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Abstract

Training and deploying multiple vision transformer (ViT) mod-
els for different resource constraints is costly and inefficient.
To address this, we propose transforming a pre-trained ViT into
a stratified knowledge-density super-network, where knowl-
edge is hierarchically organized across weights. This enables
flexible extraction of sub-networks that retain maximal knowl-
edge for varying model sizes. We introduce Weighted PCA
for Attention Contraction (WPAC), which concentrates knowl-
edge into a compact set of critical weights. WPAC applies
token-wise weighted principal component analysis to inter-
mediate features and injects the resulting transformation and
inverse matrices into adjacent layers, preserving the original
network function while enhancing knowledge compactness. To
further promote stratified knowledge organization, we propose
Progressive Importance-Aware Dropout (PIAD). PIAD pro-
gressively evaluates the importance of weight groups, updates
an importance-aware dropout list, and trains the super-network
under this dropout regime to promote knowledge stratification.
Experiments demonstrate that WPAC outperforms existing
pruning criteria in knowledge concentration, and the combina-
tion with PIAD offers a strong alternative to state-of-the-art
model compression and model expansion methods.

Introduction
Vision Transformers (ViTs) (Dosovitskiy et al. 2020) have
demonstrated remarkable performance across various com-
puter vision tasks (Radford et al. 2021; Jose et al. 2025; Hua
et al. 2024, 2025). However, deploying ViTs in real-world
scenarios often requires adapting model size to diverse re-
source constraints, ranging from edge devices with limited
memory and compute to powerful servers requiring high-
throughput inference. The conventional approach of training
and maintaining multiple ViT variants for each deployment
setting is computationally expensive and inefficient. More-
over, many existing pruning or model compression methods
either require extensive fine-tuning or suffer from perfor-
mance degradation due to suboptimal knowledge retention.

Recent works (Xia et al. 2024a,b,c; Feng et al. 2025) have
adopted the Learngene paradigm, which extracts or distills
core parameters from a pre-trained model and expands them
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Figure 1: An overview of the proposed method. Traditional
methods require separate compression for each deployment
setting. In contrast, our method builds a Stratified Knowledge-
Density (SKD) Super-Network in a single pass, enabling
cost-free sub-network extraction for arbitrary model sizes.

to construct models of varying sizes. However, these meth-
ods rely on manually designed expansion rules to reuse a
limited portion of refined weights, making it difficult to intro-
duce new or size-specific knowledge during expansion, thus
limiting the capacity alignment of the resulting models.

To address these challenges, we propose transforming a
pre-trained ViT into a Stratified Knowledge-Density (SKD)
Super-Network, as illustrated in Figure 1. Guided by knowl-
edge density, sub-networks of various sizes are extracted to
maximize knowledge retention relative to their capacity.

Specifically, we introduce WPAC to perform initial stratifi-
cation of knowledge density. WPAC leverages a small proxy
dataset, randomly sampled from the training set, to compute
intermediate attention features. These features are weighted
token-wise using Taylor-based importance scores and then de-
composed via PCA to obtain a projection matrix composed of
ordered principal components. The projection and its inverse
are integrated into the layers surrounding the intermediate
features, preserving the original network function while con-
centrating knowledge into a smaller set of critical dimensions,
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thus achieving a stratified distribution of knowledge density
across parameter dimensions.

To further enhance this stratification, we propose PIAD,
which assigns lower dropout probabilities to more impor-
tant parameter groups and higher probabilities to less im-
portant ones. This progressively amplifies the distinction in
knowledge density, particularly improving the performance
of smaller sub-networks. Together, WPAC and PIAD enable
a single ViT model to function as a scalable backbone, from
which sub-networks of arbitrary sizes can be extracted at
O(1) cost based on the learned importance ranking.

Our contributions can be summarized as follows:
• We propose WPAC, a weighted PCA mechanism that

condenses knowledge into fewer dimensions via function-
preserving transformations. It consistently outperforms
existing pruning criteria in knowledge concentration.

