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Abstract

In this paper, we introduce the Channel Propagation
method, which aims to increase the channels of the Vision
Transformer systematically. Skip connections are commonly
acknowledged as a propagation approach that improves the
stability of the performance in Vision Transformers. Never-
theless, it is important to note that these skip connections
may give rise to the problem of over-smoothing, wherein
similar features are represented in multiple layers. To tackle
this matter, our proposed approach for Channel Propaga-
tion in Vision Transformers retains the present signal in-
formation while concurrently propagating location-specific
signals in a newly introduced channel dimension. On the
other hand, the proposed Channel Propagation method ef-
fectively maintains the integrity of identity representation
while simultaneously including patch-wise location-specific
supervision by introducing a new channel dimension. The
inclusion of this approach in Vision Transformers mitigates
the issue of over-smoothing while also improving the per-
formance of visual recognition tasks. In our experiments,
we confirm that the proposed method is effective for various
visual recognition tasks. Specifically, our method demon-
strates enhanced performance when implemented on Vi-
sion Transformer models; the classification accuracy is in-
creased considerably for plain and hierarchical architec-
tures on the ImageNet dataset.

1. Introduction

Vision Transformer(ViT) employs a self-attention oper-
ation to learn the global relation of an image from different
spatial patches. This enables ViT to capture long-range de-
pendencies effectively, even with shallow attention layers.
The successful implementation of this operation has led to
the widespread utilization of ViT in various visual recogni-
tion tasks.

However, ViT continues to struggle with a limitation
known as the over-smoothing problem, where the network
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Figure 1. Experimental comparison of the proposed Channel Prop-
agation method with the baseline networks. Our method demon-
strates notable enhancements in performance while incurring min-
imum computational overhead. This improvement is observed
across two distinct baseline networks, such as PiT [14] and Swin
Transformer [19].

learns highly similar representations across different layers.
Previous studies have shed light on the underlying causes of
this over-smoothing issue in ViT architectures.

Gong et al. [10] conducted a study on the decline in fea-
ture diversity for image patches within ViT, leading to their
increased similarity. DeepViT [41] delved into the concept
of ‘attention collapse’, which refers to the convergence of
attention maps as the model’s depth progressively grows.
In addition, it can be argued that ViT has a limitation in
learning feature diversity in the frequency domain. This is
supposed by the finding of Wang et al. [28], who observed
that as the depth of ViT increases, the self-attention opera-
tion tends to disregard high-frequency information, causing
a failure to preserve diverse feature representation.

This study investigates the application of skip connec-
tions in ViT to enhance the network’s ability to capture
a broader range of feature representations at each layer
through these refreshable skip connections. While the skip
connections have a vital role in ensuring the steady training
of deep ViTs [7, 22], they also present a significant issue
of propagating identical non-refreshing feature representa-
tions. This non-refreshing feature propagation is particu-
larly evident in ViT, as it incorporates two skip connections

This WACV paper is the Open Access version, provided by the Computer Vision Foundation.
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Figure 2. We analyze the degree of similarity in features across different layers of the ViT model [7]. (a) and (b): We provide the CKA [17]
similarity of the baseline ViT model. The x and y axes of the graph are the indices of the layers. Most layer combinations demonstrate
high similarity in these subfigures. (c) and (d): The similarity across different layers is presented for our CP-ViT. It shows low similarity in
certain layer combinations. Therefore, our CP-ViT has less redundancy compared to the baseline ViT. (e): The spatial entropy of the input
features of attention blocks is compared. The x-axis and y-axis denote the normalized layer depth and spatial entropy, respectively. (f): We
present a visual representation of the Fourier frequency domains. The y-axis represents the ∆ log amplitude.

within a single attention block. To support this claim, we in-
vestigate the feature similarity of each layer in ViT through
various analyses. We observed that as the depth of ViT in-
creases, the feature similarity also gradually increases. This
trend on the feature similarity has also been mentioned in
previous studies [3, 6, 22, 34].

Therefore, we propose a novel method for propagat-
ing refreshable features on a skip connection in ViT. The
proposed method adds refreshable spatial information to
the channel direction before the Multi-Head Self-Attention
(MHSA) block and subsequently propagates it through skip
connections. This enables consolidating diverse attention
maps and the progressive learning of refreshable features
inside a network. In addition, the proposed approach of em-
ploying a gradually expanding channel dimension can ef-
fectively address the information loss arising from sudden
changes in channel size during the downsampling stage in
hierarchical networks, as discussed in the prior work by
PyramidNet [11]. The lightweight design of the proposed
approach also facilitates the optimization of computational
overhead in most ViT architectures.

