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Abstract

Vision transformers (ViTs) excel at global context modeling with self-attention. However,
standard self-attention leads to quadratic computational complexity, which restricts its
practical use in high-resolution or latency-sensitive tasks. Existing methods achieve linear
complexity via local window constraints or additive approximations. However, they often
compromise long-range dependency modeling. To address this issue, we propose the
channel-guided additive attention vision transformer (CGA-ViT), which achieves syner-
gistic optimization of multi-scale feature extraction and efficient global context modeling.
First, we propose multi-scale dilated feature embedding (MDFE). By designing multi-scale
sampling and spatial feature embedding, we can expand the receptive field and capture
fine-grained features simply by adjusting the dilation rate in the early stages; second, we de-
sign channel-guided additive attention (CGA), dynamically modulating key vectors using
query-derived descriptors, enabling long-range semantic interactions while maintaining
linear complexity growth. We adopt a hierarchical structure, and in the shallow layers, we
use CGA to carry out local-global interactions and use efficient additive attention in deep
layers for global integration. Evaluations on ImageNet-1K show that CGA-ViT achieves
84.0% Top-1 accuracy with 4.7 GFLOPs, outperforming Swin-T (81.3%) and ConvNeXt-T
(82.1%) by 2.7 and 1.9 percentage points under comparable computational costs. Ablation
experiments verify MDFE and CGA, which together contribute to 65.0% of performance
gains, with the rest from token-level supervision. Overall, CGA-ViT effectively balances
the intrinsic tradeoff between efficiency and global modeling capability, significantly boosts
visual recognition performance without extra computational overhead, and provides an
efficient solution for lightweight ViT design.

Keywords: vision transformer; attention mechanism; lightweight network; image classification

1. Introduction

Vision transformers (ViTs) rely on self-attention for global context modeling, achiev-
ing state-of-the-art performance on image classification [1-7], object detection [8-12], and
semantic segmentation [13-15]. However, standard self-attention incurs quadratic com-
plexity O(N?) with spatial resolution N, rendering ViTs impractical for high-resolution
inputs or edge deployment [16-19]. Window-based methods [20] restrict attention to
local neighborhoods, reducing complexity but limiting long-range dependencies. Lin-
ear attention approximations [16] improve throughput at the cost of contextual richness.
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Both approaches trade global modeling for efficiency, motivating methods that preserve
long-range dependencies without quadratic cost.

In this work, we present CGA-ViT, a hierarchical vision transformer with two core com-
ponents. First, multi-scale dilated feature embedding applies variable dilation rates to key
vectors, enlarging receptive fields without additional parameters. Second, channel-guided
additive attention compresses multi-scale features via learned projections, generating low-
dimensional representations that reweigh keys through element-wise multiplication. This
preserves long-range dependencies while maintaining linear complexity. Because early
layers retain multi-scale information, we introduce efficient additive attention for global
modeling in later stages.

Our main contributions can be summarized as follows:

*  Multi-scale Dilated Feature Embedding Mechanism (MDEFE). A dilated convolution-
analogous method achieves multi-scale context aggregation.

¢ Channel-Guided Additive Attention Mechanism (CGA). A channel-wise attention
mechanism that guides the query vector to interact with the key vector processed by
MDFEFE, preserving long-range dependencies with linear computational complexity.

*  CGA-VIiT Architecture. A hierarchical vision transformer that integrates our proposed
CGA to achieve a balance between efficiency and global context modeling.

As evidenced in Figure 1, our experiments on the ImageNet-1K benchmark [21]
show that our proposed architecture consistently outperforms state-of-the-art ViT variants,
both in terms of accuracy metrics and computational efficiency parameters. These results
validate our design for applications requiring efficient performance.
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Figure 1. ImageNet-1K accuracy—curve of FLOPs at a 2242 resolution. CGA-ViT achieves the best
balance of accuracy and efficiency at tiny and small model scales.

