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Abstract

Recent work has shown that the attention maps of the widely popular DINOv2
model exhibit artifacts, which hurt both model interpretability and performance
on dense image tasks. These artifacts emerge due to the model repurposing patch
tokens with redundant local information for the storage of global image information.
To address this problem, additional register tokens have been incorporated in which
the model can store such information instead. We carefully examine the influence
of these register tokens on the relationship between global and local image features,
showing that while register tokens yield cleaner attention maps, these maps do
not accurately reflect the integration of local image information in large models.
Instead, global information is dominated by information extracted from register
tokens, leading to a disconnect between local and global features. Inspired by these
findings, we show that the [CLS]token itself leads to a very similar phenomenon
in models without explicit register tokens. Our work shows that care must be taken
when interpreting attention maps of large ViTs. Further, by clearly attributing
the faulty behavior to register and [CLS]tokens, we show a path towards more
interpretable vision models.
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Figure 1: The global image representation computed by a Vision Transformer is usually understood as
a weighted average of the local patch features, where weights are given by the [CLS]token attention
scores. This notion, which we refer to as the patch integration assumption, underlies attribution
methods like plotting the attention maps to identify patches that strongly contribute to the global
output. In this work, we show that both register tokens and the [CLS]token lead to violations of this
assumption in large ViT models.
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1 Introduction

In recent years, the application of the Transformer architecture [1] to computer vision [2] has given
rise to powerful, highly general feature extractors which can be used for numerous downstream vision
tasks. These models are pretrained on large datasets in either supervised [3, 4, 5, 6] or self-supervised
[7, 8, 9, 10] fashion, and then fine-tuned or used directly as off-the-shelf feature extractors. A useful
property of the Vision Transformer architecture is that it simultaneously extracts global and dense
local features, making it suitable for both classification, as well as more fine-grained tasks such
as object detection [11], segmentation [12] or depth estimation [10, 13]. Further, the fact that the
global image representation is computed as a convex combination of the dense features enables direct
comparisons between patch and global representations [14, 15, 16]. The weights used for this convex
combination are the attention outputs of the global [CLS]token to the patch tokens. Caron et al.
[7] popularized the investigation of the attention scores as a way of attributing model outputs to
image regions, as one can seemingly clearly identify the patches from which the global information is
extracted. After the publication of the now widely used DINOv2 model [10], Darcet et al. [17] showed
that the model’s attention maps exhibit artifacts with very large weights. Upon further investigation,
they noted that these artifacts also appear in other models trained with different training strategies,
and that the patch tokens corresponding to the artifacts contain global image information rather than
information about the image patch as originally assumed. Since this phenomenon made the attention
maps less interpretable and degraded the model’s performance on dense tasks, the authors proposed
the introduction of additional register tokens in which global information can be stored, to prevent it
from being encoded in the patch tokens. The inclusion of such register tokens achieved the desired
effect of removing artifacts from the attention maps. Further, while there has been some debate on
how informative attention maps are in general [18, 19], the resulting attention maps have also been
argued to be more interpretable [17, 20]. Subsequently, further work proposed alternative ways of
including register tokens in the model without repeating the expensive pretraining stage [20, 21].

However, the encoding of global information in the patch tokens points towards a deeper underlying
problem. Even if this information is stored in register tokens instead, it is unclear whether the denoised
attention maps over the patch tokens actually reflect the global model output faithfully. Since evidently
some global information is integrated before the last layer and can flow from the register tokens to
the [CLS]token, it must be studied to which degree the patch features still contribute to the final
output. In this work, we show that in large models, the global image representation relies primarily
on information extracted from the register tokens, which needs to be considered when studying the
denoised attention maps. This effect does not occur in the smaller model variants, which display a
tight correspondence between local and global features. Inspired by this finding, we examine whether
a disregard of the local patch features can also occur in overparameterized models without explicit
register tokens. We observe that the [CLS]token itself may be interpreted as a register and show that
the implicit backward-attention mechanism introduced by the residual connection leads to the same
effect.

Contributions. Our results show that the intuitive correspondence between global and local image
representations holds in smaller variants of the ViT trained with DINOv2, but breaks down for
larger models. Importantly, the last-layer attention maps do not faithfully represent the mechanism
through which global image representations are formed in large DINOv2 models with register
tokens or residual connections in the [CLS]token. These effects need to be taken into account
when studying attention maps to attribute model outputs to image regions, or ground global feature
representations in local patch features. Our findings suggest that future iterations of generalist vision
models should be built without register tokens and residual connections in the [CLS]token to ensure
model interpretability.

2 Preliminaries

Vision Transformers. Given an image x ∈ Rh×w×3, a vanilla Vision Transformer divides it into
small patches and feeds these patches through a network of self-attention layers. This process yields a
feature map z ∈ Rp1×p2×d, where p1 and p2 denote the spatial dimensions and d the model’s feature
dimension. To learn a global representation of the image, an additional [CLS]token is introduced,
which is treated exactly like the image patch tokens. The output of the [CLS]token at the last layer
corresponds to the global image embedding. Mathematically, the self-attention mechanism for a

2



single attention head works as follows: The [CLS]token outputs a query vector q ∈ Rm which is
compared to the keys output by each token denoted by k1, . . . ,kp1p2+1 ∈ Rm to yield the attention
vector

a := softmax(⟨q,k1⟩, . . . , ⟨q,kp1p2+1⟩). (1)

The output of the attention mechanism for the [CLS]token is then given by the convex combination

ocls :=
∑
i

aivi, (2)

where vi denotes the value vector of the i-th token. The final processing after the attention mechanism
differs slightly between models. In the DINOv2 model we consider here, the attention is followed
by a residual connection, layer normalization and a shallow multi-layer perceptron to yield the final
output. As the residual connection is applied after self-attention and does not affect the features
extracted via the attention map, we exclude it from the computations when comparing contributions
of register tokens and patch tokens in Section 3. We treat the influence of the residual connection
separately in Section 4.