• We introduce PIAD, a progressive dropout mechanism
that builds a scalable super-network via importance-aware
sub-network sampling and training. It achieves flexible
control over compression while maintaining accuracy.

• We achieve strong results on standard benchmarks, outper-
forming or matching state-of-the-art model pruning and
scaling methods. Our framework enables flexible and effi-
cient ViT deployment across diverse resource constraints.

Related Work
Network Pruning. Network pruning (LeCun, Denker, and
Solla 1989; Fang et al. 2023) reduces model complexity
by removing redundant or less important weights. While
magnitude-based pruning (Han et al. 2015; Li et al. 2018;
Lee et al. 2021) is widely used, small weights can still play
critical roles. FPGM (He et al. 2019) leverages geometric
medians to identify redundant filters. Other methods con-
struct importance metrics based on activation values (Hu
et al. 2016; Muralidharan et al. 2024) or information entropy
(Luo and Wu 2017), while many approaches (Molchanov
et al. 2017, 2019) apply Taylor expansion to approximate
the loss induced by pruning. However, these methods often
require time-consuming pruning for each target size.

Scalable Neural Networks. Scalable neural networks are
designed to support flexible model capacity adjustment for
different resource constraints. Notable examples include
Slimmable Networks (Yu et al. 2019) and Once-for-All (Cai
et al. 2020), which enables sub-network extraction with elas-
tic size. Recently, a paradigm called Learngene (Xia et al.
2024a,c; Feng et al. 2025; Li, Qi, and Geng 2025) was pro-
posed, which distills core weights and expands them to gener-
ate descendant models. In contrast, we introduce a stratified
knowledge-density structure to enable fast extraction of sub-
networks with maximal knowledge across sizes.

Low-Rank Compression. Low-rank approximation is a
widely used strategy for compressing deep models by ex-
ploiting the redundancy in weight matrices. Techniques such
as SVD and other matrix factorization methods have been
applied to reduce parameter count and computational cost
(Noach and Goldberg 2020; Wang, Wohlwend, and Lei 2020;
Mao et al. 2020; Yu and Wu 2023). Instead of splitting a

layer into two low-rank components, we perform PCA on
intermediate features and apply the transformation and its
inverse to adjacent layers, concentrating knowledge into a
few dimensions while preserving network function.

Method
Figure 1 shows the framework of our method. WPAC first
uses PCA to induce a stratified distribution of knowledge in
the pre-trained model, and PIAD further enhances this effect,
resulting in a stratified knowledge-density super-network.
This enables cost-free extraction of sub-networks that re-
tain maximal knowledge, providing strong initialization for
downstream scenarios with varying resource constraints.

Preliminaries
We consider a standard ViT consisting of a stack of trans-
former blocks, each with a Multi-Head Self-Attention
(MHSA) module followed by a feed-forward network (MLP).

In MHSA, each attention head uses four linear projec-
tions: Wq,Wk,Wv,Wo ∈ Rd×d, with corresponding biases
bq, bk, bv, bo ∈ Rd×1. The MLP consists of two fully con-
nected layers with a hidden dimension of d′. The weight
and bias of the first and second linear layers are denoted as
W1 ∈ Rd′×d, b1 ∈ Rd′×1, and W2 ∈ Rd×d′

, b2 ∈ Rd×1.

Weighted PCA for Attention Concentration
Figure 2 illustrates the WPAC method, which uses a small
proxy datasetD and PCA to transform the pre-trained weight
matrix, concentrating knowledge into key dimensions. This
transformation is applied separately to each head. For brevity,
head indices are omitted unless otherwise specified.