2. Related Work

Recent work in vision transformers has developed along four directions that motivate
our approach: (1) local attention and global attention in vision transformers, (2) multi-
scale vision transformers, (3) efficient attention mechanisms, and (4) channel attention
mechanisms.

2.1. LocalWindows Attention and Global Attention in Vision Transformers

Vision transformers rely on global self-attention, which incurs quadratic complexity
O(N 2) with input size, limiting scalability for high-resolution images [17,18]. Window-
based methods reduce this cost by restricting attention to local neighborhoods. Swin Trans-
former [20] applies self-attention within non-overlapping windows with periodic shifts,
reducing computation but introducing boundary discontinuities. CSWin [22] enhances
inter-window communication via directional banded attention; however, its fixed-width
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patterns constrain adaptive receptive field learning. Pyramid architectures such as PVT [23]
employ hierarchical downsampling to reduce cost; however, this compression loses fine-
grained details crucial for dense prediction. These limitations motivate our approach to
preserve global context without quadratic cost or boundary artifacts.

These approaches typically isolate local windows or rely on aggressive downsampling.
In contrast, our CGA module integrates multi-scale dilated embedding for local context
modeling with channel-guided additive attention for global aggregation. This design
preserves fine-grained details while enabling efficient global reasoning, mitigating the
boundary discontinuities inherent to window-based methods.

2.2. Multi-Scale Vision Transformer

This design mismatches the multi-scale requirements of dense prediction tasks. Hier-
archical approaches address this by progressively downsampling features. PVT [23] and
Swin [20] reduce spatial resolution in deeper layers to capture coarse semantics. Cross-
Former [24] extends this with multi-scale patch embedding at the input stage. Alternatively,
MPVIT [25] processes multiple scales via parallel paths, while Shunted Transformer [26]
aggregates tokens of varying granularity. Hybrid models such as Conformer [27] and
Mobile-Former [28] integrate convolutional branches for local feature extraction. ViTAE [29]
embeds dilated convolutions within attention blocks, enabling multi-scale context without
additional parameters.

Our multi-scale dilated feature embedding similarly avoids parameter overhead, but
differs in applying dilation directly to key projections rather than attention blocks or patch
embedding, enabling more flexible receptive field control.

2.3. Efficient Attention Mechanisms

As shown in Figure 2, researchers have developed various efficient variants to reduce
the computational cost of global attention. Sparse attention, exemplified in BigBird [30],
implements fixed global-local-random patterns but sacrifices spatial priors. Linearized
attention [31,32] approximates the softmax operation through kernel functions or random
projections, though it encounters approximation errors and adaptability limitations. Matrix-
decomposition approaches like Linformer [33] reduce key/value matrices through low-rank
projections, yet their static projections fail to capture dynamic spatial relationships.

Building upon the additive attention framework, we introduce a multi-scale dilated
feature embedding mechanism that compresses spatial features through a learnable po-
sitional encoding matrix and cross-interacts them with channel-wise features, enhancing
channel-wise representational capacity while maintaining low computational overhead.

2.4. Channel Attention Mechanisms

Channel attention originates with SENet [34], which applies global average pooling
(GAP) to aggregate spatial information, followed by a bottleneck MLP to learn channel
weights. However, SENet neglects spatial structure, limiting performance on localization
tasks. CBAM [35] extends this with a spatial attention branch, combining GAP and global
max pooling (GMP) for channel features while using channel pooling and 3 x 3 convolu-
tions for spatial attention. This enables joint optimization of channel and spatial features,
though the sequential design adds computational cost and restricts interaction between
branches. ECA-Net [36] addresses SENet’s dimensionality reduction with 1D convolutions
using adaptive kernel sizes, capturing local channel dependencies without compression.
This improves efficiency but maintains the limitation of missing spatial information.