The patch integration assumption. Vision Transformers are therefore usually understood as patch
feature extractors, where the [CLS]token learns to select the final features from the most relevant
patches for global image understanding. We refer to this notion as the patch integration assumption.
Based on the fact that the [CLS]token undergoes the same transformations as the patch tokens and
can be written as a weighted average thereof, the patch integration assumption has been used to
attribute global model behavior to specific image regions [14, 15, 16]. In particular, the attention
vector a of the [CLS]token is a popular object of study to determine the patches that the model
relies on for its global image representation [2, 7, 22, 23, 24]. A body of work on interpretability
of ViTs has suggested alternative methods for attributing model behavior, going beyond studying
the [CLS]attention scores [25, 26, 27, 28]. However, only Darcet et al. [17] challenged the patch
integration assumption itself by observing the emergence of high-norm tokens in large models.

Transformers with register tokens. As mentioned previously, Darcet et al. [17] found that very
large models trained with DINOv2 store global image information in patches that otherwise contain
redundant information, degrading the quality of the dense patch features. As a remedy, they introduced
additional register tokens that are appended to the patch tokens just as the [CLS]token. These are
supposed to be used for storing global information to avoid the use of the patch tokens themselves for
this purpose. In this case, the output of the [CLS]token becomes

o[CLS] =
∑

i∈{patches}

aivi︸ ︷︷ ︸
patch contribution

+
∑

j∈{registers}

ajvj︸ ︷︷ ︸
register contribution

. (3)

Decoupling of patch and global features. Darcet et al. [17] show that the resulting attention
maps of DINOv2 models including registers are less noisy, and the resulting patch features show
better performance on dense prediction tasks. However, it is possible that the inclusion of registers
decouples the global image embedding from the local patches, as the [CLS]token is no longer
a convex combination of only the local features. In case the [CLS]token attends primarily to
the register tokens, the attention maps on the patches, while shown to be less noisy, might be
uninformative due to dominance of non-local features. Further, if global information is obtained
from the registers instead of integrating information from the patches, feature spaces between local
and global representations might not be aligned, hurting the ability to precisely specify the local
grounding of global information [14, 15, 29].

3 The influence of register tokens on the patch integration assumption

3.1 Larger models attend more to register tokens and less to patch tokens

High-norm patch tokens have so far only been observed in the larger variants of the ViT architecture.
This raises the question of whether only larger models rely heavily on additional register tokens. To
answer this question, we test how much attention the last-layer [CLS]token places on the register
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Figure 2: a) The amount of attention placed by the [CLS]token of the last layer onto the patch and
register tokens, respectively. Smaller models attend primarily to the patch tokens, whereas bigger
models attend more strongly to the register tokens. b) Mean activations of the highest-norm register
token in the last layer of the ’giant’ model. The 100 dimensions with highest activations before the
layer norm are shown. Register tokens show large activations in a small subspace, making them
seemingly image-independent as measured by pairwise cosine similarity (top panel). However, the
layer norm downscales these dimensions before the self-attention mechanism (bottom panel).

and patch tokens, respectively. We study the DINOv2 models with register tokens as published by the
authors on huggingface.com and probe them using the validation images of the MS COCO dataset
[30]. We study the ’small’, ’base’, ’large’ and ’giant’ models, which differ in number of self-attention
layers, hidden dimension and number of attention heads. They have 21M, 86M, 300M, and 1, 100M
total parameters, respectively. We extract the post-softmax attention vectors of the [CLS]token as
presented in Eq. (3), average them across attention heads and then sum the resulting scalars for the
register tokens and the patch tokens respectively, to examine how attention is partitioned between the
two types of tokens. For each image, the sum of register attention and patch attention is one. Results
are shown in Fig. 2.

We observe clearly that smaller models attend primarily to patch tokens, and the ’large’ and ’giant’
variants place more attention on the register tokens. Strikingly, the variance of preference for either
register or patch tokens in the largest model is considerable, with some images attending mainly to
patch tokens, and some almost ignoring them entirely.

3.2 Information in register tokens is only seemingly image independent

Image dependency of high-norm tokens. The role of information encoded by high-norm tokens
in the original DINOv2 model is not entirely clear. Darcet et al. [17] trained linear probes on the high-
norm tokens, concluding that they contain more global information and less positional information
than the regular patch tokens. On the other hand, Wang et al. [31] claimed that high-norm tokens
are image independent and can be predicted by the first singular vector of a linear approximation of
the attention layer itself. They support these findings by noting that the pairwise cosine similarity
between high-norm tokens of different images is extremely high. This conclusion raises the question
of why the [CLS]token of the original DINOv2 model would be subject to image-independendent
information. By studying representations within the self-attention layer, we first reveal that these
previous findings also apply to the register tokens, corroborating the assumption that they indeed take
over the role of high-norm patch tokens. Further, we show that the previous results are not at all at
odds, and that high-norm register tokens do carry image-dependent information.

