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Abstract

This thesis explores the frontier of visual perception in computer vision by leveraging
the capabilities of Vision Transformers (ViTs) to create a unified framework that
addresses cross-task and cross-granularity challenges. Drawing inspiration from the
human visual system’s ability to process visual information at varying levels of detail
and the success of Transformers in Natural Language Processing (NLP), we aim to
bridge the gap between broad visual concepts and their fine-grained counterparts.

Our investigation is structured into three parts.

First, we delve into a range of training methods and architectures for ViTs, with
the goal of gathering valuable insights. These insights are intended to guide the
optimization of ViTs in the subsequent phase of our research, ensuring we build a

strong foundation for enhancing their performance in complex visual tasks.

Second, our focus shifts towards the recognition of fine-grained visual concepts, em-
ploying precise annotations to delve deeper into the intricate details of visual scenes.
Here, we tackle the challenge of discerning and classifying objects and pixels with
remarkable accuracy, leveraging the foundational insights gained from our initial

explorations of ViTs.

In the final part of our thesis, we demonstrate how language can serve as a bridge,
enabling vision-language models, which are only trained to recognize images, to
navigate countless visual concepts on fine-grained entities like objects and pixels

without the need for fine-tuning.
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Chapter 1

Introduction

1.1 Background

The human visual system has the remarkable ability to process visual information
at various levels of detail. For instance, upon observing another person, one might
initially perceive the individual in a general sense before choosing to concentrate on
finer aspects such as the face, eyes, or even eyebrows. This capacity demonstrates the
system’s aptitude for distilling visual input into hierarchical representations, ranging
from broad overviews to intricate details and from the fundamental building blocks

of pixels to complete objects.

Parallel to this, in the domain of computer vision, the methodology for understand-
ing visual concepts varies, encompassing a spectrum of frameworks and procedures.
These concepts are categorized into three primary entities: images, objects, and
pixels. To facilitate the recognition of these diverse visual elements, data is curated
with annotations at corresponding levels of granularity, and distinct task-specific

decoders are employed for analysis.

In this thesis, we address the methodologies for cross-task and cross-granularity

visual representation learning from a modern point of view. We aim to build a visual
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system that can simultaneously perform multiple tasks with different granularities.

To achieve this goal, we divide this problem into three parts:
1. The training techniques and architectural structure of Vision Transformers.

2. Learning to recognize fine-grained concepts (objects and pixels) with fine-

grained annotations.
3. Learning to recognize cross-granularity concepts in an open domain.

The introduction is arranged as the following: Section 1.2 introduces the motivations
of the thesis. Section 1.3 illustrates the outline and organization of the thesis.

Section 1.4 lists all research papers included in this thesis.

1.2 Motivation

1.2.1 Motivation from psychology.

Extensive psychological research has provided compelling evidence that human vi-
sion possesses the remarkable ability to analyze and interpret complex scenes through
the construction of compositional representations. This process involves discerning
part-whole relationships that span the spectrum from the granular elements, like pix-
els, to more abstract constructs such as parts, objects, and entire scenes [115, 139].
This ability underscores the human visual system’s integrative approach to percep-
tion, seamlessly blending various levels of granularity into a cohesive understanding
of the visual world. On the contrary, in the domain of computer vision, tasks are
segregated according to the granularity of the elements to be recognized, such as
images, objects, and pixels, each employing distinct architectures and weight pa-
rameters. This approach stands in contrast to the integrative mechanism of human

vision.

10
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1.2.2 Motivation from the field of NLP.

The Transformer [273] architecture has demonstrated its efficacy in processing sequence-
based data within the realm of Natural Language Processing (NLP), particularly
when trained on a large scale. By expanding the capacity of the model through
the utilization of extensive datasets, it is possible to construct foundational mod-
els [15, 74, 318] capable of addressing various tasks with different granularities in a
“zero-shot” fashion. Motivated by this, we aim to investigate the potential applica-
bility and effectiveness of Vision Transformers (ViTs) within the domain of computer
vision. Meanwhile, the foundation model in the field of NLP is highly dependent on

prompt engineering, which is rarely explored in the visual domain.

1.2.3 Motivation from multi-modal understanding.

Despite the variability in the granularity of visual entities within the visual domain,
ranging from broad scenes to specific objects and even to individual pixels, these
entities often converge within a unified labeling framework in the linguistic domain.
For instance, the description of a person can remain consistent whether referring to
their presence in a full image or within a more confined area, such as a bounding
box. This observation suggests a promising avenue for recognizing fine-grained vi-
sual concepts by anchoring them within the linguistic domain. Taking advantage
of the commonalities in language descriptions across different levels of visual de-
tail, it becomes possible to create a more unified and efficient framework for visual

recognition.

1.3 Thesis Outline and Contributions

This section illustrates the basic outline of the thesis and summarizes the key con-
tributions of all papers included. We group the thesis into three parts: explorations
of Vision Transformers, cross-task and cross-granularity visual perception and open-

vocabulary cross-granularity visual perception.

11
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Part I: Explorations of Vision Transformers

By investigating the structures of Vision Transformers (ViTs) [78], our goal is to
adapt the transformative capabilities of the Transformer architecture [273] in nat-
ural language processing to the realm of computer vision. This endeavor aims at
developing a foundational model for visual tasks, paralleling the success seen in

natural language processing.

Within this context, we demonstrate that incorporating inductive biases tailored
for 2D imagery can significantly enhance the efficiency and effectiveness of Vision
Transformers’ learning processes [78]. For instance, in Chapter 2, we experiment
with integrating a 2D window-based attention mechanism within the architecture.
Although such attention mechanisms typically incur high computational costs, our
innovative approach of separating local and global attentions allows us to maintain

detailed information while enlarging the model’s receptive field.

Additionally, our exploration reveals limitations in the conventional patch-wise di-
vision approach employed by Vision Transformers for processing 2D images, mainly
due to the uneven distribution of information across patches. To address this, we
provide solutions in two aspects. In Chapter 3, we introduce a progressive sam-
pling module into the architecture, enabling a more focused analysis on areas within
images that are informative. Furthermore, Chapter 4 explores how discrepancies
between the image inputs and the corresponding label spaces can be mitigated. We
achieve this by applying attention weights to the label assignment process during
the CutMix technique [332], thereby ensuring a more precise alignment between
the input data and its annotations. This adaptation not only improves the perfor-
mance of the model, but also aligns more closely with the nuanced nature of visual

perception.

12
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Part II: Cross-task and Cross-granularity Visual
Perception

Following our exploration of learning visual representations using Vision Transform-
ers in Part I, we advance our research by leveraging this knowledge towards crafting
a unified framework capable of recognizing a variety of visual entities. Our objec-
tive has been to develop a model proficient in cross-granularity visual perception,
utilizing both in-domain data and distinct training datasets. Specifically, in Chap-
ter 5, we introduce a model architecture based on a part-whole hierarchy, designed
to identify concepts at the image, object, and pixel levels. However, this approach
initially resulted in suboptimal performance, attributed to the disparate nature of

the data sources and the differing objectives of the training processes.

To overcome these challenges, we delve into the potential of harnessing in-domain
data to harmonize the training goals for disparate tasks. In Chapter 6, our investi-
gation focuses on aligning the training objectives of two distinct tasks, i.e. instance
segmentation and semantic segmentation. We discover that the training goal of the
simpler task can serve as a preliminary step, or a ’relaxed’ version, for the more
complex, composite task. This insight leads to a novel training strategy, whereby
starting with the simpler task accelerates and enhances the learning process for the
composite task. Through this methodology, we not only streamline the training
process but also achieve superior performance, thereby contributing to the advance-
ment of models that can navigate the intricacies of visual perception across different

levels of detail.

13
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Part III: Open-vocabulary Cross-granularity Vi-
sual Perception

Language serves as a comprehensive labelling framework encompassing a wide ar-
ray of visual concepts. However, the creation of fine-grained annotations, such as
bounding boxes and segmentation masks, is often constrained by high labelling costs.
As a result, the lexicons associated with most fine-grained visual datasets are rel-
atively narrow. Concurrently, vision-language foundation models like CLIP, which
are trained on pairs of images and text, typically lack the capacity for fine-grained

visual analysis due to their training on more generalized data.

In Chapter 7, we address this gap by demonstrating the feasibility of augmenting
a pre-trained CLIP model with fine-grained visual perception capabilities without
any training efforts, specifically for tasks such as image segmentation. This advance-
ment underscores the potential of leveraging language as a versatile and universal
descriptor to bridge the divide between broad visual concepts and their more de-

tailed, fine-grained counterparts.

1.4 Publications

The content spanning from Chapter 2 through to Chapter 7 is composed of an
individual research paper, each making a distinct contribution to the field. The
majority of these papers have undergone rigorous peer review and have been ac-
cepted for publication at leading conferences and journals, attesting to their quality
and the relevance of their findings. Chapter 5 presents a paper in pre-print status.
Aside from necessary formatting adjustments to ensure consistency across the dis-
sertation, no changes have been made to the original texts of these published works.

We provide a detailed listing of these papers below.

Chapter 2: Shuyang Sun, Xiaoyu Yue, Hengshuang Zhao, Philip HS Torr, and Song

Bai. Patch-based separable transformer for visual recognition. IEEE Transactions

14
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on Pattern Analysis and Machine Intelligence (T-PAMI), 2022.

Chapter 3: Xiaoyu Yue*, Shuyang Sun*, Zhanghui Kuang, Meng Wei, Philip HS
Torr, Wayne Zhang, and Dahua Lin. Vision transformer with progressive sampling.

In International Conference on Computer Vision (ICCV), 2021.

Chapter 4: Jie-Neng Chen*, Shuyang Sun*, Ju He, Philip HS Torr, Alan Yuille,
and Song Bai. Transmix: Attend to mix for vision transformers. In Conference on

Computer Vision and Pattern Recognition (CVPR), 2022.

Chapter 5: Shuyang Sun*, Xiaoyu Yue*, Song Bai, and Philip Torr. Visual parser:

Representing part-whole hierarchies with transformers. arXiv:2107.05790 (2021).

Chapter 6: Shuyang Sun, Weijun Wang, Andrew Howard, Qihang Yu, Philip Torr,
and Liang-Chieh Chen. ReMaX: Relaxing for better training on efficient panoptic

segmentation. In Advances in Neural Information Processing Systems (NeurIPS),

2023.

Chapter 7: Shuyang Sun*, Runjia Li*, Philip Torr, Xiuye Gu, and Siyang Li. CLIP
as RNN: Segment Countless Visual Concepts without Training Endeavor. In Con-

ference on Computer Vision and Pattern Recognition (CVPR), 2024.
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The paper has been accepted for publication at the IEEE Transactions on Pattern

Analysis and Machine Intelligence, 2022
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Patch-based Separable Transformer for

Visual Recognition

Shuyang Sun' Xiaoyu Yue? Hengshuang Zhao® Philip H.S. Torr! Song Bai*
YWniversity of Oxford  2The University of Sydney *Hong Kong University
‘Bytedance AI Research

kevinsun@robots.ox.ac.uk

Abstract

The computational complexity of transformers limits it to be widely deployed onto
frameworks for visual recognition. Recent work [78] significantly accelerates the
network processing speed by reducing the resolution at the beginning of the net-
work, however, it is still hard to be directly generalized onto other downstream
tasks e.g. object detection and segmentation like CNN. In this paper, we present
a transformer-based architecture retaining both the local and global interactions
within the network, and can be transferable to other downstream tasks. The pro-
posed architecture reforms the original full spatial self-attention into pixel-wise local
attention and patch-wise global attention. Such factorization saves the computa-
tional cost while retaining the information of different granularities, which helps
generate multi-scale features required by different tasks. By exploiting the factorized
attention, we construct a Separable Transformer (SeT) for visual modeling. Experi-
mental results show that SeT outperforms the previous state-of-the-art transformer-
based approaches and its CNN counterparts on three major tasks including image

classification, object detection and instance segmentation.

*The first two authors contribute equally to this work.
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Figure 1. Left: Vision Transformer (ViT) [78] directly projects all pixels of each patch
into global tokens and applies self-attention afterwards. Middle: the full spatial attention
(a.k.a. Non-local [288] block) takes all pixels of an image as inputs so that it will have huge
memory and computational cost when the resolution is high. Right: our SeT factorizes
the full spatial attention into (1) a pixel-wise attention that only interacts with local pixels
of each patch and (2) a patch-wise attention that reasons the global relationship between
patches.

1 Introduction

Convolutional Neural Networks (CNNs) [106, 159, 244] have been dominating nearly
all vision tasks since the emergence of AlexNet [159]. However, CNN has been
proven to be less effective when applied on some other sequential data like natural
language, where the attention-based Transformers [273] serve as the most popular
feature extractor. The attention model like Transformer [273], due to its data-
adaptive nature, conceptually have a larger capacity and preserve the translational
equivariance [224, 346]. These properties imply the potential of attention-based

models as a better engine for vision tasks.

Existing attention-based networks [78, 128, 224, 346] cannot be practically trans-
ferred onto downstream tasks due to the computational and memory inefficiency
[128, 346] or the lack of multi-scale features [78, 265]. These attention-based models
can be roughly divided into two kinds, (1) token-based global attention [78, 265]
and (2) convolution-like local attention [128, 224, 346]. To save the computational
and memory cost, Vision Transformer (ViT) [78] as a typical representation of the

token-based approach, proposes to summarize all pixels of independent patches into

19
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global visual tokens before feeding them into the Transformer encoder. However,
as human vision knows when and how to capture the information at the highest
resolution, an ideal visual processor should be capable to analyze both the local
and global information at the same time. Visual modeling without interacting with
the local information is counter-intuitive. As a consequence, the lack of local in-
formation modeling in ViT results in data-inefficiency and limited transferability to

downstream tasks that call for multi-scale features.

As for the local attention, although existing convolution-free networks [128; 224,
346] based on the pyramid architecture are data-efficient and could (conceptually)
be transferable to downstream tasks, all these works only propose local attention
within their building blocks, which limits the model in capturing long-range global
visual patterns. Besides, they are still memory-expensive, or too slow due to the
incompatibility with the modern hardware accelerator, or both. Such inefficiency
also prevents them to be widely deployed for other downstream vision tasks that

may need to process images of way larger resolutions.

The aim of this work is to construct a practical transformer-based network with
strong performance and transferability to down-stream tasks so that it can be used
as an alternative to conventional CNN. To this end, the network needs to take
advantages of both local and global interactions. As shown in Figure 1, similar to
ViT (Figure 1 left), we divide the entire image into N patches. However, instead of
projecting all pixels of each patch into global tokens, we first query the pixels of each
patch locally with their close neighbors using the pizel-wise multi-head attention.
After the local pixel-wise interaction, the spatial information of each patch will be
gathered, so that the patch-wise attention can use them to infer the correlation
among patches. The whole process can be also regarded as a spatial factorization of
the original full spatial attention (a.k.a. Non-local [288] block in Figure 1 middle).
Therefore we name it as Separable Transformer (SeT). Such factorization largely

reduces the memory cost compared to the full spatial attention so that both local

20
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and global attention can be practically applied even on large feature maps. In

summary, the contribution of this paper is three-fold:

1. By factorizing the full spatial attention into local pixel-wise attention and
patch-wise attention, SeT is the first transformer-based architecture retaining

both local and global interactions throughout the network.

2. SeT achieves state-of-the-art performance compared with existing transformer-
based architectures. Besides, SeT can be well transferred onto other down-

stream tasks like object detection and instance segmentation.

3. We also reveal that the it is the global interaction that makes the token-based
transformers to be unfriendly towards convergence. By enhancing the locality
of the transformer, SeT can be more data-efficient compared to the token-

based approaches e.g. ViT [78] and DeiT [265].

2 Related Work

Convolutional neural networks. Conventional CNNs have dominated the field
of computer vision. After the great success of AlexNet [159] for image classification,
lots of following powerful convolutional architectures are developed for image recog-
nition [106, 132, 222, 262]. They serve as the basic backbones for various down-
stream computer vision tasks, such as semantic segmentation [7, 347] and object

detection [93, 95, 105, 230).

Transformers and self-attention mechanisms for visual recognition. With
the success of Memory Networks [250] and Transformers [273] for natural language
modeling, lots of works in the field of computer vision attempted to migrate similar
self-attention mechanism as an independent block into CNNs for image classification

[12, 46, 130, 296], object detection [24, 127, 246] and video prediction [138, 288] etc.

Recent works tried to replace all convolutional layers in neural networks with local
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attention layers to build up self-attention based networks [58, 119, 127, 224, 343,
346]. Though these works are proven to be successful in improving performance while
reducing the network complexity in terms of FLOPS and the number of parameters.
The memory cost and runtime latency of these models are still very higher than the
conventional CNNs, which prevents them to be widely deployed for practical use. To
mitigate this problem, the Vision Transformer (ViT) [78] chose to largely reduce the
image resolution and only retain global information while processing. The success
of such radical change on image modeling is surprising but the downside is also
obvious. Compared with other existing models, ViT requires much more training
data for generalization and the results are still worse than the state-of-the-art CNN
counterparts e.g. [222, 262] when both models are well-tuned on ImageNet. Some
concurrent works like Swin Transformer [187], PVT [286] and MViT [86] use either
local attention or global attention for feature extraction. Another concurrent work
ViLL [343] propose both global and local interactions within its structure, which is
the most similar work to ours. However, its local attention is a convolution-like
self-attention with dense sliding window like [128, 224, 346], which will lead to very
high computational latency as we discussed above. Unlike the listed works above,
as a transformer-based network, our model can do both local and global attention

simultaneously as we cut down the computational cost via spatial grouping.

Task-specific transformers. In addition to the transformer based architectures
designed for image recognition, there are also task-specific transformer-based archi-
tectures as the transferability of the current transformer is still limited. Specifi-
cally, DETR [24] and its variant Deformable DETR [359], UP-DETR [66], Sparse
RCNN [252] are designed specifically for object detection and instance segmenta-
tion. What proposed in this paper is independent to these works as we intend to
build up a versatile transformer-based network that can be directly transferred onto

other down-stream tasks as the engine for extracting features.

Kernel factorization methods. Recent works design different efficient CNN ar-
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Figure 2. Overview of SeT. L; is the number of blocks of stage ¢. Here we show an
example when K = 3,0 = 1.

chitectures by factorizing the convolutions on the channel [126, 236, 306, 345], or
spatiotemporal dimension [308]. Our patch-based separable attention also takes
advantage of the grouping concept, but it is applied to spatial dimension instead.
Going beyond the spatial grouping, we also introduce to enlarge the reference scope
of the key and value so that pixels within the pixel-wise attention can have a larger

field of view and learn to model long-range interactions.

3 Patch-base Separable Transformer

The patch-based Separable Transformer (SeT) is primarily composed of two sub-

modules, the pixel-wise attention for extracting local features, and the patch-wise
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3.1 Overview

SeT can be regarded as a variant of the traditional Transformer Encoder. The basic

building block of SeT is exhibited in Figure 2. Given an input image z € RE*HxW,

the whole image is first divided into N query patches with no overlapping in

between. The patch size of each patch is K x K, so that N = PII{V;’ Note that
if HW cannot be exactly divided by K?2, then we will apply zero padding to the
input and mask it out like [24, 224] in the lateral self-attention modules. Apart from
these non-overlapping patches, we further crop N reference patches with a larger
patch size (K +20) x (K +20) and step size K, so that each pixel within the query
patch, especially those at the patch boundary, can refer to a wider neighborhood like

convolution. The prepared query patches and reference patches will be parallelly

sent into SeT for processing.

Before being sent to the self-attention modules, all pixels on the feature map will be
first transformed by a linear operation. The linear transformation will not change
the spatial size of each patch, instead, it maps the C' channels of each pixel into
D = C/B, which can be viewed as a bottleneck design with Bx channel reduction
like [106]. The transformed features will be then fed into the pixel-wise separable
attention. Following the query-key-value formulation of the original multi-head self-
attention, here in the pixel-wise attention, features of the query patch serve as
the query and those of the reference patch serve as the key and value. We adopt
the grouping concept in [273, 306] which applies independent groups of weights to
generate attention maps. The output of the pixel-wise attention are still patches

with local features corresponding to a specific part of input. Therefore a linear
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projection is needed to squeeze the spatial dimension of each patch into 1 so that
each patch is gathered as a visual token. These visual tokens will serve as the
ingredients of the patch-wise separable attention for global reasoning. In this way,

both the local and global information are modelled by SeT.

Following [273], skip connections are applied from the input to the output of the
separable attention module. We simplify the original feed-forward layer into a single
linear transformation followed with normalization after the identity mapping. The
transformed feature will be added to the input of the block to generate the final

output of the SeT building block.

3.2 Pixel-wise Separable Attention

Pixel-wise separable attention make pixels of each patch interact with their close
neighbors. All pixels z2 € RE**P of a specific patch p share a same neighbor-
hood 27 € R+20°XP " Given three learnable linear transformation with weights
Wy, Wi, W, we obtain three variables ¢, k, v representing the query, key and value
of the self-attention. Note that ¢ € RX XD g generated using contents in the query
patch 22 while the k,v € RET20°xD gr6 linear transformations of the content of
the reference patch 22. Following [12, 224, 246], a learnable relative positional em-
bedding r € RE+20)*xD i applied to capture the location information, in this way,

the attention affinity matrix M can be calculated as:

q=2"'W,,
k= J}fZWk,

(2.1)
v =abW,,

MZQ‘]CT—}—Q‘T'T’

where M € RE*x(K+20)? represents the correspondence between every pixel in the

query patch to pixels in the reference patch. Following the common practice, we
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further apply a softmax normalization on the matrix by:

1 eMi.j

M, = ——==——- 2.2
= T (22

A normalization factor \% is set here to prevent the output distribution of softmax

to be one-hot. The matrix M represents the affinity matrix between pixels of the

query patch and the reference patch. We can aggregate the values in v using M by:
Yy =M -v, (2.3)

where y? € RE**P represents the output of each head of the pixel-wise separable
attention. Following [273], the above process can run in multiple heads in parallel.

The output of each head will be stacked together as the final output.

3.3 Patch-wise Separable Attention

Patch-wise separable attention intends to update all pixels within each patch with
the inferred correlation with other patches. Given y = {y',...,yN} € RV**xD e
first normalize y with a BatchNorm [135] layer, then apply a linear transformation
to all K? pixels of the patch that maps K? dimension into 1, which is identical to
a weighted average pooling operation. Denote the down-sampled output as yq €
RN¥*P “and reshape y to NK? x D. Similar to the formulation of the pixel-wise
separable attention, we denote the linear transformations and their weights for the
patch-wise separable attention as ¢ € RNE**D and &/, o' € RV*P and Wy, Wi, Wy,

then the attention matrix can be formulated as:

q =yWy
k' = yaWi

(2.4)
v =y Wy

M/ — q/ . (k/)T + q/ . (,{,/)T7
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where 7 € RV*P represents the absolute positional embedding for all patches, and
M' € RNE**N Jenotes the affinity matrix between patches. Then the output of the

patch-wise separable attention can be calculated as:

Y S
VD3, M (2.5)
z=M -,
where z € RVE**D ig the final output of the patch-wise attention. Following [273],

we apply skip connections from the input z? to the output of the attention. Note
that the pixel-wise and patch-wise separable attention can be binded together or
applied independently. When both attention are applied together, the final output
of the entire attention module is z. If the global separable attention is not applied,
the final output will turn to be y. In Section 4, we will compare both effect of

applying the two separable attention modules.

3.4 Computational Cost of Separable Attention

The factorization above reduces the computational cost compared with the conven-
tional full spatial attention [246, 288]. Given the same input to the standard full
spatial attention, which takes the all2all interaction between every two pixels on a

feature map, its computational cost Cy,y can be calculated as:
Cruu = O(CHWHW), (2.6)
where the square of H x W will result in huge memory and computing cost when

the spatial size is high.

As for the computational cost of SeT, the computational complexity Cger is:

Cser = O(CK?*(K +20)* + CK?N?)
H2>W?

= O(CK*(K +20)*+C 7
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Table 1. General specification for SeT family. Building blocks of SeT are shown in

brackets.
Output .
Stage Resolution Block Settings
H W 7 x 7,64, Conv, stride 2
4 7 4 13 x 3 Max Pool, stride 2
[C' =64 x B
Stage; % X % D =064 x Ly
L G = 4 -
2 x 2 Avg Pool, stride 2
[C =128 x B]
H W
Stagez | § X % D=128 | x L,
- G = 8 -
2 x 2 Avg Pool, stride 2
C=256xB
H w
Stages | 5 X 16 D =256 | x L
L G = 8 -
2 x 2 Avg Pool, stride 2
[C =512 x B
H. ., W
Stages| 35 X 53 D=512 | x L4
G=8 |
1x1 1000, Linear

To make it clear, we calculate % for better comparison:

Coer _ CK?(K +20)* + CHR8=
Cru CH2W?
Cse 1 K%K +20)?
ST:_+—( +20) (2.8)
Cfu” K2 H2W2
Cser _ K*(K +420)°
Cran =~ H?W?

For simplicity, we ignore the fractional

% as we set K > 3 in practice. Since

normally a patch is just a small portion of the entire feature map, s.t. (K +20)? <

HW, Cser < Cpyy. SeT will save more computational cost when the feature map

resolution is high. The huge reduction in computation and memory cost makes it

possible to transfer attention onto larger feature maps.
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Table 2. Hyper-parameters for models of SeT family.