We propose a multi-scale dilated feature embedding mechanism that applies dilated
convolutions to key projections, expanding receptive fields without additional parame-
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ters. A learnable positional encoding compresses spatial features, enabling an interaction
between channel and spatial information while preserving computational efficiency.
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Figure 2. Comparison of self-attention modules. (a) Typical self-attention used in ViTs. (b) Separable
attention in MobileViT-v2. It employs element-wise operations to compute the context vector based
on the interactions between the Q and K matrices, and then multiplies the context vector by the
V matrix to generate the final output. (c) Efficient additive attention. Here, the query matrix is
multiplied by learnable weights and pooled to produce global queries. Then, the matrix K is element-

wise multiplied by the broadcasted global queries, resulting the global context representation.

3. Method

To address the challenge of capturing multi-scale dependencies in high-resolution
medical images without excessive computational costs, we develop CGA-ViT, a hybrid
architecture that bridges local convolutional inductive biases with global vision transformer
capabilities. Rather than applying standard self-attention across dense feature maps,
our approach first decomposes spatial information through a multi-scale dilated feature
embedding (Section 3.1, then selectively enhances channel representations via a channel-
guided additive attention that reweighs feature importance based on aggregated spatial
contexts (Section 3.2, Figure 3). The complete integration of these components into an
end-to-end trainable framework is detailed in Section 3.3.
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Figure 3. Channel-Guided Additive Attention Block Overview. (1) Multi-scale dilated sampler collects
multi-scale context; we extracted features at three different scales. (2) Spatial feature embedding
blends spatial and channel cues; we explicitly separated the spatial and channel features of the key
vector, and then we performed spatial feature embedding. (3) Channel-guided additive attention
combines channel information to guide attention operations.
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3.1. Multi-Scale Dilate Feature Embedding

Conventional approaches rely heavily on single-scale features—a reliance that exposes
representations to noise corruption and limits them within narrow receptive fields. Breaking
free from these constraints, we design multi-scale dilated embedding modules that actively
fuse features across the multi-window. The result is a model that shrugs off disturbances far
more resiliently while markedly stretching its grasp of expansive contextual information.

3.1.1. Multi-Scale Dilated Sampler

To capture rich local context around each spatial position, we stack two complementary
transformations on top of the feature map: we first flatten the 2D grid into continuous 1D
patches via dimensional unfolding and then apply dilated sampling to these patches (shown
in Figure 4), using a sliding window of size k x k with variable dilation rates é € {1,2,3}.
This sequential operation efficiently captures multi-scale spatial neighborhood information
while controlling computational overhead:

Z = Uys(X), )

where Uy 5(-) represents the unfolding operator. The operation consists of two steps: spatial
unfolding followed by dilated sampling with rate. Given X € REX#xHxW this operation
samples k? spatially distributed neighbors around each position, resulting in an unfolded
tensor Z € REX4xKxN where N = H x W is the total number of spatial locations.

Dilated Sampler

i N\ e
v <

Figure 4. Multi-Scale Dilated Sampler. Channels are split into heads, each head sampling within a

Concat =3
Head =2 |
Muti-Scale B T

3 x 3 window but with dilation rates § € {1,2,3}. The red squares indicate the central position, and
the mixed-color squares correspond to features extracted at different dilation rates. The outputs are
passed through a linear projection layer that effectively fuses the information.

3.1.2. Spatial Feature Embedding

Direct fusion of channel-wise and spatial features escalates computational overhead
and introducing redundancy that causes overfitting. We mitigate this via a learnable
linear projection to adaptively compress spatial dimensions pre-fusion, enabling tight
spatial-channel coupling without representational capacity loss:

K2
Xb,n,c = Zw(l) ' Xh,n,c,i +b (2)
i=1
—_— ——
Spatially weighted sum
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Here, W = [w(l), cer, w(kz)] € R¥ is a shared projection matrix and b is a learnable bias
term, gathering each channel’s k? neighborhood features through weighted summation.
Reshaping and aligning these spatial-channel features in latent space generates fused
representations K € RE*4*N that act as keys for efficient attention computation:

k2
Kpna = f (Z w; - Kb,n,d,z‘> 3)

i=1

where K € RBNA represent the joint feature representations and f denotes the GELU acti-
vation function, which realizes the mapping of spatial information to the channel domain.

