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Abstract

The rapid expansion in the scale of training data has prompted a paradigm shift in

the foundational architecture of vision models — moving away from convolutional neural

networks (CNNs) towards transformers. In contrast to convolutions, which accentuate spatially

adjacent regions, the attention mechanism within transformers can capture both short- and

long-range dependencies. This grants them the capacity to embrace a more adaptable modeling

approach when confronted with extensive datasets. This heightened flexibility empowers

vision transformers with the potential for enhanced feature extraction prowess. However, it

comes at a cost. In scenarios where training data is limited in scope, there arises a susceptibility

to overfitting and the acquisition of unsuitable feature patterns. This data-hungry aspect

curtails the potential utilization of vision transformers in domains where specialized data is

scarce, thereby constraining their applications.

This thesis is dedicated to elevating the performance of vision transformers while pre-

serving their adaptability in capturing both short- and long-range dependencies. With this

goal in mind, our investigation delves into the factors contributing to the data-hungry nature

of vision transformers, e.g., the absence of inherent structural inductive bias. Notably, while

convolution operations inherently encode spatial relationships, vision transformers lack this

bias, necessitating learning from data.

To address this, our thesis proposes an innovative architectural approach that capitalizes

on both the strengths of convolution and attention mechanisms. Central to our approach is

the integration of a convolution block alongside the multi-head self-attention module within

each transformer block. This fusion of features is subsequently channeled into feed-forward

networks, promoting locality-based inductive bias. Additionally, our design incorporates

an extra spatial pyramid reduction module, enhancing the extraction of multi-scale features

to foster scale-invariance inductive bias. The accumulation of these meticulously devised

modules culminates in the formulation of the ViTAE model.
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12 ABSTRACT

Beyond architectural considerations, the efficacy of a vision transformer is profoundly

influenced by its training methodology. Self-supervised learning (SSL) has become a popular

training paradigm for vision transformers since they do not rely on expensive labeled data. To

enhance the locality in SSL, we introduce RegionCL, i.e., a novel region-level pretext task for

contrastive learning by establishing region-level contrastive pairs. Concretely, this operation

involves randomly cropping a region (termed the "paste view") from input images and

interchanging these regions across different images to construct composite images alongside

the retained regions (referred to as the "canvas view"). Unlike conventional approaches using

entire images for positive or negative samples, our approach efficiently constructs contrastive

pairs with a regional perspective. This is achieved by adhering to two fundamental criteria:

(1) each view is positively paired with views augmented from the same image, and (2) each

view is negatively paired with views augmented from distinct images.

To substantiate the efficacy of the design above enhancements, we undertake assessments

across a spectrum of downstream vision tasks, including classification, detection, segmenta-

tion, and pose estimation. Specifically, in pose estimation tasks, we leverage the pre-trained

vision transformers as the foundational architecture and embark on an exploration of the

attributes of simplicity, scalability, flexibility, and transferability inherent in these meticu-

lously trained backbone networks. Through judicious pre-training procedures, our extensive

ViTPose-G model, boasting a ViTAE-G backbone with an impressive parameter count of 1

billion, emerges as a standout performer across diverse pose estimation datasets, including

but not limited to MS COCO, MPII, and OCHuamn.
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CHAPTER 1

Introduction

Over recent years, the Transformer architecture [170] has risen to prominence in the realm

of natural language processing, showcasing remarkable scalability and adeptness in feature

extraction. This achievement has sparked an exploration into adapting the Transformer

framework for vision-related tasks. Nevertheless, it’s essential to note that Transformers are

fundamentally designed to handle 1D inputs, such as words or sentences.

To align the inherently high-dimensional nature of vision inputs with the Transformer ar-

chitecture, a pivotal innovation emerged by treating the image patches as words and the

image itself as one sentence, formulating the vision transformer [45]. The central mechanism

involves the introduction of a flatten operation, which serves to reshape the input data. This

operation facilitates the transformation of visual information into distinct patches, effectively

converting the high-dimensional input into a sequence of 1D representations. This approach,

while elegantly simple in design, has proven to be remarkably effective. Vision transformers

have exhibited superior performance, leveraging extensive datasets for pre-training.

Despite the superior performance of vision transformers, it’s crucial to acknowledge that

the attention operation must acquire the inductive bias that convolution operations naturally

encode. This requirement, driven by the representation of images as 1D sequences of patches,

gives rise to a prominent challenge termed the "data-hungry issue" within vision transformers.

In essence, when presented with limited data, vision transformers are prone to overfitting the

training dataset and can develop inappropriate inductive biases. This limitation significantly

curtails the potential applications of vision transformers. Addressing this challenge has

spurred the exploration of diverse strategies. For instance, DeiT [167] employs a distillation

token to transfer inductive bias from a pre-trained CNN model, attempting to bridge the gap

1
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between the biases encoded in convolutions and those learned through attention mechanisms.

Subsequent endeavors delve into directly integrating locality inductive bias into vision trans-

formers. The introduction of window-based attention, as witnessed in approaches like Swin

Transformer [109], enforces a constraint on the maximum attention distance, thereby promot-

ing locality. However, this approach might inadvertently disregard long-range dependencies

due to the imposed limitations on window sizes or convolution kernel dimensions. Is there a

mutually beneficial approach?

To navigate this challenge and infuse the vital locality inductive bias into vision transformers

without undermining their prowess in modeling long-range dependencies, we propose an

innovative parallel structure. Specifically, we advocate for the incorporation of a convolution

module that operates in tandem with the multi-head self-attention (MHSA) within each

transformer block. In this design, the features extracted from both the convolution module and

the MHSA are skillfully merged before being channeled into the feed-forward network (FFN).

This seemingly straightforward approach capitalizes on the unique strengths of both the

convolution and attention mechanisms. The convolution module excels in capturing locality

by honing in on nearby relationships, whereas the attention module excels at modeling distant

dependencies. By synergistically combining the outputs from these parallel modules, the

resultant network acquires the remarkable ability to concurrently capture both short- and

long-range dependencies while seamlessly integrating the desired locality inductive bias.

Furthermore, the architecture might impact the upper limit of performance, whereas the

training methods dictate the extent to which the network can realize its potential. To explore

appropriate training methods for vision transformers, a prevalent approach involves distilling

inductive bias from established CNN models [167] or leveraging large-scale data pre-trained

vision transformer models. However, while effective, such strategies might inadvertently limit

the performance potential of the designed models. Addressing overfitting concerns, DeiT

[167] introduces more robust augmentation techniques to enrich training data. Nevertheless,

scaling supervised training data remains challenging due to resource-intensive annotation

processes.
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Given the appeal of utilizing large-scale data without annotations, the avenue of self-supervised

learning emerges as a pivotal direction. Here, contrastive pairs are formed from training data,

with the InfoNCE loss [125] often employed to drive the network’s ability to distinguish

positive pairs (objects of the same category) from negative pairs (objects of differing categor-

ies). Earlier approaches [162] harnessed multi-view data or data from distinct modalities for

constructing these pairs, yet gathering and organizing such paired data can be demanding.

Thus, the emphasis shifts toward constructing contrastive pairs from single-modality data.

With training lacking ground truth labels, data augmentation techniques become indispensable

for creating these contrastive pairs [24, 26]. Positive pairs are crafted from different views

of the same image, each subjected to diverse augmentation settings, while negative pairs are

composed of any two views from separate images. Subsequently, the networks process these

constructed pairs to extract features, with the features from the class token or global pooling

operations often utilized to represent the processed view during loss calculation.

Nonetheless, a limitation arises: the conventional feature extraction process discards spatial

information, potentially hampering the model’s capacity to learn appropriate inductive bias.

Consequently, pre-trained models may not be optimally suited for tasks requiring dense

predictions, such as detection or segmentation. To mitigate this constraint, strategies like

DenseCL [178] and PixPro [191] have been proposed. These methods introduce pixel-level

contrastive pairs, enhancing the model’s ability to extract local-sensitive features at the

expense of global information. Notably, DetCo [186] aims to concurrently boost global

and local information during learning by modifying multi-crop methodologies to encourage

alignment between local-local, global-global, and local-global pairs, albeit with the trade-off

of increased complexity in structure and design.

In pursuit of enhancing the model’s capacity to learn locality without compromising its global

modeling capabilities, this thesis introduces a pioneering pretext task called RegionCL via

region-swapping. This task serves to facilitate the distinction between local and global pairs,

ultimately enhancing the model’s capacity to discern spatial relationships. Specifically, when

provided with two images, a random region is selected and cropped from each original image.

These extracted regions are denoted as "paste views," while the remaining segments are
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termed "canvas views." Subsequently, a composite image is crafted by seamlessly merging

a paste view from one image with the canvas view from another image. This composite

image is then fed into the network for feature extraction. A crucial distinction arises in

the treatment of these composite images during feature extraction. Instead of treating the

composite image as a unified whole, a more nuanced approach is adopted. Specifically,

masked pooling is employed to independently extract features from both the canvas and paste

views. Consequently, contrastive pairs are constructed based on straightforward criteria: each

view is considered positive when paired with views augmented from the same image, and

negative when paired with views from any other image. This simple strategy engenders

the creation of both local and global contrastive pairs. Local pairs are formed by pairing

canvas views with paste views sourced from different images, fostering the modeling of

local relationships. Similarly, global pairs emerge by pairing paste views with canvas views

and their corresponding source images, facilitating the assimilation of the global context.

With these abundant region-global contrastive pairs, RegionCL could help the models better

capture local information during the training process, resulting in better performance in dense

prediction tasks.

Beyond the realm of pre-training, it’s imperative to assess the efficacy of pre-trained vision

transformer models in downstream tasks, e.g., classification, detection, segmentation, and

pose estimation. This thesis will focus on the pose estimation task, which is one important

topic in computer vision and a wide range of real-world applications [216, 101, 87]. This task

demands meticulous annotation and the available dataset sizes can be limited, spanning various

subjects like humans and diverse animals. To bridge the gap between vision transformers

and pose estimation tasks, prior research endeavors [94, 201] have harnessed convolutional

networks for initial feature extraction. Subsequently, transformers are employed as post-

processors, tasked with modeling relationships between distinct keypoints. This strategic

approach capitalizes on the innate inductive bias encoded within CNN models, facilitating

the adaptation of transformers to the demands of pose estimation. However, it’s crucial

to acknowledge that this design entails certain limitations. Given that transformers solely

process features derived from the CNN model, their performance might be hindered by

the inherent limitations of the base CNN’s feature extraction capabilities. Another line of



1 INTRODUCTION 5

research [211] endeavors to leverage transformer-only models for both feature extraction and

keypoint estimation. Yet, given the constrained nature of pose estimation data, this approach

requires intricate architectural innovations to expedite the convergence of vision transformer

models. For instance, parallel branch designs may be employed to concurrently address

varying feature resolutions, along with hierarchical structures to effectively leverage different

levels of information.

We argue that through the acquisition of pertinent inductive bias during the pre-training phase,

the structure of models can be streamlined for downstream vision tasks including classification,

detection, segmentation, and pose estimation tasks. In light of this, the thesis introduces

the ViTPose model for the pose estimation task. Instead of employing convolutional neural

networks (CNNs) for feature extraction or relying on intricate transformer architectures, the

approach advocates for using plain vision transformers directly for both feature extraction and

pose estimation. This is achieved by processing the target image through a pre-trained vision

transformer, and then channeling the extracted features into straightforward decoders for

keypoint localization. Given that the backbone model effectively captures distinctive features,

the decoder’s complexity can be notably reduced. In contrast to conventional setups involving

stacks of deconvolution layers, a simpler decoder structure with just one projection layer

can be employed. This attribute underscores the inherent simplicity of vision transformers

when applied to pose estimation tasks. Furthermore, due to the absence of convoluted designs

in vision transformer models, they lend themselves to easy scalability. The model can be

expanded by stacking additional transformer blocks, rendering it both deeper and wider.

Notably, larger models exhibit improved data efficiency when trained with the same data

volume. This scalability feature signifies the potential of vision transformers to serve as

foundational models for pose estimation tasks. Moreover, when armed with appropriate

pre-training methodologies, plain vision transformers can adeptly acquire relevant inductive

bias from task-specific data. This demonstrates the flexibility of transformers in adapting to

the requirements of various vision tasks.

Overall, the thesis focuses on injecting inductive bias into vision transformers through

architectural design (Chapter 2) and training methods (Chapter 3). The effectiveness of the
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pre-trained models is demonstrated in classification (Chapter 2 & 3), detection (Chapter 3),

segmentation (Chapter 3), and pose estimation tasks (Chapter 4), respectively. The largest

model, i.e., ViTAE-G with 1B parameters, obtains the best performance on MS COCO,

OCHuman, and MPII pose estimation tasks (Chapter 4).

1.1 Contributions

The main contributions of the thesis are summarized as follows:

• In Chapter 2, we propose a ViTAE model [196] to introduce inductive bias into

vision transformers via architectural design. ViTAE has several spatial pyramid

reduction modules to downsample and embed the input image into tokens with rich

multi-scale context by using multiple convolutions with different dilation rates. In

this way, it acquires an intrinsic scale invariance IB and can learn robust feature

representation for objects at various scales. Moreover, in each transformer layer,

ViTAE has a convolution block in parallel to the multi-head self-attention module,

whose features are fused and fed into the feed-forward network. Consequently, it

has the intrinsic locality IB and can learn local features and global dependencies

collaboratively. Experiments on ImageNet as well as downstream tasks prove the

superiority of ViTAE over the baseline transformer and concurrent works. The code

is publicly available at https://github.com/ViTAE-Transformer/ViTAE-Transformer.

• In Chapter 3, we introduce RegionCL [197] to emphasise locality IB during the mod-

els’ learning. RegionCL constructs novel images by stitching paste and canvas views,

which are the cropped and remaining regions generated using random cropping.

Then, instead of taking the new images as a whole for positive or negative samples,

contrastive pairs are efficiently constructed from the regional perspective based on

the following simple criteria, i.e., each view is (1) positive with views augmented

from the same original image and (2) negative with views augmented from other

images. With minor modifications to popular SSL methods, RegionCL exploits those

abundant pairs and helps the model distinguish the local features from both canvas

https://github.com/ViTAE-Transformer/ViTAE-Transformer
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and paste views, therefore learning better visual representations. Experiments on Im-

ageNet, MS COCO, and Cityscapes demonstrate that RegionCL improves MoCov2,

DenseCL, and SimSiam by large margins for both CNNs and vision transformers.

The code is publicly available at https://github.com/Annbless/RegionCL.

• In Chapter 4, we explore the application of vision transformers in pose estima-

tion tasks, and a baseline model ViTPose [195] is proposed. It demonstrates that

with proper inductive bias learned in the pre-training stage, the vision transformer

model can adapt to the downstream tasks well and does not require specific designs.

Specifically, ViTPose employs plain and non-hierarchical vision transformers as

backbones to extract features for a given person instance and a lightweight decoder

for pose estimation. It can be scaled up from 100M to 1B parameters by taking ad-

vantage of the scalable model capacity and high parallelism of transformers, setting a

new Pareto front between throughput and performance. Besides, We also empirically

demonstrate the flexibility and transferability of ViTPose. Experimental results show

that our basic ViTPose model outperforms representative methods on the challenging

MS COCO Keypoint Detection benchmark, while the largest model with ViTAE-G

backbone sets a new state-of-the-art, i.e., 80.9 AP on the MS COCO test-dev set. The

code and models are available at https://github.com/ViTAE-Transformer/ViTPose.

https://github.com/Annbless/RegionCL
https://github.com/ViTAE-Transformer/ViTPose


CHAPTER 2

ViTAE: Vision Transformer Advanced by Exploring Intrinsic Inductive

Bias

2.1 Introduction

Transformers [170, 41, 82, 37, 107, 135] have shown a domination trend in NLP studies owing

to their strong ability in modeling long-range dependencies by the self-attention mechanism

[145, 177, 116]. Such success and good properties of transformers have inspired following

many works that apply them in various computer vision tasks [45, 232, 228, 175, 20]. Among

them, ViT [45] is the pioneering pure transformer model that embeds images into a sequence

63

65

67

69

71

73

20 60 100

Im
ag

eN
et

 T
op

-1
 A

cc
ur

ac
y 

(%
)

Data Percentage (%)

T2T-ViT-7

ViTAE-T

ResNet-18

68

70

72

74

76

100 200 300

Im
ag

eN
et

 T
op

-1
 A

cc
ur

ac
y 

(%
)

Epochs

FIGURE 2.1. Comparison of data and training efficiency of T2T-ViT-7 and
ViTAE-T on ImageNet.

8



2.1 INTRODUCTION 9

of visual tokens and models the global dependencies among them with stacked transformer

blocks. Although it achieves promising performance on image classification, it requires large-

scale training data and a longer training schedule. One important reason is that ViT lacks

intrinsic inductive bias (IB) in modeling local visual structures (e.g., edges and corners) and

dealing with objects at various scales like convolutions. Alternatively, ViT has to learn such

IB implicitly from large-scale data. How to improve the vision transformer’s performance

with limited data? This thesis will focus on this problem from two perceptive, i.e., structural

design and training method. We will first demonstrate the structural improvements by taking

inspiration from Convolution Neural Networks (CNNs).

Unlike vision transformers, CNNs naturally equip with the intrinsic IBs of scale-invariance

and locality and still serve as prevalent backbones in vision tasks [61, 156, 136, 23, 226].

The success of CNNs inspires us to explore intrinsic IBs in vision transformers. We start

by analyzing the above two IBs of CNNs, i.e., locality and scale-invariance. Convolution

that computes local correlation among neighbor pixels is good at extracting local features

such as edges and corners. Consequently, CNNs can provide plentiful low-level features at

the shallow layers [212], which are then aggregated into high-level features progressively

by a bulk of sequential convolutions [68, 150, 157]. Moreover, CNNs have a hierarchy

structure to extract multi-scale features at different layers [150, 80, 61]. Besides, intra-layer

convolutions can also learn features at different scales by varying their kernel sizes and

dilation rates [60, 156, 23, 98, 226]. Consequently, scale-invariant feature representation

can be obtained via intra- or inter-layer feature fusion. Nevertheless, CNNs are not well

suited to model long-range dependencies1, which is the key advantage of transformers. An

interesting question comes up: Can we improve vision transformers by leveraging the good

properties of CNNs? Recently, DeiT [167] explores the idea of distilling knowledge from

CNNs to transformers to facilitate training and improve the performance. However, it requires

an off-the-shelf CNN model as the teacher and consumes extra training cost.

Different from DeiT, we explicitly introduce intrinsic IBs into vision transformers by re-

designing the network structures in this paper. Current vision transformers always obtain
1Despite projection in transformer can be viewed as 1× 1 convolution [29], the term of convolution here

refers to those with larger kernels, e.g., 3× 3, which are widely used in typical CNNs to extract spatial features.
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tokens with single-scale context [45, 209, 175, 187, 109, 151, 168] and learn to adapt to

objects at different scales from data. For example, T2T-ViT [209] improves ViT by delicately

generating tokens in a soft split manner. Specifically, it uses a series of Tokens-to-Token

transformation layers to aggregate single-scale neighboring contextual information and pro-

gressively structurizes the image to tokens. Motivated by the success of CNNs in dealing

with scale variance, we explore a similar design in transformers, i.e., intra-layer convolutions

with different receptive fields [156, 205], to embed multi-scale context into tokens. Such a

design allows tokens to carry useful features of objects at various scales, thereby naturally

having the intrinsic scale-invariance IB and explicitly facilitating transformers to learn scale-

invariant features more efficiently from data. On the other hand, low-level local features are

fundamental elements to generate high-level discriminative features. Although transformers

can also learn such features at shallow layers from data, they are not skilled as convolutions

by design. Recently, [198, 95, 51] stack convolutions and attention layers sequentially and

demonstrate that locality is a reasonable compensation of global dependency. However, this

serial structure ignores the global context during locality modeling (and vice versa). To avoid

such a dilemma, we follow the “divide-and-conquer” idea and propose to model locality and

long-range dependencies in parallel and then fuse the features to account for both. In this

way, we empower transformers to learn local and long-range features within each block more

effectively.

Technically, we propose a new Vision Transformers Advanced by Exploring Intrinsic Induct-

ive Bias (ViTAE), which is a combination of two types of basic cells, i.e., reduction cell (RC)

and normal cell (NC). RCs are used to downsample and embed the input images into tokens

with rich multi-scale context while NCs aim to jointly model locality and global dependencies

in the token sequence. Moreover, these two types of cells share a simple basic structure, i.e.,

paralleled attention module and convolutional layers followed by a feed-forward network

(FFN). It is noteworthy that RC has an extra pyramid reduction module with atrous convolu-

tions of different dilation rates to embed multi-scale context into tokens. Following the setting

in [209], we stack three reduction cells to reduce the spatial resolution by 1/16 and a series

of NCs to learn discriminative features from data. ViTAE demonstrates its superiority over

conventional representative vision transformers across various dimensions, encompassing
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data efficiency, training efficiency (as depicted in Figure 2.1), classification accuracy, and

generalization on subsequent tasks. Furthermore, we extend our analysis by scaling up the

models to an expansive 600 million parameters. This scalability showcases that the inductive

bias introduced by ViTAE continues to confer advantages to large-scale vision transformers.

Our contributions are threefold. First, we explore two types of intrinsic IB in transformers,

i.e., scale invariance and locality, and demonstrate the effectiveness of this idea in improving

the feature learning ability of transformers. Second, we design a new transformer architecture

named ViTAE based on two new reduction and normal cells to intrinsically incorporate the

above two IBs. The proposed ViTAE embeds multi-scale context into tokens and learns

both local and long-range features effectively. Third, ViTAE outperforms representative

vision transformers regarding classification accuracy, data efficiency, training efficiency, and

generalization on downstream tasks. ViTAE achieves 75.3% and 82.0% top-1 accuracy on

ImageNet with 4.8M and 23.6M parameters, respectively.

2.2 Related Work

2.2.1 CNNs with intrinsic IB

CNNs have led to a series of breakthroughs in image classification [80, 212, 61, 223, 188]

and downstream computer vision tasks. The convolution operations in CNNs extract local

features from the neighbor pixels within the receptive field determined by the kernel size [85].

Following the intuition that local pixels are more likely to be correlated in images [84], CNNs

have the intrinsic IB in modeling locality. In addition to the locality, another critical topic in

visual tasks is scale-invariance, where multi-scale features are needed to represent the objects

at different scales effectively [111, 204]. For example, to effectively learn features of large

objects, a large receptive field is needed by either using large convolution kernels [204, 205]

or a series of convolution layers in deeper architectures [61, 68, 150, 157]. To construct multi-

scale feature representation, the classical idea is using image pyramid [23, 1, 124, 11, 81, 39],

where features are hand-crafted or learned from a pyramid of images at different resolutions



12 2 VITAE: VISION TRANSFORMER ADVANCED BY EXPLORING INTRINSIC INDUCTIVE BIAS

respectively [97, 23, 120, 141, 74, 7]. Accordingly, features from the small scale image

mainly encode the large objects while features from the large scale image respond more to

small objects. In addition to the above inter-layer fusion way, another way is to aggregate

multi-scale context by using multiple convolutions with different receptive fields within a

single layer, i.e., intra-layer fusion [226, 157, 156, 156, 158]. Either inter-layer fusion or

intra-layer fusion empower CNNs an intrinsic IB in modeling scale-invariance. This paper

introduces such an IB to vision transformers by following the intra-layer fusion idea and

utilizing multiple convolutions with different dilation rates in the reduction cells to encode

multi-scale context into each visual token.

2.2.2 Vision transformers with learned IB

ViT [45] is the pioneering work that applies a pure transformer to vision tasks and achieves

promising results. However, since ViT lacks intrinsic inductive bias in modeling local visual

structures, it indeed learns the IB from amounts of data implicitly. Following works along

this direction are to simplify the model structures with fewer intrinsic IBs and directly learn

them from large scale data [113, 164, 166, 53, 43, 46, 62] which have achieved promising

results and been studied actively. Another direction is to leverage the intrinsic IB from CNNs

to facilitate the training of vision transformers, e.g., using less training data or shorter training

schedules. For example, DeiT [167] proposes to distill knowledge from CNNs to transformers

during training. However, it requires an off-the-shelf CNN model as a teacher, introducing

extra computation costs during training. Recently, some works try to introduce the intrinsic IB

of CNNs into vision transformers explicitly [55, 130, 51, 95, 38, 198, 181, 208, 19, 109, 33].

For example, [95, 51, 181] stack convolutions and attention layers sequentially, resulting in

a serial structure and modeling the locality and global dependency accordingly. [175, 64]

design sequential stage-wise structures while [109, 70] apply attention within local windows.

However, these serial structure may ignore the global context during locality modeling

(and vice versa). [193] establishes connections across different scales at the cost of heavy

computation. Instead, we follow the “divide-and-conquer” idea and propose to model locality

and global dependencies simultaneously via a parallel structure within each transformer
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layer. Conformer [130], the most relevant concurrent work to us, employs a unit to explore

inter-block interactions between parallel convolution and transformer blocks. In contrast, in

ViTAE, the convolution and attention modules are designed to be complementary to each

other within the transformer block. In addition, Conformer is not designed to have inherent

scale invariance IB.

2.3 Methodology

2.3.1 Revisit vision transformer

We first give a brief review of vision transformer in this part. To adapt transformers to vision

tasks, ViT [45] first splits an image x ∈ RH×W×C into tokens with a reduction ratio of p (i.e.,

xt ∈ R((H×W )/p2)×D), where H , W and C denote the height, width, and channel dimensions

of the input image, D = Cp2 denotes the token dimension. Then, an extra class token is

concatenated to the visual tokens before adding position embeddings in an element-wise

manner. The resulting tokens are fed into the following transformer layers. Each transformer

layer is composed of two parts, i.e., a multi-head self-attention module (MHSA) and a feed

forward network (FFN).