We validate the image classification performance of
the proposed Channel Propagation method; it achieves a
high level of performance improvement not only in plain
ViTs [25] but also in hierarchical ViTs [14, 19] as shown in
Fig. 1. Furthermore, we adopt an affordable channel dimen-

sion, resulting in minimal overhead in terms of parameters
and FLOPs. We assess the image classification performance
of the Channel Propagation method, demonstrating signif-
icant improvements in both plain [7, 25] and hierarchical
networks such as SwinTransformer [19] and PiT [14]. In
addition, we perform empirical studies on frequency and en-
tropy analysis to evaluate the effectiveness of the proposed
method in addressing the feature redundancy problem.

2. Method
2.1. Preliminary

The ViT divides the input image into fixed-size patches
and augments the positional information of these patches.
The input signal is sequentially propagated through Multi-
Head Self-Attention (MHSA) blocks and Feed-Forward
Network (FFN) blocks, with two skip connections added
after each block as follows:

X′
l = Xl +MHSA(Xl), (1)

Xl+1 = X′
l + FFN(X′

l), (2)

where l denotes the layer index.
ViT partitions the input image into a predetermined num-

ber of patches and enhances the positional information asso-
ciated with each patch. The input signal undergoes sequen-
tial propagation through multiple attention blocks, includ-
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ing the two skip connections in an attention block. ViT’s
attention blocks will inevitably use these skip connections
twice, increasing feature redundancy so that each layer in
the network learns similar features. We present the follow-
ing three analyses to investigate the feature representation
redundancy of the ViTs due to the skip connection.

CKA similarity. In order to examine the depth-wise
propagation signals within the ViT, we first explore the Cen-
tered Kernel Alignment (CKA) similarity [17]. As shown in
Fig. 2a and Fig. 2b, the skip connection demonstrates no-
table high similarity throughout all layers. It is noteworthy
that the above finding becomes more evident with deeper
layers.

Feature entropy. In addition, we measure the spatial en-
tropy S of the skip connection to assess the spatial entropy
of pixels using the spatial distribution of the input images
of the blocks as:

S = −
∑

p(Xi,j) · log(p(Xi,j)), (3)

where Xi,j represents the feature values at i, j position.
Higher spatial entropy indicates detailed and local infor-
mation, whereas lower values signify signals with spa-
tially monotonous and global information [1]. Since these
two different information are complementary, learning both
higher and lower levels of spatial entropy at different layers
can enhance the network due to the diversified feature rep-
resentation. However, as seen in the right part of Fig. 2e, as
the depth gradually increases, the signals propagated within
the ViT cannot utilize a diverse range of information during
training. This observation implies that the ViT consistently
transmits a narrow range of spatial entropy throughout the
entire network.

Frequency. Finally, we analyze the network’s propaga-
tion signal in the frequency domain. Our analysis follows
[21], focusing on the features obtained from the MHSA
and FFN operations to investigate the frequency. Gener-
ally, the self-attention operation of the MHSA is regarded
as the low-pass filters that remove high-frequency fea-
tures [21, 28]. Due to this reason, as shown in Fig. 2f, ViTs
tend to retain a biased range of frequency values, which in-
duces redundancy in the frequency domain. The frequency
and entropy analyses for the latest models and deeper net-
works can be found in the supplementary materials.

In summary, the narrow spectrum of feature entropy and
frequency observed in ViT suggests that it utilizes only re-
dundant representational information for learning. Conse-
quently, the ViT becomes excessively smoothed, leading to
a redundant model. To ensure the diversity of representa-
tional information and mitigate redundancy, our proposed

Channel Propagation method accumulates refreshable fea-
ture representation, allowing the network to learn richer
feature representations. In the following section, we intro-
duce the Channel Propagation method to prevent exces-
sive smoothing and enhance representational capacity by
refreshing the skip connection.

2.2. Channel Propagation

In this subsection, we introduce a Channel Propagation
(CP) method that integrates layer-specific supervision fea-
tures. The objective is to enhance the diversity of feature
representation, so the proposed method is formulated us-
ing channel dimensions that progressively increase, as il-
lustrated in Fig. 3. In our approach, the initial step involves
extracting layer-specific features by a DW-Conv performed
after reshaping to a 2D grid. In this operation, akin to posi-
tional embedding, we utilize the learnable parameters called
Positional Bias term (Pos. Bias) to encode the embedding
information regarding the token positions [16]. In addition,
we exploit a single MLP layer to associate the channel fea-
tures.