3.2. Channel-Guided Additive Attention

As illustrated in Figure 5, our channel-guided additive attention mechanism processes
the token embeddings Q and K € RE*N>4 from the MDFE module. The proposed architec-
ture incorporates a learnable global channel-wise descriptor G € RE*¥ that is adaptively
generated through weighted aggregation of query representations across the sequence
of tokens.

Channel Feature

Input Feature Refined Feature

unfold
—
\ ' Linear '

Spatial Feature

Figure 5. Spatial Feature Embedding. A dilated unfolding operator is a process that rearranges
each neighborhood of the input feature map into a token sequence. The number of neighborhoods
the operator rearranges is called the k x k neighborhood. The sequence is subdivided into two
branches: a channel branch that preserves channel semantics and a spatial branch that compresses
local geometry through a shared linear layer. The two latent representations are recombined through
feature crossing, enabling the global channel context to refine every spatial location before the
subsequent attention block.

We first derive per-token attention weights using a learnable vector w, € R%
A= (Qi-wy), i=1,...,N @)
1 \/H 1 g)r TR

where the scaling factor Ld stabilizes gradient magnitudes. The global descriptor aggre-
gates queries via the following weights:

N
G = Z Ai * Qi- (5)
i=1

Based on this global descriptor, we propose a channel-guided additive attention
mechanism. Specifically, we broadcast G to all spatial positions and perform element-wise
multiplication with the key features K; € RY at each location i. We then project the result
back to the original feature space via learnable linear transformation:

£ =L(G*K)+ Q. (6)
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where Q denotes the normalized query matrix and L indicates the linear transformation.

3.3. Qverall Architecture

As shown in Figure 6, CGA-ViT comprises four stages. Stages 1-2 use CGA modules
for local detail modeling, while stages 3—4 adopt EAA [16] for computational efficiency.
We employ overlapping 3 x 3 convolutions for patch embedding and inter-stage down-
sampling [37], preserving spatial continuity. Conditional position embedding (CPE) [38]
handles variable input resolutions without explicit interpolation. This adaptive mechanism
dynamically adjusts positional encodings to accommodate multi-scale feature resolutions.
Specifically, our overall architecture is described as follows:

A

X = DwConv(X) + X, (7)

CGA(Norm(X)) + X, low-level stages,

Y = (8)
EAA(Norm(X)) + X, high-level stages,

Z = MLP(Norm(Y)) + Y, )

where X is the input of the current block, i.e., the image patches or the output from the
last block. We implement CPE as a depth-wise convolution (DwConv) module with zero
padding and 3 x 3 kernel size. We add MLP following prior works, which consists of two
linear layers with a channel expansion ratio of 4 and one GELU activation.

CoceE g CGA ) .’ MLP Voo
—;-—iﬁ DWConv E Norm ﬁ:-* CGA —> Concat — Linear E‘(Q Norm —» Linear ﬁ’ Linear ; B;»
) o B o B o0 B
£ 8 g = g = g =
v &S cca &5 coa £E  EaA &5  EAA
— O —_— —_— _—
{ i 5 < Block 5 g Block 5 = Block 51 = Block
TV | > 2 z 2 z 2 z g
it © x Ny © 8 x N, © 58 x N © R X Ny
Stagel Stage2 Stage3 Stage4
H/4, W/4, C, H/8, W/8, C, H/16, W/16, C; H/32, W/32,C,

Figure 6. Overall architecture of CGA-ViT. The above figure shows the proposed channel-guided
additive attention (CGA) module, which is composed of DwConv, a channel-guided additive atten-
tion block, and MLP. The lower figure shows CGA-ViT, which consists of overlapping tokenizers,
overlapping downsamplers, a channel-guided additive attention block, and an efficient additive
attention block.

4. Experiments

To evaluate the performance of our CGA-ViT, we used the model as the visual back-
bone for the ImageNet-1K classification. In addition, we evaluated the effectiveness of key
modules through ablation studies. All experiments were performed on servers equipped
with 8 NVIDIA A100 GPUs.

