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Abstract

We study the geometry of Vision Transformer (ViT) [CLS] representations across
layers through the lens of reproducing kernel Hilbert spaces (RKHS). For each
layer and class, we estimate class-conditional kernel mean embeddings (KMEs)
and measure separability with maximum mean discrepancy (MMD), tuning the
kernel and a per-layer PCA projection via a bootstrap-based signal-to-noise (SNR)
objective. We further propose a layer-wise confidence signal by evaluating class
mean embeddings along a query’s [CLS] trajectory. On ImageNet-1k subsets, this
exploratory, proof-of-concept analysis indicates that the RKHS framework can
capture meaningful geometric and semantic signals in [CLS] representations across
ViT layers. We make no SOTA claims; our contribution is a unified framework and
practical recipe for probing [CLS] geometry.

1 Introduction

Vision Transformers (ViTs) [6] power a wide range of vision tasks, from image classification to
object detection and video processing ([[L1]], [12], [L]], [4]). The [CLS] token, a learned summary
token prepended to the sequence of patch embeddings, plays a pivotal role in both training and
inference of ViTs. Through self-attention at each layer, [CLS] aggregates information from all
spatial patch tokens and its final-layer embedding serves as a compact global representation that a
lightweight classification head maps to label scores. DINO-pretrained ViTs [3]] produce final-layer
[CLS] attention maps whose support aligns with the main object, effectively providing unsupervised
segmentations. Beyond classification and segmentation, recent work (e.g., Zou et al. [19]) shows
that [CLS] also encodes domain cues beneficial for cross-domain few-shot transfer. Taken together,
these observations position [CLS] as a semantically structured, task-relevant bottleneck, motivating a
deeper analysis of its representation and dynamics across layers and domains.

In this work, we introduce a method to probe how the [CLS] token evolves across layers of a ViT
pretrained for image classification. We study: (i) whether the trajectory {c;(z)}L,, defined in
Section 3] yields a layer-wise confidence signal via raw similarity scores produced by kernel mean
embedding (KME) evaluation, and (ii) whether class-conditional [CLS] distributions are separable
and semantically structured across layers. Our approach estimates, for each layer and class, the
class-conditional distribution of [CLS] states via kernel mean embeddings and uses maximum mean
discrepancy (MMD) to quantify separability across layers. By swapping the kernel—cosine for
angular alignment and RBF for local geometry—we obtain a holistic picture of similarity. We
present the theoretical background, describe our methodology, and report proof-of-concept results on
ImageNet-1k. Potential applications in use cases where explainability and confidence are critical are
motivating but out of scope.
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Contributions and scope. (1) A unified RKHS perspective on [CLS] trajectories via KME and
MMD:; (2) a per-layer, per-pair kernel tuning strategy using an SNR objective; (3) a simple confidence
signal from evaluating class mean embeddings along query trajectories; (4) a proof-of-concept
analysis on ImageNet- 1k subsets. To reproduce the results presented in this paper, visit our GitHub
repository masonfaldet/CLS-Hidden-Geometry, which contains the exact scripts and configuration
files used for all figures. Our experiments intentionally focus on a small number of ViT-style
backbones (ViT-Base and DeiT-Base) and a handful of ImageNet-1k class subsets to keep the analysis
manageable; extending the framework to diverse architectures, pretraining regimes, and downstream
tasks is an important direction for future work.

Related work. We highlight two related efforts that probe the hidden states of the [CLS] token
in Vision Transformers. First, Joseph et al. [10] apply tools from information geometry to estimate
the intrinsic dimension of spatial and [CLS] tokens across layers, and empirically report that the
[CLS] token’s dimensionality increases as it aggregates information. Second, Vilas et al. [17]]
project intermediate [CLS] states onto the classification head (the class-weight matrix) to score class
identifiability at each layer. Our approach differs in that we compare hidden [CLS] states to one
another within the same layer, and we quantify similarity more broadly, via kernel mean embeddings
and MMD, rather than relying solely on cosine similarity.