Transformation for Linear Projections V and O. Let
Xv ∈ Rn×d denote the output features of the value projec-
tion layer, where n is the number of tokens. We center the
data and compute its covariance matrix Corr ∈ Rd×d. This
covariance is updated incrementally across the proxy set. Ap-
plying eigen decomposition to Corr yields eigenvalues and
eigenvectors, sorted in descending order. The eigenvectors
form a transformation matrix W

(vo)
Trans∈Rd×d, where each row

corresponds to a principal component. We apply W
(vo)
Trans to

the value and output projections as follows:

Wv ←W
(vo)
TransWv, bv ←W

(vo)
Transbv, Wo ←Wo(W

(vo)
Trans)

−1.
(1)

This transformation satisfies:

• Function Preservation: Let x ∈ Rd be a token repre-
sentation input to the attention mechanism. Ignoring the
attention map’s weighting across tokens, the original
forward pass is Wo (Wvx+ bv) + bo. After applying
the WPAC transformation, the equivalent form becomes
Wo(W

(vo)
Trans)

−1(W
(vo)
TransWvx + W

(vo)
Transbv) + bo, which re-

mains mathematically equivalent to the original.
• Information Concentration: Let fv = Wvx+ bv denote

the output of the linear projection V. By extracting the
top-k principal components, we obtain (W

(vo)
Trans)

[:k,:]fv,
which retains most of the original feature’s information.
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Figure 2: An overview of the proposed WPAC. (a) Principal component projection matrices are computed using importance-
weighted intermediate features. (b) The resulting transformation matrices are applied to the pre-trained weights. (c) The
transformed linear layers can preserve the original neural function using only a small number of principal dimensions.

This is equivalent to retaining only the top-k dimensions
of the transformed linear projection parameters:

(W
(vo)
Trans)

[:k,:]fv ≡ (W
(vo)
TransWv)

[:k,:]x+ (W
(vo)
Transbv)

[:k].
(2)

Transformation for Linear Projections Q and K. For the
query and key projections, we compute the covariance matri-
ces of their output token representations and sum them before
applying eigen decomposition. The resulting transformation
matrix W

(qk)
Trans is then applied as follows:

Wq ←W
(qk)
TransWq, bq ←W

(qk)
Transbq,

Wk ←W
(qk)
TransWk, bk ←W

(qk)
Transbk.

(3)

This transformation ensures:
• Function Preservation: The original similarity between

input tokens xi and xj is computed as follows:

sim(i,j) = (Wqxi + bq)
T
(Wkxj + bk) . (4)

Using the transformed projections, the similarity becomes
(W

(qk)
TransWqxi + W

(qk)
Transbq)

T (W
(qk)
TransWkxj + W

(qk)
Transbk).

Through algebraic manipulation, this can be rewritten
as (Wqxi + bq)

T (W
(qk)
Trans)

TW
(qk)
Trans (Wkxj + bk). Since

W
(qk)
Trans is orthogonal, we obtain the following identity:

sim(i,j) ≡ (Wqxi + bq)
T
(W

(qk)
Trans)

TW
(qk)
Trans (Wkxj + bk) .

(5)
• Information Concentration: Let qi = Wqxi + bq and
kj = Wkxj + bk. When retaining only the top-k dimen-
sions of the transformed linear projections Q and K, the
resulting similarity score between tokens xi and xj is:

simtop-k
(i,j) = qi((W

(qk)
Trans)

[:k,:])T (W
(qk)
Trans)

[:k,:]kj . (6)

Since PCA preserves principal components of the original
features, the following approximation holds:

kj ≈ ((W
(qk)
Trans)

[:k,:])T (W
(qk)
Trans)

[:k,:]kj , (7)

which leads to:

simtop-k
(i,j) ≈ qi

Tkj = sim(i,j). (8)

Therefore, keeping only the top-k dimensions of the trans-
formed linear projections yields an approximate similarity
matrix that closely matches the original.

Weighted PCA. PCA inherently treats all tokens and fea-
ture dimensions equally, which may not reflect their true
contributions to prediction. To address this, we introduce
token-wise weighting based on first-order Taylor importance.
The importance of a parameter or output element hi is esti-
mated by the change in cost C(D), evaluated on a proxy set
D, when hi is set to zero. The estimated importance score is:

ΘTE(hi) =
∣∣∆C(hi)

∣∣ ≈ ∣∣∣∣ δCδhi
· hi

∣∣∣∣. (9)

Concretely, we compute the element-wise importance ΘTE ∈
Rn×d for intermediate token representations X ∈ Rn×din
the attention module, where n is the number of tokens and d
is the feature dimension. We then aggregate over the feature
dimension to obtain token-wise importance scores Θtoken

