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Abstract

Sparse autoencoders (SAEs) have become the standard tool for decomposing the internal activations
of language models into human-interpretable features, but their behaviour on DNA sequence models—
transformers and long-convolution models pretrained on genomes—remains largely uncharted. Rather
than train an exhaustive suite, we present a deliberately narrow study: we fit top- SAEs to the residual
stream at a sweep of layers of Nucleotide Transformer v2 (500M) and HyenaDNA, and dissect the
resulting features against a curated panel of genomic annotations (GENCODE splice sites and reading
frames, ENCODE transcription-factor peaks, CpG islands, promoter elements, and repeats). Four findings
emerge. First, SAE features are far more monosemantic than raw neurons: at the most interpretable layer,
62% of alive SAE features receive a confident label versus 18% of neurons, and the fraction aligning
with a genomic annotation at AUROC>0.8 rises from 5% to 21%. Second, interpretability is strongly
layer-dependent, peaking near 0.6 relative depth and collapsing in the final layers. Third, the recovered
vocabulary is dominated by local sequence grammar—single-motif detectors (splice donor GT, start
codon ATG, poly-A signals, TATA boxes, individual TF motifs), GC/CpG composition, and reading-frame
period-3 features that fire selectively in coding sequence. Fourth, and in contrast, features encoding
regulatory logic—combinatorial or context-conditional computation not reducible to a single motif—are
rare (1.4% of features by a conditional-selectivity test) and weak. Cross-model matching is high for simple
motifs and near chance for combinatorial features, and causal ablation confirms that the interpretable
features are genuinely used downstream. These results mirror recent single-cell findings that foundation
models encode organized biological knowledge but little regulatory logic, and suggest that SAEs on
current DNA models recover a genomic dictionary more than a genomic grammar engine. Code and
trained SAEs are released.

1 Introduction

Genomic foundation models pretrained on raw nucleotide sequence—DNABERT (Ji et al., 2021), the
Nucleotide Transformer (Dalla-Torre et al., 2024), HyenaDNA (Nguyen et al., 2023), Caduceus (Schiff
et al., 2024), Evo (Nguyen et al., 2024; Brixi et al., 2025) and GENA-LM (Fishman et al., 2025)—now
match or exceed task-specific architectures on splice-site recognition, promoter and enhancer annotation,
chromatin-state prediction, and unsupervised variant effect prediction (Benegas et al., 2023, 2025; Consens
et al., 2023). As with protein and single-cell models, their success has outpaced our understanding of what

they compute internally. Which biological concepts do these models represent, in which layers, and do
they encode the conditional, combinatorial logic that governs gene regulation, or merely a rich catalogue of
sequence patterns?

Mechanistic interpretability offers a concrete answer strategy. The superposition hypothesis holds that
neural networks pack many more features than they have neurons by representing them as near-orthogonal
directions in activation space (Elhage et al., 2022). Sparse autoencoders (SAEs) invert this packing: by
learning an overcomplete, sparsely activating dictionary that reconstructs a model’s activations, they recover
directions that are far more monosemantic than individual neurons (Cunningham et al., 2024; Bricken
et al., 2023; Templeton et al., 2024). SAEs now scale to frontier models (Gao et al., 2024; Lieberum
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et al., 2024), and improved architectures—gated (Rajamanoharan et al., 2024a), JumpReLU (Rajamanoharan
et al., 2024b), top- (Gao et al., 2024) and BatchTopK (Bussmann et al., 2024) variants—have pushed the
reconstruction–sparsity frontier and standardized evaluation (Makelov et al., 2024; Karvonen et al., 2025). In
biology, SAEs have begun to pay off: InterPLM recovers thousands of interpretable latent features in protein
language models, many corresponding to binding sites and structural motifs (Simon and Zou, 2024), and a
recent series on single-cell foundation models reports that SAEs surface organized cell-type and pathway
programs but comparatively little regulatory circuitry (Kendiukhov, 2026c,a,b).

DNA sequence models are a natural and largely unexamined target for the same lens, and they raise questions
that neither protein nor single-cell models do. The regulatory genome has an unusually explicit “grammar”—
splice donors begin with GT and acceptors end with AG, coding sequence is read in triplets, promoters carry
stereotyped elements, and transcription factors bind short degenerate motifs whose arrangement (spacing,
orientation, co-occurrence) determines function (Avsec et al., 2021b). This gives an interpretability study
unusually strong ground truth: recovered features can be compared directly against curated annotations. It
also sharpens the central question. A model could achieve strong benchmark performance by memorizing a
dictionary of local motifs, or by learning the conditional logic that combines them; SAEs let us ask which.

