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Abstract
Neural Architecture Search (NAS) automates the
design of Vision Transformer (ViT) architectures.
However, the high computational cost of training-
based methods has made zero-cost proxies a key
research direction. While existing proxies can es-
timate model potential, they fail to capture criti-
cal information transmission characteristics due to
the black-box nature of neural networks. Conse-
quently, they suffer from high computational la-
tency and weak correlation with ground-truth per-
formance. Although information transmission de-
termines performance, it has not been effectively
quantified. This limitation remains the bottleneck
for current methods. In this paper, we propose
Info-NAS, a zero-cost proxy based on architectural
information. This method achieves the first struc-
tured quantification of information transmission in
ViT. Specifically, it evaluates architectures using
three core components: global information volume,
local information gradient, and global consistency.
Info-NAS derives proxy scores solely from archi-
tectural parameters, requiring no forward or back-
ward propagation. Consequently, the calculation
and search processes are highly efficient. More-
over, we construct the ViT-Info-Bench dataset for
algorithm evaluation. Experimental results demon-
strate that Info-NAS significantly reduces search
overhead while achieving superior ranking accu-
racy. With a single evaluation requiring only
1.8 ms, Info-NAS outperforms existing methods in
both efficiency and performance. Our code is avail-
able at https://github.com/Shallow-W/Info-NAS.

1 Introduction
In recent years, Vision Transformer (ViT)[Dosovitskiy et al.,
2021; Liu et al., 2021] has demonstrated exceptional mod-
eling capabilities in computer vision tasks, gradually be-
coming a mainstream architecture in the field. However,
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Figure 1: Comparison of zero-cost proxies on the CIFAR-100
dataset from ViT-Info-Bench. We compare Info-NAS with existing
zero-cost proxies in terms of runtime and Kendall’s τ . Info-NAS
requires only 1.8 ms per architecture, which is 51.9× faster than
Auto-Prox [Wei et al., 2024a], while achieving the highest correla-
tion. This demonstrates that Info-NAS outperforms other zero-cost
proxies in both performance and efficiency.

the performance of ViT relies heavily on complex archi-
tectural designs [Touvron et al., 2021b; Zhai et al., 2022;
Alabdulmohsin et al., 2023], including the selection of hyper-
parameters such as embedding dimension, number of heads,
MLP expansion ratio, and network depth. The search space
formed by these design dimensions is vast, where even sub-
tle structural differences can lead to drastic fluctuations in
model performance. Traditional manual design approaches
are not only time-consuming and labor-intensive but also
rely heavily on expert experience, making it difficult to sys-
tematically explore optimal structures [Ren et al., 2021;
Gong and Wang, 2022].

To automate the design of efficient ViT architectures, tradi-
tional Neural Architecture Search (NAS) [Elsken et al., 2019;
Wei et al., 2024b] emerged as an early solution. However,
this approach requires training every candidate model, con-
suming massive computational resources. To reduce costs,
researchers proposed supernet [Guo et al., 2020; Chen et al.,
2021b] methods, which involve training a single colossal net-
work and subsequently selecting different sub-structures from
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it. Although faster than traditional methods, training a su-
pernet still requires hundreds of GPU hours. Consequently,
Training-free NAS [Abdelfattah et al., 2021; Chen et al.,
2021c; Mellor et al., 2021] has become a research hotspot.
The core of this approach lies in designing a proxy metric ca-
pable of predicting the final performance of an architecture at
Zero-Cost, enabling the rapid evaluation of untrained models
and reducing search costs.

However, the search efficiency of mainstream zero-cost
proxy [Lee et al., 2019; Tanaka et al., 2020; Ha et al., 2023;
Jiang et al., 2023], including ViT-specific approaches such
as TF-TAS [Zhou et al., 2024] and Auto-Prox [Wei et al.,
2024a], remains suboptimal. Since these methods rely on
forward or backward propagation, they incur non-negligible
computational overhead when applied to large-scale search
spaces. Furthermore, these methods often overlook the
structural characteristics of ViT and rely on single metrics,
thereby failing to provide a comprehensive evaluation of
the architectures. Finally, although some studies have at-
tempted to establish benchmark datasets [Ho et al., 2024;
Wei et al., 2024a] for ViT architecture search, they remain
insufficient in terms of dataset types and the number of archi-
tectures. This limitation directly hinders the rigorous evalua-
tion of zero-cost proxy performance.