MHSA Multi-head self-attention extends single-head self-attention (SHSA) by using different

projection matrices for each head. Specifically, the input tokens xt are first projected to queries

(Q), keys (K) and values (V ) using projection matrices, i.e., Q,K, V = xtWQ, xtQK , xtQV ,

where WQ/K/V ∈ RD×D denotes the projection matrix for query, key, and value, respectively.

Then, the self-attention operation is calculated as:

Attention(Q,K, V ) = softmax(
QKT

√
D

)V. (2.1)

This SHSA module is repeated for h times to formulate the MHSA module, where h is the

number of heads. The output features of the h heads are concatenated along the channel

dimension and formulate the output of the MHSA module.



14 2 VITAE: VISION TRANSFORMER ADVANCED BY EXPLORING INTRINSIC INDUCTIVE BIAS

R
ed

u
ctio

n
 C

ell

N
o

rm
a

l C
ell

R
ed

u
ctio

n
 C

ell

R
ed

u
ctio

n
 C

ell

N
o

rm
a

l C
ell

N
o

rm
a

l C
ell

F
eed

 F
o
rw

a
rd

M
u

lti-H
e
a
d

S
elf-A

tten
tio

n

G
e
L

U

L
a
y

er N
o

rm

L
a
y

er N
o

rm

C

C
o

n
v

B
N

S
iL

U

Im
g

2
S

e
q

Im
g

2
S

e
q

S
e
q

2
Im

g

Different Dilation Rates

CPosition Embedding ConcatElement-wise Add Feature Map

× 2 × 2

Token Class Token

D
o

g

F
eed

 F
o
rw

a
rd

L
a
y

er N
o

rm

M
u

lti-H
e
a
d

S
elf-A

tten
tio

n

C
o

n
v

B
N

S
iL

U

L
a
y

er N
o

rm

S
e
q

2
Im

g

Im
g

2
S

e
q

L
in

ea
r

C
o

n
v

S
iL

U

C
o

n
v

S
iL

U

Pyramid Reduction

R/4 x W/4 R/8 x W/8 R/16 x W/16

Im
g

2
S

e
q

FIGURE 2.2. The structure of the proposed ViTAE. It is constructed by stack-
ing three RCs and several NCs. Both types of cells share a simple basic
structure, i.e., an MHSA module and a parallel convolutional module followed
by an FFN. In particular, RC has an extra pyramid reduction module using
atrous convolutions with different dilation rates to embed multi-scale context
into tokens.

FFN FFN is placed on top of the MHSA module and applied to each token identically and

separately. It consists of two linear transformations with an activation function in between.

Besides, a layer normalization [5] and a shortcut are added before and aside from the MHSA

and FFN, respectively.

2.3.2 Overview architecture of ViTAE

ViTAE aims to introduce the intrinsic IB in CNNs to vision transformers. As shown in

Figure 2.2, ViTAE is composed of two types of cells, i.e., RCs and NCs. RCs are responsible

for embedding multi-scale context and local information into tokens, and NCs are used

to further model the locality and long-range dependencies in the tokens. Taken an image

x ∈ RH×W×C as input, three RCs are used to gradually downsample x by 4×, 2×, and 2×,

respectively. Thereby, the output tokens of the RCs are of size [H/16,W/16, D] where D is

the token dimension (64 in our experiments). The output tokens of RCs are then flattened as

RHW/256×D, concatenated with the class token, and added by the sinusoid position encoding.
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Next, the tokens are fed into the following NCs, which keep the length of the tokens. Finally,

the prediction probability is obtained using a linear classification layer on the class token

from the last NC.

2.3.3 Reduction cell

Instead of directly splitting and flatten images into visual tokens based on a linear image

patch embedding layer, we devise the reduction cell to embed multi-scale context and local

information into visual tokens, which introduces the intrinsic scale-invariance and locality

IBs from convolutions. Technically, RC has two parallel branches responsible for modeling

locality and long-range dependency, respectively, followed by an FFN for feature transforma-

tion. We denote the input feature of the ith RC as fi ∈ RHi×Wi×Di . The input of the first RC

is the image x. In the global dependencies branch, fi is firstly fed into a Pyramid Reduction

Module (PRM) to extract multi-scale context, i.e.,

fms
i ≜ PRMi(fi) = Cat([Convij(fi; sij, ri)|sij ∈ Si, ri ∈ R]), (2.2)

where Convij(·) indicates the jth convolutional layer in the PRM (PRMi(·)). It uses a

dilation rate sij from the predefined dilation rate set Si corresponding to the ith RC. Note

that we use stride convolution to reduce the spatial dimension of features by a ratio ri from

the predefined reduction ratio set R. The conv features are concatenated along the channel

dimension, i.e., fms
i ∈ R(Wi/p)×(Hi/p)×(|Si|D), where |Si| denotes the number of dilation rates

in Si. fms
i is then processed by an MHSA module to model long-range dependencies, i.e.,

f g
i = MHSAi(Img2Seq(fms

i )), (2.3)

where Img2Seq(·) is a simple reshape operation to flatten the feature map to a 1D sequence.

In this way, f g
i embeds the multi-scale context in each token. In addition, we use a Parallel

Convolutional Module (PCM) to embed local context within the tokens, which are fused with

f g
i as follows:

f lg
i = f g

i + PCMi(fi). (2.4)
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Here, PCMi(·) represents the PCM, which is composed of three stacked convolution layers

and an Img2Seq(·) operation. It is noteworthy that the parallel convolution branch has the

same spatial downsampling ratio as the PRM by using stride convolutions. In this way, the

token features can carry both local and multi-scale context, implying that RC acquires the

locality IB and scale-invariance IB by design. The fused tokens are then processed by the

FFN, reshaped back to feature maps, and fed into the following RC or NC, i.e.,

fi+1 = Seq2Img(FFNi(f
lg
i ) + f lg

i ), (2.5)

where the Seq2Img(·) is a simple reshape operation to reshape a token sequence back to

feature maps. FFNi(·) represents the FFN in the ith RC. In our ViTAE, three RCs are stacked

sequentially to gradually reduce the input image’s spatial dimension by 4×, 2×, and 2×,

respectively. The feature maps generated by the last RC are of a size of [H/16,W/16, D],

which are then flattened into visual tokens and fed into the following NCs.

2.3.4 Normal cell

As shown in the bottom right part of Figure 2.2, NCs share a similar structure with the

reduction cell except for the absence of the PRM. Due to the relatively small ( 1
16
×) spatial

size of feature maps after RCs, it is unnecessary to use PRM in NCs. Given f3 from the third

RC, we first concatenate it with the class token tcls, and then add it to the positional encodings

to get the input tokens t for the following NCs. Here we ignore the subscript for clarity

since all NCs have an identical architecture but different learnable weights. tcls is randomly

initialized at the start of training and fixed during the inference. Similar to the RC, the tokens

are fed into the MHSA module, i.e., tg = MHSA(t). Meanwhile, they are reshaped to 2D

feature maps and fed into the PCM, i.e., tl = Img2Seq(PCM(Seq2Img(t))). Note that the

class token is discarded in PCM because it has no spatial connections with other visual tokens.

To further reduce the parameters in NCs, we use group convolutions in PCM. The features

from MHSA and PCM are then fused via element-wise sum, i.e., tlg = tg + tl. Finally, tlg

are fed into the FFN to get the output features of NC, i.e., tnc = FFN(tlg) + tlg. Similar to
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TABLE 2.1. Model details of two variants of ViTAE.

Model
Reduction Cell Normal Cell Params Macs
Dilation Cells Heads Embed Cells (M) (G)

ViTAE-T [1, 2, 3, 4] ↓ 3 4 256 7 4.8 1.5
ViTAE-S [1, 2, 3, 4] ↓ 3 6 384 14 23.6 5.6

ViT [45], we apply layer normalization to the class token generated by the last NC and feed it

to the classification head to get the final classification result.

2.3.5 Model details

We use two variants of ViTAE in our experiments for a fair comparison of other models with

similar model sizes. The details of them are summarized in Table 2.1. In the first RC, the

default convolution kernel size is 7× 7 with a stride of 4 and dilation rates of S1 = [1, 2, 3, 4].

In the following two RCs, the convolution kernel size is 3× 3 with a stride of 2 and dilation

rates of S2 = [1, 2, 3] and S3 = [1, 2], respectively. Since the spatial dimension of tokens

decreases, there is no need to use large kernels and dilation rates. PCM in both RCs and NCs

comprises three convolutional layers with a kernel size of 3× 3.

2.4 Experiments

2.4.1 Implementation details

We train and test the proposed ViTAE model on the standard ImageNet [80] dataset, which

contains about 1.3 million images and covers 1k classes. Unless explicitly stated, the image

size during training is set to 224× 224. We use the AdamW [110] optimizer with the cosine

learning rate scheduler and uses the data augmentation strategy exactly the same as T2T [209]

for a fair comparison, regarding the training strategies and the size of models. We use a batch

size of 512 for training all our models and set the initial learning rate to be 5e-4. The results

of our models can be found in Table 2.2, where all the models are trained for 300 epochs on 8

V100 GPUs. The models are built on PyTorch [128] and TIMM [180].
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TABLE 2.2. Comparison of ViTAE and SOTA methods on the ImageNet
validation set.

Type Model
Params MACs Input ImageNet Real

(M) (G) Size Top-1 Top-5 Top-1

CNN

ResNet-18 [61] 11.7 3.6 224 70.3 86.7 77.3
ResNet-50 [61] 25.6 7.6 224 76.7 93.3 82.5
ResNet-101 [61] 44.5 15.2 224 78.3 94.1 83.7
ResNet-152 [61] 60.2 22.6 224 78.9 94.4 84.1
EfficientNet-B0 [159] 5.3 0.8 224 77.1 93.3 83.5
EfficientNet-B4 [159] 19.3 8.4 380 82.9 96.4 88.0
MobileNetV1 [67] 4.3 0.6 224 72.3 - -
MobileNetV2(1.4) [143] 6.9 0.6 224 74.7 - -
RegNetY-600M [136] 6.1 1.2 224 75.5 - -
RegNetY-4GF [136] 20.6 8.0 224 80.0 - 86.4
RegNetY-8GF [136] 39.2 16.0 224 81.7 - 87.4

Transformer

DeiT-T [167] 5.7 2.6 224 72.2 91.1 80.6
DeiT-T⚗ [167] 5.7 2.6 224 74.5 91.9 82.1
LocalViT-T [95] 5.9 2.6 224 74.8 92.6 -
LocalViT-T2T [95] 4.3 2.4 224 72.5 - -
ConT-Ti [198] 5.8 1.6 224 74.9 - -
PiT-Ti [65] 4.9 1.4 224 73.0 - -
T2T-ViT-7 [209] 4.3 1.2 224 71.7 90.9 79.7
ViTAE-T 4.8 1.5 224 75.3 92.7 82.9
ViTAE-T ↑ 384 4.8 5.7 384 77.2 93.8 84.4
CeiT-T [208] 6.4 2.4 224 76.4 93.4 83.6
ConViT-Ti [38] 6.0 2.0 224 73.1 - -
CrossViT-Ti [19] 6.9 3.2 224 73.4 - -
ViTAE-6M 6.5 2.0 224 77.9 94.1 84.9
PVT-T [175] 13.2 3.8 224 75.1 - -
LocalViT-PVT [95] 13.5 9.6 224 78.2 94.2 -
ConViT-Ti+ [38] 10.0 4.0 224 76.7 - -
PiT-XS [65] 10.6 2.8 224 78.1 - -
ConT-M [198] 19.2 6.2 224 80.2 - -
ViTAE-13M 13.2 3.4 224 81.0 95.4 86.8
DeiT-S [167] 22.1 9.8 224 79.9 95.0 85.7
DeiT-S⚗ [167] 22.1 9.8 224 81.2 95.4 86.8
PVT-S [175] 24.5 7.6 224 79.8 -
Conformer-Ti [130] 23.5 5.2 224 81.3 - -
Swin-T [109] 29.0 9.0 224 81.3 - -
CeiT-S [208] 24.2 9.0 224 82.0 95.9 87.3
CvT-13 [181] 20.0 9.0 224 81.6 - 86.7
ConViT-S [38] 27.0 10.8 224 81.3 - -
CrossViT-S [19] 26.7 11.2 224 81.0 - -
PiT-S [65] 23.5 4.8 224 80.9 - -
TNT-S [55] 23.8 10.4 224 81.3 95.6 -
Twins-PCPVT-S[32] 24.1 7.4 224 81.2 - -
Twins-SVT-S [32] 24.0 5.6 224 81.7 - -
T2T-ViT-14 [209] 21.5 5.2 224 81.5 95.7 86.8
ViTAE-S 23.6 5.6 224 82.0 95.9 87.0
ViTAE-S ↑ 384 23.6 20.2 384 83.0 96.2 87.5
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2.4.2 Comparison with the state-of-the-art

We compare our ViTAE with both CNN models and vision transformers with similar model

sizes in Table 2.2. Both Top-1/5 accuracy and real Top-1 accuracy on the ImageNet validation

set are reported. We categorize the methods into CNN models, vision transformers with

learned IB, and vision transformers with introduced intrinsic IB. Compared with CNN models,

our ViTAE-T achieves a 75.3% Top-1 accuracy, which is better than ResNet-18 with more

parameters. The real Top-1 accuracy of the ViTAE model is 82.9%, which is comparable

to ResNet-50 that has four more times of parameters than ours. Similarly, our ViTAE-S

achieves 82.0% Top-1 accuracy with half of the parameters of ResNet-101 and ResNet-152,

showing the superiority of learning both local and long-range features from specific structures

with corresponding intrinsic IBs by design. Similar phenomena can also be observed when

comparing ViTAE-T with MobileNetV1 [67] and MobileNetV2 [143], where ViTAE obtains

better performance with fewer parameters. When compared with larger models which are

searched according to NAS [159], our ViTAE-S achieves a similar performance when using

384 × 384 images as input, which further shows the potential of vision transformers with

intrinsic IB.

In addition, among the transformers with learned IB, ViT is the first pure transformer model

for visual recognition. DeiT shares the same structure with ViT but uses different data

augmentation and training strategies to facilitate the learning of transformers. DeiT⚗ denotes

using an off-the-shelf CNN model as the teacher model to train DeiT, which introduces the

intrinsic IB from CNN to transformer implicitly in a knowledge distillation manner, showing

better performance than the vanilla ViT on the ImageNet dataset. It is exciting to see that our

ViTAE-T with fewer parameters even outperforms the distilled model DeiT⚗, demonstrating

the efficacy of introducing intrinsic IBs in transformers by design. Besides, compared with

other transformers with explicit intrinsic IB, our ViTAE with fewer parameters also achieves

comparable or better performance. For instance, ViTAE-T achieves comparable performance

with LocalVit-T but has 1M fewer parameters, demonstrating the superiority of the proposed

RCs and NCs in introducing intrinsic IBs.
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TABLE 2.3. Ablation Study of RCs and NCs in our ViTAE. “Pre” indicates
the output features of PCM and MHSA are fused before FFN while “Post”
indicates a late fusion strategy correspondingly. “BN” indicates whether PCM
uses BN or not. “[1, 2, 3, 4] ↓” denotes using smaller dilation rates in deeper
RCs, i.e., S1 = [1, 2, 3, 4], S2 = [1, 2, 3], S3 = [1, 2].

Reduction Cell Normal Cell
Top-1Dilation (S1 ∼ S3) PCM Pre Post BN

× × × × × 68.7
× × ✓ × × 69.1
× × × ✓ × 69.0
× × × ✓ ✓ 68.8
× × ✓ × ✓ 69.9

[1, 2]× 3 × × × × 69.5
[1, 2, 3]× 3 × × × × 69.9
[1, 2, 3, 4]× 3 × × × × 69.2
[1, 2, 3, 4, 5]× 3 × × × × 68.9
[1, 2, 3, 4] ↓ × × × × 69.8
[1, 2, 3, 4] ↓ ✓ × × × 71.7
[1, 2, 3, 4] ↓ ✓ ✓ × ✓ 72.6

2.4.3 Ablation study

We use T2T-ViT [209] as our baseline model in the following ablation study of our ViTAE. As

shown in Table 2.3, we investigate the hyper-parameter settings in RCs and NCs by isolating

them separately. All the models are trained for 100 epochs on ImageNet and follow the same

training setting and data augmentation strategy as described in Section 2.4.1.

We use ✓ and × to denote whether or not the corresponding module is enabled during the

experiments. If all columns under the RC and NC are marked × as shown in the first row, the

model becomes the standard T2T-ViT model. “Pre” indicates the output features of PCM and

MHSA are fused before FFN while “Post” indicates a late fusion strategy correspondingly.

“BN” indicates whether PCM uses BN after the convolutional layer or not. “×3” in the first

column denotes that the dilation rate set is the same in the three RCs. “[1, 2, 3, 4] ↓” denotes

using lower dilation rates in deeper RCs, i.e., S1 = [1, 2, 3, 4], S2 = [1, 2, 3], S3 = [1, 2].

As can be seen, using a pre-fusion strategy and BN achieves the best 69.9% Top-1 accuracy

among other settings. It is noteworthy that all the variants of NC outperform the vanilla

T2T-ViT, implying the effectiveness of PCM, which introduces the intrinsic locality IB in
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transformers. It can also be observed that BN plays an important role in improving the

model’s performance as it can help to alleviate the scale deviation between convolution’s and

attention’s features. For the RC, we first investigate the impact of using different dilation rates

in the PRM, as shown in the first column. As can be seen, using larger dilation rates (e.g., 4

or 5) does not deliver better performance. We suspect that larger dilation rates may lead to

plain features in the deeper RCs due to the smaller resolution of feature maps. To validate the

hypothesis, we use smaller dilation rates in deeper RCs as denoted by [1, 2, 3, 4] ↓. As can be

seen, it achieves comparable performance as [1, 2, 3]×. However, compared with [1, 2, 3, 4] ↓,

[1, 2, 3]× increases the amount of parameters from 4.35M to 4.6M. Therefore, we select

[1, 2, 3, 4] ↓ as the default setting. In addition, after using PCM in the RC, it introduces

the intrinsic locality IB, and the performance increases to 71.7% Top-1 accuracy. Finally,

the combination of RCs and NCs achieves the best accuracy at 72.6%, demonstrating the

complementarity between our RCs and NCs.

2.4.4 Data efficiency and training efficiency

To validate the effectiveness of the introduced intrinsic IBs in improving data efficiency and

training efficiency, we compare our ViTAE with T2T-ViT at different training settings: (a)

training them using 20%, 60%, and 100% ImageNet training set for equivalent 100 epochs

on the full ImageNet training set, e.g., we employ 5 times epochs when using 20% data

for training compared with using 100% data; and (b) training them using the full ImageNet

training set for 100, 200, and 300 epochs respectively. The results are shown in Figure 2.1. As

can be seen, ViTAE consistently outperforms the T2T-ViT baseline by a large margin in terms

of both data efficiency and training efficiency. For example, ViTAE using only 20% training

data achieves comparable performance with T2T-ViT using all data. When 60% training data

are used, ViTAE significantly outperforms T2T-ViT using all data by about an absolute 3%

accuracy. It is also noteworthy that ViTAE trained for only 100 epochs has outperformed

T2T-ViT trained for 300 epochs. After training ViTAE for 300 epochs, its performance

is significantly boosted to 75.3% Top-1 accuracy. With the proposed RCs and NCs, the

transformer layers in our ViTAE only need to focus on modeling long-range dependencies,
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leaving the locality and multi-scale context modeling to its convolution counterparts, i.e., PCM

and PRM. Such a “divide-and-conquer” strategy facilitates the training of vision transformers,

making it possible to learn more efficiently with less training data and fewer training epochs.

To further validate the data efficiency of ViTAE model, we train the ViTAE model from

scratch on the smaller datasets, i.e., Cifar10 and Cifar100. The results are summarized in

Table 2.4. It can be viewed that with only 1/7 number of epochs, the ViTAE-T model achieves

better classification performance on Cifar10 dataset, with far fewer parameters (4.8M v.s.

86M), which further confirms ViTAE model’s data efficiency.

TABLE 2.4. Results of training from scratch on Cifar10/100.

Model Params (M) Top-1 Acc Epochs Dataset
DeiT-B 86.0 97.5 7000 Cifar10
ViTAE-T 4.8 97.7 1000 Cifar10
ViTAE-T 4.8 85.0 1000 Cifar100

2.4.5 Generalization on downstream tasks

TABLE 2.5. Generalization of ViTAE and SOTA methods on different down-
stream tasks.

Model Params (M) Cifar10 Cifar100 iNat19 Cars Flowers Pets
Grafit ResNet-50 [169] 25.6 - - 75.9 92.5 98.2 -
EfficientNet-B5 [159] 30 98.1 91.1 - - 98.5 -
ViT-B/16 [45] 86.5 98.1 87.1 - - 89.5 93.8
ViT-L/16 [45] 304.3 97.9 86.4 - - 89.7 93.6
DeiT-B [167] 86.6 99.1 90.8 77.7 92.1 98.4 -
T2T-ViT-14 [209] 21.5 98.3 88.4 - - - -
ViTAE-T 4.8 97.3 86.0 73.3 89.5 97.5 92.6
ViTAE-S 23.6 98.8 90.8 76.0 91.4 97.8 94.2

We further investigate the generalization of the proposed ViTAE models on downstream tasks

by fine-tuning them on the training sets of several fine-grained classification tasks2, including

Flowers [122], Cars [77], Pets [127], and iNaturalist19. We also fine-tune the proposed

ViTAE models on Cifar10 [79] and Cifar100 [79]. The results are shown in Table 2.5. It can

be seen that ViTAE achieves SOTA performance on most of the datasets using comparable

2The performance of ViTAE on dense prediction tasks such as detection, segmentation, pose estimation, can
be found in the supplementary material.
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FIGURE 2.3. The average per-layer attention distance of T2T-ViT-7 and our
ViTAE-T.

or fewer parameters. These results demonstrate that the good generalization ability of our

ViTAE.

2.4.6 Visual inspection of ViTAE

To further analyze the property of our ViTAE, we first calculate the average attention distance

of each layer in ViTAE-T and the baseline T2T-ViT-7 on the ImageNet test set, respectively.

The results are shown in Figure 2.3. It can be observed that with the usage of PCM, which

focuses on modeling locality, the transformer layers in the proposed NCs can better focus

on modeling long-range dependencies, especially in shallow layers. In the deep layers, the

average attention distances of ViTAE-T and T2T-ViT-7 are almost the same since modeling

long-range dependencies is much more important. These results confirm the effectiveness of

the adopted “divide-and-conquer” idea in the proposed ViTAE, i.e., introducing the intrinsic

locality IB from convolutions into vision transformers makes it possible that transformer

layers only need to be responsible to long-range dependencies, since locality can be well

modeled by convolutions in PCM.

Besides, we apply Grad-CAM [144] on the MHSA’s output in the last NC to qualitatively

inspect ViTAE. The visualization results are provided in Figure 2.4. Compared with the

baseline T2T-ViT, our ViTAE covers the single or multiple targets in the images more

precisely and attends less to the background. Moreover, ViTAE can better handle the scale

variance issue as shown in Figure 2.4(b). Namely, it can precisely cover the birds no matter
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(a) (b)

Input

T2T-ViT

ViTAE

FIGURE 2.4. Visual inspection of T2T-ViT and ViTAE using Grad-CAM
[144]. (a) Images containing multiple or single objects and the heatmaps.
(b) Images containing the same class of objects at different scales and the
heatmaps (Best viewed in color).

they are in small, middle, or large size. Such observations demonstrate that introducing the

intrinsic IBs of locality and scale-invariance from convolutions to transformers helps ViTAE

learn more discriminate features than the pure transformers.

2.4.7 Analysis of the scaled-up ViTAE models

2.4.7.1 Scaling up ViTAE via self-supervised learning

Besides stacking the proposed RCs and NCs to construct the ViTAE models, we also scale up

ViTAE to evaluate the benefit of introducing the inductive bias in vision transformers with

large model sizes. Specifically, we follow the setting in ViT [45] to scale up the proposed

ViTAE model, i.e., we embed the image into visual tokens and process them using stacked

NCs to extract features. The stacking strategy is exactly the same as the strategy adopted in

ViT [45], where we use 12 NCs with 768 embedding dimensions to construct the ViTAE base

model (i.e., ViTAE-B with 89M parameters), 24 NCs with 1,024 embedding dimensions to

construct the ViTAE large model (i.e., ViTAE-L with 311M parameters), and 36 normal cells

with 1,248 embedding dimension to construct the ViTAE huge model (i.e., ViTAE-H with

644M parameters). The normal cells are stacked sequentially. However, the scaled-up models
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are easy to overfit if only trained using the ImageNet-1K dataset under a fully supervised

training setting. Self-supervised learning [56], on the contrary, can eliminate this issue and

facilitate the training of scaled-up models.

However, as the encoder only processes the visual tokens, i.e., the remained tokens after

removal, the built-in locality property of images have been broken among the visual tokens. To

adapt the proposed ViTAE model to the self-supervised task, we simply use convolution with

kernel size 1× 1 instead of 3× 3 to formulate the ViTAE model for pretraining. This simple

modification helps us to preserve a similar architecture between the network’s pretraining

and finetuning stages and helps the convolution branch to learn a meaningful initialization.

After the pretraining stage, we convert the kernels of the convolutions from 1× 1 to 3× 3

by zero-padding to recover the complete ViTAE models, which are further finetuned on the

ImageNet-1k training data for 50 epochs.

