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A B S T R A C T

In adapting Transformer from language to computer vision, the major obstacles are the
high computational complexity and large model size of Transformer blocks, derived from
the great quantity of visual tokens and high resolutions of input entities. To address these
challenges, this paper presents a mixture lightweight Transformer (MLT) backbone for image
understanding, where each Transformer block, called SH-Transformer, adopts Single-Head Self-
Attention (SHSA) and Convolutional Inception Module (CIM). Unlike previous Transformers
that compute Multi-Head Self-Attention (MHSA), SHSA limits the representation of input token
into a single head, resulting in a low-dimensional embedding that greatly reduces computational
complexity. In spite of adding a small number of model parameters, SHSA greatly minimizes the
number of input tokens. As complementary of SHSA that only investigates global interactions,
CIM is designed to explore multi-scale local information using lightweight convolutions in a
multi-path parallel manner. Experimental results reveal that MLT yields competitive or state-
of-the-art results with respect to recent transformers while keeping smaller model size and
lower computational costs for different visual tasks, including image classification, semantic
segmentation and object detection. Particularly, the proposed method has 4.2% improvement
to the tiny version of Pyramid Vision Transformer on image classification of top-1 accuracy on
ImageNet-1K.

1. Introduction

Inspired from the success in natural language processing (NLP) [1], Transformer-based backbones begin to show their potential
n computer vision [2–5]. As a pioneer work, vision Transformer (ViT) [2] directly inherits Transformer from NLP for image
lassification. Since then, many researchers prefer to design pure transformer backbones for various dense prediction tasks [3,5,6].

However, due to the inductive bias that pure Transformers only consider global context, some CNN-transformer hybrids are proposed
to inherit the merits of transformers and CNNs [7,8], where global and local features are investigated synchronously. Although
these Transformer backbones have achieved remarkable progress in classification and downstream tasks, they are still inherently
suffered from following limitations: (1) Quadratic complexity of computing Multi-Head Self-Attention (MHSA). The complexity
of calculating MHSA is quadratic with respect to the resolution of input features [2]. When there are large number of input tokens
embedded in a high-dimensional feature space, computing MHSA is extremely expensive. (2) Huge model size of Feed Forward
network (FFN). The traditional FFN usually employs a multiple layer perception (MLP), where this fully-connected architecture,
however, leads to huge number of parameters in each Transformer block, eventually slowing down the implementing efficiency of
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Fig. 1. Analysis of model size of tiny version of Swin-Transformer [3] backbone. (a) is the percentage proportion of different components, including MHSA,
FFN, and others. (b) shows their absolute number of parameters.

entire backbone. Taking the tiny version of Swin-Transformer [3] as an example, Fig. 1 shows that model size of entire backbone
has been dominate by FFN, achieving 61.1% percentage with 17.28M model parameters.

To address these limitations, this paper presents a mixture lightweight Transformer backbone, named mixture lightweight
Transformer (MLT), served as an alternative to conventional Transformer-based backbone for many vision tasks, including image-
level estimations as well as pixel-level dense predictions. More specifically, the core unit of our backbone is SH-Transformer block,
which consists of two major components: Single-Head Self-Attention (SHSA) and Convolutional Inception Module (CIM). In contrast
to previous transformers [2,3,5] that calculate self-attention in multi-head, our SHSA is designed to save computational costs from
two perspectives: (1) compressing feature dimensions, and (2) shrinking token numbers. In the first aspect, we argue that the
representation of an input token can be limited into a single head, resulting in a low-dimensional embedding that saves huge
amount of computations in self-attention. In the second aspect, inspired from [3,5,9], we also adopt a token-to-region attention
scheme, where a Pyramid Pooling module is employed to reduce the number of tokens.

On the other hand, inspired from Inception [10] that is widely adopted in CNN architecture [11–14], MLP is replaced by CIM,
in SH-Transformer block to minimize model size, while maintaining powerful representation ability. Unlike earlier FFN [1,3] that
involves huge amount of model parameters, CIM follows the design principle of Inception, adopting an multi-path structure to
adaptively enlarge receptive fields using a series of depth-wise convolutions step-by-step, resulting in the lightweight and diverse
transformations designed in each separated path. Furthermore, CIM inherits the advantage of local convolution, to some extend
alleviating inductive bias that SHSA only consider global interactions.

In summary, the main contributions of this paper are four-fold:
(1) We design a lightweight hybrid Transformer that inherits the merits of transformers and CNNs, enabling MLT to be a fully

lightweight versatile backbone for various vision tasks, including image classification, object detection, and semantic segmentation.
(2) Earlier Transformer backbones [2,3,5] calculate self-attention independently in each head of MHSA, resulting in no information

interactions among different heads. In contrast, this is not required in our SHSA. Additionally, due to its elegant structure, SHSA
remains powerful modeling capabilities, while greatly reducing computational complexity.

(3) Unlike traditional FFN [2,3] that involves large number of model parameters, CIM designs a lightweight local convolution
network. The multi-path parallel architecture enables CIM a powerful representation ability to encode local features with different
receptive fields, while keeping CIM lightweight synchronously.

(4) We have evaluated MLT on the tasks of image classification, object detection, and semantic segmentation. It only has half
size of tiny-version of Swin-Transformer [3] with only 14.11M model parameters, yet yielding competitive or state-of-the-art results
for image classification (79.3% top-1 accuracy on ImageNet-1K), semantic segmentation (77.4% and 44.3% mIoU on Cityscapes and
ADE20K), and object detection (42.3% box AP and 38.6% mask AP on COCO test-dev).

The remainder of this paper is organized as follows. In Section 2, mainstream methods related to MLT are reviewed. In Section 3,
the overall framework and detailed structure of MLT are described. And in Section 4, the effectiveness of MLT will be validated in
different vision tasks and the results will be analyzed.

2. Related works

This section reviews recent backbones from three perspective: Attention based Full Precision Backbones, Lightweight Transform-
ers and the Application of Transformers.

2.1. Self-Attention and transformer in vision

Both self-attention [15–17] and vision Transformers [2,18] are original from the success of NLP [1]. Before Transformers become
popular in computer vision, self-attention is dominant to capture the global context in CNNs [15]. As the core idea of self-attention
2

is to compute feature responses from all other positions, it can be considered to harvest global context of the entire scene.
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Recently, vision Transformers [2–4] have started to show their potential for image classification [2,19], and downstream dense
stimation tasks [6,20]. Different from self-attention layers that replace some convolution layers in the popular ResNet [19], vision
ransformers construct backbones by directly stacking self-attention layers. For example, ViT [2] is the first work that applies a
ransformer based on non-overlapping patches (known as tokens) for image classification. Due to the tendency of ViT to overfit
n small datasets, DeiT [18] integrates a diverse set of effective training strategies to enhance the performance of ViT on smaller
atasets, such as ImageNet-1K. Swin-Transformer [3] designs a pure Transformer backbone that captures hierarchical features using
hifted windows. This paper also belongs to this category, yet we seek a lightweight Transformer backbone that achieves available
rade-off in terms of recognition accuracy and running efficiency.

.2. Lightweight transformer in vision

Some earlier attempts [4,9,21,22] also have a similar goals to our work. Those attempts are mainly divided into two directions,
sing lightweight convolution or pooling operation to compress the query, key and value tensors in Transformers.