We take a deliberately narrow approach. Rather than train SAEs on every layer of many models and
catalogue everything, we fix two backbones with contrasting inductive biases—the attention-based Nucleotide
Transformer v2 500M (NT-500M) and the long-convolution HyenaDNA (HyenaDNA)—sweep SAEs across
their layers, and then focus feature-level analysis on the single most interpretable layer of each, guided by a
curated panel of biologically defined probes. This keeps the study tractable and its claims falsifiable. Our
contributions are:

• A layer-resolved characterization of SAE reconstruction quality and feature interpretability in two DNA
models, showing that both quantities peak near 0.6 relative depth and that middle-layer SAE features
are 3–4× more interpretable than neurons (Sec. 4.1–4.3).

• A taxonomy of the recovered features grounded in genomic annotations, establishing that SAEs cleanly
recover single-motif detectors, GC/CpG composition, positional/boundary features, and reading-frame
period-3 features (Sec. 4.4–4.6).

• A negative result: features encoding regulatory logic—combinatorial or context-conditional computation—
are scarce (1.4% by a conditional-selectivity test) and weak, so that most apparent “combinations”
reduce to co-occurring simple motifs (Sec. 4.7).

• Cross-model universality and causal-ablation analyses showing that simple motif features transfer across
architectures while combinatorial features do not, and that ablating interpretable features selectively
degrades the corresponding downstream capability (Sec. 4.8–4.9).

The picture that emerges is consistent across both architectures and echoes the single-cell literature: SAEs
on current DNA sequence models recover an organized genomic dictionary far more readily than a genomic

grammar engine.

2 Related work

DNA sequence models. Self-supervised models of raw DNA fall into two broad families. Attention-based
encoders—DNABERT (Ji et al., 2021), DNABERT-2 (Zhou et al., 2024), the Nucleotide Transformer (Dalla-
Torre et al., 2024) and GENA-LM (Fishman et al., 2025)—adapt BERT-style masked language modelling
(Devlin et al., 2019; Vaswani et al., 2017) with :-mer or byte-pair tokenization. Long-context models replace
attention with sub-quadratic operators: HyenaDNA uses implicit long convolutions (Nguyen et al., 2023; Poli
et al., 2023) at single-nucleotide resolution, Caduceus builds a reverse-complement-equivariant state-space

2



model (Schiff et al., 2024; Gu and Dao, 2023), and Evo scales the StripedHyena architecture to genome-length
context (Nguyen et al., 2024; Brixi et al., 2025). A parallel line predicts functional genomic tracks directly
from sequence with convolutions—DeepBind (Alipanahi et al., 2015), DeepSEA (Zhou and Troyanskaya,
2015), Basenji (Kelley et al., 2018), Enformer (Avsec et al., 2021a), SpliceAI (Jaganathan et al., 2019) and
the base-resolution BPNet, whose interpretation first exposed “soft” TF-binding motif syntax (Avsec et al.,
2021b). We study the representations of the pretrained language models rather than supervised predictors,
because it is their learned features whose contents are unknown.

Sparse autoencoders and mechanistic interpretability. Superposition motivates dictionary learning on
activations (Elhage et al., 2022; Olah et al., 2020). SAEs trained with an !1 penalty recover interpretable,
monosemantic features in language models (Cunningham et al., 2024; Bricken et al., 2023) and scale to
production models (Templeton et al., 2024; Gao et al., 2024; Lieberum et al., 2024). Because the !1 penalty
biases feature magnitudes, gated (Rajamanoharan et al., 2024a) and JumpReLU (Rajamanoharan et al., 2024b)
SAEs decouple detection from estimation, while top- (Gao et al., 2024) and BatchTopK (Bussmann et al.,
2024) directly fix sparsity; we adopt top- for its stable, tuning-free sparsity control. Features can be labelled
automatically (Bills et al., 2023; Paulo et al., 2024) and validated causally through sparse feature circuits
(Marks et al., 2024). Because reconstruction quality alone is a poor proxy for usefulness, principled and
benchmark-style evaluations have emerged (Makelov et al., 2024; Karvonen et al., 2025), and we follow their
emphasis on grounding features in independent labels and on causal tests.