To address these issues, this paper proposes Info-NAS, a
zero-cost proxy method based on information quantification
that deeply models the unique structural characteristics of
ViT by quantifying their information features. This repre-
sents the first structural modeling and quantification of the in-
formation processing efficiency of ViT architectures, provid-
ing a new physical perspective for understanding the intrinsic
quality of neural network architectures. Specifically, we de-
fine the concept of Layer-wise Modulated Information and
evaluate the potential of ViT architectures using three core
components: (1) Global Information Volume (V): Measures
the inherent information processing capability of network
layers. (2) Local Information Gradient (G): Evaluates the
smoothness of information flow between layers. (3) Global
Consistency (C): Analyzes the overall consistency of the ar-
chitecture. Finally, we fuse the information features from
these three dimensions to obtain the final proxy score. Ad-
ditionally, we constructed the ViT-Info-Bench dataset, which
contains diverse ViT architectures and their ground-truth per-
formance on CIFAR-10, CIFAR-100, Mini-ImageNet, and
Tiny-ImageNet, providing a reliable benchmark for evaluat-
ing zero-cost proxy research on ViT.

Our core contributions can be summarized as follows:

• We propose Info-NAS, a zero-cost proxy that achieves
the first structured quantification of information trans-
mission in ViT. This method evaluates the architecture
through three core components: Global Information Vol-
ume, Local Information Gradient, and Global Consis-
tency, without requiring any forward or backward prop-
agation.

• We construct a benchmark dataset based on the Aut-
oFormer [Chen et al., 2021b] search space, which in-
cludes various ViT architectures and their performance
across multiple datasets. This establishes an evaluation

platform for training-free methods and provides data
support for the correlation analysis of zero-cost proxies.

• Through extensive experiments, we comprehensively
validate the superiority of Info-NAS across multiple
benchmark datasets and search spaces. The results
demonstrate that Info-NAS outperforms advanced zero-
cost proxies in terms of the correlation between proxy
scores and ground-truth accuracy. More importantly,
as shown in Figure 1, while maintaining high perfor-
mance, Info-NAS significantly reduces the computa-
tional overhead of proxy scoring and the overall search
time, achieving search efficiency far surpassing existing
training-free algorithms.

2 Related Works
2.1 Neural Architecture Search for ViT
Early ViT NAS adopted the One-Shot [Guo et al., 2020;
Peng et al., 2020] paradigm from CNN. The core strategy
is to train a supernet that contains all candidate sub-networks.
AutoFormer [Chen et al., 2021b] pioneered this direction by
introducing a weight entanglement mechanism. It achieved
superior performance by evaluating sub-networks sampled
from the trained supernet. Subsequently, ViTAS [Su et al.,
2022] proposed cyclic weight sharing and identity transfor-
mation mechanisms. Independent class tokens were assigned
to different patch sizes to reduce weight interference be-
tween sub-networks. Later methods focused on more com-
plex search spaces and optimization strategies. For exam-
ple, GLiT [Chen et al., 2021a] introduced convolutional op-
erations to search for hybrid architectures. NASViT [Gong
and Wang, 2022] addressed gradient conflicts during super-
net training and used hardware constraints to guide the search.
Although these methods automate architecture design, super-
net training remains extremely expensive. The high compu-
tational cost hinders the application of NAS in scenarios re-
quiring rapid iteration.

2.2 Zero-Cost Proxy
Training-free architecture search has emerged as a promis-
ing direction to mitigate the computational costs of super-
net training. These methods utilize a zero-cost proxy to
predict final performance at initialization, bypassing expen-
sive training processes. Early proxies [Lee et al., 2019;
Tanaka et al., 2020; Abdelfattah et al., 2021] primarily tar-
geted CNN and relied on weight magnitudes or gradient
norms. Recently, proxies tailored for ViT have been devel-
oped. TF-TAS [Zhou et al., 2024], the pioneering training-
free method for ViT, assesses architectural potential by mea-
suring synaptic diversity in MSA and synaptic saliency in
MLP. Auto-Prox [Wei et al., 2024a] introduced an automated
discovery framework to enhance robustness using a Joint Cor-
relation Metric (JCM). AZ-NAS [Lee and Ham, 2024] im-
proved ranking consistency by integrating metrics for expres-
sivity, progressivity, trainability, and complexity. However,
existing ViT proxies typically require a forward or backward
pass, preventing them from being truly zero-cost. In this pa-
per, we model the architectural information flow based on
ViT components and propose a simpler, effective proxy. This
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Figure 2: The overall framework of Info-NAS. Given a candidate architecture Ai sampled from the ViT search space, we first model the
Layer-wise Inherent Information (Cl) based on network depth and calculate the modulation factors for Dimension, MSA, and MLP. These
components are integrated to derive the Layer-wise Modulated Information (MIl). Subsequently, we employ three components to evaluate
the architecture: V , G, C. The final proxy score is obtained by a weighted summation of these metrics after Z-score normalization, enabling
efficient performance prediction without training.