2.4.7.2 Image classification performance

We evaluate the performance of the scaled-up models on the ImageNet dataset. The scaled-up

models are pre-trained for 1600 epochs using MAE [56], taking images from the ImageNet-

1K training set. Then, the models are finetuned for 100 (the base model) or 50 (the large

and huge model) epochs using the labeled data from the ImageNet-1K training set. It

should be noted that the original MAE is trained on the TPU machines with Tensorflow,

while our implementation adopts PyTorch as the framework and uses NVIDIA GPU for the

training. This implementation difference may cause a slight performance difference in the

models’ classification accuracy. We compare our methods with T2TViT [209], CvT [208],

Swin [109], SwinV2 [108], and ViT [45] with either supervised learning or self-supervised

learning like MAE [56], MaskFeat [179], and SimMIM [192] The results are summarized in

Table 2.6. It demonstrates that the proposed ViTAE-B model with the introduced inductive

bias outperforms the baseline ViT-B model by 0.4 Top-1 classification accuracy. For the

ViTAE-L model with 300M parameters, the inductive bias still brings about 0.3 performance

gains. After using ImageNet-22K labeled data for finetuning, the classification accuracy

on the ImageNet-1K validation set further increases by about 1%. These results show that
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TABLE 2.6. The performance of scaled-up ViTAE models on the ImageNet1K
dataset. ∗ denotes the results that we re-implement on GPU with PyTorch
framework. † indicates that ImageNet22K is used to further finetune the models
with 224×224 resolution for 90 epochs. ‘Sup’ is short for supervised learning.

#Params
Test
size Method

ImageNet
Top-1

Real
Top-1

T2TViT-24 65 M 224 Sup 82.3 87.2
ViT-B∗ 88 M 224 MAE 83.4 89.1
ViTAE-B 89 M 224 MAE 83.8 89.4
ViTAE-B† 89 M 224 MAE 84.8 89.9
Swin-L† 197 M 384 Sup 87.3 90.0
SwinV2-L† 197 M 384 Sup 87.7 -
CoAtNet-4† 275 M 384 Sup 87.9 -
CvT-W24† 277 M 384 Sup 87.7 -
ViT-L∗ 304 M 224 MAE 85.5 90.1
ViT-L 304 M 224 MaskFeat 85.7 -
ViTAE-L 311 M 224 MAE 86.0 90.3
ViTAE-L† 311 M 224 MAE 87.5 90.8
ViTAE-L† 311 M 384 MAE 88.3 91.1
SwinV2-H 658 M 224 SimMIM 85.7 -
SwinV2-H 658 M 512 SimMIM 87.1 -
ViTAE-H 644 M 224 MAE 86.9 90.6
ViTAE-H 644 M 512 MAE 87.8 91.2
ViTAE-H† 644 M 224 MAE 88.0 90.7
ViTAE-H† 644 M 448 MAE 88.5 90.8

the benefit of introducing inductive bias in vision transformers is scalable to large models

and datasets. Notably, our ViTAE-H, trained with only the ImageNet-1K dataset, obtains a

classification accuracy of 91.2 on the ImageNet Real dataset [8], which is the highest accuracy

we are aware of. It outperforms other methods trained with additional private data, such

as EfficientNet [131] and ViT-G [213], where the former obtains 91.1 accuracy using the

JFT300M dataset and the latter obtains 90.8 accuracy using the JFT3B dataset.

2.4.7.3 Few-shot learning performance

We further evaluate the data efficiency of scaled-up models by using different percentages

of data to finetune the pre-trained models. We use 1%, 10%, and 100% data from the

ImageNet-1k training set to finetune the self-supervised pre-trained ViTAE models with

different amounts of parameters. We ensure that each model sees the same amount of the
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FIGURE 2.5. The few-shot image classification results of scaled-up ViTAE
models. With only 10% data for finetuning, the scaled-up ViTAE models
obtain comparable or even better performance compared with the small CNNs
and transformer models with 100% data for training.

training images under different data settings, i.e., we train the ViTAE-B model for 10,000

epochs using 1% training data, for 1,000 epochs using 10% training data, and for 100 epochs

using 1% training data. Similarly, the ViTAE-L and ViTAE-H models are trained for 5,000

epochs using 1% training data and 500 epochs using 10% training data. The smaller models,

i.e., with less than 20M parameters, are trained from scratch using 100% ImageNet-1k training

data for 300 epochs. As shown in Figure 2.5, the models with more parameters are more

data-efficient than those with fewer parameters. For example, the ViTAE-H model with 644M

parameters trained with 10% data outperforms the small model with 13.2 parameters trained

with 100% data, i.e., 82.4 v.s. 81.0. Such observations mirror the findings in previous studies,

including both image classification and language modeling.
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TABLE 2.7. The influence of the convolutional kernel size in the scaled up
ViTAE models during pretraining.

Kernel Size #Params Accuracy
ViT-L 0 304 M 84.1
ViTAE-L 0 311 M 84.1
ViTAE-L 3 311 M 84.4
ViTAE-L 1 311 M 84.6

2.4.7.4 Ablation study of the convolutional kernel size in the scaled up ViTAE models

We conduct experiments to investigate the influence of the convolutional kernel size in the

scaled-up ViTAE models during pretraining. The results are presented in Table 2.7. The kernel

size 0 represents that we do not use the convolution branch in ViTAE-L during pretraining,

which degenerates to the original ViT-L model. Then, we add the convolution branches during

finetuning and initialize the convolutional kernel weight as 0. If we use 1 × 1 kernels in

ViTAE-L during pretraining, we pad them to 3 × 3 with zero padding during finetuning. We

pretrain the models for 400 epochs and further finetune them for 50 epochs on the ImageNet-

1K training set. As can be seen, using no convolution branch during pretraining leads to no

improvement over the baseline ViT-L since those convolutional kernel weights in ViTAE-L

during finetuning are zero-initialized. Directly pretraining and finetuning ViTAE-L with 3 ×

3 convolutional kernels in the convolution branches leads to slightly better performance over

the baseline ViT-L, but it is inferior to the proposed setting, i.e., using 1 × 1 convolutional

kernels in the convolution branches during pretraining ViTAE-L while zero-padding them to

3 × 3 during finetuning. We argue the reason is that most tokens (75%) during pretraining are

randomly removed, and the remaining ones have lost spatial information. Therefore, using 3

× 3 kernels may lead to overfitting while 1 × 1 convolutions pay little attention to spatial

structures and could learn better feature representation.

2.5 Limitation and discussion

In this paper, we explore two types of IBs and incorporate them into transformers through the

proposed reduction and normal cells. With the collaboration of these two cells, our ViTAE
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model achieves impressive performance on the ImageNet with fast convergence and high data

efficiency. Nevertheless, due to computational resource constraints, we have not scaled the

ViTAE model and train it on large-size dataset, e.g., ImageNet-21K [80] and JFT-300M [66].

Although it remains unclear by now, we are optimistic about its scale property from the

following preliminary evidence. As illustrated in Figure 2.2, our ViTAE model can be viewed

as an intra-cell ensemble of complementary transformer layers and convolution layers owing

to the skip connection and parallel structure. According to the attention distance analysis

shown in Figure 2.3, the ensemble nature enables the transformer layers and convolution

layers to focus on what they are good at, i.e., modeling long-range dependencies and locality.

Therefore, ViTAE is very likely to learn better feature representation from large-scale data.

Besides, we only study two typical IBs in this paper. More kinds of IBs such as constituting

viewpoint invariance [142] can be explored in the future study.

2.6 Conclusion

In this paper, we re-design the transformer block by proposing two basic cells (reduction cells

and normal cells) to incorporate two types of intrinsic inductive bias (IB) into transformers, i.e.,

locality and scale-invariance, resulting in a simple yet effective vision transformer architecture

named ViTAE. Extensive experiments show that ViTAE outperforms representative vision

transformers in various respects including classification accuracy, data efficiency, training

efficiency, and generalization ability on downstream tasks. We plan to scale ViTAE to the

large or huge model size and train it on large-size datasets in the future study. In addition,

other kinds of IBs will also be investigated. We hope that this study will provide valuable

insights to the following studies of introducing intrinsic IB into vision transformers and

understanding the impact of intrinsic and learned IBs.
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TABLE 2.8. ViTAE with different PE.

Sinusoid No Learnable
Top-1 75.3 75.3 75.1
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FIGURE 2.6. Different structures used in the ablation study. (a) Origin ViTAE
structure. (b) Adding another BN in the PCM. (c) Replacing SiLU with GeLU
in the PCM. (d) Replacing PCM with PRM. (e) Replacing GeLU with SiLU
in the PRM.

TABLE 2.9. More ablation studies. (a), (b), (c), (d), (e) correspond to different
structures in Figure 2.6.

(a) (b) (c) (d) (e)
Top-1 72.6 69.6 72.3 71.9 72.4

2.7 Appendix

2.7.1 Analysis of position embedding

As CNN can encode position information with padding [33], we further disable the position

embedding and train the ViTAE model without position embedding for 300 epochs. The

results are summarized in Table 2.8. It can be seen that removing position embedding (PE)

in the ViTAE model does not downgrade its performance. Such phenomena show that the

PCM and PRM modules utilized in the ViTAE can aid the model in making sense of location

information.

2.7.2 More Ablation Studies

To further analyze the structure of our ViTAE model, we conduct more ablation studies related

to the proposed reduction cells and normal cells. As shown in Table 2.9 and Figure 2.6, we first
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add another batch normalization [72] in the PCM module to make the PCM module has three

exactly same convolution layers. However, such a structure downgrades the performance by

3%. As there is layer normalization [5] before the input to the FFN module, the combination

of batch normalization and layer normalization may conflict with each other, resulting in

performance degradation. Another design choice we tried is replacing the PCM with PRM

modules (Figure 2.6 (d)) to introduce both scale-invariance and locality in the parallel branch.

However, such a design shows a small drop in the performance, indicating that not only

introducing inductive bias is important in transformers, but also the way in which these

inductive biases are introduced also matters. What’s more, we test the activation function used

in the PCM and PRM modules. By default, we adopt SiLU in PCM, following the design

choice in pioneering CNN networks and GeLu in PRM following previous transformers’

design. By replacing the SiLU with GeLU (Figure 2.6 (c)), the performance drops a little.

Similar phenomena can be observed when all PCM and PRM modules adopt SiLU as

activation functions (Figure 2.6 (e)).

2.7.3 More visual results.

We also provide more visual inspection results of ViTAE using Grad-CAM [144] in Fig-

ure 2.7 2.8 2.9 2.10 and compare it with T2T-ViT [209] in Figure 2.11. It can be seen that our

ViTAE can cover the targets more precisely and compress the noise introduced by the complex

background. Such phenomena confirm that with the introduced inductive bias, the ViTAE

model can better adapt to targets in different situations and thus achieves better performance

on the vision tasks.
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Input ViTAE Input ViTAE Input ViTAE

FIGURE 2.7. More visual results of ViTAE.



2.7 APPENDIX 33

Input ViTAE Input ViTAE Input ViTAE

FIGURE 2.8. More visual results of ViTAE.



34 2 VITAE: VISION TRANSFORMER ADVANCED BY EXPLORING INTRINSIC INDUCTIVE BIAS

Input ViTAE Input ViTAE Input ViTAE

FIGURE 2.9. More visual results of ViTAE.
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Input ViTAE Input ViTAE Input ViTAE

FIGURE 2.10. More visual results of ViTAE.
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Input T2T-ViT ViTAE Input T2T-ViT ViTAE

FIGURE 2.11. Visual comparison between ViTAE and T2T-ViT.



CHAPTER 3

RegionCL: Exploring Contrastive Region Pairs for Self-supervised

Representation Learning

3.1 Introduction

Beyond structural modifications, another promising avenue lies in the realm of enhancing

inductive bias through training methodologies. This chapter is dedicated to exploring and

detailing the advancements made in this domain. Among different training methods, self-

supervised learning (SSL) has become an active research topic in computer vision because

of its ability to learn generalizable representations from large-scale unlabeled data and offer

good performance in downstream tasks [216, 217, 92, 22, 171]. Contrastive learning, one of

the popular directions in SSL, has attracted a lot of attention due to its ease of use in pretext

designing and its capacity to generalize across various visual tasks.

Current contrastive learning methods typically use augmented views of the same image as

positive pairs and maximize their mutual information. Cropping is by far the most popular

augmentation technique. By randomly cropping regions from the same images and treating

the cropped regions as positive pairs, the methods in [24, 26, 28, 52, 58, 25] have shown

promising results in image classification. Multi-crop [17, 18] has been investigated as a way

to improve performance even further by generating more diverse candidates and facilitating

the model learning a better feature representation. Constrained cropping strategies [227, 186,

199, 140, 191] have recently been developed to ensure that two cropped views contain shared

regions of a specific size and to improve models’ performance on dense prediction tasks

by constructing contrastive pairs within the shared regions. These methods have achieved
37
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FIGURE 3.1. Transfer results on the ImageNet [40] (classification) and MS
COCO [27] (detection) datasets. Involving region-level contrastive pairs
during pretraining, RegionCL helps DenseCL [178], MoCov2 [26], and Sim-
Siam [28] achieve a better performance trade-off between image classification
and object detection tasks.
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superior performance on a variety of visual tasks by leveraging various cropping strategies to

construct contrastive pairs during pretraining.

However, the remained regions after cropping have received little attention, despite the fact

that the cropped and remained regions together make up the same image instance and both

contribute to the category’s description. We argue that using both regions during pretraining

would help the model learn better complete visual representations of object instances, which

will improve the model’s performance on downstream classification and dense prediction

tasks.
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FIGURE 3.2. Illustration of the region swapping strategy. Taking two images
A and B as input, it randomly crops and swaps the paste views and generates
the composite images C and D. A mask pooling strategy will be used to extract
the features from the canvas and paste views respectively. As a result, the
canvas and paste views in image C form a negative pair, while the canvas view
and A (the paste view and B) are positive pairs. The red lines indicate the
positive pairs and the green lines represent the negative pairs.
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Based on this motivation, we propose a simple yet effective pretext task called Region

Contrastive Learning (RegionCL) to demonstrate the effectiveness of using both regions for

contrastive learning. Technically, given two different images, RegionCL randomly crops a

region (called the paste view) from each image with the same size and swaps them to compose

two new images together with the remained regions (called the canvas view), respectively. It is

worth noting that the two views that compose the new images are from different source images.

Then, contrastive pairs can be constructed from the regional perspective following the simple

criteria, i.e., each view is (1) positive with views augmented from the same original image

and (2) negative with views augmented from other images. In this way, RegionCL generates

abundant pairs that contain not only the instance-level pairs as other methods [26, 24] but also

the region-level pairs, e.g., the paste and canvas views in the composite images. By exploiting

these pairs in popular SSL frameworks, RegionCL helps the models learn better feature

representations of object instances owing to the abundant contrastive supervisory signals at
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both instance and region levels, delivering better performance on various downstream tasks.

As shown in Figure 3.1, RegionCL helps MoCov2 [26], DenseCL [178], and SimSiam [28]

improve their linear classification accuracy by 2%∼5% on the ImageNet [40] dataset and

object detection performance by 0.8∼1.0 mAP on the MS COCO [27] dataset, simultaneously.

In summary, the contribution of the paper is threefold:

(1) We make the first attempt to demonstrate the importance of both regions, i.e., the

cropped and remained regions in cropping, from a complete perspective for self-

supervised learning.

(2) We propose a simple yet effective pretext task, i.e., RegionCL, to demonstrate the

effectiveness of using both regions for learning. It is compatible with various popular

SSL methods with minor modifications and improves their performance on many

downstream visual tasks.

(3) Extensive experimental results with MoCov2, SimSiam, and DenseCL on the Im-

ageNet, MS COCO, and Cityscapes datasets demonstrate the effectiveness of the

proposed RegionCL on classification, detection, and instance and semantic segment-

ation tasks.

3.2 Related Work

Self-supervised learning has shown great potential in learning visual representations that

can generalize to a series of downstream visual tasks. Early works generate pseudo labels

using specific tasks [123, 83, 220, 129] such as image corruption and restoration, reordering,

re-colorization. However, the models pretrained in these tasks may be too coupled with the

designed tasks and the transfer results on other visual tasks may not be competitive.

Recently, contrastive learning [28, 26, 24, 58, 52, 162, 25] has made rapid progress and

shown promising transfer performance. Typically, they take augmented views from the same

(different) images as positive (negative) pairs and learn to pull the features from positive

pairs while pushing away those from the negative pairs via a contrastive loss. Among the
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augmentation techniques, cropping plays an important role in improving the performance,

as shown in [24]. Taking the cropped augmented views as input, SimCLR [24] obtains

superior results on image classification. MoCo [58, 26] utilizes a momentum encoder to

better utilize the cropped views during pretraining, as it provides consistent optimization

direction. However, as cropping at a single resolution may not provide enough descriptions of

the target object, a multi-crop strategy is explored in [17, 18] by fusing several cropped views

at different resolutions. Such a strategy helps the models learn a better feature representation

at different scales and boost their performance on the image classification task.

On the other hand, [178, 191, 140, 132] focus on advancing the performance on dense

prediction tasks by establishing dense correspondences between the augmented cropped

views. Some methods [227, 140, 21, 105] further design constrained cropping strategies

during pretraining to improve the transfer results on detection, e.g., they require the two

cropped views have some shared regions and attract the dense positive features within the

shared regions based on explicit spatial correspondences. By exploring different properties of

cropping-based augmented views, these methods obtain superior performance. However, the

remained regions after cropping have rarely been explored. Different from them, we make

the first attempt to investigate the importance of both regions in this study via adopting a

simple region-swapping strategy to generate abundant contrastive pairs at both instance and

region levels for contrastive learning (RegionCL), from which the model can learn better

visual representations of object instances.

Although several methods also explore region-level contrastive learning, they have not yet

explored the complementary remained regions after cropping, i.e., the canvas view in our

paper. For example, SCRL [140], DUPR [42], and MaskCo [227] incorporate bounding boxes

generation and alignment between the shared area of two cropped views during pretraining.

InstLoc [199] further introduces anchors with bounding box augmentations to boost the

transfer results on dense prediction tasks at the cost of decreased image classification accuracy.

DetCo [186] designs delicate cropping strategies to generate separate patches at different

resolutions and uses extra memory banks to capture patch features. Without the requirement

of extra information such as bounding boxes alignment, RegionCL adopts the most simple
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FIGURE 3.3. Illustration of the proposed RegionCL with the MoCov2 frame-
work, i.e., RegionCL-M. Taking the two augmented views xq, xk as inputs,
RegionCL employs region swapping among the batch of xq to generate the
composite images with paste views xp and canvas views xc. Then, mask
pooling is used to extract the features belonging to the paste and canvas views,
respectively. The resultant region-level features (with stripes in the figure) are
batched with the instance-level features and processed by the projector.

strategy to demonstrate that using both regions for contrastive learning isolation helps to boost

the SSL methods performance without bells and whistles. The simple task is compatible with

popular SSL frameworks, e.g., we validate the effectiveness of using both regions for training

with MoCov2 [26], SimSiam [28], and DenseCL [178], with only minor modifications to

them. The theoretical analysis of these works has been well studied in [163, 160, 172, 174]

and is beyond this paper’s scope. It is also noteworthy that although the adopted swapping

strategy is similar to co-current methods like UnMix [147]/HEXA [86]/InsCon [200], they do

not explore region-level pairs, i.e., they still treat the composite images as a whole from the

global perspective. RegionCL explores both region- and global-level pairs from the composite

images, which is more efficient and obtains better performance on various vision tasks.

3.3 Method

3.3.1 The region swapping strategy

Different from current methods that only use the cropped regions, we take both the cropped

and remaining regions into consideration for self-supervised learning. Given two different
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images, we randomly crop a region with the same size from each image and swap them

to compose two new images. As shown in Figure 3.2-C, the composite image after region

swapping contains two views: one is the paste view (the cropped region), i.e., the cat’s

face, and the other is called the canvas view (the remained region), i.e., the dog’s body.

Specifically, we first sample the size of the paste view, i.e., the height and width, and then

determine the coordinates of the origin point from which the cropping starts. We make

sure the size and location of the cropped region match the network’s downsampling ratio

R during region swapping so that the region’s feature can be directly extracted from the

feature map by a simple operation of mask pooling. The height and width are determined

by R and a discrete uniform distribution C ∼ U(CL, CU), where the ratio R is typically

32 for ResNet [61] and CL, CU are two predefined hyper-parameters shared for both spatial

dimensions for simplicity. They are set to 3 and 5 in the paper unless specified. We sample

twice from the distribution C and get two observations ch and cw. Then, we calculate the width

and height as rh = ch ×R, rw = cw ×R, respectively. Then we uniformly sample the origin

point coordinates (rx, ry) from a valid range that guarantees there is enough remaining area to

crop a patch of size rw × rh. In this way, the candidate region is determined by (rx, ry, rw, rh).

It is noteworthy that within a mini-batch of the training images, we use the same coordinates

(rx, ry, rw, rh) for efficient batch-wise implementation during training.

3.3.2 The region contrastive learning

The architecture. We take MoCov2 as an example here to describe the proposed RegionCL

method in depth, denoted as RegionCL-M. The overall architecture is presented in Figure 3.3.

As can be seen, RegionCL-M has exactly the same architecture with MoCov2 and only

requires marginal modifications to the inputs and learning objectives, i.e., a region-level

branch in the middle.

RegionCL-M uses a Siamese network structure in pretraining. Given image instances x,

RegionCL-M first creates two randomly augmented views, i.e., the query view xq and the

key view xk following the same augmentation strategy as in MoCov2. The online network

processes the query view, and the other branch, i.e., the momentum updated network, processes
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the key view. Unlike other methods that also utilize region-level contrastive learning [140, 42,

227], we follow the same cropping strategies as in MoCov2 and do not need the two views

xq, xk to have a sufficiently large overlap, which keeps the diversity of the contrastive pair

candidates. We construct the region-level contrastive pairs using the region-swapping strategy.

Specifically, given two image instances from the query view xq, we randomly crop a region

with the same size in each image instance and swap them to compose two new images xpc,

where the cropped region after swapping and the remained region in the new images are the

paste view xp and canvas view xc, respectively.

The region- and instance-level contrastive loss. In this way, we have a total of four different

views, i.e., the query view, the paste view, the canvas view, and the key view, denoted

as xq, xp, xc, xk, respectively. RegionCL-M projects these views into the corresponding

feature representations q, p, c, k, among which the features q, k are instance-level feature

representations while the features p, c are region-level feature representations. Note that

features of the paste view and canvas view are extracted from the feature maps of xpc via mask

pooling, where the mask is obtained according to the coordinates (rx, ry, rw, rh) as described

in Section 3.3.1. The other views’ features are from the global average pooling upon the

corresponding feature maps. Then we can efficiently construct the contrastive pairs for these

views according to the simple criteria, i.e., each view is (1) positive with views augmented

from the same original image and (2) negative with views augmented from other images. We

follow the practice of MoCov2 in our implementation and ignore the positive pairs whose

features are both generated by the online network to stabilize the training.

We use contrastive loss [54, 58] as the learning objectives, which can be thought of as training

an encoder for a dictionary lookup task at both instance and region levels. We first introduce

the instance-level contrastive loss and then present the region-level one. Assume that we have

a set of encoded samples {ki|i = 1, 2, ..., K} as keys of a dictionary. For each query feature q,

if there is a single key (k+) that matches the query q, the contrastive loss aims to increase the

similarity between q and k+ meanwhile reducing the similarity between q and all other keys

(considered as the negative counterparts for q). We use L2-normalized dot product to measure

the similarity between the queries and keys, and the contrastive loss, i.e., the InfoNCE [125]
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loss, is therefore formulated as:

Lins = − log
exp (q · k+/τ)∑K
i=0 exp (q · ki/τ)

, (3.1)

where τ is a temperature hyper-parameter (set to 0.2 by default) [183, 58]. Following MoCov2,

the dictionary keys {ki|i = 1, 2, ..., K} in RegionCL-M are maintained using a first-in-first-

out queue with a predefined maximum number of samples (K), which is set to 65,536. The

features from the key view k is treated as the positive sample and used to progressively update

the memory queue, which serves as the negative samples. This form of contrastive loss is

the exact one that appeared in MoCov2 [58], while it can have other forms for different SSL

methods [125, 28]. Apart from the instance-level pairs, the features of other views formulate

the region-level pairs with the modified contrastive loss:

Lreg =− 1

2
log

exp (p · k+
p /τ)∑K

i=0 exp (p · ki/τ) + exp (p · sg(c)/τ)

− 1

2
log

exp (c · k+
c /τ)∑K

i=0 exp (c · ki/τ) + exp (c · sg(p)/τ)
,

(3.2)

where the features p, c are obtained from the identical composite image xpc (thus the term is

divided by 1
2

for normalization). sg(·) represents the ‘stop gradient’, which helps stabilize the

training. p and c are indeed hard negative pairs since they involve some context information

from each other due to convolution and pooling operations, thereby helping the model to learn

robust and discriminative feature representations. Thus the total contrastive loss is formulated

as:

Ltotal = Lins + Lreg. (3.3)

Since the query, canvas, and paste views share the online network, we believe that the features

of these views should be in the same feature space. Thus, RegionCL-M only needs a single

queue to provide negative samples for features of all the three views, in contrast to the usage

of multiple queues as in [186, 199].
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3.3.2.1 Extension to other SSL methods.