Influence of layer norm. To understand in how far register tokens encode image-dependent
information, we study their hidden states at the penultimate layer of the ’giant’ model. The penultimate
layer is the most relevant, since the final [CLS]output is formed by attending to these representations.
First, we note that the hidden states of the register tokens do have abnormally high norm, and that the

4



a) b)

Figure 3: a) Centered kernel alignment between the global [CLS]token output, and [CLS]token
output computed while only attending to either register tokens or patch tokens. Patch tokens yield
a faithful representation of the global output for smaller models, but the connection between local
and global features breaks down with increasing model size. b) One-shot classification accuracy on
the 1000 Imagenet classes. The classifier is trained on the global [CLS]output and then tested on
output based on patch and register tokens, respectively. Attending only to the patch tokens yields
poor performance in the larger models, corroborating the finding that global representations are not
formed by attending to the patch features.

same token has the highest norm among all tokens for any input image by an order of magnitude.
Second, we observe that the finding from Wang et al. [31], that activations are very similar across
images, hold for the register tokens as well. The average pairwise cosine similarity between images
in the highest-norm token is 0.9989, seemingly confirming that these tokens are image independent.
However, studying the feature activations more closely shows that this need not be the case. Fig. 2
shows the top-100 feature dimensions of the highest-norm token (features with highest activation),
averaged across all images. The plot clearly shows that the vector is dominated by extreme outliers
which in turn dominate the cosine similarity. This leads us to two important points: First, note that
the hidden state itself does not appear in the self-attention mechanism via a dot-product comparison.
Instead, keys and values, which are compared via the dot product, are computed as linear maps
of the hidden state, allowing the model to ignore these dimensions and focus on potentially image
dependent dimensions instead. This mirrors exactly the methodological differences between [17]
and [31], demonstrating why the authors came to opposite conclusions. Further, before entering
the self-attention mechanism, the ViT applies a layer norm to all tokens, thereby reweighting the
features and downscaling high-norm tokens. Fig. 2 shows the same data after applying the layer
norm, showing that outlier dimensions are scaled down before computing self-attention.

3.3 Registers tokens dominate global image representations in large models

So far, we have shown that larger models attend strongly to register tokens, and we have discussed
how register tokens can encode image-specific information. It remains to study how strongly the
register tokens actually influence the output of the self-attention mechanism. After all, the information
extracted by register tokens might be redundant w.r.t. to the patch tokens, or their value vectors could
have low norm, leading to weak contribution despite large attention.

To examine the influence of patch tokens and register tokens on the [CLS]output, we constrain
the final self-attention layer to attend to only one of the two token types. Specifically, we set all
attentions to one of the two token types to zero, yielding a [CLS]output that is based only on the
other. We also compute the unaltered model output based on all tokens and investigate the similarity
of the resulting global representations using linear centered kernel alignment (CKA) [32]. Given two
(mean-centered) matrices of neural network activations X ∈ Rn×d1 , Y ∈ Rn×d2 computed on n test
samples, linear CKA is defined as

CKA(X,Y ) =
tr(XX⊺Y Y ⊺)√

tr(XX⊺XX⊺)tr(Y Y ⊺Y Y ⊺)
(4)

and can be interpreted as measuring the alignment of pairwise similarities between the two matrices.
Fig. 3 a) shows the CKA between the unaltered output, and the patch-based and register-based output,
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respectively. CKA was again computed using the samples from the MS COCO test set. We observe
that for the two smaller models, the patch-based representation shows close-to-perfect alignment
with the [CLS]output. This indicates that the notion of the global output being an aggregate of
last-layer local patch features is accurate. However, with increasing model size, the global output and
the patch-based output become highly disconnected, and outputs based on register tokens represent
the global output more faithfully in the giant model. The same analysis for the Imagenet test set
[33] is presented in the appendix, mirroring the qualitative results. Fig. 3 b) displays one-shot
top-5 classification accuracy when training the classifier on the global [CLS]output and evaluating
on either the patch-based or register-based output. Results were generated by randomly sampling
one training image and one test image per class from the 1000 classes in the Imagenet test set. In
accordance with the results from panel a), we observe that classifiers relying only on patch features
perform poorly for the two larger models. This demonstrates that class-relevant global information is
not extracted from the patch features.

3.4 Attention maps with registers are clean but do not reflect global image representations

The original purpose of including register tokens in the DINOv2 model was to remove high-norm
tokens from the image patches to obtain better dense representations and cleaner attention maps.
However, Fig. 3 casts doubt on how informative the cleaned-up attention maps are if the patch features
extracted via the attention maps do not accurately represent the global model outputs. We show an
example in Fig. 4. As expected, we observe that the attention map output by the giant model with
registers is visually cleaner than the one output by the vanilla model. Next, we examine how faithfully
the features extracted according to this attention map represent the total layer output by computing
the cosine similarity between the extracted patch features, and the total layer output including register
tokens. The cosine similarity is -0.0092, meaning that the features extracted according to the attention
map are completely orthogonal to the features extracted by the [CLS]token when including the
register tokens. While not all images elicit disconnects of this magitude, the example demonstrates
the violation of the patch integration assumption in large models with registers, showing that its
attention maps should not be relied on.