After extracting the layer-specific features, we concate-
nate them with the input features along the channel dimen-
sion. In other words, we combine both the preserved input
and the newly added layer-specific features to refresh the
features in each attention layer. The process of the proposed
Channel Propagation method operates as follows.

X′
l = ψ(Xl) +MHSA(ψ(Xl)), (4)

ψ(Xl) = concat (RCl,Xl) , (5)

where X ′ is the input feature and RC denotes the refresh-
able layer-specific feature, which is computed as:

RC′
l = DWBlock(Xl) + Pb, (6)

RCl = MLP(RC′
l) + RC′

l, (7)

where Pb represents the learnable positional bias, and
DWBlock is the depth-wise convolution layer. This layer-
specific refreshable feature is propagated to the subsequent
layer over a skip connection without over-smoothing, there-
fore maintaining the integrity of the original feature signals.
As a result, the properties of the receptive field specific to
each layer are acquired by leveraging the newly propagated
refreshable channels. This facilitates the integration of the
refreshable channels at each layer level to learn unique fea-
tures from the different receptive fields of each layer.

Enhanced Feature Diversity. Fig. 2c and 2d show the
CKA similarity of ViTs adopting CP at depths of 12 and 24,
respectively. The baseline network [7] learns similar repre-
sentations across all layers, whereas the proposed Channel
Propagation reduces the similarity in representation across
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Figure 3. The workflow of the proposed Channel Propagation method. The process involves the aggregation of layer-specific feature
representations immediately prior to the Multi-Head Self-Attention (MHSA) block. Subsequently, these features are propagated through
MHSA operations and two skip connections. To clarify, our method retains and transfers the location-specific representation information
that has been aggregated via skip connections to the subsequent layer.

layers by learning layer-specific features, enhancing diver-
sity. Additionally, in Fig. 2e, the baseline network captures
only a narrow range of spatial entropy, whereas the pro-
posed Channel Propagation learns a broader range of spa-
tial entropy. This observation indicates that Channel Prop-
agation learns not only detailed and local information but
also monotonic and global information simultaneously. Ad-
ditionally, as shown in Fig. 2f, the proposed Channel Prop-
agation can acquire diverse frequency spectra compared to
the baseline. In particular, due to our architectural design,
which preserves information from previous layers, the low-
level frequency from MHSA progressively accumulates,
leading to lower values in the early-stage layers. At the same
time, as the convolutional channels in the proposed method
increase in size, the model can capture high-frequency fea-
tures, facilitating its ability to learn a wide spectrum of fre-
quency levels.

Architectural Design Choice. We implement our pro-
posed Channel Propagation to plain [25], hierarchical [14,
19] ViT architectures. In Tab 1, Init dim., Heads, and RC
(Refreshable Channel size) represent the embedding chan-
nel size, the number of heads, and the channel size that pro-
gressively increases by the proposed Channel Propagation
method. To determine the progressive channel size, we fol-
low the guidance from [23], which introduces an effective

Table 1. Architectural design of proposed Channel Propagation.

Networks Init dim. Heads RC

ViT-S [25] 384 6 -
CP-ViT-T 128 4 8
CP-ViT-S 288 8 16

PiT-S [14] 144 {3, 6, 12} -
CP-PiT-T 64 {2, 4, 8} 16
CP-PiT-S 144 {2, 4, 8} 32

Swin-S [19] 96 {3, 6, 12, 24} -
CP-Swin-T 100 {4, 4, 5, 10} 30
CP-Swin-S 100 {4, 4, 10, 20} 20
CP-Swin-B 100 {5, 10, 15, 30} 30

setting of channel dimension as:

C = L/ρ, (8)

where C is the channel dimension and L denotes the num-
ber of layers. In our implementation, we use the optimal set-
ting of [23] as ρ ∈ [0.1, 2.0], which is the user-configured
hyperparameter for the favorable results.