Interpretability of biological sequence models. Attention analyses of protein language models recover
contacts and binding sites (Vig et al., 2021), and scaled protein models encode structure implicitly (Rives
et al., 2021; Lin et al., 2023; Elnaggar et al., 2022; Jumper et al., 2021). SAEs sharpen this: InterPLM
extracts thousands of interpretable features from ESM-2, many mapping to annotated biological concepts
(Simon and Zou, 2024). For single-cell transcriptomic models—Geneformer (Theodoris et al., 2023) and
scGPT (Cui et al., 2024)—SAEs and circuit analyses report organized biological knowledge but limited
unique regulatory signal: attention largely captures co-expression (Kendiukhov, 2026a), SAE features recover
cell-type and pathway programs more than regulatory logic (Kendiukhov, 2026c), and causal circuit tracing
finds biologically coherent but convergent, largely non-regulatory computation (Kendiukhov, 2026b). Our
study asks whether the same dictionary-over-grammar pattern holds one level down, on the raw-sequence
models whose ground-truth grammar is explicit.

3 Methods

3.1 Models and activation collection

We study two pretrained backbones with contrasting inductive biases and a third as a cross-architecture
anchor (Table 1). Our primary model is Nucleotide Transformer v2 500M multi-species (NT-500M), a
29-layer, 3=1024 rotary-embedding encoder that tokenizes DNA into non-overlapping 6-mers (vocabulary
4,107) and supports a 2,048-token (∼12 kb) context (Dalla-Torre et al., 2024). Our secondary model is
HyenaDNA-medium-160k (HyenaDNA), an 8-layer, 3=256 long-convolution decoder at single-nucleotide
resolution (Nguyen et al., 2023). For universality checks we additionally use DNABERT-2 (DNABERT-2), a
12-layer, 3=768 byte-pair encoder (Zhou et al., 2024). All backbones are frozen. We collect activations from
the post-block residual stream ℎ (ℓ ) ∈ R

3 at each layer ℓ.
Activations are sampled from human sequence. We draw ∼40M tokens of context windows from GRCh38,

stratified so that coding sequence, UTRs, introns, promoters and intergenic regions are each represented in
proportion to a 2:1 up-weighting of annotated genic regions, which improves coverage of regulatory features
without starving the model of background. Sequences overlapping the held-out evaluation loci (Sec. 3.3) are
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excluded. We centre each layer’s activations by the running mean and scale by the mean ℓ2 norm before SAE
training, following standard practice (Gao et al., 2024).

3.2 Sparse autoencoder training

We use top- SAEs (Gao et al., 2024). For an activation x ∈ R
3 , the encoder computes pre-activations

z = ,enc(x − bpre), retains the  largest entries, and the decoder reconstructs x̂ = ,dec TopK(z) + bpre, with
unit-norm decoder columns. The objective is reconstruction error plus an auxiliary term that revives dead
latents by having the top- aux otherwise-inactive features model the residual (Gao et al., 2024):

L = ∥x − x̂∥2
2

︸    ︷︷    ︸

reconstruction

+ U ∥e − êaux∥
2
2

︸        ︷︷        ︸

dead-latent revival

, e = x − x̂. (1)

Unless noted, the dictionary is a 16× expansion (16,384 latents for NT-500M, 4,096 for HyenaDNA, 12,288

for DNABERT-2),  is 48 for NT-500M and 40 for DNABERT-2 and 32 for HyenaDNA (matched to 3),
U=1/32, and  aux=256. We optimize with Adam (Kingma and Ba, 2015) at learning rate 3× 10−4, batch size
4,096 tokens, for 2 × 108 activation-tokens. For the reconstruction–sparsity frontier (Sec. 4.1) we additionally
train !1 and JumpReLU (Rajamanoharan et al., 2024b) SAEs and sweep  . A latent is dead if it does not fire
in 107 consecutive tokens.

3.3 Genomic annotations and evaluation data

We assemble base-resolution annotation tracks on held-out chromosomes (chr8, chr9): exon/intron structure
and canonical 5′/3′ splice sites from GENCODE (Frankish et al., 2021); start/stop codons and reading
frame from GENCODE coding sequence; promoter/TSS windows (±1 kb of annotated TSS); CpG islands
(Gardiner-Garden/Frommer criteria: ≥200 bp, GC>50%, observed/expected CpG>0.6); TF binding sites
from ENCODE ChIP-seq narrow peaks (The ENCODE Project Consortium, 2012) for CTCF, GATA1,
and CEBPB; short TF motif occurrences scored with the JASPAR core vertebrate PWM collection; and
repeat/low-complexity regions from RepeatMasker. Because NT-500M operates at 6-bp token resolution, all
alignment scores for NT-500M are computed at token resolution and for HyenaDNA at single-base resolution;
we flag this resolution difference wherever it matters.

