fig.
1a). We achieve statistically significant biological enrichments (q < 0.05, FDR-corrected) for 64%
of features.

2.2 FEATURE SPACE ANALYSIS

Analysis of the feature space reveals biologically interpretable concepts ranging from broad cellular
states (e.g., Feature 2685: Aerobic Respiration; Feature 1480: Cell Cycle Regulation) to cell-type
specific programs (e.g., Feature 4590: Germinal Center Formation; Feature 3181: Type I Interferon
Signaling). SAE features also show higher specificity than raw activation features, measured by their
term’s maximum Information Content (IC) (Fig 1b). A similar baseline was used using Independent
Component Analysis (ICA) on the raw activations, with almost identical results.
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Figure 1: a. The PR distribution across all 5120 features. The histogram shows that features activate
on gene sets of varying orders of magnitude. b. Maximum feature ICs of SAE vs raw features,
showing SAE features are more specific by the Mann-Whitney U test.
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Measuring overlap between feature’s top activating gene sets shows these are highly orthogonal
(Fig. S1), but constructing a feature graph where edges represent high overlap (> 0.2) reveals the
existence of biologically coherent connected components (Fig S2a). These clusters group features
that, while distinct, participate in common pathways (e.g., a Viral Defense cluster and a B-cell
Signaling cluster).

2.3 SINGLE FEATURE STEERING

We validate causality by directly intervening on the residual stream x during the forward pass of
AIDO.Cell. Following Templeton et al. (2024), we use the SAE’s error term e(x) = x − SAE(x)
to preserve non-captured signal, and compute the steered residual as

xsteered = (ααα ◦· ẑ)Wdec + bpre + e(x)

Where ααα is a vector that determines steering strengths at the steered features, and ◦· is the element-
wise product. That is, if we want to steer feature i by α, then ααα is such that ααα−i = 111, and αααi = α.
By scaling each gene’s natural activation, instead of directly replacing it like in Templeton et al.
(2024), we ensure keeping the steered state under biologically plausible conditions.

We perform experiments by selecting two features from different connected components; one corre-
sponding to a ”Viral Defense” state (feature 4367), and one corresponding to B-cell identity terms
(Feature 3170). For each experiment, we test α values in the [−5, 5] range and steer the full dataset.
After steering, we perform GO enrichment (q < 0.05, FDR corrected) on the top 100 up and down-
regulated differentially expressed genes (DEG) (p < 0.05, Bonferroni corrected) with respect to the
unsteered model output.
For the ”Viral Defense” feature, positive steering (α > 1) significantly downregulates genes en-
riched in viral-defense related terms, while negative steering (α < 1) upregulates them, suggesting
the feature naturally encodes an anti-viral suppression state (note that the feature label is derived
from its top enriched GO terms, not its causal direction).
The contrary can be seen for the ”B-cell identity” feature, where positive steering results in upreg-
ulated genes enriched in B-cell related terms, while negative steering does the same for downregu-
lated genes. This symmetric response (Tab. 1) confirms the feature encodes a continuous functional
direction in feature space.

Table 1: Steering validation: top enriched GO terms show symmetric responses across opposite α
values. Viral Defense acts as a repressor (terms appear in downregulated genes for α > 1), while
B-cell Identity acts as an activator (terms appear in upregulated genes for α > 1).

Viral Defense (Feature 4367)
α = 5 (down-genes) α = −5 (up-genes)
Defense response to virus Defense response to virus
Type I interferon signaling Type I interferon signaling
Neg. reg. viral genome replication Neg. reg. viral process
Cytokine-mediated signaling Antiviral innate immune resp.