The first category mainly uses depth-wise convolution for lightweight design. For example, CvT [22] utilizes depth-wise
onvolution to generate the query, key, and value tensors used for the computation of MHSA. ResT [4] builds a memory-efficient
ulti-head self-attention, which compresses the memory by a simple depth-wise convolution, and projects the interaction across

he attention-heads dimension while keeping the diversity ability of multi-heads.
The second category contributes to building the pyramid structure for the vision Transformer using pooling operations [3–5,9].

mong them, PVT [5] and MViT [23] are the first two methods that adopt the single pooling operation to reduce the number
f tokens in the calculation of MHSA. In this way, they conduct token-to-region instead of token-to-token modeling. But the
eatures extracted by a single-scale pooling operation appear less powerful. In addition, the high computational complexity of
HSA and heavier FFN are not well addressed. Conversely, thanks to the proposed Single-Head Self-Attention (SHSA) and CIM,

ur Mixture Lightweight Transformer (MLT) shows its compatibility with a broad range of vision tasks, while significantly reducing
omputational complexity with very few model sizes.

The most related work to our method is P2T [9], yet there are several major differences between MLT and P2T [9]. In P2T [9],
he pooling ratio of each layer has a small change so that the pooling regions do not strictly follow a hierarchical pyramid structure.
herefore, the pooling regions are spatially overlapped among different pooling levels, leading to great redundancy in hierarchical
eature representation. In contrast, we carefully control the pooling ratio of SHSA so that there is no region overlapping in the
roduced hierarchy feature representation, resulting in a great token reduction compared with P2T [9]. More importantly, MLT

adopts SHSA and CIM to save computational costs, which are different from the MHSA and FFN used in P2T [9].

2.3. Application of transformer in vision

Transformers have achieved great progress, such as image classification, object detection, semantic segmentation, position
estimation, and image generation task. YOLOS [6] and SETR [20] build a pure Transformer backbone for object detection and
semantic segmentation, respectively. Paul et al. [24] point out that a large percentage of attention heads can be removed at test
time without significantly impacting the detection performance. Tim et al. [25] present a simpler and faster Transformer-based cell
detection Transformer (Cell-DETR) for direct end-to-end instance segmentation. In the position estimation, Lin et al. [26] use a
Transformer encoder to output 3D joint coordinates and mesh vertices without relying on any parametric mesh models. For image
generation, Esser et al. [27] utilize Transformer to efficiently formulate their composition within high-resolution images. In addition,
TransUNet [28] combines the merits of Transformers and UNet [29] for medical image segmentation.

3. Our method

3.1. Overall architecture

The overall architecture of mixture lightweight Transformer (MLT) is illustrated in Fig. 2. More specifically, MLT adopts a
pyramid structure backbone similar with PVT [5], which has four stages that generate feature maps of different resolutions. Each
stage consists of three components, one patch embedding module (or stem module) [4,5], one position encoding module [4], and
a set of 𝐷𝑖(𝑖 = {1, 2, 3, 4}) SH-Transformer blocks, where 𝑖 denotes the stage number.

The detailed settings of the proposed MLT are shown in Table 1. To produce a hierarchical representation, at the beginning of
ach stage, the patch embedding module(or stem module) [4,5] is adopted to reduce the number of tokens by embedding multiple
ow dimension tokens into high dimension ones. The position encoding module [4] is fused to restrain position information and
trengthen the feature extracting ability of patch embedding. Thereafter, the embedded patches along with a position encoding are
assed through the transformer encoder, producing the output features 𝑭 𝑖 ∈ R𝑑𝑖×𝐻𝑖×𝑊𝑖 in 𝑖th stage, where 𝑊𝑖, 𝐻𝑖, and 𝑑𝑖 stand for
idth, height, and channel, respectively. For more details, please refer to Table 1.
3
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Fig. 2. Detail architecture of MLT and SH-Transformer block. The overall architecture of MLT and the specific structure inside one of the stages.

Table 1
Detailed settings of the proposed MLT. Output Size refers to the resolution of the output. Operation represents the operation in
the 𝑖th stage, such as SH–Transformer Block. In addition, each SH–Transformer Block uses an compression ratio of 𝑠 and the
pooling ratios of 𝑝𝑗 .

Stage Output size Operation Parameter setting

1 𝑭 1 ∶ 128 × 56 × 56 𝑆𝑡𝑒𝑚
𝑃𝑜𝑠𝑖𝑡𝑖𝑜𝑛 𝐸𝑛𝑐𝑜𝑑𝑖𝑛𝑔
𝑆𝐻–𝑇 𝑟𝑎𝑛𝑠𝑓𝑜𝑟𝑚𝑒𝑟𝐵𝑙𝑜𝑐𝑘 × 2

𝑠 = 1
{𝑝1 = 1, 𝑝2 = 2,
𝑝3 = 4, 𝑝4 = 8, 𝑝5 = 16}

2 𝑭 2 ∶ 256 × 28 × 28 𝑃𝑎𝑡𝑐ℎ 𝐸𝑚𝑏𝑒𝑑𝑑𝑖𝑛𝑔
𝑃 𝑜𝑠𝑖𝑡𝑖𝑜𝑛 𝐸𝑛𝑐𝑜𝑑𝑖𝑛𝑔
𝑆𝐻–𝑇 𝑟𝑎𝑛𝑠𝑓𝑜𝑟𝑚𝑒𝑟𝐵𝑙𝑜𝑐𝑘 × 2

𝑠 = 2
{𝑝1 = 1, 𝑝2 = 2,
𝑝3 = 4, 𝑝4 = 8, 𝑝5 = 16}

3 𝑭 3 ∶ 512 × 14 × 14 𝑃𝑎𝑡𝑐ℎ 𝐸𝑚𝑏𝑒𝑑𝑑𝑖𝑛𝑔
𝑃 𝑜𝑠𝑖𝑡𝑖𝑜𝑛 𝐸𝑛𝑐𝑜𝑑𝑖𝑛𝑔
𝑆𝐻–𝑇 𝑟𝑎𝑛𝑠𝑓𝑜𝑟𝑚𝑒𝑟𝐵𝑙𝑜𝑐𝑘 × 6

𝑠 = 4
{𝑝1 = 1, 𝑝2 = 2, 𝑝3 = 4, 𝑝4 = 8}

4 𝑭 4 ∶ 1024 × 7 × 7 𝑃𝑎𝑡𝑐ℎ 𝐸𝑚𝑏𝑒𝑑𝑑𝑖𝑛𝑔
𝑃 𝑜𝑠𝑖𝑡𝑖𝑜𝑛 𝐸𝑛𝑐𝑜𝑑𝑖𝑛𝑔
𝑆𝐻–𝑇 𝑟𝑎𝑛𝑠𝑓𝑜𝑟𝑚𝑒𝑟𝐵𝑙𝑜𝑐𝑘 × 2

𝑠 = 8
{𝑝1 = 1, 𝑝2 = 2, 𝑝3 = 4}

Algorithm 1 𝑿𝑓𝑓𝑛 ← 𝑆𝐻-𝑇 𝑟𝑎𝑛𝑠𝑓𝑜𝑟𝑚𝑒𝑟𝐵𝑙𝑜𝑐𝑘(𝑿)

Input: 𝑿 ∈ R𝑐×ℎ×𝑤, vector representations of the input sequence.
Output: 𝑿𝑓𝑓𝑛 ∈ R𝑐×ℎ×𝑤, updated representations of tokens in X, vector representations of the output sequence.
peration: 𝐿𝑎𝑦𝑒𝑟𝑁𝑜𝑟𝑚(⋅) representations of the operation of layer normalization,
𝑅𝑒(⋅) representations of the operation of reshape;
𝑆𝐻𝑆𝐴(⋅) representations of the algorithm of 𝑺ingle 𝑯ead 𝑺elf 𝑨ttention;
𝐶𝐼𝑀(⋅) representations of the algorithm of 𝑪onvolutional 𝑰nception 𝑴odule;