approach drastically reduces evaluation time while signifi-
cantly improving NAS performance.

3 Methodology
Figure 2 illustrates the overall framework of the proposed
information-driven zero-cost proxy method. First, we intro-
duce the concepts of Layer-wise Inherent Information, Infor-
mation Modulation Coefficient, and Layer-wise Modulated
Information. Next, we define three components by quantify-
ing the connection between architectural parameters and in-
formation efficiency. Finally, we normalize these metrics to
formulate the comprehensive proxy score.

3.1 Layer-wise Information Modeling
Within a discrete ViT architecture search space S , any can-
didate architecture A is uniquely determined by the follow-
ing tuple of hyperparameters: A = {L, (El, Dl, Hl, Rl)

L
l=1}

where L denotes the total number of layers in the Transformer
encoder. For the l-th layer, El represents the embedding di-
mension; Dl indicates the dimension of the Q-K-V matrices;
Hl signifies the number of attention heads; and Rl denotes
the expansion ratio of MLP.

Layer-wise Inherent Information
In deep neural networks, information transmission often de-
creases layer by layer after multiple non-linear transforma-
tions [He et al., 2016; Liu et al., 2022]. This information dis-
sipation extends to ViT [Noci et al., 2022; Dong et al., 2021;
Zhou et al., 2021], where deep features become homoge-
nized, implying severe information loss during transmission.
Motivated by this, we introduce Layer-wise Inherent Infor-
mation. Treating the network as a transmission channel with
inherent loss, we employ a depth-based exponential decay
model to simulate natural information attenuation in an ide-
alized state. Specifically, for the l-th layer of architecture A,
it is defined as:

Cl = 2α−
β

γ−l , (1)

Figure 3: Impact of architectural hyperparameters on ImageNet Top-
1 accuracy. The plots visualize the performance trends when varying
the Embedding Dimension (Left) and Expansion Ratio (Right).

where l represents the layer depth, and α, β, γ are hyper-
parameters controlling the inherent information decay curve.
We set α = 12 and β = 2 through experiments. Given
the maximum search depth of 16, we assign γ = 17, where
this slight margin ensures γ functions as a valid asymptotic
boundary.

Information Modulation Coefficient
While Cl serves as a theoretical prior, the effective informa-
tion transmission is governed by specific architectural config-
urations that actively modulate the information flow. Conse-
quently, we introduce the Information Modulation Coefficient
η to quantify this effect for the l-th layer. Considering that a
ViT layer comprises MSA and MLP blocks operating within
a defined embedding dimension, η is designed to jointly eval-
uate the efficacy of these structural components:

ηl = (Edim
l )wdim · (Emsa

l )wmsa · (Emlp
l )wmlp , (2)

where Edim
l , Emsa

l , and Emlp
l represent the embedding di-

mension factor, the MSA factor, and the MLP factor of the
l-th layer, respectively; wdim, wmsa, and wmlp are hyperpa-
rameters used to regulate the sensitivity of each factor in the
overall score.
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Dimension Factor. Serving as the carrier of information
flow, the embedding dimension El defines the width of the
inter-layer channel and determines the capacity upper bound
of the feature state space. To quantify its impact on process-
ing efficiency, we analyze how model performance responds
to varying dimensions. As shown in Figure 3, widening the
channel significantly enhances feature representation in the
low-dimension regime. However, performance quickly satu-
rates with further expansion and approximates a logarithmic
trend. Consequently, we quantify the gain of El logarithmi-
cally and define the factor as:

Edim
l = logEl. (3)