2 Background

RKHS and Moore-Aronszajn theorem. Let X be a set. A Hilbert space (7, (-, -),,) of real-
valued functions on X is called a reproducing kernel Hilbert space (RKHS) if, for every x € X, the
evaluation functional F,, : H — R given by F,.[f] = f(z) is bounded. By the Riesz representation
theorem, for each 2 € X there exists a unique element K, € H such that 7.[f] = (f, Kz), = f(z)
for every f € H. The function K : X x X — R defined by

K(mvy) = <Kya K$>’H = Ky(x) (1

is called the reproducing kernel of H. It is symmetric and positive definite. In particular, K (z,x) =
| K3, thus for every f € H

[f(@)] = [(f, Ka)gy | < |[fllne vV E (2, 2). @

Conversely, given any symmetric positive-definite K : X x X — R, there exists a unique RKHS
H i whose reproducing kernel is K. The space H x is obtained as the completion of the linear span
of {K(-,x) : x € X} with inner product

<ZO¢¢K('7I1‘)7 ZﬂjK(wyj)>H = i K(xi,y))- Q)
i j K %]

Define the feature map ® : X — Hy by ®(x) = K(-,z) so that K (z,y) = (®(x), ®(y)),, . This
is the “kernel trick,” where algorithms expressible via inner products (e.g., SVMs) are carried out
implicitly in H i . This identification is the Moore—Aronszajn theorem [2].

Kernel mean embeddings. Let (X, A) be a measurable space, and let K : X x X — R be
a symmetric positive-definite kernel with RKHS . Denote by M7 (X) the set of probability

measures on X. For p € M (X) satisfying E,,[\/K (7, 2)] < oo, the kernel mean embedding
(KME) of p is defined as the Bochner integral

Up = EINP[K(Iv )} € HK- (4)
By the reproducing property,
MP(I) = <:U‘P7 K(I, )>’HK = E-T/NP[K(IVI/)] ’ (5)
</1*p7 f>7-lx = Em~p[f($)]a VfeHk. (6)
Given i.i.d. samples z1, ..., z, ~ p, the empirical estimator of n,, is given by
JUN I _ 1O
Iip ::EZK(%,-) € Hk, Iip(x) = EZK@U“CU) )

=1 i=1
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Maximum mean discrepancy (MMD). The maximum mean discrepancy (MMD) metric on

M (X)is
MMDk[p,q] :=  sup  {Eonplf(2)] = Eanglf (@)1} = llitp — gl ®)
1f Nl g <1

This metric can be expressed in terms of kernel evaluation:

MMD%([ 14 = Ba o np[K (2, 27)] + Eyy~alK(y, Y)] = 2Epnp, yng[K (2, 9)]- C))
Given i.i.d. samples x1,...,z, ~ pand y1,...,Ym ~ ¢, the unbiased U-statistic estimator is

MMDK[pa ZK x’tvxj ZK yzvyj ZZK xzvyj
1757 z#] i=1j=1

(10)

which converges in distribution at rate 1/4/min(m, n) under p # ¢ [8]. MMD belongs to the broader
family of integral probability metrics (IPMs) [[14].

Vision Transformers (ViTs). We focus on ViTs pretrained for image classification. An input image
is partitioned into n fixed-size patches. Each patch is linearly embedded into R? and augmented
with a positional encoding. A learned [CLS] token is prepended, yielding a sequence of length
n+1 processed by L transformer blocks (LayerNorm — multi-head self-attention — MLP, with
residual connections). The [CLS] token, having repeatedly attended to all patches, serves as a global
representation that a classification head maps to logits.

3 Methodology

Fix a ViT M with hidden dimension dj; and L blocks, pretrained on labeled data D = {(x;, y;) }iez
with y; € [Mjapels]. For an image z, let ¢;(x) € R denote the hidden state of [CLS] after block
t € [L]. For each layer ¢ and class y, define

P, =lawof ¢;(X) with X ~ P(X | Y =y), (11)
where P denotes the underlying data-generating distribution. We study: (i) separability of {P; , }

2
via MMD - and (ii) a confidence signal for a novel image z with predicted label § = M (z) via a
similarity score obtained by evaluating i 5 (c.(2)).

