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Abstract. Pathology foundation models achieve strong diagnostic per-
formance, yet the morphological basis of their predictions remains opaque,
limiting trust for safe clinical deployment. Sparse autoencoders (SAEs)
have emerged as a promising tool for recovering interpretable sparse
features that align with tissue concepts from such models, but exist-
ing analyses are largely descriptive, characterising what a model encodes
without establishing whether a downstream classifier depends on it. We
introduce PATH-DISSECT, a depth-resolved analysis of concept repre-
sentation and classifier reliance in frozen pathology foundation models.
By training sparse autoencoders at multiple vision transformer blocks,
PATH-DISSECT identifies class-associated features, validates their class
selectivity through alignment, purity, and specificity, and measures how
far a frozen linear probe depends on them through causal intervention
on the representation during the forward pass. Applied to UNI and Vir-
chow2 encoders on colorectal and breast tissue patches, PATH-DISSECT
provides a layer-wise account of where validated concepts first become
cleanly detectable and where the probe becomes most sensitive to remov-
ing them, separating concept representation from use. We further show
that a discovered feature set can be used to localise an injected spurious
cue and mitigate the classifier’s reliance on it, making PATH-DISSECT a
practical tool for interpreting and auditing pathology foundation models.

Keywords: Sparse autoencoders · Pathology foundation models · Inter-
pretability · Causal intervention.

1 Introduction

Computational pathology foundation models are large vision transformers pre-
trained on vast histopathology datasets by self-supervised learning [3,32,30,17].
⋆ These authors are co-corresponding authors.
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These models are popular for tasks such as tumor classification, biomarker dis-
covery, and prognosis prediction across organs, and they can be adapted through
transfer, few-shot, or zero-shot learning [15]. Although their benchmark perfor-
mance is strong, they remain black boxes where the internal representations
driving the classifications are opaque [21], and the contribution of morphological
concepts to a prediction is unknown. This matters for clinical adoption, where
a model that reaches the right answer from the wrong morphology is indistin-
guishable from one that does not until someone looks inside.

Efforts to interpret pathology models fall into two families. Post-hoc attribu-
tion highlights influential regions through class-activation or attention maps [31,1]
while intrinsically interpretable models reason over a predefined vocabulary of
histological patterns, such as prototype- and handcrafted-dictionary models for
atypical breast lesions [23,22]. Both give spatial or example-based explanations
of where a model looked, rather than an account of what the model internally
encodes. Sparse dictionary learning has emerged as a promising route to improv-
ing the interpretability of neural networks [7,11,2,27,29,25,8]. A sparse autoen-
coder (SAE) is a two-layer network that implements this without supervision,
re-expressing a high-dimensional representation as a sparse code over a learned
dictionary. SAEs were developed for language models [18,16] and have since
proven effective for vision models [28,12]. They now extend to medical imaging,
where they dissect chest-X-ray representations [26], brain MRI foundation mod-
els [20], and hematology cell embeddings [4]. Applied to pathology foundation
models, SAEs recover sparse features that align with tissue concepts and trace
how they sharpen across encoder depth [14], while recent work assembles them
into a large concept atlas used to audit and steer downstream predictions [13].

Our overarching goal is to understand not only which concepts a pathology
foundation model encodes, but how much a downstream classifier depends on
them across depth. PATH-DISSECT addresses three questions: (RQ1) Which
concepts does the model represent, and how reliably? (RQ2) At what depth
does each concept first become cleanly detectable? (RQ3) Does a downstream
classifier depend on it, and where? By discovering, validating, and causally inter-
vening on concepts inside the frozen encoder, PATH-DISSECT moves beyond a
model’s visual vocabulary to how that vocabulary drives a downstream decision,
and we apply it to mitigate reliance on an injected shortcut. We study UNI [3]
and Virchow2 [32] across colorectal and breast patches, giving a depth-resolved
account of concept representation and classifier reliance in pathology foundation
models.

2 The PATH-DISSECT Framework

PATH-DISSECT (Fig. 1) consists of three stages: feature discovery, concept
validation, and depth-resolved causal intervention, which we further apply to
mitigate shortcut reliance.
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Fig. 1. The PATH-DISSECT framework pipeline, with per-block SAEs on a frozen
encoder, validated then ablated across depth.