1: function SH-Transformer Block(𝑿)
2: 𝑿𝑎𝑡𝑡 ← 𝑅𝑒(𝐿𝑎𝑦𝑒𝑟𝑁𝑜𝑟𝑚(𝑅𝑒(𝑿 + 𝑆𝐻𝑆𝐴(𝑿)))) [[𝑿𝑎𝑡𝑡 ∈ R𝑐×ℎ×𝑤]] \\ Eq.(1)
3: 𝑿𝑓𝑓𝑛 ← 𝑅𝑒(𝐿𝑎𝑦𝑒𝑟𝑁𝑜𝑟𝑚(𝑅𝑒(𝑿𝑎𝑡𝑡 + 𝐶𝐼𝑀(𝑿𝑎𝑡𝑡)))) \\ Eq.(1)
4: return 𝑿𝑓𝑓𝑛
5: end function

3.2. SH-transformer block

In this section, we elaborate on the details of the core block SH-Transformer, as illustrated in Fig. 2, which consists of two major
components: Single-Head Self-Attention (SHSA) and Convolutional Inception Module (CIM).

Let 𝑿 ∈ R𝑐×ℎ×𝑤 and 𝑿𝑎𝑡𝑡 ∈ R𝑐×ℎ×𝑤 be the input of the SHSA and CIM, where 𝑤, ℎ, and 𝑐 stand for width, height, and channel
number, respectively. Unlike traditional Transformer block [2,3], CIM is proposed to replace the traditional Multilayer Perceptron
4
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Fig. 3. The structure of SHSA. The illustration of SHSA which consists of two parts, an efficient pyramid pooling calculation method for fusing multi-scale
information and self-attention. 1 × 1 𝐶𝑜𝑛𝑣𝐶𝑜𝑚𝑝𝑟𝑒𝑠𝑠(⋅) and 1 × 1 𝐶𝑜𝑛𝑣𝑅𝑒𝑐𝑜𝑣𝑒𝑟(⋅) represent two 1 × 1 standard convolutions for compression and recovery the input
dimension, 𝑃𝑃𝑗 (⋅) denotes pyramid pooling operation in the 𝑗th level, 𝑅𝑒(⋅) stands for reshape operation, 𝐶𝑜𝑛𝑐𝑎𝑡(⋅) represents concatenating operation, 𝐷𝑊𝐶𝑗 (⋅)
indicates the depth-wise convolution operation in the 𝑗th levels, and 𝐿𝑖𝑛𝑒𝑎𝑟(⋅) is the operation of linear projection.

(MLP) layer [1] in the Transformer encoder for feature projection. A residual connection and LayerNorm [30] are applied again to
produce the output 𝑿𝑓𝑓𝑛 ∈ R𝑐×ℎ×𝑤:

𝑿𝑎𝑡𝑡 = 𝑅𝑒(𝐿𝑎𝑦𝑒𝑟𝑁𝑜𝑟𝑚(𝑅𝑒(𝑿 + 𝑆𝐻𝑆𝐴(𝑿))))

𝑿𝑓𝑓𝑛 = 𝑅𝑒(𝐿𝑎𝑦𝑒𝑟𝑁𝑜𝑟𝑚(𝑅𝑒(𝑿𝑎𝑡𝑡 + 𝐶𝐼𝑀(𝑿𝑎𝑡𝑡))))
(1)

where 𝑅𝑒 is the reshape operation. Algorithm 1 summarizes the whole process of computing SH-Transformer Block.

3.2.1. SHSA
To save the huge computational costs, we propose an efficient SHSA module (illustrated in Fig. 3) that is mainly divided into

three computational steps: dimension compression, token-to-region projection and self-attention computation. Immediately below,
we introduce each component in detail.

The first procedure is the dimension compression. The input 𝑿 first passes through an 1 × 1 convolution 𝐶𝑜𝑛𝑣𝐶𝑜𝑚𝑝𝑟𝑒𝑠𝑠(⋅), producing
a low-dimensional embedding 𝑿′ ∈ R𝑐∕𝑠×ℎ×𝑤, whose channel numbers is 𝑐∕𝑠, where 𝑠 is compression ratio as shown in Table 1:

𝑿′ = 𝐶𝑜𝑛𝑣𝐶𝑜𝑚𝑝𝑟𝑒𝑠𝑠 (𝑿) (2)

The second procedure is token-to-region projection that mainly contains the pyramid pooling operation (pyramid pooling module)
and relative positional encoding operation (Inter-regional Information Exchange module). Let 𝑃𝑃𝑗 (⋅) be the operation of 𝑗th levels’s
pooling with the pooling ratio 𝑝𝑗 as shown in Table 1. In order to implement token-to-region projection, we first apply multi-
level pooling operation 𝑃𝑃𝑗 (⋅) on input features 𝑿′, parallelly producing multi-level hierarchical representations 𝑷 ∗

𝑗 ∈ R𝑐∕𝑠×𝑝𝑗×𝑝𝑗 ,
𝑝2𝑗 ≪ ℎ ×𝑤. As a result, each element in 𝑷 ∗

𝑗 represents an image region that includes ℎ𝑤∕𝑝2𝑗 pixels in 𝑿′. Let 𝑷 ∗
𝑗 , and 𝑷 𝑗 ∈ R𝑐∕𝑠×𝑝𝑗×𝑝𝑗

be the input and output of Inter-regional Information Exchange (IIE) module, respectively. 𝑷 ∗
𝑗 is first fed into a 3 × 3 depth-wise

convolution 𝐷𝑊𝐶𝑗 (⋅) to encode the positional information. Then the positional encoding serves as a residual function that is added
with the 𝑷 ∗

𝑗 :

𝑷 ∗
𝑗 = 𝑃𝑃𝑗 (𝑿′)

𝑷 𝑗 = 𝐷𝑊𝐶𝑗 (𝑷 ∗
𝑗 ) + 𝑷 ∗

𝑗
𝑗 = 1, 2,… , 𝐿(3 ≤ 𝐿 ≤ 5) (3)

The output of token-to-region projection needs to be flattened and concatenated, facilitating computations of forthcoming self-
attention. Let the 𝐶𝑜𝑛𝑐𝑎𝑡(⋅), 𝐿𝑎𝑦𝑒𝑟𝑁𝑜𝑟𝑚(⋅) and 𝑅𝑒(⋅) be the concatenation, layer normalization and reshape operation, respectively.
We collect all pyramid pooling representation 𝑷 𝑗 together, producing the stacked features 𝑷 ∈ R𝑚×𝑐∕𝑠 (𝑚 =

∑

𝑗 𝑝
2
𝑗 , 𝑚 ≪ ℎ × 𝑤) that

is the output of the whole token-to-region projection:

𝑷 = 𝐿𝑎𝑦𝑒𝑟𝑁𝑜𝑟𝑚
(

𝐶𝑜𝑛𝑐𝑎𝑡
(

𝑅𝑒(𝑷 1),… , 𝑅𝑒(𝑷 𝑗 )
))

(4)