TE ∈
Rn. We apply a square-root weighting to the centered token
features X̃ before computing the covariance matrix:

X̃ ← diag(
√
Θtoken

TE ) · X̃, Corr =
1

n− 1
X̃T X̃. (10)

This transformation biases the resulting principal components
to better preserve high-importance token directions, while
maintaining stability during eigen decomposition.
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Transformation for MLP. Due to the non-linear activation
between MLP layers, applying PCA directly may distort the
encoded information. As an alternative, we rank dimensions
using Taylor importance. We first compute element-wise
scores ΘTE ∈ Rn×d, then aggregate across tokens to obtain
dimension-wise importance Θdim

TE ∈ Rd. A sorting matrix
Wsort is then constructed to reorder dimensions accordingly:

Wsort[i, j] =

{
1, if the j-th dimension ranks i-th,
0, otherwise.

(11)

We then apply the transformation and its inverse to the MLP:

W1 ←WsortW1, b1 ←Wsortb1, W2 ←W2W
−1
sort . (12)

This process empirically preserves the original function while
concentrating information into the top-ranked dimensions.

Progressive Importance-Aware Dropout
Figure 3 shows PIAD for enhancing knowledge stratification.
After applying the above neural-equivalent transformation for
knowledge concentration, the resulting network—referred
to as the SKD Network—possesses a degree of scalability.
To further enhance its adaptability across different model
sizes, we introduce Progressive Importance-Aware Dropout
(PIAD), a two-stage process repeated in each training epoch:
• Before each epoch: Rank reserved compression units and

add the lowest-importance ones to the Dropout List.
• During each epoch: In each iteration, randomly drop

several low-importance units in the dropout list, train the
sub-network, and backpropagate to the SKD Network.

Building and Evaluating Droppable Units. The dropout
list contains candidate droppable units, each assigned an

importance score for ranking. Specifically, we divide the
intermediate dimensions of each MHSA into 8 groups and
those of each MLP into 32 groups, with each group treated
as a droppable unit. Each group forms one droppable unit. To
evaluate importance, we randomly sample a small proxy set
D from the training data and proceed in two steps:
• Module Sensitivity: For each module m (e.g., MHSA or

MLP), we define its sensitivity γm as the relative increase
in the cost C(D) when the module is skipped:

γm =
C(D | m skipped)− C(D)

C(D)
. (13)

• Dimension Importance: For each dimension i in mod-
ule m, we compute its importance score Θ

(m)
i using

first-order Taylor expansion. These scores are normal-
ized within the module to obtain contribution ratios α(m)

i ,
and the final global importance is defined as I(m)

i :

α
(m)
i =

Θ
(m)
i∑

j∈m Θ
(m)
j

, I
(m)
i = γm · α(m)

i . (14)

Each droppable unit u (i.e., a group of dimensions) accumu-
lates the scores of all its constituent dimensions:

Iu =

∑
i∈u I

(m)
i

MACs (u)
, (15)

where MACs(u) denotes the MACs of unit u. These final
scores Iu are used to rank the units for dropout selection.

Progressively Updating Dropout List. We adopt a pro-
gressive schedule to update the dropout list. Let the target
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Method Epochs KD DeiT-B (81.8) DeiT-S (79.8) DeiT-Ti (72.1)