As RegionCL defines a model-agnostic pretext task and requires minor modifications to the

SSL methods, we also choose two other representative approaches, i.e., DenseCL [178] and

SimSiam [28], to further validate its effectiveness, denoted as RegionCL-D and RegionCL-S,

respectively. Specifically, DenseCL [178] focuses on dense prediction tasks and has two

learning objectives, i.e., the instance-level contrastive loss as in MoCov2 and the pixel-level

dense loss. Therefore, RegionCL-D includes the proposed region-level loss seamlessly as

in RegionCL-M and keeps the pixel-level loss unchanged. For SimSiam [28], it only adopts

instance-level positive pairs {p, k+} for training. Thus, we only enrich the positive pairs by

collecting those abundant instance- and region-level positive pairs provided by RegionCL-S

while retaining the other components. Similar strategy is adopted for vision transformer

backbones [196, 109, 45] with MoBy [190]. Please refer to the supplementary for details.

3.4 Experiments

To thoroughly validate the improvements brought by introducing both regions into pretrain-

ing, we incorporate the RegionCL in representative state-of-the-art SSL methods, i.e., Mo-

Cov2 [26], DenseCL [178], and SimSiam [28], and propose the RegionCL compatible models,

i.e., RegionCL-M, RegionCL-D, and RegionCL-S. The models are pretrained following the

same settings as their own base methods, i.e., we train RegionCL-M and RegionCL-D for 200

epochs, and RegionCL-S for 100 epochs, with an SGD [155] optimizer and corresponding

augmentations, respectively. All the methods are based on ResNet-50 [61] backbone. Please

refer to the supplementary material for more details. Vision transformer-based methods [190]

are also explored to further evaluate RegionCL’s effectiveness.

3.4.1 Image classification on ImageNet

Settings. To evaluate the effectiveness of regional contrastive learning for image classification,

we benchmark the RegionCL on ImageNet [40], which contains 1.28M images in the training
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set and 50K images in the validation set from 1,000 classes, respectively. The pretrained

models of other SSL methods are either obtained from their authors or reproduced using

their official codes. The performance of Top-1 and Top-5 accuracy on a single crop is

reported. We have two experimental settings regards evaluation: linear classification and

few-shot finetuning. The former setting follows the default setting of MoCov2 [58, 26] and

SimSiam [28] with SGD [155] and LARS [203] optimizer. The latter one using randomly

sampled data per class from the training set.

Results with linear classification. We report the linear classification results of different

methods in Table 3.1 and 3.2. ‘Real’ indicates that the labels used for evaluation are provided

by [8]. From the table, we can see that RegionCL improves the aforementioned SSL baseline

methods significantly by a large margin: +1.9% for RegionCL-M, +4.8% for RegionCL-D,

and +3.2% for RegionCL-S. This proves RegionCL helps various SSL methods learn better

feature representations owing to the abundant contrastive supervisory signals with contrastive

pairs from both regional and global perspective. Comparing with methods that also explor-

ing mixing two images for contrastive learning but from the global perspective only, i.e.,

UnMix [147] and HEXA [86], RegionCL-M obtains better performance no matter using

200/800 epochs for training, demonstrating the benefits of leveraging regional contrastive

pairs. Besides, RegionCL-S reaches 71.3% Top-1 accuracy using only 100 epochs, while the

vanilla SimSiam requires a significantly longer training schedule of 800 epochs, proving the

effectiveness of RegionCL in accelerating the model convergence and improving the perform-

ance. It is noteworthy that DenseCL focuses on dense prediction tasks and does not perform

that well on classification. In contrast, RegionCL brings a large improvement on DenseCL

for image classification, indicating that introducing remained regions to promote pretraining

is not only compatible with classification-favored SSL methods but also generalizes well on

dense prediction-favored approaches.

Results with linear few-shot finetuning. Table 3.3 presents the results of different methods

at the linear few-shot finetuning setting. Thanks to the abundant contrastive pairs brought by

RegionCL, the models pretrained by RegionCL have learned better feature representations

from a complete perspective and can generalize well on classification tasks, thus delivering
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TABLE 3.1. Linear classification results comparison on ImageNet [40].

Epochs
ImageNet Real

Top-1 Top-5 Top-1
MoCo [58] 200 60.6 - 69.1
SimCLR [24] 1000 69.3 89.0 77.6
PIRL [114] 800 64.3 - 71.7
CPC-v2 [63] 200 63.8 85.3 -
InstLoc [199] 200 61.7 - -
MaskCo [227] 200 65.1 - -
ISD [161] 200 69.8 - -
PCLv1 [89] 200 61.5 - -
PCLv2 [89] 200 67.6 - -
DUPR [42] 200 63.8 85.6 -
DetCo [186] 200 68.6 88.5 -
UnMix [147] 200 68.6 - -
HEXA [86] 200 68.9 - -
MoCov3 [29] 100 68.9 - -
SimSiam [28] 800 71.3 - -
MoCov2 [26] 200 67.5 88.2 77.8
RegionCL-M 200 69.4 89.6 78.7
DenseCL [178] 200 63.6 85.5 72.3
RegionCL-D 200 68.5 89.0 78.4
SimSiam [28] 100 68.1 88.2 77.8
RegionCL-S 100 71.3 90.4 80.8

TABLE 3.2. Linear classification results with more pretraining epochs. *
means using symmetric loss.

Epochs
ImageNet

Top-1 Top-5
MoCov2 [26] 800 71.1 90.2
UnMix [147] 800 71.8 -
HEXA [86] 800 71,7 -
RegionCL-M 800 73.1 91.5
MoCov2* [28] 800 72.3 -
RegionCL-M* 800 73.9 92.0
MoCov3 [29] 1000 74.6 -
RegionCL-M3 1000 75.4 92.6

much more significant improvements over their baselines when only a limited number of data

are available for finetuning, i.e., a gain of +2.5%, +8.9%, +9.5% for 1% data and 1.8%, 6.4%,

8.1% for 10% data achieved by RegionCL-M, RegionCL-D, RegionCL-S.
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TABLE 3.3. Linear classification results on ImageNet [40] using 1% and 10%
data.

1% Data 10% Data
Top-1 Top-5 Top-1 Top-5

MoCov2 [26] 43.6 70.9 58.8 82.4
RegionCL-M 46.1 72.9 60.4 83.5
DenseCL [178] 38.9 66.2 54.0 79.3
RegionCL-D 47.8 74.0 60.4 83.1
SimSiam [28] 32.8 61.5 51.8 77.7
RegionCL-S 42.3 70.6 59.9 83.8

3.4.2 Detection and segmentation on MS COCO

Settings. We show the detection performance of the models pretrained with the RegionCL

pretext task. The experiments are conducted on the MS COCO dataset [27], which contains

about 118K images with bounding boxes and instance segmentation annotations and covers

80 object categories in total. We choose two representative detectors: the two-stage detector

Mask-RCNN [59] and the one-stage detector RetinaNet [99], following the same settings as

in [186, 227].

TABLE 3.4. Object detection results on the MS COCO [27] dataset with
Mask-RCNN [59] C4 and FPN (1x).

Mask-RCNN-C4-1x Mask-RCNN-FPN-1x
APbbAPbb

50APbb
75 APmkAPmk

50 APmk
75 APbbAPbb

50APbb
75 APmkAPmk

50 APmk
75

Rand Init 26.4 44.0 6.9 7.6 14.8 7.2 31.0 49.5 33.2 28.5 46.8 30.4
Supervised 38.2 58.2 41.2 33.3 54.7 35.2 38.9 59.6 42.7 35.4 56.5 38.1
InsDis [183] 37.7 57.0 40.9 33.0 54.1 35.2 37.4 57.6 40.6 34.1 54.6 36.4
PIRL [114] 37.4 56.5 40.2 32.7 53.4 34.7 37.5 57.6 41.0 34.0 54.6 36.2
SwAV [17] 32.9 54.3 34.5 29.5 50.4 30.4 38.5 60.4 41.4 35.4 57.0 37.7
MoCo [58] 38.5 58.3 41.6 33.6 54.8 35.6 38.5 58.9 42.0 35.1 55.9 37.7
DetCo [186] 39.4 59.2 42.3 34.4 55.7 36.6 39.5 60.3 43.1 35.9 56.9 38.6
DetCo-AA [186]39.8 59.7 43.0 34.7 56.3 36.7 40.1 61.0 43.9 36.4 58.0 38.9
MoCo v2 [26] 38.9 58.4 42.0 34.2 55.2 36.5 38.9 59.4 42.4 35.5 56.5 38.1
RegionCL-M 39.8 59.8 43.0 34.8 56.4 36.9 40.1 60.7 43.9 36.3 57.7 39.0
DenseCL [178] 39.3 59.1 42.2 34.5 55.6 36.8 39.1 59.4 42.5 35.5 56.4 38.0
RegionCL-D 40.3 60.3 43.9 35.2 57.0 37.3 40.4 61.3 44.2 36.7 58.2 39.4
SimSiam [28] 37.9 57.5 40.9 33.2 54.2 35.2 37.3 57.2 40.5 33.9 54.2 36.1
RegionCL-S 38.7 58.2 41.3 33.7 55.0 35.6 38.8 58.8 42.4 35.2 56.0 37.6
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Results of Mask-RCNN on MS COCO. Table 3.4 and 3.5 summarize the Mask-RCNN

results on 1x and 2x schedules respectively, where the RegionCL variants are highlighted in

bold. We can see that RegionCL has significantly improved all approaches with ResNet50-C4

and ResNet50-FPN backbones, confirming the benefits of region-level contrastive learning

on various SSL methods. According to the tables, incorporating RegionCL into MoCov2

(RegionCL-M) can further improve the performance over the MoCov2 baseline with both

backbones. It is also noticeable that RegionCL-M has already surpassed the previous repres-

entative SSL methods designed for dense prediction, e.g., DetCo [186] and DenseCL [178].

More importantly, when incorporating RegionCL into DenseCL, RegionCL-D achieves the

best scores for all metrics in both the 1x and 2x settings. It suggests that RegionCL can

still help the dense prediction-favored methods to learn more discriminative features from a

complete perspective.

TABLE 3.5. Object detection results on the MS COCO [27] dataset with
Mask-RCNN [59] C4 and FPN (2x).

Mask-RCNN-C4-2x Mask-RCNN-FPN-2x
APbbAPbb

50APbb
75 APmkAPmk

50 APmk
75 APbbAPbb

50APbb
75 APmkAPmk

50 APmk
75

Rand Init 35.6 54.6 38.2 31.4 51.5 33.5 36.7 56.7 40.0 33.7 53.8 35.9
Supervised 40.0 59.9 43.1 34.7 56.5 36.9 40.6 61.3 44.4 36.8 58.1 39.5
MoCo [58] 40.7 60.5 44.1 35.4 57.3 37.6 40.8 61.6 44.7 36.9 58.4 39.7
MaskCo [227] 40.8 60.5 44.2 35.5 57.1 38.0 - - - - - -
UnMix [147] - - - - - - 41.2 60.9 44.7 - - -
DetCo [186] 41.4 61.2 44.7 35.8 57.8 38.3 41.5 62.1 45.6 37.6 59.2 40.5
DetCo-AA [186]41.3 61.2 45.0 35.8 57.9 38.2 41.5 62.5 45.6 37.7 59.5 40.5
MoCo v2 [26] 41.0 60.6 44.5 35.6 57.2 38.0 40.9 61.5 44.7 37.0 58.7 39.8
RegionCL-M 41.5 61.4 44.9 35.9 57.7 38.6 41.6 62.5 45.6 37.7 59.3 40.4
DenseCL [178] 39.7 59.1 43.0 34.5 55.9 37.3 41.4 62.1 45.1 37.5 58.8 40.3
RegionCL-D 41.8 61.6 45.4 36.4 58.5 39.2 42.1 62.9 45.9 38.0 60.0 40.7
SimSiam [28] 38.8 58.0 41.9 34.0 55.1 36.2 40.1 60.6 43.8 36.4 57.7 39.1
RegionCL-S 40.7 60.4 44.4 35.4 57.0 37.7 41.0 61.6 44.7 37.1 58.6 39.8

Results of RetinaNet on MS COCO. The results of RetinaNet on MS COCO using different

SSL methods are presented in Table 3.6. From the table, we can see that the improvement

brought by RegionCL still holds in all metrics and at all the training settings. Similarly,

RegionCL-D achieves the best results at 38.8 AP and 40.6 AP for the two training schedules

respectively, significantly surpassing the supervised baseline by 1.4 AP and 1.7 AP. It is also
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noted that the improvement in the more stringent metric APbb
75 is more significant than that

in the APbb metric, demonstrating that leveraging both cropped and remained regions for

contrastive learning contributes to learning better feature representations for object detection

and thus improving the detection accuracy. These results show that the simple strategy

RegionCL can help existing SSL methods achieve a better trade-off between the classification

and detection tasks (see Figure 3.1), further validating the benefits of using both regions for

pretraining.

3.4.3 Segmentation on Cityscapes

Settings. Further, we evaluate the models’ transfer performance for both instance and

semantic segmentation on the Cityscapes [36] dataset, which contains over 5K well-annotated

images of street scenes from 50 different cities. We follow the same setting as in MoCov2 [58]

for instance segmentation, with Mask-RCNN and trained for 24K iterations. UPerNet [185]

in mmseg [35] is employed for semantic segmentation evaluation.

Results on Cityscapes. Table 3.7 presents the performance of different SSL methods and their

variants with RegionCL. The second and third columns show the performance for instance and

semantic segmentation, respectively. According to the table, RegionCL consistently improves

the three representative SSL methods by large margins. For example, RegionCL-M reaches

the best on instance segmentation at 34.9 AP and 62.5 AP75, while RegionCL-D outperforms

the others on semantic segmentation at 78.7 mIoU and 79.5 mIoU with different training

schedules, confirming the generalization and the effectiveness of region-level contrastive

learning with remained regions on segmentation tasks.

3.4.4 Generalization on vision transformer

To further evaluate the benefits of using both regions for pretraining, we apply RegionCL

on vision transformer-based methods and train them following the design in MoBy [190].

As shown in Table 3.8, RegionCL improves MoBy by over 3.0 accuracy on both ImageNet

and ImageNet Real with 100 epochs pretraining and over 1.5 accuracy with 300 epochs



523 REGIONCL: EXPLORING CONTRASTIVE REGION PAIRS FOR SELF-SUPERVISED REPRESENTATION LEARNING

TABLE 3.6. Detection results on MS COCO [27] with RetinaNet [99].

RetinaNet-1x RetinaNet-2x
APbbAPbb

50APbb
75APbbAPbb

50APbb
75

Rand Init 24.5 39.0 25.7 32.2 49.4 34.2
Supervised 37.4 56.5 39.7 38.9 58.5 41.5
InsDis [183] 35.5 54.1 38.2 38.0 57.4 40.5
PIRL [114] 35.7 54.2 38.4 38.5 57.6 41.2
SwAV [17] 35.2 54.9 37.5 38.6 58.8 41.1
MoCo [58] 36.3 55.0 39.0 38.7 57.9 41.5
DUPR [42] 38.0 57.2 40.7 40.0 59.6 43.0
DetCo [186] 38.0 57.4 40.7 39.8 59.5 42.4
DetCo-AA [186]38.4 57.8 41.2 39.7 59.3 42.6
MoCov2 [26] 37.2 56.2 39.6 39.3 58.9 42.1
RegionCL-M 38.4 58.1 41.2 40.1 59.9 43.2
DenseCL [178] 37.7 56.4 40.2 39.8 59.2 42.8
RegionCL-D 38.8 58.6 41.6 40.6 60.4 43.6
SimSiam [28] 35.5 53.7 38.1 38.1 57.4 40.8
RegionCL-S 36.8 55.9 39.5 39.1 58.5 41.8

TABLE 3.7. Instance (Inst.) and semantic (Sem.) segmentation results (mIoU)
on Cityscapes [36].

Inst. Seg Sem. Seg
AP AP7540K 80K

Supervised 32.9 59.6 77.1 78.2
MoCov2 [26] 33.9 60.8 77.8 78.6
RegionCL-M 34.9 62.5 78.1 79.0
DenseCL [178]34.5 61.9 78.3 79.1
RegionCL-D 34.8 62.3 78.7 79.5
SimSiam [28] 33.6 61.0 76.2 78.1
RegionCL-S 34.9 61.6 77.8 78.7

pretraining. It can be concluded that RegionCL can successfully improve the vision trans-

former’s performance, validating its effectiveness for advanced neural architectures like vision

transformers.

3.4.5 Ablation Study

We conduct the ablation studies with RegionCL-M. All models are trained for 100 epochs due

to the limitation of computation resources and follow the practice of previous works [186, 227].
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TABLE 3.8. Linear classification results comparsion on ImageNet with vision
transformer-based method MoBy [190].

BackboneEpochs
ImageNet Real

Top-1Top-5Top-1
MoBy [190] Swin-T 100 70.9 89.7 77.5
RegionCL+MoBy Swin-T 100 73.9 91.8 81.2
MoBy [190] Swin-T 300 75.3 92.2 82.4
RegionCL+MoBy Swin-T 300 77.0 93.1 83.9

TABLE 3.9. The influence of paste view’s size. CL and CU denote the lower
and upper bound of the size for the paste view generation. ‘-’ denotes no paste
view is used during the training, i.e., downgrading to the original MoCov2.

Configuration ImageNet MS COCO
CL CU 20-NN100-NNAPbb APmk

- - 49.3 47.3 26.3 24.0
1 5 51.8 49.8 27.3 24.9
2 5 53.0 51.2 27.9 25.5
3 5 54.7 52.7 28.0 25.6
4 5 53.9 51.8 27.9 25.5
3 4 55.1 52.8 27.8 25.5
3 6 54.3 52.5 27.8 25.5

TABLE 3.10. The influence of paste and canvas views. ‘Paste’/‘Canvas’
denote using paste/canvas views as positive pairs. ‘Neg’ means using the
canvas and paste counterpart views in the composited images as negative pairs.

Configuration ImageNet MS COCO
PasteCanvasNeg20-NN100-NNAPbb APmk

× × × 49.3 47.3 26.3 24.0
× ✓ × 51.8 50.0 26.9 24.7
✓ × × 50.0 50.2 27.0 24.7
✓ ✓ × 54.6 52.4 27.8 25.5
✓ ✓ ✓ 54.7 52.7 28.0 25.6

We adopt a k-NN classifier to evaluate their classification accuracy on ImageNet [40] and

train these models for 12K iterations on MS COCO [27] to evaluate their dense prediction

performance.

The size of the paste view. We investigate the influence of the size of the paste view by

varying the lower and upper bounds CL and CU . Note that the image size is set as 224 during

the training and the downsampling ratio for the backbone network ResNet-50 [61] is 32, thus
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CL, CU are valid in the range [1, 7]. The optimal hyper-parameters are determined through

two steps. (1) We first fix the upper bound CU to 5 and search different configurations for the

lower bound CL. As shown in Table 3.9, the performance on both classification and detection

peaks with CL = 3. (2) Then we fix CL to 3 and search for CU . It is interesting to see that

decreasing CU from 5 to 4 slightly improves the performance on classification but degrades

that on detection. This suggests that the optimal configurations of CL, CU for classification

and dense prediction tasks may be slightly different, and we select CL = 3, CU = 5 as default

values to achieve a trade-off on both classification and dense prediction tasks.

The influence of using paste and canvas views. We further investigate the importance of

using both paste and canvas views during pretraining. The results are concluded in Table 3.10,

where ✓under Paste or Canvas denotes whether to use the former or latter term in Eq. (3.2).

The ‘Negative’ option means whether to treat the canvas and paste counterpart views from

the same composite image xpc as negative pairs, i.e., exp (c · sg(p)/τ) or exp (p · sg(c)/τ)

in the denominator in Eq. (3.2). With all columns marked ×, the method becomes standard

MoCov2. From the first three rows in the table, we can see that using either the paste or

canvas views can bring performance gains, and the performance will be further boosted

when considering both regions. For example, in the 4th row, the model gains more than

5% accuracy improvement over MoCov2 in both ImageNet 20- and 100-NN classification.

We attribute it to that leveraging both regions during pretraining can help models learn

better category features from a complete perspective. Comparing the 4th row with the last

row, where intra-image negative pairs are utilized, the performance on both tasks is slightly

improved. It demonstrates that using negative pairs within images can help models learn

more discriminative features between different regions, again validating the importance of

introducing region-level contrastive pairs in self-supervised learning.

3.4.6 Analysis of RegionCL

To better analyze the performance gains brought by RegionCL, we monitor the KNN accuracy

and gradients of the target regions during training. We use YOLOX [49] to detect the objects

in the images and record the average magnitude of gradients back-propagated from the loss
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FIGURE 3.4. The KNN accuracy and average gradient magnitude of Mo-
Cov2 [26] and RegionCL-M with different training epochs.

of MoCov2 and RegionCL-M in the object bounding boxes on the training set. As shown in

Figure 3.4, the KNN accuracy of RegionCL-M consistently outperforms MoCov2 while the

gradients inside the object regions of RegionCL-M are larger than those of MoCov2, implying

that using both regions for training can help models pay more attention on the targets and

learn better object representation from a complete perspective.

3.5 Limitation and Discussion

We make the first attempt to demonstrate the importance of considering both cropped and

remained regions in SSL via a simple yet effective RegionCL pretext task. The simple task

makes minor modifications to representative SSL methods to show the benefits brought by

leveraging regional contrastive pairs. Although RegionCL effectively improves these methods,

there is still much to be explored in utilizing the remained regions for more tasks [194, 195,

92, 6], e.g., introducing additional bounding box selection and alignment modules or adopting

multi-level supervision for learning. Besides, RegionCL temporally costs more computations

per iteration (about 50% for RegionCL-M). Although it demonstrates better results with fewer
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computation resources as discussed in the supplementary, it will be beneficial to reduce the

training costs, which we leave as our future work. Besides, we demonstrate the effectiveness of

RegionCL using the ImageNet dataset following the common practice. However, more types

of datasets can be explored during the pre-training stage to bring better task-related features.

For example, using the MS COCO dataset during pre-training can help the network learn

better features for dense prediction tasks as demonstrated in DenseCL. It will be interesting

to explore the potential of RegionCL on these kinds of datasets since RegionCL is compatible

with the dense prediction favored methods like DenseCL. However, since the region-swapping

operation changes the overall semantics of the composite images, the proposed RegionCL

method may not be suitable for cross-modality pre-training like CLIP [134] but could provide

a better initialization for the image tower.

3.6 Conclusion

This paper demonstrates the importance of using both cropped and remained regions after

cropping for self-supervised learning. A simple yet effective pretext task RegionCL is

proposed to validate the models can learn better category feature representation from a

complete perspective. Experimental results on image classification, object detection, and

instance and semantic segmentation benchmarks demonstrate the effectiveness of leveraging

remained regions in pretraining and its compatibility to representative self-supervised learning

methods. We hope that this study will provide valuable insights into the subsequent studies of

self-supervised learning in exploring region-based contrast methodology.

3.7 Appendix

In the appendix, we demonstrate the benefits of leveraging both cropped and remained regions

for training with longer training epochs (3.7.1) and larger models (3.7.2). We also demonstrate

the training efficiency of RegionCL in section 3.7.1. Pose estimation for both human and

animals are also employed to evaluate the effectiveness of region-level contrastive learning on

downstream tasks (3.7.3). Besides, we also independently feed the paste and canvas views
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into the networks for training to further validate the performance of regional contrastive pairs

without swapping (3.7.4). The analysis of parameters, architecture details, and implementation

details are provided in 3.7.5, 3.7.6, and 3.7.7, respectively.

3.7.1 Training efficiency with longer training epochs

TABLE 3.11. Results of MoCo v2 [26] and RegionCL-M trained for 200,
400, and 800 epochs. ‘*’ denotes that we end-to-end finetune RegionCL-M
pretrained models for 50 epochs [56, 14].

ImageNet Top-1 MS COCO APbb MS COCO APmk

Epochs 200 400 800 200 400 800 200 400 800
MoCo v2 67.5 69.6 71.1 40.9 41.3 41.5 37.0 37.5 37.6
RegionCL-M 69.4 72.1 73.1 41.6 41.9 42.1 37.7 38.0 38.2
RegionCL-M* 76.8 77.8 78.1 - - - - - -

We investigate effectiveness of leveraging remained regions for longer pretraining by ex-

tending the epochs to 200, 400, and 800 respectively. We train MoCov2 [26] and the

corresponding RegionCL-M respectively and present their results in Table 3.11. We evaluate

these models’ image classification performance on the ImageNet [40] dataset with linear

probing. Their object detection and instance segmentation performance are also evaluated on

the MS COCO [27] dataset with ResNet50-FPN and Mask-RCNN [59]. The detection and

segmentation models are trained following the 2× schedule, i.e., the models are trained for

180K iterations in total.

As can be seen, with only 200 epochs for training, the proposed RegionCL-M obtains

competitive results compared with MoCov2 trained for 400 epochs, no matter on classification

or dense prediction tasks. The performance of RegionCL-M increases with the total training

epochs increasing, and RegionCL-M can obtain better performance with less training cost, i.e.,

RegionCL-M with 400 epochs pretraining has significantly outperformed MoCov2 trained

with 800 epochs, confirming the good property of training efficiency brought by simply

training with the regional contrastive pairs. Although RegionCL costs more forwards each

iterations than the baseline method, it improves the overall training efficiency, i.e., RegionCL

with 400 epochs training (1200 forwards) beats the baseline methods with 800 epochs training

(1600 forwards).
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Besides, RegionCL-M sees an further improvement especially for classification (by 1% accur-

acy) when extending to 800 training epochs, reaching 73.1% Top-1 accuracy for classification,

42.1 AP for object detection and 38.2 AP for instance segmentation. Such observation

demonstrates that the abundant contrastive pairs with both cropped and remained regions

can not only improves the model’s convergence but also effectively enhance the model’s

representation capacity with more training epochs.

3.7.2 Generalization ability for models with variant sizes

TABLE 3.12. Results of MoCo v2 [26] and RegionCL-M with R50 [61],
R50w2 [61], and R50w4 [61] as backbones. ‘*’ denotes that we end-to-end
finetune RegionCL-M pretrained models for 50 epochs [56, 14].