The final procedure is computing self-attention. Note that the query, key, and value tensors are not split into multiple heads for
calculation. Suppose the query, key, and value tensors are 𝑸, 𝑲, and 𝑽 , respectively. To obtain the 𝑸 ∈ R𝑛×𝑐∕𝑠 (𝑛 = ℎ ×𝑤, 𝑐∕𝑠 ≤ 𝑐),
SHSA maps the reshaped 𝑿′ to the query tensor 𝑸 by adopting the weight matrix 𝑾 𝒒 . On the other hand, the key 𝑲 ∈ R𝑚×𝑐∕𝑠 and
value 𝑽 ∈ R𝑚×𝑐∕𝑠 tensors (𝑐∕𝑠 ≤ 𝑐, 𝑚 ≪ 𝑛) are instead derived from features 𝑷 through the other two weight matrices 𝑾 𝒌 and 𝑾 𝒗,
respectively:

(𝑸,𝑲 ,𝑽 ) = (𝑅𝑒(𝑿′)𝑾 𝒒 + 𝒃𝑞𝟏𝖳,𝑷𝑾 𝒌 + 𝒃𝑘𝟏𝖳,𝑷𝑾 𝒗 + 𝒃𝑣𝟏𝖳) (5)

Then, 𝑸, 𝑲 , and 𝑽 tensors are fed into the attention module to compute the attention tensor 𝑿∗
𝑤𝑒𝑖𝑔ℎ𝑡𝑒𝑑 ∈ R𝑛×𝑐∕𝑠:

𝑿∗
𝑤𝑒𝑖𝑔ℎ𝑡𝑒𝑑 = 𝑆𝑜𝑓𝑡𝑚𝑎𝑥

(

𝑸 ⋅𝑲⊤
√

)

× 𝑽 (6)
5
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Fig. 4. Attention calculation analysis. Figure (a) intuitively shows the difference in computational method between single-head and multi-head. Figure (b)
compares the relative size of computational complexity of the third stage’s SH-Transformer Block with the latest proposed Transformer-based backbone
ViT(MHSA) [2]. Because MLT’s Transformer block in the third stage repeats the most times.

Finally, the reshape operation and 1 × 1 convolution named 𝐶𝑜𝑛𝑣𝑅𝑒𝑐𝑜𝑣𝑒𝑟(⋅) are used to recover the same resolutions and dimensions
of the input 𝑿, producing the weighted output features 𝑿𝑤𝑒𝑖𝑔ℎ𝑡𝑒𝑑 ∈ R𝑐×ℎ×𝑤.

𝑿𝑤𝑒𝑖𝑔ℎ𝑡𝑒𝑑 = 𝐶𝑜𝑛𝑣𝑅𝑒𝑐𝑜𝑣𝑒𝑟(𝑅𝑒(𝑿∗
𝑤𝑒𝑖𝑔ℎ𝑡𝑒𝑑 )) (7)

It can be seen from Fig. 4(a) that SHSA is quite different from traditional MHSA. Since 𝑲 and 𝑽 have less token numbers and
eature channels than 𝑿, and 𝑸 also has less feature channels compared with 𝑿, SHSA produces only one attention map. In contrast,
ue to multiple head, traditional MHSA generates multiple attention maps, where each one has more elements than attention map
alculated from SHSA that directly yields great saving of computational costs. As shown in Fig. 4(b), The relative computational
omplexity of SHSA is much smaller than that of MHSA. On the other hand, since 𝑲 and 𝑽 contains multi-scale information,
he proposed SHSA has a stronger capability in global contextual dependency modeling, which is helpful for scene understanding.
lgorithm 2 shows the entire computing process of SHSA.

Algorithm 2 𝑿𝑤𝑒𝑖𝑔ℎ𝑡𝑒𝑑 ← 𝑺ingle 𝑯ead 𝑺elf 𝑨ttention(𝑋,𝑞𝑘𝑣)

Input: 𝑿 ∈ R𝑐×ℎ×𝑤, vector representations of the input sequence.
Output: 𝑿𝑤𝑒𝑖𝑔ℎ𝑡𝑒𝑑 ∈ R𝑐×ℎ×𝑤, updated representations of tokens in 𝑿, vector representations of the output sequence.
peration: 𝐿𝑎𝑦𝑒𝑟𝑁𝑜𝑟𝑚(⋅) representations of the operation of layer normalization,
𝑅𝑒(⋅) representations of the operation of reshape;
𝑃𝑃𝑗 (⋅) representations of the operation of the 𝑗-th level pyramid pooling whith the pooling ratios 𝑝𝑗 ;
𝐶𝑜𝑛𝑣𝐶𝑜𝑚𝑝𝑟𝑒𝑠𝑠(⋅) representations of the compression operation of 1 × 1 convolution;
𝐶𝑜𝑛𝑣𝑅𝑒𝑐𝑜𝑣𝑒𝑟(⋅) representations of the recover operation of 1 × 1 convolution;
𝐷𝑊𝐶(⋅) representations of the operation of Depth-wise convolution.

arameters: 𝑞𝑘𝑣 consisting of:
𝑾 𝑞 ∈ R𝑛×𝑛 (𝑛 = ℎ ×𝑤), 𝒃𝒒 ∈ R𝑛

𝑾 𝑘 ∈ R𝑚×𝑚 (𝑚 =
∑

𝑗 𝑝
2
𝑗 ), 𝒃𝒌 ∈ R𝑚

𝑾 𝑣 ∈ R𝑚×𝑚, 𝒃𝒗 ∈ R𝑚

1: function 𝑺 ingle 𝑯ead 𝑺elf 𝑨ttention(𝑋,𝑞𝑘𝑣)
2: 𝑿′

← 𝐶𝑜𝑛𝑣𝐶𝑜𝑚𝑝𝑟𝑒𝑠𝑠(𝑋) \\ Eq.(2)
3: 𝑸 ← 𝑾 𝑞𝑅𝑒(𝑿

′
) + 𝒃𝑞𝟏𝖳 [[𝑸𝑢𝑒𝑟𝑦 ∈ R𝑛×𝑐∕𝑠]] \\ Eq.(5)

4: 𝑷 𝑗 ← 𝐷𝑊𝐶𝑗 (𝑃𝑃𝑗 (𝑿
′
)) + 𝑃𝑃𝑗 (𝑿

′
) [[𝑷 𝑗 ∈ R𝑐∕𝑠×𝑝𝑗×𝑝𝑗 ]] \\ Eq.(3)

5: 𝑷 ← 𝐿𝑎𝑦𝑒𝑟𝑁𝑜𝑟𝑚(𝐶𝑜𝑛𝑐𝑎𝑡(𝑷 1;𝑷 2;⋯ ;𝑷 𝐿)) [[𝑗 = 1, 2,⋯ , 𝐿(3 ≤ 𝐿 ≤ 5),𝑷 ∈ R𝑚×𝑐∕𝑠]] \\ Eq.(4)
6: 𝑲 ← 𝑾 𝑘𝑷 + 𝒃𝑘𝟏𝖳 [[𝑲𝑒𝑦 ∈ R𝑚×𝑐∕𝑠]] \ Eq.(5)
7: 𝑽 ← 𝑾 𝑞𝑷 + 𝒃𝑣𝟏𝖳 [[𝑽 𝑎𝑙𝑢𝑒 ∈ R𝑚×𝑐∕𝑠]] \ Eq.(5)
8: 𝑿∗

𝑤𝑒𝑖𝑔ℎ𝑡𝑒𝑑 ← 𝑆𝑜𝑓𝑡𝑚𝑎𝑥
(

𝑸⋅𝑲⊤∕√𝑐∕𝑠
)