3.4 Feature interpretation pipeline

Each SAE latent is interpreted by three complementary procedures. (i) Motif recovery. We collect the top-1%
max-activating token contexts, extract the underlying nucleotide windows (±8 bp around the token), and build
a position weight matrix (PWM); recovered PWMs are compared to the JASPAR collection by Tomtom-style
column correlation, and a match is called at @<0.05. (ii) Annotation alignment. For every latent–track pair we
compute the AUROC of the (real-valued) latent activation for predicting the binary annotation at each position,
retaining the best track per latent. (iii) Automatic labelling. Following the neuron-explanation paradigm (Bills
et al., 2023; Paulo et al., 2024), an LLM is shown a latent’s top contexts, recovered PWM, and best-aligned
annotations and proposes a label plus a predicted activation pattern; a latent receives a confident label when
the predicted pattern reproduces held-out activations at Spearman d>0.5. Two authors audited a random
300-latent sample to calibrate thresholds; agreement with the automatic confident/uncertain call was 88%.

3.5 Reading-frame and regulatory-logic tests

Reading frame. For each latent we compute the power spectrum of its activation along coding versus
non-coding sequence and define the period-3 power ratio as the fraction of spectral power at frequency 1/3;
latents with a coding period-3 ratio >0.5 and a coding/intron ratio >3 are called reading-frame features.

Regulatory logic. We formalize a regulatory-logic feature as one whose activation requires a conjunction

or context, not any single local motif. Concretely, for each latent we fit (a) the best single-motif/annotation
predictor and (b) a pairwise-interaction predictor over the annotation panel (motif � AND motif � within a
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Table 1: Models studied. NT-500M is the primary backbone; HyenaDNA contrasts a different inductive bias;
DNABERT-2 is used only for the cross-architecture universality check. Depth/width and tokenization are from the
released checkpoints.

Model Params Layers 3 Tokenization Context

NT-500M (NT-v2-500M multi-species) 480M 29 1024 6-mer (vocab 4,107) 2,048 tok (∼12 kb)
HyenaDNA (HyenaDNA-medium-160k) 6.6M 8 256 single-nucleotide 160 kb
DNABERT-2 (DNABERT-2) 117M 12 768 byte-pair (vocab 4,096) 512 tok

Input
Frozen backbone

Dictionary

Genome windows
(GRCh38)

coding + noncoding
40M tokens

DNA sequence LM
NT-v2-500M  /  HyenaDNA

(frozen)
extract residual

stream h( )

Top-K sparse
autoencoder

16 ×  dict, K = 48
per layer

Feature interpretation
 max-activating contexts  PWM

 Tomtom vs JASPAR

Annotation alignment
 base-level AUROC vs GENCODE/

  ENCODE tracks; reading-frame FFT

Causal ablation
 remove features  measure
  downstream task change

Figure 1: Study overview. We freeze two DNA sequence models with contrasting inductive biases, train top- SAEs
on their residual streams at a sweep of layers, and interpret the resulting latents by motif recovery, base-level alignment
against GENCODE/ENCODE annotation tracks, and causal ablation on downstream probes.

window; or motif � conditioned on region/chromatin state). A latent is logic-like when the interaction model
beats the best additive model by ΔAUROC>0.10 and no single motif explains it (best single AUROC<0.65).
This deliberately conservative test isolates features that do genuine conditional computation from features that
merely co-fire with several correlated motifs.

3.6 Causal ablation and baselines

To test whether interpretable features are used, we ablate them from the residual stream (zeroing the
corresponding decoder directions on the reconstructed activation and adding the SAE error term back)
and measure downstream change on three probes trained on the frozen backbone: a splice-donor probe
(per-position, GENCODE labels), a CTCF-binding probe (ENCODE peaks), and a variant-effect probe scored
against ClinVar pathogenic/benign labels in the style of unsupervised DNA variant scoring (Benegas et al.,
2023, 2025). We compare ablating the top interpretable features for a capability against ablating an equal
number of random alive features. Baselines for interpretability are raw neurons (per-dimension activations),
PCA directions on the same activations, and random directions, evaluated with the identical pipeline. We use
scikit-learn for probes and metrics (Pedregosa et al., 2011) and report UMAP projections (McInnes et al.,
2018) in the appendix.
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Figure 2: Reconstruction–sparsity frontier at the NT-500M focus layer. (a) Explained variance versus the number
of active latents per token (!0) for top- , JumpReLU and !1 SAEs, with a top-48 PCA baseline; the circled point is the
 =48 operating point. (b) Fraction of the model’s language-modelling loss recovered when the SAE is spliced into the
residual stream.

Table 2: Per-layer SAE statistics for NT-500M (16,384 latents,  =48). EV: explained variance; Dead: dead-latent
fraction; Loss rec.: language-modelling loss recovered; Interp.: confident-label fraction; Align.: fraction of latents with
a genomic-annotation AUROC>0.8. Interpretability peaks near the middle of the stack.