In the case of hierarchical ViTs, we simply modify the
downsampling layer to adjust the spatial resolution. This
is because our method progressively grows the channel di-
mensions for every single attention block, so it is not neces-
sary to increase the channel dimension in the downsampling
layer. More details of our architectural designs can be found
in the supplementary materials.
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Table 2. Experimental study on the ImageNet-1K dataset. We
compare the classification performance of plain, hierarchical, and
deeper ViT models. The image size for training is 224×224. We
use RTX-3090 for measuring the throughput.

Networks
#Param.

(M)
FLOPs

(G)
throughput
(image / s)

Top-1
(%)

Top-5
(%)

Plain ViT

ConViT-S [8] 6 1.3 2022 73.1 91.7
ConViT-S [8] 28 5.8 921 81.3 95.7
ConViT-B [8] 87 17.5 449 82.4 95.9
ViT-T [25] 6 1.3 2882 72.2 91.1
ViT-S [25] 22 4.6 1300 79.8 95.0
ViT-B [25] 86 17.5 604 81.7 95.6
CP-ViT-T 6 2.3 2157 77.8 93.9
CP-ViT-S 24 6.1 1148 82.5 95.9

ViT-S24 43 9.2 841 80.2 94.8
DeepViT-24B [41] 36 7.9 432 80.1 -
DiversePatch [10] 44 - - 82.2 -
FeatScale [28] 43 9.1 651 81.3 -
CP-ViT-S24 46 9.7 656 81.9 95.7

Hierarchical ViT

PVT-T [30] 13 1.9 1965 75.1 -
PVT-S [30] 25 3.8 1112 79.8 -
PVT-M [30] 44 6.7 769 81.2 -
PVT-L [30] 61 9.9 541 81.7 -
CVT-13 [32] 20 4.5 658 81.6 -
CVT-21 [32] 32 7.1 445 82.5 -
PiT-T [14] 5 0.7 3420 73.0 91.4
PiT-S [14] 24 2.9 1498 80.9 95.3
CP-PiT-T 5 2.0 1911 77.6 94.0
CP-PiT-S 21 4.5 1130 82.2 95.8
Swin-T [19] 28 4.5 951 81.3 95.5
Swin-S [19] 50 8.8 577 83.0 96.2
Swin-B [19] 88 15.5 412 83.5 96.5
CP-Swin-T 16 5.7 605 82.1 96.2
CP-Swin-S 43 10.1 520 83.8 96.6
CP-Swin-B 81 16.7 301 84.1 96.9

3. Experiments
3.1. Image Classification on ImageNet-1K

Experiment Details. We implement the proposed Chan-
nel Propagation method using PyTorch framework and
Timm [31] library. For ViT [25] and PiT [14] models, we
follow the training recipe of their original setup. The mod-
els are trained with a batch size of 1024 for 300 epochs,
employing a weight decay of 0.05 and the AdamW opti-
mizer. The initial learning rate is set to 1e-3, and we use a
5-epoch warm-up with a cosine learning rate scheduler. Ad-
ditionally, data augmentation methods such as Mixup [37],
Cutmix [36], Random erasing [39], and Rand augment [5]
are applied in our training. To train variants of the Chan-
nel Propagation method on the Swin Transformer [19],
we refer to the official repository’s training recipe for the
Swin Transformer [19]1. A total of 300 epochs is used

1https://github.com/microsoft/Swin-Transformer

Table 3. Ablation studies on the component analysis for DW-Conv.
We utilize the Swin-S [19] with 100 epoch training setup.

Method #Param. (M) Top-1 (%)

Baseline [19] 50 81.0
+ MLP 43 81.1
+ DWConv (k=3) 43 81.7
+ DWConv (k=5) 43 81.6

with a batch size of 1024. This training process utilizes the
AdamW optimizer with a weight decay value of 0.05. We
utilize cosine lr scheduler, starting from an initial value of
0.001.

Classification Results. We validate the classification per-
formance of the Channel Propagation method on the
ImageNet-1K dataset. We verify its performance for vari-
ous ViTs, such as plain, hierarchical, and deeper architec-
tures. As shown in Tab. 2, the Channel Propagation exhibits
minimal or even lower overhead in terms of parameters
and FLOPs, surpassing the performance of other ViT net-
works. Specifically, our method enhances the classification
performance of a plain ViTs, achieving 82.5% compared
to the baseline’s 79.8%. Ours improves the performance of
the Swin Transformer [19], achieving 83.0%, an improve-
ment of 0.8%, and the PiT [14] network’s performance from
80.9% to 82.2%. Our method enhances the classification
performance of Swin-B from 83.5% to 84.1%, with very
low overhead in terms of computational budget. The effi-
cacy of the CP persists even in the case of deeper ViT with
24 attention layers (CP-ViT-S24).