4.1. Implementation Details

We train CGA-ViT on ImageNet-1K (1.28 M /50K train/val images) following DeiT [39]
and PVT [23]: AdamW optimizer, 200 epochs (10 warm-up + 10 cool-down), cosine LR
decay from 0.001, batch size 1024, weight decay 0.05. For enhanced supervision, we

https:/ /doi.org/10.3390/app16041740


https://doi.org/10.3390/app16041740

Appl. Sci. 2026, 16, 1740 8 of 15

adopt token labeling [40] with an auxiliary token-level head and MixToken augmentation
(replacing CutMix/MixUp).

4.2. Image Classification

To comprehensively evaluate CGA-ViT, we conducted comparative analyses with three
distinct model architectures: (i) lightweight ConvNets (MobileNet-V2/V3, EfficientNet-B0,
ConvNeXt-T); (ii) pure Vils (Deil, Swin); and (iii) hybrid or MetaFormer variants
(MobileViT-v2, PoolFormer, EfficientFormer, SwiftFormer). The comparison of our CGA-
ViT models (Tiny, Small, Base) with these state-of-the-art methods is presented in Table 1.

Table 1. ImageNet-1K (224%). * indicates models trained with token labeling. Lower is better: |.
Higher is better: 1. The latency is measured on an iPhonel4 Neural Engine (iOS 16), and the through-
put is measured on an NVIDIA A100 GPU. Our results are shown in bold for all model variants.

Model Type Params (M) | FLOPs (G)] Top-1(%)1T Latency (ms)] Throughput (A100) 1
MobileViT-v2x1.0 [19] Hybrid 49 1.8 78.1 1.7 3201
DeiT-T [39] Transformer 5.7 1.3 72.2 3.8 5860
PVT-T [23] Transformer 13.2 1.9 75.1 - -
MobileNet-V3-Large [41] CNN 54 0.6 75.1 0.9 10,351
ResNet-50 [1] CNN 255 41 78.5 1.9 4835
EfficientNet-B0 [42] CNN 53 0.7 77.1 1.3 8537
EdgeViT-XS [43] Hybrid 6.7 1.9 77.5 2.7 4812
SwiftFormer-S [16] Hybrid 6.1 1.6 78.5 0.8 5051
MobileNet-V2x 1.4 [44] CNN 6.1 0.8 74.7 0.9 7447
Ours-T Hybrid 6.2 1.9 Ours-T 1.8 6372
Ours-T * Hybrid 6.5 1.9 Ours-T 1.8 6372
MobileViT-v2x 1.5 [19] Hybrid 10.6 4.0 80.4 3.4 2356
PoolFormer-512 [45] Pool 12.0 2.1 77.2 1.2 3227
ResNet-101 [1] CNN 445 79 79.8 3.3 2842
Swin-T [20] Transformer 29.0 4.5 81.3 - -
PVT-S [23] Transformer 24.0 3.8 79.8 - -
EfficientFormer-L1 [17] Hybrid 12.3 24 79.2 1.1 5046
SwiftFormer-L1 [16] Hybrid 12.1 2.5 80.9 1.1 4469
Ours-S Hybrid 9.6 2.2 81.6 24 5143
Ours-S * Hybrid 10.0 2.2 82.3 2.4 5143
DeiT-S [39] Transformer 22.5 4.6 79.9 9.9 2990
Swin-S [20] Transformer 50.0 8.7 83.0 - -
PVT-L [23] Transformer 61.4 9.8 81.7 - -
ConvNeXt-T [3] CNN 28.6 45 82.1 2.5 3235
ResNet-152 [1] CNN 60.2 11.6 80.8 49 1856
PoolFormer-S36 [45] Pool 31.0 5.2 81.4 2.8 1114
EfficientFormer-L3 [17] Hybrid 31.3 54 82.4 2.0 2691
MobileViT-v2x2.0 [19] Hybrid 18.5 7.5 81.2 7.5 1105
SwiftFormer-L3 [16] Hybrid 28.5 5.8 83.0 1.9 2890
Ours-B Hybrid 23.2 4.7 83.4 3.8 3380
Ours-B * Hybrid 23.2 4.7 84.0 3.8 3380