4:12 6:12 8:12 10:12 12:12 4:12 6:12 8:12 10:12 12:12 4:12 6:12 8:12 10:12 12:12

Albert 10/10/10 w/o 71.7 75.3 76.4 77.4 77.6 65.0 69.7 71.7 72.7 73.3 55.2 59.8 62.5 64.3 65.3
LiGO 10/10/10 w/o - 74.2 74.4 75.3 75.4 - 68.6 69.9 69.7 70.0 - 59.0 60.2 59.8 60.9
Heur-LG 10/10/10 w/o 60.5 68.7 72.2 73.6 74.0 52.3 57.3 61.7 64.4 65.9 41.5 47.4 50.5 53.5 55.5
Auto-LG 10/10/10 w/o 60.9 70.0 72.4 73.5 73.8 63.2 70.5 72.2 73.3 73.8 52.4 61.8 64.6 65.9 66.8
TLEG 40/35/50 w 71.6 76.2 78.1 79.1 79.9 63.7 69.5 72.3 73.9 75.1 - 58.2 - - 65.4
SWS 10/10/10 w - 76.9 79.0 79.7 80.1 - 70.2 73.4 75.1 75.8 - - - - -
WAVE 10/10/10 w 74.5 77.5 78.2 78.9 79.2 68.9 72.7 74.1 74.9 75.3 58.6 63.2 65.4 66.6 67.3
SKD (Ours) 0/0/0 w/o 77.0 80.4 80.9 81.5 81.5 70.6 76.2 78.2 79.0 79.0 61.4 65.8 68.6 70.0 70.8

Table 1: Performance comparison with network expansion methods on ImageNet-1k. “x:12” denotes the ratio of the scaled
model’s size to the original model. “KD” indicates whether additional knowledge distillation is required during the construction
of the scalable network. “Epochs” refers to the number of fine-tuning epochs used for the scaled DeiT-B/S/Ti models.

maximum compression ratio be r, and define the progressive
phase to span Pe epochs. At the beginning of epoch t, we se-
lect additional droppable units from the remaining candidates
such that their total MACs approximate r

Pe
×MACsO, where

MACsO denotes the MACs of the SKD Network. Specifi-
cally, we first form the Smallest Sub-Network by dropping all
units currently in the list, then evaluate the importance of the
remaining units using the proxy set. While traversing units
from high to low dimensions within a module, we merge
any unit with lower importance than the highest previously
seen into that unit, and average their importance scores. We
continue appending the lowest-ranked units to the dropout
list until its accumulated MACs reach t×r

Pe
×MACsO.

Sampling and Training Sub-networks. The updated
dropout list is applied throughout the subsequent training
epoch. Specifically, for each batch, we uniformly sample a
truncation index s from 1 to the current length of the dropout
list. All low-importance units ranked beyond the s-th posi-
tion are dropped, forming a sampled sub-network. We then
perform forward and backward passes on this sub-network
and propagate the gradients back to the SKD Network.

This cycle lasts for Pe epochs, after which the dropout list
is no longer updated. In the subsequent epochs, sub-networks
continue to be sampled and trained, and the SKD Network is
updated accordingly. Eventually, the SKD Network evolves
into a scalable super-network. At deployment, a model of the
desired size can be instantiated by discarding the low-ranked
dropout units until the target MACs is reached.

Experiments
Experimental Setup
We conduct experiments primarily on the DeiT (Touvron
et al. 2021) models, as well as Swin Transformers (Liu et al.
2021) pretrained on ImageNet-1k (Russakovsky et al. 2015).
During the WPAC and PIAD stages, we randomly sample
tiny training sets of size 1024 from ImageNet-1k to serve
as proxy sets. We report the top-1 accuracy using a fixed
random seed of 0. When reporting the standard deviation,
we repeat each experiment 5 times using random seeds from
0 to 4. All experiments across datasets are conducted at a

Backbone Method MACs Params Epochs Top-1

DeiT-S

Original 4.26 G 22.05 M - 79.83
IA-RED2 3.60 G - 90 79.30
IA-RED2 3.30 G - 90 78.40
SPViT 3.30 G 15.90 M 300 78.30
RePaViT 3.20 G 16.70 M 300 78.90
WDPruning 3.10 G 15.00 M 100 78.55
SKD (Ours) 3.07 G 16.03 M 30 79.42
IA-RED2 2.90 G - 90 78.60
WDPruning 2.60 G 13.30 M 100 78.38
RePaViT 2.50 G 13.20 M 300 77.00
CP-ViT 2.46 G - 30 79.08
SKD (Ours) 2.43 G 12.78 M 30 78.71