Preliminaries. A frozen ViT encoder f (UNI or Virchow2) maps a 224× 224
H&E patch x to a class-token (CLS) embedding. We write hL = fL(x) ∈ Rd for
its residual-stream CLS activation at block L. We work with labelled patches
{(xi, yi)} where yi ∈ {1, . . . , C} indexes tissue classes. A multinomial logistic-
regression probe is fitted on the final CLS embedding of the training split and
then frozen. All reliance we report is reliance of this probe: a different classifier
family could exploit different interactions and redundancies, so our conclusions
are scoped to a linear readout. For the causal intervention experiments we mea-
sure the drop in true-class log-probability, which is more sensitive than accuracy
because it captures loss of confidence even when the true class remains the top
prediction.

2.1 Learning sparse features (Stage 1)

The residual-stream activation hL superposes many tissue concepts in one vec-
tor [6], so at each block we train a TopK SAE [8] that decomposes it into a
sparse code,

h ≈ Dec(z) = b+

m∑
i=1

zi di, z = Enc(h) = TopKκ

(
ReLU(W (h− b) + be)

)
, (1)

with encoder weight W , pre-encoder bias b, encoder bias be, and a code z ∈ Rm

of m latents with κ nonzero entries per patch, trained to minimise reconstruction
MSE. Each latent zi is a feature, and its decoder direction di (the i-th column
of Dec) is the fixed vector it writes into the residual stream when active. A
feature is class-associated when zi correlates with a tissue class. A concept is
a tissue class, and since a class is usually carried by several features we write
Sc for its class-selective feature set, the top-k aligned features. All our selection
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and validation criteria are class-derived, so they establish that a feature tracks a
tissue label, not that it encodes a single coherent morphology; the top-activating
patches (Fig. 3A) show the morphology involved but are illustrative rather than
confirmatory.

2.2 Concept validation and detection depth (Stage 2)

A class-associated feature is useful only if it consistently tracks its class rather
than an incidental correlation. For each class c we take its rank-1 aligned fea-
ture on train and score it on held-out test under three class-derived properties:
Alignment ac = |rc| is the absolute point-biserial correlation with the class in-
dicator [14], used rather than mean class activation because normalisation by
the off-class baseline rewards a feature that fires only for its class, not one that
merely fires strongly. Purity is the fraction of its top-activating patches truly of
class c, against the class-prevalence chance floor. Specificity, from the feature’s
cross-class profile |rcj |, is its own-class over mean off-class alignment, its largest
off-class term naming the confusable class.

Separately, we measure how class-concentrated the SAE features are, via
the Shannon entropy Hc of each feature’s class-association distribution pcj =
|rcj |/

∑
k |rck|, low when a feature is class-selective, read in bits against the

raw-embedding baseline [26]. A per-block probe on hL gives a bulk-decodability
reference.

These properties show that a feature is reliably associated with its class, but
not when its class first acquires a clean detector. Following the class-derived
AUPRC criterion in [10] (imbalance-robust [5], scored as the smaller of train
and test), a class has a clean detector once its best feature clears a per-class
bar (> 0.90, or [0.65, 0.90) with a top-vs-second margin ≥ 0.20) as that class’s
dominant feature, and its detection depth is the first block where this holds.
Each block has its own dictionary and the best feature is re-selected at every
block, so detection depth records the first block at which some feature meets
the criterion for that class. We establish no correspondence between features at
different blocks, so this indexes when a class becomes cleanly detectable in the
residual stream rather than the formation or propagation of a single feature.

2.3 Causal intervention (Stage 3)

Stage 2’s properties are correlational, so Stage 3 tests necessity directly by inter-
vening on the sparse features that carry a concept. At block L we mean-ablate
the class-selective feature set Sc: writing z = Enc(h) for the SAE codes of the
CLS activation h, we reset each feature in Sc to its training-set mean z̄j and
subtract only its decoder contribution, leaving the SAE residual intact,

ĥ = h−
∑
j∈Sc

(zj − z̄j) dj , z̄j =
1

N

N∑
n=1

z
(n)
j , (2)
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then run the rest of the network on ĥ untouched. The edit acts on SAE features,
not pixels, so it targets the concept representation inside the model, and aver-
aging rather than zeroing keeps it on-distribution [9]. The causal effect is the
drop in true-class log-probability, averaged over class-c patches with at least one
active feature in Sc,

∆c(L) =
〈
log p(y=c | h)− log p(y=c | ĥ)

〉
, (3)

a graded measure of the probe’s reliance. Repeating it at every block localises
where the probe is most sensitive to a concept. Comparing ∆c across concepts
at a fixed k misleads, because concepts differ in breadth bc, the number of fea-
tures aligned with a concept above a threshold (measured independently of any
ablation), so the same k removes a different fraction of each. We therefore ablate
at matched dose, setting kc = ⌈ϕ bc⌉ for a fraction ϕ ∈ (0, 1] of each concept’s
breadth, so every concept loses the same share of its features. Any remaining
difference in ∆c then reflects reliance rather than dose.

