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Abstract

Representation structure is crucial for understanding Vi-
sion Transformer (ViT) architectures and their generaliza-
tion behavior. However, prior studies neither isolate nor
analyze module-level features nor investigate how their in-
teractions contribute to performance estimation. In this
work, we conduct a rigorous analysis of feature information
across diverse architectural scales, empirically uncover the
relationship between ViT representation and generalization
behavior, and leverage these insights to guide efficient ViT
design. Our contributions are fivefold: Across diverse ar-
chitectural scales, 1) We identify feature collapse at initial-
ization, which leads to redundancy, and propose a reduction
scheme to mitigate this issue. 2) We quantify feature infor-
mation using entropy and the minimum eigenvalue, demon-
strating that these metrics serve as reliable indicators for
generalization prediction. 3) We show that feature in the
token space provides a more faithful representation than
those in embedding space. 4) We discover an unexpected
finding: features produced by linear submodules within ViT
layers are critical for the prediction of generalization per-
formance. 5) Our proposed proxy improves the correlation
ranking by 18-48% over prior baselines and can effectively
identify ViT architectures that achieve higher accuracy at
lower or comparable computational cost.

1. Introduction

The Vision Transformer (ViT) [14] has been successfully
developed and applied across various domains [17, 33, 66],
achieving promising results, particularly in classification
tasks [2, 13, 49]. The critical components of ViT have
been considered to be multi-head self-attention and the
multi-layer perceptron (MLP), which notably distinguish it
from convolutional neural networks (CNNs) [8, 22, 25, 44].
These specific modules enable the ViT architecture to
achieve superior performance, but also result in less inter-
pretable representations. By understanding the specific fea-

ture information in ViT, we can design more flexible archi-
tectures with stronger generalization ability.

Generalization potential refers to a model’s inherent ca-
pacity to generalize prior to training, providing a way to es-
timate its expected performance without optimization. Al-
though it remains a conundrum, it is a valuable concept for
effectively designing ViT architectures. Moreover, to facili-
tate the adaptation and application of ViT, Neural Architec-
ture Search (NAS) [5, 6, 12, 19, 34, 43, 45, 53, 60] has been
introduced to automatically discover optimal ViT architec-
tures within a predefined search space, aiming to achieve
the best possible accuracy under computational constraints.
However, existing ViT NAS methods demand extensive
computational resources, as they require training a large Su-
pernet, evaluating numerous sub-architectures, and select-
ing the optimal one. To mitigate this cost, training-free
performance proxies [57, 68, 69] can be used to estimate
the performance of ViT architectures without exhaustively
training all candidates in the search space.

Research gap. Existing studies primarily focus on over-
all architectural design rather than analyzing the specific
roles of individual modules. While several proxy-based
methods have been proposed to predict network perfor-
mance, most are adapted from CNN proxies [30, 32, 50, 53],
which do not generalize well to ViT architectures due to
their distinct structural properties. Current ViT proxies
[36, 57, 68, 69] typically operate in the weight space or treat
the entire architecture as a single entity, overlooking the
contribution of individual modules or features. Moreover,
the high dimensionality and depth of ViT features make it
challenging to quantify their information effectively.

In this paper, we address existing research gaps by
proposing a framework and conducting the first analytical
study of different types of feature information across various
aspects of ViT architectural scales. Furthermore, we quanti-
tatively characterize feature information using entropy and
the minimum eigenvalue, and show that the outputs of linear
submodules are both critical and ubiquitous for generaliza-
tion prediction.



Figure 1. Overview of our proposed framework for rigorous ViT representation analysis. (I) Procedure for computing feature proxies from
specific modules (Sec. 3). (II) Visualization of feature locations across ViT modules, with red text indicating feature types and extraction
points. (III) Analysis of various feature aspects (Sec. 4). We observe feature collapse at initialization (Sec. 4.1) and propose a reduction
scheme to mitigate redundancy. In Tab. 1, we demonstrate that entropy and the minimum eigenvalue effectively capture feature
informativeness, with features output of linear submodule showing strong correlation with test accuracy, particularly in the token
space. The proposed optimal feature proxies predict ViT performance without training, improving correlation ranking and achieving higher
accuracy with lower computational cost (Sec. 4.2, 5, F).

2. Preliminaries
Definition 1 (Shannon Entropy). The entropy H(X) of
a discrete random variable X with possible outcomes
x1, x2, . . . , xn and probability function P (X) is defined as:

H(X) = −
n∑

i=1

P (xi) logP (xi) (1)

Definition 2 (Pearson Correlation Matrix). Let X ∈ RN×D

be a feature matrix, where each column Xi represents one
feature vector. The Pearson correlation matrix P ∈ RD×D

is defined as:

Pij =
E[(Xi − E[Xi])(Xj − E[Xj ])]

σXi
σXj

(2)

where σXi
is the standard deviation of Xi.

3. Vision Transformer Feature Proxies

In our analysis, we investigate which types of feature and
their combinations are the most suitable as indicators for
predicting ViT performance. To address this, we first define
the core concepts and introduce our proposed methods as
follows:

Feature Compatibility. It refers to how features are
jointly connected and how their combinations work with-
out conflict. While previous ViT studies assume the whole
network, skip connection, or later layers contain more in-
formation, table 4 show that this assumption does not hold
for ViT generalization.

Feature axes. Given an input image X ∈ RC×H×W ,



it is divided into non-overlapping patches, each flattened
and linearly projected into a D dimensional embedding. A
positional embedding and a learnable class token are then
added, forming X ∈ Rtdim×edim , where tdim = N + 1 is the
token dimension and edim = D is the embedding dimension.
For feature analysis, we treat rows as variables in the token
space and columns as variables in the embedding space.

ViT Feature. ViT architecture consists of an Encoder,
Patches, and MLP head, illustrated in figure 1. For each
module type, we extract one representative feature from its
output during a forward pass on a batch of data. Starting
from the input, EP denotes the feature after patch embed-
ding. In the Encoder, repeated over L layers, we obtain
features from all layers within each module. LN EPin

and LN EPout represent features before and after the first
LayerNorm, respectively. The query, key, and value fea-
tures, denoted as Q, K, and V , are concatenated into
QKV = XWQKV for efficiency. V ′ denotes the feature
after self-attention, while MHSAout is the multi-head at-
tention output. SC MSAout represents the feature after the
skip connection following multi-head self-attention. Next,
LN1 SCout and LN2 SCout represent the features after the
first and second LayerNorm operations following the skip
connection, respectively. Within the MLP, M1 and M2 de-
note features from the first and second linear layers, and
GELUout is the activation output. SC MLPout is the fea-
ture after the skip connection following the MLP module,
and LN3 SCout denotes the feature after the subsequent
LayerNorm operation. Finally, E represents the encoder
output, and LN Eout is the feature before the ViT head.
Feature combinations are denoted using the plus operator
(e.g., M1 +M2).

Feature dimension reduction. Representation infor-
mation measures are computed on X ′, and the results are
scaled by tdim

u in the token space or eldim
u in the embedding

space to maintain consistency with the original dimension-
ality. This weighting compensates for dimensionality re-
duction and ensures that the final information metric reflects
the contribution of the entire feature space.

Entropy Proxy. Let H(xi) denote the entropy of a
feature vector xi. For each row or column of the feature
matrix X , we compute H(xi) and select the u vectors with
the lowest entropy to form a reduced representation X ′.

X ′ = Select u vectors from X with lowest H(xi) (3)

The entropy proxy function FI is then computed from
the reduced matrix X ′.

FI(X
′) =

u∑
i=1

H(xi) (4)

Minimum Eigenvalue Proxy. We compute the Pearson
correlation matrix P (X) (Eq. 2) to measure the linear cor-
relation between feature vector variables xi and xj . We de-

Algorithm 1 Compute ViT Feature Proxy

Require: Feature type f ; feature map X ∈ Rtdim×eldim

corresponding to a single sample in the batch, extracted
from module f at layer l; reduction dimension u; proxy
indicator I ∈ {Entropy,MinEigen}

1: proxy ← 0
2: for l← 0 to L do
3: if dim is token then
4: X = {x1, ..., xtdim}, xi ∈ Reldim

5: αl ← tdim
u

6: else
7: X = {x1, ..., xeldim

}, xi ∈ Rtdim

8: αl ← eldim
u

9: end if
10: X ′ ← Reduce(X,u, I) {select u elements using I-

specific rule} (see Eqs. (3), (6))
11: pl ← αl · FI(X

′) (see Eqs. (4), (7))
12: proxy ← proxy + pl
13: end for
14: return proxy

fine the row-wise correlation score si, which sum the abso-
lute correlations in each row of P (X).

si =
∑
j

|P (X)ij | (5)
X ′ = Select u vectors with lowest si (6)

FI(X
′) = λmin

(
P (X ′)

)
(7)

λmin(P ) is proportional to the degree of feature diversity
and independence, where higher diversity correlates with
better classification accuracy, stronger generalization, and
more stable training in ViTs.

4. Discovering the Impact of Feature Informa-
tion on ViT Generalization Predictors

Procedure. Our framework and analysis components are
illustrated in Figure 1. We meticulously designed the ex-
perimental testbed based on a one-shot NAS method [51,
52, 63]. Specifically, we sampled 1,000 ViT architectures
within the 5–7M parameter range from AutoFormer-Tiny
[5], extracted their architectural information, and stored it
as an API. Additionally, we collected the test accuracy of
these 1,000 architectures using pretrained weights on the
ImageNet-1K dataset [42]. The test accuracy of subnets
inheriting weights from the supernet achieves comparable
results to those trained independently [5, 63]. We propose
a unified framework for computing ViT feature proxies, as
illustrated in Algorithm 1, and introduce two measures: the
Entropy Proxy and the Minimum Eigenvalue Proxy.

Metrics. We computed the Spearman [26] and
Kendall [1] correlations between proxy values and test ac-
curacy to evaluate the effectiveness of representation infor-
mation in capturing ViT generalization performance.



4.1. Feature Collapse Occurs at Initialization

Figure 2. Logarithm of the singular value spectrum of the feature
Q in the token space (left) and embedding space (right). The x-
axis denotes variable indices, and the y-axis shows the mean and
standard deviation of the logarithmic singular values across all lay-
ers. Most singular values are near zero, indicating a low-rank
structure and feature collapse.
Table 1. Spearman’s ρ and Kendall’s τ correlations between test
accuracy and each of the entropy and minimum eigenvalue prox-
ies are computed for 1,000 ViT architectures (5–7M parameters)
across 26 feature types. These proxies are calculated in both token
and embedding spaces for individual and combined features, with
dimension reductions u = 1. Bold values indicate correlations
higher than those of previous proxies in Table 2. The entropy
and minimum eigenvalue proxies effectively quantify feature
information as indicators of ViT generalization. Features out-
put by linear submodules (Q, K, V , V ′, MHSAout, M1, M2)
and their combinations show strong correlations with test ac-
curacy, whereas features output by non-linear submodules ex-
hibit significantly weaker correlations. Proxies computed in
the token space achieve higher correlations than those in the
embedding space.