Number of Blocks

Model Ly, Ly, Ly, Ly] B K O
SeT-8 2,2,2,2] 2 8 2
SeT-16 3,4,6, 3] 4 8 2

SeT-33  [3,4,23,3] 4 8 2

3.5 Network Structure

To construct an entire network using the above basic block, we first divide the whole
network into four stages according to the resolution of their feature maps. Note that

the network is constructed with the following hyper-parameters:
o B is the bottleneck factor
o G represents the number of heads (groups) of the multi-head attention.
o (' represents the number of channels for the input and output of each block.
e Ly, Ly, L3, Ly are the numbers of blocks for stage 1,2, 3,4 respectively.

o K, K420 are the patch sizes of query patch and reference patch as illustrated

above.

We build up three models named SeT-8, set-16 and SeT-33 according to the number
of the building blocks. Based on the experimental results in Section 4, for the first
two stages of SeT, we only use pixel-wise attention in the building blocks, while for
the last two stages, both pixel-wise local attention and patch-wise global attention

are applied.

Apart from the attention model, we also construct a hybrid model by replacing all
separable attention components of the building block with a 3 x 3 convolutions at

the first two stages of the network.
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4 Experiments for Image Classification

4.1 Implementation Details on ImageNet

We first conduct experiments for image classification on the ImageNet 2012 classi-
fication dataset [233] that includes 1000 classes. There are 1.2 million images for
training and 50 thousands images for validation. Unlike ViT [78], which is pre-
trained on other datasets e.g. ImageNet-21k, we only train our network on the
training set of ImageNet. We train the network using a batch size of 2048. The
learning rate is first warmed up for 5 epochs from 0 to 0.6 and will be decreased
to 0 at the end of the training process following a cosine annealing schedule [195].
Previous transformer-based backbones like [78, 265] heavily rely on the data aug-
mentation and regularization, as the learnt weights are data-dependant. However,
we find our network can be well-tuned with much fewer bells and whistles. Details

about this will be discussed in the following sections.

4.2 Experimental results on ImageNet

We show the experimental results on ImageNet in Table 3, which includes results
for both CNN architectures e.g. ResNet [106], SEResNet[130] and RegNet [222] and
transformer-based architectures e.g. ViT [78], DeiT [265], Local Relation Networks
(LRNet) [128] and Stand-Alone Networks (SAResNet) [224]. Note that we categorize
the attention models like [128, 224] as transformer-based architectures because the

whole backbone of attention model is identical to a transformer encoder.

SeT ws. Token-based Transformers. We first compare SeT to the token-based
Vision Transformer (ViT), which radically reduces the image resolution at the be-
ginning of the network. When both networks are trained from scratch only training
on the training set of ImageNet, SeT-33 can outperform ViT-B by 4.9% with only
about half of its number of parameters and FLOPS. The remarkable improvement

on ImageNet demonstrates the importance of retaining the local features for image
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Table 3. Experimental results on ImageNet. ' represents our enhanced re-implementation
using training tricks e.g. Mixup and AutoAug shown in the second last row of Table 5.

Model Params | FLOPS | throughput Top-1
(M) (G) (img/s) | Acc (%)
CNN Architectures
ResNet-50 [106] 25.5 4.1 1226 76.2
ResNet-101 [106] 44.4 7.8 753 77.4
ResNet-152 [106] 60.0 11.6 526 78.3
ResNet-504+" 25.5 4.1 1226 78.6
ResNet-101++" 44.4 7.8 753 80.4
RegNetY-4G++ [265] 20.6 4.0 1156.7 80.0
RegNetY-8G++ [265] 39.2 8.0 591.6 81.7
Transformer Architectures
ViT-B1384 [78] 86.4 55.4 85.9 77.9
DeiT-Ti [265] 5.7 1.6 2536.5 72.2
DeiT-S [265] 22.1 4.6 940.4 79.8
DeiT-B [265] 86.6 17.6 292.3 81.8
LRNet-18 [128] 14.4 2.5 - 74.6
LRNet-50 [128] 23.3 4.3 - 77.3
LRNet-101 [128] 42.0 8.0 - 78.5
Swin-Ti [187] 29 4.5 755 81.3
Swin-S [187] 50 8.7 437 83.0
MViT-B-maxpool [86] 37 7.8 - 82.5
MViT-B [86] 37 7.8 - 83.0
PVT-T [286] 13.2 1.9 - 75.1
PVT-S [280] 24.5 3.8 - 79.8
PVT-M [286] 44.2 6.7 - 81.2
SAResNet-26 [224] 13.7 2.7 - 74.8
SAResNet-50 [224] 18.0 3.6 - 77.6
SeT-8 9.7 1.8 1336 78.1
SeT-16 24.7 4.4 683 81.7
SeT-33 40.3 7.7 401 83.3
recognition.

Another token-based vision transformer, DeiT, is also listed in Table 3 for compar-
ison. We note that DeiT is concurrent to our work. The basic structure of DeiT
is identical to what proposed in ViT. The biggest difference between them is that
DeiT can achieve competitive performance on ImageNet without using any addi-
tional datasets for pre-training. DeiT manages to do this by successfully finding
extensive data augmentations and regularization techniques. When compare SeT
with DeiT, we observe that SeT-8 can surpass DeiT-Tiny by a significant 5.9% in

terms of top-1 accuracy. As for small models like set-16, it can outperform DeiT-S
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Table 4. Experimental results on ImageNet when applying factorization on DeiT.

Top-1
Model Params (M) | FLOPS (G) Acc (%)
DeiT-S [265] 22.1 4.6 79.8
SeT-ViT-S 23.9 4.2 80.4

by 1.7% with much fewer data augmentations and training tricks, which indicates
that SeT is much more data-efficient than the DeiT. SeT-33 as a larger model in the
SeT family can achieve comparable performance to DeiT with 56.3% fewer FLOPS
and 53.1% fewer parameters. As for some other concurrent Transformers like PVT
[286] and Swin Transformer [187], SeT can also show its superior performance. For
example, SeT-8 can outperform PVT-T by a significant 3%, and SeT-16 can out-

perform PVT-S and Swin-T by 1.9% and 0.4% respectively.

SeT wvs. Local-aware Transformers. SeT is better than existing local-aware
models. Apart from token-based methods, we further compare SeT with other
local-aware attention backbones e.g. LRNet[128] and SAResNet[224]. LRNet [128§]
is designed for inferring local relationship between pixels with attentive mechanism.
As shown in Table 3, SeT outperforms LRNet when compared under similar model
capacity. As for the comparison with SAResNet, SeT-8 can surpass SAResNet26 by
3.5% with about 33.3% fewer FLOPS. The comparison with local-aware attention-

based models demonstrates the significance of the global attention in SeT.

SeT ws. CNN architectures. In this part, we observe that SeT can be comparable
with the state-of-the-art CNN architectures when FLOPS < 8G. We compare SeT
with CNN baselines including ResNet [106], Squeeze-Excite (SE) ResNet [130] and
RegNetY (w/ SE). In addition to the results of their original paper, we also compare
with their better-tuned versions (followed by ++ in Table 3) reported in [246, 265]
for fair comparison. Note that the tricks like data augmentation and regularization
applied on these baselines can lead to significant improvement. For example, the

top-1 accuracy of SEResNet50++ is 2.5% higher than its original version. The

32



Towards Unified Visual Perception

Table 5. Training tricks used for improving DeiT and SeT. SeT can outperform DeiT
with much fewer data augmentations and regularization techniques.

o0 g
= -
S 2 ¥ % 5158 % T & = .
E TS5 8 5124 8 5| = |4
g 8 & X =2 =/ 2 o a4 Q9 = o)
< = — = Q < = Q < Q o
Model o R e = e | Top-1
DeiT-S | AdamW | v X v VvV Vv |v Vv Vv v | GELU | 300 | 79.8
ViT-B SGD X v v X X | X v X v | GELU]| 300 | 715
X X X X X | X v X v | ReLU | 350 | 79.2
SeT.16 | SGD | X X X X X |X v X /| SILU |35 | 796
X v v X X | X v X v | SiLU | 350 | 80.5
AddamW | v X v V V|V V X /| SiLU | 300 | 817

Table 6. vand Xin the brackets represent the existence of the module in stage [1, 2, 3, 4].
If both the pixel-wise and patch-wise attentions are not applied, then a 3 x 3 convolution is
placed as alternative, making it to be a hybrid model. Models without postfix are trained
for 120 epochs without bells and whistles. ++ indicates that the model is trained under
the training regime shown in the last row in Table 5.

Model P?ﬁ;ns FIEC(;?)P ® | Pixel-wise | Patch-wise Top(—(%)Acc
25.5 4.1 (XX XX | [X.XXX] |76.9
24.8 4.2 XX/ V]| XXV /] | 781 (+1.2)
SeT-16 24.2 41 |V V]| XXV V] [782 (+1.3)
19.2 3.8 |V V]| [XXXX [77.5(+0.6)
24.7 44 |V V|V V]]756*F
SeT- 164+ 24.2 41 |V V]| XXV /] [81.3
24.7 44 |/ V]| V] |8LT

proposed SeT achieves 1.4% — 1.9% superior to SEResNet. As for the comparison

with RegNetY, the top-1 accuracy between these two models are very close.

4.3 SeT is data-efficient compared to ViT/DeiT

As discussed above, SeT is better than ViT in term of accuracy. Here we further
show that SeT is more data-efficient compared with the token-based transformers
e.g. ViT and DeiT. Table 5 exhibits the data augmentations and regularization
techniques we used compared to ViT and DeiT. Unlike ViT that pre-trains itself
on other extra-large datasets like ImageNet-21k and JFT. SeT is only trained with

the data in the training set of ImageNet. Instead of first training on other datasets,
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Table 7. Relative positional encoding is significantly better than the absolute positional
encoding.

Positional Top-1
Encoding Params | FLOPS Ace (%)

Relative 24.2 4.1 80.5
Absolute 24.2 4.0 78.1

DeiT proposes to train their network only using the data of ImageNet and achieves
a competitive result by adopting heavy data augmentations and regularization tech-
niques. As shown in Table 5, when compared with DeiT, SeT-16 can achieve even
more competitive results on ImageNet trained with much fewer data augmentations,
and techniques for regularization. The last row of Table 5 show that the performance
of SeT can be further improved using those bells and whistles like Mixup [340] and
Auto-augmentation [61] and SiLU [226]. Concretely, tricks including repeated aug-
mentation [121], random augmentation [62], CutMix [332], random erase [351] and
color jittering [159] are used for improving DeiT but are not applied to SeT. We
also notice that SeT can be well-tuned by SGD while DeiT or ViT can only be well-
optimized using Adam [146]. This demonstrates that SeT is more data-efficient than
the token-based transformers, which further implies the importance of retaining the

local features in visual modeling.

As shown in Table 4, we also found that when applying the factorization proposed
in this paper to DeiT-S, our method can further boost the baseline performance
with lower computational cost. For all ablation studies in this paper we propose the

training regime in the fourth row of Table 5 if not specified.

4.4 Effects of local and global separable attention

Table 6 shows the effects of applying local and global attention into SeT. As all
images we feed into the network are of size 224 x 224, the size of the feature map
(7 x 7) at the last stage will be smaller than the query patch size we set (8 x 8).

Therefore, the pixel-wise local attentions here at the last stage are equivalent to the
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Table 8. Average Precision (%) of instance segmentation and object detection with Mask
RCNN on MS COCO wval-2017 . AP and AP? denote the average precision for masks
and bounding boxes respectively, and AP, AP}, AP} denote the AP for small, medium
and large objects respectively. + denotes better training regime using Adam optimizer
and multi-scale training proposed in [286].

Instance Segmentation Object Detection
Backbone P?;all)ns F%g)P “lapm AP /APTY, /APT|APT; / APTAPY APY/APY, /APS |APL /AP,
ResNet-50 44.2 180 |34.7 18.3/37.4/47.2 | 55.7/37.2 |38.2 21.9/40.9/49.5 | 58.8/41.4
SeT-16 | 41.3 | 196 [37.2 (+2.5) 21.6/40.3/49.9 | 60.1/39.0 |40.6 (+2.4)| 25.6/44.0/52.6 | 63.4/43.7
PVT-S+ | 44.1 | 230 [37.8 (+3.1)| 20.4/40.3/53.6 | 60.1/40.3 |40.4 (+2.2)| 22.9/43.0/55.4 | 62.9/43.8
Swin-T+ | 48 | 267 [39.8 (+5.1) 24.4/43.3/54.3 | 63.3/42.7 |43.7 (+5.5)| 28.5/47.0/57.3 | 66.6/47.7
SeT-16+ | 41.3 | 196 [39.9 (+5.2) 24.4/43.3/54.3 | 63.3/42.7 |44.0 (+5.8) 29.7/47.8/57.2 | 66.8/48.0

Table 9. Experimental results for object detection when embedding into RetinaNet. *

SAResNet-50 is trained with a longer training schedule for 150 epochs.

Backbone Params|FLOPs|AP® APY%/APY,/APY |APE, /AP,
ResNet-50 | 37.7M | 239G |36.5 20.4/40.3/48.1 | 55.4/39.1
SAResNet-50%| - _136.6(+0.1)| 18.5/40.6/51.6 | 54.5/39.2
SeT-16 36.9M | 255G [39.2(12.7)| 24.4/42.9/50.6 | 60.3/41.3

global attention as it can capture all the content of the image. However, in this
case, we can still apply patch-wise here so that the weights within the patch-wise
attention module can be pre-trained for the down-stream tasks e.g. object detection
and instance segmentation that need to process images at higher resolutions. We
note that all results are trained with 120 epoch using the tricks shown in the second
row of Table 5. As shown in 6, when compare the third row with the fourth row,
the application of the patch-wise attention in stage 3,4 leads to 0.7% gain
on ImageNet. However, when applying global attention to the shallow stages
like Stage 1 and Stage 2 (last row in Table 6), we observe that the network suffers
from an under-fitting problem and cannot be well-tuned using the same training
regime. When using the Adam optimizer and trained under the training regime
shown in the last row of Table 5, our SeT-16 can be well-tuned and achieve its
best performance 81.7%. The comparison between the third and the fifth row also

reveals that applying global interactions in the early stages can be the reason why
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transformer-based method can be hard to be tuned under SGD optimizer. We also
observe that SeT can be successfully combined with CNN architectures (the second
row in Table 6). If we replace all convolutions within the stage 3, 4 with the separable

attention, the network can have an obvious 1.2% gain compared with the baseline.

4.5 Relative vs. Absolute positional encoding

Recent works [12, 224] propose relative positional encoding to incorporate location
information into contents. The relative positional encoding Table 7 demonstrates
the significance of the relative positional encoding r we proposed in the pixel-wise
attention. With just a fractional increase in FLOPS;, the relative positional encoding

performs 2.4% higher than the absolute one.

5 Experiments on MS COCO

Thanks to the pyramid-style design, SeT can be transferred onto other down-stream
tasks that require multi-scale features e.g. object detection and instance segmenta-
tion. We evaluate SeT on the challenging MS COCO dataset, which consists of
115k images for training (train-2017) and 5k images (val-2017) for validation. We
train models on train-2017 and report the results on val-2017. All reported results
follow the official definition of Average Precision (AP) metrics by MS COCO, which
includes AP5y and AP75 (averaged over IoU thresholds) and APg, APy, AP, (AP
at different scales). Annotations of MS COCO include both bounding boxes and

polygon masks for object detection and instance segmentation respectively.

We embed SeT into two popular frameworks. The one is RetinaNet, which is an one-
stage detector for object detection. The other is Mask-RCNN, which is a two-stage
detector that can do object detection and instance segmentation simultaneously. All
modules of SeT except for the positional encoding of the patch-wise attention are
first pre-trained on ImageNet before conducting experiment on MS COCO. Note

that the activation function we used here is ReLU instead of SiLU.
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Integrate SeT into RetinalNet. We first integrate SeT into the popular one-stage
detector RetinaNet [177] for object detection. We use SeT as the backbone followed
by a Feature Pyramid Network (FPN) [176] to refine the multi-scale features of the
network. We take 16 images in one batch for 12 epochs (1x) for training. The
learning rate is initially warmed up for 500 steps from 0 to 0.02 and then decayed

after 8 and 11 epochs by a factor of 0.1.

Table 9 compare set-16 with the other two baselines ResNet-50 and SAResNet-50.
Despite the longer training schedule of SAResNet (150 epochs), SeT still outperforms
SAResNet by a clear 2.6%. When comparing SeT with ResNet-50, SeT achieves a
significant 1.8%. We also notice that SeT is remarkably better in detecting small
objects. To be specific, in terms of the AP of small objects (AP%), SeT performs
4.0% better than ResNet-50, and 5.9% better than SAResNet. The improvement

compared with these two baselines validate the efficacy of the global attention.

Integrate SeT into Mask-RCNN. We further embed SeT into the two-stage
framework Mask-RCNN for object detection and instance segmentation. Similar
to what proposed in RetinaNet, we also integrate the features of SeT into FPN
for multi-scale interactions. All models reported in Table 8 are trained under a
1x scheme. As shown in Table 8, SeT is 2.5% higher than ResNet-50 for instance
segmentation and 2.4% higher for object detection. This means that the multi-scale
features extracted from SeT can be generalized onto the down-stream tasks that
require precise modeling of the input images. We also train our network under a
better training regime for transformers proposed in [286] to further validate the
efficacy of our network. As shown in Table 8, under the same training regime
(denoted with a 4+ behind), our network SeT-16 can outperform PVT by a significant
2.1% for instance segmentation and 3.6% for object detection. It can also slightly
outperform Swin-T as shown in Table 8. This validates the importance of preserving

the local features for the input image.

In conclusion, the success on object detection and instance segmentation demon-
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strates the transferability of SeT to down-stream tasks. We thereby draw the con-
clusion that SeT can be a promising approach to be used as an alternative to the

conventional CNN.

6 Conclusion

In this paper, we present SeT that factorizes the original full spatial self-attention
into pixel-wise local attention and patch-wise global attention. Such factorization
largely reduces the computational cost while retaining the information of different
granularity, which helps generate multi-scale features required by different tasks.
Extensive experiments demonstrate that SeT performs better than the state-of-the-
art transformer-based approaches on ImageNet, and can be well transferred to other

down-stream tasks e.g. object detection and instance segmentation.
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Abstract

Transformers with powerful global relation modeling abilities have been introduced
to fundamental computer vision tasks recently. As a typical example, the Vision
Transformer (ViT) directly applies a pure transformer architecture on image classi-
fication, by simply splitting images into tokens with a fixed length, and employing
transformers to learn relations between these tokens. However, such naive tokeniza-
tion could destruct object structures, assign grids to uninterested regions such as
background, and introduce interference signals. To mitigate the above issues, in
this paper, we propose an iterative and progressive sampling strategy to locate dis-
criminative regions. At each iteration, embeddings of the current sampling step
are fed into a transformer encoder layer, and a group of sampling offsets is pre-
dicted to update the sampling locations for the next step. The progressive sampling
is differentiable. When combined with the Vision Transformer, the obtained PS-
ViT network can adaptively learn where to look. The proposed PS-ViT is both
effective and efficient. When trained from scratch on ImageNet, PS-ViT performs
3.8% higher than the vanilla ViT in terms of top-1 accuracy with about 4x fewer

parameters and 10x fewer FLOPs.

*The first two authors contribute equally to this work.
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Figure 1. Comparison between the naive tokenization scheme in ViT [79] and the pro-
gressive sampling in our proposed PS-ViT. (a) The naive tokenization scheme generates a
sequence of image patches which are embedded and then fed into a stack of transformers.
(b) Our PS-VIiT iteratively samples discriminative locations. XN indicates N sampling
iterations.

1 Introduction

Transformers [75, 274] have become the de-facto standard architecture for natural
language processing tasks. Thanks to their powerful global relation modeling abil-
ities, researchers attempt to introduce them to fundamental computer vision tasks
such as image classification [42, 79, 225, 266, 297], object detection [25, 67, 259, 349,
360] and image segmentation [281] recently. However, transformers are initially tai-
lored for processing mid-size sequences, and of quadratic computational complexity
w.r.t. the sequence length. Thus, they cannot directly be used to process images

with massive pixels.

To overcome the computational complexity issue, the pioneer Vision Transformer
(ViT) [79] adopts a naive tokenization scheme that partitions one image into a se-
quence of regularly spaced patches, which are linearly projected into tokens. In this
way, the image is converted into hundreds of visual tokens, which are fed into a stack

of transformer encoder layers for classification. ViT attains excellent results, espe-
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Figure 2. Comparisons between PS-ViT with state-of-the-art networks in terms of top-1
accuracy on ImageNet, parameter number, FLOPs, and speed. The chart on the left, mid-
dle and right show top-1 accuracy vs. parameter numbers, FLOPs and speed respectively.
The speed is tested on the same V100 with a batch size of 128 for fair comparison.

cially when pre-trained on large-scale datasets, which proves that full-transformer
architecture is a promising alternative for vision tasks. However, the limitations of
such a naive tokenization scheme are obvious. First, the hard splitting might sep-
arate some highly semantically correlated regions that should be modeled with the
same group of parameters, which destructs inherent object structures and makes the
input patches to be less informative. Figure 1 (a) shows that the cat head is divided
into several parts, resulting in recognition challenges based on one part only. Sec-
ond, tokens are placed on regular grids irrespective of the underlying image content.
Figure 1 (a) shows that most grids focus on the uninterested background, which

might lead to the interesting foreground object is submerged in interference signals.

The human vision system organizes visual information in a completely different way
than indiscriminately processing a whole scene at once. Instead, it progressively and
selectively focuses attention on interesting parts of the visual space when and where
it is needed while ignoring uninterested parts, combining information from different

fixations over time to understand the scene [231].

Inspired by the procedure above, we propose a novel transformer-based progressive
sampling module, which is able to learn where to look in images, to mitigate the
issues caused by the naive tokenization scheme in ViT [79]. Instead of sampling
from fixed locations, our proposed module updates the sampling locations in an it-

erative manner. As shown in Figure 1 (b), at each iteration, tokens of the current
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sampling step are fed into a transformer encoder layer, and a group of sampling
offsets is predicted to update the sampling locations for the next step. This mech-
anism utilizes the capabilities of the transformer to capture global information to
estimate offsets towards regions of interest, by combining with the local contexts
and the positions of current tokens. In this way, attention progressively converges to
discriminative regions of images step by step as what human vision does. Our pro-
posed progressive sampling is differentiable, and readily plugged into ViT instead of
the hard splitting, to construct end-to-end Vision Transforms with Progressive Sam-
pling Networks dubbed as PS-ViT. Thanks to task-driven training, PS-ViT tends to
sample object regions correlated with semantic structures. Moreover, it pays more
attention to foreground objects while less to ambiguous background compared with

simple tokenization.

The proposed PS-ViT outperforms the current state-of-the-art transformer-based
approaches when trained from scratch on ImageNet. Concretely, it achieves 82.3%
top-1 accuracy on ImageNet which is higher than that of the recent ViT’s variant
DeiT [266] with only about 4x fewer parameters and 2x fewer FLOPs. As shown in
Figure 2, we observe that PS-ViT is remarkably better, faster, and more parameter-

efficient compared to state-of-the-art transformer-based networks ViT and DeiT.

2 Related Work

Transformers are first proposed for sequence models such as machine translation [274].
Benefiting from their powerful global relation modeling abilities, and highly efficient
training, transformers achieve significant improvements and become the de-facto

standard in many Natural Language Processing (NLP) tasks [16, 75, 217, 221].

Transformers in Computer Vision. Inspired by the success of transformers in
NLP tasks, many researchers attempt to apply transformers, or attention mechanism
in computer vision tasks, such as image classification [13, 42, 79, 128, 225, 256, 266,

297], object detection [25, 67, 259, 330, 349, 360], image segmentation [281], low-

43



Towards Unified Visual Perception

level image processing [29, 215, 315], video understanding [291] generation [294],
multi-modality understanding [44, 167, 251], and Optical Character Recognition
(OCR) [240, 285, 329]. Transformers’ powerful modelling capacity comes at the
cost of computational complexity. Their consumed memory and computation grow
quadratically w.r.t. the token length, which prevents them to being directly applied
to images with massive pixels as tokens. Axial attention [120] applied attention along
a single axis of the tensor without flattening to reduce the computational resource
requirement. iGPT [42] simply down-sampled images to one low resolution, trained
a sequence of transformers to auto-regressively predict pixels and achieved promising
performance with a linear probe. ViT [79] regularly partitioned one high-resolution
image into 16 x 16 patches, which were fed into one pure transformer architecture
for classification, and attained excellent results even compared to state-of-the-art
convolutional networks for the first time. However, ViT needs pretraining on large-
scale datasets, thereby limiting their adoption. DeiT [266] proposed a data-efficient
training strategy and a teacher-student distillation mechanism [117], and improved
ViT’s performance greatly. Moreover, it is trained on ImageNet only, and thus
considerably simplifies the overall pipeline of ViT. Our proposed PS-ViT also starts
from ViT. Instead of splitting pixels into a small number of visual tokens, we propose
a novel progressive sampling strategy to avoid structure destruction and focus more

attention on interesting regions.

Hard Visual Attention. PS-ViT as a series of glimpses akin to hard visual atten-
tion [5, 82, 205, 313], makes decisions based on a subset of locations only in the input
image. However, PS-ViT is differentiable and can be easily trained in an end-to-
end fashion while previous hard visual attention approaches are non-differentiable
and trained with Reinforcement Learning (RL) methods. These RL-based methods
have proven to be less effective when scaled onto more complex datasets [82]. More-
over, our PS-ViT targets at progressively sampling discriminative tokens for Vision
Transformers while previous approaches locate interested regions for convolutional

neural networks [5, 82, 205] or sequence decoders [313]. Our work is also related
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Name Description

the feature map extracted by the

F RC x HxW
< feature extractor module

p: € R2*() | the sampling points at the iteration ¢

the position embeddings at the

Cx(nxn)
P, eR iteration ¢

the sampling offsets at the

RQx(an) ) _
0 € iteration ¢

tokens sampled from F at

! Cx(nxn)
T, eR the iteration t

tokens predicted by the progressive

Cx(nxn)
T eR sampling module at the iteration ¢

Table 1. The list of symbols and notations used in this paper.

to the deformable convolution [65, 358] and deformable attention [359] mechanism,
however, the motivation and the way of pixel sampling in this work are different

from what proposed in the deformable convolution and attention mechanism.