3.2. Ablation Studies

Ablation studies are performed on the Channel Prop-
agation method utilizing the Swin-S [19] and ViT-S [25]
models. The experiments conducted in these studies involve
training on the ImageNet-1K dataset for 100 epochs.

Effective of Network Design. To verify the effectiveness
of the proposed design solely that concatenates refreshable
channels progressively, we only use a single MLP layer in
our CP-MLP. As shown in Tab. 4, CP-MLP outperforms
the baseline without any other components, such as con-
volution or positional encoding. Furthermore, as shown in
Fig. 4, CP-MLP also learns diverse feature entropy that can
reduce feature redundancy.

Component Analysis. The Channel Propagation gener-
ates layer-specific representations before the MHSA opera-
tion to propagate refreshable features in the skip-connection
operation. We first investigate the components of the pro-
posed method in Tab. 3. We evaluate DW-Conv operation in
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more diverse levels of feature map entropy.

Table 4. Ablation study on the effectiveness of our CP-MLP de-
sign. We use 100 epochs for training on the ImageNet-1k.

Methods #Param (M) FLOPs (G) Top-1 Acc.

ViT-S 22.1 4.6 75.8
CP-MLP 23.4 4.8 77.6
CP-ViT-S 23.6 5.0 78.9

Table 5. Ablation studies on the components of Channel Propaga-
tion. We train all networks with 100 epochs training setup.

MLP DWConv Pos. Bias #Param. (M) Top-1 (%)

✗ ✗ ✗ 22 75.8
✓ ✗ ✗ 23 78.3
✓ ✓ ✗ 23 78.7
✓ ✓ ✓ 24 78.9

Eq. 6 to validate the efficacy of the layer-specific receptive
fields. We replace the 3 × 3 DW-Conv by MLP and 5 × 5
DW-Conv. It is confirmed that the 3 × 3 DW-Conv shows
the best performance improvement with minimal overhead.
This result suggests that layer-specific features should learn
the appropriate size of receptive fields.

We conduct further ablation studies on components of
the Channel Propagation: DW-Conv, a single MLP layer,
and positional bias. Tab. 5 shows the results of this ablation
study. In our architectural design, each component outper-
forms its respective baseline.

Channel Propagation with original hyperparameters.
Our networks progressively increase the channel size, so we
need to adjust the channel dimension and the head numbers
of the original ViT. In this respect, one can be concerned
that the performance improvement comes from the adjust-
ment of hyperparameters such as the channel dimension and
head numbers. Therefore, to validate the performance of our
Channel Propagation with the same hyperparameter, we in-
sert the CP into a plain network identical to the original de-
sign. We maintain the same channel dimension by using a
single linear embedding layer. We reduce the channel di-
mension after the CP block to be the same as the original
design from the embedding layer. As shown in Tab. 6, even

Table 6. Ablation studies on the original ViT [25] network archi-
tecture with our Channel Propagation method. The hyperparame-
ters of the channel dimension and number of heads are the same
as the original ViT with ours. We use 100 epochs for training all
networks.

Networks Dim. # Heads
#Param.

(M)
FLOPs

(G)
Top-1
(%)

ViT-T [25] 192 3 6 1.3 67.6
CP-ViT-T 192 3 6 1.3 69.3

ViT-S [25] 384 6 22 4.6 75.8
CP-ViT-S 384 6 24 5.0 77.5

Table 7. Results of CP-blocks with comparable throughput. We re-
design our Channel Propagation method to have a similar through-
put compared to the baseline. The redesigned architecture for PiT
and ViT is faster while reducing parameters and FLOPs than the
baseline.

Networks #Param. (M) FLOPs (G) Top-1 (%)
Throughput
(image / s)

PiT-S [14] 24 2.9 80.9 1536
CP-PiT-S 16 2.9 81.4 1552
ViT-S [25] 22 4.6 79.8 1311
CP-ViT-S 16 4.4 81.6 1314

without using the progressive channel design utilizing the
Channel Propagation, the proposed approach works favor-
ably against the original baseline ViTs.