Proxy
Entropy Minimum Eigenvalue

Token Embedding Token Embedding
ρ τ ρ τ ρ τ ρ τ

Encoder

Q 0.745 0.509 0.732 0.480 0.796 0.636 0.794 0.633
K 0.733 0.485 0.738 0.495 0.792 0.630 0.797 0.637
V 0.744 0.503 0.718 0.468 0.797 0.637 0.796 0.637
V ′ 0.787 0.578 0.666 0.453 0.792 0.628 0.699 0.540

MHSAout 0.790 0.585 0.657 0.439 0.794 0.633 0.701 0.541
M1 0.844 0.660 0.762 0.571 0.795 0.633 0.761 0.585
M2 0.809 0.599 0.676 0.463 0.761 0.589 0.698 0.537

GELUout 0.137 0.104 0.131 0.100 0.016 0.013 0.129 0.104
SC MSAout -0.039 -0.023 -0.056 -0.038 0.008 0.007 -0.138 -0.109
SC MLPout -0.023 -0.014 -0.043 -0.029 0.042 0.034 -0.138 -0.109
LN EPin -0.024 -0.014 -0.050 -0.033 0.021 0.017 -0.138 -0.109
LN EPout -0.031 -0.019 -0.071 -0.047 0.052 0.042 -0.142 -0.113
LN1 SCout -0.039 -0.023 -0.056 -0.038 0.008 0.007 -0.138 -0.109
LN2 SCout -0.029 -0.017 -0.055 -0.038 0.037 0.029 -0.139 -0.110
LN3 SCout -0.023 -0.014 -0.043 -0.028 0.042 0.034 -0.138 -0.109

Patches EP -0.192 -0.158 -0.192 -0.157 NA NA -0.192 -0.157

MLP Head E -0.055 -0.034 -0.088 -0.059 0.076 0.061 -0.126 -0.096
LN Eout -0.011 -0.006 0.216 0.133 0.091 0.074 -0.086 -0.067

QKV 0.773 0.544 0.720 0.496 0.795 0.634 0.734 0.529
M1 + M2 0.849 0.665 0.752 0.562 0.797 0.639 0.752 0.576

QKV + M1 + M2 0.838 0.652 0.837 0.649 0.798 0.640 0.836 0.654
QKV + MHSAout 0.805 0.604 0.773 0.553 0.798 0.639 0.771 0.567

MHSAout + M1 + M2 0.851 0.669 0.744 0.556 0.798 0.640 0.745 0.570
QKV + MHSAout + M1 + M2 0.856 0.676 0.759 0.574 0.798 0.640 0.831 0.650

Q + K + V 0.740 0.499 0.728 0.477 0.798 0.640 0.798 0.639
SC MSAout + SC MLPout -0.040 -0.024 -0.056 -0.037 0.027 0.022 -0.143 -0.114

4.2. Comparison with State-of-the-Art Methods

We compare the top three Token-Entropy proxies with re-
duced dimension u = 1: M1+M2, MHSAout+M1+M2,
and QKV + MHSAout + M1 + M2, against the base-
lines across 3,000 ViT architectures: Tiny (5-7M), Small
(15-19M), and Base (45-47M), with 1,000 architectures in
each parameter range. As shown in Table 2, our proxies im-
prove correlation rankings by 18%, 25%, and 48% for the
5–7M, 15–19M, and 45–47M ranges, respectively.

Table 2. Spearman’s ρ and Kendall’s τ correlation rankings for
three sets of 1,000 ViT architectures with parameter ranges of
5–7M, 15–19M, and 45–47M, comparing the top-3 Token-Entropy
proxies (u = 1) with baselines. Our proposed proxies signif-
icantly improve the correlation rankings, demonstrating that
they are strong indicators of ViT performance.

Proxy
5-7M 15-19M 45-47M

ρ τ ρ τ ρ τ

SNIP [30] 0.313 0.207 0.280 0.190 0.056 0.037
GraSP [50] -0.101 -0.066 -0.064 -0.043 0.023 0.015

TE-score [7] -0.319 -0.219 -0.084 -0.057 -0.106 -0.072
NASWOT [36] 0.382 0.278 0.232 0.162 0.243 0.171

DSS [68] 0.622 0.439 0.468 0.315 -0.119 -0.079
AutoProxA [57] 0.675 0.477 0.446 0.299 -0.126 -0.084

DSS++ [69] 0.638 0.448 0.450 0.302 -0.140 -0.094
M1 +M2 0.849 0.665 0.718 0.529 0.368 0.251

MHSAout + M1 + M2 0.851 0.669 0.717 0.529 0.360 0.246
QKV + MHSAout + M1 + M2 0.856 0.676 0.720 0.533 0.350 0.239

5. Efficient ViT Architecture Design

We use the previous proxies and our Token-Entropy prox-
ies with reduced dimension u = 1 to search for the optimal
subnet on the same set of 1,000 ViT architectures within 5-
7 parameter ranges. As shown in the table 3, our proposed
proxies successfully identify the optimal subnet, improving
accuracy by 0.11% compared to previous proxies across the
1,000 ViT architectures in the 5–7M ranges, respectively.
Moreover, our proxies achieve an 87.5%–98.6% reduction
in computation time when searching over 1,000 ViT archi-
tectures, requiring only 0.06 hours compared to 0.48 – 4.3
hours for previous proxies in the 5–7M range.
Table 3. Results on ImageNet using different proxies to search
for the optimal architecture among 1,000 ViT architectures, with
the 5–7M parameter ranges shown in the top and bottom sections,
respectively

Proxy Param(M) ↓ FLOPs(B) ↓ Top-1 ↑ Time(h) ↓
SNIP [30] 6.9 1.7 74.89 1.00
GraSP [50] 5.7 1.4 74.47 1.38
TE-score [7] 5.9 1.5 74.60 4.30
NASWOT [36] 6.9 1.7 74.94 0.82
DSS [68] 6.9 1.6 75.29 0.60
AutoProxA [57] 6.9 1.5 75.32 0.48
DSS++ [69] 6.9 1.6 75.30 0.80
M1 +M2 6.9 1.5 75.41 0.05
MHSAout + M1 + M2 6.9 1.5 75.43 0.06
QKV + MHSAout + M1 + M2 6.9 1.5 75.38 0.08

6. Conclusion

In this work, we provide a rigorous analysis of how fea-
ture representations relate to ViT generalization, consider-
ing feature information, axes, dimensions, and locations.
Our proposed feature proxies improve correlation ranking
by 18–48% over baselines across parameter ranges. For ef-
ficient ViT architecture design, our method achieves higher
accuracy across architectures while significantly reducing
training, search, and proxy computation costs. Extensive
experiments across different ViT architectural scale and
datasets confirm the effectiveness and broad applicability
of our approach, establishing a principled framework for
understanding ViT features, predicting generalization, and
enabling efficient ViT design.
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Dissecting Representation Structure
in Vision Transformers: A Rigorous Architectural Study

Supplementary Material

In the supplementary material, we provide additional ex-
planations of the method, detailed experimental configura-
tions, extended results, further analyses, and ablation stud-
ies to support our findings. These contents are not included
in the main paper due to space constraints.
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A. Related Work

We summarize related work as follows:
Feature collapse. [29] is among the first works to ex-

plore its features in detail, explaining them through the
concept of word representations. Importantly, the authors
demonstrate that words belonging to the same concept re-
ceive identical representations, a phenomenon they define
as feature collapse. Using ranking of embedding to repre-
sent the information without the join of label [18] has been
used in self-supervised learning. [65] introduce the concept
of entropy collapse. In our work, we observe the feature
collapse at the initialization of the ViT.

Feature selection in ViT. Feature selection in ViTs in-
volves identifying the most informative components of the
features extracted by the model. Effective feature selection
can reduce computational cost, improve generalization, and
enhance model interpretability. [41] proposed a method
to prune redundant tokens based on the input by the de-
sign prediction module to identify the important token from
current features. [62] introduced to use an adaptive token
mechanism to reduce the number of token processed in ViT.
[46] proposed removing uninformative patches by identify-



ing the most effective patches in the final layer and using
this information for patch selection in earlier layers.

Proxy for ViT. [68] proposed measuring the estimated
performance of ViT architecture via synaptic diversity and
synaptic saliency. [57] proposed a method to search for
a ViT proxy that is generalizable for various domains and
datasets. [56] proposed ViT proxy search for tiny datasets
with knowledge distillation. We summarize related work in
Supp.

Feature representation in ViT. [67] shows that the at-
tention maps become the same when the transformer goes
deeper. They demonstrate that the feature map is only iden-
tical in the top layers of the deep ViT model. Therefore,
their findings indicate that in the deeper layers of ViT, the
self-attention mechanism struggles to learn meaningful rep-
resentations, which limits the model’s ability to achieve the
expected performance improvements. [39] analyzes the in-
ternal representations of ViTs and shows that ViTs exhibit
more uniform representations across all layers. Moreover,
they demonstrate that ViTs capture more global informa-
tion than CNNs in the lower layers. [54] demonstrates that
attention features behave as a low-pass filter from a Fourier-
domain perspective, and proposes addressing this issue by
introducing a high-pass filtering component that mixes fea-
ture information across multiple frequency bands. [3] stud-
ies deep features of pretrained ViT models and uses them as
dense descriptors for segmentation tasks.

Neural collapse. Features are the output of each mod-
ule in the neural network. Therefore, feature collapse has
a close relationship with neural collapse. The phenomenon
of neural collapse means that the variability of the outputs
of the penultimate layer in one class decreases. [47] pro-
poses to observe and prove the reduction in one class. [58]
proposes a method to quantify the collapse phenomenon in
the neural network. [10] analyzes the collapse phenomenon
in deep linear neural networks. [40] investigates the neural
collapse that happens in the intermediate layer. [61] shows
that the collapse hides the structure of feature representa-
tion. [59] investigates the phenomena of class collapse.

B. Computing Resources
All experiments in this paper are conducted on the follow-
ing workstations:
• A workstation with an AMD Ryzen CPU and two

NVIDIA A6000 GPUs, each with 46 GB of memory.
• A workstation with an AMD Ryzen CPU and four

NVIDIA A5000 GPUs, each with 24 GB of memory.

C. Dataset
In this study, we employed six datasets in our experiments:
• ImageNet-1K [11]: A large-scale, diverse, and widely

used dataset for computer vision, particularly for im-

age classification tasks. The dataset contains 1,331,167
images, with 1,281,167 images in the training set and
50,000 images in the validation set. It covers 1,000
classes, and each image is labeled with its correspond-
ing class. ImageNet-1K serves as a standard benchmark
for CNNs, Vision Transformers (ViTs), and other deep
learning models. Model performance on this dataset is
typically evaluated using Top-1 and Top-5 classification
accuracy.

• ImageNet-C [23]: A robustness benchmark in computer
vision for the image classification task. The dataset con-
sists of various types of corruptions, such as Gaussian
noise, impulse noise, and changes in brightness. It is
designed to simulate real-world conditions where inputs
may be degraded, allowing evaluation of model robust-
ness.

• CIFAR-10 [28]: A dataset commonly used for image
classification tasks. The dataset consists of 60,000 color
images of size 32 × 32 pixels. It is divided into 50,000
training images and 10,000 test images. The dataset con-
tains 10 distinct classes: airplane, automobile, bird, cat,
deer, dog, frog, horse, ship, and truck, with each class
containing 6,000 images.

• CIFAR-100 [28]: A commonly used image classification
dataset, CIFAR-100 consists of 60,000 color images of
size 32 × 32 pixels and contains 100 classes. The dataset
includes 50,000 training images and 10,000 test images.
Each class has 500 training images and 100 test images.

• Oxford Flowers [38]: An image classification dataset
containing 8,189 images across 102 flower categories
commonly found in the United Kingdom. Each class has
at least 40 images. The dataset is split into 2,040 images
for training and 6,149 images for testing.

• Chaoyang [70]: A medical histopathology image classifi-
cation dataset derived from colon tissue slides. It contains
6,160 image patches at a resolution of 512 × 512, span-
ning four classes: normal, serrated, adenocarcinoma, and
adenoma. The dataset is divided into two subsets: 4,021
images for training and 2,139 images for testing.

We choose ImageNet-1K for our primary analysis be-
cause it is a large-scale, diverse dataset and ensures consis-
tency with prior studies on ViT architectures, particularly
in ViT design, including AutoFormer [5], DSS [68], Auto-
ProxA [57], and DSS++ [69]. Furthermore, in construct-
ing our API of 3,000 ViT architectures across diverse pa-
rameter ranges, we sample weights from the AutoFormer
supernet trained on ImageNet-1K and evaluate each archi-
tecture’s test accuracy on ImageNet-1K. Therefore, to com-
pute the correlation rankings between proxy values and in-
distribution test accuracy across these 3,000 architectures,
it is essential to use the same dataset for a fair comparison.

However, our proposed ViT feature proxies are not
strictly dependent on ImageNet-1K for two key reasons.



First, when passing features through the ViT architecture to
quantify information, we use only one feature map from a
single batch of data. Second, in the proxy experiments, we
perform only a forward pass without computing gradients
or updating model weights. This design makes our method
highly efficient and well-suited as a ViT generalization pre-
dictor, allowing the evaluation of several thousand architec-
tures in a short time.

When using ImageNet-C to evaluate the out-of-
distribution generalization predictor, the ViT architectures
are trained on ImageNet but not on the corrupted images in
ImageNet-C. The networks are then tested on ImageNet-C
to assess the robustness of the architectures based on out-
of-distribution accuracy.

D. ViT Architectures
D.1. AutoFormer Search Space
Our 3,000 ViT architectures, covering three different pa-
rameter ranges, are constructed based on the AutoFormer
[5] search space. This is a large search space commonly
used for ViT NAS [53, 57, 68, 69]. The ViT architectures
in AutoFormer have five changeable attributes: embedding
dimension, Q-K-V dimension, MLP ratio, number of heads,
and depth.
• Embedding dimension: Determines the width of the

model. This value is the same for all transformer layers
in a ViT.