3 Results

Setup. We evaluate PATH-DISSECT on SPIDER [19], using the official train
and test split for colorectal (13 classes, 63,989/13,193 patches) and breast (18
classes, 80,858/12,034). From frozen UNI (ViT-L) and Virchow2 (ViT-H) we
train one TopK SAE per block at six evenly spaced blocks. A forward hook reads
the CLS token (index 0) of each block’s raw output, centred by the training mean
and divided by one scalar to unit mean per-dimension variance. Adam 3×10−4,
5% warmup then cosine decay, 4000 steps, batch 1024, 8× expansion (m=8192
for UNI, 10240 for Virchow2), κ=150, decoder re-projected to unit norm every
step, dead latents resampled, final checkpoint, seed 42. SAEs, the probe, feature
rankings and breadth all use train; test scores alignment and purity, supplies the
intervention subsample (up to 500 patches per class), and enters the detection
criterion only via min(train, test) AUPRC. The frozen logistic-regression probe
reaches 0.875 to 0.892 accuracy and 0.84 to 0.88 macro-F1.

3.1 Features are class-concentrated and concepts become detectable
at concept-dependent depths

We select each class’s best feature on train and score it on held-out test. Align-
ment sharpens with depth in all four settings (Fig. 2). Best-feature |r| reaches
0.72 (UNI) and 0.75 (Virchow2) on colorectal and 0.51 and 0.62 on breast, and
top-100 purity climbs from 0.59 at block 3 to 0.90 at block 19 for UNI, and from
0.62 at block 4 to 0.94 at block 26 for Virchow2. A 50-permutation label-shuffle
null puts the best of 8192 features at only 0.02 (95th percentile), and across
both encoders the SAEs stay well-conditioned, with held-out variance explained
of 0.82 to 0.99 for UNI and 0.90 to 0.99 for Virchow2 and dead units confined
to early blocks, so neither selection bias nor a loss of SAE quality explains



6 M. Parvatikar et al.

Fig. 2. Stage 2 validation: per-class best-feature alignment |r| across depth for UNI
and Virchow2 on colorectal (left two panels) and breast (right two). Darker = stronger
held-out alignment, cleaner in later blocks.

Fig. 3. Stage 2. (A) Top-3 patches for two class-pure and one cross-class feature (red
= look-alike intruder from another class); qualitative illustration. (B) Detection depth,
the first block at which that class has a clean detector (dot ∝ peak AUPRC, hollow =
never).

the trend. Individual directions are seed-dependent [24] (median | cos |=0.35),
while per-class alignment and ablation ordering reproduce (ρ ≥ 0.83). Features
are class-concentrated, with class-association entropy below the raw-embedding
baseline at every block in both encoders, and they are specific, correlating 9.3
to 12.7 times more with their own class than with the rest. The exceptions are
informative and occur in both organs. UNI’s adenocarcinoma low-grade feature
aligns more with adenoma high-grade (0.64 vs 0.42), a confusion that also shows
up among its top-activating patches (Fig. 3A), and Virchow2’s fibroadenoma
feature aligns more with benign phyllodes (0.67 vs 0.52). Bulk decodability rises
only gradually (0.74→0.87), but detection depth is strongly concept-dependent
and agrees across encoders (Fig. 3B). Fat has a clean detector by block 3, fol-
lowed by muscle, inflammation and vessels, while adenoma low-grade, hyperplas-
tic polyp and sessile serrated lesion clear the bar only near the output. Under
this conservative bar 10/13 and 11/13 colorectal and 5/18 and 7/18 breast con-
cepts qualify for UNI and Virchow2 respectively, a lower bound since it discards
features that span several diagnostic classes [10], and those that never clear it
are the cross-class-confusable ones rather than absent representations. The UNI
colorectal count moves from 11/13 to 8/13 as the bar spans [0.60, 0.70], but the
detection ordering is unchanged, so it is not an artifact of the 0.65 threshold.
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Fig. 4. Stage 3 (UNI). Fixed-k ablation effect by depth at k=5 and k=50 (A,C),
alignment versus matched-dose probe reliance (B), and the matched-dose curve (D).
All effects are true-class log-probability drops in nats.