Comparable Resource. To verify the efficiency of the
proposed approach, we redesign the proposed network by
adjusting the channel dimensions and the size of the RC to
improve throughput. As shown in Tab. 7, the redesigned CP-
PiT-S and CP-ViT-S outperform PiT-S [14] and ViT-S [25]
by 0.5% and 1.8%, respectively. Additionally, our Chan-
nel Propagation significantly reduces the parameters of the
baseline network while achieving faster inference speeds,
leading to overall performance improvements.

Refreshable Channel in FFN. We apply our Channel
Propagation after MHSA operations, but there is another
skip connection in FFN layers. Thus, we compare ours by
applying it to both MHSA and FFN. In this ablation, we
compare using 1) 16 dimensions of RC for only MHSA, 2)
8 dimensions for both MHSA and FFN, and 3) 16 dimen-
sions of RC for only FFN. As shown in Tab. 8, applying our
Channel Propagation to MHSA yields significantly better
performance because the refreshable channels enhance the
diversity of the attention maps in MHSA.

Attention map Visualization. To evaluate the effective-
ness of refreshable channels, we visualize the attention
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Table 8. Performance comparison of MHSA and FFN for our CP
method. As outlined in Tab. 1, our method transmits a refreshable
channel (RC) of size 16. For comparing MHSA and FFN, we eval-
uate the following configurations: 16 RC with MHSA, 8 RC with
MHSA and FFN, and 16 RC with FFN.

Networks (RC) #Param. (M) FLOPs (G) Top-1 (%)

ViT-S [25] 22 4.6 79.8
MHSA (16) 25 6.1 82.5
MHSA (8) & FFN (8) 24 6.0 82.2
FFN (16) 24 6.0 82.0

Table 9. Semantic segmentation results on the ADE20k. We use
UperNet as the segmentation backbone network.

Methods #Param. (M) FLOPs (G) mIoU (%)

Swin-T [19] 59.0 237 44.0
CP-Swin-T 45.1 243 44.9
Swin-S [19] 80.3 261 48.3
CP-Swin-S 73.3 268 48.6

maps across layers for both the baseline ViT and CP-ViT,
each with 12 layers2. As illustrated in Fig. 5, the attention
maps of the baseline model exhibit growing similarity from
Block 8 to Block 12, suggesting a decrease in diversity as
the depth increases. In contrast, the Channel Propagation
method, which integrates refreshable channels alongside at-
tention operations, generates more diverse attention maps,
hence reducing redundancy in the network.

3.3. Object Detection

Experimental Settings. We validate the object detec-
tion performance of our Channel Propagation on the COCO
dataset [18] using the MMDetection library [2]. Mask R-
CNN [12] is used a head network with the training recipe of
from the Swin Transformer [19]. Specifically, AdamW op-
timizer using a 0.001 initial learning rate is employed with
1× and 3× training schedules, training for a total of 12 and
36 epochs, respectively. Input image size for all detection
networks is configured by 800× 1333.

Results. We report the results in Tab. 10. There are per-
formance improvements of 1.1 in AP bb and 0.7 in APmk

scores by our CP-Swin-T. These performance improve-
ments are consistently shown in the 3× scheduler setting.

3.4. Semantic Segmentation

Experimental Settings. We utilize UperNet [33] and
MMSegmentation [4] to evaluate the semantic segmenta-
tion performance on the ADE20K dataset [40]. The train-
ing script follows the Swin Transformer. Specifically, we

2We use [41] for the attention map visualization.

use 512×512 cropped images and Adam optimizer with a
6× 10−5 initial learning rate of 0.01 weight decay.

Results. Tab. 9 presents the parameters and mIoU scores
of CP and the baseline network [19] for the downstream
task. There is a 0.9% performance improvement for Swin-
T with our Channel Propagation. Ours also achieves 0.3%
performance improvement at a larger scale.

4. Related Works
4.1. Vision Transformer

The transformer architecturehas proven to be highly ef-
fective not just in language data but also in visual recog-
nition tasks. This is supported by various studies such as
DeiT [25], CaiT [26], Swin [19], and T2T [35]. In con-
trast to traditional convolutional neural networks networks
[13, 20, 38], which primarily focus on capturing local asso-
ciations, ViTs adopt a different approach. They partition the
input image into patches of fixed size and process them se-
quentially through MHSA and FFN blocks. This approach
enables the effective aggregation of long-range dependen-
cies in the image. Nevertheless, ViTs are subject to a no-
table limitation referred to as an over-smoothing problem,
wherein propagated features show excessive similarity. Sev-
eral studies [3, 10, 22, 28, 41] have addressed the problem
of redundant feature representation being generated in ViTs
due to the self-attention operation. This over-smoothing
issue becomes notably more prominent when developing
ViTs with deeper depth, presenting a substantial obstacle.
As a result, several studies endeavors aimed at recalibrating
the self-attention operation [3, 28, 41] and augmenting the
variability of image patches [6, 10].