Kernels. We consider cosine and Gaussian RBF mixture kernels:

Keos(o2') = (7, 187 (12)
Mscales .
Kux(z,2') = Z w; exp( - %), w; > 0, Zwi =1. (13)
i=1 i
Because of observed scale drift across layers in ViT-base, bandwidths {o;} are chosen per layer via

the median heuristic [[7] on the relevant pooled data; mixture weights {w; } are tuned by maximizing
the SNR objective below.

PCA. Before computing separability we perform per-layer PCA on pooled features. For a retained-
variance threshold 6 € (0, 1], we project onto the first ry principal components, where

. Py
ro = min{r € {1,...,du}: ?f”A >0} (14)
and A\; > --- > )4, are the PCA eigenvalues. Let 7%, R — R™ denote the PCA projection

vy’
771(}2, independently for each layer ¢, but omit ¢ in

the subscript when clear from context. For confidence evaluation, we fit wg(le) on X; ,. This step is

motivated by two considerations: (i) low-variance PCs are often dominated by noise, and (ii) for
radial kernels such as RBF, reducing dimensionality mitigates distance concentration and can sharpen
separation.

fitted on X; , U X, .+ (per layer). We construct



Algorithm 1 Per-layer separability and similarity scoring

Require: ViT M, labels Y, samples { X, }, kernels /C, PCA thresholds ©, bootstrap B
1: for layert = 1to L do
2: for each class pair (y,y’), y # y' do

3: Build pooled set S <= X, U X;

4: for 6 € © do

5: Fit PCA on S to get W?Se;/

6: for K € K and its hyperparameters do

2

7: Compute MMD j on 772(2, (S) > Eq.
8: Estimate VAR via bootstrap (B resamples)

9: Record SNR(, K) > Eq.
10: end for

11: end for )
12: Select (6%, K*) = arg max SNR; report MMD  at (6*, K*)

13: end for
14: for each class y and query z do

15: Fit 7r3(,9) on X, , (for chosen &)
16: Compute similarity score ﬁt,y(m(,e) (ci(2))) > Eq.
17: end for
18: end for

SNR objective and selection. We tune 6 and mixture kernel weights by maximizing a standardized
MMD objective [9]:

2
MMD
—  ——2 '’
\/ VAR (MMDy)
— 2
where VAR denotes the bootstrap variance (within-class resampling; B=100) of MMD. For

each layer and class pair we select (0*, K*) = arg max SNR and report l\fl\ﬁ)2 under (6, K*).
Intuitively, this criterion selects kernel mixtures whose between-class discrepancy (MMD) is large
but also stable across bootstrap resamples. It favors scales where separability is reproducible rather
than driven by noise.

SNR(0,K) = (15)

4 Experiment

Implementation. To view or run the implementation of the experiments in this section, see our
GitHub repository masonfaldet/CLS-Hidden-Geometry. The README contains a dedicated section
with step-by-step instructions for reproducing all figures reported below.

Model and data. In the main text we use google/vit-base-patch16-224 [18] pre-
trained on ImageNet-lk [5]. We repeat separability and similarity experiments with
facebook/deit-base-patch16-224 [16] and report the corresponding results in the supplemen-
tary materials. For a proof-of-concept, we restrict attention to selected class subsets Y of the original

label space. For each y € Y, we sample X, = {:z:?(f)}?:yl from the training split (n, ~ 700). It

follows that for ¢ € [L] the set X, = {ct(xéi))}?:yl is sampled from the distribution of interest
Py

Hidden-state extraction. We record c; as the [CLS] vector after block ¢ (post-block LayerNorm),
with L = 12 for all models considered (ViT-Base and DeiT-Base).