MSA Factor. To quantify the efficacy of the MSA module,
we model it through two dimensions: Feature Transforma-
tion Scale and Multi-head Subspace Diversity. First, we an-
alyze the feature transformation scale. As the search space
allows for decoupled embedding dimensions El and Q-K-V
dimensions Dl, a linear projection is required within the MSA
module. Specifically, the mapping from the embedding space
REl to the Q-K-V subspaces RDl is performed by a weight
matrix Wl ∈ REl×Dl . The scale of this transformation is de-
termined by the product of the input and output dimensions,
which quantifies both computational complexity and parame-
ter volume. Therefore, the feature transformation scale Sl of
the l-th layer is defined as:

Sl = El ·Dl. (4)

Theoretically, a restricted scale may cause an information
bottleneck, leading to semantic loss. Conversely, an excessive
scale introduces redundancy with minimal gain. To balance
representation capacity and parameter efficiency, we propose
an adaptability metric P (Sl) utilizing the Sigmoid function.

P (Sl) =
1

1 + exp(−σ1 · (Sl − τ1))
, (5)

where σ1 and τ1 are tunable hyperparameters that control the
steepness and threshold of the function, respectively.

Next is Multi-head Subspace Diversity. MSA projects in-
puts into Hl parallel subspaces to capture multi-perspective
feature representations. While increasing Hl initially en-
riches semantics, the attentional foci of distinct heads in-
evitably overlap as the head count grows. This redundancy
leads to diminishing marginal returns in non-redundant in-
formation gain. To quantify this saturation effect, we define
multi-head subspace diversity as:

F (Hl) = 1 + σ2 · log(Hl + τ2), (6)

where σ2 and τ2 are hyperparameters that adjust the sensitiv-
ity and offset of the logarithmic function, respectively.

Synthesizing these dimensions, we define the MSA factor
Emsa

l for the l-th layer as the product of the feature transfor-
mation scale and multi-head subspace diversity:

Emsa
l = P (Sl(El, Dl)) · F (Hl). (7)

MLP Factor. The MLP performs nonlinear transforma-
tions on the information flow across channel dimensions. The
expansion ratio Rl determines the capacity of the hidden fea-
ture space, directly reflecting the information reconstruction
capability of that layer. To quantify the specific impact of
Rl on performance, we conducted experiments. As shown in
Figure 3, within the commonly used search range of [3, 5],
model accuracy demonstrates a monotonic ascent with in-
creasing Rl. Therefore, we directly adopt Rl as the MLP
factor:

Emlp
l = Rl. (8)

Layer-wise Modulated Information
Finally, we define the information of the l-th layer processed
by architectural modulation as the Layer-wise Modulated In-
formation. This metric is formed by coupling the layer-wise
inherent information with the information modulation coeffi-
cient, defined as:

MIl = Cl · ηl. (9)

3.2 Zero Proxy of Info-NAS
Next, we further analyze and process the Layer-wise Modu-
lated Information and specifically design three core evalua-
tion components.

Global Information Volume. In constructing the Info-
NAS comprehensive proxy metric, the primary task is to
quantify the architecture’s capacity for information flow car-
riage and processing at the global scale. Since each network
layer performs nonlinear mapping on input features, its con-
tribution to the global representation is cumulative. There-
fore, we define the Global Information Volume V by sum-
ming the modulated information of all layers.

V =

L∑
i=1

MIi. (10)

Local Information Gradient. In training-free NAS re-
search for ViT [Wei et al., 2024a; Zhou et al., 2024], gradient
distribution and magnitude are considered direct indicators
of model diversity. These metrics reflect the network’s sensi-
tivity to input features and its processing potential. Inspired
by this, we introduce the Local Information Gradient compo-
nent to capture feature transformation activity from the per-
spective of local dynamic evolution. To quantify the dynamic
variations in inter-layer information flow, we define this met-
ric as the cumulative sum of the change intensity of weighted
information between adjacent layers:

G =
L−1∑
i=2

|Ci+1 ·MIi+1 − Ci−1 ·MIi−1|. (11)

Global Consistency. To ensure macro structural robust-
ness and prevent pathological architectures, we introduce the
Global Consistency metric. Designed to enforce global equi-
librium, it is defined as the sum of pairwise differences in
weighted information between any two network layers:

C = −
L∑

i=1

L∑
j=i+1

|Ci ·MIi − Cj ·MIj |. (12)
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Method CIFAR-10-T CIFAR-100-T Mini-ImageNet-T Tiny-ImageNet-T CIFAR-10-S CIFAR-100-S

Kendall Spearman Kendall Spearman Kendall Spearman Kendall Spearman Kendall Spearman Kendall Spearman

Jacobian [Hosseini et al., 2021] 0.195 0.285 0.236 0.345 0.244 0.363 0.241 0.355 0.292 0.426 0.248 0.371
Meco [Jiang et al., 2023] 0.047 0.070 0.059 0.088 0.093 0.138 0.073 0.110 0.058 0.087 0.044 0.067
TE-NAS [Chen et al., 2021c] 0.401 0.594 0.478 0.677 0.482 0.680 0.471 0.666 0.497 0.709 0.471 0.675
GraSP [Wang et al., 2020] 0.292 0.438 0.385 0.555 0.382 0.550 0.355 0.512 0.470 0.666 0.436 0.626
Croze [Ha et al., 2023] 0.485 0.709 0.608 0.815 0.615 0.824 0.591 0.804 0.640 0.850 0.609 0.818
SNIP [Lee et al., 2019] 0.466 0.696 0.605 0.817 0.626 0.836 0.581 0.794 0.654 0.857 0.600 0.809
Synflow [Tanaka et al., 2020] 0.508 0.734 0.665 0.860 0.710 0.896 0.649 0.848 0.659 0.864 0.610 0.818
TF-TAS [Zhou et al., 2024] 0.552 0.776 0.591 0.801 0.711 0.896 0.646 0.846 0.650 0.857 0.629 0.835
Auto-Prox [Wei et al., 2024a] 0.536 0.759 0.605 0.807 0.706 0.891 0.650 0.848 0.631 0.841 0.618 0.826

Ours 0.566 0.783 0.612 0.812 0.724 0.902 0.679 0.868 0.666 0.866 0.635 0.840

Table 1: Comparison of ranking correlations on the ViT-Info-Bench dataset. We report Kendall’s τ and Spearman’s ρ coefficients for both
AutoFormer-Tiny (T) and AutoFormer-Small (S) search spaces across CIFAR-10, CIFAR-100, Mini-ImageNet, and Tiny-ImageNet datasets.

We formulate C as a structural penalty term. A value of C
closer to zero implies a more stable distribution of informa-
tion flow across the network depth, indicating superior global
consistency.
Comprehensive Proxy Score. Based on the aforemen-
tioned research, we can directly compute the raw scores
{Vi,Gi, Ci} for the three components using the architectural
parameters. To eliminate dimensional differences between
metrics of varying scales, we standardize each component’s
score using Z-scores. Finally, we obtain the comprehensive
proxy score by linearly weighting and aggregating the three
components:

Score(Ai) = λV · Ṽi + λG · G̃i + λC · C̃i, (13)
where λV , λG , λC are adjustable weighting hyperparameters
used to adjust the contribution weights among different com-
ponents.

3.3 Training-free ViT NAS
We randomly sample 100,000 architectures from the con-
strained search space and compute the raw scores {Vi,Gi, Ci}
for each architecture. Based on the composite proxy score
derived from standardizing and weighting these three compo-
nents, we select the network with the highest proxy score as
the optimal architecture. Finally, we retrain it to obtain its test
accuracy on the target dataset.

4 Experiments
In this section, we first outline the experimental setup, fol-
lowed by an introduction to the benchmark datasets: ViT-
Info-Bench, OoD-ViT-NAS, and ViT-Bench-101. Finally, we
compare Info-NAS with existing methods and present a per-
formance evaluation across multiple benchmarks.