• Q-K-V dimension: Refers to the sizes of the query, key,
and value vectors used in multi-head self-attention.

• MLP ratio: The size of the hidden layer in the feedfor-
ward (MLP) block relative to the embedding dimension.
This value can vary across transformer layers in a ViT.

• Number of heads: The number of separate attention
mechanisms computed in parallel within a multi-head
self-attention (MHSA) module. This value can vary
across transformer layers in a ViT.

• Number of depths: The total number of transformer lay-
ers in a ViT.
In Table 4, we present the details of our API based on the

AutoFormer search spaces. The table lists (α, β, δ), where
α is the lower bound, β is the upper bound, and δ is the
step size of a given parameter. For example, for the depth
parameter {12, 13, 14}, the lowest value is 12, the highest
value is 14, and the step size is 1. This configuration follows
the approach in [5].

When selecting ViT architectures to compute correlation
rankings, we reduced the range of parameters in each set of
1,000 architectures to 5–7M, 15–19M, and 45–47M. This
adjustment makes the evaluation process less dependent on
model size. Although models with more parameters gener-
ally achieve higher accuracy, some architectures with simi-
lar parameter counts can outperform others. By restricting

the parameter range, we ensure that the correlation rank-
ings more accurately reflect the effectiveness of the proxies
rather than differences in model scale.

Model Tiny Small Base

Embed (192, 240, 24) (320, 448, 64) (528, 624, 48)
Q-K-V (192, 256, 64) (320, 448, 64) (512, 640, 64)
MLP (3.5, 4, 0.5) (3, 4, 0.5) (3, 4, 0.5)
Head (3, 4, 1) (5, 7, 1) (8, 10, 1)
Depth (12, 14, 1) (12, 14, 1) (14, 16, 1)

Params 5-7M 15-19M 45-47M
Table 4. ViT architectures API Tiny, Small, Base configuration

D.2. PiT Search Space
We follow [24, 57, 68, 69] to obtain the PiT search space.
The ViT architectures in the PiT search space have three
stages and four changeable attributes: base dimension,
MLP ratio, number of heads, and depths.
• Base dimension: It is the embedding dimension, can be

chosen from {16, 24, 32, 40}, with a minimum value of
16, a maximum value of 40, and a step size of 8. The
base dimension is the same across all three stages of a
ViT architecture.

• MLP ratio: The size of the hidden layer in the feedfor-
ward (MLP) block relative to the embedding dimension.
It can be selected from {2, 4, 6, 8}, with a minimum value
of 2, a maximum value of 8, and a step size of 2. The MLP
ratio is the same for all transformer blocks in a given ar-
chitecture.

• Number of heads: The number of separate attention
mechanisms computed in parallel within a multi-head
self-attention (MHSA) module. This attribute is repre-
sented as [h1, h2, h3], where h1, h2, h3 corresponds to
the number of heads in the three stages of the ViT archi-
tecture. Possible values include {[2,2,2], [2,2,4], [2,2,8],
[2,4,4], [2,4,8], [2,8,8], [4,4,4], [4,4,8], [4,8,8], [8,8,8]}.

• Depths: The number of transformer blocks in each stage.
This attribute is represented as [b1, b2, b3], where b1, b2, b3
corresponds to the number of blocks in the three stages.
Possible values include {[1,6,6], [1,8,4], [2,4,6], [2,6,4],
[2,6,6], [2,8,2], [2,8,4], [3,4,6], [3,6,4], [3,8,2]}.

E. Design Rationale for ViT Feature Proxies
We propose a unified framework to compute ViT feature
proxies, as illustrated in Algorithm 1. To assess the repre-
sentational quality of ViT features, we introduce two proxy
measures: the Entropy Proxy and the Minimum Eigenvalue
Proxy. Both proxies share a computational pipeline com-
prising layer-wise feature extraction for each module, di-
mensionality reduction, scaling, and layer-wise proxy ag-
gregation. Despite this shared structure, the two proxies
capture different aspects of ViT representations: the En-
tropy Proxy quantifies information dispersion, whereas the



Minimum Eigenvalue Proxy characterizes geometric inde-
pendence in the representation space.

Entropy Proxy. Entropy measures the uncertainty or
randomness in a feature distribution, reflecting its informa-
tion diversity. Architectures that naturally produce diverse
and informative features tend to generalize better after train-
ing. By computing the entropy for each row or column, we
can quantify how diverse or uncertain the information in
that feature is. A high-entropy feature tends to vary irregu-
larly across samples, often indicating noise or redundant in-
formation. In contrast, a low-entropy feature exhibits more
consistent patterns, suggesting that it may capture the un-
derlying structure or semantics of the data.

Selecting features with low entropy retains the most sta-
ble and representative features, while discarding those that
contribute mainly to randomness. The compressed matrix
X ′ maintains the essential and reliable information content,
enabling efficient analysis and comparison with reduced di-
mensionality and noise.

Minimum Eigenvalue Proxy. In a ViT, each layer en-
codes diverse and complementary visual cues such as edges,
shapes, textures, and semantics. When these features col-
lapse, for example, when all tokens become highly simi-
lar, the representation loses discriminative power. A larger
minimum eigenvalue (λmin) of the Pearson correlation ma-
trix indicates that feature vectors span more independent di-
rections, leading to richer and more informative representa-
tions. In contrast, a smaller λmin implies that some direc-
tions vanish (near-zero variance), reflecting feature collapse
or redundancy and resulting in degraded performance. In
other words, λmin(P ) is proportional to the degree of fea-
ture diversity and independence, where higher diversity cor-
relates with better classification accuracy, stronger general-
ization, and more stable training in ViTs.

Furthermore, during the experiments, we observed that
the Pearson correlation matrix of the feature map P (X)
can be approximated by the Gram matrix (see the explana-
tion in the Supp for details). Similar phenomena have been
observed and proven for convolutional neural networks in
[27]. The relationship between the minimum eigenvalue of
the Gram matrix and the training convergence rate of the
over-parameterized network has been studied and proven by
[15, 16, 21, 31, 37].

Therefore, the minimum eigenvalue of the Pearson cor-
relation matrix can serve as a quantitative proxy for repre-
sentation diversity and as an indicator of ViT performance,
linking representation quality to generalization behavior.

F. Additional Results on Efficient ViT Archi-
tecture Design

F.1. AutoFormer Search Space

We use the previous proxies and our Token-Entropy prox-
ies with reduced dimension u = 1 to search for the optimal
subnet on the same set of 1,000 ViT architectures within 5-
7 parameter ranges. As shown in the table 3, our proposed
proxies successfully identify the optimal subnet, improving
accuracy by 0.11% compared to previous proxies across the
1,000 ViT architectures in the 5–7M ranges, respectively.
Moreover, our proxies achieve an 87.5%–98.6% reduction
in computation time when searching over 1,000 ViT archi-
tectures, requiring only 0.06 hours compared to 0.48 – 4.3
hours for previous proxies in the 5–7M range.
Table 5. Results on ImageNet when using different proxies to
search for the optimal net in 1000 ViT architectures range 5-7M
(above) and 15-19M (below)

Proxy Param(M) ↓ FLOPs(B) ↓ Top-1 ↑ Time(h) ↓
SNIP [30] 6.9 1.7 74.89 1.00
GraSP [50] 5.7 1.4 74.47 1.38
TE-score [7] 5.9 1.5 74.60 4.30
NASWOT [36] 6.9 1.7 74.94 0.82
DSS [68] 6.9 1.6 75.29 0.60
AutoProxA [57] 6.9 1.5 75.32 0.48
DSS++ [69] 6.9 1.6 75.30 0.80
M1 +M2 6.9 1.5 75.41 0.05
MHSAout + M1 + M2 6.9 1.5 75.43 0.06
QKV + MHSAout + M1 + M2 6.9 1.5 75.38 0.08

SNIP [30] 17.8 3.8 80.30 1.08
GraSP [50] 18.1 3.9 80.35 1.40
TE-score [7] 17.9 3.8 80.38 4.44
NASWOT [36] 17.8 3.8 80.37 0.88
DSS [68] 18.0 3.9 80.39 0.74
AutoProxA [57] 17.7 3.9 80.20 0.56
DSS++ [69] 18.2 3.9 80.41 0.84
M1 +M2 18.3 3.9 80.58 0.06
MHSAout + M1 + M2 18.1 3.8 80.74 0.07
QKV + MHSAout + M1 + M2 18.3 4.0 80.50 0.07

We use previous proxies and our Token-Entropy prox-
ies with reduced dimension u = 1 to search for the opti-
mal architecture on the same set of 1,000 ViT architectures
within two parameter ranges: 5–7M and 15–19M, with re-
sults presented in Table 3. As shown, our proposed prox-
ies successfully identify the optimal architecture, improving
accuracy by 0.11%-0.33% compared to previous proxies
across the 1,000 ViT architectures in the 5–7M and 15–19M
ranges, respectively. Moreover, our proxies achieve an
87.5–98.6% reduction in computation time when searching
over 1,000 architectures, requiring only 0.06 hours com-
pared to 0.48–4.3 hours for previous proxies in the 5–7M
range, and 0.07 hours compared to 0.56–4.44 hours for pre-
vious proxies in the 15–19M range.

Using the ImageNet-1K [11], we employ the Token-
Entropy proxy MHSAout + M1 + M2 with u = 8 to
search for the optimal architecture within the AutoFormer
search space across tiny, small, and base parameter ranges,
and then retrain the three resulting architectures. We com-
pare our method with both ViT architecture search ap-
proaches [4, 5, 43, 57, 68, 69] and manually designed ViT



Table 6. Results of retraining the optimal architecture searched
within the AutoFormer search space.

Model Params ↓ FLOPs ↓ Top-1 ↑ Top-5 ↑ Type Days

Deit-Ti [48] 5.7M 1.2B 72.2 91.1 Manual -
TNT-Ti [20] 6.1M 1.4B 73.9 91.9 Manual -
ViT-Ti [14] 5.7M - 74.5 - Manual -
CPVT-Ti [9] 6.0M - 74.9 92.6 Manual -
PVT-Tiny [55] 13.2M 1.9B 75.1 - Manual -
ViTAS-C [43] 5.6M 1.3B 74.7 91.6 Auto 32
GLiT-Ti [4] 7.2M 1.4B 76.3 - Auto -
AutoFormer-Ti [5] 5.7M 1.3B 74.7 92.6 Auto 24
TF-TAS-Ti [68] 5.9M 1.4B 75.3 92.8 Auto 0.5
AutoProxA [57] 6.4M - 75.6 - Auto 0.4
T-Razor-Ti [69] 5.9M 1.4B 75.5 92.9 Auto 0.4
MHSAout + M1 + M2 - Ti 6.1M 1.4B 76.5 93.3 Auto 0.33

DeiT-S [48] 22.1M 4.7B 79.9 95.0 Manual -
ViT-S/16 [14] 22.1M 4.7B 78.8 - Manual -
PVT-Small [55] 24.5M 3.8B 79.8 - Manual -
Swin-T [35] 29.0M 4.5B 81.3 - Manual -
TNT-S [20] 23.8M 5.2B 81.5 95.7 Manual -
CPVT-S [9] 23.0M - 81.5 95.7 Manual -
T2T-ViT t-14 [64] 21.5M - 81.7 - Manual -
ViTAS-F [43] 27.6M 6.0B 80.5 95.1 Auto 32
GLiT-S [4] 24.6M 4.4B 80.5 - Auto -
AutoFormer-S [5] 22.9M 5.1B 81.7 95.7 Auto 24
TF-TAS-S [68] 22.8M 5.0B 81.9 95.8 Auto 0.5
T-Razor-S [69] 22.3M 5.1B 82.2 95.9 Auto 0.4
MHSAout + M1 + M2 - S 22.9M 4.9B 83.0 95.9 Auto 0.17

ViT-B/16 [14] 86.0M 18.0B 79.7 - Manual -
PVT-Large [55] 61.0M 9.8B 81.7 - Manual -
DeiT-B [48] 86.0M 18.0B 81.8 95.6 Manual -
CPVT-B [9] 88.0M - 82.3 - Manual -
TNT-B [20] 65.5M 14.1B 82.9 96.3 Manual -
Swin-B [35] 88.0M 15.4B 83.5 - Manual -
T2T-ViT-24 [64] 64.1M - 82.6 - Manual -
GLiT-B [4] 96.0M 17.0B 82.3 - Auto -
AutoFormer-B [5] 54.0M 11.0B 82.4 95.7 Auto 24
TF-TAS-B [68] 54.0M 12.0B 82.2 95.6 Auto 0.5
T-Razor-B [69] 53.8M 11.6B 82.3 95.6 Auto 0.4
MHSAout + M1 + M2 - B 53.9M 11.4B 83.1 95.8 Auto 0.08

models [9, 14, 20, 35, 48, 55, 64], and report the results
in Table 6. As can be seen, for each parameter range,
the architecture searched using the Token-Entropy proxy
MHSAout + M1 + M2 with u = 8 achieves a 1-3%
improvement in Top-1 accuracy over manually designed
ViT architectures. Furthermore, our architecture improves
Top-1 accuracy by 0.7–1% while maintaining a compara-
ble number of parameters and FLOPs to those obtained in
[5, 57, 68, 69]. Additionally, our method significantly re-
duces both training and search time compared to traditional
ViT NAS approaches [4, 5, 43] and prior ViT proxy meth-
ods [57, 68, 69]. While previous ViT NAS methods require
24–32 GPU days for the search, our approach reduces this
to only 0.08–0.33 GPU days. These results demonstrate the
effectiveness and efficiency of our proposed proxy in im-
proving the performance of ViT architectures. Details of the
evolutionary search and experimental setup are provided in
the K.