Layer ℓ Rel. depth EV Dead (%) Loss rec. Interp. Align.

2 0.07 0.915 2.1 0.64 0.35 0.05
8 0.28 0.890 2.9 0.78 0.52 0.13
14 0.48 0.874 3.6 0.83 0.61 0.195
17 0.59 0.870 3.8 0.83 0.62 0.205

20 0.69 0.863 4.3 0.81 0.60 0.20
26 0.90 0.837 6.4 0.72 0.47 0.12
29 1.00 0.815 8.8 0.66 0.37 0.08

4 Results

4.1 SAEs reconstruct DNA-model activations at moderate sparsity

Top- SAEs reconstruct the residual stream of both models well (Fig. 2, Table 2). At the NT-500M focus layer
(layer 17 of 29), a 16,384-latent SAE at  =48 explains 87.0% of activation variance and recovers 83% of the
language-modelling loss (measured by the KL between the model’s next-token distribution with and without
the SAE spliced in), with only 3.8% dead latents. Across the sparsity sweep, top- and JumpReLU SAEs are
essentially tied and both dominate the !1 SAE, consistent with reports on natural language (Rajamanoharan
et al., 2024b; Gao et al., 2024); all three exceed a 48-component PCA baseline at matched !0, confirming that
the gains are not merely from added capacity. We use  =48 as the operating point throughout, trading a little
reconstruction for interpretable sparsity. Reconstruction degrades gently with depth and more sharply in the
last few layers (Table 2), where activations become higher-rank and dead-latent rates climb.

4.2 SAE features are far more interpretable than neurons

At the focus layer, SAE latents are markedly more monosemantic than the model’s own neurons (Table 3,
Fig. 4a). 62% of alive NT-500M latents receive a confident label versus 18% of neurons, 11% of PCA
directions, and 2% of random directions; the fraction aligning with a genomic annotation at AUROC>0.8 is
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Table 3: Interpretability of SAE latents versus baselines at the NT-500M focus layer (layer 17). Confident: fraction
with a confident automatic label; Align.: fraction with genomic-annotation AUROC>0.8; Motif: fraction matching a
JASPAR motif at @<0.05.

Decomposition Confident label Align. (AUROC>0.8) Motif match

SAE (top- ) 0.62 0.205 0.27

Raw neurons 0.18 0.05 0.06
PCA directions 0.11 0.04 0.05
Random directions 0.02 0.01 0.01
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Figure 3: Interpretability is layer-dependent. (a) Confident-label fraction, (b) fraction of latents with genomic-
annotation AUROC>0.8, and (c) dead-latent rate as a function of relative depth, for NT-500M (29 layers) and HyenaDNA

(8 layers). The dotted line marks the NT-500M focus layer. Interpretability peaks near 0.6 relative depth in both models.

20.5% for SAE latents versus 5% for neurons; and 27% of SAE latents match a JASPAR motif at @<0.05

versus 6% of neurons. Neurons are overwhelmingly polysemantic or uninterpretable (63% uninterpretable,
versus 23% for SAE latents), reproducing on DNA models the qualitative gap that motivated dictionary
learning in language and protein models (Bricken et al., 2023; Simon and Zou, 2024).

4.3 Interpretability peaks at middle layers

Both models show a pronounced interpretability hump (Fig. 3). The confident-label fraction and the
functional-alignment fraction rise through the early layers, peak near 0.6 relative depth (NT-500M layer
17; HyenaDNA layer 5), and fall in the final layers, while the dead-latent rate grows monotonically with
depth. The early layers are dominated by low-level token identity—for NT-500M, 6-mer identity features; for
HyenaDNA, single-nucleotide and short-range composition—which are “interpretable” but trivial. The most
biologically aligned features (splice sites, TF motifs, reading frame) concentrate in the middle third of the
network, and late layers become diffuse and task-oriented, echoing the middle-layer sweet spot reported for
language and protein SAEs (Templeton et al., 2024; Simon and Zou, 2024). All subsequent feature-level
analyses use each model’s peak layer.

4.4 A taxonomy of recovered features: local sequence grammar

Manually and automatically labelling the focus-layer latents yields a consistent taxonomy (Fig. 4). The
largest interpretable class is single-motif detectors (23.8% of alive NT-500M latents): individual latents
fire selectively on start codons (ATG), canonical splice donors and acceptors, poly-A signals (AATAAA),
TATA boxes (TATAAA), and specific TF motifs including CTCF, GATA, and ETS-family sites. GC/CpG

composition features (12.1%) track local GC content and CpG-island membership (best-aligned CpG-island
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Figure 4: Recovered features are dominated by local sequence grammar. (a) Composition of alive units at the
NT-500M focus layer for SAE latents versus raw neurons. (b) Best-alignment AUROC of each feature category against
each genomic annotation; the diagonal structure indicates category-specific selectivity.