Comparison with ConvNets. Our CGA-ViT demonstrates substantial performance
advantages over conventional lightweight CNN counterparts. CGAViT-T achieves supe-
rior Top-1 accuracy by 2.3% and 4.3% margins compared to EfficientNet and MobileNet,
respectively, while showing 0.5 ms and 0.9 ms higher inference latency. CGAViT-T ex-
ceeds ResNet-50 by 0.9% in Top-1 accuracy with 0.1 ms faster inference speed. The larger
CGAViT-B variant surpasses ResNet-152 and ConvNeXt-T by 2.6% and 0.9% accuracy,
respectively, while maintaining 1.1 ms lower latency than ResNet-50. These findings indi-
cate superior performance metrics to lightweight CNNs despite slightly higher latency in
specific configurations.
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Comparison with Transformer Models. Table 2 compares CGAViT with conventional
transformers under similar parameter budgets. CGAViT-T improves DeiT-T by 7.2% Top-1
accuracy while reducing latency by 2 ms, despite identical model sizes. It also outperforms
PVT-T by 4.4% with 50% fewer parameters. At larger scales, CGAViT-B reaches 84.0%
accuracy with token labeling, exceeding Swin-S and DeiT-S by 1.0% and 4.1%, respectively.
These gains suggest that the cross-grained attention design achieves better parameter
efficiency than standard self-attention.

Comparison with Hybrid Architectures. Hybrid architectures reduce latency and pa-
rameters compared to pure transformers, but their fusion of local and global features often
introduces semantic misalignment. For example, SwiftFormer achieves nearly twice the
throughput of CGAVIT, yet trails by 1.0-1.5% in accuracy. Conversely, CGAViT outperforms
MobileViT-v2 on both accuracy and latency. These results suggest that tightly coupled
multi-scale attention mitigates the local-global feature misalignment common in hybrid
designs, improving the accuracy-efficiency tradeoff.

Table 2. Performance comparison of different backbones on detection, instance segmentation, and
semantic segmentation tasks. Our results are shown in bold for all model variants.

Detection & Instance Segmentation Semantic
Backbone
APbox APSb(;)x AP;)SOX APmask AP;I(;uSk AP;’;”Sk mIoU%

ResNet18 [1] 34.0 54.0 36.7 31.2 51.0 32.7 329
PoolFormer-S12 [45] 37.3 59.0 40.1 34.6 55.8 36.9 37.2
EfficientFormer-L1 [17] 37.9 60.3 41.0 35.4 57.3 37.3 38.9
PVT-L [23] 40.4 62.9 43.8 37.8 60.1 40.3 39.8
SwiftFormer-L1 [16] 41.2 63.2 448 38.1 60.2 40.7 414
CGAVIT-S (Ours) 42.3 64.3 45.6 38.8 61.4 41.6 42.6
ResNet50 [1] 38.0 58.6 414 344 55.1 36.7 36.7
PVT-S [23] 429 65.0 46.6 39.5 61.9 42.5 44.8
PoolFormer-S24 [45] 40.1 62.2 434 37.0 59.1 39.6 40.3
Swin-T [20] 422 64.4 46.2 39.1 64.6 42.0 41.5
EfficientFormer-L3 [17] 414 63.9 447 38.1 61.0 40.4 43.5
SwiftFormer-L3 [16] 42.7 64.4 46.7 39.1 61.7 41.8 43.9
CGAViT-B (Ours) 43.8 65.6 47.7 40.3 62.8 43.0 45.1