At the global level, let us consider the connection between the attention maps over patches and
the CKA results shown in Fig. 3. The purpose of the [CLS]token attention is to extract global
image features that facilitate downstream tasks. Relevant for task performance is how images are
embedded relative to each other, which, as is done in CKA, can be measured by the Gram matrix
XX⊺, where X ∈ Rn×d contains the feature representations of a set of test samples. This Gram
matrix encapsulates the similarity structure of learned image representations. Writing X = Xp +Xr

as the sum of patch contributions and register contributions Eq. (3), we can decompose the Gram
matrix as

XX⊺ = XpX
⊺
p +XrX

⊺
r +XpX

⊺
r +XrX

⊺
p . (5)

The attention maps only give insight into which patches are relevant for computing the patch-based
representation and thus embedding an image into the representational geometry determined by XpX

⊺
p .

However, Fig. 3 shows that the geometries of XpX
⊺
p and XX⊺ are misaligned, indicating that the

attention map does not yield sufficient insight into how an image is embedded in the models’s global
representational geometry.

3.5 Connections to overparameterization and neural collapse

The analysis of Darcet et al. [17] showed that high-norm patch tokens only appear in the larger
variants of the ViT architecture. Our results on register tokens are similar, showing that both
[CLS]token attention to registers, as well as their influence on the global image representations
increase substantially with model size. These findings relate to literature on how representations are
formed in overparameterized models. Work on neural collapse [34] demonstrates that models with
large capacity tend to learn simple, very low-dimensional representations at the last layer and that
such representations yield better performance [35, 36, 37] and generalization abilities [34]. Further,
it has been shown for overparameterized classification models, that low-intrinsic dimensionality as
well as linear separability of classes emerge already before the final layer [38, 39]. Integrating our
findings with this body of work, we hypothesize that larger ViT variants are overparameterized to
the point at which DINOv2 training yields simplistic representations at the last layer, relying on a
small number of tokens in which global information has already been integrated. The introduction of
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DINOv2-giant DINOv2-giant with registersDINO

Figure 4: Attention maps of the final [CLS]token. A convex combination of the corresponding
patch features yields the patch-based contribution to the global image representation. As noted by
Darcet et al. [17], the attention map of the DINOv2 model exhibits large artifacts. These are removed
by including register tokens in the model, seemingly leading to a more interpretable attention map.
However, when computing the [CLS]output based on the convex combination of patch features
in the model with registers, its cosine similarity to the total output of the final layer is -0.0092. In
other words, attending to the patch tokens yields a representation completely orthogonal to the one
including the register tokens, showing that the attention map fails to attribute global information to
image patches.

register tokens merely shifts this mechanism outside of the patch features, preserving simple last-layer
representations in the register tokens and thus still allowing the model to violate the patch integration
assumption.

4 The influence of the [CLS]token on the patch integration assumption

4.1 Very large models attend primarily to features from the skip connection

So far, we have discussed how register tokens lead to disconnects between local and global image
representations and thereby the violation of the patch integration assumption. We have hypothesized
that this behavior is due to overparameterization, allowing the model to solve its image-level training
objective before the final layer, and storing the information in the register tokens. This line of
reasoning motivated an inquiry into the mechanisms through which similar behavior could arise
in overparameterized models without explicit register tokens. We have already discussed how the
original DINOv2 model adapts patches containing little local information to instead store global
information. In this section, we explore another mechanism that allows the model to ignore patch
information at the last layer, namely residual connections within the [CLS]token.

Attending to the previous layer. Previous work has shown that overparameterized networks may
form more or less final representations of the input relatively early in the model hierarchy [38, 39].
Since the [CLS]token in the ViT is appended to the patch tokens before the first layer, the standard
ViT already contains one register token, which can be used to store emerging global information.
Importantly, recent implementations of ViTs include skip connections within the attention block,
resulting in the [CLS]token output

o[CLS] =
∑
i

aivi + oprev
[CLS] =

∑
i∈{patches}

aivi︸ ︷︷ ︸
patch contribution

+ a[CLS]v[CLS] + oprev
[CLS]︸ ︷︷ ︸

skip contribution︸ ︷︷ ︸
non-patch contribution

, (6)

where oprev
[CLS] denotes the output of the [CLS]token at the previous layer, and a[CLS] and v[CLS] denote

the attention value to the [CLS]token and its value vector, respectively. This allows the output to
attend to the [CLS]token via two different mechanisms: The first is part of the standard self-attention
as given in equations (1) and (2). The second is given implicitly through the relative scales of the
contributions of the attention mechanism and the skip connection to the output o[CLS] as given in
Eq. (6). These relatives scales depend on the model parameters; therefore the model learns during
training how strongly to attend to the skip connection.

7



a)
b)

[CLS] [CLS]

Figure 5: a) After the self-attention mechanism, a skip connection sums the attention output and the
hidden states from the previous layer, providing an alternative way for the [CLS]token to attend to
itself. Since the attention weights are given only implicitly, we plot the L2-norm of the contributions
of the skip connections and the patch features to the [CLS]token as a proxy. We observe that in the
’giant’ model, the global output is primarily determined by previously computed features, rather than
the patch features. b) We show the cosine similarity of the [CLS]token at all model layers to the
[CLS]token at the last layer. The three smaller models exhibit a large jump at the very last layer,
indicating that the [CLS]token at the last layer is strongly influenced by the patch tokens. Conversely,
the [CLS]token of the ’giant’ model converges to the final output more smoothly, explaining its low
reliance on the patch features at the last layer.