3 Methodology

In this section, we first introduce our progressive sampling strategy and then describe
the overall architecture of our proposed PS-ViT network. Finally, we will elaborate
on the details of PS-ViT. Symbols and notations of our method are presented in

Table 1.

3.1 Progressive Sampling

ViT [79] regularly partitions one image into 16 x 16 patches, which are linearly
projected into a set of tokens, regardless of the content importance of image regions
and the integral structure of objects. To pay more attention to interesting regions
of images and mitigate the problem of structure destruction, we propose one novel
progressive sampling module. As it is differentiable, it is adaptively driven via the

following vision transformer based image classification task.
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Figure 3. The architecture of the progressive sampling module. At each iteration, given
the sampling location p; and the feature map F, we sample the initial tokens T; at p; over
F. which are element-wisely added with the positional encodings P; generated based on
p:, and the output tokens T;_1 of the last iteration, and then fed into one transformation
encoder layer to predict the tokens T, of the current iteration. The offset matrix o; is
predicted via one fully-connected layer based on T, which is added with p; to obtain the
sampling positions py4+1 for the next iteration. The above procedure is iterated N times.
Our progressive sampling module is an iterative framework. Given the input feature
map F € ROF*XW with C', H, and W being the feature channel dimension, height

RE*(xn) wwhere

and width respectively, it finally outputs a sequence of tokens T €
(n x n) indicates the number of samples over one image and N is the total iterative

number in the progressive sampling module.

As shown in Figure 3, at each iteration, the sampling locations are updated via

adding them with the offset vectors of the last iteration. Formally,

pt+1:pt+0t7 t€{1>"'7N_1}7 (31)

where p; € R and o, € R**("*" indicate the sampling location matrix and
the offset matrix predicted at the iteration ¢. For the first iteration, we initialize

the p; to be the regularly-spaced locations as done in ViT [79]. Concretely, the i-th
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location pi is given by

T=1—T7 *n (3.2)
sp=H/n
Sw = W/n,

where 7/ and ¥ map the location index i to the row index and the column one
respectively. |-| indicates the floor operation. s; and s, are the step size in the y
and x axial direction respectively. Initial tokens are then sampled over the input

feature map at the sampled locations as follows:

T, =F(p:), t€{1,...,N}, (3.3)

where T}, € RE*(™*") is the initial sampled tokens at the iteration ¢. As elements of
p: are fractional, the sampling is implemented via the bilinear interpolation opera-
tion, which is differentiable w.r.t. both the input feature map F and the sampling
locations p;. The initial sampled tokens, the output tokens of the last iteration, and
the positional encodings of the current sampling locations are further element-wisely
added before being fed into one transformer encoder layer to get the output tokens

of the current iteration. Formally, we have

P, = W;p,
X, =T, &P, ®T,_, (3.4)

T, = Transformer(X;), t € {1,..., N},

where W, € R¢*? is the linear transformation that projects the sampled locations
p: to the positional encoding matrix P, of size C' x (n x n), all iterations share the

same W,. @ indicates the element-wise addition while Transformer(+) is the mulit-
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head self-attention based transformer encoder layer, which will be elaborated in
Section 3.3. Note that T is a zero matrix in Equation (3.4). ViT [79] uses the 2-D
sinusoidal positional embeddings of patch indices. Since their patches are regularly
spaced, patch indices can exactly encode the relative coordinates of patch centers in
one image. However, it does not hold true in our case as our sampled locations are
non-isometric as shown in Figure 1. We project the normalized absolute coordinates
of sampled locations to one embedding space as the positional embeddings instead.
Finally, the sampling location offsets are predicted for the next iteration except at

the last iteration as follows:

Ot:MtTt, te {1,,N—1}, (35)

where M, € R?*® is the learnable linear transformation for predicting the sampling

offset matrix.

With the progressive sampling strategy, the sampled locations progressively converge

to interesting regions of images. Therefore, we name it by progressive sampling.

3.2 Overall Architecture

As shown in Figure 4, the architecture of the PS-ViT consists of four main com-
ponents: 1) a feature extractor module to predict dense tokens; 2) a progressive
sampling module to sample discriminative locations; 3) a vision transformer module
that follows the similar configuration of ViT [79] and DeiT [266]; 4) a classification

module.

The feature extractor module aims at extracting the dense feature map F, where the
progressive sampling module can simple tokens T;. Each pixel of the dense feature
map F can be treated as a token associated with a patch of the image. We employ
the convolutional stem and the first two residual blocks in the first stage of the

ResNet50 [102] as our feature extractor module because the convolution operator is
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Figure 4. Overall architecture of the proposed Progressive Sampling Vision Transformer
(PS-ViT). Given an input image, its feature map F is first extracted by the feature ex-
tractor module. Tokens T; are then sampled progressively and iteratively at adaptive
locations p; over F in the progressive sampling module. The final output tokens T of
the progressive sampling module are padded with the classification token T and further
fed into the vision transformer module to refine T, which is finally classified in the
classification module.

especially effective at modeling spatially local contexts.

The vision transformer module follows the architecture adopted in ViT [79] and
DeiT [266]. We pad an extra token named by the classification token T € REx1
to the output tokens Ty of the last iteration in the progressive sampling module,

and fed them into the vision transformer module. Formally,

T = VIM([Tus, Ty)), (3.6)

where VI'M indicates the vision transformer module function which is a stack of
transformer encoder layers, and T € RE*(*»+1) ig the output. Note that, the
positional information has been fused into Ty in the progressive sampling module,
so we do not need to add positional embedding here. The classification token refined

through the vision transformer module is finally used to predict the image classes.

We use the cross entropy loss to end-to-end train the proposed PS-ViT network.
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Networks | N |N, | C' |M | #params | #FLOPs

PS-ViT-Ti |4 | 8 |192]| 3| 47M 1.6 B
PS-ViT-Ti" | 4 | 8 [192| 3| 3.6 M 1.6 B
PS-ViT-B | 4 |10 (384 | 6 | 21.3 M 5.4 B

PS-ViT-Bf | 4 | 10 (384 | 6 | 16.9 M 54 B

Table 2. PS-ViT configurations. { indicates weight sharing between different iterations
in the Progressive Sampling Module (PSM). N, N,, C and M are the iteration number
in PSM, the transformer encoder layer number in the vision transformer module, the
dimension of tokens, and the head number in each transformer respectively.

3.3 Implementation

Transformer Encoder Layer. The transformer encoder layer serves as the ba-
sic building block for the progressive sampling module and the vision transformer
module. Each transformer encoder layer has a multi-head self-attention and a feed-

forward unit.

Given queries Q € RP*E| keys K € RP*L and values V € RPXL with D being the
dimension and L being the sequence length, the scaled dot-product self attention

can be calculated as:

Attn(Q, K, V) = softmax(Q"K /v D)V7, (3.7)

where QT indicates the transpose of Q, and softmax(-) is the softmax operation
applied over each row of the input matrix. For Multi-Head self-Attention (MHA),
the queries, keys and values are generated via linear transformations on the inputs
for M times with one individual learned weight for each head. Then attention

function is applied in parallel on queries, keys and values of each head. Formally,

MHA(Z) = W°[Hy,..., Hy",
(3.8)
H, = Attn(W¥Z, WXZ WV 7Z),
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Image | Params | FLOPs | Top-1 | Top-5

Model size | D) | B | (%) | %)
CNN-based

R-18 [102] 2242 [ 11.7 1.8 [ 69.8 | 89.1

R-50 [102] 2242 | 25.6 41 | 761 | 92.9

R-101 [102] 2242 | 44.5 79 | 774 | 93.5

X-50-32x4d [307] 2242 | 25.0 43 793 ] 945

X-101-32x4d [307] 2242 | 44.2 8.0 | 80.3 | 95.1
RegNetY-4GF [223] | 2242 | 20.6 4.0 | 794 | -
RegNetY-6.4GF [223] | 2242 | 30.6 6.4 | 79.9 -
RegNetY-16GF [223] | 2242 | 83.6 | 159 | 804 | -
Transformer-based

ViT-B/16 [79] 3842 | 864 | 555 | 779 | -
DeiT-Ti [266] 2242 | 5.7 1.3 [ 722 ] -
DeiT-S [266] 2242 | 221 4.6 | 79.8 -
DeiT-B [266] 2242 | 864 | 176 | 81.8 | -
PS-ViT-Ti/14 2242 | 4.8 1.6 [ 75.6 | 92.9
PS-ViT-B/10 224% | 21.3 3.1 | 80.6 | 95.2
PS-ViT-B/14 2242 | 21.3 54 | 81.7 | 95.8
PS-ViT-B/18 224% | 21.3 8.8 | 82.3 | 96.1

Table 3. Comparison with state-of-the-art networks on ImageNet with single center
crop testing. The number after “/” is the sampling number in each axial direction. e.g.,
PS-ViT-Ti/14 indicates PS-ViT-Ti with 14 x 14 sampling locations.

where W° € Ri7*C is a learnable linear projection. W% € Rir*¢ WK ¢ Rirx¢
and WY € R7*C are the linear projections for the queries, keys and values of the

1-th head respectively.

The feed-forward unit of the transformer encoder layer consists of two fully con-
nected layers with one GELU non-linear activation [109] between them and the
latent variable dimension being 3C'. For simplicity, the transformer encoder layers
in both the progressive sampling module and the vision transformer module keep

the same settings.

Progressive Sampling Back-propagation. The back-propagation of the pro-
gressive sampling is straightforward. According to Equation (3.1) and Equation
(3.3), for each sampling location 4, the gradient w.r.t. the sampling offsets o! at the

iteration ¢ is computed as:
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aT;i 3F(pi_1 + 012;—1)

i i
do;_, do;_,

-y 0K (d, Pi_y +0j_y)
q

i
do;_,

(3.9)

F(q),

where K (-,-) is the kernel for bilinear interpolation to calculate weights for each

integral spatial location q.

Network Configuration. The feature dimension C| the iteration number N in
the progressive sampling module, the vision transformer layer number N, in the
vision transformer module, and the head number M in each transformer layer affect
the model size, FLOPs, and performances. In this paper, we configure them with
different speed-performance tradeoffs in Table 2 so that the proposed PS-ViT can be
used in different application scenarios. The number of sampling points along each

spatial dimension n is set as 14 by default.

Considering the sampling in each iteration is conducted over the same feature map F
in the progressive sampling module, we try to share weights between those iterations
to further reduce the number of trainable parameters. As shown in Table 2, about

25% parameters can be saved in this setting.

4 Experiments

4.1 Experimental Details on ImageNet

All the experiments for image classification are conducted on the ImageNet 2012
dataset [160] that includes 1k classes, 1.2 million images for training, and 50 thou-
sand images for validation. We train our proposed PS-ViT on ImageNet without
pretraining on large-scale datasets. We train all the models of PS-ViT using Py-
Torch [216] with 8 GPUs. Inspired by the data-efficient training as done in [266], we
use the AdamW [194] as the optimizer. The total training epoch number and the

batch size are set to 300 and 512 respectively. The learning rate is initialized with
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Epochs 300
Optimizer AdamW
Batch size 512

Learning rate 0.0005

Learning rate decay cosine
Weight decay 0.05

Warmup epochs 5

Label smooth 0.1
Dropout 0.1

Rand Augment (9, 0.5)
Mixup probability 0.8

CutMix probability 1.0

Table 4. Training strategy and hyper-parameter settings.

0.0005, and decays with the cosine annealing schedule [195]. We regularize the loss
via the smoothing label with e = 0.1. We use random crop, Rand-Augment [63],
Mixup[341], and CutMix [333] to augment images during training. Images are re-
sized to 256 x 256, and cropped at the center with 224 x 224 size when testing.

Training strategy and its hyper-parameter settings are summarized in Table 4.

4.2 Results on ImageNet

We compare our proposed PS-ViT with state-of-the-art networks on the standard
image classification benchmark ImageNet in terms of parameter numbers, FLOPS,

and top-1 and top-5 accuracies in Table 3.

Comparison with CNN based networks. Our PS-ViTs considerably outperform
ResNets [102] while with much fewer parameters and FLOPs. Specifically, Compared
with ResNet-18, PS-ViT-Ti/14 absolutely improves the top-1 accuracy by 5.8%
while reducing 6.9 M parameters and 0.2 B FLOPs. We can observe a similar trend
when comparing PS-ViT-B/10 (PS-ViT-B/14) and ResNet-50 (ResNet-101). Our
proposed PS-ViT achieves superior performance and computational efficiency when
compared with the state-of-the-art CNN based network RegNet [223]. Particularly,

when compared with RegNetY-16GF, PS-ViT-B/18 improves the top-1 accuracy by
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n | Params (M) | FLOPs (B) | Top-1 (%) | Top-5 (%)
10 3.1 80.6 95.2
12 4.2 81.3 95.5
14 21.3 5.4 81.7 95.8
16 7.0 82.1 95.8
18 8.8 82.3 96.1

Table 5. Effect of the sampling number n in each axial direction.

1.9% with about a quarter of parameters and a half of FLOPS.

Comparison with transformer based networks. Table 3 shows that our pro-
posed PS-ViT outperforms ViT [79] and its recent variant DeiT [266]. In particular,
PS-ViT-B/18 achieves 82.3% top-1 accuracy which is 0.5% higher than the baseline
model DeiT-B while with 21 M parameters and 8.8 B FLOPs only. Our performance
gain attributes to two parts. First, PS-ViT samples CNN-based tokens which is more
efficient than raw image patches used in ViT [79] and DeiT [266]. Second, our pro-
gressive sampling module can adaptively focus on regions of interest and produce

more semantically correlated tokens than the naive tokenization used in [79, 266].

4.3 Ablation Studies

The PS-ViT models predict on the class token in all the ablation studies.

A larger sampling number n leads to better performance. We first evalu-
ate how the sampling number parameter n affects the PS-ViT performance. The
sequence length of sampled tokens which is fed into the vision transformer module
is n2. The more the sampled tokens, the more information PS-ViT can extract.
However, sampling more tokens would increase the computation and memory us-
age. Table 5 reports the FLOPs, and top-1 and top-5 accuracies with different n.
It has been shown that the FIOPs increases as n becomes larger, and the accuracy

increases when n < 16 and plateaus when n > 16. Considering the speed-accuracy

trade-off, we set n = 14 by default except as otherwise noted.
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Model N | Top-1 (%) | Top-5 (%)
1 80.6 95.3
2 81.5 95.6
4 81.7 95.8
PS-ViT-B/14 | 6 81.8 95.7
8 81.9 95.7
9 81.7 95.8
10 81.6 95.8

Table 6. Effect of the iteration number N in the progressive sampling module.

The performance can be further improved with more iterations of pro-
gressive sampling. We then evaluate the effect of the iteration number N of
the progressive sampling module in Table 6. To keep the computational complex-
ity unchanged, all models in Table 6 have 14 — N transformer layers in the vision
transformer module, and totally 14 transformer layers in the entire network. N =1
indicates the sampling points will not be updated. It has been shown that PS-ViT
performs the best when N = 8 and the accuracy begins to decline when N > 8. As
we keep the total number of transformer layers unchanged, increasing N will result
in the decrease of transformer layers in lateral modeling, which might damage the
performance. Considering the accuracy improvement is negligible from N = 4 to

N =8, we set N =4 by default except as otherwise noted.

Fair comparison with ViT. The network hyper-parameters in the transformer
encoder of PS-ViT are different from the original setting of ViT. For a fair compari-
son, we further study how ViT performs when the network hyper-parameters are set
to be the same as ours. We set the number of layers, channels, heads, and the num-
ber of tokens to be the same as what was proposed in PS-ViT-B/14, and train the
network under the same training regime. As shown in Table 7, ViT achieves 78.4%
top-1 accuracy, which is greatly inferior to its PS-ViT counterpart. We thereby
conclude that the progressive sampling module can fairly boost the performance of

ViT.
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Top-1 (%) | Top-5 (%)
ViTx 78.4 94.1
PS-ViT-B/14 81.7 95.8

Table 7. Comparison between our PS-ViT with ViT. x means the model with the same
model configuration and training strategy.
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Figure 5. Visualization of sampled locations in the proposed progressive sampling mod-
ule. The start points of arrows are initial sampled locations (p1) while the end points of
arrows are the final sampled locations (p4).

Sharing weights between sampling iterations. Model size (parameter number)
is one of the key factors when deploying deep models on terminal devices. Our
proposed PS-ViT is very terminal device friendly as it can share weights in the
progressive sampling module with a negligible performance drop. Table 8 compares
PS-ViT with and without weight sharing in the progressive sampling module. It
has been shown that weight sharing can reduce the parameter number by about

21%~23% while with a slight performance drop, especially for PS-ViT-B/12 and
PS-ViT-B/14.

4.4 Speed Comparison

Our proposed PS-ViT is efficient not only in theory but also in practice. Table 9
compare the efficiency of state-of-the-arts networks in terms of FLOPs and speed
(images per second). For fair comparison, we measure the speed of all of the models
on a server with one 32GB V100 GPU. The batch size is fixed to 128 and the number

of images that can be inferred per second is reported averaged over 50 runs. It has
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Model Params (M) | Top-1 (%) | Top-5 (%)
PS-ViT-Ti/14 4.8 75.6 92.9
PS-ViT-Tif /14 3.7 74.1 92.3
PS-ViT-B/10 21.3 80.6 95.2
PS-ViT-BT/10 16.9 80.0 94.8
PS-ViT-B/12 21.3 81.3 95.5
PS-ViT-BT/12 16.9 80.9 95.3
PS-ViT-B/14 21.3 81.7 95.8
PS-ViT-Bf/14 16.9 81.5 95.6

Table 8. Comparison PS-ViT with and without weight sharing in the progressive sam-
pling module. { indicates weight sharing.

Model FLOPs (B) | Speed (img/s) | Top-1
RegNetY-4.0GF 4.0 1097.6 79.4
RegNetY-6.4GF 6.4 487.0 79.9
RegNetY-16GF 15.9 351.0 80.4
ViT-B/16 55.5 92.4 77.9
DeiT-S 4.6 1018.2 79.8
DeiT-B 17.6 316.1 81.8
PS-ViT-Ti/14 1.6 1955.3 75.6
PS-ViT-B/10 3.1 1348.0 80.6
PS-ViT-B/14 5.4 765.6 81.7
PS-ViT-B/18 8.8 463.8 82.3

Table 9. Comparison the efficiency of PS-ViT, and that of state-of-the-art networks in
terms of FLOPs and speed.

been shown that PS-ViT is much more efficient than ViT and DeiT when their top-
1 accuracies are comparable. Specifically, PS-ViT-B/14 and DeiT-B have similar
accuracy around 81.7%. However, PS-ViT-B/14 achieves about 2.4 times and 3.3
times as fast as DeiT-B in terms of speed and FLOPs respectively. PS-ViT-B/10
speeds up ViT-B/16 by about 14.6 times and 17.9 times in terms of speed and

FLOPs while improving 2.7% top-1 accuracy.
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Model IM | C10 | C100 | Flowers | Cars

ViT-B/16 |77.9{98.1| 87.1 | 89.5 -
ViT-L/16 |76.5|97.9| 86.4 | 89.7 -

DeiT-B 81.8199.1] 90.8 | 984 |92.1

PS-ViT-B/14|81.7199.0| 90.8 | 98.8 |92.9

Table 10. Top-1 accuracy on other datasets. ImageNet and CIFAR are abbreviated to
“IM” and CCC?"

4.5 Visualization

In order to explore the mechanism of the learnable sampling locations in our method,
we visualize the predicted offsets of our proposed progressive sampling module in
Figure 5. We can observe that the sampling locations are adaptively adjusted ac-
cording to the content of the images. Sampling points around objects tend to move
to the foreground area and converge to the key parts of objects. With this mecha-
nism, discriminative regions such as the chicken head are sampled densely, retaining

the intrinsic structure information of highly semantically correlated regions.

4.6 Transfer Learning

In addition to ImageNet, we also transfer PS-ViT to downstream tasks to demon-
strate its generalization ability. We follow the practice done in DeiT [266] for fair
comparison. Table 10 shows results for models that have been pre-trained on Ima-
geNet and finetuned for other datasets including CIFAR-10 [158], CIFAR-100 [158],
Flowers-102 [214] and Stanford Cars [157]. PS-ViT-B/14 can perform on-par-with
or even better than DeiT-B with about 4x fewer FLOPS and parameters on all

these datasets.
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5 Conclusions

In this paper, we propose an efficient Vision Transformers with Progressive Sampling
(PS-ViT). PS-ViT first extracts feature maps via a feature extractor, and then
progressively selects discriminative tokens with one progressive sampling module.
The sampled tokens are fed into a vision transformer module and the classification
module for image classification. PS-ViT mitigates the structure destruction issue
in the ViT and adaptively focuses on interesting regions of objects. It achieves
considerable improvement on ImageNet compared with ViT and its recent variant
DeiT. We also provide a deeper analysis of the experimental results to investigate
the effectiveness of each component. Moreover, PS-ViT is more efficient than its

transformer based competitors both in theory and in practice.
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Chapter 4

TransMix: Attend to Mix for

Vision Transformers

The paper has been accepted for publication at the IEEE Conference on Computer

Vision and Pattern Recognition, 2022
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Abstract

Mixup-based augmentation has been found to be effective for generalizing models
during training, especially for Vision Transformers (ViTs) since they can easily over-
fit. However, previous mixup-based methods have an underlying prior knowledge
that the linearly interpolated ratio of targets should be kept the same as the ra-
tio proposed in input interpolation. This may lead to a strange phenomenon that
sometimes there is no valid object in the mixed image due to the random process
in augmentation but there is still response in the label space. To bridge such gap
between the input and label spaces, we propose TransMix, which mixes labels based
on the attention maps of Vision Transformers. The confidence of the label will be
larger if the corresponding input image is weighted higher by the attention map.
TransMix is embarrassingly simple and can be implemented in just a few lines of
code without introducing any extra parameters and FLOPs to ViT-based models.
Experimental results show that our method can consistently improve various ViT-
based models at scales on ImageNet classification. After pre-trained with TransMix
on ImageNet, the ViT-based models also demonstrate better transferability to se-
mantic segmentation, object detection and instance segmentation. TransMix also
exhibits to be more robust when evaluating on 4 different benchmarks. Code is

publicly available at https://github.com/Beckschen/TransMix.

*The first two authors contribute equally to this work.
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Input

Mixup CutMix TransMix

= Area,
Label A €][0,1] ~ Areanys A = YAttny

Figure 1. Mixup [340] and CutMix [334] samples A (proportion of label y4) randomly
from a Beta distribution, while our TransMix calculates A with the sum of the values
within the attention map that intersects with A (denoted as Attny, rendered in blue).

1 Introduction

Transformers [273] have been dominant in nearly all tasks in natural language pro-
cessing. Recently, transformer-based architectures like Vision Transformer (ViT)
[80] have been introduced into the field of computer vision and show great promise
on tasks like image classification [80, 81, 187, 268], object detection [88, 187, 287] and
image segmentation [187, 247, 287]. However, recent works have found that ViT-
based networks are hard to optimize and can easily overfit if the training data is not
sufficient. A quick solution to this problem is to apply data augmentation and reg-
ularization techniques during training. Among them, the mixup-based methods like
Mixup [340] and CutMix [334] are proven to be particularly helpful for generalizing
the ViT-based network [267].

Mixup takes a pair of inputs x4,xp and their corresponding labels y4,yg, then
creates an artificial training example Ax4 + (1 — A)xp with Ay4 + (1 — A\)yp as its
ground truth. Here A € [0,1] is the random mixing proportion sampled from a Beta
distribution. This pre-assumes that linear interpolations of feature vectors should

lead to linear interpolations of the associated targets.

However, we argue that the above pre-assumption does not always stay true since
not all pixels are created equal. As shown in Figure 1, pixels in the background
will not contribute to the label space as equally as those in the salient area. Some

existing works [145, 271, 277] also find this problem and solve it by means of only
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mixing the most descriptive parts on the input level. Nevertheless, manipulating on
inputs with the above methods may narrow the space of augmentation since they
tend to less consider to put the background image into the mixture. Meanwhile,
the above methods cost more number of parameters and/or training throughput to
extract the salient region of input. For example, Puzzle-Mix [145] requires model to
forward and backward twice in an iteration and Attentive-Cutmix [277] introduce a

24M external CNN to extract salient features.

Instead of investigating how to better mix images on the input level, in this paper,
we focus more on how to mild the gap between the input and the label space through
the learning of label assignment. We find that the attention maps that are naturally
generated in Vision Transformers can be well suited for this job. As shown in Figure
1, we simply set A\ (weight of y4) as the sum of weights of attention map lying in
A. In this way, the labels are re-weighted by the significance of each pixel instead of
linearly interpolated with the same ratio as the mixed inputs. Since the attention
map is naturally generated in ViT-based models, our method can be merged into the

their training pipeline with no extra parameters and minimal computation overhead.

We show that such frustratingly simple idea can lead to consistent and remarkable
improvement for a wide range of tasks and models. As exhibited in Fiugre 2, Trans-
Mix can steadily boost all the listed ViT-based models. Notably, TransMix can
further lift the top-1 accuracy on ImageNet by 0.9% for both DeiT-S and a large
variant XCiT-L. Interestingly, the largest model XCiT-L gains the most among all
XCiT model scales.