Transfer learning. We fine-tune the searched architec-
ture MHSAout+M1+M2 - S at a resolution of 384×384
on CIFAR-10 and CIFAR-100 [28]. It achieves transfer
learning performance comparable to AutoFormer-S [5] and
TF-TAS-S [68] (see results and details in the Supp).

F.2. PiT Search Space
We build the search space based on PiT [24] and evaluate
our proposed proxy across various ViT architectures. We
use token entropy MHSAout + M1 + M2 with u = 8 to

search for the optimal architecture in the PiT search space,
and then train this architecture on ImageNet-1K [11] to ob-
tain its final performance. As can be seen in table 7, under
comparable parameters and FLOPs, our proxy successfully
identifies an optimal ViT architecture that improves Top-
1 accuracy by 1.1%. These results clearly demonstrate that
our proxy is robust and generalizes well across different ViT
architectures.

Details of the PiT search space and experimental setup
are provided in the K
Table 7. Results of retraining the optimal architecture searched
within the PiT search space.

Model Param(M) ↓ FLOPs(B) ↓ Top-1 ↑ Top-5 ↑

PiT-Ti [24] 4.9 0.7 73.8 91.7
PiT − Tirand [24] 4.9 0.7 69.7 89.1
TF-TAS-Ti [68] 4.6 0.6 73.7 91.7
T-Razor-Ti [69] 4.9 0.7 74.2 92.0
MHSAout + M1 + M2 4.6 0.6 75.3 92.2

PiT-XS [24] 10.6 1.4 78.2 94.0
PiT − Tirand [24] 10.5 1.8 74.8 92.2
TF-TAS-XS [68] 10.0 1.8 77.7 93.8
T-Razor-XS [69] 10.1 1.8 78.0 94.0
MHSAout + M1 + M2 10.1 0.6 78.3 93.7

G. Metrics
Suppose we have n ViT architectures {archi}i=1,...,n.
Each architecture has a ground-truth performance, which is
the test accuracy, denoted by {gi}i=1,...,n. The proxy val-
ues of the n ViT architectures are denoted by {vi}i=1,...,n.
The ranking of the ground-truth performance is {ri}i=1,...,n

with ri ∈ {1, . . . , n}. The ranking of the proxy values is
{si}i=1,...,n with si ∈ {1, . . . , n}.

The Spearman ρ correlation is the correlation between
the two ranking variables and is defined as:

ρ =
corr(r, s)√

corr(r, r)corr(s, s)
(8)

Spearman ρ measures the monotonic relationship be-
tween two variables based on their ranked values, not their
raw values.

The Kendall τ correlation measures the relative differ-
ence between concordant and discordant pairs and is de-
fined as:

τ =
2

n(n− 1)

∑
i<j

sgn(gi − gj) sgn(vi − vj) (9)

The values of both Spearman’s ρ and Kendall’s τ range
between -1 and 1.
• 1: The two rankings are the same
• -1: One ranking is the reverse of the other
• 0: No relationship

A higher correlation ranking indicates that the proxy is
more strongly correlated with the test accuracy, suggesting
that the proxy can serve as a reliable indicator of ViT per-
formance.



H. Relationship Between the Gram Matrix and
the Pearson Correlation Matrix

Suppose we have a feature matrix X ∈ Rn×d. We will
explain the relationship between the Gram matrix and the
Pearson correlation for the embedding case below, where
each column is considered as a variable. In the token space,
we have a similar explanation where each row is considered
as a variable.

Let X = [x1, . . . ,xd], xi = [x1i, x2i, . . . , xni]
⊤. The

Gram matrix G ∈ Rd×d is defined as:

G = X⊤X (10)

with entries

Gij = x⊤
i xj =

n∑
k=1

xkixkj , (11)

The sample mean of xi is:

x̄i =
1

n

n∑
k=1

xki, (12)

and the centered values are defined as:

x̃ki = xki − x̄i. (13)

The sample standard deviation of xi is

si =

√√√√ 1

n− 1

n∑
k=1

x̃2
ki. (14)

The standardized feature is obtained by subtracting its
mean and dividing by its standard deviation, resulting in a
vector with zero mean and unit variance.

x̂ki =
xki − x̄i

si
=

x̃ki

si
(15)

The Pearson correlation between xi and xj is

rij =

∑n
k=1(xki − x̄i)(xkj − x̄j)

(n− 1) sisj
=

1

n− 1

n∑
k=1

x̂ki x̂kj .

(16)
Thus, the Pearson correlation is exactly the (i, j) entry of

the Gram matrix of standardized features, scaled by 1
n−1 :

rij =
1

n− 1
⟨x̂i, x̂j⟩ (17)

where x̂i = [x̂1i, . . . , x̂ni]
⊤.

Therefore, the Gram matrix of standardized features
equals (n− 1) times the Pearson correlation matrix.

Each entry rij measures the linear correlation between
feature vectors xi and xj , taking values in the range [−1, 1],
where rij = 1 indicates perfect positive correlation, rij =
−1 indicates perfect negative correlation, and rij = 0 indi-
cates no linear correlation.

I. Linear Modules in Vision Transformers
QKV. Let X ∈ Rtdim×edim . At layer l and head i, linear
transforms are applied to obtain the matrices Qi, Ki, and
Vi, as defined by the equations below:

Qi = XWQ
i ; Ki = XWK

i ; Vi = XWV
i (18)

where i ∈ 1, hl, and WQ
i , WK

i ∈ Redim×dk , WV
i ∈

Redim×dv .
Additionally, dk = dv = edim

hl
, where hl represents the

number of heads at layer l.
Observation. The Q,K, V matrix is achieved by multi-

plying the input matrix X with weight matrix W to obtain
the linear transformation of the input.

Attention map. Suppose we have matrix H as the ma-
trix obtained after concatenating each matrix head i, where
A is the attention map. The ViT model using a linear trans-
formation WO to H , we have A = HWO.

MultiHead(Q,K, V ) = Concat(head1, head2, ..., headh)W
O

(19)
where

headi = Attention(XWQ
i , XWK

i , XWV
i ) (20)

Attention(Q,K, V ) = softmax
(
QKT

√
dk

)
V (21)

Observation. The attention map can be achieved by lin-
ear transformation on the matrix H.

Multi-layer Perceptron. We denote that A is the output
feature map before the Multi-layer Perceptron (MLP) com-
ponent in the Vision Transformer. M1 and M2 represents
the output of the first and second linear layer in the MLP
component, with W1 and W2 as the weight matrices of the
fully connected layers in the MLP component, and b1 and
b2 as the bias vectors of the fully connected layers. The
activation function is GELU(·)

M1 = A∗W1+b1;M2 = GELU(M1)∗W2+b2 = C∗W2+b2
(22)

Observation. M1 and M2 can be achieved by a linear
module of the previous feature maps.

J. Experimental Setup and Additional Results
for ViT Feature Analysis

J.1. Token Space and Embedding Space
We provide an illustration of token space and embedding
space in Figure 3. In the token space, each row in the fea-
ture map can be considered a variable. In contrast, in the
embedding space, each column is treated as a variable for
information extraction.



Figure 3. Illustration of features in the token and embedding
spaces

J.2. Feature Collapse and Singular Value Analysis

Singular value decomposition analysis. We selected the
architecture with the highest accuracy in our API to analyze
the collapse of feature information. The ViT architecture
was evaluated without pretrained weights to extract feature
representations, and one data sample was selected for anal-
ysis in both the token and embedding spaces. Specifically,
for the feature type Q, we normalized the features, com-
puted the covariance matrix of the feature map, and then
took the logarithm of its singular values. We subsequently
calculated the mean and standard deviation of these singular
values across all layers of the architecture.

As shown in Figure 2, the left panel presents the loga-
rithmic singular value spectrum of the feature Q in the to-
ken space, while the right panel shows the corresponding
spectrum in the embedding space. It can be observed that,
for most components, the singular values are close to zero
and their logarithms are negative, with only one component
having a logarithmic singular value greater than zero. This
indicates that the feature map Q is a low-rank matrix, sug-
gesting that the ViT architecture tends to map many differ-
ent inputs into nearly the same subspace, revealing a clear
feature collapse phenomenon.

We further compute the singular value spectrum for each
feature type separately, and observe a consistent pattern
across all cases: the feature matrices remain low-rank in
both token and embedding spaces. These findings explain
why our proposed reduction scheme produces an extremely
compact feature representation while retaining essential in-
formation.

Suppose we have a feature matrix X ∈ Rn×d. In embed-
ding space, we have X = [x1, . . . ,xn]

⊤, where xi ∈ Rd is
one sample.

We compute the covariance matrix as follows:

Figure 4. Logarithm of the singular value spectrum of the feature
K in the token space (left) and embedding space (right). The x-
axis denotes variable indices, and the y-axis shows the mean and
standard deviation of the logarithmic singular values across all lay-
ers. Most singular values are near zero, indicating a low-rank
structure and feature collapse.

C =
1

n− 1

n∑
i=1

(xi − x̄)(xi − x̄)⊤ (23)

where

x̄ =
1

n

n∑
i=1

xi (24)

Next, we compute the singular values via singular value
decomposition:

C = USV ⊤ (25)

S ∈ Rd×d is a diagonal matrix containing the singular
values σ1 ≥ σ2 ≥ · · · ≥ 0. Finally, we obtain the logarith-
mic values log(σj).

Figure 5. Logarithm of the singular value spectrum of the feature
V in the token space (left) and embedding space (right). The x-
axis denotes variable indices, and the y-axis shows the mean and
standard deviation of the logarithmic singular values across all lay-
ers. Most singular values are near zero, indicating a low-rank
structure and feature collapse.

Figure 4 shows the singular values of the feature map K
in ViT, in token space and embedding space, respectively.
Figures 5 present the singular values of the feature map V in
token space and embedding space. Figures 6 display the sin-
gular values of the feature map MHSAout in both spaces.
Figures 7 and Figures 8 illustrate the singular values of the
feature maps M1 and M2 in token space and embedding
space, respectively.

The singular value spectrum of the covariance matrix
of each feature map illustrates that most feature rows and



Figure 6. Logarithm of the singular value spectrum of the feature
MHSAout in the token space (left) and embedding space (right).
The x-axis denotes variable indices, and the y-axis shows the mean
and standard deviation of the logarithmic singular values across all
layers. Most singular values are near zero, indicating a low-
rank structure and feature collapse.

Figure 7. Logarithm of the singular value spectrum of the feature
M1 in the token space (left) and embedding space (right). The
x-axis denotes variable indices, and the y-axis shows the mean
and standard deviation of the logarithmic singular values across
all layers. Most singular values are near zero, indicating a low-
rank structure and feature collapse.

Figure 8. Logarithm of the singular value spectrum of the feature
M2 in the token space (left) and embedding space (right). The
x-axis denotes variable indices, and the y-axis shows the mean
and standard deviation of the logarithmic singular values across
all layers. Most singular values are near zero, indicating a low-
rank structure and feature collapse.

columns are dependent, as the logarithm of their singular
values is significantly less than zero. For example, Fig-
ure 4 in the left shows only one logarithm of singular value
slightly greater than zero. Similarly, Figure 4 in the right
contains one value near zero, while the remaining logarith-
mic singular values are highly negative. These observations
indicate that most feature maps are low-rank matrices in
both the token and embedding spaces. Consequently, we
can compact the feature map by selecting only the most in-
formative rows or columns for feature quantification.

