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Abstract

The problem of interpreteting deep neural networks,
especially large transformer-based models, is widely
known and has motivated the development of diverse
interpretability approaches. A dominant branch of in-
terpretability research focuses on concept discovery in
latent spaces. Sparse Autoencoders (SAEs) and cluster-
ing methods are two prominent unsupervised concept
analysis approaches. However, little is known about the
consistency of the structures they recover. In this work,
we propose a framework for evaluating the semantic ro-
bustness of these methods by applying SAEs and clus-
tering techniques in parallel to the same latent spaces of
the Vision-Language Model (VLM) LLaVA. The pro-
posed analysis combines layer-wise overlap measures,
monosemanticity scores, and visualization of represen-
tative samples and importance heat maps. Our goal is to
investigate whether the discovered concepts reflect in-
trinsic semantic structure or artifacts of the chosen ex-
traction method.

1 Introduction

Modern foundation models are able to process highly
rich latent representations, but their structure and the
layer-wise progression of activations are hardly inter-
pretable. A promising and popular scheme for under-
standing latent structure is the so-called concept anal-
ysis, aiming to map internal representations to human-
understandable semantics. Within the spectrum of avail-
able concept extraction methods clustering and Sparse
Autoencoders pose as two prominent unsupervised ap-
proaches. However, the associated algorithms are fun-
damentally different.

Clustering groups latent activations according to
their similarity, implicitly assuming that semantic struc-
ture aligns with geometric proximity. SAEs, on the con-
trary, learn sparse, overcomplete feature dictionaries,
where individual neurons or directions are interpreted
as disentangled concepts. While both approaches are
used widely, there is limited understanding of whether
they recover consistent semantic structures or whether
their outputs are method-dependent artifacts.

In our work we investigate the extent to which
the discovered concepts are stable and method-invariant
across these interpretability techniques. Our proposed
method can be summarized in the following steps: 1)
applying clustering methods and SAEs in parallel to the
same latent spaces of a foundation model LLaVA [Li
et al.[(2024); 2) evaluating layer-wise overlap between
clusters and SAE features, together with MonoSeman-
ticity scores of both approaches; 3) visualizing repre-
sentative samples associated with clusters and SAE-
derived concepts in order to investigate whether both
methods consistently recover similar semantic struc-
tures. Note that the MonoSemanticity score for SAEs
was introduced by [Pach et al.| (2025)), whereas we have
adapted it and propose an analogous version of this
score for clusters in[3l

The key hypothesis of this work can be formu-
lated as follows: If concepts extracted by clustering
and SAEs converge, this suggests that the underlying
semantic structure is intrinsic to the model. If they di-
verge, this indicates that at least part of the discovered
structure may be an artifact of the chosen method.

2 Related Work

Concept-based interpretability aims to associate la-
tent representations of neural networks with human-
understandable semantic concepts. Existing approaches
can broadly be divided into supervised and unsuper-
vised methods.

Supervised methods typically rely on predefined
concept annotations.  Concept Bottleneck Models
(CBMs) Koh et al.| (2020); Rao et al.| (2024) explicitly
predict concepts before producing final outputs, while
Concept Whitening (Chen et al.[(2020) aligns latent di-
rections with semantic concepts through fine-tuning a
Concept Whitening module. Another influential post
hoc approach is TCAV |[Kim et al| (2018)); [Schrouff et
al.|(2022), which estimates concept activation directions
in latent space and measures their importance with re-
spect to model predictions. Since TCAV assumes ap-
proximate linear separability of concepts, |Crabbé and!
van der Schaar] (2022) proposed nonlinear support vec-



tor classifiers to better capture complex latent geome-
tries. Although effective, supervised approaches gener-
ally require a datasets annotated with predefined con-
cepts, restraining scalability and generalization.

These limitations motivated increasing interest in
unsupervised concept discovery methods. Sparse Au-
toencoders (SAEs) [Huben et al.| (2024) learn sparse
overcomplete feature dictionaries and are commonly in-
terpreted through the superposition hypothesis |[Elhage
et al.[ (2022), where individual neurons correspond to
disentangled semantic directions. However, SAE train-
ing often requires very large datasets, and interpreta-
tion of the learned features frequently depends on ex-
ternal language or vision-language models [Lieberum et
al.|(2024)); Zhang et al .| (2025).