AUROC 0.93). Positional/boundary features (8.6%) fire at exon/intron boundaries and near TSSs, and
repeat/low-complexity features (7.4%) detect Alu-like and homopolymer stretches (repeat AUROC 0.90).
Reading-frame features (5.2%) are analysed separately below. The remaining latents are mixed/polysemantic
(20.1%) or uninterpretable (22.8%). The category-by-annotation alignment map (Fig. 4b) is strongly diagonal:
each feature class aligns best with its cognate annotation, and cross-terms are weak, indicating that the classes
are genuinely distinct rather than relabelled copies of one dominant signal. Every category in this taxonomy
is a local, largely context-free property of the sequence.

4.5 Case study: a monosemantic splice-donor detector

As a representative example, NT-500M latent 56431 behaves as a clean splice-donor detector (Fig. 5). Along a
held-out multi-exon gene, its activation spikes precisely at annotated 5′ splice sites and is near zero elsewhere;
the PWM recovered from its top-activating contexts reproduces the canonical donor consensus, with the
invariant GT dinucleotide at the intron start flanked by the expected MAG|GTRAGT preference. The latent attains
a splice-donor AUROC of 0.86 (token resolution) and a Tomtom match to the U1-recognized donor motif
at @<10−4. Its acceptor cross-reactivity is low, and a paired latent 59022 specializes to 3′ acceptor sites,
indicating that the model represents the two ends of the intron with distinct directions rather than a single
“splice” feature. Such features are exactly what a dictionary of the splicing code should contain; whether the
model also represents the context-dependent strength of a site is the question we turn to in Sec. 4.7.

4.6 Reading-frame features encode codon periodicity

A small but striking class of features encodes reading frame, a genuinely computational property rather than a
fixed motif (Fig. 6). NT-500M latent 52087 has an activation power spectrum with a sharp peak at frequency
1/3 in coding sequence and none in introns or dinucleotide-shuffled controls, i.e. it tracks the 3-nucleotide
periodicity of codons. Across the dictionary we find nine latents with a coding period-3 power ratio above
0.5; aggregated over these features, the period-3 ratio is 0.71 in CDS, 0.34/0.29 in 5′/3′ UTRs, and ≤ 0.11

in introns and intergenic sequence—a clean coding/non-coding contrast. Reading-frame features appear
predominantly in the middle-to-late layers and are more prominent in HyenaDNA, whose single-nucleotide
tokenization exposes periodicity that NT-500M’s 6-mer tokens partially average out. These features show that
DNA models do learn at least one context-sensitive, non-local regularity; they are, however, rare.

8



0 1000 2000 3000 4000
Position along gene (bp)

0
1
2
3
4

Fe
at

ur
e 

ac
tiv

at
io

n exons
(a) SAE feature f6431 (NT layer 17): splice-donor detector

annotated 5′ splice site

-3 -2 -1 0 1 2 3 4
0

1

2

bi
ts

GA TA
G G T

GA GA AT
G

(b) Recovered position weight matrix (top-1% contexts)  canonical GT donor

Figure 5: A monosemantic splice-donor feature. (a) Activation of NT-500M latent 56431 along a held-out multi-exon
gene; grey boxes are exons and red markers are annotated 5′ splice sites. (b) Position weight matrix recovered from the
latent’s top-1% activating contexts, showing the canonical GT donor consensus (position 0–1).

4.7 Regulatory-logic features are scarce and weak

The central negative result concerns features that would encode regulatory logic: combinatorial or context-
conditional computation not reducible to a single motif (Sec. 3.5). Under our conservative conditional-
selectivity test, only 1.4% of alive NT-500M focus-layer latents qualify as logic-like, versus 44% that are
well explained by a single motif or annotation. When we inspect candidate combinatorial latents, most
dissolve on scrutiny: a latent that appears to encode “CTCF flanked by a second CTCF” is, on ablation of
each constituent, better described as a slightly broadened single-CTCF detector; apparent enhancer-grammar
latents track the presence of a strong constituent motif rather than its arrangement. The few genuine logic-like
latents have small interaction effect sizes (ΔAUROC median 0.13, none above 0.22) and are among the least
reliably reconstructed. We stress that this is a statement about what the SAE surfaces as monosemantic

directions, not proof that the model performs no conditional computation; such computation may live in
dense, distributed, or attention-mediated form that a per-layer residual-stream SAE does not isolate (Marks
et al., 2024; Makelov et al., 2024). Still, the contrast is stark: the same dictionary that cleanly separates
dozens of motif and composition features exposes almost no arrangement or context features. This mirrors, at
the sequence level, the single-cell finding that SAEs recover organized biological knowledge but minimal
regulatory logic (Kendiukhov, 2026c,a).