B-cell Identity (Feature 3170)
α = 2 (up-genes) α = −2 (down-genes)
B cell receptor signaling B cell receptor signaling
B cell activation B cell activation
Reg. of B cell proliferation Reg. of B cell proliferation
Antigen receptor-mediated signaling Reg. of B cell activation

2.4 CONTRASTIVE STEERING

Finally, we introduce contrastive steering to identify trajectories for complex cell-state transitions.
Using gradient descent, we find a sparse vector of steering strengths ααα that minimizes the Euclidean
distance between a set of steered cell embeddings zsteered (by mean pooling the cell’s final gene
embeddings) and the target cell-type centroid µtarget. That is, instead of manually steering a pre-
defined feature with a given strength α, we automatically find which features to steer at varying
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strengths to achieve the objective:

min
ααα

∥zsteered(ααα)− µtarget∥2 + λ∥ααα∥1

We applied this to identify features which would move CD4+ T cells into a CD8+ T cell pheno-
type. The experiment resulted in CD4+ cells shifting closer to the CD8+ centroid (Figs 2a, S3),
even though distances closed were modest. Upon inspection of the resulting steering strengths ααα,
we find 51 features such that |αααi − 1| > 0.3. The top 3 GO terms (ranked by IC) for each feature
show that these include CD8+ T related terms such as regulation of CD8 T cell activation, antigen
processing and presentation via MHC class I (in contrast with MHC class II, which is recognized
by CD4 T cells), IL-12 and IL-18 response terms (which promote CD8 activity), and cytotoxic
related terms. Nonetheless, these also include more generic terms corresponding to cell-cycle, ubiq-
uitin/proteasome terms, RNA processing, among others. Still, we argue that the presence of the
specific CD8 T terms are a good indication that steering occurred among a biologically realistic
path.
We also assess steering results in the model’s output expression space. For this, we take the set of
DEG which are both differentially expressed between CD4s and CD8s and resulted differentially
expressed from the steering process (p < 0.05, Bonferroni corrected). We compute the mean frac-
tion of the logFC gap between the CD4 and CD8 expression closed by steering for each gene, that is,
if for each gene i we define x4

i , x4−s
i x8

i as the gene’s average output expression over CD4, steered
CD4, and CD8 cells correspondingly, we compute the mean gap fraction for gene i as:

x4−s
i − x4

i

x8
i − x4

i

. We find that 70% of genes move in the right direction for upregulated genes in CD8s (Fig 2b), while
65% do for downregulated genes (Fig S4a). Interestingly, we see that a positive effect (> 50% of
genes moving in the right direction) is only achieved after including more than the first 100 DEG by
effect size (S4b). For example, the CD8A and CD8B coreceptors remained almost intact by steering,
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Figure 2: a. Before and after steering distances from CD4 T cells to the CD8 T centroid, showing
∼ 81% moved closer. b. Gap fraction distribution for upregulated genes in CD8 cells.

3 CONCLUSIONS

In this work, we show that Sparse Autoencoders can effectively decompose the dense activations
of a full-transcriptome foundation model into interpretable biological programs. By introducing
adaptive gene selection based on the Participation Ratio, we are able to capture distinct biological
scales without the need for arbitrary thresholds. Furthermore, we show that these features are not
merely correlative descriptors but can also be navigated to impact model outputs, either manually or
through our contrastive optimization framework to reprogram cell identity in silico. By providing a
mechanistic bridge between foundation model latents and biological gene sets, this approach serves
as proof-of-concept for interpretable in-silico studies.
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3.1 LIMITATIONS AND FUTURE DIRECTIONS

Our study is primarily limited by the scale and scope of the PBMC3K dataset. While sufficient for
methodological validation, its restriction to circulating immune cells means our feature dictionary
likely under-represents tissue-resident or developmental programs. Furthermore, our interpretation
relies only on Gene Ontology enrichment, which is inherently biased toward well-characterized
pathways.
Another limitation factor is the absence of cross-model validation. We find that, given the compute
resources available, AIDO.cell-100M was the only model that fit the project’s requirements, being
mainly full-transcriptome modeling across model layers (unlike scGPT or GeneFormer, which
perform gene subsetting, or scFoundation, which only encodes non 0-expressed genes). We also
found that scBERT’s embedding quality was sub-par and not worth pursuing. The requirement
for needing full-transcriptome modeling comes from feature interpretation, which is essentially a
combinatorial problem (which sets of genes does this feature activate on?). Fixing a predefined
set of genes would put a hard restriction on which features would be allowed to be discovered by
the model. Not using full-transcriptome models would also make future downstream tasks nearly
impossible. For example, if the task was to learn how to steer the model for reconstructing perturbed
cell states, the same kind of gene subsetting would be needed in the SAE training dataset and the
target dataset, making the problem much more difficult.