DeiT-Ti

Original 1.08 G 5.72 M - 72.14
SPViT 1.00 G 4.80 M 300 70.70
WDPruning 0.90 G 3.80 M 100 71.10
SKD (Ours) 0.89 G 4.77 M 30 71.40
RePaViT 0.80 G 4.40 M 300 69.40
SKD (Ours) 0.79 G 4.25 M 30 70.46

Table 2: Comparison with network compression methods on
ImageNet-1k based on DeiT-S and DeiT-Ti backbones.

resolution of 224 × 224. Unless otherwise specified, our
training settings follow those of DeiT. The SKD Network is
obtained by applying WPAC to the DeiT pretrained model.
During the subsequent PIAD stage, DeiT-B is trained for 150
epochs, and DeiT-S and DeiT-Ti are trained for 300 epochs to
construct the SKD Network. We set Pe = 50 as the number
of epochs for progressively constructing the dropout list.

Main Results
Comparison with Network Expansion Methods. To effi-
ciently obtain models of varying sizes, methods like Albert
(Lan et al. 2020), LiGO (Wang et al. 2023a), and Heur-LG
(Wang et al. 2022) use weight decomposition and reuse to ini-
tialize different-sized models from pretrained weights. Auto-
LG (Wang et al. 2023b) automates layer selection for inheri-
tance. TLEG (Xia et al. 2024a) applies cross-layer weight fu-
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Method DeiT-B (81.8) DeiT-S (79.8) DeiT-Ti (72.1) Swin-B (83.4) Swin-S (83.2) Swin-Ti (81.2)

1:4 2:4 3:4 1:4 2:4 3:4 1:4 2:4 3:4 1:4 2:4 3:4 1:4 2:4 3:4 1:4 2:4 3:4

Random 0.9 24.4 74.0 0.7 8.9 59.7 0.8 6.9 43.3 1.4 20.7 74.4 1.5 36.7 76.2 0.9 14.8 67.3
Magnitude 1.7 29.2 71.9 1.2 13.3 55.6 0.8 4.8 32.5 4.1 45.2 75.6 3.9 47.8 76.8 1.2 20.3 65.2
Taylor FO 6.0 52.4 78.1 3.9 39.4 74.8 3.8 32.7 63.5 15.4 65.6 80.9 11.7 64.8 80.1 13.6 60.0 77.0
Taylor SO 6.0 52.5 78.0 4.0 39.3 74.8 3.8 32.7 63.5 15.4 65.6 80.9 11.6 64.7 80.1 13.6 60.0 77.0
Hessian 5.1 52.0 78.2 3.8 48.2 74.8 2.8 32.2 63.1 15.5 64.9 80.7 11.4 63.8 80.1 14.3 60.7 77.2
WPAC (Ours) 41.8 76.9 81.2 31.2 72.9 78.6 22.1 61.3 69.1 39.9 76.9 82.4 40.7 76.3 81.9 36.0 72.3 79.4

Table 3: Comparison of direct evaluation results after pruning attention modules at different sparsity levels using various
importance criteria. “Random” denotes random pruning; “FO” and “SO” refer to first- and second-order approximations.

Method MACs Params Samples Epochs Top-1

DeiT-B 16.88 G 86.57 M - - 81.80

Network Compression
RePaViT 12.70 G 65.30 M 1.2 M 300 81.40
IA-RED2 11.80 G - 1.2 M 90 80.30
CP-ViT 11.70 G - 1.2 M 30 80.31
WDPruning 11.00 G 60.60 M 1.2 M 100 81.09
WDPruning 10.80 G 59.40 M 1.2 M 100 80.85
RePaViT 10.60 G 51.10 M 1.2 M 300 81.30
SKD (Ours) 10.57 G 54.55 M 1.2 M 30 81.45
WDPruning 9.90 G 55.30 M 1.2 M 100 80.76
LPViT 8.80 G - 1.2 M 300 80.81
X-Pruner 8.50 G - 1.2 M 130 81.02
SKD (Ours) 8.47 G 43.92 M 1.2 M 30 81.24
UVC 8.00 G - 1.2 M 300 80.57
LPViT 7.92 G - 1.2 M 300 80.55
SKD (Ours) 7.89 G 40.96 M 1.2 M 30 80.89