Moreover, we demonstrate that if the model is first pre-trained with TransMix on
ImageNet, the superiority can be further transferred onto downstream tasks includ-
ing object detection, instance segmentation, semantic segmentation and weakly-
supervised object segmentation/localization. We also observe that TransMix can

help the model to be more rubust after evaluating it on 4 different benchmarks.
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Figure 2. TransMix can steadily improve a wide range of state-of-the-art ViT-based
models on ImageNet with no parameter and minimal computation overhead. See results
for more model variants in Table 1.

2 Related Work

Vision Transformers (ViTs). Recently, Vision Transformer (ViT) [80] was pro-
posed to adapt the Transformer for image recognition by tokenizing and flattening
images into a sequence of tokens. ViT is based on a sequence of Transformer blocks
consisting of multi-head self attention layers and feed-forward networks. DeiT [267]
strengthens ViT by introducing a powerful training recipe and adopting knowledge
distillation. Built upon the success of ViT, many efforts have been devoted to
improving ViT and adapting it into various vision tasks including image classifica-
tion [81, 103, 113, 187, 267, 268, 325], object localization/detection [88, 90, 187, 287]

and image segmentation [31, 187, 247, 287].

Mixup and its variants. Data augmentation has been widely studied to pre-
vent DeepNets from over-fitting to the training data. To train and improve vision
Transformer stably, Mixup and CutMix are two of the most helpful augmentation

methods [267]. Mixup [340] is a successful image mixture technique that obtains an
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augmented image by pixel-wisely weighted combination of two global images. The
following Mixup variants [97, 111, 145, 239, 271, 276, 277, 334] can be categorized
into global image mixture (e.g. Manifold-Mixup [276], Un-Mix [239]) and regional
image mixture (e.g. CutMix [334], Puzzle-Mix [145], Attentive-CutMix [277] and
SaliencyMix [271]). Among all Mixup variants, the saliency-based methods includ-
ing the attentive-CutMix, puzzle-Mix and saliency-CutMix are the most similar ones
to our approach. However, TransMix has two fundamental differences with them:
(1) Previous saliency-based methods e.g. [145, 271, 277] enforce the image patch
cropped in a salient region of the input image. Instead of manipulating in the input
space, our TransMix focuses on how to more accurately assigning labels in the label
space. (2) Previous saliency-based methods like [277] may use extra parameters to
extract the saliency region. TransMix naturally exploits the Transformer’s atten-
tion mechanism without any extra parameters. Experimental results also show that

TransMix can lead to better results on ImageNet compared with these methods.

Data-adaptive loss weight assignment. TransMix re-assigns the ground truth
labels with attentional guidance, which is related to data-adaptive loss weight as-
signment. Some existing works have found that the attention-like information can
help to alleviate the long-tail problems for tasks like point cloud analyzing [197],

instance segmentation [283], image demosaicing [254] etc.

3 TransMix

3.1 Setup and Background

CutMix data augmentation CutMix is a simple data augmentation technique

combining two input-label pairs (x4,y4) and (xp,yp) to augment a new training
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sample (X,y). Formulaically,

x=Moxs+(1-M)Oxp, (4.1)

y =Aya+ (1 —=Nys, (4.2)

where M € {0,1}" denotes a binary mask indicating where to drop out and fill
in from two images, 1 is a binary mask filled with ones, and © is element-wise

multiplication. A is the proportion of y 4 in the mixed label.

During augmentation, a randomly sampled region in xp is removed and filled in

with the patch cropped from A of x4, where the patch’s bounding box coordinates

are uniformly sampled as (ry,7,, 7y, 7s). The mixed-target assignment factor A is
TwTh

equal to the cropped area ratio 37

Self-attention Self-attention, as introduced by [275], operates on an input ma-
trix x € RV*? where N is the number of tokens, each of dimensionality d. The
input x is linearly projected to queries, keys and values, using the weight matri-
ces w, € R4 w, € R™>*% and w, € R¥9%_ such that q=xw,, k=xw; and
v=xw,, where d, = d;. Queries and keys are used to compute an attention map
A(q, k) = Softmaz(qk’ //dy,) € R¥*N and the output of the self-attention op-
eration is defined as the weighted sum of N token features in v with the weights
corresponding to the attention map: Attention(q,k,v) = A(q,k)v. Single-head
self-attention can be extended to multi-head self-attention by linearly projecting the
queries, keys and values g times with different, learned linear projections to dj, di

and d, dimensions, respectively.

3.2 TransMix

We propose TransMix to assign mixup labels with the guidance of attention map,
where the attention map is defined specifically as the multi-head class attention

A, which is calculated as a part of self-attention. In the classification task, a class
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token is a query q whose corresponding keys k are the all input tokens, and class
attention A is the attention map from the class token to the input tokens, summa-
rizing which input tokens are the most useful to the final classifier. We then propose

to use the class attention A to mix labels.

Multi-head Class Attention Vision Transformers (ViTs)[80] divide and embed
an image x € R¥*>* W {0 p patch tokens Xpaenes € RP*, and aggregate the global
information by a class token x4, € R'™? where d is the dimension of embedding.

ViTs operate on the patch embedding z = [Xus, Xpatches) € RU+p)xd,

Given a Transformer with ¢ attention heads and input patch embedding z, we
parametrize the multi-head class-attention with projection matrices w,, wj, € R%*?,

The class attention for each head can be formulated as:

A = Xeis - W, (4.3)
k=z w, (4.4)
A’ = Softmaz(q -k /A/d/g), (4.5)
A ={Ay;,|i€[Lp]}, (4.6)

where q - k' € R (+P) indjcates the class token is a query whose corresponding
keys are the all input tokens, and A € [0, 1]? is the attention map from the class
token to the image patch tokens, summarizing which patches are the most useful
to the final classifier. When there are multiple heads in the attention, we simply
average across all attention heads to obtain A € [0,1]’. In implementation, A in
Eqn. (4.6) is available as an intermediate output from the last Transformer block

without architecture modification.

Mixing labels with the attention map A We follow the process of input mixture
proposed in CutMix, which is defined in Eqn. (4.1), then we re-calculate A (the

proportion of y4 in Eqn. (4.2)) with the guidance of the attention map A:
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Algorithm 1 Pseudocode of TransMix in a PyTorch-like style.

# H, W: the height and width of the input image
# p: number of patches

# M: O-initialized mask with shape (H,W)

# downsample: downsample from length (H*W) to (p)
# (bxl, bx2, byl, by2): bounding box coordinate

for (x, y) in loader: # load a minibatch with N pairs
# CutMix image in a minibatch
M[bx1:bx2, byl:by2] = 1
x[:,:,M==1] = x.£f1ip(0) [:,:,M==1]
M = downsample(M.view(-1))

# attention matrix A: (N, p)
logits, A = model(x)

# Mix labels with the attention map
lam = matmul(A, M)
y = (1-lam) * y + lam * y.flip(0)

CrossEntropyLoss(logits, y).backward()

A=A | (M). (4.7)

Here | (-) denotes the nearest-neighbor interpolation down-sampling that can trans-
form the original M from HW into p pixels . Note that we omit the dimension
unsqueezing in Eqn. (4.7) for simplicity. In this way, the network can learn to re-
assign the weight of labels for each data point dynamically based on their responses
in the attention map. The input that is better focused by the attention map will be

assigned with a higher value in the mixed label.

3.3 Pseudo-code

Algorithm 1 provides the pseudo-code of TransMix in a pytorch-like style. The clean
pseudo-code shows that simply few lines of code can boost the performance in the

plug-and-play manner.

4 Experiments

In this section, we mainly demonstrate the effectiveness, transferability, robust-
ness, and generalizability of TransMix. We verify the effectiveness of TransMix on

ImageNet-1k classification in Section 4.1 and the transferability onto downstream
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tasks including semantic segmentation, object detection, and instance segmentation
in Section 4.2. The robustness of TransMix is examined on 4 benchmarks in Sec-
tion 4.3. Interestingly, we discover the mutual effects of TransMix and attention in
Section 4.4. We validate the generalizability to Swin Transformer which is lacking
class-token in Section 4.5. Lastly, TransMix is compared with the state-of-the-art

Mixup augmentation variants in Section 4.6.

4.1 ImageNet Classification

Implementation Details We use ImageNet-1k [73] to train and evaluate our meth-
ods for image classification. ImageNet-1k consists of 1.28M training images and 50k
validation images, labeled across 1000 semantic categories. The implementation
is based on the Timm [295] library. Unless specified otherwise, we make minimal
changes to hyperparameters compared to the DeiT [267] training recipe. We exam-
ined various baseline vision Transformer models including DeiT [267], PVT [287],
CaiT [268], and XCiT [81], and the training schemes will be slightly adjusted to the

official papers’ implementations.

All Transformers are trained for 300 epochs expect that [81] and [268] report 400
epochs for XCiT and CaiT respectively. As deploying DeiT [267] training scheme,
all baselines have already contained the carefully tuned regularization methods in-
cluding RandAug [64], Stochastic Depth [133], Mixup [340] and CutMix [334]. To
ease implementation, TransMix shares the same cropped region with CutMix for
the input, whereas the label assignment is the mean of both methods. We throw
away repeated augment [122] due to its negative effects examined in [113]. We set
warmup epoch to 20 expect DeiT-B keeping 5. The accuracy of our baseline imple-
mentation fluctuates only by +0.1% compared with results reported in DeiT [267].
The attention map A in Eqn. 4.6 can be obtained as an intermediate output from

the multi-head self-attention layer of the last Transformer block.

Results As shown in Table 1, TransMix can steadily boost the top-1 accuracy on
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ImageNet for all the listed models. No matter how complex the model is, TransMix
can always help to boost the baseline performance. Note that these models are with
a wide range of model complexities, and the baselines are all carefully tuned with
various data augmentation techniques e.g. RandAug [64], Mixup [340] and CutMix
[334]. To be specific, TransMix can promote the top-1 accuracy of the small variant
DeiT-S by 0.9%. Benefit from the higher attention quality, TransMix can also lift
the top-1 accuracy of the large model XCiT-L by a remarkable 0.9%. We emphasize
that these systematic improvement with just a tiny tweak on data augmentation
is significant when compared with the structural modification on models. For ex-
ample, CrossViT-B [28] only lifts the DeiT-B baseline result by 0.4% with 20.9%
parameters overhead while TransMix leads to more improvement in a parameter-
free style. Particularly, TransMix consistently boosts the base/large variants in the
range of 0.6% to 0.9%, which is more striking than engineering new architectures
such as PiT-B [113], T2T-24 [327], CrossViT-B [28] with the gains of 0.2%, 0.5%,

0.4% respectively.

4.2 Transfer to Downstream Tasks

ImageNet pre-training is the de-facto standard practice for many visual recognition
tasks [104]. Before training for downstream tasks, the weights pre-trained on Ima-
geNet is used to initialize the Transformer backbone. We demonstrate the transfer-
ability of our TransMix-based pre-trained models on the downstream task including
semantic segmentation, object detection and instance segmentation, on which we

observe the improvements over the vanilla pre-trained baselines.

Semantic Segmentation In our experiments, the sequence of patch encoding
Zpatches € RP*4 is decoded to a segmentation map s € RT*W*E where K is the
number of semantic classes. We adopt two convolution-free decoders: (1) Linear
decoder (2) Segmenter decoder. The reason for adopting the Linear decoder is to

preserve the pre-trained information to the greatest extent. For linear decoder, a
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Top-1 Acc +TransMix
Models Params FLOPs
(%) Top-1 Acc (%)

DeiT-T [267] 57M  1.6G 72.2 72.6
PVT-T [287] 132M  1.9G 75.1 75.5
XCiT-T [81]  12M  2.3G 79.4 80.1
CaiT-XXS[268] 17.3M  3.8G 79.1 79.8
DeiT-S [267]  22.1M  4.7G 79.8 80.7
PVT-S [287] 24.5M  3.8G 79.8 80.5
XCiT-S [81]  26M  4.8G 82.0 82.3
Swin-T [187] 28.3M  4.5G 81.3 81.8
PVT-M [287] 442M  6.7G 81.2 82.1
Swin-S [187]  49.6M  8.8G 83.0 83.2
PVT-L [287] 61.4M  9.8G 81.7 82.4
XCiT-M [81]  84M 162G 827 83.4
DeiT-B [267] 86.6M 17.6G  81.8 82.4
XCiT-L 189M  36.1G  82.9 83.8

Table 1. TransMix can steadily boost the a wide range of model variants e.g. DeiT,
PVT, CaiT, and XCiT on ImageNet-1k classification. Note that all the baselines have
been already carefully tuned with extensive augmentation and regularization techniques
e.g. Mixup [340], CutMix[334], RandAug[64], DropPath[134] etc.

point-wise linear layer on DeiT patch encoding zpgiches € RP*4 is used to produce
patch-level logits 2y, € RP*X which are reshaped and bilinearly upsampled to seg-

mentation map s. The Segmenter [247] decoder is a Transformer-based decoder

namely Mask Transformer introduced in [247, 279].

We train and evaluate the models on the Pascal Context [207] dataset and re-
port Intersection over Union (mloU) averaged over all classes as the main metric.
The training set contains 4998 images with 59 semantic classes plus a background
class. The validation set contains 5105 images. The training scheme follows [207]
which is built on MMSegmentation [57]. As a reference, the result of ResNet101-

Deeplabv3+ [37, 40] is reported in MMSegmentation [57].

According to Table 2, TransMix pre-trained DeiT-S-Linear and DeiT-S-Segmenter

improve over the vanilla pre-trained baselines by 0.6% and 0.9% mlIoU respectively.
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T Mix-
Backbone Decoder ransaix mAcc mloU mloU
pretrained (MS)
ResNet101 [102] Deeplabv3+ [40] 57.4 47.3 48.5

59.4 49.1 49.6
v 60.2 49.7 50.3
60.4 49.7 50.5
v 61.4 50.6 51.2

Linear
DeiT-S [267]

Segmenter [247]

Table 2. Overhead-free impact of TransMix on transferring to downstream semantic
segmentation task on the Pascal Context [207] dataset. (MS) denotes multi-scale testing.

There are consistent improvements on multi-scale testing.

Object Detection and Instance Segmentation Object detection and instance
segmentation experiments are conducted on COCO 2017. All models are trained on
118K images and evaluated 5K validation images. We study on PVT [287] as the
detection backbone since its pyramid features make it favorable to object detection.
The weights pre-trained on ImageNet is used to initialize the PVT backbone. We
train and evaluate Mask R-CNN detector with the PVT backbone initialized with
either vanilla (CutMix) or TransMix pre-trained weights for both object detection
and instance segmentation. Following PVT [287], we adopt 1x training schedule
(i.e., 12 epochs) to train the detector on mmDetection [33] framework. Results for
Mask R-CNN with ResNet backbone are reported in mmDetection [33] as references.
As showed in Table 3, we find that without introducing extra parameter, the detec-
tor initialized with TransMix-pretrained backbone improves over CutMix-pretrained
backbone by 0.5% box AP and 0.6% mask AP. Note that regularization-based pre-
training for backbone has limited capability on improving downstream object detec-
tion. For instance, the recent Mixup variant SaliencyMix [271] only improved 0.16%

box AP over CutMix-pretrained model on a smaller detection dataset.
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Object detection [Instance segmentation
APPP APRD APPPIAP™E APZK  APLK
ResNet50 [105] 44.2M 38.0 58.6 41.4| 344 57.1 36.7
ResNet101 [105] 63.2M 40.4 61.1 44.2|36.4 57.7 3838
PVT-S [287] 44.1M 40.4 62.9 43.8|37.8 60.1 40.3
TransMix-PVT-S 44.1M 40.9 63.8 44.0|38.4 60.7 41.3

Backbone Params

Table 3. Overhead-free impact of TransMix on transferring to downstream object de-
tection and instance segmentation using Mask R-CNN [105] with PVT [287] backbone
on COCO val2017. APPP denotes bounding box AP for object detection and AP™X de-
notes mask AP for instance segmentation.

4.3 Robustness Analysis

Recently the discussions regarding the robustness of vision Transformer are emerg-
ing [9, 201, 211]. To verify if TranMix can improve ViT-based models’ robustness
and out-of-distribution performance, we evaluated our TransMix pre-trained models
on four robustness scenarios including occlusion, spatial structure shuffling, natural

adversarial example, and out-of-distribution detection.

Robustness to Occlusion [211] studies whether ViTs perform robustly in occluded
scenarios, where some or most of the image content is missing. To be specific, vision
Transformers divide an image into M=196 patches belonging to a 14x14 spatial grid;
i.e. an image of size 224x224x3 is split into 196 patches, each of size 16x16x3.
Patch Dropping means replacing original image patches with blank 0-value patches.
As an example, dropping 100 such patches from the input is equivalent to losing
51% of the image content. Following [211], we showcase the classification accuracy
on ImageNet-1k validation set with three dropping settings. (1) Random Patch
Dropping: A subset of M patches is randomly selected and dropped. (2) Salient
(foreground) Patch Dropping: This studies the robustness of ViTs against occlusions
of highly salient regions. [211] thresholds DINO’s attention map to obtain salient
patches, which are dropped by ratios. (3) Non-salient (background) Patch Dropping:
The least salient regions of an image are selected and dropped following the same

approach as above.
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As shown in Figure. 3, DeiT-S with TransMix outperform vanilla DeiT-S on all

occlusion levels especially for extreme occlusion (information loss ratio >0.7).

Sensitivity to Spatial Structure Shuflling We study the model’s sensitivity to
the spatial structure by shuffling on input image patches. Specifically, we randomly
shuffle the image patches with different grid sizes following [211]. Note that a shuf-
fle grid size of 1 means no shuffle, and a shuffle grid size of 196 means all patch
tokens are shuffled. Figure 4 shows the consistent improvements over baseline, and
the accuracy averaged on all shuffled grid sizes for TransMix-DeiT-S and DeiT-S
are 62.8% and 58.4% respectively. The superior 4.2% gain indicates that Trans-
Mix enables Transformers rely less on positional embedding to preserve the most

informative context for classification.

Natural Adversarial Example The ImageNet-A dataset [112] adversarially col-
lects 7500 unmodified, natural but “hard” real-world images, which are drawn from
some challenging scenarios (e.g., fog scene and occlusion). The metric for assessing
classifiers’ robustness to adversarially filtered examples includes the top-1 accuracy,
Calibration Error (CalibError) [112, 161], and Area Under the Response Rate Accu-
racy Curve (AURRA). CalibError judges how classifiers can reliably forecast their
accuracy. AURRA is an uncertainty estimation metric introduced in [112]. As
shown in Table 4, TransMix-trained DeiT-S is superior to vanilla DeiT-S on all

metrics.

Out-of-distribution Detection The ImageNet-O [112] is an adversarial out-of-
distribution detection dataset, which adversarially collects 2000 images from outside
ImageNet-1K. The anomalies of unforeseen classes should result in low-confidence
predictions. The metric is the area under the precision-recall curve (AUPR) [112].

Table 4 indicates that TransMix-trained DeiT-S outperform DeiT-S by 1% AUPR.
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Nat. Adversarial Example  Out-of-Dist
Models Topl-Acc Calib-Error] AURRA AUPR
DeiT-S 19.1 32.0 23.8 20.9
TransMix-DeiT-S  21.1 31.2 28.8 21.9

Table 4. Model’s robustness against natural adversarial examples on ImageNet-A and
out-of-distribution examples on ImageNet-O.

4.4 Mutual Effect of TransMix and Attention

Will TransMix Benefit Attention? To evaluate the quality of attention ma-
trix, we directly threshold the class-token attention A from DeiT-S to obtain a
binary attention mask (the same with [26, 211]] with threshold 0.9) and then con-
duct two tasks including (1) Weakly Supervised Automatic Segmentation on
Pascal VOC 2012 benchmark [83]. (2) Weakly Supervised Object Localization
(WOSL) on ImageNet-1k validation set [234] where the bounding box annotations
are only available for evaluation. For task (1), we compute the Jaccard similar-
ity between ground truth and binary attention masks over the PASCAL-VOC12
validation set. For task (2), different from CAM-based methods for CNNs, we di-
rectly generate one tight bounding box from the binary attention masks, which is
compared with ground-truth bounding box on ImageNet-1k. Both tasks are weakly-
supervised since only the class-level ImageNet labels are used for training models
(i.e. neither bounding box supervision for object localization nor per-pixel super-
vision for segmentation). The attention masks generated from TransMix-DeiT-S
or vanilla DeiT-S are compared with ground-truth on these two benchmarks. The
evaluated scores can quantitatively help us to understand if TransMix has a positive

effect on the quality of attention map.

Can Better Attention Nurture TransMix? The experiments above prove that
TransMix can benefit attention map, and it’s natural to ask that can better attention
map nurture TransMix in return? We hypothesize that the better attention map

is used, the more accurate TransMix adjusts the mixed-target assignment. For
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Segmentation JI (%) Localization mIoU (%)
DeiT-S 29.2 34.9
TransMix-DeiT-S 29.9 44.4

Table 5. Quantitative evaluation of the attention map. Segmentation JI denotes the
Jaccard index for weakly supervised segmentation on Pascal VOC and Localization mloU
denotes the bounding box mloU for weakly supervised object localization on ImageNet-1k.

example, Dino [26] confirm that the attention maps obtained from the model via self-
supervised training [10, 26] retain greater quality. To validate if a better attention
map helps TransMix, we design an experiment that replaces the attention map with
that generated from a parameter-frozen external model. The external parameter-
frozen model can be (1) Dino self-supervised pre-trained DeiT-S (2) Deit-S that is
fully-supervised trained on ImageNet-1k. (3) Deit-S that is fully-supervised trained

with a knowledge distillation setting on ImageNet-1k. However, the results shown

in Table 6 contradict the hypothesis.

Intriguing Dynamic Property With pre-trained Dino as the attention provider,
the performance is slightly worse than that of self-serving. Training with attention
guidance from a external fully-supervised parameter-frozen DeiT-S, TransMix suffers
from a significant drop from 80.7% to 80.4% top-1 accuracy, though it is still better
than vanilla model’s 79.8%. This phenomenon can ascribe to the dynamic property
of TransMix, meaning that the per-iteration parameter update will dynamically
diversify the self-attention for the same input image. In contrast, the parameter-
frozen external models statically produce the same self-attention for an image, and

thus undermine the regularization capability.

4.5 Generalizability Study

One might be wondering if TransMix can be generalized to those models without
the class token such as Swin-Transformer (Swin) [187]. Such models directly apply
average pooling onto patch tokens to obtain logits, and therefore how much each

patch token contributes to the final prediction is a black-box procedure without class
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Attn Provider Self Dino DeiT-pretrained DeiT-distilled
top-1 Acc  80.7 80.6 80.4 80.4

Table 6. Using external (parameter-frozen) models to generate ttention map as the
alternative to original attention map A used for TransMix.

Models Params FLOPs top-1 Acc (%)
Swin-T [187] 28.3M  4.5G 81.3
CA-Swin-T [187, 268] 28.3M  4.2G 81.6
TransMix-CA-Swin-T 28.3M  4.2G 81.8
Swin-S [187] 49.6M  8.8G 83.0
CA-Swin-S [187, 268]  49.6M 8.5G 82.8
TransMix-CA-Swin-S  49.6M  8.5G 83.2

Table 7. Generalization to Swin Transformer [187] which lacks the class-token. CA
denote the class attention block [268]. CA-Swin replaces Swin’s last block with a CA
block with fewer FLOPs.

attention A.

To tackle the aforementioned issue, we develop a Swin variant named as CA-Swin
that replaces the last Swin block with a classification attention (CA) block without
parameter overhead, which makes it possible to generalize TransMix onto Swin. In-
spired by CaiT [268], the classification attention block aims at inserting the class
token in a plug-and-play manner to those Transformers originally with only patch
tokens, and make the classification attention A accessible. We then compare the
Swin-T, CA-Swin-T, TransMix-CA-Swin-T on ImageNet-1k with the same exper-
imental setup in Sec. 4.1. All three models are at the same 28.3M parameters.
TransMix-CA-Swin-T and CA-Swin-T have 7% fewer FLOPs than the baseline
Swin-T. The topl validation accuracy are 81.3%, 81.6% and 81.8% for Swin-T,
CA-Swin-T and TransMix-CA-Swin-T, respectively. TransMix on Swin-S improves
performance with fewer FLOPs as well. This preliminary study empirically proves

the generalizability of TransMix.
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4.6 Comparison with State-of-the-art Mixup Variants

In this section, we provide the comprehensive comparison with many state-of-the-
art mixup vairiants on ImageNet-1k. This is the first time that compare these
variants on vision Transformer in a fair setting. The implementation details for
Mixup variants on top of DeiT-S are provided in the supplementary material. All
mentioned models are built upon DeiT training recipe towards a fair comparison.
Baseline in Table 8 is chosen to be the default DeiT-S framework excluding CutMix
in training. Measured on image per second (im/sec), training speed (i.e. training
throughput) is performed in average of five runs for images at resolution 224x224
under 128 batch size with a Tesla-V100 graphic card, and takes account of data

mixup, model forward and backward in train-time.

Table 8 shows TransMix significantly outperforms all other Mixup variants. The
saliency-based methods (e.g. SaliencyMix and Puzzle-Mix) reveal no advantages to
vision Transformer, compared to the vanilla CutMix. We analyze that these methods
are cumbersomely tuned and face difficulty in transferring to new architecture. For
example, Attentive-CutMix bring not only extra time but also parameter overhead
as it introduces an external model to extract saliency map. Puzzle-Mix performs
the lowest speed as it forward and backward twice during one training iteration.
By contrast, TransMix yields a striking 2.1% performance advancement with the

highest training throughput and no parameter-overhead.

Ablation Study Unlike suprisingly 8 hyper-parameters in PuzzleMix, our proposed
TransMix exists very clean and introduces almost no hyper-parameter. Still, we
conduct ablation study for TransMix regarding the attention map generation in the

supplementary material, which shows that the default is the best.

