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Abstract
To address the limitations of existing ViT models, which are unable to alter in-
put patch size and where input patches contain only single-scale information, we
propose MultiFormer, a Transformer-based image classification network. Mul-
tiFormer utilizes an AWS (Attention With Scale) module to embed multi-scale
input small patches at each stage into large patches rich in semantic informa-
tion; through a GLA-P (Global-Local Attention With Patch) module, it alter-
nately captures local and global attention, thereby preserving both fine-grained
and coarse-grained features during embedding. We design three variants of the
MultiFormer architecture: MultiFormer-Tiny, -Small, and -Base, which achieve
Top-1 accuracies of 81.1%, 82.2%, and 83.2% respectively on ImageNet image
classification experiments. The latter two models demonstrate improvements of
3.1% and 3.4% over convolutional neural networks of comparable size, ResNet-50
and ResNet-101; compared to the Transformer-based classification model ViT,
MultiFormer-Base achieves a 2.1% improvement while requiring significantly
fewer parameters and computational resources than the ViT-Base/16 model
and without the need for large-scale data pre-training.
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Abstract

To address the limitations of existing Vision Transformer (ViT) models—namely
their inability to change input patch size and their reliance on single-scale in-
formation—we propose MultiFormer, a novel image classification network based
on Transformer. MultiFormer employs an AWS (Attention With Scale) module
to embed small patches from different scales at each stage into larger patches
rich in semantic information. Through the GLA-P (Global-Local Attention
With Patch) module, it alternately captures local and global attention, preserv-
ing both fine-grained and coarse-grained features during embedding. We de-
sign three variants: MultiFormer-Tiny, -Small, and -Base. On ImageNet, these
achieve Top-1 accuracies of 81.1%, 82.2%, and 83.2% respectively. The latter
two models outperform convolutional networks of comparable size—ResNet-50
and ResNet-101—by 3.1% and 3.4%. Compared to ViT-Base/16, MultiFormer-
Base achieves a 2.1% improvement with far fewer parameters and computational
costs, and without requiring large-scale pre-training.

Keywords: machine vision; deep learning; image classification; self-attention;
Transformer

0 Introduction
Computer vision tasks such as image classification [1], object detection [2], and
semantic segmentation [3] have long been dominated by convolutional neural
networks (CNNs). Since AlexNet [4] won the ImageNet competition, CNN ar-
chitectures have evolved to become deeper, denser, and more complex [5–7].
ResNet [5] introduced residual connections to mitigate gradient vanishing when
deepening networks. DenseNet [6] employed densely connected topologies link-
ing each convolutional block to all previous ones. VGG [8] expanded receptive
fields by stacking convolutional kernels, while GoogLeNet [9] approximated opti-
mal sparse structures through dense block constructions to improve performance
without increasing computation. EfficientNet [10] demonstrated that uniformly
scaling all dimensions of a model with compound coefficients enhances perfor-
mance.

Meanwhile, Transformers have been widely adopted in natural language process-
ing due to their self-attention modules’ability to capture long-range dependen-
cies [11]. Inspired by this, researchers have explored Transformer architectures
for computer vision tasks. Studies [12–15] have integrated self-attention mod-
ules into CNNs for various vision applications. Vision Transformer (ViT) [16]
applied Transformers to image classification by serializing images into sequences,
sparking rapid improvements [17–20] and extensions to downstream tasks [21–
24].