Figure 6: Centered kernel alignment between the
standard [CLS]token output, and [CLS]token
output computed using either only patch token fea-
tures or the skip connection features from DINOv2.
We observe that the findings from Fig. 5, that the gi-
ant model attends primarily to the skip connection,
does indeed lead to disconnected representations
between global features and patch features. This
shows that the skip connection for the [CLS]token
can by itself lead to a violation of the patch inte-
gration assumption.

Measuring attention to patch features and
skip features. To examine how strongly mod-
els without register tokens attend to the skip
connection, we study the original implementa-
tion of DINOv2 without registers, as well as
DeiT III [6] for a supervised model, CLIP [3]
for language supervision, and iBOT [9]. For
readability we present findings for DINOv2 in
the main text and show the generality of the find-
ings using the other models in the Appendix.
Since attention weights for the skip connection
are not computed explicitly, we compute as a
proxy the L2-norms of the patch contribution
and the skip contribution from Eq. (6). The
results of this analysis on the MS COCO vali-
dation set are shown in Fig. 5. We observe that
the three smaller models attend to both patch
and skip features, but the ’giant’ model output is
strongly dominated by the skip features. Panel
b) sheds further light on this phenomenon: The
similarity of the [CLS]token of the last layer
and all previous layers is low for the smaller
models, indicating that the final [CLS]output
is determined by integrating the final patch fea-
tures. This is in line with the patch integration
assumption. However, the structure of the out-
put of the ’giant’ model emerges earlier, and the
penultimate output is already very similar to the
final one. Therefore, the last layer receives the quasi-final output through the skip connection and
only needs to attend weakly to patch features to compute small corrections. We show that other ViT
models trained with different recipes mimic this behavior in the Appendix (Fig. 7).
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Earlier, we found for models with register tokens that large attention to registers leads to a disconnect
between local and global image features. Does the same hold for large attention to skip features? To
answer this question, we compute the centered kernel alignment between the global model output,
and model output based only on patch or skip features, respectively. The results are shown in Fig. 6
(results for other models are presented in the Appendix, see Fig. 8). Again, we find that for the larger
models, the features extracted from the patches do not yield a faithful representation of the global
model output. We conclude that the skip connection of the [CLS]token indeed disconnects the
global output from the patch tokens in the larger models.

5 Discussion

A tight correspondence between local and global image features computed by Vision Transformers is
desirable for both interpretability and tasks combining local and global image information like object
detection. For smaller DINOv2 models, including the widely used ’base’ model, we found no evidence
for disconnects between local and global features which is in line with previous findings regarding
high-norm tokens [17]. On the other hand, we have observed that the global output of ’giant’ model
variants does not correspond to the final patch features extracted via the self-attention mechanism
in models with registers, making their attention maps unreliable. Therefore, we hypothesize that
these disconnects arise as a consequence of overparameterization, which gives models the flexibility
to integrate global information already in intermediate layers. Combining results from Darcet et al.
[17] with the work at hand, we identify three mechanisms through which the patch integration
assumption may break down in overparameterized models. First, patch tokens can be repurposed to
store prematurely emerging global information. Second, an approach of alleviating the first issue
based on introducing register tokens seems to only move the problem outside of the patch tokens,
still allowing the model to disregard patch features. Third, the skip connection in the self-attention
layer enables the [CLS]token to extract image representations gradually, resulting in the fact that
the last attention layer does not extract features that accurately represent the final output.

Future design choices. We have shown that while register tokens remove artifacts from the patch
representations, they do not fully solve the problem of degenerate attention maps as they dominate
the final attention-layer’s output. This effect is particularly strong for the [CLS]token itself, which
can be interpreted as a register token with an especially strong bias to attend to itself via the residual
connection. We therefore argue that models that satisfy the patch integration assumption should be
built without register tokens and hidden-layer [CLS]tokens. Another approach might be explicit
regularization, although experiments on DeiT III show that drop-path regularization on it’s own does
not prevent the violation of the patch integration assumption. In any case, it remains to ensure that
global information is not stored in repurposed patch tokens. Here, approaches that impose direct
regularization on the patch tokens appear to be the most promising. Along those lines, Wang et al.
[31] proposed enforcing patch tokens to have similar representations as their neighbours, effectively
removing high-norm patch tokens without the introduction of an additional mechanism for storing
global information. The authors test their approach by finetuning on a smaller dataset and show that
the resulting model performs well on dense tasks.

Limitations and future work. Our analysis focuses on diverging global encoding geometries
between register tokens and patch tokens. Since the variance over samples with respect to the
registers is high (see Fig. 2), future work could study the properties that lead an image to be processed
primarily by patch/register tokens. As we have seen that centered kernel alignment between register
tokens and patch tokens is low, a systematic analysis of the respective directions of variance in
the representations could shed further light on the effects we have discussed. Since both attention
to the skip connection and attention to explicit registers emerge in larger models, a more focused
inquiry into the interdependence of these effects would be interesting. Finally, it remains to study
the impact of violations of the patch integration assumption on performance on global image tasks.
As mentioned in Section 3.5, previous work has shown a relationship between simplistic last-layer
embeddings and model performance. A comparison of complexity-matched models that are forced
to satisfy the patch integration assumption and models with registers is necessary for determining
whether there is a tradeoff between image-level task performance and correspondence of local and
global features.
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Broader impacts. We do not foresee malicious use of our work, or tangible potential negative
impact as a whole. On the contrary, we hope that our contribution will aid in better understanding of
foundation vision models.
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A Supplementary Results