This finding is particularly important because the orig-

inal feature maps often contain hundreds to thousands of
rows or columns, making computations over the full feature
map computationally expensive. Moreover, when using the
minimum eigenvalue as a proxy for information, the method
assumes all variables are independent. The singular value
spectrum enables us to identify and remove dependent rows
or columns, resulting in a more compact representation and
more effective capture of essential information in the fea-
ture map.

J.3. Evaluation Results Across Various ViT Archi-
tecture Sets Using Different Random Seeds

We sample different sets of ViT architectures with differ-
ent random seeds to assess the sensitivity of our proposed
methods. We compute the Spearman’s ρ and Kendall’s τ
correlation rankings between the proxies and test accuracy
for three sets of 1,000 ViT architectures with seeds 0, 10,
and 20. The results are presented in Table 8, Table 9, and
Table 10.

Table 8. Spearman’s ρ and Kendall’s τ correlation rankings for
three sets of 1,000 ViT architectures with parameter ranges of
5–7M, 15–19M, and 45–47M, when seed = 0, comparing the top-
3 Token-Entropy proxies (u = 1) with baselines. Our proposed
proxies significantly improve the correlation rankings, demon-
strating that they are strong indicators of ViT performance.

Proxy
5-7M 15-19M 45-47M

ρ τ ρ τ ρ τ

SNIP [30] 0.313 0.207 0.280 0.190 0.056 0.037
GraSP [50] -0.101 -0.066 -0.064 -0.043 0.023 0.015

TE-score [7] -0.319 -0.219 -0.084 -0.057 -0.106 -0.072
NASWOT [36] 0.382 0.278 0.232 0.162 0.243 0.171

DSS [68] 0.622 0.439 0.468 0.315 -0.119 -0.079
AutoProxA [57] 0.675 0.477 0.446 0.299 -0.126 -0.084

DSS++ [69] 0.638 0.448 0.450 0.302 -0.140 -0.094
M1 +M2 0.849 0.665 0.718 0.529 0.368 0.251

MHSAout + M1 + M2 0.851 0.669 0.717 0.529 0.360 0.246
QKV + MHSAout + M1 + M2 0.856 0.676 0.720 0.533 0.350 0.239

Table 9. Spearman’s ρ and Kendall’s τ correlation rankings for
three sets of 1,000 ViT architectures with parameter ranges of
5–7M, 15–19M, and 45–47M, when seed = 10, comparing the
top-3 Token-Entropy proxies (u = 1) with baselines. Our pro-
posed proxies significantly improve the correlation rankings,
demonstrating that they are strong indicators of ViT perfor-
mance.

Proxy
5-7M 15-19M 45-47M

ρ τ ρ τ ρ τ

SNIP [30] 0.381 0.252 0.263 0.173 0.027 0.019
GraSP [50] -0.091 -0.061 -0.079 -0.053 -0.078 -0.052

TE-score [7] -0.287 -0.188 0.037 0.026 -0.052 -0.034
NASWOT [36] 0.426 0.314 0.214 0.145 0.246 0.174

DSS [68] 0.671 0.478 0.439 0.297 -0.119 -0.079
AutoProxA [57] 0.720 0.516 0.411 0.277 -0.141 -0.094

DSS++ [69] 0.685 0.487 0.419 0.283 -0.142 -0.094
M1 +M2 0.871 0.687 0.689 0.510 0.412 0.279

MHSAout + M1 + M2 0.874 0.692 0.687 0.509 0.407 0.276
QKV + MHSAout + M1 + M2 0.864 0.676 0.691 0.514 0.402 0.272

As can be seen, with different seeds and different sets
of ViT architectures, the correlation values vary slightly.
However, the overall trend and the relative performance
gap between our proxies and previous proxies remain con-
sistent. Specifically, when the seed is 0, our proxies im-



Table 10. Spearman’s ρ and Kendall’s τ correlation rankings for
three sets of 1,000 ViT architectures with parameter ranges of
5–7M, 15–19M, and 45–47M, when seed = 20, comparing the
top-3 Token-Entropy proxies (u = 1) with baselines. Our pro-
posed proxies significantly improve the correlation rankings,
demonstrating that they are strong indicators of ViT perfor-
mance.

Proxy
5-7M 15-19M 45-47M

ρ τ ρ τ ρ τ

SNIP [30] 0.332 0.220 0.298 0.208 0.065 0.043
GraSP [50] -0.061 -0.041 -0.131 -0.087 -0.012 -0.007

TE-score [7] -0.266 -0.173 0.077 0.052 -0.146 -0.098
NASWOT [36] 0.401 0.290 0.254 0.183 0.291 0.223

DSS [68] 0.655 0.465 0.524 0.353 -0.118 -0.080
AutoProxA [57] 0.700 0.499 0.499 0.336 -0.161 -0.108

DSS++ [69] 0.667 0.472 0.506 0.304 -0.171 -0.115
M1 +M2 0.854 0.670 0.744 0.556 0.467 0.323

MHSAout + M1 + M2 0.855 0.672 0.743 0.555 0.462 0.320
QKV + MHSAout + M1 + M2 0.844 0.658 0.748 0.560 0.453 0.314

prove upon previous ViT proxies by 18%, 25%, and 48%
for the 5–7M, 15–19M, and 45–47M parameter ranges, re-
spectively. When the seed is 10, the improvements are
15.4%, 25%, and 53% for the 5–7M, 15–19M, and 45–47M
ranges, respectively. When the seed is 20, the improvements
are 15.5%, 22%, and 58.5% for the 5–7M, 15–19M, and
45–47M ranges, respectively.

These results demonstrate the stability and strong perfor-
mance of our proxies across various ViT architectures and
random seeds.

As the model size increases, overparameterization and
complex training dynamics become dominant factors, gen-
erally reducing the predictive power of proxy metrics.
Specifically, for large architectures with 45–47M param-
eters, the previous ViT proxies show near-zero or even
negative correlations, indicating that they fail to provide
meaningful predictions. In contrast, our proposed proxies
maintain higher correlation rankings under these challeng-
ing conditions, demonstrating their robustness and effec-
tiveness as a performance indicator.

J.4. Influence of Feature Axes
We set the dimension reduction parameter u = 1 and com-
pute the Spearman correlation between each type of our
proxies and the test accuracy across 1,000 ViT architectures
(5-7M) in both token and embedding spaces.

We compare the separated ViT Entropy proxies com-
puted in the token space and embedding space, as shown
in Figure 9. In the token space, V ′ and MHSAout improve
the Spearman correlation ranking by 15%, while M1 and
M2 yield a 10% improvement. For the remaining ViT Fea-
ture Entropy proxies, the correlation in the token space im-
proves only slightly compared to the embedding space, for
example, by as little as 0.01%. For proxies related to skip
connections and layer normalization, the Spearman correla-
tion remains approximately zero in both token and embed-
ding spaces.

The comparison of combined ViT Entropy proxies in the

token and embedding spaces is shown in Figure 10. As il-
lustrated, the proxies M1 + M2, MHSAout + M1 + M2,
and QKV +MHSAout+M1+M2 in the token space yield
a 10% higher correlation than their counterparts in the em-
bedding space. Additionally, the QKV proxy in the token
space improves correlation by 5% compared to the embed-
ding space. The proxies QKV +M1+M2 and Q+K+V
achieve identical correlation in both spaces. The combina-
tion of skip connection proxies results in the same negative
correlation in both token and embedding spaces. As can be
seen, ViT Entropy proxies in the token space better repre-
sent the ViT generalization predictor compared to those in
the embedding space.

We compare the separate ViT Minimum Eigenvalue
proxies in the token space and embedding space in Fig-
ure 11. As shown, V ′ and MHSAout in the token space
increase the correlation by 10% compared to their counter-
parts in the embedding space. The proxies Q, K, V , and
M1 achieve the same correlation in both spaces. Notably,
proxies related to skip connections and layer normalization
show a 20% improvement in correlation when computed in
the token space. Figure 12 further demonstrates that the
combined ViT Minimum Eigenvalue proxies in token space
improve correlation by 5% compared to those in the embed-
ding space.

J.5. On the Impact of Dimension Reduction
Table 11 presents the experimental results for the Entropy
Proxies evaluated using different values of u = 1, 4, 8, 16.
These results illustrate how varying u affects the proxy’s be-
havior and its sensitivity to the underlying token and embed-
ding spaces. Similarly, Table 12 reports the corresponding
results for the Minimum Eigenvalue Proxies, also evaluated
with u = 1, 4, 8, 16, allowing for a direct comparison of
how each proxy responds to changes in u. Together, these
tables provide a comprehensive view of the performance
and characteristics of both proxies across the selected range
of u values.

We compare the correlation rankings of the Token-
Entropy proxy under different dimensionality reductions
with u = 1, 4, 8, 16 in Figure 13 and Figure 14. As can be
seen, across different values of u = 1, 4, 8, 16, the proxies
achieve similar correlation rankings.

Figures 15 and 16 compare the Entropy proxies in the
embedding space under different reduced dimensions. For
the separate Embedding-Entropy proxies, the correlation
rankings remain the same across u = 1, 4, 8, 16. In
the combined Embedding-Entropy proxies, M1 + M2 and
MHSAout+M1+M2 with u = 8 improve the correlation
by 10% compared to u = 1, 4, 16. The remaining proxies
show consistent correlation rankings across all values of u.

We compare the Minimum Eigenvalue proxies in the to-
ken space across different reduced dimensions u in Fig-



Figure 9. Comparison of Spearman’s ρ correlation rankings of separate Entropy ViT feature proxies across 1,000 ViT architectures (5-7M)
in token and embedding spaces. The blue line represents the results of proxies in token space, while the red line represents the results in
embedding space. Token space improves correlation rankings compared to embedding space, especially for meaningful indicators
such as V ′, MHSAout, M1, and M2.

Figure 10. Comparison of Spearman’s ρ correlation rankings of combined Entropy ViT feature proxies across 1,000 ViT architectures (5-
7M) in token and embedding spaces. The blue line represents the results of proxies in token space, while the red line represents the results
in embedding space. Token space improves correlation rankings compared to embedding space by 5% to 10% for the predictors
QKV , M1 +M2, MHSAout +M1 +M2, and QKV +MHSAout +M1 +M2.

ure 17 and Figure 18. As shown, the proxies achieve the
highest correlation when u = 1, improving the correlation
by at least 10% compared to other dimensional reductions.
For the K feature, u = 1 increases the correlation rank-
ing by 30% compared to u = 8 and u = 16. Notably, for
MHSAout, u = 1 significantly improves the correlation
ranking by 27.5% compared to u = 16. In the case of com-
bined proxies, u = 1 improves the correlation by 5% to
10% compared to u = 4, 8, and 16.

Figures 19 and 20 show the differences in correlation
rankings of the Minimum Eigenvalue proxies in the embed-
ding space under varying reduced dimensions.

As can be seen, the features Q, K, V , and M2 improve
correlation by 10-15% when u = 1 compared to u = 4,
8, and 16. The features V ′, MHSAout, and M1 improve
correlation rankings by 21-23% under the same conditions.

For the combined feature proxies, Q+K+V improves cor-
relation ranking by 4% with u = 1 compared to u = 4, 8,
and 16. Additionally, QKV , QKV +M1 +M2, QKV +
MHSAout, and QKV +MHSAout +M1 +M2 improve
correlation by 8-11.5% with u = 1 compared to u = 4, 8,
and 16. Furthermore, M1+M2 and MHSAout+M1+M2

improve correlation by 15-19% with u = 1 compared to
u = 4, 8, and 16. However, features related to skip connec-
tions and layer normalization achieve similar correlations
across all values of u = 1, 4, 8, and 16.

J.6. Comprehensive Results in Higher Parameter
Ranges

Table 13 presents the correlation rankings of ViT Feature
Entropy proxies when the token space is reduced to dimen-
sion u = 1. The results are based on 1,000 ViT sampled



Figure 11. Comparison of Spearman’s ρ correlation rankings of separate Minimum Eigenvalue ViT feature proxies across 1,000 ViT
architectures (5-7M) in token and embedding spaces. The blue line represents the results of proxies in token space, while the red line
represents the results in embedding space. Token space improves correlation rankings compared to embedding space, particularly
for meaningful indicators such as V ′, MHSAout, M1, and M2, with a maximum improvement of 10%. For the proxies related to
skip connections and layer normalization, the improvement reaches 20%.