However, since self-attention operates on entire input sequences, treating each
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pixel as a token would create sequences far longer than word sequences, incur-
ring prohibitive memory and computational costs. ViT adopts a compromise
by embedding multiple pixels as patches (tokens) for self-attention computation,
yet computational complexity remains high and input images are restricted to
fixed sizes. Improvements to ViT fall into three categories: (a) enhancing ViT’
s design itself—DeiT [19] introduced effective training strategies to eliminate
the need for large-scale pre-training and used distillation for better learning;
T2T-ViT [20] progressively structured images into patches while preserving lo-
cal structural information; DynamicViT [23] leveraged the unstructured nature
of Transformer tokens to design a token sparsification pruning method that
reduces computation by removing less informative tokens. (b) incorporating
convolutions into ViT—using convolutions for positional encoding [17] or re-
placing linear projection layers [25]; CoAtNet [26] introduced CNNs to capture
local attention and complement local features. (c) designing new backbones and
attention modules—PVT [21] created a pyramid-structured backbone with pro-
gressive downsampling and spatial-reduction attention to balance efficiency and
accuracy; CAT [24] designed cross-block attention combining intra-patch and
inter-patch attention for local-global interaction; Swin [22] partitioned feature
maps into fixed-size local windows, computing self-attention within each window
to reduce costs; DPT [27] adaptively segmented images into variable-sized pixel
blocks to preserve semantic information; FPT [28] encoded cross-scale non-local
features and could integrate into other backbones.

These approaches still have limitations: using single-scale patches in self-
attention loses significant semantic information, requiring cross-scale attention
mechanisms to establish connections. Image classification also demands inter-
action between coarse and fine-grained features to capture target information.

Based on these observations, our contributions are: (a) We propose AWS (At-
tention With Scale), a multi-scale embedding module that addresses ViT’s
single-scale limitation. AWS samples images with different convolutional ker-
nels, fusing them into cross-scale attention patches with human-like receptive
fields for each stage, ensuring multi-scale patch inputs throughout. (b) We de-
sign GLA-P (Global-Local Attention With Patch), a novel self-attention module
that alternately captures global and local attention to aggregate coarse and fine-
grained features, compensating for semantic information loss in patches. Using
attention packing operations, it reduces computation without affecting perfor-
mance. (c) We design three model variants—MultiFormer-Tiny, -Small, and
-Base—and evaluate them on ImageNet, CIFAR-10, and CIFAR-100. Results
demonstrate MultiFormer’s superiority over comparable networks, with abla-
tion studies validating each module’s effectiveness.
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1 Model Architecture
1.1 Overall Framework

The overall MultiFormer architecture is shown in Figure 1: see original paper.
The backbone follows PVT [21] with a 4-stage pyramid structure, where each
stage comprises an AWS multi-scale embedding module followed by multiple
MultiFormer blocks. As shown in Figure 1: see original paper, each MultiFormer
block consists of a GLA-P self-attention module and a multi-layer perceptron
(MLP) that introduces non-linearity and transforms dimensions.

First, input images pass through the AWS module to generate multi-scale fea-
ture maps partitioned into patches containing multi-scale information. Except
for Stage 1, outputs are downsampled to reduce patch count to one-quarter
while doubling dimensions, forming a pyramid structure. The generated multi-
scale patches then enter the GLA-P self-attention module within MultiFormer
blocks, where GAP (Global Attention with Patch) and LAP (Local Attention
with Patch) alternate. This creates a GLA-P module that simultaneously ag-
gregates global and local features. Finally, a task-specific head such as a classi-
fication head is attached for image classification. We now detail each module’s
principles and functions.

1.2 AWS Multi-Scale Embedding Module

Before feeding images into self-attention, pixels must be partitioned into equal-
sized patches and serialized into 2D matrices. As shown in [Figure 2: see original
paper], ViT simply partitions adjacent pixels into fixed-size patches, maintaining
constant patch counts per stage to facilitate absolute position encoding. This
approach causes self-attention computation to grow quadratically and requires
massive datasets for pre-training while being difficult to converge.

Unlike ViT, the AWS module first partitions images into 4$×4𝑠𝑚𝑎𝑙𝑙𝑝𝑎𝑡𝑐ℎ𝑒𝑠, 𝑡ℎ𝑒𝑛𝑢𝑠𝑒𝑠𝑑𝑜𝑤𝑛𝑠𝑎𝑚𝑝𝑙𝑖𝑛𝑔𝑡𝑜𝑚𝑒𝑟𝑔𝑒𝑡ℎ𝑒𝑚𝑖𝑛𝑡𝑜8×8𝑎𝑛𝑑16×$16
larger patches while doubling dimensions. By reducing patch count and ex-
panding dimensions, it forms a pyramid structure that lowers computational
complexity and eliminates ViT’s fixed-size input restriction.