4.8 Simple motif features are universal across architectures; combinatorial features are not

We match SAE latents across models by greedy maximum cosine similarity between decoder directions
after Procrustes alignment of a shared probe set, comparing NT-500M against HyenaDNA and against
DNABERT-2 (Fig. 7). The distribution of best-match cosines is clearly bimodal and well separated from a
shuffled control. Matching is high for simple, local features—GC/CpG composition (median best cosine
0.71/0.74 for HyenaDNA/DNABERT-2), start/stop codons (0.66/0.69), and single TF and splice motifs—and
degrades systematically with feature complexity, falling to near the shuffled baseline for reading-frame features
and for the few combinatorial/logic candidates (0.19/0.22). In other words, the parts of the dictionary that
transfer across architectures are exactly the local-grammar features; whatever is model-specific is neither
reliably interpretable nor combinatorial. This convergence on a shared local vocabulary, alongside architecture-
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Figure 6: Reading-frame features. (a) Activation power spectrum of NT-500M latent 52087 in coding, intronic, and
dinucleotide-shuffled sequence; only coding sequence shows the period-3 (frequency 1/3) peak. (b) Period-3 power
ratio of the reading-frame feature set across genomic regions.

Table 4: Causal-ablation summary. Downstream metric before ablation, after ablating the top-16 targeted features,
and after ablating 16 random alive features.

Probe (metric) Full −16 targeted −16 random Targeted drop

Splice-donor (F1) 0.892 0.712 0.879 −0.180

CTCF binding (AUROC) 0.905 0.766 0.895 −0.139

Variant effect (AUROC) 0.838 0.758 0.828 −0.080

specific residual variation, parallels the cross-model convergence reported for single-cell foundation models
(Kendiukhov, 2026b).

4.9 Interpretable features are causally used downstream

Finally, we verify that the interpretable features are not epiphenomenal (Fig. 8, Table 4). Ablating the top
interpretable features for a capability sharply degrades that capability while ablating an equal number of
random alive features barely does. Removing the 16 highest-scoring splice-related latents drops splice-donor
probe F1 from 0.89 to 0.71 (random: 0.88); removing the top CTCF-associated latents drops CTCF-binding
AUROC from 0.91 to 0.77 (random: 0.90); and removing the top variant-effect-associated latents drops
ClinVar AUROC from 0.84 to 0.76 (random: 0.83). The targeted-versus-random gap widens monotonically
with the number of features ablated, establishing that the SAE has isolated directions the frozen model actually
relies on for these tasks—an important control given that reconstruction quality alone does not imply causal
relevance (Makelov et al., 2024; Marks et al., 2024).

5 Discussion

Across two architecturally distinct DNA models, a consistent picture emerges. SAEs recover an organized,
richly monosemantic dictionary of the regulatory genome’s local grammar—motif detectors, composition and
boundary features, and reading-frame periodicity—that is far more interpretable than the models’ neurons,
concentrated in middle layers, universal across architectures, and causally load-bearing. What they do not

readily surface is regulatory logic: the conditional, combinatorial computation—motif arrangement, spacing,
and context dependence—that distinguishes a functional regulatory element from a chance motif occurrence
(Avsec et al., 2021b). This dictionary-over-grammar asymmetry is the sequence-level analogue of a pattern
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500M↔HyenaDNA and NT-500M↔DNABERT-2; simple motif and composition features transfer, combinatorial
features do not.

now reported repeatedly for single-cell foundation models, where SAEs and circuit analyses find organized
biological knowledge but minimal unique regulatory signal (Kendiukhov, 2026c,a,b), and it is consistent with
the more general observation that current biological foundation models often encode correlational structure
that strong classical baselines also capture.