4.3. CGAVIT as Backbone

Object Detection and Instance Segmentation.We adopt CGAVIiT as the backbone net-
work for object detection and instance segmentation tasks, integrating it into the Mask-
RCNN [8] framework to evaluate its performance. Experiments are conducted on the
COCO 2017 [46] dataset, which comprises 118,000 training images and 5000 validation
images. Boasting diverse scenarios and object categories, these datasets can fully validate
the model’s generalization capability. For model initialization, we use pre-trained weights
from ImageNet-1K for the CGAViT backbone; this ensures efficient convergence and solid
initial performance right from the start. On the optimization front, we employ AdamW, the
mainstream optimizer in this field, with an initial learning rate set to 2 x 10~%. The model is
trained for 12 total epochs, and input images are fixed at a size of 1333 x 800. To guarantee
fair comparisons, all experimental settings are aligned with those of existing related works.

We compare CGAViT against CNN and transformer backbones on object detection
and instance segmentation (Table 2). At similar computational budgets, CGAViT shows
improvements of 3.4 APY* and 3.7 AP™%* over ResNet-50 and outperforms SwiftFormer-
L3 by 1.1% and 1.2%, respectively. These consistent gains across different architectures
suggest that CGAVIT is an effective backbone for visual tasks.

Semantic Segmentation.We evaluate CGA-ViT on ADE20K [47,48], which contains
20K training and 2K validation images across 150 categories. Following standard practice,
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we pair our backbone with Semantic FPN [49] and initialize from ImageNet-1K pre-trained
weights. We train for 40K iterations with a batch size of 32 (8 GPUs), using AdamW
with an initial learning rate of 2 x 10~% and poly decay (power = 0.9). Input images are
resized to 512 x 512 during training; at test time, the short side is resized to 512 with
proportional scaling.

The segmentation results in Table 2 validate CGA-ViT’s scalability to dense prediction
tasks. At comparable complexity, CGA-ViT-B achieves 45.1% mloU on ADE20K, exceeding
SwiftFormer-L3 by 1.2 percentage points (43.9%) with fewer parameters. This gain stems
from the channel-guided attention’s explicit modeling of global context, which reduces
ambiguity in boundary regions where CNNs and local attention struggle.

4.4. Ablation Study

To evaluate the contribution of each proposed component, the analysis begins with
the SwiftFormer-XS backbone and progressively incorporates multi-scale dilated feature
embedding (MDFE), channel-guided additive attention (CGA), and token labeling (TL).
All experiments utilize the unified training recipe and identical random seeds, ensuring
rigorous comparability. Table 3 presents Top-1 accuracy on ImageNet-1K.

Table 3. Ablation on CGAViT-T with 2242 inputs. Modules are added cumulatively; ATop-1 denotes
the gain over the SwiftFormer-XS baseline.

Configuration Top-1 (%) ATop-1 (%)
SwiftFormer-XS (baseline) 75.7 -

+ MDFE t 78.5 +2.8

+ MDFE + CGA ¥ 79.4 +3.7

+ MDFE + CGA + TL§ 80.0 +4.3

* MDFE enlarges each attention head’s receptive field through dilated token mixing, providing multi-scale
contextual information with minimal computational overhead. ¥ CGA integrates channel attention with spatial
feature processing; channel attention mechanisms guide Query and Key calculations. § TL provides pixel-level
supervisory signals, enabling early network layers to capture position-sensitive visual cues without introducing
any additional inference cost.

Discussion: (1) MDFE independently achieved a significant +2.8 pp improvement,
demonstrating that rich feature representation provides significantly higher performance
for small models compared to simply increasing depth. (2) The introduction of CGA
contributed to an additional +0.9 pp improvement. Analysis indicates that more flexible
attention distribution enables the model to focus on key areas, enhancing its ability to
model long-range dependencies and local details. (3) TL yields a further +0.6 pp without
affecting inference cost, making it a highly cost-effective add-on for lightweight networks.
Roughly 65% of the total 4.3 pp gain arises from architectural changes (MDFE + CGA),
with the remaining 35% credited to finer-grained supervision (TL).