3.2 Probe sensitivity concentrates near the readout, and dose
confounds fixed-k comparison

A concept can be represented without the probe using it, so we test necessity
for the probe directly by mean-ablating each class’s feature set inside the frozen
forward pass and reading the true-class log-probability drop. In all four encoder–
organ settings this drop far exceeds matched random-feature ablation, which
averages under 0.001 nats for UNI colorectal, so the probe depends on these rep-
resentations and not merely on their decodability, and the effect peaks late, in the
final two blocks (colorectal 13/13 and breast 17/18 for UNI, 10/13 and 16/18 for
Virchow2, Fig. 4A,C). A concept ablated at an early block is largely rebuilt by
the output, with up to 96% of its on-class feature set returning downstream for
a representative concept. The late peak thus reflects where an edit persists, i.e.
depth-dependent sensitivity rather than late formation. Negative effects, where
ablation instead raises the probability, stay at early blocks, the exception be-
ing Normal lobules, whose k=5 feature set remains negative to the readout and
works against its own class (Fig. 4C). Cross-concept comparison needs care, as
concepts differ in breadth and a fixed feature count removes a different share
of each. Matching the dose to each concept’s breadth, applied at the final block
(block 23 for UNI), removes any significant breadth dependence in every setting,
unchanged at thresholds |r|>0.2 or 0.4 (Fig. 4D). With dose controlled, a con-
cept’s representational strength no longer predicts how far the probe relies on
it (Fig. 4B): in no encoder–organ setting are better-aligned concepts more im-
portant to the probe, consistent with representation and use being distinct axes.
Breadth rankings are preserved across sparsity budgets κ ∈ {32, 64, 150, 300}
(Spearman ρ ≥ 0.94), so breadth reflects the concept rather than the dictionary
configuration.
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Fig. 5. Mitigating an injected shortcut: PATH-DISSECT isolates the spurious cue
(A,B) and matched-dose ablation partially restores tumour sensitivity (C,D).

3.3 Ablating the discovered cue feature set mitigates reliance on an
injected shortcut

On a challenging class pair of adenoma high grade (benign) against adenocarci-
noma low grade (malignant), we add an artificial cue to the benign class [13] at
cue–label correlation 0.90: a green corner mark in one run, a synthetic tissue fold
in another. Splits are slide-disjoint (3,000 biased train, 1,000 validation, 1,152
cue-decorrelated probe (correlation 0.01) for identifying the cue feature, 1,944
each reversed and clean test). Moving the cue onto cancer collapses the ranking
(AUROC 0.97→0.33 mark, 0.96→0.28 fold) and drops tumour sensitivity from
0.94 to 0.36. An SAE trained on the same biased data isolates the cue in one clean
feature set (purity 1.0, Fig. 5A,B); ablating it at a dose matched to its breadth,
at the final block, lifts sensitivity (0.36→0.70), diagnostic specificity (benign cor-
rectly passed, 0.40→0.76) and AUROC (0.33→0.80), while size-matched random
ablations leave AUROC at the collapsed baseline. Recovery is partial and the
cue is injected by construction, so this isolates and removes a known artifact
rather than discovering an unknown shortcut.

4 Conclusion

PATH-DISSECT provides a depth-resolved view of how pathology foundation
models represent tissue concepts and how far a linear classifier depends on them.
By combining sparse feature discovery, concept validation, and causal interven-
tion, it distinguishes concepts that are merely represented from those a down-
stream linear classifier depends on. Across UNI and Virchow2 on colorectal and
breast tissue, we show that concept detectability and probe sensitivity follow
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different trajectories across depth, and that concept breadth is important for
interpreting intervention effects, so representation analysis alone is insufficient
for understanding model behaviour. Beyond explaining model decisions, PATH-
DISSECT offers a practical approach for auditing pathology foundation models
and identifying shortcut representations. Our conclusions are scoped to a linear
readout, to class-associated feature sets rather than verified morphological units,
to per-block dictionaries without cross-block feature correspondence, and to a
shortcut we injected rather than discovered. Future work will extend it to token-
level representations, circuit tracing, and automated concept interpretation.

Reproducibility. https://github.com/MayurGP25/PATH-DISSECT hosts the
scripts and artifacts.
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