Visualization We provide the visualization of TransMix as shown in Figure 5. For
instance, the first row illustrate that the old area-based label assignment is counter-

intuitive as image A’s foreground is occluded by image B’s patch, and TransMix
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Speed
Method Backbone Params © - top-1 Acc (%)
(im/sec)
Baseline 22M 322 78.6
CutMix [334] 2oM 322 79.8 +1.2
Attentive-CutMix [277] __ | 46M 239 775 (-1.1)
DeiT-S
SaliencyMix [271] 22M 314 79.2 +0.6
Puzzle-Mix [145] 22M 139 79.8 +1.2
TransMix 22M 322 80.7 +2.1

Table 8. Topl-accuracy, training speed (im/sec) and number of parameters
comparison with state-of-the-art Mixup variants on ImageNet-1k. All listed models are
built upon DeiT training recipe for fair comparison. Training speed (im/sec) takes account
of data mixup, model forward and backward in train-time.

corrects the label assignment via Transformer attention. TransMix is able to lift the

label weight if the discriminative fine-grained attribute appears (e.g. Pomeranian

dog’s cheek and eyes in the second row).

5 Conclusion

In this paper, we present TransMix, a simple yet effective data augmentation tech-
nique that assigns Mixup labels with attentional guidance for Vision Transformers.
TransMix naturally exploits Transformer’s attention map to assign the confidence
for the mixed-target, and lifts the top-1 accuracy on ImageNet by 0.9% for both
DeiT-S and a large variant XCiT-L. Extensive experiments are conducted to ver-
ify the effectiveness, transferability, robustness and generalizability of TransMix on

totally 10 benchmarks.

Limitations Since we are the first work that pushes an extra mile for the Mixup-
based methods towards augmenting vision Transformers, we indeed have limitations

as follows:

(1) TransMix can not handle well with those backbones without class token, as it

strongly relies on the class attention. This limitation can be mitigated in Section 4.5
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Image A Image B Mixed Image Attention Label Assignment

»

Old assignment
#A

M

#B

TransMix assignment
#A

#B

W

Old assignment

#A

|

#B
TransMix assignment

#A
#B

|

Old assignment

#A
#B

[

TransMix assignment

#A

|

#B

Figure 5. The visualization including image A, image B, mixed image, attention map
obtained from XCiT-L when input mixed image, and corresponding label assignments.
The label assignments include both the old area-ratio assignment and new TransMix as-
signment.

at the cost of architecture modification. (2) TransMix requires the attention map to
be spatially aligned with the input, resulting in poor compatibility with deformable-
based Transformer (e.g. PS-ViT [331], DeformDETR [361]). This can be potentially

solved by calibrating attention map to the input spatial location by leveraging de-

formed offset grid.
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Abstract

Existing frameworks exploit various task-specific structures to recognize the visual
properties e.g. parts and instances since they cannot capture the compositional prop-
erties directly from the backbone encoder. This paper presents Visual Parser (ViP),
a unified framework for visual tasks e.g. image classification, detection and seg-
mentation without task-specific structures but just compact linear projections
overhead, which brings great simplicity to visual perception. Such unification is car-
ried out by the explicit construction of the compositional “part” and “whole” visual
representations. Concretely, the part is a set of learnable embeddings representing
discriminative entities like objects, and the whole is a batch of feature maps for dense
prediction. The two-level features are iteratively composed with an encoder-decoder
interaction, during which the part is first updated from and then decoded into the
whole. We demonstrate that a stand-alone ViP can be directly applied to image
classification, object detection and panoptic segmentation and achieve competitive
performance on the challenging ImageNet and MS COCO. The code will be made

publicly available for reproduction.

*The first two authors contribute equally to this work.
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Figure 1. Left: Previous backbone encoders need lateral task-specific decoders when
applied to down-stream tasks. Right: Our Visual Parser (ViP) can extract compositional
representations directly as a backbone encoder, which means it is unnecessary for us to
further apply task-specific down-stream decoders on top of the ViP. Heads are defined as
compact modules like linear projections or MLP layers.

1 Introduction

Strong evidence has been found in psychology that human vision is able to parse
a complex scene into part-whole compositional representations that include surro-
gates from the lowest pixels to the high-level properties (e.g. parts, objects, scenes)
[115, 139]. Constructing such a part-whole hierarchy [116] enables neural networks to
capture compositional representations [270] directly from images, which can promis-
ingly help to detect properties of different levels directly from the backbone repre-

sentations.

To the best of our knowledge, most current backbone networks do not model such
part-whole hierarchy explicitly. Instead, these backbone networks describe every-
thing in the whole image only with dense feature maps but cannot find some vi-
sual compositions e.g. parts and instances directly in the backbone representations.
Therefore, as shown in Figure 1, when transferring the backbone architecture to
some downstream tasks e.g. object detection, we still need to apply task-specific
structures (a.k.a. decoders) on top of the backbone encoder to represent the parts
and instances, which diverges frameworks for different visual tasks and also forms a

cumbersome transfer process.

In one word, ideal modeling of the visual representation should be able to model such
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1
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Figure 2. The overall pipeline of the Visual Parser (ViP). Given an input image and
the prototype parameters p' as input, we iteratively refine the features of the two levels
with the proposed encoder-decoder process. The stand-alone ViP can be directly used for
image classification, object detection and dense prediction like panoptic segmentation.

part-whole hierarchy so that we can get rid of the task-variant decoders as shown in
Figure 1. With such a part-whole hierarchy, we can learn to extract a set of unified
compositional representations for all visual perception tasks. To this end, we present
Visual Parser (ViP), which constructs the simplest part-whole hierarchy to model
the compositional visual representation. The hierarchy of ViP has two levels. One
represents the part, which only contains the most essential high-level information
describing the visual input, and the other is for the whole, which describes the
visual input in a regular spatial coordinate frame system. Normally a part vector
(e.g. representing a cat) can be dynamically associated with several vectors of the
whole (e.g. pixels at the body, tail), forming a one-to-many mapping between the
two levels. To obtain information for the part, we first apply an encoder between
the two levels to compose the part features with the features of the whole. Then the
encoded part feature will be mapped back to the whole by a decoder, as shown in
Figure 2. Such cross-level interaction is iteratively applied throughout the network,

constituting a bi-directional pathway between the two levels.

Benefiting from the part-whole hierarchy, ViP can generate unified compositional
representations for image-level, instance-level and pixel-level predictions. These rep-
resentations can be directly applied for different tasks e.g. image classification, ob-
ject detection and panoptic segmentation without task-specific structures overhead,
which greatly simplifies the overall pipeline for unified visual perception. Such unifi-

cation creates new possibilities for tasks with fine-grained annotations (e.g. detection
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and segmentation) to be directly pre-trained on datasets with only coarse-grained
labels (e.g. classification) in almost an end-to-end way. This further paves the way

towards the unified visual perception like BERT [74] in the field of NLP.

Our main contributions are as follows: (1) ViP is the first to provide a unified
solution for image categorization, detection and panoptic segmentation. Such unifi-
cation is an essential step towards unified perception, yet can help to achieve com-
petitive performance compared to other task-specific frameworks. (2) The proposed
encoder-decoder interaction can effectively communicate the information between
part and whole level, and generate strong visual representations in both global and
local granularity. (3) Experimental results also demonstrate that the stand-alone
ViP can achieve very competitive results compared to the current state-of-the-art
backbones. As a bonus, the whole representation of ViP can be also exploited by

frameworks specifically designed for downstream tasks.

2 Method

2.1 Overview

The overall pipeline is shown in Figure 2. There are two inputs of ViP, including
an input image and a set of learnable parameters. These parameters represent
the prototype of the parts, and will be used as initial clues indicating the region
that each part should be associated with. The entire network consists of several
basic blocks (iterations). For block i € {2,3, ..., B}, there are two kinds of features
describing the two hierarchical levels. One is the part representation p’ € RV*C»
and the other is the whole feature maps x* € R¥*¢. Here N is a pre-defined constant
number indicating the number of parts within the input image, and L denotes the
number of pixels of the feature map (whole), which equals to widthx height. B,C

are the numbers of blocks and channels respectively. The representation of parts

for each block is dynamically encoded from the corresponding whole feature maps
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through an attention-based approach. Given the representation of the part p‘~!
and the whole x*~! from the previous block i — 1, an attention-based encoder is
applied to fill the information of the whole into the part p’ of the current block.
Since the attention mechanism assigns each pixel on the feature map with a weight
indicating the affinity between the pixel and the corresponding part, only the spatial
i—1

information in x*~! that is semantically close to the input part p*~! can be updated

into p'.

Information within the encoded parts will be then transferred back into the feature
maps, so each pixel on the feature map can interact with the information in a wider
range. Since the information within the parts is highly condensed, the computational
cost between the pixels and the parts is much lower than the original pixel-wise global
attention [246, 288]. This encoder-decoder process constitutes the basic building
block of ViP. By stacking the building block iteratively, the network can learn to

construct a two-level part-whole hierarchy explicitly.

2.2 Part Encoder

The part encoder is responsible for extracting the part information based on the
previous part-whole input. The encoder is implemented with an attention mecha-
nism. Given the part representation p'~! € RV*% of the last block i — 1, we first
normalize it with Layer Normalization [6], then use it as the query of the attention
block. The whole feature map from the last block x~! € R*C serves as the key
and value after the normalization. The information of the whole will be condensed

into the part representations via attention, which can be formulated as:

Qi = [LN(p™). d,),
Kot = (LN ), do)
Vit = ING),
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where p'~! € RV*% is the output of the attention block, and LN(-) represents the
Layer Normalization [6], [-,-] is the concatenation. d, € RE*% d, € RV*% are
sinusoidal positional encodings for the whole and the part respectively. MHA(-, -, )

denotes the multi-head attention mechanism [273] which can be formulated as

MHA(Q, K, V) = [heady, ..., head,|Wo,

QVViQ\(/ngiK)T)va7 52)

head; = softmax(

where the Wy € RUCH*C e ¢ ]RC?XCg, WK € REG*Co WY € RE G de-
note the matrices of parameters for the linear mappings of the multi-head attention

mechanism. The product of the query and the key is normalized by a temperature

1
Ve,

CgQ, C;( , C’;/ ,Cy are numbers of channels in each head of @), K,V and the hidden

factor

to avoid it being one-hot after the lateral softmax calculation. Here

dimension.

Reasoning across different parts. After each part is filled with the information
from the feature maps, we apply a part-wise reasoning module to enable information
communication between parts. In order to save computational cost, we just apply
a single linear projection with learnable weights W, € RV, An identity mapping
and the normalization are also applied here as a residual block. The process of the

part-wise reasoning can be formulated as:

pil=p"'+W,LN(p' ), (5.3)

where pi~! represents the output for the part-wise reasoning. This process can be

also implemented by a self-attention module. We compare the performance of the

two implementations in Section 4.5.

Activating the part representations. The part representation learned above
may not be all meaningful since different objects may have different numbers of

parts describing themselves. We thereby further apply a Multi-Layer Perceptron
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Figure 3. The basic building block of ViP. The symbol € denotes element-wise sum-

mation. Here we omit the relative positional embedding r’ for clear demonstration.

(MLP) that has two linear mappings with weights W;, W5 and biases by, by and an

activation function (GELU [110]) o(+) in its module. The activation function will

only keep the useful parts to be active, while those identified to be less helpful will

be squashed. In this way, we obtain the part representation p¢ for block i by:
p'=b, " +MLP(p, ),

(5.4)
MLP(a) = o(LN(a)W; + by )Wy + bs.

The above process demonstrates that the part representation generated by the previ-
ous block will be used to initialize the parts of the next iteration. Thus the randomly
initialized part representations will be gradually refined with the information from

the whole within each block.

2.3 Whole Decoder

As shown in Figure 3, there are two inputs for the decoder, the part representation
p’ and the whole representation x~!. Interactions within the decoder can be divided

into a part-whole global interaction between the parts and the feature maps, and a
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patch-based local attention between pixels in a local window of the whole feature

maps.

Part-whole global interaction. We first apply the part-whole global attention
to fill each pixel on the whole representations x*~! with the global information en-
capsulated in the parts p’. The part-whole global attention completely follows the
classic attention paradigm [273], which takes x'~! as the query input, and p® as in-
puts of the key and value. Therefore each pixel of the whole representation can have
a long-range interaction with the encoded parts. Before feeding into the attention,
both part and whole representations will be normalized by Layer Normalization. An
identity mapping and a MLP are also applied as what does in common practice [78].

The process of the part-whole interaction in the decoder can be written as:

Q) = LN(x""' +d,),

K} = LN(p' +dg),

Vj = LN(p"), (5:5)
X; =x""1 4+ MHA(QY, K&, V),

%' = x; + MLP(xy),

where dy € RV*¢ is the positional encoding for parts in decoders, the definitions of
the attention mechanism and MLP are identical to those defined in Eq. (5.1) (5.4).
Note that d; is shared across all blocks of each stage. The axis that the softmax
function normalizes on is the last dimension (specifically, the part dimension with

N inputs).

Reasoning across different partitions of the whole. The above process, in
both the encoder and the decoder, has completed the cross-level interactions for the
i'" iteration. In addition to the long-range modeling that the cross-level interaction
provided, we also apply a local attention for fine-grained feature modeling. We
divide the spatial feature maps into non-overlapping patches with size k x k, then

apply a multi-head self-attention module for all pixels within each patch. We denote
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the pixels of patch t as x¢ € R’“QXC, then the process of the local attention can be

written as:

%) = x} + MHA(LN(x}), LN(x} + 1), LN(x))),

X ={&), .. %, Ry b (5.6)

x' = %! + MLP(X),

where N, = k—LQ denotes the total number of patches, r’ € R**C is the relative
positional embedding. The implementation of the relative positional embedding
follows the design in [12, 246]. To save the computational cost, r’ is factorized
into two embeddings ri, € Re*=Dx5 ri ¢ R~1*F for the dimension of height

and width respectively. Here another MLP layer is applied to further activate the

feature of the whole.

2.4 Stand-alone ViP for Downstream Tasks

Unlike previous backbone that can only perform as a feature extractor in the down-
stream frameworks, ViP can work as a stand-alone framework for downstream tasks
without task-specific decoders (e.g. detectors, segmentors) since it can generate com-
positional representations as shown in Figure 1. We evaluate the stand-alone ViP

on two downstream tasks including object detection and panoptic segmentation.

Object detection. When applying ViP for object detection, we first generate L
parts then select those with the lowest cost via bipartite matching. The selected
part representations will be transformed by a bounding box head and another clas-
sification head to generate the bounding boxes’ coordinates and the classification
score. Concretely, the bounding box head is implemented by a simple MLP layer,
and the classification head is a linear projection. The loss formulation can be found

in the supplementary material.

Panoptic segmentation. ViP can be also applied for panoptic segmentation in-
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dependently due to its compositional property. Basically, panoptic segmentation
predicts a set of prediction maps that include both instance-level and semantic-level
classes, which means that the output should contain the information of both lev-
els. To this end, we employ the part and whole as instance-level and semantic-level
descriptors respectively, and merge them together to generate the panoptic output.
Given the part representation and whole representation obtained from the end of the
network, we first upsample the whole representation to get high-resolution feature
maps, and then directly use the part representation as kernels to perform convo-
lution over the upsampled feature maps of the whole to generate instance masks
(i.e. ‘things’). We also apply a 1 x 1 convolution layer over the upsampled feature
maps to get semantic masks of ‘stuft’ classes. Finally, we merge instance masks and

semantic masks for the panoptic segmentation results.

2.5 Architecture Specification

In this paper, we first design four kinds of different variants called ViP-Tiny (T1i),
ViP-Small (S), ViP-Medium (M), ViP-Base (B) respectively. Note that
these variants are of feature pyramid. We also construct two other variants without
such pyramid, namely ViP-Ti-Plain and ViP-S-Plain. These variants have some
common features in the design. (1) Architectures of all these models except for
ViP-Ti-Plain and ViP-S-Plain are divided into four stages according to the spatial
resolution L of the feature map. Given an input with spatial size H x W, the output

W H., W H

spatial sizes of the feature maps for the four stages are % X -, = X

W
T8 X 5 16 X 16 and

1L« ¥ (2) The expansion rates of the MLP within the encoder and the decoder,
which indicates the ratio between the number of channels of the hidden output and
the input, are set to be 1 and 3 separately. (3) The patch size for the self-attention
module of the decoder is set to {8,7,7,7} for four different stages. (4) At the
beginning of each stage, there is a patch embedding responsible for down-sampling

and channel-wise expansion. We employ a separable convolution with normalization

here with kernel size 3 x 3 to perform the down-sampling operation for the whole
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representation. Since the number of channels of the part representation for each
stage may vary, another linear operation is applied to align the number of channels
between parts in different stages. The detailed specification of the ViP family can

be found in the supplementary material due to the limitation of space.

3 Related Work

CNNs and frameworks that predict using dense pixels. Conventional CNNs
[106, 132, 222, 244, 260, 262] are prevalent in nearly all fields of computer vision
e.g. image classification [11, 14, 106, 222, 256, 262], object detection [21, 93, 95, 105,
177, 186, 230] and semantic segmentation [7, 35, 191, 319, 347] since AlexNet [159]
demonstrates its power for image recognition on ImageNet [72]. Although CNN is
first proven to be effective in the downstream tasks e.g. object detection with extra
task-specific structures (a.k.a. decoders) [94, 96|, some recent works have proven
that the dense pixels produced by the backbone can be directly used for describing
objects [164, 264, 356], human poses [23, 293] and also semantic maps [192] in an
end-to-end approach. However, since the CNNs can only produce non-compositional
dense feature maps, it is hard for these frameworks to be directly applied to tasks
that require compositional predictions e.g. panoptic segmentation and scene parsing.
An existing work [172] that aims to solve this problem still needs to first generate
kernels (decoders) based on the dense pixels then decode the instances and semantic

information with these kernels.

Part-whole compositional visual representations. Tu et al. [270] first devise
a Bayesian framework to parse the image into a part-whole hierarchy for unifying
all the major vision tasks. Then some research follow the first step building com-
positional framework with graphical models [71, 301]. Some recent works can also
learn to group and associate compositional representations from the deep backbone
for scene parsing [173] and occluded object detection [153]. Capsule Networks (Cap-

sNets) [235] were first proposed to use a dynamic routing algorithm to allocate neu-
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rons to represent a small portion of the visual input. Some other extensive works
based on CapsNets [118, 154, 269] show remarkable performance on some small
datasets, however, these works cannot be well when scaled onto large datasets. The
recent proposal of GLOM [116] gives an idea to build up a hierarchical representa-
tion with attention, but it gives no practical experiments. This paper borrows some
ideas from these works to build a rather simple hierarchy with two levels for model-
ing basic visual representation. For example, the iterative attention mechanism in
our model is similar to the dynamic routing designed in CapsNet [235] or iterative

attention mechanism [24, 190, 269].

Transformers and self-attention mechanism. With the success of Memory
Networks [250] and Transformers [273] for natural language modeling [69, 76, 298,
318], lots of works in the field of computer vision attempted to migrate similar self-
attention mechanism as an independent block into CNNs for image classification
[12, 46, 130, 296], object detection [24, 127, 246] and video action recognition [87,

138, 288].

Recent works tried to replace all convolutional layers in neural networks with local
attention layers to build up self-attention-based networks [58, 119, 127, 224, 272,
346]. To resolve the inefficiency problem, Vision Transformer (ViT) [78, 265] chose
to largely reduce the image resolution and only retain the global visual tokens. To aid
the global token-based ViT with local inductive biases, several papers incorporate
convolution-like design into ViT [56, 70, 114, 299, 328]. Apart from the token-based
approach, some works [188, 286] that retain the spatial pyramids have also been
proven to be effective. Different from the above existing works that extract either
tokens or spatial feature maps for final prediction, ViP extracts both the token-based

representations (the part) and spatial feature maps (the whole).

Set-based Transformers for object detection. A range of recent methods
explore object detection as set predictions [24, 88, 202, 359]. The object queries

proposed in these methods are similar to the parts defined in ViP. To be clear, we
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Input | Params | FLOPS Top-1
Model Sie | O | (@ | Ace (%)
CNN Architectures
BoTNet-T3 [246] 2242 33.5 7.3 81.7
BoTNet-T4 [246] 2242 54.7 10.9 | 82.8
BoTNet-T5 [246] 2562 75.1 19.3 | 83.5
RegNetY-4G [222] | 2242 20.6 4.0 80.0
RegNetY-8G [222] | 2242 39.2 8.0 81.7
RegNetY-16G [222] | 2242 83.6 15.9 | 82.9
Transformer Architectures

DeiT-Ti [265] 2242 5.7 1.6 72.2
DeiT-S [265] 2242 22.1 4.6 79.8
DeiT-B [265] 2242 86.6 17.6 | 81.8
DeiT-B1384 [265] 3842 86.6 55.4 | 83.1
T2T-ViT-14 [328] 2242 21.5 5.2 81.5
T2T-ViT-19 [328] 2242 39.2 8.9 81.9
T2T-ViT-24 [328] 2242 64.1 4.1 | 823
TNT-S [100] 2242 23.8 5.2 81.5
TNT-B [100] 2242 65.6 14.1 | 82.9
Swin-T [188] 2242 29 4.5 81.3
Swin-S [188] 2242 50 8.7 83.0
Swin-B [185] 2242 88 15.4 | 83.3
ViP-Ti 2242 12.8 1.7 79.0
PS-ViP-Ti 2242 13.9 1.9 80.9 (+1.9)
ViP-S 2242 34.9 4.8 81.8
PS-ViP-S 2242 36.8 5.3 82.9 (+1.1)

Table 1. Results on ImageNet-1K.

emphasize that there are two key differences between our method and theirs: (1) ViP
is essentially an encoder backbone that can be widely transferred onto different tasks
while these methods focus on building up decoders for object detection. (2) There is
only one direction (whole — part) within the interaction between the two levels of
these methods while such interaction in ViP is bi-directional. Token-based global
attention mechanism. The interaction between the part and the whole is related
to the token-based global attention mechanism. Recent works including [11, 45, 46,
296] propose to tokenize the input feature map generated by the convolution block.
Our work is different from theirs in three aspects: (1) The part representations are
explicitly and iteratively refined in ViP, while in these works, the tokens are latent

bi-product of each block. (2) We intend to design a hierarchy that can be used
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for final prediction while these works focus on designing a module then plugging
it into limited blocks of the network. (3) In detail, the token extraction and the

bi-directional pathway designed in ViP are quite different from their pipelines.

4 Experiments

N FLOPS (G) Top-1 (%) w/ shifted Top-1
16 1.6 78.1 window (%)
ViP-Ti 32 1.7 79.0 ViP-S 81.8
64 1.8 79.1 v 82.2

Table 2. Effect of number of parts for ViP- Table 3. ViP can be also compatible with
Ti. shifted window proposed in [188].

4.1 Image Classification on ImageNet-1K

Experimental settings. For image classification, we evaluate our models on
ImageNet-1K [72], which consists of 1.28M training images and 50K validation im-
ages categorized into 1,000 classes. The network is trained for 300 epochs using
AdamW [146] and a half-cosine annealing learning rate scheduler. The learning rate
is warmed up for 20 epochs to reach the initial 1 x 1073, Weight decays for ViP-Ti are
set to be 0.03, while those for ViP-S, ViP-M are 0.05. The drop ratios of Stochastic
Depth (a.k.a DropPath) [134] are linearly scaled from 0.1, 0.1, 0.2, 0.3 along the
layer depth for each layer of ViP-Ti, ViP-S, ViP-M and ViP-B respectively. The
total training batch size is set to be 1024 for all model variants. We primarily fol-
low the settings of the data augmentation adopted in [265], except for the repeat

augmentation [121]. Note that for all results for image classification on ImageNet

reported in this paper, we do not use any external dataset for pre-training.

ViP ws. CNNs. Table 1 compares ViP family with some CNN models on Ima-
geNet. The RegNet is also better tuned using training tricks in [265]. ViP is both
cost-efficient and parameter-efficient compared to these models. For example, ViP-

M can achieve a competitive 83.3% with only 49.6M parameters and 8.0G FLOPS.
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The counterpart BOTNet-T5 needs 25.5M more parameters and 11.3G FLOPS to
achieve similar performance. When scaling the input to resolution 3842, ViP-B is

able to further improve its top-1 accuracy to 84.2%.

ViP wvs. other Transformer-based methods. As shown in Table 1, ViP con-
sistently outperforms previous state-of-the-art Transformer-based models in terms
of accuracy and model size. Especially, ViP-B achieves 83.8% ImageNet top-1 ac-
curacy, which is 0.5% higher than Swin-B [188] with fewer parameters and FLOPS.
A similar trend can also be observed when scaled onto larger models, e.g. ViP-
M achieves 83.3% top-1 accuracy, outperforming TNT-B [100], T2T-ViT-24 [328],
PVT-Large [286] by 0.4%, 1.0%, 1.6% respectively.