Kernels and PCA grids. We choose PCA thresholds © = {0.90,0.95,0.97,0.99}. The cosine
kernel (Equation [T2)) has no hyperparameters and is used as is. For the Gaussian mixture kernel
K1k, we construct a per-layer bandwidth grid {o;} via the median heuristic on the pooled data, with
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Figure 1: Layer-wise distance matrices Df(mk (Eq. displayed as heat maps. Red boxes delineate
semantic groups (birds, dogs, cats, reptiles). The yellow dashed box highlights a coarser group of
small, furry quadrupeds (cats and dogs).

Ngcales € {1,3,5}. The mixture weights w = {w; };*¢"* are then optimized by maximizing the
empirical SNR, which takes a Rayleigh-quotient form:

w ' ey - NW'Qw) — (win)Qw
I T CAC T RO

2
where 17; = MMD . is the unbiased MMD? estimator for scale o;, and Q is the empirical covariance
(estimated via bootstrap) of the per-kernel statistics [9]. We perform projected gradient ascent on
SNR(w) with projection onto the probability simplex A := {w € RZs" : 3, w; = 1} at each
step: -

SNR(w) = (16)

WD) HA(w“) +avws/N?1(w<t>)), (17)

with fixed step size a > 0.

Selection and reporting. Per layer, class pair, and kernel type, we select (6*, K*) by SNR

2
(bootstrap B = 100) and report the resulting MMD ... For queries, we report layer-wise trajectories
of fit,g(ct(z)) with class-specific PCA (Algorithm 1).

MMD-based separability For several small subsets Y of ImageNet-1k, we computed pairwise

2

MMD P, ., Py ;] across layers t for y;,y; € Y. In all cases, we observed clear, detectable
separability between the class-conditional [CLS] distributions. As expected, the degree of separability
correlates with semantic similarity; that is, more closely related classes tend to have smaller MMD
than unrelated classes. Due to space constraints, we report one representative experiment.

We set

Y = {robin, jay, chickadee, beagle, lab, boxer, tabby, siamese, persian, lizard, snake},

W
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Figure 2: Layer t vs. MMD [P, gamese, Pry| for y € Y \ {siamese} with model
google/vit-base-patch16-224. Left: K = K.qs (trajectories largely entangled until the fi-
nal layer). Right: K = K,k (class-specific separations emerge earlier, notably around layers 5 and
7).

using abbreviated ImageNet- 1k labels. For each layer ¢ and K € {K s, Kk } we form the distance
matrix

2
Df(i,j) = MMDy[Psy,, Py,],  wiy; €Y, (18)

and visualize { DX} as heatmaps (Figure . Two consistent observations emerge: (i) the overall
scale of distances typically increases with depth ¢, aligning with the intuition that the [CLS] token
encodes more class-specific structure in later layers [[17]]; and (ii) when labels are grouped by semantic
similarity (e.g., bird breeds, dog breeds, cat breeds, reptiles), dark blocks appear along the diagonal,
indicating smaller intra-group distances relative to inter-group distances. We display results for the
Gaussian-mixture kernel K, but note that the same trends are observed with the cosine kernel K.

In Figurewe plot mi{[ﬂ,siame, Ptyy] for K € {Kcos, Kk}, y € Y\ {siamese}, and ¢t € [L].
With the cosine kernel, the trajectories are largely similar until the final layer, where distances
become ordered in a manner that reflects semantic groupings. In contrast, with the Gaussian-mixture
kernel we observe more distinct, layer-dependent trajectories. Notably, the distances to the [CLS]
distributions of snake and lizard increase sharply at layer 5, and those to robin, jay, and chickadee
increase at layer 7. This pattern is consistent with a speculative interpretation that the model begins
to separate siamese from reptiles near layer 5 and from birds near layer 7. We emphasize that these
layer attributions are illustrative and should be viewed as preliminary, given the proof-of-concept
nature of our study.

With | Y|~ 10, n, ~700, and L = 12, computing the sequence { D}, requires roughly 1 hour on
a single GPU with 32 GB of memory.