ImageNet Top-1 MS COCO APbb MS COCO APmk

Models R50 w2 w4 R50 w2 w4 R50 w2 w4
MoCo v2 67.5 72.0 74.1 40.9 43.2 43.9 37.0 38.7 39.4
RegionCL-M 69.4 75.2 76.2 41.6 43.8 44.5 37.7 39.3 39.7
RegionCL-M* 76.8 79.7 80.4 - - - - - -

To investigate the benefits of regional contrastive pairs on models with variant sizes, we

adopt ResNet50 [61], ResNet50-w2 (2×parameters), and ResNet50-w4 (4×parameters)

as backbone networks and train them for 200 epochs with MoCov2 and RegionCL-M,

respectively. The results of linear probing on ImageNet along with object detection and

instance segmentation on MS COCO are reported in Table 3.12. We use Mask-RCNN

with ResNet50-FPN as the object detection and instance segmentation framework and train

them for 180K iterations, following the 2× schedule. It can be observed that RegionCL-M

with ResNet50-w2 outperforms MoCov2 with ResNet50-w4 on image classification and

obtains competitive performance on both object detection and instance segmentation tasks on

MS COCO. RegionCL-M with ResNet50-w4 obtains the best performance on all tasks. It

indicates that the proposed RegionCL method is scalable to large models and can improve

their performance on both classification and dense prediction tasks, further validating the

importance of using both cropped and left regions in self-supervised learning.



3.7 APPENDIX 59

TABLE 3.13. Results of RegionCL compatible models on human (MS
COCO [27]) and animal (AP-10K [206]) pose estimation.

MS COCO [27] AP-10K [206]
AP AP

Supervised 71.8 69.9
MoCo v2 [26] 72.0 70.1
RegionCL-M 72.3 70.6
DenseCL [178] 72.4 71.1
RegionCL-D 72.6 72.1
SimSiam [28] 71.9 70.5
RegionCL-S 72.2 71.6

3.7.3 Results on pose estimation

Besides the evaluation on detection and segmentation tasks, we also evaluate the models’ per-

formance on both human pose estimation and animal pose estimation tasks on MS COCO [27]

and AP-10K [206] datasets. We adopt SimpleBaseline [184] as the base pose estimation

framework and utilizes backbone models pretrained by MoCov2 [26], DenseCL [178], Sim-

Siam [28], and their RegionCL compatible counterparts. We train these models for 210 epochs.

We adopt an Adam optimizer with initial learning rate at 1e-4, which decreases by a factor

of 10 at the 170 and 200 epochs respectively, following the same setting as in mmpose [34].

The results are available in Table 3.13. It can be observed that the SSL pretrained models

outperforms the supervised counterpart. Besides, with both cropped and left regions taken into

consideration, RegionCL improves the pretrained models’ transfer performance on both pose

estimation tasks, especially on the smaller animal pose dataset AP-10k. Such observation

further demonstrates that exploiting supervisory signals from both instance and region levels

can help the model obtain a better trade-off on both classification and dense prediction tasks.

3.7.4 Influence of the region swapping operation

TABLE 3.14. Influence of the region swapping strategy.

Configuration ImageNet Top-1 MS COCO APbb

MoCov2 67.5 40.9
w/o swapping 69.2 41.4
w/ swapping 69.4 41.6
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To further understand the performance gains brought by the abundant contrastive pairs, we

adopt a simple RegionCL variant without the swapping operation, i.e., simply cropping

a region from candidate images as paste views and filling zeros into the cropped regions

to formulate the canvas views. Using RegionCL-M as the base, we train RegionCL-M

and its variant without the region swapping operation for 200 epochs, and evaluate their

performance on the ImageNet [40] dataset and on the MS COCO [27] dataset with ResNet50-

FPN and Mask-RCNN [59] following the 2× schedule. The results are available in Table 3.14.

Without the region swapping operations, the proposed RegionCL still improves the model’s

performance on both classification and dense prediction tasks, while the region swapping

operation can further improve the performance on both tasks, e.g., 0.2% accuracy gains for

ImageNet Top-1 accuracy and 0.2 mAP gains for object detection. It indicates that although

taking both regions into consideration without swapping can facilitate the models learning,

composing the hard negative samples, i.e., the paste and canvas views via swapping, in the

same images can further help the model learn better and discriminative feature representations

from both instance- and region-level pairs, since features of these two kinds of views share

some context from each other during network forward calculation.

3.7.5 Influence of different batch size

TABLE 3.15. The influence of batch size of MoCo v2 and RegionCL.

ImageNet MS COCO
Batch Size LR Top-1 Top-5 APbb APmk

MoCo v2 256 0.03 67.5 - 40.9 37.0
MoCo v2 1024 0.15 67.5 88.2 41.0 37.2

RegionCL-M 256 0.03 70.0 90.0 41.6 37.8
RegionCL-M 1024 0.15 69.4 89.6 41.6 37.7

As the number of negative pairs plays an important role in the InfoNCE [125] loss and affects

the pretrained model’s performance as pointed in [24], MoCov2 maintains a huge memory

queue to provide enough negative samples, which makes the calculation of the InfoNCE loss

and the training process not coupled with the batch size. Thus we accelerate the training of

MoCov2 [26] and RegionCL-M by increasing the batch size from 256 to 1,024. We train

the models for 200 epochs with an initial learning rate 0.15 (around linear growth w.r.t. the
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batch size) and a cosine learning rate scheduler, while the origin training setting is 200 epochs

with an initial learning rate 0.03 and a cosine learning rate scheduler. The other settings are

exactly the same, including the data augmentation strategies, optimizers, and the values of

hyper-parameters. We validate the performance difference of the two training settings and

present the results in Table 3.15. It can be observed that MoCov2’s performance are consistent

for both classification and dense prediction tasks with both training settings, confirming the

rationality of the batch size to be 1,024 for MoCo v2. Thus, we choose such batch size for

MoCo v2-based models in our paper.

We also conduct similar experiments for RegionCL-M as shown in the last two rows in

Table 3.15. Similar conclusion can be observed in the evaluation of RegionCL-M with

different batch size for training. Besides, as we adopt the batch-wise implementation for

region swapping, RegionCL-M with small batch size and thus more iterations can see more

diverse paste views and canvas views in terms of different sizes and locations, thus learning

better feature representations. As a result, RegionCL-M with a batch size of 256 obtains

slightly better performance for image classification by 0.6% Top-1 accuracy. Nevertheless,

we choose the batch size of 1024 in this paper for acceleration purpose.

3.7.6 Architecture details

We present the details of the proposed RegionCL-M (MoCov2), RegionCL-D (DenseCL), and

RegionCL-S (SimSiam) in this section. We also provide the pseudo codes for RegionCL-M,

RegionCL-D, and RegionCL-S as in Algorithm 1, 2, and 3, respectively, with red color

denoting the modifications of RegionCL compared with the base architecture.

RegionCL-D. As shown in Algorithm 2 and Figure 3.5, DenseCL [178] adopts both instance-

level and pixel-level losses during pretraining. The modifications from DenseCL to RegionCL-

D appears at the instance-level branch in a same way as the modifications from MoCov2 [26]

to RegionCL-M, i.e., we use the encoder, mask pooling, and the instance-level projector to

extract the features belonging to the canvas and paste views, separately. Then, the contrastive
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and region-level features using the same way as RegionCL-M. The extracted
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pooled region-level features are then batched with the instance-level features
and processed by the projector. Following SimSiam, the projected features q,
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pairs are also enriched by the regions while the dense correspondences related loss functions

are remained the same as in DenseCL.

RegionCL-S. As shown in Algorithm 3 and Figure 3.6, SimSiam [28] does not require the

negative pairs during pretraining and focuses on attracting the features among positive pairs.

The modifications from SimSiam [28] to RegionCL-S are simply providing abundant positive
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Algorithm 1 Example code of RegionCL-M.
Input: Two augmented views xq, xk

Input: The negative Queue Q
Output: The contrastive loss L

/* Feature extraction */
// Online Branch

xpc = RegionSwapping(xq)
q = Projector(AvgPool(Encoder(xq)))

p,c = Projector(MaskPool(Encoder(xpc )))
// Momentum Branch

k = ProjectorM (AvgPool(EncoderM (xk)))
/* Loss computation */
// Eq. 1

Lins = Loss(q, k|Q)
// Eq. 2

Lreg = (Loss(p, k|Q, sg(c)) + Loss(c, k|Q, sg(p)))/2
L = Lins + Lreg

Algorithm 2 Example code of RegionCL-D.
Input: Two augmented views xq, xk

Input: The instance negative Queue Qins

Input: The dense negative Queue Qdense

Output: The contrastive loss L
/* Feature extraction */
// Online Branch

xpc = RegionSwapping(xq)
q = Projector(AvgPool(Encoder(xq)))

p,c = Projector(MaskPool(Encoder(xpc )))
// Extract dense feature

qd = Projectord(Encoder(xq))
// Momentum Branch

k = ProjectorM (AvgPool(EncoderM (xk)))
kd = ProjectordM (EncoderM (xk))

/* Loss computation */
// Eq. 1

Lins = Loss(q, k|Qins)
Ldense = DenseLoss(qd, kd|Qdense)

// Eq. 2
Lreg = (Loss(p, k|Q, sg(c)) + Loss(c, k|Q, sg(p)))/2

L = Lins + Lreg + Ldense

pairs from both instance and region levels. Specifically, given the augmented views xq, xk and

the composite images with the canvas view xc and the paste view xp as inputs, RegionCL-S

adopts an encoder, average pooling (mask pooling) layer, a projector, and a predictor to

get the instance-level (region-level) features q (p and c). The other view xk are processed
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Algorithm 3 Example code of RegionCL-S.
Input: Two augmented views xq, xk

Output: The contrastive loss L
/* Feature extraction */
// 1st Branch

xpc = RegionSwapping(xq)
q = Predictor(Projector(AvgPool(Encoder(xq))))

p,c = Predictor(Projector(MaskPool(Encoder(xpc ))))
// 2nd Branch, weight sharing with the 1st Branch

k = Projector(AvgPool(Encoder(xk)))
/* Loss computation */
// Eq. 1

Lins = Loss(q, sg(k))
// Eq. 2

Lreg = (Loss(p, sg(k)) + Loss(c, sg(k))/2
L = Lins + Lreg

by the weight-shared encoder and projector to get the feature k, where an stop gradient

operation is applied on k to stabilize the training. Thus, there are three cases of positive pairs

in the modified RegionCL-S, i.e., the instance-level pairs q and k as in origin SimSiam, the

region-level pairs c and kc, and p and kp, and we keep the learning objectives and architecture

the same as in SimSiam.

3.7.7 Implementation details

In this section we give the implementation details of all the three RegionCL models, i.e.,

RegionCL-M (MoCov2 [26]), RegionCL-D (DenseCL [178]), and RegionCL-S (SimSiam [28]),

respectively.

3.7.7.1 RegionCL-M and RegionCL-D

• Training settings. To accelerate the training, we train the RegionCL-M and

RegionCL-D with a total batch size of 1,024 and initial learning rate 0.15, which

is slightly different from the original setting but does not affect the performance

and our conclusion as shown in Sec 3.7.5. The other settings are the same as in

MoCov2 [26] and DenseCL [178]. For example, the input images are first randomly

cropped and resized to 224 × 224 by remaining 20% → 100% regions, which is
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followed by color jitter with a probability of 0.8, grayscale with a probability of 0.2,

Gaussian blur with a probability of 0.5, and random horizontal flips, which are the

same as the origin settings in the two base methods. The SGD [155] optimizer is

adopted with weight decay at 1e-4 and momentum at 0.9.

• Architecture settings. There is no difference in the model’s architectures comparing

the base models and RegionCL models. The instance-level and region-level features

share the same projector, which has the structure of Linear(2048, 2048) → ReLU

→ Linear(2048, 128), where 2048 is the hidden dimension and 128 is the output

dimension. The dense correspondences projectors in DenseCL and RegionCL-D

have the structure of Conv2d(2048, 2048) → ReLU → Conv2d(2048, 128), where

the kernel size for the convolutions is 1× 1, and 128 is the output dimension. The

length of the memory queue is 65,536.

3.7.7.2 RegionCL-S

• Training settings. As there is no component like memory queues in SimSiam’s

architecture, we follow exactly the same training settings as in origin SimSiam to

train the RegionCL model RegionCL-S. Specifically, a total batch size of 512 is

employed during the pretraining process. The SGD optimizer with learning rate

0.1, weight decay 1e-4, and momentum 0.9 is adopted to train the model. The data

augmentation strategy is the same as the in MoCov2 [26] and DenseCL [178], i.e.,

the input images are first randomly cropped and resized to 224 × 224 by remaining

20% → 100% regions, which is followed by color jitter with a probability of 0.8,

grayscale with a probability of 0.2, Gaussian blur with a probability of 0.5, and

random horizontal flips. The models are trained for 100 epochs with cosine learning

rate scheduler.

• Architecture settings. There is no modification on the model’s architectures settings

comparing the SimSiam and RegionCL-S. The projection head follows average

pooling or mask pooling and has 3 layers to project the features, which takes the

form of Linear(2048, 2048) → BN(2048) → ReLU → Linear(2048, 2048) →

BN(2048) → ReLU → Linear(2048, 2048) → BN(2048). The predictor head
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has 2 layers to further process the features and align them with the features extracted

from the key views. The structure of the predictor head is Linear(2048, 512) →

BN(512) → ReLU → Linear(512, 2048). These structures are the same as the

original settings in SimSiam.



CHAPTER 4

ViTPose++: Vision Transformer for Generic Body Pose Estimation

4.1 Introduction

With these pre-trained models, it is essential to evaluate their performance on downstream

vision tasks. This chapter will focus on the Body keypoint detection (a.k.a. body pose estima-

tion of human, animal, etc.) task, which is one of the fundamental tasks in computer vision

and has a wide range of real-world applications [216, 101, 87]. As a representative example,

human pose estimation aims to localize human anatomical keypoints and is challenging due

to the variations of occlusion, truncation, scales, and human appearances. To deal with these

challenges, there has been rapid progress in deep learning-based methods [165, 184, 137, 225],

which are typically built upon convolutional neural networks (CNN).

Recently, vision transformers [45, 109, 16, 152] have shown great potential in many computer

vision tasks. Inspired by their success, different vision transformer structures have been

explored for human pose estimation. Most of them adopt CNN as the backbone and then use a

transformer of elaborate structures to refine the extracted features and model the relationship

between the body keypoints. For example, PRTR [90] incorporates both transformer encoders

and decoders to gradually refine the locations of the estimated keypoints in a cascade manner.

TokenPose [94] and TransPose [201], instead, adopt an encoder-only transformer structure

to further process the features extracted by the CNN backbone. Inspired by the success of

anchor-based methods in detection [16], a query-based decoder is adopted in Poseur [112]

with noisy augmentations. On the other hand, HRFormer [211] employs the transformer to

directly extract features and introduce high-resolution representations via multi-resolution

parallel transformer modules. These methods have obtained superior performance on human
67
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FIGURE 4.1. Comparison of ViTPose and SOTA methods on the MS COCO
val set regarding model size, throughput, and accuracy. The size of each bubble
represents the number of model parameters.

pose estimation. However, they either need an extra CNN backbone for feature extraction or

adopt transformer structures specially designed for pose estimation. Besides, most of them
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favor body pose estimation only on a single type, i.e., human, while ignoring the potential

of transformers in modeling the correlations between different types of body keypoints (e.g.,

human and animal), which is essential for developing a foundation model for generic body

keypoint detection. This motivates us to think from a different direction, how well can plain

vision transformers do for body pose estimation towards a foundation model?

To find the answer to this question, we propose a simple baseline model dubbed ViTPose and

demonstrate the potential of simple plain vision transformers for human pose estimation in

both the top-down and bottom-up manner. Then, a novel ViTPose++ model is proposed to

deal with multiple types of body keypoint detection via knowledge factorization. Specifically,

ViTPose employs a plain and non-hierarchical vision transformer [45] as the backbone to

extract features for an input person instance or image, determined by the adopted pose

estimation paradigm, i.e., either the top-down paradigm or the bottom-up paradigm. The

backbone is pre-trained with masked image modeling pretext tasks, e.g., MAE [57], to provide

a good initialization. Then, a lightweight decoder, which is composed of two deconvolution

layers and one prediction layer, further processes the extracted features by up-sampling and

regression to get the heatmaps of different keypoints. It is noteworthy that the associate

maps are also regressed together with the heatmaps for the bottom-up paradigm. Despite no

elaborate task-specific designs, ViTPose achieves a state-of-the-art (SOTA) performance of

80.9 AP on the challenging MS COCO test-dev set for human keypoint detection. ViTPose++

adopts the idea of the mixture of experts (MoE) in the backbone networks to factorize the

knowledge between different types of body keypoints1, considering that different body pose

estimation tasks may share common knowledge of body keypoints while also requiring task-

specific knowledge. In detail, ViTPose++ decomposes the feed-forward networks (FFN) into

shared and task-specific parts to encode the common and task-specific features, respectively.

In this way, ViTPose++ effectively addresses the task conflict issue and thus achieves better

performance on each task than the single-task and naive multi-task learning methods. It also

sets new SOTA on four challenging benchmarks, including MS COCO [100], OCHuman [101],

MPII [4], and AP-10K [206]. Besides, ViTPose++ retains the inference speed as ViTPose

since no more parameters and computations are introduced for each task.

1We treat each type of body keypoint detection as an individual task.
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aBesides the superior performance, we also show the surprisingly good properties of ViTPose

from various aspects, namely simplicity, scalability, flexibility, and transferability. 1) For

simplicity, thanks to the strong feature representation ability of vision transformers, the

ViTPose pipeline can be extremely simple. For example, it does not require any specific

domain knowledge to design the backbone encoder and enjoys a plain and non-hierarchical

encoder structure by simply stacking several transformer layers. The decoder can be further

simplified to a single bilinear up-sampling layer followed by a common convolutional pre-

diction layer with a negligible performance drop. This structural simplicity makes ViTPose

enjoy better computational parallelism so that it reaches a new Pareto front for inference

speed and performance, as shown in Fig. 4.1. 2) In addition, the simplicity in structure

brings the excellent scalability of ViTPose, which can benefit from the rapid development of

scalable pre-trained vision transformers. Specifically, one can easily control the model size

by stacking different numbers of transformer layers and setting different feature dimensions

(e.g., using ViT-S, ViT-B, ViT-L, or ViT-H) to balance the inference speed and performance

for various deployment requirements. 3) Furthermore, we demonstrate that ViTPose is very

flexible in the training paradigm. It can adapt well to higher input and feature resolutions

with minor modifications and deliver better pose estimation results. In addition, ViTPose

can obtain competitive performance even if it is pre-trained using smaller unlabelled datasets

or fine-tuned with the attention modules frozen at a lower training cost. 4) Last but not

least, we show that the performance of small ViTPose models can be easily improved by

transferring the knowledge from large ViTPose models through an extra learnable knowledge

token, demonstrating a good transferability of ViTPose.

In summary, the main contribution of this paper is threefold. 1) We propose simple yet

effective baseline models named ViTPose for human pose estimation and ViTPose++ for

generic body keypoint detection. It obtains SOTA performance on representative benchmarks

without elaborate designs for the backbone and pipeline. 2) The simple ViTPose model

demonstrates to have surprisingly good properties, including structural simplicity, model size

scalability, training paradigm flexibility, and knowledge transferability. These properties can

shed light on the future development of vision transformer-based methods in the field of pose

estimation. 3) Comprehensive experiments on challenging public benchmarks are conducted
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to evaluate and analyze the performance of ViTPose and ViTPose++, which set new SOTA

on the benchmarks for different body keypoint detection tasks, making a solid step towards

developing a foundation model for generic (body) keypoint detection.

4.2 Related Work

4.2.1 Representative pose estimation methods

4.2.1.1 Top-down methods

Pose estimation has undergone rapid development, transitioning from CNN-based approaches [184,

138] to the utilization of vision transformers [45, 211, 217]. The majority of existing meth-

ods concentrate on estimating poses from provided human instances, following a top-down

pipeline. Notably, G-MRI [126] introduced Faster-RCNN for generating bounding boxes and

proposed a combined regression and classification task for keypoint estimation. RMPE [48]

further employed a spatial transformer network to rectify noise in detected bounding boxes

and facilitate subsequent pose estimation. To achieve accurate keypoint localization, some

approaches employed high-resolution features in CNN networks through techniques such

as skip feature concatenation [119] or highway structures [154]. CPN [30] introduced a

two-stage network to refine estimated keypoints using hierarchical features. Other meth-

ods like OKDHP [96] leveraged multiple-branch networks and dynamic fusion strategies

to utilize multi-scale information effectively. AlphaPose [47] improved performance by

leveraging a symmetric keypoint localization technique. In contrast, SimpleBaseline [184]

directly recovered high-resolution features with decoders. As vision transformers have demon-

strated superior performance across various vision tasks [118, 92], some approaches explored

the use of transformers as decoders after the CNN backbone [90, 94, 201]. For instance,

TransPose [201] processed features extracted by CNN to model global relationships, while

TokenPose [94] introduced token-based representations and extra tokens to estimate the

locations of occluded keypoints and model the relationship among keypoints. Poseur [112]

explored an anchor-based strategy with noise augmentation using transformer decoders. These
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transformer-based pose estimation methods have achieved superior performance on popular

human pose estimation benchmarks. However, these methods still rely on CNN backbones

for feature extraction. In contrast, HRFormer [211] utilized transformers to directly extract

high-resolution features. It incorporated a parallel transformer module to gradually fuse

multi-resolution features and achieved outstanding performance. Nevertheless, the extent to

which attention mechanisms contribute to pose estimation remains unclear and few efforts

have explored the potential of plain vision transformers for pose estimation. In this paper, we

fill this gap by proposing a simple yet effective baseline model dubbed ViTPose based on the

plain vision transformers.

4.2.1.2 Bottom-up methods

In contrast to top-down methods that operate on individual human instances, bottom-up meth-

ods directly localize the keypoints of all humans present in the input images. DeepCut [133]

and DeeperCut [71] employ regression to estimate all keypoints and subsequently group them

into separate individuals. OpenPose [15] adopts a two-branch network, with one branch ded-

icated to keypoint estimation and the other to grouping. Associate embedding [117] simplifies

the bottom-up pipeline by jointly estimating keypoint locations and associating them within

the same network. Pifpaf [78] employs a Part Intensity Field and a Part Association Field to

regress and associate body keypoints for all humans. SPM [121] simplifies the pipeline by

directly predicting the root joint for each human and the displacement between the root joint

and other keypoints based on a structured pose representation. To enhance the performance

of bottom-up methods, HigherHRNet [31] introduces multi-stage supervision. In contrast,

we embark on the pioneering exploration of plain vision transformers for bottom-up pose

estimation, which shows promising performance.

4.2.2 Vision transformer pre-training

Inspired by the success of ViT [45], many different vision transformers [109, 196, 176, 229,

175, 217, 173, 218] have been proposed, which are typically pre-trained on the ImageNet [40]

dataset at the fully supervised setting. However, the fully-supervised learning paradigm needs
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a large scale of labeled data, which is expensive. Besides, such pre-trained models may not

generalize well on the tasks with a very different data distribution as ImageNet. To provide

a better initialization for the vision transformers, self-supervised pre-training methods have

been proposed, either in the contrastive way [29, 197] or the generative way [57, 6]. A typical

example is MAE [57] that adopts a masked image modeling (MIM) pretext task inspired

by the success of masked language modeling pretext tasks in natural language processing.

Surprisingly, MIM pre-trained models on ImageNet without using the labels demonstrate

better generalization performance on image classification and downstream tasks. In this paper,

we focus on pose estimation tasks and adopt plain vision transformers with MIM pre-training

as backbones. Besides, we explore whether or not using ImageNet for pre-training is necessary

for pose estimation tasks. Surprisingly, using smaller unlabelled pose datasets for pre-training

can also provide a good initialization.

4.2.3 Foundation models

Foundation model [10], with the aim to deal with diverse real-world problems with a unified

model, has received increasing attention recently. Owing to their strong representation

and scalability abilities, vision transformers have become popular in building foundation

models and leveraging massive data from multiple modalities for training. For example,

Florence [210] employs different adapter networks on the pre-trained backbones to handle

many tasks, including classification, detection, and segmentation. Encoder-decoder structures

are adopted in [3] to solve multi-modality tasks via a novel Perceiver module. To further

enhance the representation ability of backbone networks, MoE [146] is adopted by allowing

the network to ensemble the outputs from different sub-networks without introducing too

much extra computational costs. Typically, each MoE layer contains a gate layer to determine

the appropriate expert to use and fuse the outputs of the selected experts in a weighted

sum manner, e.g., UniPerceiver-MoE [231] adopts MoE-based attention layers and FFN

layers to construct the networks. In this paper, we aim to explore the potential of plain vision

transformers for generic body keypoint detection. We propose ViTPose++, which decomposes

the FFN layers into task-agnostic and task-specific experts to handle different types of body
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pose estimation tasks simultaneously. Without extra parameters and computations, ViTPose++

outperforms ViTPose trained in either a single-task or multi-task manner and sets new SOTA

on challenging public benchmarks.
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FIGURE 4.2. (a) The diagram of the proposed ViTPose model. (b) The
transformer block. (c) The classic decoder in the top-down paradigm. (d) The
multi-task decoder used to deal with multiple datasets. (e) The decoder in the
bottom-up paradigm.