CLIP

DeiT IIIDINOv2

iBOT

smaller
train set

Figure 7: Attention to the [CLS]token as discussed in Section 4, for Vision Transformers trained
with different recipes. Note that attention to the skip connection consistently grows with model size.
For DeiT III, we also include the tiny model, which was trained on a smaller data set. Interestingly, the
tiny model mimics the behavior of the huge one trained on more data, demonstrating the importance
of the the relationship between model capacity and data set size as discussed in the main text.
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Figure 8: CKA results for the skip connection as discussed in Section 4 for different pretraining
recipes. A disconnect between the local and global image features as discussed in the main text
occurs across all pretraining recipes with growing model size.
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CLIP

DeiT IIIDINOv2

iBOT

Figure 9: Layerwise similarity between the [CLS]token and the last-layer [CLS]token as discussed
in Section 4. CLIP and iBOT mirror the DINOv2 behavior, whereas DeiT III does not exhibit a clear
relationship between model size and early [CLS]integration. Note that DeiT III is the only model
trained with drop-path regularization, which may explain why all model sizes integrate final output
information early in the hierarchy.
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Question: Do the main claims made in the abstract and introduction accurately reflect the paper’s
contributions and scope?
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Justification: Claims in the abstract and introduction are that including register tokens in ViTs detaches
the [CLS]output from the patch features, which is shown in the experiments.
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• The answer NA means that the abstract and introduction do not include the claims made in the
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made in the paper and important assumptions and limitations. A No or NA answer to this
question will not be perceived well by the reviewers.

• The claims made should match theoretical and experimental results, and reflect how much the
results can be expected to generalize to other settings.

• It is fine to include aspirational goals as motivation as long as it is clear that these goals are not
attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?

Answer: [Yes]

Justification: We include a dedicated section on limitations of our work indicating deeper inquiries
which are not part of the paper, as well as the necessity for further, computationally expensive,
experiments on models without register tokens.

Guidelines:

• The answer NA means that the paper has no limitation while the answer No means that the paper
has limitations, but those are not discussed in the paper.

• The authors are encouraged to create a separate "Limitations" section in their paper.
• The paper should point out any strong assumptions and how robust the results are to violations of

these assumptions (e.g., independence assumptions, noiseless settings, model well-specification,
asymptotic approximations only holding locally). The authors should reflect on how these
assumptions might be violated in practice and what the implications would be.

• The authors should reflect on the scope of the claims made, e.g., if the approach was only tested
on a few datasets or with a few runs. In general, empirical results often depend on implicit
assumptions, which should be articulated.

• The authors should reflect on the factors that influence the performance of the approach. For
example, a facial recognition algorithm may perform poorly when image resolution is low or
images are taken in low lighting. Or a speech-to-text system might not be used reliably to provide
closed captions for online lectures because it fails to handle technical jargon.
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they scale with dataset size.

• If applicable, the authors should discuss possible limitations of their approach to address problems
of privacy and fairness.
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aren’t acknowledged in the paper. The authors should use their best judgment and recognize
that individual actions in favor of transparency play an important role in developing norms that
preserve the integrity of the community. Reviewers will be specifically instructed to not penalize
honesty concerning limitations.

3. Theory assumptions and proofs
Question: For each theoretical result, does the paper provide the full set of assumptions and a complete
(and correct) proof?

Answer: [NA]

Justification: No theoretical assumptions are necessary to support the claims made in the paper.
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• The answer NA means that the paper does not include theoretical results.
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• All the theorems, formulas, and proofs in the paper should be numbered and cross-referenced.
• All assumptions should be clearly stated or referenced in the statement of any theorems.
• The proofs can either appear in the main paper or the supplemental material, but if they appear in

the supplemental material, the authors are encouraged to provide a short proof sketch to provide
intuition.

• Inversely, any informal proof provided in the core of the paper should be complemented by
formal proofs provided in appendix or supplemental material.

• Theorems and Lemmas that the proof relies upon should be properly referenced.
4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main experimental
results of the paper to the extent that it affects the main claims and/or conclusions of the paper
(regardless of whether the code and data are provided or not)?
Answer: [Yes]
Justification: All models used in the analysis are publicly accessible, and we describe where to
download them in the main text. We believe that experimental details are sufficient to reproduce the
results. Additionally, we provide code that reproduces the paper’s results and is inexpensive to run.
Guidelines:

• The answer NA means that the paper does not include experiments.
• If the paper includes experiments, a No answer to this question will not be perceived well by the

reviewers: Making the paper reproducible is important, regardless of whether the code and data
are provided or not.

• If the contribution is a dataset and/or model, the authors should describe the steps taken to make
their results reproducible or verifiable.

• Depending on the contribution, reproducibility can be accomplished in various ways. For
example, if the contribution is a novel architecture, describing the architecture fully might suffice,
or if the contribution is a specific model and empirical evaluation, it may be necessary to either
make it possible for others to replicate the model with the same dataset, or provide access to
the model. In general. releasing code and data is often one good way to accomplish this, but
reproducibility can also be provided via detailed instructions for how to replicate the results,
access to a hosted model (e.g., in the case of a large language model), releasing of a model
checkpoint, or other means that are appropriate to the research performed.