KME-based confidence signal. We demonstrate how KME evaluation can provide a confidence
signal for a model’s prediction on a novel image. We simulate a case where the model’s top-
1 prediction is correct but weakly supported by selecting validation images (z,y) for which the
predicted label ¢; matches y and the gap between the top-2 softmax probabilities is small. For a
kernel K and class u € Y, define the layer-wise similarity score

Stu(z) = fa(m)(e(2),  telL] (19)
For each layer we compute Stl,{gi (z) fori € {1,2} and K € {Kcos, Kk }. If
St%l (z) > St}f’gg (z) for a majority of t € [L], (20)

then the [CLS] trajectory of z is, on average, more similar to the class-¢; distribution than to class-gs.
We interpret this as a layer-wise, representation-level confidence signal supporting the correctness
of the top-1 prediction ¢; despite an ambiguous softmax. For a single summary score per class, we
define the aggregate

1 L
Aggy (2) = 7D Sl(2). 21
t=1
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Figure 3: Confidence signal examples from the validation split. Each model’s top-1 prediction was
correct by a small margin. To demonstrate confidence in these predictions, for each image z we
compare ¢;(z) with the class-conditional [CLS] distributions P, 4, for the top-2 predicted labels ¢
and g via the layer-wise KME similarities StKy (2) (Eq. . The aggregate similarity Aggg (2)
(Eq. is reported in parentheses next to ¢; in the legends.

We gain confidence in the top-1 selection by testing whether Aggffl (z) > Aggff2 (2).

In Figure 3] we show five weakly supported validation examples (small top-1 vs. top-2 softmax
gaps). With the cosine kernel K, the trajectories StKﬁcfS (z) and Sﬁ;s (z) often exhibit very similar
. . . : Kcos Kcos
layer-wise patterns and yield a slightly smaller aggregate margin, Aggg1 (2) — Aggg2 (2). At
present, we do not have a clear explanation for why these patterns are so consistent across images z

and labels g.

With the Gaussian mixture kernel K i, the two trajectories are more visually distinct. In the first
three examples, Stfz}";k(z) > S’f;r;k(z) holds for all but at most two layers; in the fourth and fifth
examples, the inequality holds for every layer ¢. For both kernels, the aggregate similarity is larger
for the true label than for the runner-up, i.e., Aggffl (z) > Aggf)g (2).



In our experiments, KME evaluation was not consistently able to break ties when the softmax gap
between the top two classes was <2%. Note that our estimates fi; , were computed from relatively
small class samples (n, =~ 700) in a d;=768 representation, which can yield high-variance kernel
averages. Further study is needed to determine when KME evaluation can reliably break ties.
Promising directions include increasing n,, stronger per-layer PCA, and reporting uncertainty (e.g.,
bootstrap CIs over layers) alongside the layer-wise KME scores.

Additionally, Figure [6] in the supplementary materials reports layer—similarity trajectories for a
Siamese-cat image z: we pass z through both Google’s ViT-Base and Facebook’s DeiT-Base and plot
StKy(z) as a function of layer ¢ for labels y spanning a range of semantic similarity to the Siamese
class.

With 7, ~700 and L = 12 computing the sequences { S/, (z)}{~, requires roughly 30-60 seconds
on a single GPU with 32 GB of memory.

5 Discussion

Our study has several limitations. First, we evaluate only a small family of ViT-style backbones
(ViT-Base in the main text and DeiT-Base in the supplementary material) on subsets of ImageNet- 1k,
so conclusions about other architectures or domains remain speculative. Second, kernel parameters
and PCA retained-variance thresholds are selected per pair and per layer, which improves descriptive
power but may overfit. Third, our confidence signal is a similarity score obtained by evaluating
class KMEs along a query trajectory; it is not a calibrated probability and should be interpreted as a
layer-wise diagnostic rather than a decision-theoretic quantity. Lastly, the computational cost of both
the MMD-based separability and KME-based confidence pipelines is dominated by O(L Ck (n)) per
class, where L is the number of layers and C' (n) is the per-kernel cost (naively O(n?) evaluations for
n samples per class, scaled by ngcales for Kk and by B for bootstrap variance). Thus, increasing n
is the primary bottleneck, but this could be mitigated with approximation methods like mini-batching.