4.1 Experimental Settings
We tuned the hyperparameters of Info-NAS on a small dataset
containing 50 real architectures. To ensure fair evaluation,
this dataset does not overlap with any subsequent bench-
marks. The determined parameters were fixed for all experi-
ments and were not fine-tuned for specific datasets. We eval-
uated our method on ViT-Info-Bench, ViT-Bench-101 [Wei et
al., 2024a], and OoD-ViT-NAS [Ho et al., 2024]. These ex-
periments cover different model complexities, with parameter

Method Param (M) Top-1 Acc (%) Runtime
(ms/arch)

CIFAR-100-T

Meco [Jiang et al., 2023] 9.43 70.58 1653.5
GraSP [Wang et al., 2020] 5.68 69.57 1654.1
SNIP [Lee et al., 2019] 9.80 70.72 813.6
Synflow [Tanaka et al., 2020] 9.09 70.77 94.9
TF-TAS [Zhou et al., 2024] 9.93 70.87 265.4
Auto-Prox [Wei et al., 2024a] 9.76 70.99 88.6
Ours 9.98 71.00 1.8

CIFAR-100-S

Meco [Jiang et al., 2023] 17.86 74.36 1838.1
GraSP [Wang et al., 2020] 21.35 74.92 1928.8
SNIP [Lee et al., 2019] 31.52 75.13 849.6
Synflow [Tanaka et al., 2020] 31.75 75.14 114.3
TF-TAS [Zhou et al., 2024] 29.74 74.99 548.4
Auto-Prox [Wei et al., 2024a] 29.74 74.99 93.5
Ours 31.94 75.14 1.8

Table 2: Evaluation of Top-1 accuracy and runtime efficiency on
CIFAR-100-T and CIFAR-100-S. Info-NAS achieves the highest ac-
curacy with lower computational latency compared to other zero-
cost proxies.

counts ranging from 4-9M, 14-34M, and 42-75M. For eval-
uation, we select the architecture with the highest zero-cost
proxy score and report its ground-truth accuracy. The details
of these benchmark datasets are introduced below.

ViT-Info-Bench. ViT-Info-Bench records the ground-truth
accuracy of ViTs on four datasets: CIFAR-10, CIFAR-100,
Mini-ImageNet, and Tiny-ImageNet. It is built upon the Aut-
oFormer search space. We first trained the AutoFormer-T
and AutoFormer-S supernets using unified settings for the
optimizer, learning rate, and regularization to ensure param-
eter reliability. Subnets were then sampled to inherit pre-
trained weights directly from the supernet for accuracy eval-
uation. This benchmark includes 500 evaluated architectures
per dataset, providing a basis for zero-cost proxy analysis.

ViT-Bench-101. ViT-Bench-101 provides both distillation
and vanilla accuracies for ViT on small datasets, includ-
ing CIFAR-100, Flowers, and Chaoyang, and the large-scale
ImageNet-1K. It supports the evaluation of zero-cost prox-
ies by analyzing score-accuracy correlations across different
scenarios.

OoD-ViT-NAS. OoD-ViT-NAS is the first comprehensive
benchmark for the OOD generalization of ViT in NAS. It
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Method CIFAR-100 Flowers Chaoyang

GraSP [Wang et al., 2020] 0.013 -0.007 -0.065
Synflow [Tanaka et al., 2020] 0.529 0.821 0.380
TE-NAS [Chen et al., 2021c] 0.433 0.738 0.394
NWOT [Mellor et al., 2021] 0.631 0.821 0.384
TF-TAS [Zhou et al., 2024] 0.508 0.833 0.381
Auto-Prox [Wei et al., 2024a] 0.639 0.836 0.411
Ours 0.769 0.846 0.384

Table 3: Spearman correlation results on ViT-Bench-101 across dif-
ferent datasets.

Method Kendall Spearman Pearson

OoD-ImageNet-T

Meco [Jiang et al., 2023] 0.328 0.483 0.504
TE-NAS [Chen et al., 2021c] 0.218 0.334 0.403
Croze [Ha et al., 2023] 0.270 0.402 0.409
SNIP [Lee et al., 2019] 0.251 0.378 0.384
Synflow [Tanaka et al., 2020] 0.404 0.575 0.410
TF-TAS [Zhou et al., 2024] 0.437 0.621 0.654
Auto-Prox [Wei et al., 2024a] 0.477 0.675 0.730
Ours 0.655 0.844 0.858

OoD-ImageNet-S

Meco [Jiang et al., 2023] 0.227 0.336 0.272
TE-NAS [Chen et al., 2021c] 0.432 0.637 0.735
Croze [Ha et al., 2023] 0.727 0.906 0.862
SNIP [Lee et al., 2019] 0.720 0.904 0.874
Synflow [Tanaka et al., 2020] 0.774 0.935 0.879
TF-TAS [Zhou et al., 2024] 0.752 0.926 0.878
Auto-Prox [Wei et al., 2024a] 0.742 0.922 0.867
Ours 0.783 0.938 0.900