Figure 12. Comparison of Spearman’s ρ correlation rankings of combined Minimum Eigenvalue ViT feature proxies across 1,000 ViT
architectures (5-7M) in token and embedding spaces. The blue line represents the results of proxies in token space, while the red line
represents the results in embedding space. Token space improves correlation rankings compared to embedding space by 5% for the
predictors QKV , M1 +M2, and MHSAout +M1 +M2.

architectures from AutoFormer-Small with 15–19 million
parameters. As shown, the feature proxies M1, M1 +M2,
MHSAout +M1 +M2, and QKV +MHSAout +M1 +
M2 improve the correlation ranking by 25% compared to
the baselines DSS, AutoProxA, and DSS++. The proxy
QKV +M1 +M2 improves the correlation by 21%, while
proxies Q, K, V , V ′, MHSAout, M2, QKV , Q+K+V ,
and QKV + MHSAout show improvements of around
10%. In contrast, proxies related to skip connections and
layer normalization achieve lower correlation rankings than
the baseline.

Table 13 shows the correlation rankings of the ViT Fea-
ture Entropy proxies under the same dimensionality reduc-
tion setting (u = 1), using 1,000 ViT sampled architec-

tures from AutoFormer-Base with 45–47 million parame-
ters. When the parameter count is extremely large, the base-
line proxies DSS, AutoProxA, and DSS++ exhibit a signif-
icant drop in correlation, even resulting in negative values.
In contrast, our Entropy proxies in the token space effec-
tively mitigate this issue. As shown, features such as Q,
K, V , M1, M2, GELUout, SC MSAout, and LN1 SCout

achieve positive correlation rankings. More importantly,
the combined proxies M1, M1 +M2, QKV +M1 +M2,
MHSAout+M1+M2, and QKV +MHSAout+M1+M2

improve the correlation ranking by 30% to 45% compared
to the baselines.



Figure 13. Comparison of Spearman’s ρ correlation rankings of separate Entropy ViT feature proxies across 1,000 ViT architectures (5-7M)
in token space with dimension reduction values u = 1, 4, 8, 16.

Figure 14. Comparison of Spearman’s ρ correlation rankings of combined Entropy ViT feature proxies across 1,000 ViT architectures
(5-7M) in token space for dimension reduction values u = 1, 4, 8, 16.

J.7. Experiments with Various Sampled Features

In our proposed method, we compute ViT feature proxies
based on a single feature map corresponding to one sample
in a forward batch. To assess the robustness and sensitivity
of our method, we conduct three supporting experiments. In
the first setup, we select the first feature map in a batch. In
the second setup, we select another feature map, for exam-
ple, feature map 10. In the third setup, we select a random
feature map for each module when computing the proxy,
meaning the chosen feature map index varies across mod-
ules within the same architecture. The results are compared
in Table 14. As can be seen, our proxies achieve compa-
rable performance across all three setups, indicating that
the method is not dependent on a specific feature map and
captures intrinsic properties of the model’s representations
rather than being sensitive to individual samples.

J.8. Data Independence and Robustness

Our proxies are independent of both labels and datasets, as
they extract features from the ViT architecture at initializa-
tion without training or gradient updates. To further sup-
port this observation, we generate Gaussian features follow-
ing a standard normal distribution and use them as inputs
to the architecture. We then compare the correlation rank-
ings of the optimal proxies obtained using Gaussian inputs
with those obtained from the real ImageNet-1K dataset. As
shown in Table 15, the Gaussian inputs achieve proxy per-
formance comparable to that of real data.

To assess the robustness of our proposed feature proxies,
we add Gaussian noise to the input data and compare the
correlation rankings of the optimal proxies under original
and noise-added inputs. As shown in Table 16, the correla-
tions with noisy inputs remain comparable to those with the
original data, demonstrating the robustness of our method.



Figure 15. Comparison of Spearman’s ρ correlation rankings of separate Entropy ViT feature proxies across 1,000 ViT architectures (5-7M)
in embedding space with dimension reduction values u = 1, 4, 8, 16.

Figure 16. Comparison of Spearman’s ρ correlation rankings of combined Entropy ViT feature proxies across 1,000 ViT architectures
(5-7M) in embedding space for dimension reduction values u = 1, 4, 8, 16.

J.9. Evaluation on Out-of-Distribution Perfor-
mance

We evaluate our proposed proxy on 1,000 ViT architectures
(5–7M parameters) using out-of-distribution (OoD) accu-
racy. The ViT architectures inherit weights from the Super-
net trained on ImageNet-1K [11] and are evaluated on the
out-of-distribution ImageNet-C dataset [23] with Gaussian
noise corruption at level 1. We then compute the correlation
ranking between the proxy values and the OoD accuracy.
The results are presented in Table 17.

As can be seen, although our method primarily focuses
on in-distribution (ID) prediction, it achieves promising re-
sults and a correlation comparable to previous proxies on
OoD accuracy. However, since ID and OoD accuracies
are weakly correlated and our proxy is highly correlated
with ID accuracy, we suggest that designing separate prox-
ies specifically for OoD tasks may be more appropriate and
could lead to higher correlation with OoD performance.

J.10. Experiments on Small Datasets Using Distil-
lation Accuracy

We evaluate the robustness of our proposed proxies across
different tasks, including knowledge distillation on small
datasets.

AutoFormer search space. We sampled 100 ViT ar-
chitectures from the AutoFormer search space and collected
their distillation test accuracies on CIFAR-100 and Oxford
Flowers from ViT-Bench-101 [57]. In their training setup
[57], the distillation accuracy on each small dataset is ob-
tained by training the student ViT architecture under the
guidance of a ResNet-50 teacher with low-resolution input
(32 × 32). The loss used during distillation combines the
standard supervised loss computed on labeled data with a
distillation loss to obtain the final distillation accuracy for
each dataset.

The ground truth accuracy on CIFAR-100 and Flowers
corresponds to the distillation accuracy, which is influenced
by various factors, including the teacher model, the loss



Figure 17. Comparison of Spearman’s ρ correlation rankings of separate Minimum Eigenvalue ViT feature proxies across 1,000 ViT
architectures (5-7M) in token space for dimension reduction values u = 1, 4, 8, 16. When u = 1, the correlation improves significantly,
particularly for MHSAout, reaching an improvement of up to 27.5% compared to u = 16.

Figure 18. Comparison of Spearman’s ρ correlation rankings of combined Minimum Eigenvalue ViT feature proxies across 1,000 ViT
architectures (5-7M) in token space for dimension reduction values u = 1, 4, 8, 16. With u = 1, the correlation ranking improves by
5% to 10% for each meaningful indicator compared to u = 4, 8, 16.

function, and the distillation training process. Additionally,
these datasets have fewer classes and lower resolution com-
pared to ImageNet-1K.

We compute the correlation rankings of the top-2 ViT
features in both token and embedding spaces using entropy
and minimum eigenvalue (with u = 1), and compare them
with the CIFAR-100 distillation accuracy. The results are
presented in Table 18. As shown, our proxies strongly
correlate with the distillation accuracy of ViT architectures
on CIFAR-100. Among them, the token-entropy proxies
achieve the highest correlation. Using the same entropy
measure, the embedding space shows slightly lower corre-
lation. However, when evaluated with the minimum eigen-
value measure, the embedding space achieves higher corre-
lation than the token space.

We select the top-2 proxies from Table 18 and compare
them with previous ViT proxies in Table 19. As shown, our
proxies achieve a 14.3% improvement in correlation rank-

ing compared to the baseline. These results suggest that our
proxies are useful indicators for ViT distillation training on
CIFAR-100.

Similarly, for the Flowers dataset, we compute the Spear-
man correlation between the top-2 ViT features in both
token and embedding spaces using entropy and minimum
eigenvalue (u = 1) proxies, and compare them with the dis-
tillation accuracy across 100 ViT architectures. Table 20
shows that our proxies are strongly correlated with Flowers
distillation accuracy. In Flowers, however, both the entropy
and minimum eigenvalue proxies in the embedding space
achieve higher correlation rankings than in the token space.
This difference can be attributed to the characteristics of the
dataset: Flowers has fewer classes and higher intra-class
variability, making global embedding-level representations
more informative than local token-level features. Conse-
quently, ViT distillation performance is also affected by
these dataset characteristics.



Figure 19. Comparison of Spearman’s ρ correlation rankings of separate Minimum Eigenvalue ViT feature proxies across 1,000 ViT
architectures (5-7M) in embedding space for dimension reduction values u = 1, 4, 8, 16. When u = 1, the correlation improves
significantly, particularly for MHSAout, reaching an improvement of up to 27.5% compared to u = 16.

Figure 20. Comparison of Spearman’s ρ correlation rankings of combined Minimum Eigenvalue ViT feature proxies across 1,000 ViT
architectures (5-7M) in embedding space for dimension reduction values u = 1, 4, 8, 16. For each meaningful indicator, the correlation
ranking with u = 1 improves, with a maximum improvement of 19% (for M1 +M2) compared to u = 4, 8, and 16.

We select the top-2 proxies from Table 20 and compare
them with previous ViT proxies in Table 21 across 100 ViT
architectures - AutoFormer. As shown, our proxies achieve
a 4.3% improvement in correlation ranking compared to the
previous proxies. These results demonstrate that our prox-
ies are strong predictors of ViT performance in distillation
training on the Flowers dataset.

PiT search space. We sample 100 ViT architectures
from the PiT search space and collect their distillation
accuracies on three datasets: CIFAR-100, Flowers, and
Chaoyang, from ViT-Bench-101 [57]. In their setup, for
each small dataset, a ResNet-50 teacher with low-resolution
input (32 × 32) guides the student ViT architectures. The
final distillation accuracy is obtained by combining the stan-
dard supervised loss computed on labeled data with a distil-
lation loss. For their vanilla setup, the ViT architectures are
trained without a teacher network or external knowledge.

We compute the correlation rankings between the top-2

ViT feature proxies in both token and embedding spaces us-
ing entropy and minimum eigenvalue (u = 8), and compare
them with Flowers distillation accuracy across 100 ViT ar-
chitectures - PiT. The results are presented in Table 22. As
can be seen, our proxies strongly correlate with the distilla-
tion accuracy of ViT architectures on Flowers.

We select the top-2 strongest proxies from Table 22
and compare them with previous ViT proxies in terms of
correlation with both vanilla and distillation accuracies on
CIFAR-100, Flowers, and Chaoyang. Tables 23, 24, and 25
present the results for CIFAR-100, Flowers, and Chaoyang,
respectively. As can be seen, on CIFAR-100, our proxies
improve the correlation ranking with distillation accuracy
by 1.7%. For the Flowers dataset, our proxies achieve a
3.7% improvement in correlation on vanilla accuracy and a
2.8% improvement on distillation accuracy. Furthermore,
on the Chaoyang dataset, our proxies improve the corre-
lation ranking by 1.6% for vanilla accuracy and 4.7% for



Table 11. Spearman’s ρ and Kendall’s τ correlations between test accuracy and each of the entropy proxies are computed for 1,000 ViT
architectures (5–7M parameters) across 26 feature types. These proxies are calculated in both token and embedding spaces for individual
and combined features, with dimension reductions u = 1, 4, 8 and 16. Bold values indicate correlations higher than those of previous
proxies in Table 8.