A complementary line of work employs cluster-
ing techniques to uncover semantic organization in la-
tent spaces. Prior work demonstrated the effectiveness
of unsupervised clustering approaches for discovering
meaningful latent structures in both vision and language
models |[Kolouri et al.| (2017); |Ghorbani et al.| (2019);
Dalvi et al| (2021). In particular, |O’Mahony et al.
(2023) showed that hierarchical clustering can disen-
tangle multiple semantic meanings hidden within pol-
ysemantic neuron activations. Fel et al.| (2023)) further
proposed a unifying framework interpreting concept ex-
traction as a form of dictionary learning, while Hawasly
et al.| (2024) analyzed quality—efficiency trade-offs of
clustering-based concept discovery methods.

Despite the growing popularity of both SAEs and
clustering approaches, relatively little work investigates
whether the semantic structures recovered by these
methods are consistent across extraction paradigms.
Our work addresses this gap by directly comparing
clustering-based and SAE-derived concepts within the
same latent spaces and by evaluating their robustness
under varying data conditions.

3 Methodology

In order to test the robustness of the unsupervised con-
cept extraction approaches, we state a proposition. Par-
ticularly, if concepts are encoded in the latent space —
manifold — of the target model, they should be discov-
erable irrespective of the method employed, assuming
the used method is faithful to the latent representations.
To this end, we implement and test two interpretability
approaches, namely clustering-based and SAE concept
learning. Specifically, we chose and apply both methods
to subset of deep layers in a pretrained Vision-Language
Model, such as LLaVA.

Then, we compare the semantic similarity be-
tween clusters and SAE features measured by their
pointwise overlap, given as the weighted cosine simi-
larity. For the normalized feature activations of the k-
th SAE neuron, @& € [0, 1] and the smoothed cluster

membership ¢/, € [0, 1] given by the normalized angu-
lar distance to j-th centroid the overlap becomes
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Note that both SAE feature activations and the cluster
memberhip of latent activations refer to the same layer
¢ from which they are extracted. In addition, all ac-
tivations come from a common dataset J = {x, €
X}, which should span a wide variety of images to
include enough concept of diverse granularity. Alterna-
tively, a probability based measure can be defined using
the Jensen-Shannon divergence (JSD), which is a sym-
metrized version of the Kullback-Leibler divergence for
two distributions by transforming the normalized acti-
vations into probabilities py(n) = ak /> ~ak.

A high overlap between a pair of cluster and SAE
neuron indicates a substantial semantic closeness.

The validity of semantic coherence of each SAE
feature and cluster can also be tested individually us-
ing the MonoSemanticity score introduced by |Pach et
al.| (2025)). For the SAE features the score of the k-th
neuron becomes
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where the relevance matrix ¥, = @*ak quantifies the
joint neuron activation of each image pair.s,,, is the
pairwise similarity between images computed as the co-
sine distance of their embeddings from an auxilliary vi-
sion encoder F, i.e.
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We formulate an analogous MonoSemanticity metric
adapted to clusters, which replaces neuron activations
@* by the normalized distance of each activation a,, in
the embedding space from the cluster centroid p:
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Then the relevance matrix is computed analogously as
for the SAE metric, that is, pJ,,,, = d/,d},. Hence, ap-
plying the same logic to construct the MonoSemnaticity
score for clusters yields
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Computing the aforementioned metrics allows a
quantitative comparison of qualitatively distinct con-
cept extraction methods. On the one hand, the SAEs
are trained in a self-supervised fashion, disentangling
the latent signal into an overcomplete dictionary of fea-
tures using an encoder-decoder like architecture. On



the other side, the clustering-based approaches decom-
pose the latent activations into groups (clusters) accord-
ing to their pairwise (agglomerative clustering) or point
to centroid (K-means clustering) distances. Therefore,
finding matching concepts among the SAE features and
the clusters strengthens the validity of the individual re-
sults and affirms the robustness of both present concepts
extraction approaches.