OoD-ImageNet-B

Meco [Jiang et al., 2023] 0.124 0.185 0.181
TE-NAS [Chen et al., 2021c] 0.098 0.150 0.161
Croze [Ha et al., 2023] 0.150 0.250 0.229
SNIP [Lee et al., 2019] 0.154 0.263 0.244
Synflow [Tanaka et al., 2020] 0.088 0.173 0.131
TF-TAS [Zhou et al., 2024] 0.060 0.118 0.109
Auto-Prox [Wei et al., 2024a] 0.012 0.005 0.010
Ours 0.175 0.294 0.304

Table 4: Correlation analysis (Kendall, Spearman, Pearson) on the
ImageNet dataset of the OoD-ViT-NAS benchmark. Info-NAS con-
sistently maintains the highest correlation across all metrics.

comprises 3,000 architectures, with 1,000 sampled from each
of the AutoFormer Tiny, Small, and Base search spaces.
These architectures are evaluated on eight mainstream OOD
datasets, such as ImageNet-C, providing core metrics includ-
ing test accuracy and parameter counts.

4.2 Experimental Results On ViT-Info-Bench
We evaluated the rank correlation of various NAS methods on
ViT-Info-Bench using Kendall’s τ [Abdi, 2007] and Spear-
man’s ρ [Stephanou and Varughese, 2021]. As shown in
Table 1 and Figure 4, Info-NAS consistently outperforms
competitors across most metrics. These results demonstrate
that Info-NAS accurately identifies high-performance ViT
architectures and exhibits strong robustness across diverse
datasets. Further analysis reveals that methods such as Jaco-

Models Param (M) Top-1 (%) Type GPU Days

Deit-Ti [Touvron et al., 2021a] 5.7 72.2 Manual -
TNT-Ti [Han et al., 2021] 6.1 73.9 Manual -
ViT-Ti [Dosovitskiy et al., 2021] 5.7 74.5 Manual -
CPVT-Ti [Chu et al., 2021] 6 74.9 Manual -
PVT-Tiny [Wang et al., 2021] 13.2 75.1 Manual -
ViTAS-C [Su et al., 2022] 5.6 74.7 One-Shot 32
AutoFormer-Ti [Chen et al., 2021b] 5.7 74.7 One-Shot 24
TF-TAS [Zhou et al., 2024] 6.2 75.3 Zero-Shot 0.5
Auto-Prox [Wei et al., 2024a] 6.4 75.6 Zero-Shot 0.1
Ours 9.9 75.7 Zero-Shot 0.005

Table 5: Comparison of Top-1 accuracy and search cost (GPU Days)
on ImageNet within the AutoFormer search space.

bian and Meco primarily focus on local features or gradient
sensitivity. While effective for CNN, these approaches strug-
gle in the ViT search space due to gradient noise and signal
attenuation during initialization. In contrast, Info-NAS quan-
tifies discrete architectural parameters as information trans-
mission capabilities, directly evaluating performance through
these parameters and deeply modeling the structural charac-
teristics of ViT across the V , G, and C dimensions. This re-
sult not only validates the comprehensiveness and precision
of Info-NAS in capturing ViT performance attributes but also
underscores the significant potential and rationality of con-
structing efficient zero-cost proxies centered on information
flow.

Table 2 compares the Top-1 validation accuracy and com-
putational overhead of various NAS methods. Data-driven
approaches like GraSP and SNIP suffer from high complex-
ity, requiring over 800 ms per evaluation, rendering them
impractical for large-scale search. While advanced methods
such as Auto-Prox reduce latency to approximately 90 ms,
they remain constrained by the necessity of forward propa-
gation. Conversely, Info-NAS bypasses forward propagation
entirely, reducing the proxy time to just 1.8 ms. This effi-
ciency allows Info-NAS to maximize search speed while pre-
serving high accuracy, underscoring its superiority in ViT ar-
chitecture search and providing a fresh perspective on fully
zero-cost proxies.