• While NeurIPS does not require releasing code, the conference does require all submissions
to provide some reasonable avenue for reproducibility, which may depend on the nature of the
contribution. For example
(a) If the contribution is primarily a new algorithm, the paper should make it clear how to

reproduce that algorithm.
(b) If the contribution is primarily a new model architecture, the paper should describe the

architecture clearly and fully.
(c) If the contribution is a new model (e.g., a large language model), then there should either be

a way to access this model for reproducing the results or a way to reproduce the model (e.g.,
with an open-source dataset or instructions for how to construct the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case authors are
welcome to describe the particular way they provide for reproducibility. In the case of
closed-source models, it may be that access to the model is limited in some way (e.g.,
to registered users), but it should be possible for other researchers to have some path to
reproducing or verifying the results.

5. Open access to data and code
Question: Does the paper provide open access to the data and code, with sufficient instructions to
faithfully reproduce the main experimental results, as described in supplemental material?
Answer: [Yes]
Justification: We provide scripts to automatically download the models used and run all analysis on an
image dataset of choice.
Guidelines:

• The answer NA means that paper does not include experiments requiring code.
• Please see the NeurIPS code and data submission guidelines (https://nips.cc/public/
guides/CodeSubmissionPolicy) for more details.

• While we encourage the release of code and data, we understand that this might not be possible,
so “No” is an acceptable answer. Papers cannot be rejected simply for not including code, unless
this is central to the contribution (e.g., for a new open-source benchmark).
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• The instructions should contain the exact command and environment needed to run to reproduce
the results. See the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

• The authors should provide instructions on data access and preparation, including how to access
the raw data, preprocessed data, intermediate data, and generated data, etc.

• The authors should provide scripts to reproduce all experimental results for the new proposed
method and baselines. If only a subset of experiments are reproducible, they should state which
ones are omitted from the script and why.

• At submission time, to preserve anonymity, the authors should release anonymized versions (if
applicable).

• Providing as much information as possible in supplemental material (appended to the paper) is
recommended, but including URLs to data and code is permitted.

6. Experimental setting/details
Question: Does the paper specify all the training and test details (e.g., data splits, hyperparameters,
how they were chosen, type of optimizer, etc.) necessary to understand the results?

Answer: [Yes]

Justification: Datasets and models are described in the main text, training details are not applicable to
our work.

Guidelines:

• The answer NA means that the paper does not include experiments.
• The experimental setting should be presented in the core of the paper to a level of detail that is

necessary to appreciate the results and make sense of them.
• The full details can be provided either with the code, in appendix, or as supplemental material.

7. Experiment statistical significance
Question: Does the paper report error bars suitably and correctly defined or other appropriate informa-
tion about the statistical significance of the experiments?

Answer: [No]

Justification: When presenting strength of attention to register tokens, we report the entire distribution
so that the reader can appreciate the high variance. We do not report statistical significance or error bars
for our experiments as there is no sampling aspect, except for the one-shot-classfication experiment.

Guidelines:

• The answer NA means that the paper does not include experiments.
• The authors should answer "Yes" if the results are accompanied by error bars, confidence

intervals, or statistical significance tests, at least for the experiments that support the main claims
of the paper.

• The factors of variability that the error bars are capturing should be clearly stated (for example,
train/test split, initialization, random drawing of some parameter, or overall run with given
experimental conditions).

• The method for calculating the error bars should be explained (closed form formula, call to a
library function, bootstrap, etc.)

• The assumptions made should be given (e.g., Normally distributed errors).
• It should be clear whether the error bar is the standard deviation or the standard error of the

mean.
• It is OK to report 1-sigma error bars, but one should state it. The authors should preferably report

a 2-sigma error bar than state that they have a 96% CI, if the hypothesis of Normality of errors is
not verified.

• For asymmetric distributions, the authors should be careful not to show in tables or figures
symmetric error bars that would yield results that are out of range (e.g. negative error rates).

• If error bars are reported in tables or plots, The authors should explain in the text how they were
calculated and reference the corresponding figures or tables in the text.

8. Experiments compute resources
Question: For each experiment, does the paper provide sufficient information on the computer
resources (type of compute workers, memory, time of execution) needed to reproduce the experiments?

Answer: [No]

Justification: We don’t explicitly state compute times/resources as we believe it is obvious to the field
that the experiments shown are inexpensive to run.
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Guidelines:

• The answer NA means that the paper does not include experiments.
• The paper should indicate the type of compute workers CPU or GPU, internal cluster, or cloud

provider, including relevant memory and storage.
• The paper should provide the amount of compute required for each of the individual experimental

runs as well as estimate the total compute.
• The paper should disclose whether the full research project required more compute than the

experiments reported in the paper (e.g., preliminary or failed experiments that didn’t make it into
the paper).

9. Code of ethics
Question: Does the research conducted in the paper conform, in every respect, with the NeurIPS Code
of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]

Justification: We are not aware of any ethics violations regarding this work.

Guidelines:

• The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.
• If the authors answer No, they should explain the special circumstances that require a deviation

from the Code of Ethics.
• The authors should make sure to preserve anonymity (e.g., if there is a special consideration due

to laws or regulations in their jurisdiction).

10. Broader impacts
Question: Does the paper discuss both potential positive societal impacts and negative societal impacts
of the work performed?

Answer: [Yes]

Justification: We include a short section dedicated to this question.