4.2 Stand-alone ViP for Object Detection

Experimental settings. We evaluate ViP on COCO dataset [178] when apply-
ing ViP as an independent framework for object detection. The dataset contains
115k images for training (train-2017) and 5k images (val-2017) for validation. We
train models on train-2017 and report the results on val-2017. We measure our
results following the official definition of Average Precision (AP) metrics given by
MS COCO, which includes AP5y and AP75 (averaged over IoU thresholds 50 and
75) and APg, APy, AP, (AP at scale Small, Medium and Large). The whole net-
work is first pre-trained on ImageNet-1k, then trained on COCO for 150/300 epochs
with the initial learning rate and weight decay set to be 0.0001 and 0.05. For both
schedules, the learning rate drops by 0.1 at 100 epoch. We follow the multi-scale
training proposed in [24]. We embed a MLP layer as the bounding box head and
a fully-connected layer on top of the part representation to predict the bounding
box coordinates and the classification score. The shorter sides of the input size for
ViP-Ti and ViP-Ti-plain are set to be 640 and 512 respectively, while those for other

ViP variants are set to be 800.
Results. We investigate two different model variants ViP-Ti and ViP-S on COCO

98



Towards Unified Visual Perception

Params | FLOPs
Method Backbone | Epochs (M) (@) AP
YOLOS [88] | DeiT-Ti 300 7 19 28.6
YOLOS [8§] | DeiT-Ti'™| 300 7 21 | 30.0
ViP-Ti - 300 15 20 |30.5
ViP-Ti-Plain - 150 9 20 31.3
DETR[24] R18-DC5 150 29 129 | 36.9
YOLOS[88] | DeiT-S | 150 31 194 | 36.1
YOLOS[8§] | DeiT-S™h | 150 31 194 | 37.2
ViP-S - 150 35 82 37.3
ViP-S-Plain - 150 23 109 [39.5

Table 4. Stand-alone ViP for object detection on COCO wal. ‘M denotes the use of
knowledge distillation during the backbone pre-training.

for object detection. As shown in Table 4. ViP can achieve a better computation-AP
trade-off when compared with other transformer-based frameworks e.g. DETR and
YOLOS for object detection. Specifically, our ViP-S-plain can outperform YOLOS-
DeiT-S by a significant 3.4% with about 44% fewer FLOPs (109G wvs. 194G). Note
that we do not apply data distillation on ViP when pre-training it on ImageNet-1k.
The success of data distillation on YOLOS [88] indicates that the performance of

ViP can be further lifted with better pre-training.

4.3 Stand-alone ViP for Panoptic Segmentation

Experimental settings. When applying ViP as an independent framework for
panoptic segmentation, we conduct experiments on the challenging COCO dataset [178].
The panoptic segmentation results are evaluated by the PQ metric proposed in [149].
The performance of thing and stuff are also reported, noted as PQ™, PQ®, respec-
tively. Similar to the settings we proposed for object detection, we first pre-train
the whole network on ImageNet-1k, then trained on COCO with the initial learning
rate and weight decay set to be 0.0001 and 0.05 for 50 epochs. The learning rate is
decreased by 0.1 at the 33th and 43th epoch. We use multi-scale training with the

short edge of images randomly sampled from [640, 800]. For semantic segmenta-
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Params | FLOPs

Method Backbone Epochs | PQ/PQT™" /PQSt
Panoptic FPN [148] | R50-FPN 45.8 238 36 41.5/48.5/31.1
SOLOv2 [290] R50-FPN - - 36 42.1/49.6/30.7
DETR [24] R50+6Enc| 42.8 137 175* 43.4/48.2/36.3

Panoptic FCN [172] | R50-FPN | 37.0 244 36 43.6/49.3/35.0
MaskFormer [51] R50+6Enc| 45.0 181 300 46.5/51.0/39.8

MaskFormer [51] Swin-T 42.0 179 300 47.6/52.5/40.3
ViP-S - 38.0 100 50 45.0/48.7/39.5
ViP-S +FPN 41.9 183 50 46.9/51.1/40.5
ViP-S +FPN 41.9 183 300 48.2/53.1/40.8
ViP-S-Plain - 24.8 125 50 45.5/48.9/40.4

Table 5. Stand-alone ViP for Panoptic Segmentation on COCO wal. * means that 150
epochs-training for object detection and 25 epochs finetuing for panoptic segmentation.

tion, we add another convolution layer on top of the whole representations to predict
masks of stuff defined in COCO. We also embed the panoptic FPN [148] on top of

the multi-scale whole feature generated by ViP as an alternative.

The stand-alone ViP can outperform the state-of-the-art counterparts
for panoptic segmentation on COCO. We compare ViP with state-of-the-art
panoptic segmentation counterparts in Table 5. ViP surpasses previous box-based
methods and box/NMS-free methods even with much lower computational cost.
Specifically, compared with transformer-based method DETR, our ViP-S absolutely
improves the PQ by 1.6% while reducing 4.8M parameters and 37G FLOPs. When
equipped with FPN, ViP-S achieves 46.9% PQ with just 50 epochs training, which
is higher than MaskFormer with ResNet-50 backbone with 6 extra transformer en-
coders. When trained with a longer schedule (300 epochs), ViP-S can obtain a
competitive 48.2% PQ.

4.4 ViP as Backbones of Existing Detectors

Experimental settings. For object detection and instance segmentation, we eval-

uate ViP on the challenging MS COCO dataset [178]. Experiments are implemented
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Backbone  |AP? APl APL AP APE Apt| Params  FLOPS
(M) (G)
RIS [177]  [31.8 49.6 33.6(16.3 34.3 43.2[11.0 37
PVT-T [286] [36.7(+4.9) 56.9 38.9|22.6 38.8 50.0/12.3 70
ViP-Ti 39.74+7.9 60.6 42.223.9 42.9 53.0 10.0 30
R50 [177]  [36.5 55.4 39.1|20.4 40.3 48.1[23.3 84
PVT-S [286] [40.4(+3.9) 61.3 43.0|25.0 42.9 55.7(23.6 134
Swin-T [188] |41.5 62.1 44.2(25.1 44.9 5551275 118
ViP-S 43.046.5 64.0 45.9(28.9 46.7 56.3 24.6 78
R101 [177] [38.5 57.8 41.2|21.4 42,6 51.142.3 160
X101-32 [177]39.9(+1.4) 59.6 42.7|22.3 44.2 52.541.9 164
PVT-M [286] [41.9(+3.4) 63.1 44.3|25.0 44.9 57.6/43.7 222
Swin-S [188] 44.5(+6.0) 65.7 47.5|27.4 48.0 59.948.8 162
ViP-M 44.5+6.0 65.9 47.4(30.7 48.1 58.148.8 135
X101-64 [177][41.0 60.9 44.0(23.9 45.2 54.0/81.0 317
PVT-L [286] 42.6 63.7 45.4(25.8 46.0 58.4/60.9 324

Table 6. Various backbones with RetinaNet. Here R and X are abbreviations for ResNet
and ResNeXt. Parameters and FLOPS in black are for backbones, while those in
are for the entire frameworks.

based on the open source mmdetection [34] platform. All models are trained un-
der two different training schedules 1x (12 epochs) using the AdamW [146] opti-
mizer with the same weight decay set for image classification. After a 500 iteration
warming-up, the learning rate is initialized at 1 x 107 then decayed by 0.1 after [8,
11] epochs. For data augmentation, we only apply random flipping with a probabil-
ity of 0.5 and scale jittering from 640 to 800. The batch size for each GPU is 2 and
we use 8 GPUs to train the network for all experiments. Stochastic Depth [134] is
also applied here as what was proposed on ImageNet. We embed ViP into two pop-
ular frameworks for object detection and instance segmentation, RetinaNet [177]
and Cascade Mask-RCNN [21]. When incorporating ViP into these frameworks,
ViP serves as the backbone followed by a Feature Pyramid Network (FPN) [170]
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Backbone AP"  APL AP APY APY, APSIAP™ AP APZAPY AP}, APY Pg(ﬁr)ns FL(%DS
RIS 387 562 41.3[21.3 40.8 52.9)34.0  53.5 36.4[17.4 36.0 48.1[11.0 37
ViP-Ti |45.446.7 64.6 48.9[29.1 48.8 60.1/39.9+5.9 61.7 42.7|24.1 43.0 54.3[10.0 30
R50  [41.2 59.4 45.0(23.9 44.2 54.435.9  56.6 38.4|19.4 38.5 49.323.3 84
S50 454 641 4921283 49.1 588305 61.4 42.5|23.1 43.0 52.8/25.1 110
Swin-T  48.1 67.1 52.2|30.4 51.5 63.1141.7 644 45 | 24 452 56.9[27.5 97
ViP-S  |48.547.3 67.5 52.5[31.9 51.8 63.2/42.2+6.3 64.8 45.7|25.9 45.5 56.7[24.6 78
RI0L 429  61.0 46.6[24.4 46.5 57.037.3  58.2 40.1[19.7 40.6 51.5/42.3 160
X101-32 443  62.7 48.4[25.4 484 58.1[38.3  59.7 41.2|20.6 42.0 52.341.9 164
S101 477 664 51.9[30.1 51.8 61.441.4  63.7 45.1|24.7 45.2 54.945.7 209
ViP-M  [49.947.0 69.5 54.2(33.1 53.4 65.1/43.5+6.2 66.4 47.2|26.8 46.9 59.1(48.8 135
X101-64 453 63.9 49.6[26.7 49.4 50.9)39.2  61.1 42.2|21.6 42.8 53.7]81.0 317

Table 7. Various backbones with Cascade Mask R-CNN. All results are trained under
1x schedule. S denotes ResNeSt [337].
refining the multi-scale whole representations. All weights within the backbone are

first pre-trained on ImageNet-1K.

Integrating ViP into RetinalNet. Table 6 exhibits the experimental results when
embedding different backbones into RetinaNet. When trained under the 1x sched-
ule, our ViP-Ti can outperform its counterpart ResNet-18 by 7.9, which is a large
margin since it is even higher than the performance obtained by ResNet-101 (4x
larger than ViP-Ti in terms of FLOPS and parameters). The ViP-S, which is just
about the size of ResNet-50, can even outperforms the largest model ResNeXt-101-
64 x4d listed in Table 6 by a clear 2.0. For larger variant ViP-M, it can further boost
the performance to a higher level 44.5. ViP can also outperform the counterparts

of Swin Transformer.

Integrating ViP into Cascade Mask RCNN. Table 7 shows the results when
incorporating different backbones into Cascade Mask RCNN [21]. As shown in

Table 7, all variants of the ViP family can achieve better performance compared to
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their counterparts. Notably, as a tiny model with only 10M parameters and 30G
FLOPS, ViP-Ti can achieve comparable performance obtained by the largest variant
in ResNe(X)t family ResNeXt-101-64 x4d which contains 81M parameters and 317G
FLOPS. Meanwhile, ViP-S can perform slightly better than Swin-T with about 20%
fewer computational cost. ViP also scales well with larger models. ViP-M further

lifts the performance to 49.9 for object detection and 43.5 for instance segmentation.

4.5 Ablation studies

Some of ablation studies and visualization results are added to the supplementary

material due to the limit of space.

Number of parts. As shown in Table 2, the number of parts NN is crucial when
the model is small. Concretely, for ViP-Ti, N=32 can lead to a remarkable 0.8%
improvement on ImageNet compared to N=16. However, the improvement comes

to be saturated when adding more parts to ViP-Ti.

Effects of the part-wise linear. Different from the original design in Transformer
[273] that uses a self-attention module for part-wise communication, we replace it
with a simple linear operation to save the computational cost. Introducing such a
simple linear operation into ViP-S can lead to a 0.4% gain on ImageNet with only

a fractional increase in parameters (0.03M) and FLOPS (0.02G).

Compatibility with shifted windows. ViP can be also compatible with shifted
windows like what was proposed in [188]. As shown in Table 3, the shifted window
can further boost ViP-S by 0.4%. Since the model structure is not the major focus

of this paper, we do not apply this to all variants of the ViP family for simplicity.

5 Conclusion

In this work, we construct a unified framework for visual tasks e.g. image classifica-

tion, object detection and panoptic segmentation. ViP can generate compositional
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visual representation by dividing it into the part level and the whole level with a
novel encoder-decoder interaction. Unlike previous frameworks that require task-
specific structures, our ViP can work as a stand-alone framework for downstream
tasks. Extensive experiments demonstrate that the stand-alone ViP without task-

specific decoders can achieve competitive results on the three vision tasks.

Limitation and broader impact. (1) Though the stand-alone ViP can outper-
form previous pure transformer-based methods like YOLOS [88], it is not dominant
when compared to the state-of-the-art task-specific methods for object detection.
This may be due to the lack of multi-scale features when applying ViP for object

detection, and can be further optimized by adding top-up structures like FPN.

(2) Some of the model structures in ViP e.g. feature pyramid, window partitions and
convolution in Transformers can be found in some of the existing works. Instead of
optimizing the model in terms of structures, the major focus of this paper is to find

a uniform solution for most visual tasks.

(3) This paper presents how to unify pipelines of different tasks in terms of model
frameworks, however in this project, we do not train ViP jointly on datasets for
simultaneous multi-task learning though it is applicable. Since ViP can produce
compositional representations that required by the downstream tasks, all these fea-
tures can also be pre-trained with data with higher volume and variety. Due to the

limitation of computing resources, we leave this to future work.

(4) This paper only pre-trains the ViP in a fully supervised way. In future works,
we expect ViP to be pre-trained in a self-supervised or a semi-supervised approach
so that we can construct a stronger backbone encoder like BERT in the field of NLP

for most downstream tasks.
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ReMaX: Relaxing for Better
Training on Efficient Panoptic

Segmentation
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Abstract

This paper presents a new mechanism to facilitate the training of mask transform-
ers for efficient panoptic segmentation, democratizing its deployment. We observe
that due to its high complexity, the training objective of panoptic segmentation will
inevitably lead to much higher false positive penalization. Such unbalanced loss
makes the training process of the end-to-end mask-transformer based architectures
difficult, especially for efficient models. In this paper, we present ReMaX that adds
relaxation to mask predictions and class predictions during training for panoptic
segmentation. We demonstrate that via these simple relaxation techniques during
training, our model can be consistently improved by a clear margin without any
extra computational cost on inference. By combining our method with efficient back-
bones like MobileNetV3-Small, our method achieves new state-of-the-art results for
efficient panoptic segmentation on COCO, ADE20K and Cityscapes. Code and pre-
trained checkpoints will be available at https://github.com/google-research/

deeplab2.
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Figure 1. The histogram shows the
ratio of false positives to false nega-
tives for the cross-entropy loss, on a
logarithmic scale. When using sigmoid
as the activation function, the false posi-
tive loss is always over 100x greater than
the false negative, making the total loss to
be extremely unbalanced.

Xsem Xpan
Semantic Panoptic
head head
Lsem Mgem Mpan
stop grad l,
2
p Lpan rlAlpan

Figure 2. ReMask Operation. Mod-
ules, representations and operations ren-
dered in are not used in testing. ®
and ©® represent the matrix multiplication
and Hadamard multiplication and 4+ means
element-wise sum. The x symbol and “stop
grad” mean that there is no gradient flown
t0 Mgen from Lpa, during training.

1 Introduction

Panoptic segmentation [150] aims to provide a holistic scene understanding [270] by
unifying instance segmentation [101] and semantic segmentation [108]. The com-
prehensive understanding of the scene is obtained by assigning each pixel a label,
encoding both semantic class and instance identity. Prior works adopt separate
segmentation modules, specific to instance and semantic segmentation, followed
by another fusion module to resolve the discrepancy [49, 149, 171, 218, 309, 316].
More recently, thanks to the transformer architecture [24, 273], mask transform-
ers [50, 52, 174, 280, 323, 324, 344] are proposed for end-to-end panoptic segmenta-

tion by directly predicting class-labeled masks.

Although the definition of panoptic segmentation only permits each pixel to be
associated with just one mask entity, some recent mask transformer-based works [48,
52, 166, 344] apply sigmoid cross-entropy loss (i.e., not enforcing a single prediction
via softmax cross-entropy loss) for mask supervision. This allows each pixel to

be associated with multiple mask predictions, leading to an extremely unbalanced

loss during training. As shown in Figure 1, when using the sigmoid cross-entropy
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loss to supervise the mask branch, the false-positive (FP) loss can be even 10%x
larger than the false-negative (FN) loss. Surprisingly, such unbalanced loss leads to
better results than using softmax cross-entropy, which indicates that the gradients

produced by the FP loss are still helpful for better performance.

However, the radical imbalance in the losses makes it difficult for the network to
produce confident predictions, especially for efficient backbones [125, 126, 237], as
they tend to make more mistakes given the smaller model size. Meanwhile, the
training process will also become unstable due to the large scale loss fluctuation.
To address this issue, recent approaches [24, 48, 52, 166] need to carefully clip the
training gradients to a very small value like 0.01; otherwise, the loss would explode
and the training would collapse. In this way, the convergence of the network will
also be slower. A natural question thus emerges: Is there a way to keep those positive

gradients, while better stabilizing the training of the network?

To deal with the aforementioned conflicts in the learning objectives, one naive so-
lution is to apply weighted sigmoid cross entropy loss during training. However,
simply applying the hand-crafted weights would equivalently scale the losses for all
data points, which means those positive and helpful gradients will be also scaled
down. Therefore, in this paper, we present a way that can adaptively adjust the
loss weights by only adding training-time relaxation to mask-transformers [50, 52,
174, 280, 324, 344]. In particular, we propose two types of relaxation: Relaxation
on Masks (ReMask) and Relaxation on Classes (ReClass).

The proposed ReMask is motivated by the observation that semantic segmentation
is a relatively easier task than panoptic segmentation, where only the predicted
semantic class is required for each pixel without distinguishing between multiple
instances of the same class. As a result, semantic segmentation prediction could
serve as a coarse-grained task and guide the semantic learning of panoptic segmen-
tation. Specifically, instead of directly learning to predict the panoptic masks, we

add another auxiliary branch during training to predict the semantic segmentation
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outputs for the corresponding image. The panoptic prediction is then calibrated
by the semantic segmentation outputs to avoid producing too many false positive

predictions. In this way, the network can be penalized less by false positive losses.

The proposed ReClass is motivated by the observation that each predicted mask
may potentially contain regions involving multiple classes, especially during the early
training stage, although each ground-truth mask and final predicted mask should
only contain one target in the mask transformer framework [280]. To account for this
discrepancy, we replace the original one-hot class label for each mask with a softened
label, allowing the ground-truth labels to have multiple classes. The weights of each
class is determined by the overlap of each predicted mask with all ground-truth

masks.

By applying such simple techniques for relaxation to the state-of-the-art kMaX-
DeepLab [324], our method, called ReMaX, can train the network stably without
any gradient-clipping operation with a over 10x greater learning rate than the base-
line. Experimental results have shown that our method not only speeds up the
training by 3x, but also leads to much better results for panoptic segmentation.
Overall, ReMaX sets a new state-of-the-art record for efficient panoptic segmenta-
tion. Notably, for efficient backbones like MobileNetV3-Small and MobileNetV3-
Large [125], our method can outperform the strong baseline by 4.9 and 5.2 in PQ
on COCO panoptic for short schedule training; while achieves 2.9 and 2.1 improve-
ment in PQ for the final results (i.e., long schedules). Meanwhile, our model with
a Axial-ResNet50 (MaX-S) [282] backbone outperforms all state-of-the-art methods
with 3x larger backbones like ConvNeXt-L [189] on Cityscapes [59]. Our model
can also achieve the state-of-the-art performance when compared with the other
state-of-the-art efficient panoptic segmentation architectures like YOSO [129] and
MaskConver [129] on COCO [179], ADE20K [352] and Cityscapes [59] for efficient

panoptic segmentation.
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2 Related Work

Mask Transformers for image segmentation. Recent advancements in im-
age segmentation has proven that Mask Transformers [280], which predict class-
labeled object masks through the Hungarian matching of predicted and ground
truth masks using Transformers as task decoders [24, 273], outperform box-based
methods [149, 219, 309] that decompose panoptic segmentation into multiple sur-
rogate tasks, such as predicting masks for detected object bounding boxes [105]
and fusing instance and semantic segmentation [38, 193] with merging modules [49,
169, 171, 182, 218, 316]. The Mask Transformer based methods rely on converting
object queries to mask embedding vectors [138, 263, 290], which are then multi-
plied with pixel features to generate predicted masks. Other approaches such as
Segmenter [248] and MaskFormer [50] have also used mask transformers for se-
mantic segmentation. K-Net [344] proposes dynamic kernels for generating masks.
CMT-DeepLab [323] suggests an additional clustering update term to improve trans-
former’s cross-attention. Panoptic Segformer [174] enhances mask transformers
with deformable attention [361]. Mask2Former [50] adopts masked-attention, along
with other technical improvements such as cascaded transformer decoders [24],
deformable attention [361], and uncertainty-based point supervision [152], while
kMaX-DeepLab [324] employs k-means cross-attention. OneFormer [136] extends
Mask2Former with a multi-task train-once design. Our work builds on top of the
modern mask transformer, kMaX-DeepLab [324], and adopts novel relaxation meth-

ods to improve model capacity.

The proposed Relaxation on Masks (ReMask) is similar to the masked-attention in
Mask2Former [50] and the k-means attention in kMaX-DeepLab [324] in the sense
that we also apply pixel-filtering operations to the predicted masks. However, our
ReMask operation is fundamentally distinct from theirs in several ways: (1) we learn
the threshold used to filter pixels in panoptic mask predictions through a semantic

head during training, while both masked-attention [50] and k-means attention [324]
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use either hard thresholding or argmax operation on pixel-wise confidence for filter-
ing; (2) our approach relaxes the training objective by applying a pixel-wise semantic
loss on the semantic mask for ReMask, while they do not have explicit supervision
for that purpose; and (3) we demonstrate that ReMask can complement k-means

attention in Section 4.

Acceleration for Mask Transformers for efficient panoptic segmentation.
DETR [24] successfully proves that Transformer-based approaches can be used as
decoders for panoptic segmentation, however, it still suffer from the slow training
problem which requires over 300 epochs for just one go. Recent works [50, 203,
324, 361] have found that applying locality-enhanced attention mechanism can help
to boost the speed of training for instance and panoptic segmentation. Meanwhile,
some other works [144, 174, 344] found that by removing the bi-partite matching
for stuff classes and applying a separate group of mask queries for stuff classes can
also help to speed up the convergence. Unlike them, which apply architectural level
changes to the network, our method only applies training-time relaxation to the
framework, which do not introduce any extra cost during testing. Apart from the
training acceleration, recent works [49, 124, 129, 206, 228] focus on how to make
the system for panoptic segmentation more efficient. However, all these works focus
on the modulated architecutural design while our approach focus on the training

pipeline, which should be two orthogonal directions.

Coarse-to-fine refinement for image segmentation. In the field of computer
vision, it is a common practice to learn representations from coarse to fine, par-
ticularly in image segmentation. For instance, DeepLab [36, 38| proposes a graph-
based approach [39, 155] that gradually refines segmentation results. Recently,
transformer-based methods for image segmentation such as [50, 98, 174, 280, 304,
344] have also adopted a multi-stage strategy to iteratively improve predicted seg-
mentation outcomes in transformer decoders. The concept of using coarse-grained

features (e.g., semantic segmentation) to adjust fine-grained predictions (e.g., in-

111



Towards Unified Visual Perception

stance segmentation) is present in certain existing works, including [3, 4, 47]. How-
ever, these approaches can lead to a substantial increase in model size and number
of parameters during both training and inference. By contrast, our ReMaX focuses
solely on utilizing the coarse-fine hierarchy for relaxation without introducing any

additional parameters or computational costs during inference.

Regularization and relaxation techniques. The proposed Relaxation on Classes
(ReClass) involves adjusting label weights based on the prior knowledge of mask
overlaps, which is analogous to the re-labeling strategy employed in CutMix-based
methods such as [30, 334], as well as label smoothing [261] used in image classifi-
cation. However, the problem that we are tackling is substantially different from
the above label smoothing related methods in image classification. In image clas-
sification, especially for large-scale single-class image recognition benchmarks like
ImageNet [234], it is unavoidable for images to cover some of the content for other
similar classes, and label smoothing is proposed to alleviate such labelling noise into
the training process. However, since our approach is designed for Mask Transform-
ers [50, 52, 280, 323, 324] for panoptic segmentation, each image is precisely labelled
to pixel-level, there is no such label noise in our dataset. We observe that other
than the class prediction, the Mask Transformer approaches also introduce a pri-
mary class identification task for the class head. The proposal of ReClass operation
reduces the complexity for the classification task in Mask Transformers. Prior to the
emergence of Mask Transformers, earlier approaches did not encounter this issue as

they predicted class labels directly on pixels instead of on masks.

3 Method

Before delving into the details of our method, we briefly recap the framework of
mask transformers [280] for end-to-end panoptic segmentation. Mask Transformers
like [50, 174, 280, 304, 344] perform both semantic and instance segmentation on the

entire image using a single Transformer-based model. These approaches basically
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divide the entire framework into 3 parts: a backbone for feature extraction, a pixel
decoder with feature pyramid that fuses the feature generated by the backbone,
and a transformer mask decoder that translates features from the pixel decoder into

panoptic masks and their corresponding class categories.

In the transformer decoder, a set of mask queries is learnt to segment the image into
a set of masks by a mask head and their corresponding categories by a classification
head. These queries are updated within each transformer decoder (typically, there
are at least 6 transformer decoders) by the cross-attention mechanism [273] so that
the mask and class predictions are gradually refined. The set of predictions are
matched with the ground truth via bipartite matching during training; while these

queries will be filtered with different thresholds as post-processing during inference.

3.1 Relaxation on Masks (ReMask)

The proposed Relaxation on Masks (ReMask) aims to ease the training of panoptic
segmentation models. Panoptic segmentation is commonly viewed as a more intri-
cate task than semantic segmentation, since it requires the model to undertake two
types of segmentation (namely, instance segmentation and semantic segmentation).
In semantic segmentation, all pixels in an image are labeled with their respective
class, without distinguishing between multiple instances (things) of the same class.
As a result, semantic segmentation is regarded as a more coarse-grained task when
compared to panoptic segmentation. Current trend in panoptic segmentation is to
model things and stuff in a unified framework and resorts to train both the coarse-
grained segmentation task on stuff and the more fine-grained segmentation task on
things together using a stricter composite objective on things, which makes the model
training more difficult. We thus propose ReMask to exploit an auxiliary semantic

segmentation branch to facilitate the training.