4.2.4 Comparison to the conference version

A preliminary version of this paper is presented in [195]. This paper extends the previous

study with three major improvements. 1) We explore more model sizes of ViTPose to thor-

oughly compare with representative models from many aspects, i.e., number of parameters,

inference speed, input resolution, and performance. For example, the ViTPose-S model with

24M parameters obtains 73.8 AP with 1,432 fps on MS COCO, which is better than ResNet-

50 [184] (71.8 AP, 1,351 fps) and ResNet-152 [184] (73.5 AP, 829 fps) and comparable

with the frontier transformer-based model HRFormer-S [211] (73.8 AP, 269 fps) but with a

much faster speed. As demonstrated in Fig. 4.1, different ViTPose variants from the small to

large model sizes set a new Pareto front for throughput and performance, demonstrating the

superiority of plain vision transformers for human pose estimation. 2) We extend ViTPose

to the bottom-up paradigm from the top-down paradigm by directly predicting the keypoint
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locations and their associations. The experimental results on the MS COCO dataset again

demonstrate the potential and flexibility of vision transformers, i.e., plain vision transformers

can perform well for human pose estimation in both top-down and bottom-up manners. 3) A

novel model dubbed ViTPose++ is further proposed to deal with multiple types of body pose

estimation tasks via knowledge factorization. It obtains better performance than previous rep-

resentative methods on public challenging datasets, i.e., MS COCO [100], OCHuman [222],

MPII [4], AI Challenger (AIC) [182], COCO-Wholebody (COCO-W) [73], AP-10K [206],

and APT-36K [202], for various types of body keypoint detection, making the first attempt

towards developing a foundation model for generic (body) keypoint detection. Besides, more

experiment results, ablation studies, and analyses are presented. We also provide some visual

results to demonstrate the promising performance of ViTPose++.

4.3 ViTPose

As shown in Fig. 4.2, ViTPose employs a plain vision transformer for feature extraction

and is compatible with different decoders for keypoint estimation, e.g., using classic (c) or

simple (d) decoder in top-down keypoint estimation and associate embedding layer (e) in a

bottom-up manner. Different properties of ViTPose are illustrated, i.e., simplicity, scalability,

flexibility, and transferability. By exploiting these properties, a novel ViTPose++ model is

further proposed and obtains SOTA performance on various pose estimation datasets. The

details will be described below.

4.3.1 The simplicity of ViTPose

The goal of this paper is to provide a simple yet effective vision transformer baseline for

body pose estimation tasks and explore the potential of plain and non-hierarchical vision

transformers [45]. Thus, we keep the structure as simple as possible and try to avoid fancy

but complex modules, even though they may improve performance. To this end, we simply

append several decoder layers after the transformer backbone to regress the heatmaps of

keypoints, as shown in Fig. 4.2(a). Specifically, given a person instance image X ∈ RH×W×3,
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FIGURE 4.3. (a) Classic decoder (Fig. 4.2(c)) with a frozen predictor. (b)
Simple decoder. (c) Minimal decoder.

it is first embedded into tokens via a patch embedding layer, i.e., F ∈ RH
d
×W

d
×C , where H

and W are the height and width of the input image, respectively, d (e.g., 16 by default) is the

down-sampling ratio of the patch embedding layer, and C is the channel dimension. Then, the

tokens are processed by several transformer layers, each of which is consisted of a multi-head

self-attention (MHSA) layer and an FFN, i.e.,

F
′

i+1 = Fi +MHSA(LN(Fi)),

Fi+1 = F
′

i+1 + FFN(LN(F
′

i+1)),
(4.1)

where Fi denotes the output of the ith transformer layer and we use F0 = PatchEmbed(X)

to denote the features after the patch embedding layer. It should be noted that the spatial and

channel dimensions are constant for each transformer layer. We denote the output feature of

the backbone network as Fout ∈ RH
d
×W

d
×C .

We adopt different decoder designs to process the features extracted from the backbone

network and regress the heatmaps, i.e., the classic decoder, the simple decoder, and the

minimal decoder, as shown in Fig. 4.2(c) and Fig. 4.3. The classic decoder is composed

of two deconvolution blocks, each containing one deconvolution layer followed by batch

normalization [72] and ReLU [2]. Following the common settings in previous methods [184,

215], each deconvolution blocks first up-samples the feature maps by a factor of 2. Then, an
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1× 1 convolution prediction layer is used to regress the heatmaps, i.e.,

K = Conv1×1(Deconv(Deconv(Fout))), (4.2)

where K ∈ RH
4
×W

4
×Nk denotes the heatmaps of keypoints and Nk is the number of keypoints,

e.g., 17 for the MS COCO dataset.

In addition to the classic decoder, we propose three simplified designs: classic-FP, simple

decoder, and minimal decoder, to leverage the strong representation capabilities of the vision

transformer backbone. Classic-FP retains the same structure as the classic decoder but with a

randomly initialized and frozen predictor layer. For the simple decoder as shown in Fig. 4.3(b),

the feature maps extracted by the backbone are upsampled by a factor of 4 using bilinear

interpolation and then fed into a ReLU activation function and a 3× 3 convolutional layer to

predict the heatmaps, i.e.,

K = Conv3×3(Bilinear(ReLU(Fout))). (4.3)

The minimal decoder is the most simple design, which utilizes only a single linear projection

layer for heatmap prediction, i.e.,

K ′ = Conv1×1(Fout) ∈ R
H
16

×W
16

×(16Nk),

K = PixelUnshuffle(K ′) ∈ R
H
4
×W

4
×Nk ,

(4.4)

where PixelUnshuffle [148] refers to the efficient operator that restores the spatial dimensions

of the heatmap by reshaping it from the channel dimension to the spatial dimension. This

design choice allows for a focused investigation into the representation capability of vision

transformers in pose estimation

4.3.2 The scalability of ViTPose

While small-scale CNN-based models have shown promising results, they often face chal-

lenges when scaling up due to the overfitting problem caused by a strong inductive bias, as

discussed in [164]. One intriguing characteristic of vision transformers is their improved
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performance as the model size increases [45]. However, it remains under-explored whether

this scalability holds true for specific downstream tasks such as pose estimation. Based on

ViTPose, we can easily control its model size by adjusting the number of stacked transformer

layers and feature dimensions. This allows us to develop different sizes of models and fully

exploit the benefits of pre-trained plain vision transformers. Specifically, we use the vision

transformers of different model sizes as the backbone, i.e., ViT-B, ViT-L, ViT-H [45], and

ViTAE-G [217], which are MIM pre-trained on ImageNet, and fine-tune them on the MS

COCO dataset to investigate the scalability of ViTPose. For ViT-H and ViTAE-G, which use

patch embedding with size 14× 14 during pre-training, we use zero padding to reformulate a

patch embedding with size 16× 16 for the same fine-tuning setting with ViT-B and ViT-L. As

shown in Fig. 4.1, ViTPose delivers continuing performance gains with the increased model

size.

4.3.3 The flexibility of ViTPose

Pre-training data. Pre-training the backbone networks on ImageNet [40] has been a de facto

routine for a good initialization of network parameters. However, this approach necessitates

the use of large amounts of additional data beyond the pose data, thereby imposing higher

requirements, particularly for vision transformers employed in pose estimation tasks. This

motivates us to investigate whether it is possible to alleviate the data requirements for vision

transformers by exclusively utilizing pose data throughout the entire training phase. To

answer this question, apart from the default setting of ImageNet [40] pre-training, we also

use MAE pre-training on MS COCO [100] and a combination of MS COCO and AIC [182],

respectively, by random masking 75% patches from the images and reconstructing those

masked patches. Then, we use the pre-trained weights to initialize the backbone of ViTPose

and fine-tune it on the MS COCO dataset. Surprisingly, although the volume of the pose data

is much smaller than ImageNet, ViTPose trained only with pose data can obtain competitive

performance, demonstrating its flexibility regarding the pre-training data.

Resolution of images and features. We vary the input image size and down-sampling ratios

d of ViTPose to evaluate its flexibility regarding the input and feature resolution. Specifically,
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to adapt ViTPose to input images at a higher resolution, we simply resize the input images

and train the model on them accordingly. Besides, to adapt the model to lower down-sampling

ratios, i.e., higher resolution of feature maps, we simply change the stride of the patch

embedding layer to partition tokens with overlap while keeping the size of each patch. We

show that the performance of ViTPose increases consistently regarding either higher input

resolution or higher feature resolution.

Attention type. Using full attention on high-resolution feature maps will cause a huge

memory footprint and computational cost due to the quadratic computational complexity

of vanilla self-attention. Window-based attention with relative position embedding [92, 93]

have been explored to address this issue and can be used to deal with high-resolution feature

maps. However, simply using window-based attention for all transformer blocks degrades

the performance due to the lack of global context modeling ability. To address the problem,

we adopt two techniques. i.e., 1) Shift window: Instead of using fixed windows for attention

calculation, we use the shifted window mechanism [109] to help broadcast the information

between adjacent windows. 2) Pooling window: Apart from the shifted window, we try

another solution via pooling. Specifically, we first extract the global token for each window

by average pooling all the tokens in the window. The global tokens from all windows are

then appended to the tokens in each window to serve as key and value tokens for attention

calculation, thus enabling cross-window information exchange. In addition, we further show

that the two techniques are complementary and can work together to improve performance

and reduce memory footprint without introducing extra parameters.

Fine-tuning strategy. As demonstrated in NLP fields [104, 3], pre-trained transformer models

can generalize well to other tasks by only tuning partial parameters. To investigate whether it

still holds for vision transformers, we fine-tune ViTPose on MS COCO with all parameters

unfrozen, MHSA frozen, and FFN frozen, respectively. We empirically demonstrate that with

the MHSA frozen, ViTPose obtains comparable performance to the fully fine-tuning setting

while using less memory footprint.

Keypoint detection paradigm. Although some works [211, 94, 112] have explored vision

transformers for body keypoint detection in the top-down paradigm, it still needs to be
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determined how well the vision transformers, especially the plain vision transformers, can

perform in the bottom-up paradigm. To this end, we thoroughly explore the potential of

plain vision transformers in both top-down and bottom-up paradigms. Technically, in the top-

down paradigm, the individual human instance is fed into the backbone network for feature

extraction. In contrast, the whole image with several human instances is used as input to the

backbone network in the bottom-up paradigm. The associate embedding technique [117] is

adopted to predict the keypoints and tag vectors based on the extracted features. Instead of

using 1/16 feature resolution and vanilla self-attention in the top-down paradigm, we adopt

1/8 feature resolution and window-based attention in the bottom-up paradigm. The decoder of

HigherHRNet [31] is adopted with an extra up-sample layer as shown in Fig. 4.2 (d), i.e.,

K = AE(Deconv(Fout)), (4.5)

where AE represents the associate embedding layer used to predict the tag vectors and the

keypoint locations.

4.3.4 The transferability of ViTPose

One common method to improve the performance of small models is to transfer the know-

ledge from larger ones, i.e., knowledge distillation [66, 50]. Some interesting distillation

methods [96] have been developed to enhance the performance of small-scale models in

pose estimation tasks. In our study, we show that even a very simple distillation method can

effectively improve the performance of ViTPose. Specifically, given a teacher network T and

a student network S, a simple distillation method is to add an output distillation loss Lod
t→s to

force the student network’s output imitating the teacher network’s output, e.g.,

Lod
t→s = MSE(Ks, Kt), (4.6)

where Ks and Kt are the outputs (e.g., heatmaps) from the student and teacher network given

the same input.

Transformers exhibit a distinct property of flexibility in handling inputs of various sizes.

For instance, it has been shown that attaching several learnable prompt tokens to the inputs
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can improve transformers’ performance on specific tasks [106]. These learnable tokens

effectively capture task-related information from the training data, aiding in the optimization

of transformers. Motivated by this observation, we propose a simple token-based distillation

method to bridge the gap between large and small models. It complements the heatmap-based

distillation methods and further enhances the performance of the models. Specifically, we

randomly initialize an extra learnable knowledge token t and append it to the visual tokens

after the patch embedding layer of the teacher model. Then, we freeze the well-trained teacher

model and only update the knowledge token, i.e.,

t∗ = argmin
t

(MSE(T ({t;X}), Kgt), (4.7)

where Kgt is the ground truth heatmaps, X is the input images, T ({t;X}) denotes the

predictions of the teacher, and t∗ represents the optimal token that minimizes the loss. Then,

the knowledge token t∗ is frozen and concatenated with the visual tokens in the student

network during training, thus transferring the knowledge from teacher to student. The loss for

the student network is:

Ltd
t→s = MSE(S({t∗;X}), Kgt), (4.8)

Ltod
t→s = MSE(S({t∗;X}), Kt) + MSE(S({t∗;X}), Kgt), (4.9)

where Ltd
t→s and Ltod

t→s denote the token distillation loss and its combination with the output

distillation loss, respectively.

4.3.5 ViTPose++

A basic requirement for generic body keypoint detection should be able to deal with different

body pose estimation tasks after training on multiple datasets with heterogeneous categories

of body keypoint annotations. One critical challenge is how to deal with the differences

of body keypoints in different pose estimation tasks, e.g., the same keypoint (e.g., nose)

of humans and animals with distinct appearances, and the different categories of keypoints

in COCO-W [73] which are absent in MS COCO [100] and MPII [4]. Moreover, the data

distribution of different species is also different, e.g., the human head is always above the

shoulder, while the cow’s head is always to the left or right of the shoulder.
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FIGURE 4.4. The structure of FFN in the proposed ViTPose++ model. T is
the number of tasks processed by the model.

A naive solution is to train a ViTPose model by multi-task learning, i.e., using a shared

backbone and different decoders, each of which is responsible for a specific type of pose

estimation task. However, there may be conflicts between different tasks [103], affecting

learning performance. In this paper, we propose a novel model dubbed ViTPose++ to address

the challenge from the perspective of knowledge factorization. Specifically, since MHSA

layers are not sensitive to pose estimation tasks (as evidenced by the experiment results of

fine-tuning strategy in Section 4.4.3), we adopt the idea of MoE [146], i.e., splitting FFN

layers into a task-agnostic expert and multiple task-specific experts to encode the common

and task-specific knowledge for pose estimation, respectively. Similar to the aforementioned

naive multi-task learning method, we use a task-specific decoder for each type of body pose

estimation task. Technically, we take one transformer block as an example to illustrate the

proposed ViTPose++. As shown in Fig. 4.4, given the output feature F attn of MHSA, it is

processed by the first linear layer of FFN, which is shared by the MoE, i.e.,

F FFN = ReLU(Linear(F attn)). (4.10)

Then, the output feature F FFN ∈ RN×γC is fed into separate linear layers (i.e., task-agnostic

expert and task-specific expert), where N represents the number of tokens and γ is the

expansion ratio of FFN, which is set to 4 by default. The two kinds of experts project F FFN
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to F shared and F specific with a channel dimension of (1− α)C and αC, respectively, i.e.,

F shared = Linear
γC→(1−α)C
shared (F FFN),

F specific = LinearγC→αC
specific (F

FFN),
(4.11)

where α is the partition ratio used to balance the shared and task-specific experts and is set

to 0.25 by default. Note that the parameters of the shared expert are trained using all the

data, while the parameters of the task-specific expert are trained only using the data for the

corresponding task. Then, F shared and F specific are concatenated along the channel dimension

to form the output of the transformer block. Given an input image from the training set for a

specific pose estimation task, after getting the encoded feature from the transformer backbone

described above, it is fed into the corresponding decoder to regress the heatmaps.

During inference for each type of pose estimation task, the shared and task-specific linear

layers are merged into a single layer for parallel computation. In this way, ViTPose++ brings

no extra parameters and computational costs compared with the ViTPose model while being

able to serve as a foundation model for generic body pose estimation.

TABLE 4.1. Hyper-parameter settings for training ViTPose on the MS COCO
dataset and the multiple datasets. The hyper-parameters before and after the
slash are for ViTPose and ViTPose++, respectively.

Model Bz Lr Wd Lrd Dpr
ViTPose-S/ViTPose++-S 512/1024 5e-4/1e-3 0.1 0.80 0.10
ViTPose-B/ViTPose++-B 512/1024 5e-4/1e-3 0.1 0.75 0.30
ViTPose-L/ViTPose++-L 512/1024 5e-4/1e-3 0.1 0.80 0.50
ViTPose-H/ViTPose++-H 512/1024 5e-4/1e-3 0.1 0.80 0.55

ViTPose-G 512 5e-4 0.1 0.85 0.55

4.4 Experiments

4.4.1 Datasets and evaluation metrics

Datasets. We adopt the MS COCO dataset to evaluate the performance of ViTPose and

use several different pose estimation datasets to evaluate the proposed ViTPose++, e.g.,

MS COCO [100], AIC [182], and MPII [4] for human pose estimation, COCO-W [73] for
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all body keypoint detection including those of face, hands, and feet, AP-10K [206] and

APT-36K [202] for animal pose estimation. Interhand2.6M [115] is also used to evaluate

our models’ data efficiency in transfer learning. OCHuman [222] dataset is only used for

evaluation to measure the performance of different models in dealing with occluded persons.

Specifically, MS COCO contains 118K images and 150K human instances with at most 17

keypoint annotations for each instance. The dataset is under the CC-BY-4.0 license. COCO-

W adopts the images from the MS COCO dataset but provides additional annotations on the

face, feet, and hands of each person instance, resulting in at most 133 keypoints for each

instance. MPII is under the BSD license and contains 25K images and over 40K human

instances. There are at most 16 human keypoints for each instance annotated in this dataset.

AIC is much bigger than other datasets and contains over 200K training images and 350

human instances, with at most 14 keypoints for each annotated instance, including shoulder,

elbow, wrist, hip, knee, ankle, and head. OCHuman contains human instances with heavy

occlusions and is only used for evaluation. It consists of 4K images and 8K instances. AP-10K

dataset follows the CC-BY-4.0 license and is used for animal pose estimation. It contains 10K

images with 54 different animal categories. Similarly, APT-36K dataset contains 36K images

belonging to 30 different animal categories. 17 different keypoints are annotated in AP-10K

and APT-36K datasets for each animal instance. Interhand2.6M contains 2.6M labeled hand

frames generated from different subjects with both 2D and 3D annotations. We focus on 2D

hand pose estimation temporally and leave 3D pose estimation [149] as our future work.

Metrics. We adopt the average precision (AP) as the primary evaluation metric on most

of the datasets, including COCO [100], AIC [182], COCO-W [73], OCHuman [222], and

AP-10K [206], AP-36K [202]. It is calculated by evaluating the object keypoint similarity

(OKS) using different thresholds from 0.5 to 0.95 [100]. A loose metric AP50 and a strict

metric AP75 are also utilized by setting the threshold to 0.5 and 0.75, respectively. PCKh

is adopted as the evaluation metric on the MPII [4] dataset following the common practice,

which evaluates the accuracy of each keypoint with a matching threshold related to the head

segment length.
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TABLE 4.2. Ablation study of the backbone and decoder in ViTPose on the
MS COCO val set.

Backbone ResNet-50 ResNet-152 ViTPose-S ViTPose-B ViTPose-L ViTPose-H
Decoder ClassicSimpleClassicSimpleClassicSimpleClassicSimpleClassicSimpleClassicSimple
AP 71.8 53.1 73.5 55.3 73.8 73.5 75.8 75.5 78.3 78.2 79.1 78.9
AP50 89.8 86.9 90.5 87.9 90.1 90.0 90.7 90.6 91.4 91.4 91.7 91.6
AR 77.3 62.0 79.0 63.8 79.2 78.9 81.1 80.9 83.5 83.4 84.1 84.0
AR50 93.7 92.1 94.3 92.9 94.0 94.0 94.6 94.6 95.3 95.3 95.4 95.4

TABLE 4.3. Ablation study of the decoder in ViTPose on the MS COCO val
set. Classic-FP denotes using a randomly initialized and fixed predictor within
the Classic decoder (Fig. 4.3).

Classic Classic-FP Simple Minimal
AP 75.8 75.6 75.5 75.4
AP50 90.7 90.5 90.6 90.6
AR 81.1 80.9 80.9 80.7
AR50 94.6 94.3 94.6 94.5

TABLE 4.4. The performance of ViTPose-B using different pre-training data
on the MS COCO val set .

Pre-training Dataset Dataset Volume AP AP50 AP75

ImageNet-1k 1M 75.8 90.7 83.2
COCO (cropping) 150K 74.5 90.5 81.9

COCO+AIC (cropping) 500K 75.8 90.8 83.0
COCO+AIC (no cropping) 300K 75.8 90.5 83.0

4.4.2 Implementation details

ViTPose. In the top-down paradigm, ViTPose follows the standard top-down setting for

human pose estimation, i.e., a person detector is used to detect person instances and ViTPose

is employed to estimate the keypoints for each of the detected instances. The detection

results from SimpleBaseline [184] are utilized to evaluate ViTPose’s performance on the MS

COCO Keypoint val set. We use ViT-S, ViT-B, ViT-L, ViT-H [45], and ViTAE-G [217] as the

backbone networks and denote the corresponding models as ViTPose-S, ViTPose-B, ViTPose-

L, ViTPose-H, and ViTPose-G, respectively. The backbones are initialized with MAE [57]

pre-trained weights, and the models are trained on 8 A100 GPUs based on the MMPose

codebase [34]. We make no modifications on the backbone networks’ structure since we do

not want to introduce extra bias during the training. The default training setting in MMPose

is adopted for training the ViTPose models, i.e., we use the 256× 192 input resolution and an
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AdamW [139] optimizer with a learning rate of 5e-4. We generate the human-centric images

using the groundtruth bounding boxes in the annotations, with random shifts and scaling as

augmentations. Udp [69] is used for post-processing. The models are trained for 210 epochs,

and the learning rate is reduced by multiplying 0.1 at the 170th and 200th epoch, respectively.

We sweep each model’s layer-wise learning rate decay and stochastic drop path ratio and

provide the optimal settings in Table 4.1. In the Bottom-up paradigm, we use the whole

image as input and resize it to 512× 512 during training, following the common practice in

HigherHRNet [31]. The models are trained for 300 epochs with an initial learning rate of

1.5e-3. An AdamW [139] optimizer is adopted during training. The learning rate is reduced

by a factor of 10 at the 200th and 260th epoch, respectively.

ViTPose++. We also use ViT-S, ViT-B, ViT-L, and ViT-H [45] as the backbone networks

and denote the corresponding models as ViTPose++-S, ViTPose++-B, ViTPose++-L, and

ViTPose++-H, respectively. The backbones are initialized with MAE [57] pre-trained weights

and the models are trained on 8 A100 GPUs based on the MMPose codebase [34]. The

models are trained with the AdamW optimizer [139] for 210 epochs. A linear warmup of 500

iterations is also incorporated during training. The learning rate is reduced by multiplying 0.1

at the 170th and 200th epoch, respectively. We randomly sample 1,024 images from all the

used training datasets to construct each mini-batch.

4.4.3 Ablation studies of ViTPose and analysis

The structural simplicity and scalability. We train ViTPose with the classic decoder and

simple decoder as described in Section 4.3.1, respectively. We also train SimpleBaseline [184]

with the ResNet [61] backbones using the two kinds of decoders for reference. Table 4.2

shows the results. It can be observed that using the simple decoder in SimpleBaseline can lead

to about 18 AP drops for both ResNet-50 and ResNet-152. However, ViTPose with a plain

vision transformer as the backbone and the simple decoder performs well, i.e., only marginal

performance drops less than 0.3 AP are observed for either small or large ViTPose models. It

indicates that the feature representation extracted by CNN is far from satisfactory, no matter

for the small-scale model ResNet-50 or large scale model ResNet-152. Such failure may be
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caused by the limited reception field of convolution neural networks, while the transformer-

based models can obtain better performance by jointly modeling the short- and long-range

dependency. Such a good property can help the model better deal with occlusion and simplify

the requirement for the decoder design, as discussed in the following part. For the AP50 and

AR50 metrics, ViTPose obtains similar great performance regarding both decoders, further

showing that the plain vision transformer has a strong representation ability to encode the

linearly separable features and can thus relieve the necessity of complex decoders. Such a

good feature extraction ability can also aid the network in scaling, i.e., it can also be concluded

from the table that the performance of ViTPose improves consistently with the increase of the

model size.

The influence of simpler decoders. To further investigate the representation capabilities

of vision transformer backbones, we incorporate three simplified decoder designs, namely

classic-FP, simple, and minimal decoders, into the ViTPose framework. The performance of

the ViTPose with these simplified decoder designs is summarized in Table 4.3. Surprisingly,

even with the frozen projection layer in the classic-FP or the minimal decoder, ViTPose

still achieves an impressive performance of over 75.4 AP. It suggests that a linear layer is

enough to act as the task-specific module for pose estimation, demonstrating the excellent

representation capability of vision transformers in learning linearly separable features from

complex visual data. This emphasizes the notion that fundamentals speak simply.

The influence of pre-training data. To evaluate whether or not ImageNet data are necessary

for pose estimation tasks, we pre-train the transformer backbone on different datasets, i.e.,

ImageNet-1k [40], MS COCO [100], and a combination of MS COCO and AIC [182],

respectively. Since images in the ImageNet-1k dataset are iconic, we also try to crop the

person instances from the MS COCO and AIC training set to form new training data for

pre-training. The models are pre-trained for 1,600 epochs on the three datasets, respectively,

and then fine-tuned on the MS COCO dataset with pose annotations for 210 epochs. The

results are summarized in Table 4.4. It can be seen that with the combination of MS COCO

and AIC data for pre-training, ViTPose achieves comparable performance compared with

that using ImageNet-1k, while the dataset volume is only half of the ImageNet-1k. It implies
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that pre-training on the data from downstream tasks has better data efficiency, validating the

flexibility of ViTPose in choosing pre-training data. Nevertheless, the AP decreases by 1.3 if

only MS COCO data are used for pre-training. It may be caused by the limited volume of the

MS COCO dataset, i.e., the number of instances in MS COCO is on 1/3 of the combination of

MS COCO and AIC. Besides, there is no obvious benefit of using cropping on the pre-training

images by comparing the results in the last two rows, although the larger dataset volume after

cropping means a higher training cost. These results further validate that ViTPose has better

data efficiency in the pre-training stage when the data come from the same type of tasks as

the fine-tuning stage.