× 𝑽 [[𝑿∗
𝑤𝑒𝑖𝑔ℎ𝑡𝑒𝑑 ∈ R𝑛×𝑐∕𝑠]] \\ Eq.(6)

9: 𝑿𝑤𝑒𝑖𝑔ℎ𝑡𝑒𝑑 ← 𝐶𝑜𝑛𝑣𝑅𝑒𝑐𝑜𝑣𝑒𝑟(𝑅𝑒(𝑿∗
𝑤𝑒𝑖𝑔ℎ𝑡𝑒𝑑 )) [[𝑿𝑤𝑒𝑖𝑔ℎ𝑡𝑒𝑑 ∈ R𝑐×ℎ×𝑤]] \\ Eq.(7)

10: return 𝑿𝑤𝑒𝑖𝑔ℎ𝑡𝑒𝑑
11: end function
6
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Table 2
The comparison of required operations. The comparison of required operations using MHSA [2],
W-MHSA [22], and our SHSA, when attention is computed. 𝑛 is the number of tokens, 𝑀 is
the number of shift windows in Swin-T [3], 𝑐 is feature dimension of the input tokens, 𝑚 is the
number of output tokens after pyramid pooling, and 𝑠 is the compression ratio.
Method Computational complexity

MHSA (ViT) [2] 𝑂(4𝑛𝑐2 + 2𝑛2𝑐)
W-MHSA (Swin-T) [3] 𝑂(4𝑛𝑐2 + 2𝑀2𝑛𝑐)
SHSA 𝑂

(

2𝑛𝑐2∕𝑠 + (𝑛 + 2 𝑚)(𝑐∕𝑠)2 + (2 𝑛𝑚)𝑐∕𝑠
)

Fig. 5. Convolutional Inception Module (CIM). 𝐴𝑣𝑔𝑃𝑜𝑜l represents the standard average pooling. And 𝐶𝑜𝑛𝑣 stands for standard convolution, while 𝐷𝑊𝐶 denotes
depth-wise convolution.

Computational Complexity Analysis. We also analyze the computational complexity of proposed SHSA, and compare it with
recent vision transformer networks [2,3] in Table 2, as they all have powerful representation capability. Previous methods [2,3]
and MLT both involve two computational steps: feature embedding and attention calculating.

In the MHSA (ViT) [2], feature embedding which contains four fully-connected layers to embed the feature before and after the
attention calculation demands 4𝑛𝑐2 operations and attention calculating requires 2𝑛2𝑐 operations, leading to a quadratic complexity
of input spatial and channel dimensions. To alleviate the quadratic computation of MHSA (ViT) [2], W-MHSA (Swin-T) [3] proposes
a method which is same as MHSA(ViT) [2] in feature embedding and attention calculating requires 2𝑀2𝑛𝑐 operations, leading to a
linear complexity of input spatial dimensions.

The computational complexity of SHSA is primarily comprised of three components: two 1 × 1 convolutions, three fully-connected
layers, and two matrix multiplications. From Fig. 3, the standard 1 × 1 convolutions have different usages, including compressing
dimensions with 𝐶𝑜𝑛𝑣𝐶𝑜𝑚𝑝𝑟𝑒𝑠𝑠(⋅) and recovering dimensions with 𝐶𝑜𝑛𝑣𝑅𝑒𝑐𝑜𝑣𝑒𝑟(⋅). Since the computational costs of two convolutions
are the same, we select the 𝐶𝑜𝑛𝑣𝐶𝑜𝑚𝑝𝑟𝑒𝑠𝑠(⋅) as an example to analyze its computational complexity. Let 𝑿 ∈ R𝑐×ℎ×𝑤 be the input
feature map, where ℎ is height, 𝑤 is width, 𝑐 is the number of channels, and 𝑿′ ∈ R𝑐∕𝑠×ℎ×𝑤 be the output feature map, where 𝑐∕𝑠 is
the number of filters. Thus, the computational costs of the 𝐶𝑜𝑛𝑣𝐶𝑜𝑚𝑝𝑟𝑒𝑠𝑠(⋅) are 𝑂

(

𝑛𝑐2∕𝑠
)

, where 𝑛 = ℎ × 𝑤. Similarly, the input and
output feature maps of the 𝐶𝑜𝑛𝑣𝑅𝑒𝑐𝑜𝑣𝑒𝑟(⋅) are 𝑅𝑒(𝑿∗

𝑤𝑒𝑖𝑔ℎ𝑡𝑒𝑑 ) ∈ R𝑐∕𝑠×ℎ×𝑤 and 𝑿𝑤𝑒𝑖𝑔ℎ𝑡𝑒𝑑 ∈ R𝑐×ℎ×𝑤, respectively. This indicates that its
computational costs are 𝑂

(

𝑛𝑐2∕𝑠
)

. Therefore, the computational complexity of both convolutions is equal to 𝑂
(

2𝑛𝑐2∕𝑠
)

.
For the second part, let 𝑅𝑒(𝑿′) ∈ R𝑛×𝑐∕𝑠 be the input of the first fully-connected layer to produce 𝑸 ∈ R𝑛×𝑐∕𝑠, 𝑷 ∈ R𝑚×𝑐∕𝑠 be the

input of the remaining two fully-connected layers, and 𝑲 ∈ R𝑚×𝑐∕𝑠 and 𝑽 ∈ R𝑚×𝑐∕𝑠 are key and value tensors of the remaining two
fully-connected layers, respectively. Therefore, generating 𝑸, 𝑲 , and 𝑽 require 𝑂

(

(𝑛 + 2 𝑚)(𝑐∕𝑠)2
)

operations. Finally, the two matrix
multiplications are performed between the matrices 𝑸𝑲𝖳, and 𝑸𝑲𝖳𝑽 , respectively. Taking 𝑸𝑲𝖳 as an example, as 𝑸 ∈ R𝑛×𝑐∕𝑠 and
𝑲𝖳 ∈ R𝑐∕𝑠×𝑚, computing 𝑸 ⋅𝑲𝖳 requires 𝑂((𝑛𝑚)𝑐∕𝑠) operations. On the other hand, as 𝑸𝑲𝖳 ∈ R𝑛×𝑚 and 𝑽 ∈ R𝑚×𝑐∕𝑠, the computational
costs of multiplying 𝑸𝑲𝖳 and 𝑽 is 𝑂((𝑛𝑚)𝑐∕𝑠). Therefore the computational complexity of two matrix multiplications is 𝑂((2 𝑛𝑚)𝑐∕𝑠).
Finally, the total computational costs are:

𝑂
(

2𝑛𝑐2∕𝑠 + (𝑛 + 2 𝑚)(𝑐∕𝑠)2 + (2 𝑛𝑚)𝑐∕𝑠
)

(8)

3.2.2. CIM
The detailed architecture of CIM is shown in Fig. 5, following the split-transform-merge architecture used in Inception [10]. At

the beginning of each CIM, the input 𝑿𝑎𝑡𝑡 ∈ R𝑐×ℎ×𝑤 is first split into four low-dimensional parts, where each one has the quarter
channels of 𝑿𝑎𝑡𝑡:
7

{𝑩1,𝑩2,𝑩3,𝑩4} = 𝑐ℎ𝑎𝑛𝑛𝑒𝑙_𝑠𝑝𝑙𝑖𝑡(𝑿𝑎𝑡𝑡) (9)
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Algorithm 3 𝑿𝐶𝑜𝑛𝑐𝑎𝑡 ← 𝑪onvolutional 𝑰nception 𝑴odule (𝑿𝑎𝑡𝑡)