Definition. As shown in Figure 2, given a mask representation Xpa, € RFW*Ne,

we apply a panoptic mask head to generate panoptic mask logits mp., € RFW*Ne,
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A mask classification head to generate the corresponding classification result p €
RNexNe is applied for each query representation q € RMe*d . A semantic head
is applied after the semantic feature Xgeq € RPW*dsen from the pixel decoder to
produces a pixel-wise semantic segmentation map mg., € REW*Ne agsigning a class
label to each pixel. Here H,W represent the height and width of the feature, Ng
is the number of mask queries, N denotes the number of semantic classes for the
target dataset, d, is the number of channels for the query representation, and dgen
is the number of channels for the input of semantic head. As for the structure
for semantic head, we apply an ASPP module [38] and a 1 x 1 convolution layer
afterwards to transform dge, channels into N channels as the semantic prediction.
Note that the whole auxiliary semantic branch will be skipped during inference as
shown in Figure 2. Since the channel dimensionality between mge, and myg., is

different, we map the semantic masks into the panoptic space by:

Mgy = 0(Mgen )0 (PT), (6.1)

where o(-) function represents the sigmoid function that normalizes the logits into
interval [0,1]. Then we can generate the relaxed panoptic outputs myp., in the

semantic masking process as follows:

I/flpan = Mlpan + (I/flsem © mpan>7 (62)

where the ® represents the Hadamard product operation. Through the ReMask
operation, the false positive predictions in mp., can be suppressed by Mgey, so that
during training each relaxed mask query can quickly focus on areas of their corre-
sponding classes. Here we apply identity mapping to keep the original magnitude
of mp,, so that we can remove the semantic branch during testing. This makes
ReMask as a complete relaxation technique that does not incur any overhead cost
during testing. The re-scaled panoptic outputs my., will be supervised by the losses

Lpan.
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Image Ground Truth ReClass

baseball baseball

glove: 1.0 glove: o.?
' person:

0.2

Figure 3. Demonstration on How ReClass works. We utilize the mask rendered
in blue as an example. Our ReClass operation aims to soften the class-wise ground truth
by considering the degree of overlap between the prediction mask and the ground truth
mask. The blue mask intersects with both masks of "baseball glove” and ”person”, so the
final class weights contain both and the activation of ”person” in the prediction will no
longer be regarded as a false positive case during training.

Stop gradient for a simpler objective to mg,,. In order to prevent the losses
designed for panoptic segmentation from affecting the parameters in the semantic
head, we halt the gradient flow to mg,, as illustrated in Figure 2. This means that
the semantic head is solely supervised by a semantic loss Len, so that it can focus

on the objective of semantic segmentation, which is a less complex task.

How does ReMask work? As defined above, there are two factors that ReMask
operation helps training, (1) the Hadamard product operation between the seman-
tic outputs and the panoptic outputs that helps to suppress the false positive loss;
and (2) the relazation on training objectives that trains the entire network simul-
taneously with consistent (coarse-grained) semantic predictions. Since the semantic
masking can also enhance the locality of the transformer decoder like [50, 324], we
conducted experiments by replacing mge, with ground truth semantic masks to de-
termine whether it is the training relaxation or the local enhancement that improves
the training. When myg,, is assigned with ground truth, there will be no L., applied
to each stage, so that my,, is applied with the most accurate local enhancement. In
this way, there are large amount of false positive predictions masked by the ground
truth semantic masks, so that the false positive gradient will be greatly reduced.

The results will be reported in Section 4.
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3.2 Relaxation on Classes (ReClass)

Mask Transformers [50, 174, 280, 324] operate under the assumption that each mask
prediction corresponds to a single class, and therefore, the ground truth for the clas-
sification head are one-hot vectors. However, in practice, each imperfect mask pre-
dicted by the model during the training process may intersect with multiple ground
truth masks, especially during the early stage of training. As shown in Figure 3,
the blue mask, which is the mask prediction, actually covers two classes ("baseball
glove” and "person”) defined in the ground truth. If the class-wise ground truth
only contains the class "baseball glove”, the prediction for “person” will be regarded
as a false positive case. However, the existence of features of other entities would

bring over-penalization that makes the network predictions to be under-confident.

To resolve the above problem, we introduce another relaxation strategy on class log-
its, namely Class-wise Relaxation (ReClass), that re-assigns the class confidence for
the label of each predicted mask according to the overlap between the predicted and
ground truth semantic masks. We denote the one-hot class labels as y, the ground
truth binary semantic masks as S = [sg, ..., sgw| € {0, 1}FW>*Nc  the supplement
class weights is calculated by:

0 (Mpan)TS

Ym = ~—mw
m ZZHWSZ )

(6.3)

where y,, denotes the label weighted by the normalized intersections between the
predicted and the ground truth masks. With y,,, we further define the final class

weight y € [0, 1]V¢ as follows:

Y =0Ym + (1 —nym)y, (6.4)

where the 7 denotes the smooth factor for ReClass that controls the degree of the

relaxation applying to the classification head.
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Method Backbone |Resolution FPS| PQ
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Figure 4. Performance on COCO wal com- . .
g Table 1. Comparison with other state-

pared to the baseline kMaX-DeepLab [324].
ReMaX can lead to 3x faster convergence
compared to the baseline, and can improve
the baselines by a clear margin. The perfor-
mance of ResNet-50 can be further improved
to 54.2 PQ when the model is trained for
200K iterations.

of-the-art efficient models (> 15 FPS) on
COCO wal set. The Pareto curve is shown in
Figure 5 (b). The FPS of all models are eval-
uated on a NVIDIA V100 GPU with batch
size 1. T represent the application of effi-
cient pixel and transformer decoders. Please
check the appendix for details.

4 Experimental Results

4.1 Datasets and Evaluation Metric.

Our study of ReMaX involves analyzing its performance on three commonly used im-
age segmentation datasets. COCO [179] supports semantic, instance, and panoptic
segmentation with 80 “things” and 53 “stuft” categories; Cityscapes [59] consists
of 8 “things” and 11 “stuff” categories; and ADE20K [352] contains 100 “things”
and 50 “stuff” categories. We evaluate our method using the Panoptic Quality (PQ)
metric defined in [150] (for panoptic segmentation), the Average Precision defined
in [179] (for instance segmentation), and the mloU [84] metric (for semantic seg-

mentation).

4.2 Results on COCO Panoptic

Implementation details. The macro-architecture of ReMaX basically follows
kMaX-DeepLab [324], while we incorporate our modules introduced in Section 3 into
the corresponding heads. Concretely, we use the key in each k-means cross-attention

operation as Xgen defined in Figure 2. The semantic head introduced during training
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Figure 5. FPS-PQ Pareto curve on (a) COCO Panoptic wval set and (b)
Cityscapes val set. Details of the corresponding data points can be found in Table 1
and 8. We compare our method with other state-of-the-art efficient pipelines for panoptic
segmentation including kMaX-DeepLab [324], Mask2Former [50], YOSO [129], Panoptic-
DeepLab [49], Real-time Panoptic Segmentation [124], UPSNet [309], LPSNet [123], Mask-
Former [52], and MaskConver [228].

consists of an ASPP module [38] and a 1 x 1 convolution that outputs Ng num-
ber of channels. The specification of models with different size is introduced in the

appendix.

Training details. We basically follow the training recipe proposed in kMaX-
DeepLab [324] but make some changes to the hyper-parameters since we add more
relaxation to the network. Here we high-light the necessary and the full training de-
tails and specification of our models can be also found in the appendix. The learning
rate for the ImageNet-pretrained [234] backbone is multiplied with a smaller learn-
ing rate factor 0.1. For training augmentations, we adopt multi-scale training by
randomly scaling the input images with a scaling ratio from 0.3 to 1.7 and then
cropping it into resolution 1281 x 1281. Following [280, 323, 324], we further ap-
ply random color jittering [60], and panoptic copy-paste augmentation [144, 242] to
train the network. DropPath [133, 163] is applied to the backbone, the transformer
decoder. AdamW [147, 196] optimizer is used with weight decay 0.005 for short
schedule 50K and 100K with a batch size 64. For long schedule, we set the weight
decay to 0.02. The initial learning rate is set to 0.006, which is multiplied by a decay

factor of 0.1 when the training reaches 85% and 95% of the total iterations. The
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entire framework is implemented with DeepLab2 [292] in TensorFlow [1]. Follow-
ing [280], we apply a PQ-style loss, a Mask-ID cross-entropy loss, and the instance

discrimination loss to better learn the feature extracted from the backbone.

For all experiments if not specified, we default to use ResNet-50 as the backbone
and apply ReMask to the first 4 stages of transformer decoder. The n for ReClass
operation is set to 0.1. All models are trained for 27 epochs (i.e., 50K iterations).
The loss weight for the semantic loss applied to each stage in the transformer decoder

is set to 0.5.

ReMaX significantly improves the training convergence and outperforms
the baseline by a large margin. As shown in Figure 4, we can see that when
training the model under different training schedules 50K, 100K and 150K, our
method outperform the baselines by a clear margin for all different schedules. Con-
cretely, ReMaX can outperform the state-of-the-art baseline kMaX-DeepLab by a
significant 3.6 PQ when trained under a short-term schedule 50K iterations (27
epochs) for backbone ResNet-50. Notably, our model trained with only 50K itera-
tions performs even better than kMaX-DeepLab [324] trained for the 100K iterations
(54 epochs), which means that our model can speed up the training process by ap-
proximately 2x. We kindly note that the performance of ResNet-50 can be further
improved to 54.2 PQ for 200K iterations. ReMaX works very well with efficient
backbones including MobileNetV3-Small [125] and MobileNetV3-Large [125], which
surpass the baseline performance by 4.9 and 5.2 PQ for 50K iterations, and 3.3
and 2.5 PQ respectively for 150K iterations. These results demonstrate that the
proposed relaxation can significantly boost the convergence speed, yet can lead to

better results when the network is trained under a longer schedule.

ReMaX wvs. other state-of-the-art models for efficient panoptic segmen-
tation. Table 1 and Figure 5 (a) compares our method with other state-of-the-art
methods for efficient panoptic segmentation on COCO Panoptic. We present 4 mod-

els with different resolution and model capacity, namely ReMaX-Tiny (T), ReMaX-
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verge in training.

Small (S), ReMaX-Medium (M) and ReMaX-Base (B). Due to the limit of space,
the detailed specification of these models is included in the appendix. According
to the Pareto curve shown in Figure 5 (a), our approach outperforms the previous
state-of-the-art efficient models by a clear margin. Specifically, on COCO Panoptic
val set, our models achieve 40.4, 44.6, 49.1 and 54.2 PQ with 109, 81, 52 and 16
FPS for ReMaX-T, ReMaX-S, ReMaX-M and ReMaX-B respectively. The speed of
these models is evaluated under the resolution 641 x 641 except for ReMaX-Base,
which is evaluated under resolution 1281 x 1281. Meanwhile, as shown in Table 6,
our largest model with the backbone ResNet-50 also achieves better performance

than the other non-efficient state-of-the-art methods with the same backbone.

Effect of different activation, and the use of gradient clipping. Table 2

presents the effect of using different activation function (sigmoid wvs. softmax) for
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the Mask-ID cross-entropy loss and the o(-) defined in Eq (6.1). From the table we
observe that ReMask performs better when using sigmoid as the activation function,

but our method can get rid of gradient clipping and still get a better result.

Why does ReMask work due to relaxation instead of enhancing the lo-
cality? As discussed in Section 3, to figure out whether it is the relaxation or the
pixel filtering that improves the training, we propose experiments replacing mggy,
with the ground truth semantic masks during training. When mg,, is changed into
the ground truth, all positive predictions outside the ground-truth masks will be re-
moved, which means that the false positive loss would be significantly scaled down.
The huge drop (52.4 vs. 45.1 PQ in Table 7) indicates that the gradients of false
positive losses can benefit the final performance. Table 7 also shows that when
enabling the gradient flow from the panoptic loss to the semantic predictions, the
whole framework cannot converge well and lead to a drastically drop in performance
(36.6 PQ). The semantic masks mg, faces a simpler objective (i.e. only semantic

segmentation) if the gradient flow is halted.

The number of mask relaxation. Table 3 shows the effect of the number of
ReMask applied to each stage, from which we can observe that the performance
gradually increases and reaches its peak at 52.4 PQ when the number of ReMask is 4,
which is also our final setting for all other ablation studies. Using too many ReMask
(> 4) operations in the network may add too many relaxation to the framework, so

that it cannot fit well to the final complex goal for panoptic segmentation.

ReClass can also help improve the performance for ReMaX. We investigate
ReClass and its hyper-parameter 7 in this part and report the results in Table 4.
In Table 4, we ablate 5 different 1 from 0 to 0.2 and find that ReClass performs
the best when 1 = 0.1, leading to a 0.5 gain compared to the strong baseline. The
efficacy of ReClass validates our assumption that each mask may cover regions of

multiple classes.
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Method Backbone |FPS PQ  Method Backbone [FPS#params PQ
Mask2Former [50] R50 [102] 4.1 62.1 Mask2Former [324] Swin-Lt - 216M 66.6
Pan-DeepLab [49] X71 [53] 57 63.0 kMaX-DeepLab [324] MaX-ST |65 74M 66.4
LPSNet [123] R50 [102] 77 597 kMaX-DeepLab [324]|ConvNeXt-L| 3.1 232M 68.4
Pan-DeepLab [49] R50 []02] 8.5 59.7 OneFormer [136] ConvNiXt:LT - 220M 68.5
kMaX-DeepLab [324] R50 [102] |9.0 64.3 ReMaX MaX-$ [125]]65 74M 68.7
Real-time [124] R50 [102] 110.1 58.8 Table 9. Cityscapes wval set results
YOSO [129] R50 [102] |11.1 59.7 for larger backbones.  TPre-trained on
kMaX-DeepLab [324]MNV3-L [125]/22.8 60.2 TmageNet-22k.

32ﬁ2§ Mll\{g/(')?)—][;l ([)12]2 5] 29é08 gg: Method Backbone|Resolution FPS| PQ mlIoU

) "~ MaskFormer [52] 640-2560 | - |34.7 -

ReMaX MNV3-S [125]125.657.7 1 sorormer [50] 640-2560 | - |39.7 46.1
Table 8. Cityscapes wval set results for Eﬁ:)? [[;jj}] o0 2?;?522? 223 i?:g 45_70
lightweight backbones. We consider meth- KMaX [324] 1981x1981114.4|42.3 45.3
ods without pre-training on extra data like 33« cilx64l 135 7 IR
COCO [179] and Mapillary Vistas [212] and  geppax B0 0811281/ 14.4043.4 46.9

test-time augmentation for fair comparison.
We evaluate our FPS with resolution 1025 x Table 10. ADE20K wal set results.
2049 and a V100 GPU. The FPS for other Our FPS is evaluated on a NVIDIA V100
methods are evaluated using the resolution GPU under the corresponding resolution
reported in their original papers. reported in the table.

Effect of the removing auxiliary semantic head for ReMask during testing.
The ReMask operation can be both applied and removed during testing. In Table
5, it shows that the models perform comparably under the two settings. In Table 5
we also show the necessity of applying identity mapping to my,, during training in
order to remove the auxiliary semantic head during testing. Without the identity

mapping at training, removing semantic head during testing would lead to 0.5 drop

from 52.4 (the first row in Table 5) to 51.9.

4.3 Results on Cityscapes

Implementation details. Our models are trained using a batch size of 32 on
32 TPU cores, with a total of 60K iterations. The first 5K iterations constitute
the warm-up stage, where the learning rate gradually increases from 0 to 3 x 1073.
During training, the input images are padded to 1025 x 2049 pixels. In addition, we
employ a multi-task loss function that includes four loss components with different

weights. Specifically, the weights for the PQ-style loss, auxiliary semantic loss,
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mask-id cross-entropy loss, and instance discrimination loss are set to 3.0, 1.0, 0.3
and 1.0, respectively. To generate feature representations for our model, we use 256
cluster centers and incorporate an extra bottleneck block in the pixel decoder, which
produces features with an output stride of 2. These design are basically proposed

in kMaX-DeepLab [324] and we simply follow here for fair comparison.

Results on Cityscapes. As shown in Table 8 and Figure 5 (b), it shows that
our method can achieve even better performance when using a smaller backbone
MobileNetV3-Large (62.5 PQ) while the other methods are based on ResNet-50.
Meanwhile, our model with Axial-ResNet-50 (i.e., MaX-S, 74M parameters) as the
backbone can outperform the state-of-the-art models [136, 324] with a ConvNeXt-L
backbone (> 220M parameters). The Pareto curve in Figure 5 (b) clearly demon-

strates the efficacy of our method in terms of speed-accuracy trade-off.

4.4 Results on ADE20K

Implementation details. We basically follow the same experimental setup as the
COCO dataset, with the exception that we train our model for 100K iterations (54
epochs). In addition, we conduct experiments using input resolutions of 1281 x 1281
pixels and 641 x 641 respectively. During inference, we process the entire input image
as a whole and resize longer side to target size then pad the shorter side. Previous
approaches use a sliding window approach, which may require more computational
resources, but it is expected to yield better performance in terms of accuracy and
detection quality. As for the hyper-parameter for ReMask and ReClass, we used the

same setting as what we propose on COCO.

Results on ADE20K. In Table 10, we compared the performance of ReMaX
with other methods, using ResNet-50 as the backbone, and found that our model
outperforms the baseline model by 1.6 in terms of mIOU, which is a clear margin
compared to the baseline, since we do not require any additional computational cost

but only the relaxation during training. We also find that our model can surpass
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the baseline model kMaX-DeepLab by 1.1 in terms of PQ. When comparing with
other frameworks that also incorporate ResNet-50 as the backbone, we show that
our model is significantly better than Mask2Former and MaskFormer by 3.7 and 8.7

PQ respectively.

5 Conclusion

The paper presents a novel approach called ReMaX, comprising two components,
ReMask and ReClass, that leads to better training for panoptic segmentation with
Mask Transformers. The proposed method is shown to have a significant impact on
training speed and final performance, especially for efficient models. We hope that
our work will inspire further investigation in this direction, leading to more efficient

and accurate panoptic segmentation models.
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Appendix

A Loss Visualization of ReMaX

We visualize the loss applied with ReMask and the loss applied without ReMask in
Figure A, from which we can observe that ReMask can effectively reduce extremely
high false positive losses; therefore, our method can stabilize the training of the

framework.
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200 m [ Sigmoid CE w/ ReMask, std=0.227
[0 Sigmoid CE w/o ReMask, std=0.328
e Method Backbone [#params FLOPsFPS| PQ
kMaX ConvNeXt-Ti| 61M 172G 21.8/55.3
125
I ReMaX ConvNeXt-TT| 61M 172G 21.8/55.9
75 Mask2Former| Swin-Bf | 10TM 466G - [56.4
sof | ,{ 1 : kMaX ConvNeXt-ST| 83M 251G 16.5/56.3
25 M- [
i _qt
it |||"|"||M|||I|al:vm.l.. ReMaX ConvNeXt-5'| 83M 251G 16.5/56.6

0 L L
175 2.00 225 2.50 275 3.00 3.25 3.50
FP / FN loss, log scale

Table A. Results for larger models on COCO wal
Figure A. The histogram shows the Set- FLOPs and FPS are evaluated with the input
ratio of false positives to false nega- size 1200 x 800 and a V100 GPU. {: ImageNet-22K

tives for the cross-entropy loss, on a pretraining.
logarithmic scale.

#Pixel #Transformer

Model Backbone  Resolution Decoders  Decoders #FLOPs #Params FPS
ReMaX-T |[MNV3-S [125] 641 x 641 [1, 1, 1, 1] 1, 1, 1] 18.8G  18.6M 109
ReMaX-S |[MNV3-L [125] 641 x 641 [1, 1,1, 1] 1, 1, 1] 209G 22.0M 81
ReMaX-M| R50 [102] 641 x 641 [1, 5, 1, 1] 1, 1, 1] 67.8G  50.8M 52
ReMaX-B| R5/0 [102] 1281 x 1281 [1, 5, 1, 1] 2, 2, 2] 294.7G  56.6M 26

)

Table B. Specification of different models in ReMaX family.
B Model Specification

We provide the specification of our models and their corresponding number of pa-
rameters and FLOPs in Table B. We kindly note that the numbers of pixel decoders

with the format [-, -, -, -] represent the numbers for features with [ | times

11 11
3271678714
of the input size. We use Axial attention [282] for all feature maps with resolution

11
327 16

of the input size, and regular bottleneck residual blocks [102] for the rest. The
denotation [+, -, -] for the transformer decoders represents the numbers for resolution

of [%, %, }1] times of the input size.

C Performance for Larger Models

We also validate the performance of ReMaX for larger models e.g. ConvNeXt-Tiny
(T) and ConvNeXt-Small (S). From Table A we can find that ReMaX can achieve
better results compared to the baseline kMaX-DeepLab [324] and Mask2Former [50].

However, the improvement of ReMaX gets saturated when the numbers become high.
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Notably, when using ConvNeXt-T backbone, ReMaX can lead to 0.6 PQ increase
over kMaX-DeepLab, while incurring no extra computational cost during inference.
The improvement is noticeable, as kMaX-DeepLab only further improves 1.0 PQ by

using ConvNeXt-S backbone, at the cost of extra 36% more parameters (22M) and
46% more FLOPs (79G).

D Limitations

Since we implement our method in TensorFlow, the baselines we can build upon is
limited. We will validate our approach on other baselines like Mask2Former [50] in
PyTorch for future works. Meanwhile, ReClass measures the weight of each class

according to the size of each mask, which may not be accurate and can be further

improved in the future.

E Boarder Impact

Our method can help better train models for efficient panoptic segmentation. It
can also be used to develop new applications in areas such as autonomous driv-
ing, robotics, and augmented reality. For example, in autonomous driving, efficient
panoptic segmentation can be used to identify and track other vehicles, pedestrians,
and obstacles on the road. This information can be used to help the car navigate
safely. In robotics, efficient panoptic segmentation can be used to help robots un-
derstand their surroundings and avoid obstacles. This information can be used to
help robots perform tasks such as picking and placing objects or navigating through
cluttered environments. In augmented reality, efficient panoptic segmentation can
be used to overlay digital information on top of the real world. This information
can be used to provide users with information about their surroundings or to help
them with tasks such as finding their way around a new city. Overall, our method
can be used to boost a variety of applications in the field of computer vision and

robotics.
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Abstract

Existing open-vocabulary image segmentation methods require a fine-tuning step
on mask labels and/or image-text datasets. Mask labels are labor-intensive, which
limits the number of categories in segmentation datasets. Consequently, the vocab-
ulary capacity of pre-trained VLMs is severely reduced after fine-tuning. However,
without fine-tuning, VLMs trained under weak image-text supervision tend to make
suboptimal mask predictions. To alleviate these issues, we introduce a novel re-
current framework that progressively filters out irrelevant texts and enhances mask
quality without training efforts. The recurrent unit is a two-stage segmenter built
upon a frozen VLM. Thus, our model retains the VLM’s broad vocabulary space
and equips it with segmentation ability. Experiments show that our method outper-
forms not only the training-free counterparts, but also those fine-tuned with millions
of data samples, and sets the new state-of-the-art records for both zero-shot seman-
tic and referring segmentation. Concretely, we improve the current record by 28.8,

16.0, and 6.9 mIoU on Pascal VOC, COCO Object, and Pascal Context.

*The first two authors contribute equally to this work.

129


https://torrvision.com/clip_as_rnn/

Towards Unified Visual Perception

o M
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Optimus Prime*5
g Je
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Movie, Anime & Fictional Characters 7 Landmarks Brands Referring Expressions

Figure 1. We propose CLIP as RNN (CaR) to segment concepts in a vast
vocabulary, including fictional characters, landmarks, brands, everyday objects, and
referring expressions. This figure shows our qualitative results. More visualizations are
included in the supplementary material. Best viewed in color and with zoom-in.

1 Introduction

Natural language serves as a bridge to connect visual elements with human-communicable
ideas by transforming colors, shapes, and objects etc. into descriptive language. On
the other hand, human can use natural language to easily instruct computers and
robotics to perform their desired tasks. Built upon the revolutionary vision-language
model trained on Internet-scale image-text pairs, e.g., CLIP [220], a variaty of stud-
ies [27, 175, 184, 199, 227, 241, 310, 322, 354] have explored using pre-trained VLMs
for open-vocabulary image segmentation — to segment any concepts in the image

described by arbitrary text queries.

Among these advances, several works [175, 185, 322] have integrated pre-trained
VLMs with segmenters fine-tuned on bounding boxes and masks. While these
methods exhibit superior performances on segmentation benchmarks with common
categories, their ability to handle a broader vocabulary is hampered by the small
category lists in the segmentation datasets used for fine-tuning. As depicted in
Figure 2, even though all three methods incorporate CLIP [220], those relying on
fine-tuning with mask annotations [175, 185] fail to recognize the concepts like Pepsi

and Coca Cola.

Since box and mask annotations are expensive, another line of works [27, 184, 199,
227, 229, 310] seek to fine-tune the VLM and/or auxiliary segmentation modules

with image-level annotations only, e.g., paired image-text data obtained from the
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OVSeg [175] Grounded SAM [1 CaR (Ours)

1
Pepsi‘ Coca Cola

Figure 2. Our method CaR can fully inherit the vast vocabulary space of
CLIP, by directly using features from a pre-trained VLM, i.e., CLIP, without any fine-
tuning. Although the scene in the image is simple, state-of-the-art methods fine-tuned
on segmentation datasets [175, 185] fail to segment and recognize Pepsi and Coca Cola
correctly.

Internet. This would lead to a complicated fine-tuning pipeline. Besides, these
segmentation models often have suboptimal mask qualities, as image-level labels

cannot directly supervise pixel grouping.