Proxy
Token Embedding

u=1 u=4 u=8 u=16 u=1 u=4 u=8 u=16
ρ τ ρ τ ρ τ ρ τ ρ τ ρ τ ρ τ ρ τ

Encoder

Q 0.745 0.509 0.748 0.510 0.756 0.523 0.775 0.556 0.732 0.480 0.730 0.481 0.731 0.482 0.727 0.481
K 0.733 0.485 0.739 0.493 0.731 0.484 0.724 0.477 0.738 0.495 0.735 0.492 0.732 0.487 0.722 0.473
V 0.744 0.503 0.739 0.493 0.740 0.493 0.742 0.499 0.718 0.468 0.729 0.477 0.722 0.470 0.734 0.486
V ′ 0.787 0.578 0.780 0.569 0.776 0.565 0.773 0.560 0.666 0.453 0.672 0.462 0.672 0.462 0.673 0.462

MHSAout 0.790 0.585 0.786 0.580 0.785 0.579 0.784 0.578 0.657 0.439 0.672 0.459 0.682 0.472 0.687 0.479
M1 0.844 0.660 0.846 0.663 0.847 0.663 0.846 0.663 0.762 0.571 0.760 0.569 0.760 0.570 0.762 0.572
M2 0.809 0.599 0.804 0.598 0.805 0.603 0.803 0.602 0.676 0.463 0.680 0.475 0.689 0.482 0.685 0.477

GELUout 0.137 0.104 0.134 0.103 0.134 0.103 0.133 0.102 0.131 0.100 0.129 0.099 0.129 0.099 0.129 0.098
SC MSAout -0.039 -0.023 -0.047 -0.029 -0.059 -0.037 -0.073 -0.047 -0.056 -0.038 -0.045 -0.031 -0.047 -0.031 -0.067 -0.043
SC MLPout -0.023 -0.014 -0.053 -0.034 -0.063 -0.040 -0.074 -0.048 -0.043 -0.029 -0.044 -0.029 -0.052 -0.034 -0.058 -0.037
LN EPin -0.024 -0.014 -0.059 -0.038 -0.070 -0.046 -0.078 -0.051 -0.050 -0.033 -0.045 -0.031 -0.057 -0.038 -0.066 -0.042
LN EPout -0.031 -0.019 -0.062 -0.040 -0.068 -0.045 -0.079 -0.052 -0.071 -0.047 -0.061 -0.039 -0.054 -0.035 -0.045 -0.030
LN1 SCout -0.039 -0.023 -0.047 -0.029 -0.059 -0.037 -0.073 -0.047 -0.056 -0.038 -0.045 -0.031 -0.049 -0.033 -0.067 -0.043
LN2 SCout -0.029 -0.017 -0.049 -0.031 -0.059 -0.038 -0.074 -0.049 -0.055 -0.038 -0.058 -0.037 -0.053 -0.034 -0.045 -0.030
LN3 SCout -0.023 -0.014 -0.053 -0.034 -0.063 -0.040 -0.074 -0.048 -0.043 -0.028 -0.044 -0.029 -0.054 -0.035 -0.058 -0.037

Patches EP -0.192 -0.158 -0.192 -0.157 -0.192 -0.157 -0.192 -0.157 -0.192 -0.157 -0.192 -0.157 -0.192 -0.157 -0.192 -0.157

MLP Head E -0.055 -0.034 0.016 0.011 0.053 0.033 0.098 0.060 -0.088 -0.059 -0.113 -0.072 -0.168 -0.106 -0.193 -0.117
LN Eout -0.011 -0.006 0.059 0.038 0.087 0.055 0.125 0.078 0.216 0.133 0.271 0.170 0.262 0.168 0.234 0.150

QKV 0.773 0.544 0.775 0.546 0.777 0.550 0.778 0.551 0.720 0.496 0.714 0.491 0.713 0.489 0.712 0.489
M1 + M2 0.849 0.665 0.848 0.665 0.848 0.665 0.848 0.665 0.752 0.562 0.751 0.562 0.752 0.564 0.753 0.566

QKV + M1 + M2 0.838 0.652 0.838 0.651 0.823 0.630 0.837 0.652 0.837 0.649 0.836 0.648 0.836 0.648 0.836 0.648
QKV + MHSAout 0.805 0.604 0.805 0.604 0.793 0.580 0.805 0.604 0.773 0.553 0.770 0.549 0.772 0.550 0.772 0.551

MHSAout + M1 + M2 0.851 0.669 0.850 0.667 0.849 0.667 0.849 0.666 0.744 0.556 0.744 0.556 0.745 0.558 0.746 0.560
QKV + MHSAout + M1 + M2 0.856 0.676 0.849 0.668 0.824 0.632 0.824 0.632 0.759 0.574 0.818 0.627 0.833 0.644 0.820 0.623

Q + K + V 0.740 0.499 0.749 0.505 0.750 0.507 0.745 0.502 0.728 0.477 0.731 0.482 0.728 0.481 0.727 0.480
SC MSAout + SC MLPout -0.040 -0.024 -0.053 -0.034 -0.060 -0.039 -0.065 -0.042 -0.056 -0.037 -0.046 -0.031 -0.052 -0.034 -0.058 -0.037

Table 12. Spearman’s ρ and Kendall’s τ correlations between test accuracy and each of the minimum eigenvalue proxies are computed
for 1,000 ViT architectures (5–7M parameters) across 26 feature types. These proxies are calculated in both token and embedding spaces
for individual and combined features, with dimension reductions u = 1, 4, 8 and 16. Bold values indicate correlations higher than those of
previous proxies in Table 8.

Proxy
Token Embedding

u=1 u=4 u=8 u=16 u=1 u=4 u=8 u=16
ρ τ ρ τ ρ τ ρ τ ρ τ ρ τ ρ τ ρ τ

Encoder

Q 0.796 0.636 0.585 0.408 0.671 0.462 0.725 0.501 0.794 0.633 0.643 0.433 0.626 0.421 0.620 0.422
K 0.792 0.630 0.547 0.377 0.502 0.320 0.745 0.528 0.797 0.637 0.608 0.408 0.681 0.453 0.697 0.489
V 0.797 0.637 0.703 0.478 0.648 0.441 0.737 0.495 0.796 0.637 0.477 0.317 0.531 0.356 0.691 0.456
V ′ 0.792 0.628 0.656 0.468 0.596 0.389 0.775 0.559 0.699 0.540 0.407 0.263 0.461 0.304 0.481 0.305

MHSAout 0.794 0.633 0.277 0.184 0.331 0.214 0.519 0.345 0.701 0.541 0.498 0.340 0.468 0.321 0.488 0.333
M1 0.795 0.633 0.641 0.449 0.677 0.470 0.727 0.493 0.761 0.585 0.521 0.350 0.532 0.356 0.525 0.349
M2 0.761 0.589 0.617 0.430 0.694 0.484 0.761 0.531 0.698 0.537 0.487 0.325 0.493 0.328 0.558 0.375

GELUout 0.016 0.013 -0.094 -0.063 -0.068 -0.045 0.029 0.019 0.129 0.104 0.009 0.006 0.027 0.020 0.004 0.007
SC MSAout 0.008 0.007 -0.068 -0.044 0.054 0.036 0.046 0.031 -0.138 -0.109 -0.086 -0.057 -0.108 -0.071 -0.098 -0.068
SC MLPout 0.042 0.034 -0.050 -0.032 0.069 0.044 0.053 0.036 -0.138 -0.109 -0.073 -0.048 -0.109 -0.073 -0.111 -0.075
LN EPin 0.021 0.017 -0.050 -0.033 0.049 0.031 0.033 0.023 -0.138 -0.109 -0.082 -0.054 -0.092 -0.062 -0.097 -0.066
LN EPout 0.052 0.042 -0.050 -0.033 0.049 0.031 0.033 0.023 -0.142 -0.113 -0.104 -0.068 -0.060 -0.039 -0.192 -0.127
LN1 SCout 0.008 0.007 -0.068 -0.044 0.054 0.036 0.046 0.031 -0.138 -0.109 -0.086 -0.057 -0.108 -0.071 -0.156 -0.107
LN2 SCout 0.037 0.029 -0.068 -0.044 0.069 0.044 0.046 0.031 -0.139 -0.110 -0.078 -0.051 -0.083 -0.055 -0.098 -0.068
LN3 SCout 0.042 0.034 -0.050 -0.032 0.054 0.036 0.054 0.036 -0.138 -0.109 -0.073 -0.048 -0.109 -0.073 -0.157 -0.107

Patches EP NA NA -0.192 -0.157 -0.192 -0.157 -0.192 -0.157 -0.192 -0.157 -0.192 -0.157 0.192 0.157 -0.192 -0.157

MLP Head E 0.076 0.061 0.028 0.010 -0.035 -0.020 0.371 0.246 -0.126 -0.096 -0.016 -0.009 0.019 0.013 0.052 0.036
LN Eout 0.091 0.074 0.028 0.010 -0.034 -0.020 0.371 0.246 -0.086 -0.067 -0.068 -0.050 0.031 0.018 -0.111 -0.075

QKV 0.795 0.634 0.612 0.432 0.628 0.413 0.775 0.560 0.734 0.529 0.625 0.425 0.558 0.371 0.653 0.449
M1 + M2 0.797 0.639 0.685 0.484 0.745 0.525 0.749 0.514 0.752 0.576 0.552 0.374 0.554 0.372 0.554 0.373

QKV + M1 + M2 0.798 0.640 0.699 0.498 0.734 0.503 0.757 0.527 0.836 0.654 0.721 0.521 0.704 0.504 0.704 0.505
QKV + MHSAout 0.798 0.639 0.616 0.436 0.628 0.413 0.775 0.560 0.771 0.567 0.658 0.453 0.592 0.395 0.668 0.461

MHSAout + M1 + M2 0.798 0.640 0.687 0.485 0.745 0.525 0.749 0.514 0.745 0.570 0.588 0.404 0.574 0.387 0.562 0.379
QKV + MHSAout + M1 + M2 0.798 0.640 0.700 0.500 0.734 0.503 0.757 0.527 0.831 0.650 0.734 0.532 0.714 0.513 0.709 0.510

Q + K + V 0.798 0.640 0.733 0.528 0.711 0.483 0.751 0.516 0.798 0.639 0.703 0.490 0.734 0.512 0.756 0.532
SC MSAout + SC MLPout 0.027 0.022 -0.060 -0.039 0.065 0.042 0.050 0.033 -0.143 -0.114 -0.081 -0.054 -0.113 -0.075 -0.105 -0.072

distillation accuracy. These results demonstrate that our
proxies are effective predictors for ViT distillation training
across CIFAR-100, Flowers, and Chaoyang datasets.



Table 13. Spearman’s ρ and Kendall’s τ correlations between test
accuracy and each of the entropy proxies in token space with di-
mension reduction u = 1, computed for 1,000 ViT architectures
(15–19M parameters) and 1,000 ViT architectures (45–47M pa-
rameters) across 26 feature types, compared with baselines.

Proxy 15-19M 45-47M
ρ τ ρ τ

SNIP [30] 0.280 0.190 0.056 0.037
GraSP [50] -0.064 -0.043 0.023 0.015

TE-score [7] -0.084 -0.057 -0.057 -0.106
NASWOT [36] 0.232 0.162 0.243 0.171

DSS [68] 0.468 0.315 -0.119 -0.079
AutoProxA [57] 0.446 0.299 -0.126 -0.084

DSS++ [69] 0.450 0.302 -0.140 -0.094

Encoder

Q 0.544 0.369 0.003 0.002
K 0.556 0.378 0.085 0.057
V 0.512 0.344 0.03 0.02
V ′ 0.582 0.401 -0.024 -0.016

MHSAout 0.529 0.356 -0.038 -0.025
M1 0.720 0.533 0.380 0.261
M2 0.530 0.355 0.003 0.002

GELUout 0.413 0.290 0.293 0.202
SC MSAout 0.145 0.097 0.011 0.008
SC MLPout 0.166 0.111 -0.026 -0.018
LN EPin 0.178 0.119 -0.015 -0.010
LN EPout 0.185 0.124 -0.041 -0.027
LN1 SCout 0.145 0.097 0.011 0.008
LN2 SCout 0.153 0.103 0.004 0.004
LN3 SCout 0.166 0.111 -0.026 -0.018

Patches EP 0.051 0.042 NA NA

MLP Head E 0.031 0.021 -0.055 -0.037
LN Eout 0.024 0.016 -0.050 -0.034

QKV 0.559 0.380 -0.178 -0.119
M1 + M2 0.718 0.529 0.368 0.251

QKV + M1 + M2 0.675 0.484 0.232 0.158
QKV + MHSAout 0.560 0.380 -0.170 -0.114

MHSAout + M1 + M2 0.717 0.529 0.360 0.246
QKV + MHSAout + M1 + M2 0.720 0.533 0.350 0.239

Q + K + V 0.541 0.367 0.084 0.056
SC MSAout + SC MLPout 0.148 0.098 0.004 0.003

Table 14. Spearman’s ρ and Kendall’s τ correlation rankings of
the top-3 Token-Entropy proxies (u = 1) across 1,000 ViT archi-
tectures (5–7M) using: 1) feature map 0, 2) feature map 10, and
3) a random feature map for each chosen module. Comparable
results across these sampling strategies demonstrate that our
proxies are independent of the specific feature map selection.

Proxy Index 0 Index 10 Random dynamic index
ρ τ ρ τ ρ τ

M1 +M2 0.871 0.687 0.875 0.693 0.870 0.685
MHSAout + M1 + M2 0.874 0.692 0.874 0.692 0.868 0.682

QKV + MHSAout + M1 + M2 0.864 0.676 0.864 0.677 0.863 0.676

Table 15. Spearman’s ρ and Kendall’s τ correlation rankings of
the top-3 Token-Entropy proxies (u = 1) across 1,000 ViT ar-
chitectures (5–7M) using original and Gaussian inputs. Compa-
rable results across inputs suggest that our proxies are data-
independent.