Few-shot Compression
PRACTISE 14.43 G - 500 2000 79.30
DC-DeiT 14.09 G - 500 4000 81.26
SKD (Ours) 13.42 G 69.01 M 0 0 81.42

Table 4: Performance comparison with network compression
methods on ImageNet-1k. All methods adopt DeiT-B as the
base backbone. “Samples” and “Epochs” indicate the number
of samples and epochs used for fine-tuning, respectively.

sion, SWS (Xia et al. 2024c) employs stage-wise weight shar-
ing, and WAVE (Feng et al. 2025) uses weight templates to
build models of varying sizes. Table 1 compares our method
with these approaches. Our method requires no additional
teacher model for distillation, and the extracted sub-networks
achieve better performance without any fine-tuning.

Comparison with Network Compression Methods. The
construction of scalable models remains an underexplored
area. Therefore, we compare our method with a range of
state-of-the-art model compression approaches, including
RePaViT (Xu et al. 2025), IA-RED2 (Pan et al. 2021), CP-
ViT (Song et al. 2022), WDPruning (Yu et al. 2022a), LPViT
(Xu et al. 2024), X-Pruner (Yu and Xiang 2023), UVC (Yu
et al. 2022b), SPViT (He et al. 2024), as well as few-shot
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Albert 94.1 72.4 87.2 96.5 78.5 83.0 85.3
LiGO 95.9 74.8 87.9 96.9 81.3 84.0 86.8
Heur-LG 69.1 48.0 51.2 95.1 72.8 76.8 68.8
Auto-LG 96.4 75.1 88.2 97.3 81.0 84.6 87.1
TLEG 93.7 72.6 87.2 97.2 80.2 84.9 86.0
WAVE 96.9 78.1 89.4 97.4 83.2 85.5 88.4
SKD (Ours) 94.1 81.5 90.5 98.0 86.6 89.2 90.0

Table 5: Comparison with network expansion methods on
downstream datasets, using a DeiT-S backbone with half the
original size. “Average” denotes the average accuracy.

compression methods such as PRACTISE (Wang and Wu
2023) and DC-ViT (Zhang, Zhou, and Wang 2024). Table
2 and Table 4 present the comparison results. Experimental
findings demonstrate that our method can produce more com-
pact models with comparable or even superior performance,
while requiring significantly fewer fine-tuning resources.

Comparison with Importance Criteria. Many existing
pruning methods rely on well-designed importance criteria
to evaluate the significance of each weight. However, exist-
ing importance criteria for structured pruning evaluate each
dimension independently, without the ability to jointly con-
sider or integrate information across multiple dimensions.
Table 3 compares our proposed WPAC with these criteria.
The results demonstrate that WPAC effectively integrates in-
formation across dimensions, enabling more reliable pruning
and benefiting subsequent model compression.

Comparison of Transferability. Table 5 presents the trans-
ferability of the sub-networks produced by our method on
downstream tasks. We evaluate the transferability of the mod-
els on the following datasets: Flowers-102 (Nilsback and
Zisserman 2008), CUB-200-2011 (Wah et al. 2011), Stanford
Cars (Krause et al. 2013), CIFAR-10 (Krizhevsky, Hinton
et al. 2009), CIFAR-100 (Krizhevsky, Hinton et al. 2009),
and Food-101 (Bossard, Guillaumin, and Van Gool 2014).
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Figure 4: Comparison of weighting strategies with different
granularities across varying numbers of retained dimensions.

Tokens Weight DeiT-B DeiT-S DeiT-Ti

Class 1.0 65.1±0.15 46.2±0.20 30.8±0.28
Rand(1) 1.0 73.3±0.19 64.5±0.54 47.4±1.38
Rand(2) 1.0 75.7±0.17 71.0±0.11 58.7±0.10
Rand(5) 1.0 Ill-Cond. 71.4±0.07 59.4±0.28

All 1.0 Ill-Cond. Ill-Cond. Ill-Cond.
All 0.01 76.1±0.06 72.2±0.07 60.0±0.05
All Imp. 76.9±0.05 72.9±0.07 61.2±0.07

Table 6: WPAC results for different token selection and
weighting strategies when retaining 50% dimensions. “Class”
uses the class token, “Rand(x)” randomly selects x tokens,
and “All” uses all tokens per sample. “Imp.”: token-wise im-
portance weighting. “Ill-Cond.”: eigen decomposition failure.