Dilation Rate:When different dilation rates share the same attention head, features
end up competing for channel space; this “channel competition” destabilizes training and
sends gradients haywire. We sidestep this by partitioning heads so their count always
matches dilation scales as integer multiples; specifically, we redistribute heads and per-head
dimensions across dilation groups while keeping the total feature length intact. Based
on the performance on the ImageNet-1K classification task, we analyze the impact of
dilation scales. Table 4 presents the corresponding relationships among the number of
heads, dilation scales, and Top-1 accuracy in Stage 1 or Stage 2, revealing that multi-scale
dilated attention—with dilation rates [1, 2, 3]—hits 79.4% Top-1 accuracy, leaving single-
scale setups ([1], [2], or [3] alone) trailing at 78.7-78.9%. The gap makes sense: blending
scales harvests richer hierarchical semantics than any single receptive field can capture. In
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addition, the dilation rates need to be kept moderate: excessively narrow scales will lose
global dependencies, while overly wide scales tend to introduce redundant information. In
contrast, the combination [1, 2, 3] can simultaneously balance the locality and sparsity of
attention, thus avoiding the redundancy caused by indiscriminate modeling. Therefore, we
set the default number of dilation scales of the model to 3 groups, corresponding to the
dilation rate combination [1, 2, 3].

Table 4. Top-1 accuracy on ImageNet-1K of different dilation scales.

Head Num in

Scale Stage 1/2 Window Size  Dilation Rate Top-1 (%)
3x3 (1] 78.7
Single 3,6] 3x3 2] 78.9
3x3 3] 78.8
2,4] 3x3 [1,2] 79.0
3x3 [1,2,3] 79.4
Multi 3,6] 3x3 2,3,4] 79.1
3x3 [3,4,5] 79.0
4,8] 3x3 [1,2,3,4] 79.2

Scaling Factor: We ran targeted ablations on ImageNet-1K to test whether the scaling
factor actually matters (as shown in Table 5).The experimental results demonstrate that
removing the scaling factor entirely causes the model to implode—gradients explode within
the first 20 epochs, training never stabilizes even after 200 epochs, and Top-1 accuracy
collapses 2.8% below our best setup. Locking in a fixed scaling term prevents the explosion,
yet convergence drags and performance still suffers. The real payoff comes from pairing
learnable weights with the scaling factor: training snaps 40 epochs into place faster than
the fixed-term baseline, while Top-1 accuracy climbs an additional 1.2%. These results
fully prove that the wg can adaptively calibrate the importance weights of tokens, thereby
effectively enhancing the capability of global context modeling.

Table 5. Ablation study on scaling factor.

Scaling Factor Epochs Top-1 (%) Gradient Explosion
we/Vd 110 794 No
1/Vd 150 78.2 No
No Scaling factor 200 (Not converged) 76.6 Yes

4.5. Qualitative Results

The attention map visualizations are presented as illustrated in Figure 7. CGA-ViT
exhibits high precision in delineating object regions, particularly in scenes of considerable
complexity. Integrating multi-scale dilate feature embedding and channel-guided additive
attention facilitates the comprehensive capture of detailed and contextual information,
thereby enhancing prediction accuracy.
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Figure 7. A qualitative comparison of attention maps. CGA-ViT exhibits superior spatial focus and
semantic understanding.

5. Conclusions

In this work, we present CGA-ViT, a hierarchical vision transformer that achieves
efficient local-global modeling through multi-scale dilated feature embedding and channel-
guided additive attention. Our key insight is replacing quadratic pairwise attention with
element-wise global aggregation, reducing complexity from O(N?) to O(N) while pre-
serving channel-wise contextual information. Although we achieve a superior balance
between accuracy and efficiency, our MDFE module uses fixed dilation rates [1, 2, 3], which
limits adaptability to tasks requiring different receptive field combinations. In the future,
we will explore adaptive dilation strategies for NPU deployment and extend CGA-ViT to
spatiotemporal modeling through temporal convolutions.
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