Proxy Real Input Gaussian Input
ρ τ ρ τ

M1 +M2 0.849 0.665 0.847 0.663
MHSAout + M1 + M2 0.851 0.669 0.846 0.662

QKV + MHSAout + M1 + M2 0.856 0.676 0.837 0.650

K. Experiment Setup and Additional Results
for Efficient ViT Design

To enable efficient ViT design, we employ our proxy in a
one-shot Neural Architecture Search (NAS) framework to

Table 16. Spearman’s ρ and Kendall’s τ correlation rankings of the
top-3 Token-Entropy proxies (u = 1) across 1,000 ViT architec-
tures (5–7M) using original and noise-added input. Comparable
results across inputs suggest that our proxies are robust.

Proxy Original Data Gaussian Noise
ρ τ ρ τ

M1 +M2 0.849 0.665 0.849 0.665
MHSAout + M1 + M2 0.851 0.669 0.844 0.659

QKV + MHSAout + M1 + M2 0.856 0.676 0.836 0.649

Table 17. Spearman’s ρ and Kendall’s τ correlation rankings be-
tween the Token-Entropy proxy (u = 1) values and OoD accuracy
across 1,000 ViT architectures (5–7M parameters). Our proxy
demonstrates promising performance, achieving results com-
parable to those of previous ViT proxies.

Proxy ρ τ

DSS [68] 0.647 0.454
AutoProxA [57] 0.633 0.440

DSS++ [69] 0.636 0.443
MHSAout + M1 + M2 0.664 0.482

Table 18. Spearman’s ρ correlation rankings between the top-2
features proxies with entropy, minimum eigenvalue in token and
embedding space (u = 1), and CIFAR-100 distillation accuracy,
across 100 ViT architectures - AutoFormer. Bold indicates the top-
2 strongest proxies. Our proxies demonstrate that it is strong
indicators for ViT architecture distillation training on CIFAR-
100.

Proxy
Entropy Minimum Eigenvalue

Token Embedding Token Embedding
MHSAout +M1 +M2 0.894 0.811 0.793 0.811

QKV +MHSAout +M1 +M2 0.890 0.867 0.793 0.868

Table 19. Spearman’s ρ and Kendall’s τ correlation rankings
between the Token-Entropy proxy (u = 1) values and CIFAR-
100 distillation accuracy across 100 ViT architectures - Auto-
Former. Our proxies achieved higher correlation than base-
lines, demonstrating that it is strong indicators for ViT archi-
tecture in CIFAR-100 distillation training.

Proxy ρ τ
DSS [68] 0.715 0.530

AutoProxA [57] 0.750 0.558
DSS++ [69] 0.751 0.558

MHSAout + M1 + M2 0.894 0.724
QKV +MHSAout + M1 + M2 0.890 0.715

Table 20. Spearman’s ρ correlation rankings between the top-2
features, using entropy and minimum eigenvalue proxies (u = 1)
in token and embedding space, with Flowers distillation accuracy,
across 100 ViT architectures - AutoFormer. Bold indicates the
top-2 strongest proxies. Our proxies demonstrate that they are
strong indicators for ViT architecture distillation training on
Flowers.

Proxy
Entropy Minimum Eigenvalue

Token Embedding Token Embedding
MHSAout +M1 +M2 0.682 0.877 0.465 0.874

QKV +MHSAout +M1 +M2 0.672 0.827 0.465 0.828



Table 21. Spearman’s ρ and Kendall’s τ correlation rankings be-
tween the entropy, minimum eigenvalue proxies (u = 1) in em-
bedding space and Flowers distillation accuracy across 100 ViT
architectures - AutoFormer. Our proxies achieve higher corre-
lations than the baselines, demonstrating that they are strong
indicators for ViT architecture performance in Flowers distil-
lation training.

Proxy ρ τ
DSS [68] 0.819 0.655

AutoProxA [57] 0.823 0.657
DSS++ [69] 0.834 0.679

MHSAout + M1 + M2 (Entropy) 0.877 0.723
MHSAout + M1 + M2 (MinEigen) 0.874 0.728

Table 22. Spearman’s ρ correlation rankings between the top-2
features in token and embedding space, using entropy and mini-
mum eigenvalue proxies (u = 8), and Flowers distillation accu-
racy across 100 ViT architectures - PiT. Bold indicates the top-2
strongest proxies. Our proxies demonstrate that they are strong
indicators for ViT architecture distillation training on Flowers
in the PiT search space.

Proxy
Entropy Minimum Eigenvalue

Token Embedding Token Embedding
MHSAout +M1 +M2 0.618 0.900 0.606 0.911

QKV +MHSAout +M1 +M2 0.605 0.953 0.585 0.964

Table 23. Spearman’s ρ and Kendall’s τ correlation rankings be-
tween the entropy, minimum eigenvalue proxies (u = 8) in em-
bedding space and CIFAR-100 distillation accuracy across 100
ViT architectures - PiT. Our proxies achieve higher correlations
than the baselines, demonstrating that they are strong indica-
tors for ViT architecture performance in CIFAR-100 distilla-
tion training.

Proxy
Vanilla Distillation

ρ τ ρ τ

DSS [68] 0.831 0.656 0.823 0.640
AutoProxA [57] 0.827 0.640 0.907 0.743

DSS++ [69] 0.879 0.708 0.865 0.684
QKV +MHSAout + M1 + M2 (Entropy) 0.861 0.670 0.910 0.744
QKV +MHSAout + M1 + M2 (MinEigen) 0.863 0.677 0.924 0.763

Table 24. Spearman’s ρ and Kendall’s τ correlation rankings
between the entropy, minimum eigenvalue proxies (u = 8) in
embedding space, and Flowers distillation accuracy across 100
ViT architectures - PiT. Our proxies achieve higher correlations
than the baselines, demonstrating that they are strong indica-
tors for ViT architecture performance in Flowers distillation
training.

Proxy
Vanilla Distillation

ρ τ ρ τ

DSS [68] 0.858 0.691 0.850 0.680
AutoProxA [57] 0.886 0.706 0.936 0.792

DSS++ [69] 0.893 0.729 0.891 0.722
QKV +MHSAout + M1 + M2 (Entropy) 0.919 0.750 0.953 0.817
QKV +MHSAout + M1 + M2 (MinEigen) 0.930 0.774 0.964 0.840

identify the optimal architecture that achieves the highest
accuracy under computational constraints. The process con-
sists of two stages. In the first stage, we integrate our proxy

Table 25. Spearman’s ρ and Kendall’s τ correlation rankings
between the entropy, minimum eigenvalue proxies (u = 8) in
embedding space and Chaoyang distillation accuracy across 100
ViT architectures - PiT. Our proxies achieve higher correlations
than the baselines, demonstrating that they are strong indica-
tors for ViT architecture performance in Chaoyang distillation
training.

Proxy
Vanilla Distillation

ρ τ ρ τ

DSS [68] 0.653 0.472 0.670 0.492
AutoProxA [57] 0.713 0.523 0.722 0.546

DSS++ [69] 0.765 0.572 0.740 0.560
QKV +MHSAout + M1 + M2 (Entropy) 0.781 0.589 0.787 0.610
QKV +MHSAout + M1 + M2 (MinEigen) 0.772 0.580 0.782 0.601

into the searching method to predict the optimal ViT archi-
tecture within the search space. In the second stage, the se-
lected ViT architecture is retrained from scratch to achieve
its final performance.

Because our proxy can compute values for thousands
of architectures in a short time, it significantly reduces the
search time compared to traditional NAS methods and pre-
vious proxies. Moreover, in practice, when using our proxy
as an indicator within a one-shot NAS framework, it is un-
necessary to train the large Supernet to estimate the per-
formance of all architectures. For other types of NAS, it
eliminates the need to train thousands of sub-architectures
to evaluate their performance. Therefore, our method sub-
stantially reduces the time required for training, making the
design of efficient ViTs more practical.

K.1. AutoFormer Search Space

Searching setup: We use the Token-Entropy proxy
MHSAout +M1 +M2 (u = 8) to search for the optimal
subnet within the AutoFormer Supernet NAS architecture
for ImageNet1K [11]. In AutoFormer-Tiny, we constrain
the parameter range to 4-6 million and perform evolution-
ary search over 2,000 ViT architectures in 8.67 hours. In
AutoFormer-Small, we search for the optimal subnet within
the 20-23 million parameter range using 1,400 ViT archi-
tectures in 4.12 hours. For AutoFormer-Base, the parame-
ter range is constrained to 51-54 million, and the search is
conducted over 600 ViT architectures in 1.48 hours. The
configuration details for evolutionary subnet search are pro-
vided in Table 26. We use one GPU, with 10 workers and a
batch size of 64. The input resolution is set to 224×224, and
the images are normalized using the mean [0.485, 0.456,
0.406] and standard deviation [0.229, 0.224, 0.225].

Table 26. Searching setting when using Token-Entropy
MHSAout + M1 + M2 (u = 8) Proxy in Autoformer search
space.

Size Param (M) Search time (h) Population
Tiny 4-6 8.67 2000
Small 20-23 4.12 1400
Base 51-54 1.48 600



Training setup. We retrain the three searched ViT archi-
tectures on ImageNet-1K [11], employing the same image
resolution and preprocessing as in the search phase to en-
sure consistency. All models are trained for 500 epochs, in-
cluding 20 warm-up epochs. The warm-up learning rate is
set to 1×10−6, the minimum learning rate to 1×10−5, and
the base learning rate is 0.0005, scheduled using a cosine
scheduler. The optimization is performed with the AdamW
optimizer, with a weight decay of 0.05 and a momentum of
0.9. Training is conducted on 2 GPUs with 12 workers.
• Tiny ViT Architecture: Batch size of 1024.
• Small ViT Architecture: Batch size of 512.
• Base ViT Architecture: Batch size of 256.

Metrics. The evaluation results are reported using Top-1
and Top-5 accuracy.

K.2. Transfer Learning
Experiment setup: We fine-tune the searched architec-
ture MHSAout + M1 + M2 - S at an input resolution of
384 × 384 on CIFAR-10 and CIFAR-100 [28]. The warm-
up learning rate is 1 × 10−6, the minimum learning rate
is 1 × 10−5, and the base learning rate is 0.0005, sched-
uled with a cosine scheduler. We use the AdamW optimizer
with a weight decay of 0.05 and a momentum of 0.9. The
number of workers is set to 12.
• CIFAR-10. Batch size of 64, trained on 2 GPUs for 385

epochs, with 50 warm-up epochs.
• CIFAR-100. Batch size of 32, trained on 4 GPUs for 500

epochs, with 50 warm-up epochs.

Table 27. Transfer learning results on CIFAR-10 and CIFAR-100,
reported in terms of Top-1 accuracy and the number of parameters.

Model Param CIFAR-10 CIFAR-100

ViT-B/16 [14] 86M 98.1 87.1
DeiT-B [48] 86M 99.1 90.8
Autoformer-S [5] 23M 99.1 91.1
TF-TAS-S [68] 23M 99.1 91.2
T-Razor-S [69] 23M 99.1 91.3
MHSAout + M1 + M2 - S 23M 99.1 91.3

Results: As shown in Table 27, the optimal ViT archi-
tecture identified by our proposed proxy achieves transfer
learning performance comparable to AutoFormer-S [5], TF-
TAS-S [68], and T-Razor-S [69].

K.3. PiT Search Space
Searching setup. We use our Token-Entropy proxy
MHSAout +M1 +M2 (u = 8) to search for the optimal
ViT architecture within the PiT search space for ImageNet-
1K [11]. We constrain the parameter range to 1–5 million
and perform the search over 500 ViT architectures. The to-
tal search time is 0.166 hours. The search is conducted us-
ing one GPU, with 10 workers and a batch size of 64. We

use an input resolution of 224 × 224, and images are nor-
malized using the mean [0.485, 0.456, 0.406] and standard
deviation [0.229, 0.224, 0.225].

Training setup. We train the searched ViT architectures
on ImageNet-1K [11] and use the same image resolution
and preprocessing as in the search setup. We use a batch
size of 256 and train for 500 epochs. The learning rate is set
to 0.0005 with a cosine scheduler. We adopt the AdamW
optimizer with a weight decay of 0.05 and a momentum
parameter of 0.9. Training is conducted using 2 GPUs with
10 workers.

Metrics. We present the results in terms of Top-1 and
Top-5 accuracy.

L. Limitation
Our evaluation is comprehensive and consistent with prior
work. However, examining a larger search space in future
studies could provide additional confirmation of the accu-
racy improvements achieved by our proxies.
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