PVT [21] and Swin [22] also partition input images into equal-sized patches,
but neglecting feature map scale effects results in single-scale patches that
lose multi-scale semantic information, degrading performance. Our AWS
module applies convolutions with different kernel sizes before patch generation
to create semantically rich multi-scale feature maps that enhance patch
information. As shown in [Figure 2: see original paper], AWS receives an
RGB image input and samples it with three different convolutional ker-
nels while maintaining consistent stride, ensuring each sampling window
shares the same center but different scales. In Stage 1, AWS uses kernels of
2$×2, 4×4, 𝑎𝑛𝑑8×8; 𝑠𝑢𝑏𝑠𝑒𝑞𝑢𝑒𝑛𝑡𝑠𝑡𝑎𝑔𝑒𝑠𝑢𝑠𝑒2×2𝑎𝑛𝑑4×4𝑘𝑒𝑟𝑛𝑒𝑙𝑠, 𝑎𝑙𝑙𝑤𝑖𝑡ℎ4×4𝑠𝑡𝑟𝑖𝑑𝑒.𝐶ℎ𝑎𝑛𝑛𝑒𝑙𝑑𝑖𝑚𝑒𝑛𝑠𝑖𝑜𝑛𝑠𝑎𝑟𝑒𝑠𝑒𝑡𝑡𝑜𝐷𝑓𝑜𝑟𝑓𝑒𝑎𝑡𝑢𝑟𝑒𝑓𝑢𝑠𝑖𝑜𝑛.𝑇 ℎ𝑒𝑚𝑢𝑙𝑡𝑖−
𝑠𝑐𝑎𝑙𝑒𝑓𝑒𝑎𝑡𝑢𝑟𝑒𝑚𝑎𝑝𝑠𝑎𝑟𝑒𝑡ℎ𝑒𝑛𝑓𝑢𝑠𝑒𝑑𝑖𝑛𝑡𝑜𝑠𝑒𝑚𝑎𝑛𝑡𝑖𝑐𝑎𝑙𝑙𝑦𝑟𝑖𝑐ℎ𝑒𝑚𝑏𝑒𝑑𝑑𝑖𝑛𝑔𝑠𝑖𝑛𝑠𝑝𝑖𝑟𝑒𝑑𝑏𝑦ℎ𝑢𝑚𝑎𝑛𝑣𝑖𝑠𝑢𝑎𝑙𝑐ℎ𝑎𝑟𝑎𝑐𝑡𝑒𝑟𝑖𝑠𝑡𝑖𝑐𝑠[29].𝐹 𝑖𝑛𝑎𝑙𝑙𝑦, 𝑆𝑡𝑎𝑔𝑒1′𝑠4×4𝑝𝑎𝑡𝑐ℎ𝑒𝑠𝑎𝑟𝑒𝑑𝑜𝑤𝑛𝑠𝑎𝑚𝑝𝑙𝑒𝑑𝑡𝑜8×8𝑎𝑛𝑑16×$16
sizes with doubled dimensions, forming a pyramid structure.
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The right side of [Figure 2: see original paper] compares patch scales across
Transformers. PVT and Swin crudely partition original feature maps into
patches limited to 4$×4𝑝𝑖𝑥𝑒𝑙𝑟𝑒𝑔𝑖𝑜𝑛𝑠.𝐼𝑓𝑡𝑎𝑟𝑔𝑒𝑡𝑠𝑐𝑎𝑙𝑒𝑠𝑒𝑥𝑐𝑒𝑒𝑑𝑡ℎ𝑖𝑠𝑟𝑒𝑔𝑖𝑜𝑛, 𝑡ℎ𝑒𝑚𝑜𝑑𝑒𝑙𝑙𝑜𝑠𝑒𝑠𝑠𝑒𝑚𝑎𝑛𝑡𝑖𝑐𝑖𝑛𝑓𝑜𝑟𝑚𝑎𝑡𝑖𝑜𝑛𝑎𝑡𝑜𝑡ℎ𝑒𝑟𝑠𝑐𝑎𝑙𝑒𝑠, 𝑑𝑒𝑔𝑟𝑎𝑑𝑖𝑛𝑔𝑝𝑒𝑟𝑓𝑜𝑟𝑚𝑎𝑛𝑐𝑒.𝐴𝑊𝑆𝑎𝑔𝑔𝑟𝑒𝑔𝑎𝑡𝑒𝑠𝑠𝑒𝑚𝑎𝑛𝑡𝑖𝑐𝑖𝑛𝑓𝑜𝑟𝑚𝑎𝑡𝑖𝑜𝑛𝑓𝑟𝑜𝑚𝑚𝑢𝑙𝑡𝑖𝑝𝑙𝑒𝑠𝑐𝑎𝑙𝑒𝑠(2×2, 4×4, 8×$8)
through multi-scale convolutions, generating feature-rich patches that com-
pensate for the insufficient multi-scale information in Swin and PVT, thereby
improving performance.