4 Visual Inspection Techniques

Once the overlap between SAE features and clusters is
established, the feature-cluster pairs with overlap higher
than a set threshold O;, < 7 will be selected for in-
trospection and concept description. Presumably, clus-
ters and features whose activations overlap significantly
share common input samples and will thus constitute the
same (or similar) semantic meaning — concept. Partic-
ularly, samples whose activations fire for both a feature
and a cluster simultaneously can be considered as the
core representatives for the sought-for concept.

Conversely, examining the semantic content of
clusters and SAE features independently may reveal dis-
crepancies between the two approaches, thereby expos-
ing inherent differences in the corresponding extraction
methods. These differences constitute an important ob-
ject of study in their own right.

Fig. 1: A collage plot of 100 input images, which yield
the highest activation of the 41045th neuron in the SAE
layer. The apparent concept common concept among
these images is food dominated by fruits and vegetables.

To interpret these features, it is necessary to de-
termine which semantic concepts they embody and how
these concepts can be mapped to human language. At
present, there exist two primary approaches for inspect-
ing and describing their semantic content in natural lan-

guage. The first, most intuitive yet labor-intensive ap-
proach relies on human visual inspection of the corre-
sponding input images. To illustrate this method, we
provide an example below. Another possibility is to em-
ploy an external Vision-Language Model (VLM) capa-
ble of generating textual descriptions for sets of images
associated with a given cluster or SAE feature. In this
work, we do not further explore the latter approach, al-
though it may serve as an interesting direction for future
analysis.

Here, we briefly present the process of visually in-
specting the input images associated with the highest
activations afL of the k-th neuron in the SAE. Similarly,
the semantic content of a cluster can be analyzed by dis-
playing the input samples whose activation vectors a,,
lie closest to the centroid p; of a given cluster. Further-
more, importance heat maps are constructed for a subset
of representative samples in order to highlight the input
patches that contribute most strongly to the activation of
the corresponding neuron.

A composite visualization of the 100 most rep-
resentative samples associated with the 41 045-th SAE
feature, trained on the 18-th layer of LLaVA 1.5
(2024), is shown in Figure[T]

Another useful approach, mentioned above, is the
construction of importance maps or heatmaps. Figure
[2] presents four heatmaps highlighting the input patches
that contribute the most strongly to the activation of the
same 41 045-th neuron. Interestingly, the boundaries of
the depicted objects, predominantly fruits and vegeta-
bles, consistently exhibit the highest contributions to the
feature activation.

Fig. 2: Importance heatmap revealing image patches
with highest contribution to the SAE feature activation.
The four presented images belong to the set of samples
with overall highest activation of the 41045th neuron.



5 Conclusion and Future Work

To conclude, we have presented a framework together
with quantitative measures for evaluating the robustness
of extracted concepts with respect to the choice of un-
supervised extraction method. The proposed method-
ology consists of three main stages. First, Sparse Au-
toencoders are trained on selected layers of a foundation
model, while activations from the same layers are simul-
taneously analyzed using clustering techniques. Next,
the pairwise overlap between SAE features and clusters
is evaluated layer-wise, together with MonoSemanticity
scores computed for the top N activating samples and
the top N samples closest to the corresponding clus-
ter centroids. Finally, representative samples associ-
ated with both SAE features and clusters are visualized
using collage plots, complemented by importance heat
maps highlighting the input regions contributing most
strongly to feature activation.

The primary direction of future work is the im-
plementation and large-scale evaluation of the proposed
experimental framework. The expected contribution
lies in providing empirical evidence regarding the se-
mantic robustness of unsupervised concept discovery
methods. In particular, the proposed analysis aims to
clarify the relationship between geometric, clustering-
based representations and sparse SAE-derived represen-
tations. Quantitative overlap and monosemanticity mea-
sures may provide practical insight into the reliability of
these methods and help determine in which settings one
approach may be preferable over the other.

More broadly, improving our understanding of the
stability and consistency of unsupervised interpretabil-
ity techniques may contribute to more reliable and trust-
worthy deployment of foundation models.
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