4.3 Experimental Results On ViT-Bench-101
To validate the generalization capability of Info-NAS across
diverse data distributions, we compared its performance on
the ViT-Bench-101 benchmark, as presented in Table 3. The
results indicate that Info-NAS achieves the highest Spearman
correlation coefficients on both the CIFAR-100 and Flowers
datasets, maintaining remarkable ranking consistency. On the
Chaoyang dataset, Info-NAS also demonstrates highly com-
petitive performance. This consistent stability confirms that
Info-NAS is a robust and efficient zero-cost proxy applicable
to a wide range of ViT architecture search scenarios. More-
over, these findings further reveal a universal intrinsic con-
nection between the internal information flow patterns of neu-
ral networks and their performance.

4.4 Experimental Results On OoD-ViT-NAS
To further validate the generalizability of Info-NAS, we eval-
uated it on the challenging OoD-ViT-NAS benchmark. Ta-
ble 4 reports the correlation results on ImageNet-1K, while
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(a) CIFAR-10-T (b) CIFAR-10-S

(c) CIFAR-100-T (d) CIFAR-100-S

(e) Mini-ImageNet-T (f) Tiny-ImageNet-T

Figure 4: Visualization of the correlation between Info-NAS scores
and validation accuracy on various datasets.

Table 5 compares the best Info-NAS model against manu-
ally designed networks and advanced NAS methods. The
results demonstrate that Info-NAS significantly outperforms
existing zero-cost proxies across three correlation metrics and
achieves the highest Top-1 accuracy of 75.7%. Notably, Info-
NAS achieves superior search efficiency, requiring only 0.005
GPU days. This represents an order-of-magnitude speedup
over comparable methods, significantly reducing computa-
tional overhead.

4.5 Ablation Study

As shown in Table 6, V plays a dominant role in performance
evaluation, and its individual correlation significantly outper-
forms the other components across all datasets. This finding
strongly corroborates that the total information volume of the
architecture is the primary determinant of feature represen-
tation richness. In contrast, G and C function primarily as
auxiliary components: G captures the activity of inter-layer
information flow, while C constrains the global consistency
of information transmission paths. Together, they effectively
refine the capacity estimation provided by V . Ultimately, the
fusion of all components (V + G + C) yields optimal perfor-
mance across all benchmarks, demonstrating that our method
comprehensively captures the complex architectural charac-
teristics of ViT and enables a precise information quantifica-
tion of model potential.

Figure 5: Feature space visualization. The color represents the test
accuracy. Unlike the chaotic distribution of random features (Left),
our Info-NAS features (Right) show distinct clustering consistent
with model performance, validating their representational power.

Components CIFAR-10 CIFAR-100 ImageNet

G 0.295 0.340 0.396
C 0.284 0.333 0.403
V 0.540 0.620 0.774
G + C 0.307 0.360 0.434
V + G 0.538 0.617 0.766
V + C 0.558 0.632 0.774
V + G + C 0.566 0.635 0.783

Table 6: Ablation Study of Different Component Combinations on
CIFAR-10, CIFAR-100, and ImageNet.

4.6 Visualization of Feature Space
To validate the representational power of Info-NAS, we visu-
alize the architecture embeddings using t-SNE [Maaten and
Hinton, 2008]. Specifically, we construct feature vectors by
aggregating layer-wise modulated information {MIi}Lmax

i=1 ,
padding them with zeros to the maximum network depth to
ensure alignment, followed by standardization and dimen-
sionality reduction. As shown in Figure 5, unlike the chaotic
distribution of the random features, Info-NAS exhibits dis-
tinct clustering where similarly performing architectures are
spatially proximal. This comparison strongly validates it as a
robust feature representation for ViT performance evaluation.

5 Conclusion
In this paper, we propose Info-NAS, a zero-cost proxy ap-
proach based on information quantification, presenting the
first information quantification of ViT architectures. We
establish an efficient proxy evaluation framework spanning
three components to facilitate the rapid assessment of ViT
performance. Furthermore, we introduce the ViT-Info-Bench
dataset to provide data support for the correlation analysis
of zero-cost proxies. Extensive experiments across multiple
benchmarks demonstrate that Info-NAS significantly outper-
forms existing zero-cost proxy methods in both ranking corre-
lation and computational efficiency. It maintains high perfor-
mance while substantially reducing proxy calculation over-
head and search time, with each evaluation requiring only 1.8
ms. We hope this perspective, grounded in information flow,
offers a promising direction for future research on efficient,
training-free NAS methodologies.
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