1.3 GLA-P Self-Attention Module

After AWS generates multi-scale patches, they are fed into the GLA-P self-
attention module within MultiFormer blocks. As shown in Figure 1: see origi-
nal paper, image classification requires capturing both fine-grained and coarse-
grained features. Therefore, MultiFormer blocks alternate GAP and LAP to
form GLA-P, capturing global and local attention to preserve both feature gran-
ularities.

As illustrated in [Figure 3: see original paper], GLA-P receives multi-scale fea-
ture maps embedded by AWS. For LAP, every 4$×4𝑎𝑑𝑗𝑎𝑐𝑒𝑛𝑡𝑝𝑖𝑥𝑒𝑙𝑏𝑙𝑜𝑐𝑘𝑖𝑠𝑔𝑟𝑜𝑢𝑝𝑒𝑑𝑓𝑜𝑟𝐿𝑜𝑐𝑎𝑙𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛.𝐹𝑜𝑟𝐺𝐴𝑃, 4×$4
pixel blocks with stride 4 are grouped for Global Attention. The widely dis-
tributed non-adjacent blocks provide sufficient contextual information, making
global attention more effective.

Let denote the input feature map and the generated matrices of corresponding
dimensions. We add learnable relative position biases [30–32] to each attention
head. denotes the convolution operation. With layer normalization [33] as , the
self-attention operation computes:

[Figure 3: see original paper] shows the GLA-P module. Unlike CoAtNet [26],
which uses CNNs for local features and self-attention for global features, GLA-P
alternately captures global and local attention by modeling short-range and long-
range pixel blocks without relying on CNNs. To visualize GLA-P’s behavior,
we trained a MultiFormer-Base model and mapped the final layer’s pixel scores
back to the original image after activation, as shown in [Figure 4: see original
paper]. The bright regions indicate attention focus, demonstrating effective
global information capture.

Compared to other Transformer attention modules, Swin partitions feature
maps into non-overlapping windows with independent self-attention, using a
shifted window strategy to exchange information between windows. However,
Swin still restricts attention to adjacent blocks, preventing long-range model-
ing. Our GLA-P module combines patches generated by Global Attention on
widely distributed blocks with those from Local Attention on adjacent blocks,
preserving both global and local information. This enables simultaneous focus
on coarse and fine-grained features, excelling at image classification.

To preserve semantic information, our large patches maintain relatively high
resolution (e.g., 28$×$28 after GLA-P in Stage 1), which would still incur high
computation when serialized. Therefore, we employ a convolutional packing
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method instead of traditional multi-head attention [11]. Similar to MHA, it
receives Query, Key, and Value to produce enhanced features.

Unlike Swin, which processes Query, Key, and Value simultaneously, we down-
sample Key-Value pairs to reduce computation by factor P without affecting
accuracy. Parameter reduction after Attention Patch packing is shown in .