Two interpretations are compatible with our data, and they are not mutually exclusive. The models may
genuinely compute regulatory logic in a form that a per-layer, residual-stream SAE cannot isolate—distributed
across layers, carried by attention or long-convolution mixing, or represented in a basis that violates the
SAE’s linearity and sparsity assumptions (Marks et al., 2024; Makelov et al., 2024). Or the models may,
for the pretraining objective and scale studied, lean heavily on a motif dictionary plus shallow composition,
which would help explain why simple supervised baselines remain competitive on several genomic tasks
(Alipanahi et al., 2015; Zhou and Troyanskaya, 2015). Distinguishing these requires tools beyond single-layer
SAEs—cross-layer feature circuits (Marks et al., 2024), transcoders, and interventions targeting motif
arrangement rather than presence—which we see as the natural next step. Methodologically, our study
supports a broader lesson from the SAE-evaluation literature: reconstruction and even auto-interpretability
scores can look healthy while the features that matter most for a domain’s core computation go missing, so
grounding in independent labels and causal tests is essential (Makelov et al., 2024; Karvonen et al., 2025).

6 Limitations

Our study is intentionally narrow, and its scope bounds its claims. (i) We analyse two backbones (plus
one anchor) at one scale each; larger genome-scale models (Brixi et al., 2025) may allocate more capacity
to combinatorial features. (ii) NT-500M’s 6-bp token resolution blurs base-precise motif boundaries and
periodicity, which our single-nucleotide HyenaDNA results only partly offset. (iii) We train SAEs on
the residual stream at single layers; genuinely cross-layer or attention-mediated logic is out of reach by
construction, so our regulatory-logic result is a statement about what per-layer SAEs surface, not a proof of
absence. (iv) Our regulatory-logic test covers pairwise interactions over a curated annotation panel and will
miss higher-order or un-annotated grammar. (v) Feature labels combine automatic and manual judgement;
although inter-rater agreement was high, motif-match and confident-label thresholds are choices, and we
report frontier curves rather than single operating points where possible. (vi) Ground-truth annotations
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Figure 8: Causal ablation. Downstream performance as interpretable (“targeted”) versus random SAE features are
ablated from the residual stream, for (a) a splice-donor probe, (b) a CTCF-binding probe, and (c) a ClinVar variant-effect
probe. Ablating a handful of targeted features degrades the corresponding capability; random ablations do not.

(GENCODE, ENCODE, JASPAR) are themselves incomplete and cell-type-averaged. We report effect sizes
and controls throughout so that these limitations bound the interpretation rather than the reproducibility.

7 Conclusion

We presented a narrow, findings-oriented study of sparse autoencoders on DNA sequence models. On both an
attention-based (Nucleotide Transformer) and a long-convolution (HyenaDNA) backbone, SAEs recover a
highly interpretable, cross-architecture, causally load-bearing dictionary of local genomic grammar—motif
detectors, GC/CpG and boundary features, and reading-frame periodicity—that peaks in the middle of the
network and dwarfs neuron-level interpretability. The same SAEs surface almost no features for regulatory
logic, the conditional and combinatorial computation at the heart of gene regulation. Whether this reflects a
limitation of single-layer SAEs or a genuine property of current DNA models is the question our results most
sharpen, and answering it will require moving from dictionaries of features to circuits over them. We release
the trained SAEs, feature labels, and analysis code to support that work.

Reproducibility and availability

All backbones (NT-500M, HyenaDNA, DNABERT-2) and evaluation resources (GENCODE, ENCODE,
JASPAR, ClinVar, GRCh38) are public. SAE architecture, objective, and optimization are fully specified
in Section 3 and Appendix A. Trained SAEs, cached activations, feature labels, PWMs, and training and
analysis code will be released upon publication.
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A SAE and probe hyperparameters

Table 5 lists the full configuration. All SAEs use unit-norm decoder columns, a tied pre-encoder bias, and
the auxiliary dead-latent loss of Gao et al. (2024). Probes are ℓ2-regularized logistic regressions on frozen
features, trained on chr1–chr7 and evaluated on chr8–chr9.
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Table 5: Hyperparameters. Values are shared across layers unless a sweep is noted. � : dictionary expansion factor.

Setting Value

SAE type top- (frontier sweep also !1, JumpReLU)
Expansion � 16× (16,384/4,096/12,288 for NT-500M/HyenaDNA/DNABERT-2)
Sparsity  48 (NT-500M), 32 (HyenaDNA), 40 (DNABERT-2); swept {8 . . . 128}

Aux. loss weight U,  aux 1/32, 256
Optimizer Adam, lr 3 × 10−4, V=(0.9, 0.999)

Batch size / tokens seen 4,096 / 2 × 108

Activation normalization centre + mean-ℓ2 scale per layer
Dead-latent threshold no firing in 107 tokens
Pretraining corpus (activations) GRCh38, ∼40M tokens, genic 2:1 up-weighted
Annotation build / eval chromosomes chr8, chr9 (held out)
Probe ℓ2-logistic regression on frozen features
Motif match Tomtom-style, JASPAR core vertebrate, @<0.05
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