TABLE 4.5. The performance of ViTPose-B using different pre-training meth-
ods on the MS COCO val set.

Random DeiT [167] MoCov3 [29] MAE [57]
AP 72.8 72.7 72.1 75.8

TABLE 4.6. The performance of ViTPose-B regarding different input resolu-
tions on the MS COCO val set.

224x224 256x192 256x256 384x288 384x384 576x432
AP 74.9 75.8 75.8 76.9 77.1 77.8
AR 80.4 81.1 81.1 81.9 82.0 82.6

TABLE 4.7. The performance of ViTPose-B with 1/8 feature size on the
MS COCO val set. “*” means fp16 is used during training due to the limit
of hardware memory. For the combination of vanilla self-attention (Full)
and window-based attention (Window), we follow ViTDet [92] and use full
attention every 1/4 of all the layers. “Shift” and “Poll” denote the two strategies
described in Section 4.3.3.

Full Window Shift Pool Window Size Training Memory (M) GFLOPs AP AP50 AR AR50

✓ N/A 36,141* 76.59 77.4 91.0 82.4 94.9
✓ (8, 8) 21,161 66.31 66.4 87.7 72.9 91.9
✓ ✓ (8, 8) 21,161 66.31 76.4 90.9 81.6 94.5
✓ ✓ (8, 8) 22,893 66.39 76.4 90.6 81.6 94.6
✓ ✓ ✓ (8, 8) 22,893 66.39 76.8 90.8 81.9 94.8

✓ ✓ (8, 8) 28,594 69.94 76.9 90.8 82.1 94.7
✓ ✓ ✓ (16, 12) 26,778 68.46 77.1 91.0 82.2 94.8

The influence of pre-training methods. We also conduct a comprehensive examination of

various pre-training methods to investigate their impact on pose estimation, encompassing

random initialization, supervised pre-training, contrastive self-supervised pre-training, and
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masked image pre-training. Specifically, we employed DeiT [167] and MoCov3 [29] as the

supervised and contrastive self-supervised pre-training methods, respectively, both applied to

the ImageNet-1K dataset. The results in Table 4.5 show that random initialization, supervised

pre-training, and contrastive self-supervised pre-training achieve comparable performance on

the MS COCO dataset, with random initialization yielding slightly superior performance. This

suggests that vision transformers pre-trained using supervised or contrastive self-supervised

methods may learn classification-related features that generalize poorly to the pose estimation

task. In contrast, using masked image pre-training, e.g., MAE [57], significantly enhances the

performance.

The influence of input resolution. To evaluate whether or not ViTPose can adapt well to

different input resolutions, we train ViTPose with different input sizes and summarize the

results in Table 4.6. The performance of ViTPose-B improves with the increase in the input

size. It is also noted that the squared input only brings marginal or even no gains over the

rectangular one, e.g., 256× 256 v.s. 256× 192. The reason may be that the average aspect

ratio of human instances in MS COCO is about 4:3, and the squared input size does not fit the

statistics well.

The influence of attention type. As demonstrated in HRNet [154] and HRFormer [211],

high-resolution feature maps are beneficial for pose estimation. ViTPose can easily generate

high-resolution features by varying the down-sampling ratio of the patching embedding

layer, i.e., from 1/16 to 1/8. Besides, to alleviate the out-of-memory issue caused by the

quadratic computational complexity of the vanilla self-attention, window-based attention with

the shifted window and pooling window strategies described in Section 4.3.3 is used. The

results are presented in Table 4.7. Directly using full attention with 1/8 feature size obtains

the best 77.4 AP on the MS COCO val set while suffering from a large memory footprint even

under the mixed-precision training mode. Window-based attention can alleviate the memory

issue while at the cost of performance drop due to lacking global context modeling, e.g., from

77.4 AP to 66.4 AP. The shifted window and pooling window strategies both promote cross-

window information exchange for global context modeling and thus significantly improve

the performance by 10 AP with less than 10% memory increase. When applying the two
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mechanisms together, i.e., the 5th row, the performance further increases to 76.8 AP, which is

comparable to the strategy proposed in ViTDet [92] that jointly uses full and window attention

(the 6th row), while having less memory footprint, i.e., 76.8 AP v.s. 76.9 AP and 22.9G

memory v.s. 28.6G memory. Comparing the 5th and last row in Table 4.7, we also note that

the performance can be further improved from 76.8 AP to 77.1 AP by enlarging the window

size from 8 × 8 to 16 × 12, which outperforms the ViTDet setting and is comparable with

the full attention setting in the first row while having fewer computations and less memory

footprint.

TABLE 4.8. The performance of ViTPose-B at three partially fine-tuning
settings on the MS COCO val set.

FFN MHSA Memory (M) GFLOPs AP AP50 AR AR50

✓ ✓ 14,090 17.1 75.8 90.7 81.1 94.6
✓ 11,052 10.9 75.1 90.5 80.3 94.4

✓ 10,941 6.2 72.8 89.8 78.3 93.8

The influence of partially fine-tuning. To assess whether or not vision transformers can

still perform well for pose estimation via partially fine-tuning, we fine-tune the ViTPose-B

model at three settings, i.e., fully fine-tuning, freezing the MHSA and freezing the FFN. As

shown in Table 4.8, with the MHSA frozen, the performance drops moderately compared

with the fully fine-tuning setting, i.e., 75.1 AP v.s. 75.8 AP. The AP50 metric is almost the

same for the two settings. However, there is a significant drop of 3.0 AP when freezing the

FFN. This finding implies that the FFN of transformers is more responsible for task-specific

modeling. In contrast, the MHSA is insensitive to different tasks, e.g., probably being only

responsible for modeling the relationship of tokens based on feature similarity no matter in

the MIM pre-training task or the down-stream pose estimation task.

TABLE 4.9. The performance of knowledge distillation from ViTPose-L to
ViTPose-B on the MS COCO val set.

Heatmap Token Memory (M) AP AP50 AR AR50

- - 14,090 75.8 90.7 81.1 94.6
✓ 14,203 76.0 90.7 81.3 94.8

✓ 15,458 76.3 90.8 81.5 94.8
✓ ✓ 15,565 76.6 90.9 81.8 94.9

The analysis of transferability. To evaluate the transferability of ViTPose, we use both the

classic output distillation method and the proposed knowledge token distillation method to
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transfer the knowledge from ViTPose-L to ViTPose-B. The results are listed in Table 4.9.

As can be seen, the token-based distillation brings a gain of 0.2 AP with a marginal cost of

extra memory footprint. In comparison, the output distillation brings a gain of 0.5 AP with

a moderate cost of extra memory footprint. It is noteworthy that the proposed token-based

distillation does not require the teacher model to be served during the training of the student

model, thereby bringing fewer computations and less memory footprint compared with the

output distillation method. The two distillation methods are complementary, and using them

together obtains 76.6 AP, validating the excellent transferability of ViTPose models.

4.4.4 Ablation studies of ViTPose++ and analysis

4.4.4.1 Different settings of ViTPose++

The baseline method. Since the decoder in ViTPose is rather simple and lightweight, we

can easily extend ViTPose to deal with multiple types of body pose estimation tasks by using

a shared backbone and individual decoder for each task. Specifically, images from each

pose estimation task are randomly selected and organized into a batch. These images are

then fed into a shared encoder network for feature extraction. The extracted features are

subsequently passed to the respective task-specific decoder, which is responsible for predicting

the keypoints specific to the given task. This straightforward extension serves as the baseline

method and is illustrated in Fig. 4.2 (d). We gradually introduce various datasets such as MS

COCO [100], AIC [182], MPII [4], COCO-W [73], AP-10K [206], and APT-36K [202] to

formulate the training data. The results on the MS COCO val set are listed in Table 4.10.

Note that we directly use the models after multi-task training for evaluation without further

fine-tuning. It can be observed that the performance of ViTPose increases consistently from

75.8 AP to 77.1 AP by using human pose estimation datasets (MS COCO, AIC, and MPII)

for training. Although the dataset volume of MPII is much smaller than the combination of

MS COCO and AIC (40K v.s. 500K), using MPII for training still brings a 0.1 AP increase,

showing that ViTPose can well harness the diverse data in different datasets. With the same

data but novel annotations in COCO-W for training, there is no performance gain or drop,

showing that ViTPose can well encode the human body feature representations and mitigate
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the side effect of allocating the representation capacity for those distinct keypoints in the face,

hands, and feet. However, with the animal datasets (AP-10K and APT-36K) involved, the

performance of the baseline method drops from 77.0 to 76.7, probably due to the conflict

between different tasks (i.e., humans and animals).

TABLE 4.10. The performance of ViTPose-B at the multi-task training setting
on the MS COCO val set.

COCO AIC MPII COOC-W AP10K APT36K AP AP50 AR AR50

✓ - - - - - 75.8 90.7 81.1 94.6
✓ ✓ - - - - 77.0 90.8 82.2 94.9
✓ ✓ ✓ - - - 77.1 90.8 82.2 94.7
✓ ✓ ✓ ✓ - - 77.1 90.8 82.2 94.8
✓ ✓ - - ✓ - 76.8 90.8 82.0 94.7
✓ ✓ - - ✓ ✓ 76.7 90.7 81.8 94.6

ViTPose++. We consider three variants of ViTPose++ by changing the configurations of the

experts in FFN. 1) Independent FFN (I-FFN): To mitigate the conflict between different

tasks, we use an independent for each task in each transformer block. In this way, each FFN

can only process the images of the dataset corresponding to a specific pose estimation task.

All these independent FFNs are initialized with the weights of the original FFN from the MAE

pre-trained models. 2) Independent and Shared FFN (IS-FFN): Although there may exist

conflicts between different tasks, they may also share some common knowledge of body poses,

e.g., the locations of eyes are symmetric for both human beings and most kinds of animals.

To encode such common knowledge, we introduce a shared FFN in each transformer block in

addition to the independent ones. In this way, each image will be processed by not only a

task-specific FFN but also the shared FFN. The output features from a task-specific FFN and

the shared FFN are then summed together and used as the input to the next transformer layer.

We initialize the shared FFN with the weights from the MAE pre-trained models and the

independent FFNs with zero. 3) Partially Shared FFN (PS-FFN): We also explore another

design choice to jointly encode the common knowledge and task-specific knowledge of body

poses, i.e., the default setting of ViTPose++. As described in Section 4.3.5, we split the

last linear layer of each FFN into a shared part and an independent part along the channel

dimension and leave the first linear layer shared for all tasks. We duplicate the independent

part for all the tasks while not sharing their weights during training. We initialize the shared
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and independent parts with the weights from the MAE pre-trained models. The features from

the first linear layer are processed by the shared part and the corresponding independent part

of the second layer, respectively. The output features are then concatenated along the channel

dimension and used as the input to the next transformer layer.

TABLE 4.11. The performance of ViTPose++-B at different settings on the
MS COCO val set. ViTPose-B is only trained on the MS COCO dataset. “MT
Baseline” denotes the multi-task training baseline method (Section 4.4.4.1)
based on ViTPose-B on the combination of MS COCO, AIC, and AP-10K
datasets. The ViTPose++-B at the rest settings are described in Section 4.4.4.1
and trained on the same datasets as “MT Baseline”. The number of parameters
during inference is also listed in the second column.

Model Params (M) AP AP50 AR AR50

ViTPose-B 86 75.8 90.7 81.1 94.6
MT Baseline 86 76.8 90.8 82.0 94.7

I-FFN 86 75.8 90.5 81.1 94.4
IS-FFN 143 77.0 90.8 82.2 94.8

PS-FFN (α = 1/6) 86 77.0 90.8 82.0 94.7
PS-FFN (α = 1/4) 86 77.0 90.9 82.2 94.8
PS-FFN (α = 1/3) 86 77.0 90.8 82.1 94.7

We use the combination of MS COCO, AIC, and AP-10K datasets to train the multi-task

baseline model and ViTPose++ at the above three settings. The results are summarized

in Table 4.11. It can be observed that without modeling the common knowledge between

different tasks, the performance of ViTPose++ with I-FFN obtains 75.8 AP, which is only

comparable to the results of ViTPose trained on MS COCO and much worse than the results

of the multi-task baseline method (76.8 AP). Although the MHSA layers are shared by

all datasets in ViTPose++ with I-FFN, they are almost task-agnostic, as also evidenced in

Table 4.8, thus explaining the unsatisfactory result of I-FFN. With PS-FFN, ViTPose++ obtains

77.0 AP, which is the same as the performance of using human datasets only for training (2nd

row in Table 4.10). The results demonstrate that a proper design for encoding the common

and task-specific knowledge of the body poses matters for addressing the conflict between

different tasks. Nevertheless, it introduces extra computations and parameters compared with

single-task ViTPose and the multi-task baseline since there are additional FFNs used for each

task. With a proper partition ratio α in the PS-FFN setting, i.e., 0.25, ViTPose++ with PS-FFN

achieves a better trade-off between performance and model complexity, i.e., obtaining 77.0
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AP without extra computations and parameters. Considering that ViTPose++ can be easily

extended to handle more types of pose estimation tasks, the results show its flexibility and

potential for building a foundation model towards generic body pose estimation.

4.4.5 Comparison with SOTA methods

4.4.5.1 The performance on MS COCO

TABLE 4.12. Comparison of ViTPose and ViTPose++ with SOTA methods
on the MS COCO val set.

Model Backbone
ParamsSpeedFLOPsMem. Input Feature COCO val

(M) (fps) (G) (M) Res. Res. AP APMAPLAR
SimpleBaseline [184] ResNet-152 60 829 15.7 3827 256x192 1/32 73.5 69.9 80.2 79.0

HRNet [154] HRNet-W32 29 428 16.0 7049 384x288 1/4 75.8 71.9 82.8 81.0
HRNet [154] HRNet-W48 64 309 32.9 7339 384x288 1/4 76.3 72.3 83.4 81.2

UDP [69] HRNet-W48 64 309 32.9 7339 384x288 1/4 77.2 73.2 84.4 82.0
FastPose [47] ResNet-152 60 653 16.0 6013 256x192 1/32 73.3 - - -

TokenPose-L/D24 [94] HRNet-W48 28 602 11.0 3477 256x192 1/4 75.8 72.3 82.7 80.9
TransPose-H/A6 [201] HRNet-W48 18 309 21.8 - 256x192 1/4 75.8 76.4 87.2 80.8

HRFormer-B [211] HRFormer-B 43 158 12.2 4287 256x192 1/4 75.6 71.7 82.6 80.8
HRFormer-B [211] HRFormer-B 43 78 26.8 7859 384x288 1/4 77.2 73.2 84.2 82.0

ViTPose-S ViT-S 22 1439 5.3 3438 256x192 1/16 73.8 70.5 80.4 79.2
ViTPose-B ViT-B 86 944 17.1 4589 256x192 1/16 75.8 72.1 82.2 81.1
ViTPose-L ViT-L 307 411 59.8 5587 256x192 1/16 78.3 74.5 85.4 83.5
ViTPose-H ViT-H 632 241 122.9 7293 256x192 1/16 79.1 75.3 86.0 84.1

ViTPose++-S ViT-S 22 1439 5.3 3438 256x192 1/16 75.8 72.3 82.6 81.0
ViTPose++-B ViT-B 86 944 17.1 4589 256x192 1/16 77.0 73.4 84.0 82.6
ViTPose++-L ViT-L 307 411 59.8 5587 256x192 1/16 78.6 75.2 85.6 84.1
ViTPose++-H ViT-H 632 241 122.9 7293 256x192 1/16 79.4 75.8 86.5 84.8

Since MS COCO [100] is the most popular and representative dataset among all the body

pose estimation tasks, we first compare the performance of ViTPose and ViTPose++ with

SOTA methods on the MS COCO dataset. Specifically, we report their results at both the

top-down and bottom-up paradigms. Then, we further compare their performance on other

body pose estimation datasets.

Top-down paradigm. Based on the previous analysis, we use the input resolution of 256×192

during training and report the results on the MS COCO val set as shown in Table 4.12. The

speed of all methods is recorded on a single A100 GPU with a batch size of 64. The ViT-

Pose++ models are trained on the combination of MS COCO, AIC, MPII, COCO-W, AP-10K,
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and APT-36K datasets. It can be observed that ViTPose achieves a better trade-off between

throughput and accuracy, showing that the plain vision transformer has a strong represent-

ation ability and is computationally friendly to modern hardware devices. For example,

the ViTPose-S model with fewer parameters and fewer memory footprint obtains similar

performance compared to SimpleBaseline [184] and FastPose [47] using a ResNet-152 [61]

backbone. Besides, ViTPose performs better with much larger backbones, demonstrating

the good scalability of ViTPose. For example, ViTPose-L obtains much better performance

than ViTPose-S and ViTPose-B, i.e., 78.3 AP v.s. 73.8 AP and 75.8 AP. ViTPose-L also

outperforms previous SOTA methods based on CNN and transformers (e.g., UDP [69] and

TokenPose [94]) by a large margin while keeping a similar inference speed. Furthermore,

in comparison to the strong transformer-based baseline method HRFormer-B [211], the

proposed plain vision transformer-based ViTPose delivers comparable performance. For

instance, ViTPose-H (16th row) achieves slightly better performance and faster inference

speed compared to HRFormer-B (10th row), with 79.1 AP v.s. 75.6 AP and 241 fps v.s. 158

fps, respectively. Even when compared to HRFormer-B with a larger input resolution (11th

row), ViTPose-H still outperforms it while consuming less memory. These results highlight

that despite having a higher number of parameters, the plain vision transformer structure,

with its simple matrix multiplication operations, exhibits excellent compatibility with mod-

ern hardware designs. It also has the potential to achieve better performance with reduced

memory consumption and faster speed, pointing towards a new design paradigm for future

works. While using multiple body pose estimation datasets for training, the performance of

ViTPose++ further increases. For example, the small model ViTPose++-S obtains 75.8 AP

with 1,439 fps, which is comparable to the larger model ViTPose-B but has a much faster

speed. The results show the good scalability and flexibility of ViTPose regarding both model

structures and training data.

We then build a much stronger ViTPose-G model using the ViTAE-G [217] backbone, which

has about 1B parameters and larger input resolution (576×432) and trained on the combination

of MS COCO, AIC, and MPII datasets. A more powerful detector from Bigdet [12] is also

used to provide person detection results (68.5 AP on the person class of COCO dataset). As

shown in Table 4.13, ViTPose-G with the ViTAE-G backbone outperforms all previous SOTA
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TABLE 4.13. Comparison with SOTA methods on the MS COCO test-dev
set. “⋄” means model ensemble. “†”, “‡”, and “*” denote the champions of
the 2018, 2019, and 2020 MS COCO Human Keypoint Detection Challenge,
respectively.

Method Backbone AP AP50 AP75 APM APL AR
Baseline⋄ [184] ResNet-152 76.5 92.4 84.0 73.0 82.7 81.5
RMPE [48] PyraNet 68.8 87.5 75.9 64.6 75.1 73.6
CPN+ [30] ResNet-Inception 73.0 91.7 80.9 69.5 78.1 79.0
HRNet [154] HRNet-w48 77.0 92.7 84.5 73.4 83.1 82.0
HRFormer [211] HRFormer-B 76.2 92.7 83.8 72.5 82.3 81.2
MSPN⋄† [91] 4xResNet-50 78.1 94.1 85.9 74.5 83.3 83.1
SwinV2 [189] SwinV2-L 77.2 - - - - -
DARK [214] HRNet-w48 77.4 92.6 84.6 73.6 83.7 82.3
RSN⋄‡ [13] 4xRSN-50 79.2 94.4 87.1 76.1 83.8 84.1
CCM⋄ [215] HRNet-w48 78.9 93.8 86.0 75.0 84.5 83.6
UDP++⋄∗ [69] HRNet-w48plus 80.8 94.9 88.1 77.4 85.7 85.3
ViTPose-B ViT-B 75.1 92.5 83.1 72.0 80.7 80.3
ViTPose-L ViT-L 77.3 93.1 85.3 74.0 83.1 82.4
ViTPose-H ViT-H 78.1 93.3 85.7 74.9 83.8 83.1
ViTPose-G ViTAE-G 80.9 94.8 88.1 77.5 85.9 85.4
ViTPose-G⋄ ViTAE-G 81.1 95.0 88.2 77.8 86.0 85.6

methods on the MS COCO test-dev set at 80.9 AP, where the previous best method UDP++

uses 17 models and a slightly better detector (68.6 AP on the person class of COCO dataset)

and only obtains 80.8 AP. Our ensemble model ViTPose-G⋄ with only three models further

achieves the best 81.1 AP.

TABLE 4.14. Comparison of ViTPose and SOTA methods in the bottom-up
paradigm on the MS COCO val set.

Model Backbone
COCO Val

AP AP50 AR AR50

Associate Embedding [117] Hourglass 61.3 83.3 65.9 85.0
Associate Embedding [117] ResNet-50 46.6 74.2 56.6 81.0
Associate Embedding [117] ResNet-101 55.4 80.7 62.2 84.1
Associate Embedding [117] ResNet-152 59.5 82.9 65.1 85.6

Pifpaf [78] ResNet-50 62.6 - - -
HigherHRNet-w32 [31] HRNet-w32 67.7 87.0 72.3 89.0
HigherHRNet-w48 [31] HRNet-w48 68.6 87.3 73.1 89.2

ViTPose-B ViT-B 68.5 87.3 72.9 89.2
ViTPose-L ViT-L 70.1 88.3 74.5 90.2

Bottom-up paradigm. We use images of size 512× 512 in MS COCO to train the ViTPose

models in the bottom-up paradigm and report the performance on the MS COCO val set.

1/8 feature resolutions with full window-based attention are adopted. The results are listed
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in Table 4.14. Without delicate designs, the plain vision transformer obtains 68.5 AP with

ViTPose-B and 70.1 AP with ViTPose-L, demonstrating the good scalability of ViTPose

in the bottom-up paradigm. Compared with previous SOTA methods, e.g., HigherHRNet

with the HRNet-w48 backbone, ViTPose-L model achieves better performance and sets a

new SOTA, i.e., 68.6 AP v.s. 70.1 AP. These results validate the flexibility of plain vision

transformers for different keypoint detection paradigms.

TABLE 4.15. Comparison of ViTPose++ and SOTA methods on the OCHu-
man [222] val and test set with ground truth bounding boxes.

Model Backbone Resolution
Val Set Test Set

AP AP50 AR AR50 AP AP50 AR AR50

SimpleBaseline [184] ResNet-152 384x288 58.8 72.7 63.1 75.7 58.2 72.3 62.7 75.2
HRNet [154] HRNet-w32 384x288 60.9 76.0 65.1 78.2 60.6 74.8 64.7 77.6
HRNet [154] HRNet-w48 384x288 62.1 76.1 65.9 78.2 61.6 74.9 65.3 77.3
MIPNet [75] HRNet-w48 384x288 74.1 89.7 81.0 - - - - -

HRFormer [211] HRFormer-S 384x288 53.1 73.1 59.6 76.9 52.8 72.8 59.1 76.6
HRFormer [211] HRFormer-B 384x288 50.4 71.5 58.8 76.6 49.7 71.6 58.2 76.0

ViTPose++-S ViT-S 256x192 79.4 90.7 81.6 91.4 78.4 90.6 80.6 91.0
ViTPose++-B ViT-B 256x192 83.7 91.8 85.4 92.9 82.6 91.7 84.6 92.4
ViTPose++-L ViT-L 256x192 87.4 93.7 88.8 94.2 85.7 92.8 87.5 93.4
ViTPose++-H ViT-H 256x192 86.8 92.8 88.3 93.7 85.7 92.8 87.4 93.8

TABLE 4.16. Comparison (PCKh) of ViTPose++ and SOTA methods on the
MPII [4] val set with ground truth bounding boxes.

Model Backbone ResolutionHeadShoulderElbowWrist Hip KneeAnkleMean
SimpleBaseline [184] ResNet-152 256x256 86.9 95.4 89.4 84.0 88.0 84.6 82.1 89.0

HRNet [154] HRNet-w32 256x256 96.9 85.9 90.5 85.9 89.1 86.1 82.5 90.0
HRNet [154] HRNet-w48 256x256 97.1 95.8 90.7 85.6 89.0 86.8 82.1 90.1
CFA [153] ResNet-101 384x384 95.9 95.4 91.0 86.9 89.8 87.6 83.9 90.1
ASDA [9] HRNet-w48 256x256 97.3 96.5 91.7 87.9 90.8 88.2 84.2 91.4

TransPose-H-A6 [201] HRNet-w48 256x256 - - - - - - - 92.3
OKDHP [96] Hourglass 256x256 97.3 96.1 91.2 86.8 89.9 86.9 83.1 90.6

HRFormer [211] HRFormer-S 256x256 97.1 95.8 90.5 85.9 88.7 85.7 82.1 89.9
HRFormer [211] HRFormer-B 256x256 96.8 96.1 90.4 85.9 89.0 87.3 84.1 90.4

ViTPose++-S ViT-S 256x192 97.4 97.2 92.9 89.0 92.3 90.4 86.8 92.7
ViTPose++-B ViT-B 256x192 97.3 97.2 93.3 89.7 91.5 90.7 87.2 92.8
ViTPose++-L ViT-L 256x192 98.0 97.6 94.3 90.9 92.9 92.6 89.5 94.0
ViTPose++-H ViT-H 256x192 97.8 97.6 94.4 91.5 93.2 92.8 90.2 94.2

4.4.5.2 The performance on other datasets

To evaluate the performance of ViTPose comprehensively, apart from the results on the MS

COCO val and test-dev set, we also report the performance of ViTPose++-S, ViTPose++-B,
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TABLE 4.17. Comparison of ViTPose++ and SOTA methods on the AIC [182]
val set with ground truth bounding boxes.