Compared to other efficient approaches for obtaining models
of different sizes, the models generated by our method exhibit
superior transfer performance across various datasets.

Ablation and Analysis
Analysis of Weighting Strategies with Varying Granulari-
ties in WPAC. Given the element-wise score ΘTE ∈ Rn×d

obtained via Taylor expansion, aggregating along differ-
ent axes yields token-wise and dimension-wise importance
scores. Figure 4 presents the results and rankings of the three
weighting strategies. Experimental results show that token-
wise weighting is more effective at preserving information
and provides greater robustness compared to the others.

Analysis of Per-Sample Token Sampling Methods and
Weighting Effectiveness in WPAC. Selecting appropriate
tokens for PCA is crucial for preserving essential features.
Table 6 presents results for different token sampling strategies
on each sample in the proxy set: using only the class token,
randomly selecting a subset of tokens, using all tokens, and
applying different weighting schemes. Relying solely on the
class token limits the ability to recover information from
other tokens, leading to the poorest performance. Randomly
sampling several tokens introduces more sample information
into PCA, but using too many tokens can result in an ill-
conditioned covariance matrix, making eigen decomposition
infeasible. In contrast, our WPAC method utilizes all tokens
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Figure 5: Impact of proxy set size on WPAC performance.
Each size is evaluated using 5 random seeds, and the results
reflect performance with head dimensions reduced by half.

Method DeiT-S (79.8) DeiT-Ti (72.1)

4:12 6:12 8:12 10:12 4:12 6:12 8:12 10:12

Baseline 1.2 8.9 39.1 71.2 1.4 6.9 25.8 56.2
B+CD 7.3 20.0 34.4 46.5 2.0 8.8 23.1 36.3
B+WCD 34.2 54.4 64.7 73.8 29.4 42.2 49.1 63.8
B+LD 39.7 60.2 68.6 74.1 34.5 45.4 57.1 62.5
B+PIAD 70.6 76.2 78.2 79.0 61.4 65.8 68.6 70.0

Table 7: Direct evaluation of sub-networks of varying sizes
extracted from networks trained with different dropout strate-
gies. “x:12”: the subnetwork-to-original size ratio. “CD”:
channel dropout. “WCD”: weighted CD. “LD”: layerdrop.

with importance-based weighting, achieving the best results.

Analysis of the Impact of Proxy Dataset Size in WPAC.
Figure 5 illustrates the results of applying PCA with proxy
sets of varying sizes. The experiments demonstrate that even
a small number of samples is sufficient to obtain an accu-
rate principal component projection. This allows the pre-
trained parameters to be effectively projected, concentrating
the knowledge into a reduced set of transformed dimensions.

Effectiveness of the PIAD. Table 7 shows the impact of dif-
ferent dropout strategies on sub-network performance. Chan-
nel Dropout (Tompson et al. 2015) and LayerDrop (Fan,
Grave, and Joulin 2020) tend to favor sub-networks with
sparsity close to the preset dropout rate and offer limited
sub-network diversity. Weighted Channel Dropout (Hou and
Wang 2019) further concentrates knowledge into important
dimensions by assessing their significance. However, all these
methods suffer from uneven sub-network sampling across
sizes. In contrast, our PIAD method effectively condenses
knowledge into fewer parameters and forms a hierarchical
structure, enabling incrementally expandable networks.

Conclusion
We propose constructing a Stratified Knowledge-Density
(SKD) super-network for ViTs, enabling efficient extraction
of sub-networks with maximal knowledge retention to meet
diverse deployment needs. WPAC condenses knowledge into
key dimensions, laying a solid foundation for compression,
while PIAD further enhances knowledge stratification across
weight groups to form a stratified super-network.
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