Despite these caveats, our proof-of-concept experiments on both ViT-Base and DeiT-Base indicate
that the RKHS perspective has the potential to capture meaningful structure in [CLS] representations:
class-conditional distributions typically become more separable with depth, and the resulting geometry
aligns with semantic groupings in our experiment. Moreover, KME evaluation can leverage upstream
[CLS] information to provide additional confidence in predictions that are otherwise weakly supported
by the softmax. The pipeline itself is architecture-agnostic: any model that exposes per-layer [CLS]
states can be plugged into the same KME/MMD analysis with no changes. We are optimistic that
further development and experimentation within this framework could advance the explainability of
transformer models for classification, offering interpretable diagnostics that complement traditional
performance metrics.
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Figure 4: Layer-wise distance matrices Dth“ (Eq. displayed as heat maps, with model
facebook/deit-base-patch16-224. Red boxes delineate semantic groups (birds, dogs, cats,

reptiles). The yellow dashed box highlights a coarser group of small, furry quadrupeds (cats and
dogs).
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Figure 5: Layer t vs. MMD [P samese, Pry] for y € Y \ {siamese} with model
facebook/deit-base-patch16-224. Left: K = K. (trajectories largely entangled until the

final layer). Right: K = K,k (class-specific separations emerge earlier, notably around layers 5 and
7).

6 Supplementary materials

Facebook DeiT-Base results. In Figures [4] and [5] we reproduce the heatmaps and layer-wise
trajectories from Figures[T]and 2] using Facebook’s DeiT-Base model in place of Google’s ViT-Base
model. DeiT-Base is trained from scratch on ImageNet-1k with a different, data-efficient training
recipe, so it provides an independent ViT-style backbone. We observe the same qualitative phenomena
as before: (i) the overall scale of MMD? distances increases with model depth, and (ii) distances

between semantically related classes remain systematically smaller than those between unrelated
classes.
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Similarity trajectories. Figurelglshows trajectories of S/ (z) as a function of layer ¢ € [12] for a
Siamese-cat image z taken from the ImageNet-1k validation split and labels

Y = {robin, jay, chickadee, beagle, lab, boxer, tabby, siamese, persian, lizard, snake}.

Across layers, the Siamese score S{,{Siamese(z) is already higher than S{,(z) forall y € Y\ {siamese}
by layer 2 and remains dominant thereafter. This further supports our claim that upstream [CLS]
geometry carries a class-specific signal that can be exploited to assess confidence in the model’s

softmax predictions.
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Figure 6: Layer t vs. StKy(z) trajectories for a Siamese-cat image z, labels y € Y, and lay-
ers t € [12]. Top row: model = google/vit-base-patch16-224. Bottom row: model =
facebook/deit-base-patch16-224. Left column: K = K u. Right column: K = K.

Google ViT-Base heatmaps. In Figures[7] [8}[9] and[10] we show MMD? distance matrices for two
additional ImageNet-1k class subsets, computed using the model google/vit-base-patch16-224.

12



Layer 1

beer_glass
coffee_mug
measuring_cup
pajama

t-shirt

apron

bagel

hot_dog
cheeseburger

beer_glass
coffee_mug
measuring_cup
pajama

t-shirt

apron

bagel

hot_dog
cheeseburger

Layer 9

beer_glass
coffee_mug
measuring_cup
pajama

t-shirt

apron

bagel

hot_dog
cheeseburger
3 2 ENION X
OSSR
eef‘g??‘{@q‘?b < re
K> &
C 2 BN
N4 ©

Figure 7: Layer-wise distance matrices Df(mk (Eq.

model.
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Figure 8: Layer-wise distance matrices DtK“S (Eq.

model.
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Figure 9: Layer-wise distance matrices Df(mk (Eq.|18) using google/vit-base-patchl16-224

model.
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Figure 10: Layer-wise distance matrices DtKCOS (Eq.
model.
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