Input: 𝑿𝑎𝑡𝑡 ∈ R𝑐×ℎ×𝑤, vector representations of the input sequence.
utput: 𝑿𝐶𝑜𝑛𝑐𝑎𝑡 ∈ R𝑐×ℎ×𝑤, updated representations of tokens in 𝑿𝑎𝑡𝑡, vector representations of the output sequence.
peration: 𝐿𝑎𝑦𝑒𝑟𝑁𝑜𝑟𝑚(⋅) representations of the operation of layer normalization,
𝑅𝑒(⋅) representations of the operation of reshape;
𝐶𝑜𝑛𝑣𝑈𝑝𝑠𝑎𝑚𝑝𝑙𝑒(⋅) representations of the compression operation of 1 × 1 convolution;
𝐶𝑜𝑛𝑣𝑅𝑒𝑐𝑜𝑣𝑒𝑟(⋅) representations of the recover operation of 1 × 1 convolution;
𝐷𝑊𝐶(⋅) representations of the operation of 3 × 3 Depth-wise convolution.

1: function 𝑪onvolutional 𝑰nception 𝑴odule (𝑿𝑎𝑡𝑡)
2: [𝑩1;𝑩2;𝑩3;𝑩4] ← 𝑐ℎ𝑎𝑛𝑛𝑒𝑙_𝑠𝑝𝑙𝑖𝑡(𝑿𝑎𝑡𝑡) [[𝑩𝑘 ∈ R𝑐∕4×ℎ×𝑤(𝑘 = 1,⋯ , 4)]] \\ Eq.(9)
3: 𝑩1

𝑜 ← 𝐶𝑜𝑛𝑣𝑅𝑒𝑐𝑜𝑣𝑒𝑟(𝐶𝑜𝑛𝑣𝑈𝑝𝑠𝑎𝑚𝑝𝑙𝑒(𝑩1)) [[𝑩1
𝑜 ∈ R𝑐∕4×ℎ×𝑤]]

4: 𝑩2
𝑜 ← 𝐶𝑜𝑛𝑣𝑅𝑒𝑐𝑜𝑣𝑒𝑟(𝐷𝑊𝐶(𝐶𝑜𝑛𝑣𝑈𝑝𝑠𝑎𝑚𝑝𝑙𝑒(𝑩2))) [[𝑩2

𝑜 ∈ R𝑐∕4×ℎ×𝑤]]
5: 𝑩3

𝑜 ← 𝐶𝑜𝑛𝑣𝑅𝑒𝑐𝑜𝑣𝑒𝑟(𝐷𝑊𝐶(𝐷𝑊𝐶(𝐶𝑜𝑛𝑣𝑈𝑝𝑠𝑎𝑚𝑝𝑙𝑒(𝑩3)))) [[𝑩3
𝑜 ∈ R𝑐∕4×ℎ×𝑤]]

6: 𝑩4
𝑜 ← 𝐶𝑜𝑛𝑣𝑅𝑒𝑐𝑜𝑣𝑒𝑟(𝐴𝑣𝑔_𝑃𝑜𝑜𝑙𝑖𝑛𝑔(𝐶𝑜𝑛𝑣𝑈𝑝𝑠𝑎𝑚𝑝𝑙𝑒(𝑩4))) [[𝑩4

𝑜 ∈ R𝑐∕4×ℎ×𝑤]]
7: 𝑿𝐶𝑜𝑛𝑐𝑎𝑡 ← 𝐶𝑜𝑛𝑐𝑎𝑡(𝑩1

𝑜 ,𝑩
2
𝑜 ,𝑩

3
𝑜 ,𝑩

4
𝑜) \\ Eq.(10)

8: return 𝑿𝐶𝑜𝑛𝑐𝑎𝑡
9: end function

where 𝑩𝑘 ∈ R𝑐∕4×ℎ×𝑤(𝑘 = 1,… , 4) is the input of each branch of the CIM.
According to the traditional FFN [9,18], each branch adopts the idea of inverted residual bottleneck [9,18,31]. Specifically, the

nput feature dimension of each branch is first expanded to four times of the original dimension, and then compressed to the input
eature dimension after feature extraction. In order to extract features with different receptive fields, a series of convolution and
ooling operations are applied to each branch with similar structure. And we define the output of the 𝑘th branch as 𝑩𝑜

𝑘 ∈ R𝑐∕4×ℎ×𝑤

(𝑘 = 1,… , 4).
In the case of third branch, it first applies 1 × 1 convolution to project the dimension from 𝑐∕4 to 𝑐. After that, two 3 × 3

depth-wise convolutions are stacked for extracting features in the receptive field of 5 × 5. Finally, an 1 × 1 convolution is utilized
to reduce the dimension to the quarter of 𝑿𝑎𝑡𝑡 for the final concatenating operation. As for the second and the fourth branch, two
depth-wise convolutions are replaced by one depth-wise convolution and an average pooling, respectively. Besides, the first branch
is only composed of two 1 × 1 convolutions to extract the feature information under the 1 × 1 receptive field.

Finally, a concatenation operation is applied to acquire the final output 𝑿𝐶𝑜𝑛𝑐𝑎𝑡 ∈ R𝑐×ℎ×𝑤:

𝑿𝐶𝑜𝑛𝑐𝑎𝑡 = 𝐶𝑜𝑛𝑐𝑎𝑡(𝑩𝑜
1,𝑩

𝑜
2,𝑩

𝑜
3,𝑩

𝑜
4) (10)

The usage of MLP as FFN in previous Transformers is weak in learning 2D spatial information, and brings huge number of
arameters at the same time. In contrast, using depth-wise convolutions and average pooling strengthens the ability of 2D modeling,
nd reduces model size occupied by FFN. Algorithm 3 summarizes the computing process of CIM.

4. Results and discussion

The experiments are conducted on various commonly-used benchmarks, including ImageNet-1K [32] for image classification,
COCO [33] for object detection and instance segmentation, and ADE20K [34] and Cityscapes [35] for semantic segmentation. In
the following, we compare our mixture lightweight Transformer (MLT) with previous state-of-the-art Transformers for above tasks.
In addition, we carry on a series of ablation studies and hyper-parameters setting experiments to uncover the underlying impact of
various components of our method on the performance. Experimental results show that our MLT achieves very few model size, yet
yields competitive performance.

4.1. Image classification

Experimental setup. ImageNet-1K [32] contains 1.28M and 50K training and validation images, respectively, which are divided
into 1000 classes. For fair comparison, all models are trained on the training set, and the results are reported in terms of top-1 error
on validation set. The initial learning rate is set to 1 × 10−4, together with a momentum of 0.9 and a weight decay of 5 × 10−2.
Following [3,5], the cosine schedule learning scheme is employed to train MLT using AdamW optimizer [36] for 200 epochs with
20 epochs linear warm-up and the cross-entropy [37] loss function is used. As shown in Fig. 6(a) that our method can converge
effectively on the ImageNet-1K [32] dataset. And the size of input sequences of MLT is 224 × 224 × 3 which is the same input size
as the traditional and most advanced Transformer backbone [3,5] to obtain a fair comparison result.