Method Backbone Resolution AP AP50 AP75 AR AR50

SimpleBaseline [184] ResNet-50 256x192 28.0 71.6 15.8 32.1 74.1
SimpleBaseline [184] ResNet-101 256x192 29.4 73.6 17.4 33.7 76.3
SimpleBaseline [184] ResNet-152 256x192 29.9 73.8 18.3 34.3 76.9

HRNet [154] HRNet-w32 256x192 32.3 76.2 21.9 36.6 78.9
HRNet [154] HRNet-w48 256x192 33.5 78.0 23.6 37.9 80.0

HRFormer [211] HRFomer-S 256x192 31.6 75.9 20.9 35.8 78.0
HRFormer [211] HRFomer-B 256x192 34.4 78.3 24.8 38.7 80.9

ViTPose++-S ViT-S 256x192 29.7 74.6 17.6 34.3 77.1
ViTPose++-B ViT-B 256x192 31.8 76.7 20.6 36.3 79.0
ViTPose++-L ViT-L 256x192 34.3 79.1 24.1 38.9 81.8
ViTPose++-H ViT-H 256x192 34.8 80.2 24.5 39.1 82.2

ViTPose++-L, and ViTPose++-H on the OCHuman [222] val and test set, MPII [4] val set,

AIC [182] val set, COCO-W [73] val set, AP-10K [206] test set, and APT-36K [202] test set,

respectively. Please note that the ViTPose++ models are trained with the combination of all

the datasets and directly tested on the target dataset without further fine-tuning, which keeps

the whole pipeline as simple as possible. For each dataset, we use the corresponding FFN,

decoder, and prediction head in ViTPose for prediction.

OCHuman val and test set. To evaluate the performance of different methods on the

human instances with heavy occlusions, we compare ViTPose++ and SOTA methods on

the OCHuman val and test set. We adopt the ground truth bounding boxes instead of

those obtained by a person detector to isolate the effect of person detection because not

all human instances are annotated in the OCHuman datasets, and the person detector may

cause false positive or missing bounding boxes, which may obscure the true performance of

pose estimation models. Specifically, we use the decoder and prediction head of ViTPose++

corresponding to the MS COCO dataset since the keypoint definition is the same in both the

MS COCO and OCHuman datasets. The results are listed in Table 4.15. Compared with

previous SOTA methods with complex structures, e.g., MIPNet [75], ViTPose++ obtains a

gain of over 10 AP on the OCHuman val set, although there is no special structural design

to deal with occlusions, implying the strong feature representation ability of plain vision

transformer. It should also be noted that HRFormer [211] experiences large performance

drops from MS COCO to OCHuman, and its small model even beats the base model, i.e.,
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53.1 AP v.s 50.4 AP on the OCHuman val set. Such phenomena imply that HRFormer may

overfit the MS COCO dataset, especially for larger models. By contrast, ViTPose++ generally

delivers performance gains with the increase of model size and significantly pushes forward

the frontier of the keypoint detection performance on OCHuman, i.e., 87.4 AP on the val set

and 85.7 AP on the test set.

MPII val set. We evaluate the performance of ViTPose++ and representative models on

the MPII val set with the ground truth bounding boxes. Following the default settings of

MPII, we use PCKh as the metric for performance evaluation. It can be observed that the

previous representative methods have obtained well performance on the MPII dataset, i.e., the

strong transformer-based method HRFormer-B obtains over 90 PCKh. Nevertheless, ViTPose

demonstrates the potential to further improve performance due to its remarkable scalability.

As shown in Table 4.16, ViTPose++ outperforms previous methods in terms of both single

joint evaluation and average evaluation, e.g., ViTPose++-S, ViTPose++-B, ViTPose++-L,

and ViTPose++-H achieve 92.7, 92.8, 94.0, and 94.2 average PCKh with a smaller input

resolution.

AIC val set. We also evaluate the performance of ViTPose++ on the AIC val set. As listed

in Table 4.17, compared to representative CNN-based and transformer-based models, our

ViTPose++ obtains better performance, i.e., 34.8 AP by ViTPose-H v.s. 33.5 AP by HRNet-

w48 and 34.4 AP by HRFromer-B. Nevertheless, the score is still not high enough on the AIC

set, indicating that more efforts may be needed to improve the performance further.

TABLE 4.18. Comparison of ViTPose and SOTA methods on the COCO-
W [73] val set with detected boxes.

Method Backbone Resolution Body Foot Face Hand WholeBody
SimpleBaseline [184] ResNet-50 256x192 65.2 61.4 60.8 46.0 52.0
SimpleBaseline [184] ResNet-101 256x192 67.0 64.0 61.1 46.3 53.3

HRNet [154] HRNet-w32 256x192 70.0 56.7 63.7 47.3 55.3
HRNet [154] HRNet-w48 256x192 70.0 67.2 65.6 53.4 57.9
ViTPose++-S ViT-S 256x192 71.6 72.1 55.9 45.3 54.4
ViTPose++-B ViT-B 256x192 73.3 74.2 60.1 50.2 57.4
ViTPose++-L ViT-L 256x192 75.3 77.1 63.0 54.2 60.6
ViTPose++-H ViT-H 256x192 75.9 77.9 63.3 54.7 61.2
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TABLE 4.19. Comparison of ViTPose and SOTA methods on the AP-
10K [206] test set with ground truth bounding boxes.

Method Backbone Resolution AP AP50 AP75 APM APL

SimpleBaseline [184] ResNet-50 256x256 68.1 92.3 74.0 51.0 68.8
SimpleBaseline [184] ResNet-101 256x256 68.1 92.2 74.2 53.4 68.8

HRNet [154] HRNet-w32 256x256 72.2 93.9 78.7 55.5 73.0
HRNet [154] HRNet-w48 256x256 73.1 93.7 80.4 57.4 73.8
ViTPose++-S ViT-S 256x192 71.4 93.3 78.4 47.6 71.8
ViTPose++-B ViT-B 256x192 74.5 94.9 82.2 46.8 75.0
ViTPose++-L ViT-L 256x192 80.4 97.6 88.5 52.7 80.8
ViTPose++-H ViT-H 256x192 82.4 98.2 89.5 59.1 82.8

TABLE 4.20. Comparison of ViTPose and SOTA methods on the APT-
36K [202] val set with ground truth bounding boxes.

Method Backbone Resolution AP AP50 AP75 AR AR50

SimpleBaseline [184] ResNet-50 256x256 69.4 - - - -
SimpleBaseline [184] ResNet-101 256x256 69.6 - - - -

HRNet [154] HRNet-w32 256x256 74.2 - - - -
HRNet [154] HRNet-w48 256x256 74.1 - - - -

HRFormer [154] HRFormer-S 256x256 71.3 - - - -
HRFormer [154] HRFormer-B 256x256 74.2 - - - -

ViTPose++-S ViT-S 256x192 74.2 94.9 82.3 77.6 95.6
ViTPose++-B ViT-B 256x192 75.9 95.4 83.7 79.2 96.0
ViTPose++-L ViT-L 256x192 80.8 97.4 88.5 83.9 97.9
ViTPose++-H ViT-H 256x192 82.3 97.7 90.6 85.5 98.3

COCO-W val set. Different from the previous datasets, COCO-W contains not only the

annotations for typical human body keypoints, but also provides fine-grained annotations

on the faces, hands, and feet. Similar to the MS COCO val set, we use the person detection

results from SimpleBaseline [184] for evaluation. As shown in Table 4.18, our ViTPose++-B

model obtains competitive performance at 57.4 AP on the COCO-W val set. With the model

becoming larger, the performance of ViTPose++ further increases, and ViTPose++-H sets a

new SOTA, e.g., 61.2 AP, demonstrating the excellent scalability of ViTPose++.

AP-10K val set. To evaluate the performance of ViTPose++ for animal pose estimation, we

adopt the AP-10K and APT-36K datasets. We use an input size of 256×192 for ViTPose++

during training, while other methods take a larger size of 256×256 by default. The results

are listed in Table 4.19. As can be seen, ViTPose++ performs well not only for human pose

estimation but also for animal pose estimation. For example, ViTPose++-B outperforms

previous methods by obtaining 74.5 AP. In comparison, the performance of the largest model
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ViTPose++-H further increases to 82.4 AP, setting a new record on the animal pose estimation

task and demonstrating the potential of ViTPose in dealing with various types of body pose

estimation tasks.

APT-36K val set. We also evaluate the performance of ViTPose++ on the APT-36K dataset,

which contains a larger number of instances. As shown in Table 4.20, ViTPose++ also

achieves better performance on the APT-36K datasets than previous methods. Note that

ViTPose++-S delivers a much higher AP on APT-36K than AP-10K, i.e., 74.2 AP v.s. 71.4

AP, probably due to the more balanced data distribution of APT-36K than that of AP-10K.

FIGURE 4.5. Visual results of ViTPose++ on some test images from the MS
COCO dataset.
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FIGURE 4.6. Visual results of ViTPose++ on some test images from the AIC
dataset.

4.4.6 Subjective results

We also provide some visual pose estimation results for subjective evaluation. We show

the results of ViTPose++-H on the MS COCO (Figure 4.5), AIC (Figure 4.6), OCHuman

(Figure 4.7), MPII (Figure 4.8), COCO-W( Figure 4.9), AP-10K (Figure 4.10), and APT-36K

(Figure 4.20) datasets, respectively. As can be seen, ViTPose++ is good at dealing with

challenging cases such as occlusions, blur, scale changes, appearance variance, odd body

postures, and complex backgrounds, owing to its strong representation ability and flexibility

in encoding pose-relevant knowledge from multiple types of body pose estimation datasets.
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FIGURE 4.7. Visual results of ViTPose++ on some test images from the
OCHuman dataset.

4.4.7 Data efficiency analysis

A critical property of the foundation model is high data efficiency for transfer learning, i.e.,

performing well on a target domain after fine-tuning on only a small fraction of labeled data.

To evaluate the data efficiency of ViTPose under different settings, we first train them with

only the MS COCO dataset and the combination of MS COCO, MPII, AIC, and COCO-W

datasets, respectively. Then, we demonstrate their generalization ability by further fine-tuning

them on two different datasets, i.e., InterHand2.6M [115] and AP-10K [206], to make a

comprehensive evaluation of the generalization ability on datasets with different domain

shifts, i.e., human body → human hand and human body → animal body. Specifically, we

use the 10%, 20%, 40%, 60%, 80%, and 100% percentage of the training data for fine-tuning.
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FIGURE 4.8. Visual results of ViTPose++ on some test images from the MPII
dataset.

During fine-tuning, we ensure the models are fine-tuned with the same amount of data by

keeping the same number of iterations.

InterHand2.6M. We first conduct the data efficiency experiments using ViTPose-B, ViTPose-

L, and ViTPose-H on the InterHand2.6M datasets. The results are plotted in Fig. 4.12, where

we also provide the results of representative small models trained with 100% training data

for reference. It can be observed that the data efficiency is improved with the increase

of the model size, i.e., with the same percentage of data for training. ViTPose with the

ViT-H backbone always has better performance than that with smaller ones. Moreover, the

transformer-based methods obtain better performance gains compared with the CNN-based

method, i.e., increasing the transfer data from 10% to 100%, SimpleBaseline with a ResNet-50

backbone only experiences 0.8 AUC increase while ViTPose-B obtains 1.3 AUC improvement.
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FIGURE 4.9. Visual results of ViTPose++ on some test images from the
COCO-W dataset.

Besides, multi-task training on multiple types of body pose estimation datasets also improve

data efficiency. For example, compared with single-task training, the multi-task training helps

ViTPose-B/L/H achieve a gain of 0.4/0.3/0.2 AUC when using 10% data for training. In

addition, compared with the small models using 100% data for training, ViTPose-H obtains

better performance with fewer training data, e.g., ViTPose-H using 20% training data (87.2

AUC) outperforms ViTPose-S (86.5 AUC) and SimpleBaseline with ResNet-50 (85.1 AUC)

using 100% training data, showing the high data efficiency of large models. Besides, with

the model size increasing, the benefit of using multiple types of pre-training data becomes

lower, i.e., the gap between the red and blue curves becomes narrower. It implies that the

model size plays a more important role in improving the data efficiency of transfer learning,

i.e., suggesting the notion that more is different.
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FIGURE 4.10. Visual results of ViTPose++ on some test images from the
AP-10K dataset.

AP-10K. Similarly, we evaluate the data efficiency of the previous best model ViTPose-H on

the AP-10K dataset. The results are shown in Fig. 4.13. It can be observed that with only

10% data for training, ViTPose-H outperforms the representative methods with small models,

e.g., ResNet-50, HRNet-32, and HRNet-48, as well as the ViTPose-B and ViTPose-S models,

further validating the good data efficiency of the large model.

4.4.8 Visualization and analysis

Visualization of feature maps. To inspect the learning ability of ViTPose, we visualize the

feature maps of ViTPose++-B on the normal and heavily occluded images, i.e., we mask

half of the images. As shown in Fig. 4.14 (a), ViTPose++-B gradually focuses on the human

body from the shallow layers to deep layers in the backbone network. The up-sampling layer
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FIGURE 4.11. Visual results of ViTPose++ on some test images from the
APT-36K dataset.
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FIGURE 4.12. The transfer learning results of ViTPose-B (a), ViTPose-L (b),
and ViTPose-H (c) on the Interhand2.6M dataset using different percentages
of training data. The red and blue curves denote the results of ViTPose at
the multi-task and single-task training settings. We also plot the results of
small pose estimation models, e.g., SimpleBaseline [184] with ResNet-50 and
ResNet-101, for reference.
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FIGURE 4.13. The transfer learning results of of ViTPose-H on the AP-
10K [206] using different percentages of training data. We also plot the results
of smaller models for comparison.
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FIGURE 4.14. Visualization of the (a) feature maps and (b) attention maps
from ViTPose++-B on two test images w/ and w/o manual masks.

further mitigates the interference of the background and focuses on the keypoint locations.

When comparing the feature maps extracted from the normal images (1st row) and masked

images (2nd row), the features are almost the same in the visible parts. In contrast, ViTPose

gradually guesses the locations of those invisible joints for the masked parts. For example,

although the heads of the human are masked, ViTPose can still guess the locations of the head

and the keypoints based on the visible parts, as demonstrated in the upper parts of the feature

maps from the 9th and 12th layers.
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FIGURE 4.15. The similarity of task-specific FFN weights of ViTPose++-B,
i.e., COCO v.s. AIC and COCO v.s. AP-10K.

Visualization of attention maps To further inspect how ViTPose models the relationships

between different keypoints, we visualize the attention maps regarding the right wrist from

the 3rd, 6th, 9th, and 12th layers of ViTPose++-B. We test on both normal images (1st row)

and images with the right wrist masked (2nd row). The results are shown in Fig. 4.14 (b). It

can be observed that the attention map is rather similar no matter whether the right wrist is

masked or not, especially in the deep layers. For example, in the 12th layer, ViTPose pays

attention to the person’s right arm to help localize the locations of the right wrist in both

cases. These visualization results present an intuitive explanation of how ViTPose leverages

the learned relationship between different keypoints to facilitate the prediction of a specific

(invisible) keypoint.

Task correlation. We further evaluate the correlation between different types of body pose

estimation tasks by calculating the similarity between the weights of the task-specific FFN

parts. The weight similarity is defined as the cosine similarity between the weights of the

FFN layer corresponding to each dataset, respectively. We analyze the per-layer similarity of

ViTPose++-B model. The results are plotted in Fig. 4.15. It can be observed that the task-

specific FFNs for human pose estimation have a larger similarity than that of the task-specific

FFNs for body pose estimation of different species, i.e., the similarity between MS COCO

and AIC is larger than that between MS COCO and AP-10K, especially in the deeper layers,
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(a) (b)

FIGURE 4.16. Failure case analysis on a test image with an extreme pose. (a)
Result of ViTPose-S. (b) Results of ViTPose++-H.

implying that there probably exist conflicts between different types of body pose estimation

tasks. Nevertheless, for the shallow layers, the weights of FFN layers are rather similar in

both cases, implying that FFNs in the deeper layers are more task-specific than those in the

shallower layers, and thus we may only adopt MoE in the deeper FFN layers.

4.4.9 Failure case analysis

Despite the superior performance of ViTPose on various pose estimation tasks, there are

still challenges when it comes to handling extreme postures, such as skiing as in Fig. 4.16.

Fortunately, due to the scalability of ViTPose, these limitations can be mitigated by using a

larger backbone and incorporating more data during training. For instance, the ViTPose++-H

model, trained with an expanded dataset containing a greater variety of pose data, can estimate

the pose correctly.

4.5 Limitations and discussion

Despite the good properties and performance of our ViTPose and ViTPose++ for body pose

estimation, even without elaborate structural designs, there is still room to improve them

further. First, we only focus on the pose estimation task in this study, while designing a

unified foundation model for simultaneous object detection (tracking) and pose estimation
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is more appealing for generic body pose estimation and tracking. Besides, we only use

the training data in the visual modality in this study, while leveraging language knowledge

of body keypoints to help body pose estimation, especially for zero-shot generalization on

unseen species or keypoints, is also worth further exploration.

4.6 Conclusion

This paper presents ViTPose and ViTPose++ as the simple baseline for body pose estimation.

They demonstrate good properties, including simplicity, scalability, flexibility, and transfer-

ability, which have been well justified through extensive experiments on the representative

benchmarks, including MS COCO, AIC, MPII, OCHuman, COCO-W, AP-10K, and APT-

36K. New performance records on these datasets have also been set by the proposed models.

We hope this work could provide useful insights to the community and inspire more future

studies on the potential of developing vision transformers towards a foundation model for

generic pose estimation and beyond.



CHAPTER 5

Future Research and Conclusion

5.1 Open Challenges and Future Research

This thesis introduces the infusion of inductive bias into vision transformers by means of

innovative architectural designs and refined training methodologies. As a starting point, a

foundational baseline model is presented, showcasing the prowess of vision transformers in

the realm of pose estimation tasks. However, it is important to acknowledge that several open

challenges remain on the horizon, ripe for future exploration and investigation.

5.1.1 More kinds of inductive bias

The core emphasis of this thesis primarily revolves around two distinct forms of inductive

bias: locality and scale invariance. Through comprehensive exploration, it substantiates their

scalability and notable efficacy within the context of vision transformers via the proposed

ViTAE model. Nevertheless, the landscape of inductive bias in vision transformers remains

rich and ripe for further investigation. For instance, as illuminated in a recent study [189],

transformer models pre-trained using different methodologies exhibit a diverse spectrum of

attention distance distributions. This phenomenon serves as an indicator of various forms

of inductive bias. To illustrate, models trained via supervised learning tend to prioritize

neighboring regions within shallow layers, while expanding their focus to distant regions in

deeper layers. This implies that inductive bias towards locality plays a pivotal role in shallow

layers. Conversely, when employing self-supervised pre-training methods like masked image

modeling [56], attention distance distribution evens out across all layers. This suggests that

the capability to concurrently model objects of differing scales becomes particularly pertinent
112
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for models trained through self-supervised learning. In light of these findings, a critical

imperative emerges: the identification of the most paramount form of inductive bias for

specific vision tasks executed by vision transformers. This underscores the need to discern

which bias holds the utmost significance in guiding the performance of vision transformers

in distinct vision-based assignments. For example, for tasks related to remote sensing, the

inductive bias to explicitly model rotational angles will play an important role in improving

performance due to the greater flexibility in capturing viewpoints, whereas simply injecting

localization or scale invariance may not be optimal.

5.1.2 More efficient pre-training methods

The paradigm of pre-training followed by fine-tuning has become the de facto approach in

deploying vision models, largely due to the immense computational demands associated with

training large-scale models from scratch. In this thesis, we exemplify that through meticulous

pre-training, models imbued with acquired inductive bias can seamlessly transition to diverse

downstream vision tasks. This illuminates the pivotal role played by pre-training methods

in unlocking the potential inherent within vision transformers. In the initial stages, early

methods predominantly employed fully supervised learning to steer model learning. However,

the simplicity of this approach struggles to accommodate the resource-intensive nature of

large-scale data annotation for pre-training. Contrastive learning, in contrast, alleviates data

requisites and has been explored via diverse avenues. These encompass techniques such

as freezing the first layer within MoCov3 [29] and implementing centering operations as

observed in DINO [18]. More recently, taking inspiration from masked language modeling

pre-training in the realm of natural language, the masked image modeling (MIM) pre-training

method has been devised [56]. This methodology involves randomly obscuring portions of

images through masking, prompting the network to reconstruct the image. To optimize training

efficiency, diverse masking strategies have been investigated, including random masking and

attention-guided masking. Furthermore, the reconstruction target has emerged as a crucial

area of study, with various alternatives being employed [6, 179, 224]. These encompass VAE

tokenizers, HOG features, and signals from pre-trained models. The exploration of more
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efficient reconstruction targets during the pre-training of vision transformers stands as an

imperative avenue for further research.

5.1.3 Extension to multi-modality learning

It has been observed that vision transformers have obtained superior performance on a series

of vision tasks like the pose estimation task. However, they are difficult to generalize to unseen

classes due to the use of a pre-training and fine-tuning pipeline, where task-specific data is

combined with a task-specific design (e.g., the task-specific decoder in ViTPose). Utilizing the

information from another modality is a possible strategy to enhance the model’s generalization

ability. It is important to note that in contrast to CNN models tailored specifically for visual

tasks, transformer architectures inherently possess the adaptability to accommodate diverse

modality inputs, e.g., spanning both visual and language domains. Historically, strategies

such as those outlined in [134, 44] have been employed to reconcile different modalities. This

often involves utilizing distinct backbones for each modality and aligning them through loss

functions. However, these methods tend to overlook granular information since each modality

is modeled in isolation. To enhance inter-modality interaction, contemporary techniques

integrate both modalities by jointly inputting them into transformer models for feature extrac-

tion. Various tokenizers are employed to map data from disparate modalities into a shared

token space, and the design of these tokenizers constitutes a critical facet in multi-modality

pre-training. Early approaches [76] leverage simple structures like a single tokenizer layer,

often comprising a fully-connected or convolutional layer. Nonetheless, learning meaningful

interactions in shallow layers proves challenging due to the relatively limited semantic in-

formation available in both modalities. To address this, recent methodologies, exemplified by

CoCa [207], introduce stacked transformer layers as tokenizers. This enables embedding both

modalities into feature representations, subsequently leveraging cross-modality transformers

to further align these features. With the emergence of large-language models (LLMs), novel

techniques like those found in [102] endeavor to incorporate visual features into LLMs by

projecting them from pre-trained vision models to the language feature space via projection
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layers. Examples include the Q-Former utilized in BLIP-2 [88] and cross-attention mechan-

isms employed in Flamingo [3]. A key challenge moving forward is the design of innovative

structures adept at extracting features from disparate modalities, coupled with the formulation

of novel loss functions to effectively align these features.

5.1.4 Unified structures for different vision tasks

Different from natural language processing where versatile tasks can be tackled using pre-

trained language models by manipulating prompts, distinct decoders are typically essential to

adapt pre-trained vision models to various vision tasks. These decoders, such as classifier

layers for classification tasks or feature pyramid networks for detection and segmentation,

necessitate random initialization and updating using task-specific training sets. Could it

be possible to establish a unified model structure that seamlessly accommodates multiple

vision tasks, leveraging pre-trained models directly? This aspiration proves challenging

for CNN models, as they lack the capacity to accommodate auxiliary input information

like language descriptions or exemplars. However, the inherent flexibility of transformer

models offers a potential avenue for such unification. Certain efforts have ventured into

using exemplars to guide network learning, aiming to harmonize diverse vision tasks through

language-image or image-image exemplars. Crafting these methods necessitates meticulous

attention to training strategies and exemplar selection. An alternative approach leverages

language models to process task-specific instructions. For instance, LLaVA [102] harnesses

pre-trained language models to guide visual token processing with instructions, enabling

the network to undertake various image comprehension tasks. Similar strategies have been

explored in [219, 221, 230]. However, this strategy hinges on generating sets of task-specific

descriptions, where prompts play a pivotal role, and the design of the projection layer

warrants investigation. In these methodologies, pre-trained vision transformers serve as

vision encoders, with no further fine-tuning specific to the tasks at hand. Yet, the efficacy

of this seemingly straightforward approach in furnishing task-specific features for a diverse

range of vision tasks is uncertain, especially considering the noticeable disparity between the

zero-shot classification performance of these models and their fully fine-tuned counterparts.
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Consequently, it becomes imperative to delve into improved strategies that can more effectively

adapt pre-trained vision models to an array of distinct vision tasks.

5.2 Conclusion

In this thesis, we advance vision transformers by introducing inductive bias into them via

both structural design and training methods. Specifically, a novel backbone model ViTAE

(Chapter 2) is proposed with a parallel convolution branch for modeling locality and a pyramid

reduction module for capturing scale-invariance inductive bias. For the training method, a

region-swapping strategy is discussed in RegionCL (Chapter 3) to further promote the locality

information in contrastive pre-training. The performance of the pre-trained vision transformers

is demonstrated in pose estimation tasks via a novel baseline model ViTPose (Chapter 4),

where the ViTPose-G model with ViTAE-G backbone obtains the champion in the challenging

MS COCO, MPII, and OCHuman datasets without ensemble. Extensive experiments and

ablation studies are conducted to demonstrate the effectiveness of the proposed methods. We

hope this thesis can provide some insights for the community to emphasize the inductive bias

in vision transformers and help the community to further develop transformers in diverse

vision tasks.
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