1.4 Model Variants

Following ResNet [5] design principles, we construct three model variants—
MultiFormer-Tiny, -Small, and -Base—with size and complexity ratios of 1:1.5:3.
Their computational costs and parameters are comparable to ResNet-18,
ResNet-50, and ResNet-101 respectively. Key hyperparameters are:

MultiFormer-Tiny:
MultiFormer-Small:
MultiFormer-Base:

where D is the hidden dimension in Stage 1, Depth is the number of MultiFormer
blocks per stage, and Heads is the multi-head attention dimension. During con-
volutional attention packing, Patch size P is set to . Detailed hyperparameters
are in .

2 Experiments
We evaluate MultiFormer on ImageNet-1K, CIFAR-10, and CIFAR-100 for im-
age classification, comparing against representative CNN backbones (ResNet
[5]) and mainstream Transformer models, followed by ablation studies validat-
ing each module.

2.1 Image Classification on ImageNet

ImageNet-1K [34] contains 1.28 million training images and 50,000 validation
images across 1,000 categories. We train on the training set and report Top-1
accuracy on the validation set. Images are randomly cropped to 224$×$224.
We use AdamW optimizer with momentum 0.9, weight decay 0.05, cosine decay,
batch size 128, and initial learning rate 0.001. All models are trained from
scratch for 300 epochs on four 2080Ti GPUs. Results are in .

2.2 Results on CIFAR Datasets

We further validate MultiFormer on CIFAR-10 and CIFAR-100, containing 10
and 100 classes respectively, each with 50,000 training and 10,000 test images.
To prevent overfitting on these smaller datasets, we follow ViT’s fine-tuning
strategy: load weights from ImageNet experiments into MultiFormer-Tiny, -
Small, and -Base, replace the classification head, and fine-tune with SGD (mo-
mentum 0.9) for 300 epochs at batch size 64. Results are in .
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MultiFormer-Base achieves 0.4% and 1.7% higher Top-1 accuracy on CIFAR-10
and CIFAR-100 respectively than EfficientNetV2-L, with 50% fewer parameters.
With only one-tenth the parameters of ViT-H/16, it still improves by 0.3% on
both datasets. MultiFormer-Tiny and -Small outperform LeViT-256 and -384
by 1.0% and 1.3% on CIFAR-10, further validating MultiFormer’s effectiveness.

2.3 Ablation Studies

We conduct ablation studies on ImageNet using MultiFormer-Tiny to validate
AWS and GLA-P modules:

a) Removing AWS multi-scale embedding: Using single-scale embedding
with a single 4$×4𝑘𝑒𝑟𝑛𝑒𝑙𝑖𝑛𝑆𝑡𝑎𝑔𝑒1𝑎𝑛𝑑𝑠𝑖𝑛𝑔𝑙𝑒2×$2 kernels in other stages
reduces Top-1 accuracy by 0.6%, demonstrating AWS’s significant
contribution.

b) Replacing GLA-P with attention modules from Swin [22], PVT [21], and
CoAtNet [26] shows accuracy drops of 0.3%, 0.5%, and 0.8% respectively.
Swin’s sliding window restricts attention locally, neglecting global con-
nections. PVT’s simple Key-Value downsampling discards fine-grained
semantics. CoAtNet’s early-stage CNN dependence loses global informa-
tion. These results confirm that alternating local and global attention
effectively boosts performance.

All experiments use identical hyperparameters and training settings: four
2080Ti GPUs, 300 training epochs.

3 Conclusion
This paper proposes MultiFormer, a Transformer-based image classification net-
work featuring AWS (Attention With Scale) multi-scale embedding and GLA-P
(Global-Local Attention With Patch) modules. Experiments demonstrate signif-
icant improvements over CNNs and other Transformer-based methods at com-
parable parameter counts and computational costs. Multi-scale embedding and
alternating local-global attention substantially enhance self-attention’s ability
to learn semantic features, making our backbone a promising universal feature
extractor for downstream vision tasks. As Transformers rapidly evolve in com-
puter vision, we hope this work inspires future research.
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