Guidelines:

• The answer NA means that there is no societal impact of the work performed.
• If the authors answer NA or No, they should explain why their work has no societal impact or

why the paper does not address societal impact.
• Examples of negative societal impacts include potential malicious or unintended uses (e.g.,

disinformation, generating fake profiles, surveillance), fairness considerations (e.g., deploy-
ment of technologies that could make decisions that unfairly impact specific groups), privacy
considerations, and security considerations.

• The conference expects that many papers will be foundational research and not tied to particular
applications, let alone deployments. However, if there is a direct path to any negative applications,
the authors should point it out. For example, it is legitimate to point out that an improvement in
the quality of generative models could be used to generate deepfakes for disinformation. On the
other hand, it is not needed to point out that a generic algorithm for optimizing neural networks
could enable people to train models that generate Deepfakes faster.

• The authors should consider possible harms that could arise when the technology is being used
as intended and functioning correctly, harms that could arise when the technology is being used
as intended but gives incorrect results, and harms following from (intentional or unintentional)
misuse of the technology.

• If there are negative societal impacts, the authors could also discuss possible mitigation strategies
(e.g., gated release of models, providing defenses in addition to attacks, mechanisms for monitor-
ing misuse, mechanisms to monitor how a system learns from feedback over time, improving the
efficiency and accessibility of ML).

11. Safeguards
Question: Does the paper describe safeguards that have been put in place for responsible release of
data or models that have a high risk for misuse (e.g., pretrained language models, image generators, or
scraped datasets)?

Answer: [NA]

Justification: We do not foresee any malicious applications of our work.

Guidelines:

• The answer NA means that the paper poses no such risks.
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• Released models that have a high risk for misuse or dual-use should be released with necessary
safeguards to allow for controlled use of the model, for example by requiring that users adhere to
usage guidelines or restrictions to access the model or implementing safety filters.

• Datasets that have been scraped from the Internet could pose safety risks. The authors should
describe how they avoided releasing unsafe images.

• We recognize that providing effective safeguards is challenging, and many papers do not require
this, but we encourage authors to take this into account and make a best faith effort.

12. Licenses for existing assets
Question: Are the creators or original owners of assets (e.g., code, data, models), used in the paper,
properly credited and are the license and terms of use explicitly mentioned and properly respected?

Answer: [Yes]

Justification: We clearly indicate the authors of models and datasets used for our experiments.

Guidelines:

• The answer NA means that the paper does not use existing assets.
• The authors should cite the original paper that produced the code package or dataset.
• The authors should state which version of the asset is used and, if possible, include a URL.
• The name of the license (e.g., CC-BY 4.0) should be included for each asset.
• For scraped data from a particular source (e.g., website), the copyright and terms of service of

that source should be provided.
• If assets are released, the license, copyright information, and terms of use in the package should

be provided. For popular datasets, paperswithcode.com/datasets has curated licenses
for some datasets. Their licensing guide can help determine the license of a dataset.

• For existing datasets that are re-packaged, both the original license and the license of the derived
asset (if it has changed) should be provided.

• If this information is not available online, the authors are encouraged to reach out to the asset’s
creators.

13. New assets
Question: Are new assets introduced in the paper well documented and is the documentation provided
alongside the assets?

Answer: [NA]

Justification: We do not provide new assets.

Guidelines:

• The answer NA means that the paper does not release new assets.
• Researchers should communicate the details of the dataset/code/model as part of their sub-

missions via structured templates. This includes details about training, license, limitations,
etc.

• The paper should discuss whether and how consent was obtained from people whose asset is
used.

• At submission time, remember to anonymize your assets (if applicable). You can either create an
anonymized URL or include an anonymized zip file.

14. Crowdsourcing and research with human subjects
Question: For crowdsourcing experiments and research with human subjects, does the paper include
the full text of instructions given to participants and screenshots, if applicable, as well as details about
compensation (if any)?

Answer: [NA]

Justification: There are no experiments including human subjects in this work.

Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with human
subjects.

• Including this information in the supplemental material is fine, but if the main contribution of the
paper involves human subjects, then as much detail as possible should be included in the main
paper.

• According to the NeurIPS Code of Ethics, workers involved in data collection, curation, or other
labor should be paid at least the minimum wage in the country of the data collector.

15. Institutional review board (IRB) approvals or equivalent for research with human subjects
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Question: Does the paper describe potential risks incurred by study participants, whether such
risks were disclosed to the subjects, and whether Institutional Review Board (IRB) approvals (or an
equivalent approval/review based on the requirements of your country or institution) were obtained?

Answer: [NA]

Justification: There are no experiments including human subjects in this work.

Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with human
subjects.

• Depending on the country in which research is conducted, IRB approval (or equivalent) may be
required for any human subjects research. If you obtained IRB approval, you should clearly state
this in the paper.

• We recognize that the procedures for this may vary significantly between institutions and
locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the guidelines for
their institution.

• For initial submissions, do not include any information that would break anonymity (if applica-
ble), such as the institution conducting the review.

16. Declaration of LLM usage
Question: Does the paper describe the usage of LLMs if it is an important, original, or non-standard
component of the core methods in this research? Note that if the LLM is used only for writing,
editing, or formatting purposes and does not impact the core methodology, scientific rigorousness, or
originality of the research, declaration is not required.

Answer: [NA]

Justification: There is no non-standard contribution of any LLM to this work.

Guidelines:

• The answer NA means that the core method development in this research does not involve LLMs
as any important, original, or non-standard components.

• Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM) for
what should or should not be described.
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