Results. As reported in Table 3, we observe that MLT achieves available trade-off in terms of top-1 accuracy, model size and
GFlops. Although there are 2.0% and 0.5% performance drop compared with the tiny version of Swin-T [3] and DeiT-S [18], MLT
only has nearly half size with respect to [3,18]. Table 3 shows that MLT outperforms other state-of-the-art backbones, including
traditional CNN-based backbones, e.g., ResNet [38], and recent Transformer-based backbones, e.g, PVT-T [5] and ResT-Lite [4]
8

by a large margin (4.2% and 2.1%, respectively). Particularly, MLT suppresses light version of ResNet by nearly 10%, but with
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Table 3
Comparison with state-of-the-art backbones on ImageNet-1k benchmark. The number of GFlops is reported with the input size
of 224 × 224. ‘‘#param.’’ refers to the number of parameters. The bold number indicates the best performance among all
approaches.

Method #param. FLOPs top-1 top-5
(M) (G) (%) (%)

ConvNet

ResNet-18 [38] 11.7 1.8 69.7 89.1
ResNet-50 [38] 25.6 4.1 79.0 94.4

Transformer

DeiT-Tiny/16 [18] 5.7 1.3 72.2 –
DeiT-Small/16 [18] 22.1 4.6 79.8 94.9
PVT-Tiny [5] 13.2 1.9 75.1 92.4
TNT-S [39] 23.8 5.2 81.3 –
Swin-Tiny [3] 28.29 4.5 81.3 95.5
ResT-Lite [4] 10.49 1.4 77.2 93.7
ViL-Tiny-RPB [40] 6.7 1.3 76.7 –
T2T-ViT-12 [21] 6.9 – 76.5 –
MLT 14.11 2.9 79.3 95.0

Fig. 6. Training loss on different datasets using our method. Note the horizontal coordinate of (a) is the epoch, and the rest are iteration numbers.

similar number of model parameters. In the aspect of efficiency, Table 3 also shows that the GFlops and model size of MLT lower
han other state-of-the-art backbones, including traditional CNN-based backbones, e.g., ResNet [38] (2.1 gflops and 14.19 M lower,
espectively), and recent Transformer-based backbones, e.g., TNT-S [39] and Swin-Tiny [3] (2.1 gflops, 9.69 M and 1.4 gflops,
4.18M lower, respectively). Such improvement mainly stems from the design of SHSA and CIM in our SH-Transformer block.
9
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Table 4
Comparison with state-of-the-art networks on COCO dataset for Object detection and instance segmentation. AP𝑏 and AP𝑚 stand
for bounding box AP and mask AP. The bold number indicates the best performance among all approaches.
Backbone #param. (M) Mask R-CNN [41]

𝐴𝑃 𝑏 𝐴𝑃 𝑏
50 𝐴𝑃 𝑏

75 𝐴𝑃 𝑚 𝐴𝑃 𝑚
50 𝐴𝑃 𝑚

75

R-18 [38] 31.2 34.0 54.0 36.7 31.2 51.0 32.7
R-50 [38] 44.2 38.0 58.6 41.4 34.4 55.1 36.7

PVT-T [5] 32.9 36.7 59.2 39.3 35.1 56.7 37.3
ResT-S [4] 33.3 39.6 62.9 42.3 37.2 59.8 39.7
Swin-T [3] 47.8 42.7 65.2 46.8 39.3 62.2 42.2
MLT 33.5 42.3 64.0 45.7 38.6 60.7 40.7

4.2. Object detection and instance segmentation

Experimental setup. MS-COCO dataset [33] is a large-scale challenging dataset for object detection and instance segmentation.
Similar to [3–5], the dataset is divided into 118k/5K/20K images for training, validation, and testing, respectively. All selected
baselines and MLT are trained on training set and evaluated on validation set. We evaluate the effectiveness of MLT backbones,
pre-trained on ImageNet-1K [32], on top of standard detector: Mask R-CNN [41], and the results are reported in terms of box AP on
object detection task and mask AP on instance segmentation task, respectively. More specifically, AP is averagely evaluated at IoU
(intersection area over the union area between the predicted bounding boxes and ground-truth bounding boxes), ranged from 0.5
to 0.95 with updated step 0.05, reflecting the comprehensive performance of the detector. And 𝐴𝑃50 and 𝐴𝑃75 are computed when
IoU is 0.5 or 0.75, respectively. The software code is based on an open source repository for object detection using MMdetection
framework [42]. Following [43], a multi-scale training scheme is adopted, where an input image is resized to have a shorter side
of 800 pixels, while the longer side does not exceed 1333 pixels. Except the batch size is set to 8, we employ the same hyper-
parameter settings used in image classification in a 1× training schedule (12 epochs). There are two losses used in detection task:
cross-entropy [37] loss for object classification and segmentation, and L1 [44] loss for bounding box regression. As shown in Fig. 6(b)
that our method can converge effectively on the MS-COCO dataset [33].

Results. The quantitative comparisons are report in Table 4. For fair comparison, the comparisons are performed by only
changing backbones, yet remaining other settings unchanged. As shown in Table 4, except to Swin-T [3], MLT has comparable
number of model size, yet significantly surpasses selected models. For example, the AP𝑏 and AP𝑚 of our method is 10.5 and 7.4
points higher than ResNet-18 [38]. On the other hand, although our MLT deliver slightly AP𝑏 drop (0.4% and 0.5) with respect to
Swin-T [3], MLT has fewer model size (33.5M vs. 47.8M), indicating that MLT can be a valid lightweight alternative backbone for
object detection.

4.3. Semantic segmentation

Experimental setup. ADE20K [34] covers a broad range of 150 semantic categories. It has 25K images in total, with
20K/2K/3K for training, validation, and testing. Cityscapes [35] consists of 5000 high-quality images of 2048 × 1024 resolution,with
2975/500/1525 for training, validation, and testing. We evaluate MLT backbones on the basis of UperNet [45] and semantic
FPN [46] using MMseg [47] toolbox, and report results in terms of mIoU. The baseline backbones are pre-trained using ImageNet-1K
or ImageNet-21K, and other layers are initialized using the Xavier [48]. Following [15], the poly learning schedule is adopted in
this setting, where initial learning rate, weight decay, and 𝛾 are set as 5×10−5, 10−2, and 9×10−1, respectively. We train our method
using AdamW optimizer [36] in 80K and 160K iterations for Cityscapes and ADE20K datasets, together with 1500 iterations of linear
warm-up and the cross-entropy [37] loss function is used. As shown in Fig. 6(c) and (d) that our method can converge effectively
on the ADE20K [34] and Cityscapes [35] dataset.

Results on ADE20K and Cityscapes. Table 5 shows the comparison results on the validation set of ADE20K and Cityscapes
dataset, respectively. In Table 5, our MLT backbone achieves competitive results with Swin-T [3] and DeiT-S [18], but has fewer
number of parameters (47.6M vs. 60.0M and 47.6M vs. 52.0M). We also stress that, in spite of only using ImageNet-1k training set,
MIL surpasses some state-of-the-arts, such as ResNet-50 [38] and DeiT-S [18], which train their models using the more annotated
data, e.g., ImageNet-21k. From Table 5, it can be seem that MLT outperforms PVT-Tiny [5] by a large margin (5.7% mIoU), yet
only slightly increase 3M model size (20.1 vs. 17.0).