Future work will focus on scaling this pipeline to bigger and more diverse datasets, which would
in theory make the SAEs more ”universal”, and expanding interpretability techniques beyond GO
enrichment analysis. We also aim to further expand and analyze the contrastie steering experiment
in a robust fashion. The fact that steering happens along plausible biological directions but seems
to be dominated by changes in genes with lower effect sizes is a critical aspect to follow up on,
needing to determine whether this is general to the steering process or an issue due to incomplete
optimization.
The contrastive steering approach will work as a template for some possible downstream applica-
tions, e.g training MLP adapters on perturbation datasets to learn sparse feature combinations which
result in the perturbed cell state, enabling interpretable perturbation prediction. We also aim to move
beyond single-layer analysis to circuit discovery, mapping how features in early layers causally trig-
ger downstream features in later layers.
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A APPENDIX

A.1 TRAINING AND EVALUATION DETAILS

All SAEs were trained on an NVIDIA RTX-3090 with 24gb VRAM, for 10 epochs on an 8-cell
batch size (at a 640 hidden dimension per gene on ∼ 19k genes per cell), with a 0.001 learning rate
using cosine annealing scheduling, and optimized with Adam.

Before obtaining the GO terms for each feature with the adapative gene selection method mentioned,
we filter out genes which are either 0-expressed across more than 50% of the cells, or for which their
mean expression is less than 0.01 (in log1p(CPM) space). We also apply the same kind of filtering
before obtaining the top 100 up and downregulated DE genes in the steering experiments. The re-
sulting gene set is used as the background set for all GO enrichments testing. This is done to prevent
noise from very low expressed genes in the dataset, which AIDO.cell has problems reconstructing
(Fig S2b).

Features picked for individual steering experiments were selected from their component due to them
having the least number of annotated terms, to ensure the cleanest possible signal. The contrastive
steering strength vector ααα was trained for 10 epochs on a 4-cell batch size, with a 0.01 learning rate
and sparsity factor λ, and optimized with Adam.

A.2 SUPPLEMENTARY FIGURES
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Figure S1: The gene overlap coeefficient distribution between all feature pairs. For two features
i, j, if Ai, Aj are their corresponding top activating gene sets, then the coefficient is calculated as
|Ai∩Aj |√
|Ai||Aj | .
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Figure S2: a. The within connected component mean GO overlap distribution, which is considerably
higher than the pairwise mean GO overlap b. Input vs output expression in AIDO.cell. The vertical
line at 0 shows uncertainty in the reconstruction zero-expressed genes.
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Figure S3: Left: UMAP of final cell embeddings from AIDO.cell, colored by cell-type. Right:
UMAP of final cell embeddings from AIDO.cell, with CD4 T cell’s being steered embeddings,
which show higher overlap with CD8 T cells. This is merely illustrative, since distances between B
cells and CD8 cells (both unsteered) are the same in both UMAPs.
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Figure S4: a. The gap fraction distributinon for downregulated genes in CD8s with respect to CD4s.
b. Cumulative percentage of genes which changed expression in the right direction, ordered by
difference between the mean CD8 and mean CD4 expression

8


	Introduction
	Methods & Results
	SAE training and interpretation
	Feature Space Analysis
	Single Feature Steering
	Contrastive Steering

	Conclusions
	Limitations and Future Directions

	Appendix
	Training and evaluation details
	Supplementary Figures