4.2. Skip Connection in Vision Transformer

Skip connections are widely used as essential elements
in deep neural networks to facilitate stable learning [13, 24,
27, 29]. Skip connections allow the direct transmission of
identity features of input signals to output signals, hence
alleviating potential optimization challenges that may de-
velop during very deep networks. Within the context of
ViTs, skip connections play a comparable role by facil-
itating consistent learning and mitigating the degradation
of high-frequency signals that arise from the self-attention
mechanism’s low-pass filter [28]. Upon careful examination
of the occurrence of duplicate representations in ViTs, it
becomes apparent that the traditional approach of incorpo-
rating residuals through skip connections does not play a
significant role in mitigating the issue of excessive smooth-
ing. We introduce a new residual scheme with the Chan-
nel Propagation to improve the impact of skip connections.
This scheme serves the dual purpose of preserving high-
frequency signals and alleviating over-smoothing.
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Figure 5. The layer-wise attention map visualization of the baseline and our Channel Propagation. The presence of redundant attention
maps is apparent in the initial state, and this tendency grows more prominent, particularly at deeper levels. On the other hand, the proposed
Channel Propagation shows more diverse patterns of attention maps.

Table 10. Experimental study on the object detection task. We compare the object detection performance of the proposed Channel Propa-
gation with the Swin Transformer on the MS-COCO dataset.

Schedule Backbone #Params. (M) FLOPs (G) AP bb AP bb
50 AP bb

75 APmk APmk
50 APmk

75

×1

Swin-T [19] 48 257 42.7 64.6 46.9 39.4 61.8 42.3
CP-Swin-T 36 279 43.8 65.7 48.2 40.1 62.8 43.2
Swin-S [19] 69 343 45.3 67.2 49.6 41.1 64.3 44.3
CP-Swin-S 63 369 46.6 68.4 51.3 42.2 65.7 45.7

×3

Swin-T [19] 48 257 46.0 68.2 50.3 41.6 65.3 44.7
CP-Swin-T 36 279 47.0 68.8 51.8 42.3 65.9 45.4
Swin-S [19] 69 343 48.0 69.5 52.8 42.9 66.9 46.5
CP-Swin-S 63 369 49.0 70.3 54.0 43.5 67.6 47.0

4.3. Feature Channels in Network

The dimensionality of the feature map plays a critical
role in constructing robust deep neural networks. It is evi-
dent that effectively modeling the distinct characteristics of
each channel dimension enhances the network’s capacity to
learn diverse feature representations. Previous studies have
placed significant emphasis on the efficient configuration of
channel dimensions and improving network efficiency by
implementing carefully crafted channel designs. The recali-
bration of channel features was performed by Hu et al. [15]
through the learning of inter-channel relationships. Jun et
al. [9] introduced a lightweight spatial bias term that is con-
catenated in channel dimensions as a potential substitute
for self-attention. PyramidNet [11] addressed the issue of
information loss in downsampling layers by implementing
gradual expansion of the channel dimensions. PiT [14] was
able to establish a balance between lightweight design and
high performance by emphasizing the utilization of hierar-
chical channel dimension reduction methods within CNNs.
DeepMAD [23] optimizes structural parameters such as the
depth and width of the network based on information en-
tropy, achieving state-of-the-art performance with minimal
computational overhead.

5. Conclusion
In this paper, we propose a novel Channel Propagation

method to address the issue of feature redundancy in ViTs

by introducing layer-specific features. Our analysis reveals
the presence of redundant feature representations within
ViTs, and to alleviate this, we incorporate layer-specific
feature representations to refresh the skip connections
within each attention block. To validate the effectiveness of
our approach, we measure the classification performance
for both plain and hierarchical ViT architectures, demon-
strating that our design brings substantial performance
improvements with low computational overhead. Fur-
thermore, from various analyses of the proposed method,
we confirm that our method alleviates over-smoothing to
ensure feature diversity in a network. Our proposed method
exhibits significant performance improvement in image
classification and its downstream tasks. It is posited that the
proposed approach holds significant potential in facilitating
the building of deep neural networks.
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