4.4. Ablation study

Ablation Study for Components of Backbone. The experimental setup for the ablation study for components of backbone
remains the same as that trained on the ImageNet-1k dataset in 4.1. Table 6(a) presents ablation studies that quantify the
contributions of different components in backbone, where MHSA and MLP is firstly used to build up our baseline, then Single-
Head Self-Attention (SHSA) and Convolutional Inception Module (CIM) replace the MHSA and MLP step-by-step. This experiment
shows that each of these components consistently reduces the size of the model. Among all components, it is observed that SHSA
brings significantly improvements that the number of parameters is 13.92M less than the baseline together with slight decrease of
10
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Table 5
Comparison with state-of-the-art backbones on Cityscapes and ADE20K validation set. The bold number indicates the best performance among all approaches.

Backbone ADE20K pre mIoU (%) #param. (M) Cityscapes pre mIoU (%) #param. (M)
Method Method

ConvNet

ResNet-101 [38] UperNet [45] 21k 44.9 86.0 DANet [15] 21k 77.6 69.0
ResNet-50 [38] UperNet [45] 21k 40.7 66.5 Semantic FPN [46] 1k 74.5 25.8

Transformer

DeiT-S [18] UperNet [45] 21k 44.0 52.0 – – – –
Swin-T [3] UperNet [45] 1k 46.1 60.0 – – – –
PVT-Tiny [5] – – – – Semantic FPN [46] 1k 71.7 17.0
MLT UperNet [45] 1k 44.3 47.6 Semantic FPN [46] 1k 77.4 20.1

Table 6
Experimental results of ablation study. Ablation experimental results on the validation set of the ImageNet-1K [32] dataset and Cityscapes [35] dataset. MLP is
the traditional feed forward network with the expansion coefficient of 4.

(a) (b)

ImageNet-1K top-1 #params. Cityscapes mIoU #params.

MHSA MLP SHSA CIM (%) (M) IIE (%) (M)

✓ ✓ × × 73.3 50.0 × 51.4 40.5
× ✓ ✓ × 71.2 (↓ 2.1) 36.1 (↓ 13.9) ✓ 57.8 (↑ 6.4) 42.8 (↑ 2.3)
× × ✓ ✓ 79.3 (↑ 6.0) 14.0 (↓ 36.0)

classification performance, demonstrating the advantage of SHSA architecture. In addition, CIM outperforms the counterpart MLP
by 7% top-1 and the model size is reduced to 14.03M at the same time.

Ablation Study for Inter-regional Information Exchange (IIE). The experimental setup for the ablation study for IIE remains
he same as that trained on the Cityscapes dataset in 4.3, with the only difference being that the number of iterations is reduced to
0,000. The IIE is used to capture the position information. And the segmentation task is more sensitive to position information and
asier to compare gaps. Therefore, this section evaluates the effect of introduced by fixed backbone on Cityscapes [35] dataset with
he semantic FPN decoder head [46]. Baselines were constructed using a combination of SHSA and MLP, except for the omission of
IE from all SHSA modules. The comparison results are reported in Table 6(b). Compared with baseline, a slight increase of model
ize demonstrates that IIE is a lightweight and efficient module, yet it obtains significant improvement of 6.39% mIoU.

.5. Analysis of parameter setting

This section evaluates SHSA under various settings of pyramid pooling ratios and compression ratios. The pyramid pooling
tructure and dimension compression ratios are crucial when applying Transformer to dense prediction tasks. Hence, the semantic
egmentation task with the semantic FPN decoder head [46] is used to analyze the parameter as it is sensitive to the multi-scale
patial information. The experimental setup for the parameter setting experiments remains the same as that trained on the Cityscapes
ataset in 4.3, with the only difference being that the number of iterations is reduced to 40,000.
Parameter Setting of Pyramid Pooling ratios. We perform parameter setting studies of the pyramid pooling ratios for different

tages to validate the significance of using multiple pooling ratios. The baseline consists of SHSA, MLP, relative position encoding
odule, and patch embedding module, where SHSA apply the compression ratios 1,2,4 and 8 in each stage respectively. Since the

ast two stage only contain a few tokens, we do not perform parameter setting study at stage 3 and 4. The pyramid pooling ratios
re fixed at {1, 2, 4, 8} and {1, 2, 4} in the stage 3 and 4, respectively. Since the number of tokens needs to be significantly less than
he token number before the pyramid pooling operation, the pooling ratios of the first two stages cannot be greater than 16. Hence,
he pooling ratio of the first two stages is set to {1, 2, 4, 8, 16} or {1, 2, 4, 8}. Results are reported in Table 7(a). We can observe
hat the non-overlapped pyramid pooling operation with bigger pooling ratios at the first two stages can improve the segmentation
erformance. And the performance becomes higher when the first two stages are applied with the {1, 2, 4, 8, 16} pooling ratios.
Parameter Setting of Compression ratios. We conduct experiments for different compression ratios operations, as shown in

able 7(b). There are three typical choices, 𝑖.𝑒., {1, 2, 4, 8}, {1, 2, 4, 4} and {1, 2, 2, 2}, where each of them represents the compression
atio in the four stages. The baseline consists of SHSA, MLP, relative position encoding module, and patch embedding module, where
HSA apply the pooling ratios 1, 2, 4, 8 and 16 in each level at the first two stage, respectively. Since the dimension of the first
wo stage is less, we do not perform parameter setting study at stage 1 and 2, which are set to the fixed ratios 1 and 2. The results
re shown in Table 7(b). As can be seen, the dimension compression operation with large compression ratios (e.g., 4, 8) has a better
11
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Table 7
Experimental results of parameter setting. Parameter setting experimental results on the validation set of the Cityscapes [35] dataset. Pyramid pooling ratios
represent the pooling output size of different levels of pyramid pooling. The compression ratios represent the dimensionality reduction factor for each stage.

(a) (b)

Cityscapes mIoU (%) #params. (M) Cityscapes mIoU (%) #params. (M)

Pyramid pooling ratios Compression ratios

Level 1 Level 2 Level 3 Level 4 Level 5 Stage 1 Stage 2 Stage 3 Stage 4

1 2 4 8 16 57.8 42.8 1 2 2 2 50.6 47.6
1 2 4 8 – 57.7 (↓ 0.1) 42.8 (–) 1 2 4 4 52.0 (↑ 1.4) 43.6 (↓ 4.0)

1 2 4 8 57.7 (↑ 7.1) 42.8 (↓ 4.8)

5. Conclusions

This paper has presented a lightweight Transformer-based backbone, call-ed mixture lightweight Transformer (MLT), for 2D
cene understanding tasks. The designed mixture lightweight backbone enables us to mitigate computational complexity and reduce
odel size, yet at the same time maintains competitive accuracy. Furthermore, MLT performs well in dense prediction tasks,

ince the convolution is integrated into the backbone. To reduce the high computational complexity caused by the self attention
echanism, a lightweight self-attention module, Single-Head Self-Attention (SHSA), is designed in backbone. We also raise the
onvolutional Inception Module (CIM) in feed forward network, which greatly reduces number of parameters while provides multi-
cale features. We have evaluated our method on several computer vision tasks: image classification, semantic segmentation, object
etection and instance segmentation. The experimental results demonstrate that MLT achieves state-of-the-art trade-off in terms of
ccuracy and model size. In the future, we are interested in two directions to improve MLT. As shown in Table 3, there is still

a large performance gap between MLT and high-accuracy Transformer-based backbone in the image classification task, requiring
further efforts to improve our model. In addition to achieving superior performance for image classification, semantic segmentation,
object detection and instance segmentation, we believe that MLT can be easily used for other visual tasks, such as medical image
segmentation [49–51] and scene text recognition [52,53].
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