In this paper, we eliminate the fine-tuning on mask annotations or additional image-
text pairs to fully preserve the extensive vocabulary space of the pre-trained VLM.
However, the pre-training objectives of VLMs are not specifically designed for dense
predictions. As a result, existing approaches [43, 180, 354] that do not fine-tune
the VLMs struggle to generate accurate visual masks corresponding to the text
queries, particularly when some of the text queries refer to non-existing objects
in the image. To address this issue, we repeatedly assess the degree of alignment
between mask proposals and text queries, and progressively remove text queries
with low confidence. As the text queries become cleaner, better mask proposals are
consequently obtained. To facilitate this iterative refinement, we propose a novel
recurrent architecture with a two-stage segmenter as the recurrent unit, maintaining
the same set of weights across all time steps. The two-stage segmenter consists of a
mask proposal generator and a mask classifier to assess the mask proposals. Both
are built upon a pre-trained CLIP model without modifications. Given an input
image and multiple text queries, our model recurrently aligns the visual and textual
spaces and generates refined masks as the final output, continuing until a stable

state is achieved. Owing to its recurrent nature, we name our entire framework as
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CLIP as RNN (CaR).

Experimental results demonstrate our approach is remarkably effective. In compar-
ison with methods that do not use additional training data, i.e., zero-shot open-
vocabulary semantic segmentation, our approach outperforms the prior art by 28.8,
16.0, and 6.9 mloU on Pascal VOC [85], COCO Object [178], and Pascal Con-
text [208], respectively. Impressively, even when pitted against models fine-tuned
on extensive additional data, our strategy surpasses the best record by 12.6, 4.6,
and 0.1 on the three aforementioned datasets, respectively. To assess our model’s
capacity to handle more complex text queries, we evaluate on the referring image seg-
mentation benchmarks, Ref-COCO, RefCOCO+ and RefCOCOg. CaR outperforms
the zero-shot counterparts by a large margin. Moreover, we extend our method to
the video domain, and establish a zero-shot baseline for the video referring segmen-
tation on Ref-DAVIS 2017 [143]. As showcased in Figure 1, our proposed approach
CaR exhibits remarkable success across a broad vocabulary spectrum, effectively
processing diverse queries from celebrities and landmarks to referring expressions

and general objects.

Our contributions can be summarized as follows: 1. By constructing a recurrent
architecture, our method CaR performs visual segmentation with arbitrary text
queries in a vast vocabulary space without the need of fine-tuning. 2. When com-
pared with previous methods on zero-shot open-vocabulary semantic segmentation
and referring segmentation, our method CaR outperforms the prior state of the art

by a large margin.

2 Related Work

Open-vocabulary segmentation with mask annotations. The success of
VLMs [137, 170, 220, 253, 320, 335, 336] has motivated researchers to push the
boundaries of traditional image segmentation tasks, moving them beyond fixed label

sets and into an open vocabulary by fine-tuning or training VLMs on segmentation
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Figure 3. The overall framework of our method CaR. (a), (b): given an image,
the user provides a set of text queries that they are interested to segment. This initial
set, denoted by hg, may refer to non-existing concepts in the image, e.g., and
Arsenal. In the ¢-th time step, the frozen segmenter evaluates the degree of alignment
between each mask and text query from the previous time step, h;—1, and then low-
confidence queries are eliminated by the function o. (c) depicts the detailed architecture
of our two-stage segmenter. It consists a mask proposal generator f(-,-), and a mask
classifier ¢(, -) that assesses the alignment of each mask-text pairs.

datasets [92, 99, 140, 165, 175, 185, 204, 311, 322, 338, 339, 355]. However, as collect-
ing mask annotations for a vast range of fine-grained labels is prohibitively expensive,
existing segmentation datasets, e.g. [18, 85, 178, 208, 353] have limited vocabularies.
Methods fine-tuned on these mask annotations reduce the open-vocabulary capac-

ity inherited from the pre-trained VLMs. In this work, we attempt to preserve the

completeness of the vocabulary space in pre-trained VLMs.

Open-vocabulary segmentation without mask supervision. Several works |20,
27, 32, 107, 199, 209, 227, 229, 241, 310, 312, 354] avoid the aforementioned vo-
cabulary reduction issue by not fine-tuning on any mask annotations. Instead,
researchers allow semantic grouping to emerge automatically without any mask
supervision. GroupViT [310] learns to progressively group semantic regions with
weak supervision, using only image-text datasets. Furthermore, it is possible to
use a pre-trained VLM for open-vocabulary segmentation without any additional
training [141, 241, 354]. For example, MaskCLIP [354] enables CLIP to perform

open-vocabulary segmentation by only modifying its image encoder. However, these
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methods often suffer from inferior segmentation performance due to the lack of mask
supervision, and the modification of the pre-trained VLMs. CaR is closely related to
these approaches, we are both in a zero-shot manner without training. CaR stands
out by proposing a recurrent framework on a VLM with fixed weights and no alter-
nation on its architecture. Note that our zero-shot is different from the zero-shot
semantic segmentation [8, 17, 77, 131, 168, 303, 354] that mirrors the seen/unseen

class separation from zero-shot classification in earlier ages.

Segmentation with VLM-generated pseudo-labels. As an alternative direc-
tion, recent works have exploited pre-trained VLMs to generate pseudo-masks in a
fixed label space, requiring only image-level labels or captions for training [2, 180,
198, 232, 241, 305, 314, 354]. Once pseudo mask labels are obtained, a segmenter
with a fixed vocabulary (e.g., DeepLab [36, 41]) can be trained in a fully supervised
manner. Among these, CLIP-ES [180] is particularly relevant as it directly uses
CLIP for pseudo-mask generation given the class names in ground-truth. However,

CLIP-ES [180] requires pseudo-label training while we do not.

Progressive refinement for image segmentation. Progressive refinement in
image segmentation has seen significant advancements through various approaches.
Recent works [24, 50, 52, 257, 280, 324] such as Cascade R-CNN [22], DETR [24]
and CRF-RNN [350] combine a detector (R-CNN [96]), a transformer [273] or a
segmenter (denseCRF [156]) repeatedly for iterative refinement. We kindly note that
all these works are designed for supervised image instance or semantic segmentation
in a closed-set vocabulary. Our method does not require any training effort, yet our

way of progressive refinement is fundamentally different from these methods.
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3 CLIP as Recurrent Neural Networks

3.1 A Recap on Recurrent Neural Networks

We begin with a concise overview of recurrent neural networks (RNN). RNNs are
specifically designed to process sequential data, such as text, speech, and time series.
A basic RNN, commonly known as a vanilla RNN, uses the same set of weights to
process data at all time steps. At each time step t, the process can be expressed as

follows:

ht = U(Whhht—l + th.’ﬂt + bh), (71)

Y = Whyht + by- (72)

x; represents the input, and h; represents the hidden state which serves as the
“memory” to store information from previous steps. 1; denotes the output. Wy,
Wan, and W, are weight matrices, b, and b, refer to bias terms, and o denotes a

thresholding function to introduce non-linearity.

An RNN'’s core lies in its hidden state, h;, which captures information from past
time steps. This empowers RNNs to exploit temporal dynamics within sequences. In
our approach CaR, we design a similar process - iteratively aligning the textual and
visual domains by assessing the accuracy of each text query through a segmenter,
using the same set of weights as well. The text queries at each step act like the
RNN’s hidden state, representing the entities identified in the image at each specific

time step.

3.2 Overview

As depicted in Figure 3(a) and (b), our training-free framework operates in a re-
current manner, with a fixed-weight segmenter shared across all time steps. In the

RSXHXW

t-th time step, the segmenter receives an image x; € and a set of text

queries h;_; from the preceding step as the input. It then produces two outputs:
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Algorithm 2 Pseudo-code of CLIPasRNN in PyTorch style.

img: the input image with shape (3, H, W)

h_0: a list of the initial N_O text queries.

clip: the CLIP model encoding the image and texts.

cam: the gradient-based CAM model for mask proposal generation.
eta: a threshold to binarize the masks for visual prompting.
theta: a threshold defined in Eq. 6.

=2 HHHFEHHR

_{t-1} =h_ 0
while len(h_{t-1}) > O:
# logits: [1, len(h_{t-1})]
logits = clip(img, h_{t-1})
scores = softmax(logits, dim=-1)
# proposals: [len(h_{t-1}), H, W]
proposals = cam(clip, img, scores)
# prompted_img: [len(h_{t-1}), H, W]
prompted_imgs = apply_visual_prompts(img, proposals, eta)
# mask_logits: [len(h_{t-1}), len(h_{t-1})]
mask_logits = clip(prompted_imgs, h_{t-1})
mask_scores = softmax(mask_logits, dim=-1)
# diag_scores: [len(h_{t-1})]
diag_scores = diagonal(mask_scores)
h_t = []
for score, label in zip(diag_scores, h_{t-1}):
if score > theta:
h_t.append(label)
if len(h_t) == len(h_{t-1}):
break
h_{t-1} = h_t
final_masks = post_process(proposals)

a set of masks y; € [0, 1]Ne-1*H*W corresponding to N;_; input text queries, and
the updated text queries h; for the subsequent step. For image segmentation, all

different time steps share the same ;.

To delve deeper into the design of our framework, we formulate its operations

through Eq. (7.3) to Eq. (7.5).

Ye = f(xe, hior; Wy). (7.3)

Here the function f(-,-) represents the mask proposal generator and Wy denotes
its pre-trained weights. The mask proposal generator processes the input image x;
and the text queries at previous step h;_; to generate candidate mask proposals ;.
Given the mask proposal generator is not pre-trained for dense prediction, the mask
proposals y; from f(-,-) are inaccurate. To assess these mask proposals, we draw
visual prompts e.g., red circles or background blur, to the input x;, based on mask

proposals to highlight the masked area on the image. The visual prompting function
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v(+,) is defined as:

I:s = (2, Yp). (7.4)

Here z} represent N;_; images with the visual prompts. The prompted images
are then passed to the mask classifier ¢(-,-) with the pre-trained weights W, along
with the text queries h;_1, to compute a similarity matrix P;. The entire process of

the mask classifier can be defined as:

Py = g(xy, by Wy). (7.5)

Finally, after going through a thresholding function o(-), text queries with similarity
scores lower than the threshold € will be removed so that the text queries hy = o(F;)
for the next step t are obtained. h; is a potentially reduced set of h;_;. Details of the
thresholding function will be given in Section 3.3. This recurrent process continues
until the text queries remain unchanged between consecutive steps, i.e., hy == h;_1.
We use T' to denote this terminal time step. Finally, we apply post-processing

described in Section 3.4 to the mask proposals yr generated in the final time step.

The pseudo-code in PyTorch-style is given in Algorithm 2. Note that users provide
the initial text queries hg, which are unrestricted and can include general object
classes (“cat”), proper nouns (“Space Needle”), referring phrases (“the man in red

jacket”), etc.

3.3 The Two-stage Segmenter

In this section, we explain the two components of our segmenter, i.e. a mask proposal
generator and a mask classifier, which serve as the recurrent unit. As illustrated in
Figure 3(c), the mask proposal generator first predicts a mask for each text query
and then the mask classifier filters out irrelevant text queries based on the degree of

alignment with their associated masks. We use the frozen pre-trained CLIP model
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Figure 4. Examples of visual prompts given a mask on the man wearing the jersey of
Manchester United.

weights for both the proposal generator and classifier to fully preserve the knowledge

encapsulated in CLIP.

Mask proposal generator. To predict the mask proposal y;, a gradient-based
Class-Activation Map (gradCAM) [180, 238] is applied to the pre-trained CLIP.
More specifically, the image x; and text queries h;_; are first fed into CLIP to get a
score between the image and each text. We then back-propagate the gradients of the
score of each text query (i.e., class) from the feature maps of the CLIP image encoder
to obtain a heatmap. Unless otherwise specified, we use the Class Activation Map
(CAM) and class affinity (CAA) module from CLIP-ES [180] as our mask proposal
generator, with no further training of the CLIP model required. Apart from the text
queries at the current step, we explicitly add a set of background queries describing
categories that do not exist in the user text queries and calculate their gradients.
This helps to suppress the activation from irrelevant texts (e.g., and
Arsenal in Figure 3) in the subsequent mask classification process. More details of

how CLIP works with gradCAM are provided in the appendix.

Mask classifier. The masks from the proposal generator may be noisy because
the input texts are from an unrestricted vocabulary and may refer to non-existing
objects in the input image. To remove this type of proposals, we apply another CLIP
model to compute a similarity score between each query and its associated mask
proposal. A straightforward approach is blacking out all pixels outside the mask
region, as shown in the rightmost image in Figure 4, and then computing the visual

embedding for the foreground only. However, recent works [198, 243] have found
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several more effective visual prompts which can highlight the foreground as well as
preserve the context in the background. Inspired by this, we apply a variety of visual
prompts, e.g., red circles, bounding boxes, background blur and gray background to
guide the CLIP model to focus on the foreground region. A threshold 7 is set to first
binarize the mask proposals y; before applying these visual prompts to the images.
Please refer to the supplementary material for more implementation details. After
applying visual prompts, we obtain N,_; different prompted images, corresponding
to Ny text queries (h;—1). We feed these images and text queries into the CLIP
classifier g(+,-) followed by a softmax operation along the text query dimension to
get the similarity matrix P, € RY-1XNt—1 given the image and text embeddings. We
only keep the diagonal elements of P, as the matching score between the i-th mask
and the i-th query. If the score is lower than a threshold 6, the query and its mask

are filtered out. Mathematically, the thresholding function o(+) is defined as follows:

hy = o(P') = (7.6)
NULL, if Pf* <6

where P/* is the i-th element of the diagonal of the normalized similarity matrix,
and @ is a manually set threshold. NULL represents that the i-th text query is filtered

out and will not be input to next steps.

3.4 Post-Processing

Once the recurrent process stops, we start to post-process yr, the masks from the
final step 7. We employ dense conditional random field (CRF) [156] to refine mask
boundaries. When constructing the CRF, the unary potentials are calculated based
on the mask proposals of the last step. All hyper-parameters are set to the defaults
in [156]. Finally, an argmax operation is applied to the mask output of denseCRF
along the dimension of text queries. Thus, for each spatial location of the mask we

only keep the class (text query) with the highest response.
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Models Is VLM  w/ aux trainablel#Added Additional |[VOC- VOC- COCO PC- PC- A- A- PC-
pre-trained? module? Images Supervision| 20 21 Obj 59F 60 150 847 459
zero-shot methods fine-tuned with additional data
ViL-Seg [184] v v 12M  text+self - 344 164 - 163 - - -
GroupViT [310] X v 26M text 741 523 243 234 224 106 43 49
GroupViT [310] X v 24M text 79.7 50.8 275 - 237 - - -
SegCLIP [199] X v 3.4M  text+self | - 333 152 - 191 - - -
SegCLIP [199] v v 34M  text+self - 52.6  26.5 - 247 87 - -
ZeroSeg [32] v v 1.3M self - 408 202 - 204 - - -
ViewCo [229] v v 26M  text+self - 52.4 235 - 230 - - -
MixReorg [20] v v 12M text - 47.9 - - 239 - - -
CLIPpy [227] v X 134M  text+self | - 522 320 - - 135 - -
OVSegmenter [312] v v 4M text - 538 251 - 204 - - -
TCL [27] v v 15M  text+self | 77.5 51.2 304 24.3 30.3 149 - -
TCL+PAMR [27] v v 15M  text+self | 83.2 55.0 31.6 33.9 304 17.1 - -
zero-shot methods with SAM
SAMCLIP [278] (w/ [151]) v v AIM texttself | - 60.6 - - 292171 - -
CaR+SAM (Ours, w/ [142]) v - - - - 702 376 - 311 - - -
zero-shot methods without fine-tuning on CLIP
ReCof [241] v X - - 57.7 25,1 157 223 199 11.2 - -
MaskCLIPT [354] v X - - 74.9 388 20.6 264 236 98 - -
CaR (Ours, w/o SAM) v X - - 91.4 67.6 36.6 39.5 30.517.7 8.1 13.9
A w/ the state-of-the-art w/o additional data +16.5+28.8 +16.0 +13.1+6.9+6.5 - -
A w/ the state-of-the-art w/ additional data +8.2 +12.6 +4.6 +5.6 +0.1+0.6+3.8+9.0

Table 1. Comparison to state-of-the-art zero-shot semantic segmentation ap-
proaches. Results annotated with a T are reported by [27]. A v is placed if either
the visual or text encoder of the VLM is pre-trained. The table shows that our method
outperforms not only counterparts without fine-tuning by a large margin, but also those
fine-tuned on millions of data samples. For fair comparison, we compare with methods
using CLIP [220] as the backbone. *VOC-20 and PC-59 represent Pascal VOC and Pas-
cal Context without background. VOC-21 and PC-60 represent Pascal VOC and Pascal
Context with an additional background class. A-150, A-847 and PC-459 represent ADE-
150, ADE-847, and Pascal Context 459 datasets, respectively.

Additionally, we propose to ensemble the CRF-refined masks with SAM [151], as
an optional post-processing module. This begins with generating a set of mask
proposals from SAM using the automask mode, without entering any prompts into
SAM. To match these SAM proposals with the masks processed by denseCRF, we
introduce a novel metric: the Intersection over the Minimum-mask (loM). If the IoM
between a mask from SAM and a CRF-refined mask surpasses a threshold ¢;,,, we
consider them matched. Then all SAM proposals matched to the same CRF-refined
mask are combined into one single mask. Finally, we compute the IoU between the
combined mask and the original CRF-refined mask. If the IoU is greater than a
threshold ¢;,,, we adopt the combined mask to replace the original mask, otherwise,
we keep the CRF-refined mask. The detailed post-processing steps are explained in

the supplementary material.
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4 Experiments

4.1 Zero-shot Semantic Segmentation

Datasets. Since our method does not require training, below we introduce only
the datasets utilized for evaluation purposes. We conduct assessments for semantic
segmentation using the validation (val) splits of Pascal VOC, Pascal Context, and
COCO Object. Specifically, Pascal VOC [84] encompasses 21 categories: 20 ob-
ject classes (VOC-20) alongside one background class (VOC-21). For Pascal Con-
text [208], our evaluation employs the prevalent version comprising 59 classes in-
cluding both “things” and “stuftf” categories (PC-59), and one background (“other”)
class for the concepts outside of the 59 classes (PC-60). Following [310], we con-
struct the COCO Object dataset as a derivative of COCO Stuff [19]. We kindly
emphasize that the COCO Object dataset is not COCO Stuff since it merges all
“stuff” classes into one background class and thus has 81 classes (80 “things” + 1
background) in total. We use the standard mean Intersection-over-Union (mloU)
metric to evaluate our method’s segmentation performance. Besides, we report the
performance of CaR on ADE-150 (A-150), ADE-847 (A-847) and Pascal Context
459 (PC-459) that consist of 150, 847 and 459 classes respectively.

Implementation details. Our proposed method CaR utilizes the foundational pre-
trained CLIP models as the backbone. More precisely, we harness the CLIP model
with ViT-B/16 to serve as the underlying framework for the mask proposal generator
f(-,+). Concurrently, for the mask classifier g(-,-), we adopt a larger ViT-L/14
version for higher precision based on our ablation study. Unless otherwise specified,
the reported quantitative results are post-processed solely with a denseCRF, with no
SAM masks involved. When setting the threshold hyper-parameters, we assign n =
0.4,6 =0.6, and A = 0.4 for Pascal VOC, and n = 0.5, § = 0.3, A = 0.5 for COCO
and n = 0.6, 8 = 0.2, A\ = 0.4 for Pascal context. The specific background queries
used for the mask generator f(-,-) are ablated in Section 4.2 and detailed in the

supplementary material. For Pascal Context, we use separate groups of background
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Dataset ‘ w/ recurrence? CAM ‘ mloU
CLIP-ES [180] | 15.2

Pascal VOC v CLIP-ES [180] | 67.6
v gradCAM [238] | 41.1

Table 2. Effect of applying our recurrent architecure and different CAM meth-
ods. The recurrence plays a vital role in improving the performance.

queries for “thing” and “stuff”. For “thing” categories, all “stuft” categories are
added as background queries and vice versa for “stuff” categories. As an optional
strategy, we utilize a matching algorithm and perform an ensemble with SAM masks.
We set both thresholds, ¢;.,, and ¢;,,, to 0.7 for all three datasets. We enable
half-precision floating point for CLIP. Since CaR is just a framework designed for
inference, all experiments in this paper are conducted on just one NVIDIA V100

GPU.

Efficiency. CaR without SAM operates at 950 ms with CPU-based CRF (200ms)
for 500 x 500 images. GPU CRF is ~ 5x faster. CaR is memory-efficient, consuming
only 3.6GB GPU memory on Pascal VOC.

CaR significantly outperforms methods without additional training. We
also compare CaR with training-free methods like MaskCLIP [354] and ReCo [241].
Across the benchmarks, our model consistently demonstrates an impressive per-
formance uplift. Under a similar setting with no additional training data, CaR
surpasses previous state-of-the-art method by 28.8, 16.0 and 6.9 mloU on Pascal
VOC, COCO Object and Pascal Context, respectively.

Training-free CaR even outperforms several methods with additional fine-
tuning. As shown in Table 1, we compare our method with previous state-of-the-
art methods including ViL-Seg [184], GroupViT [310], SegCLIP [199], ZeroSeg [32],
ViewCo [229], CLIPpy [227], and TCL [27], which are augmented with additional
data. The prior best results of different datasets are achieved by different methods.
Specifically, TCL [27], employing a fully pre-trained CLIP model and fine-tuned on
15M additional data, achieves the highest mIoU (55.0 and 30.4) on Pascal VOC and
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Mask Proposal = Mask Classifier | Pascal COCO
Generator f(-,-) g(-,) VOC  Object
. ViT-B/16 541 159
ViT-B/16 ViT-L/14 67.6  36.6
. ViT-B/16 50.6 14.1
ViT-L/14 ViT-L/14 576 32.5

Table 3. Effect of different CLIP backbones. We compare various CLIP backbones
on Pascal VOC and COCO Object. Results show that we can improve the performance
by scaling up the mask classifier.

Pascal Context. CLIPpy [227] sets the previous highest record on COCO Object but
also requires extensive data for fine-tuning. Concretely, it first utilizes a ViT-based
image encoder pre-trained with DINO [26] and a pre-trained T5 text encoder [213],
and then fine-tunes both encoders with 134M additional data. Our method, incur-
ring no cost for fine-tuning, still outperforms these methods by 12.6, 4.5, and 0.1
mloU on the Pascal VOC, COCO Object, and Pascal Context datasets, respectively.
Since “stuft” appears less frequently in the pre-training image-text data for CLIP,

CaR also exhibits less sensitivity to “stuff” on Pascal Context.

CaR~+SAM further boosts the performance. When integrated with SAM [142,
151], we compare CaR with a concurrent method SAMCLIP [278] and outperform
it by 9.6 and 1.9 on Pascal VOC and Pascal Context. We use the recent variant
HQ-SAM [142] with no prompt given (automask mode), and then match the
generated masks with metrics designed in Section 3.4. In other words, SAM is only
used as a post-processor to refine the boundary of results from CaR. By applying
SAM into our framework, our results can be further boosted by 2.6, 1.1 and 0.6

mloU on Pascal VOC, COCO Object and Pascal Context, respectively.

4.2 Ablation Studies.

Effect of Recurrence. As illustrated in Table 2, the incorporation of the recurrent
architecture is crucial to our method. Without recurrence (a.k.a T = 1), our method
functions similarly to CLIP-ES [180] with an additional CLIP classifier, and achieves

only 15.2% in mloU. The recurrent framework can lead to a 52.4% improvement,
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Dataset | Visual Prompts ol
circle contour blur gray mask

v 66.9

v 66.0

v 66.4

v 66.1

Pascal v | 61.8

VOC v v 67.6

v v 67.1

v v 66.5

v v 66.3

v v v 66.8

Table 4. Effect of different visual prompts. When multiple visual prompts are
checked, we will apply all checked visual prompts simultaneously on one image. The
experiments are conducted on Pascal VOC. Results for COCO and Pascal Context are
shown in supplementary materials.

reaching an mloU of 67.6%. The significant improvement validates the effectiveness

of the recurrent design of our framework. For VOC and COCO, most images require

two steps, and a small portion of images goes beyond two.

Effect of different CAM methods. Table 2 exhibits that our framework is
compatible with different CAM methods and could be potentially integrated with
other CAM-related designs. When integrated with CLIP-ES [180], our method is
26.5 mIoU higher than that with gradCAM [238]. We kindly note that we do not
carefully search the hyper-parameters on gradCAM so the performance could be

further improved.

Effect of different CLIP Backbones. We experiment with different settings of
CLIP backbones used in the mask proposal generator f and mask classifier g, on
Pascal VOC and COCO Object datasets. Results are displayed in Table 3. As
for the mask proposal generator, ViT-B/16 outperforms the ViT-L/14 by over 10
mloU on both Pascal VOC and COCO Object. There is significant mloU gains
when employing the larger ViT-L/14 for the mask classifier over ViT-B/16. Similar
observations have been found by [243] that a larger backbone can better understand
the visual prompts, which indicates that the performance of our method can be

potentially improved by employing large backbones for the mask classifier.
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Pascal VOC COCO Object
n 6 X mloU| n 6 XA mloU
0.3 06 04 67.0 |05 0.3 0.6 354
0.4 06 04 67.6 |05 0.3 0.4 36.1
0.5 06 04 67.0 |04 0.3 0.5 358
0.4 05 04 674 (05 0.3 0.5 36.6
0.4 0.7 04 675 (0.6 0.3 0.5 359
04 06 03 673 |05 04 0.5 36.3
0.4 06 0.5 67.0 |05 0.5 0.5 36.0

Table 5. Effect of different hyper-parameters: the threshold to binarize mask
proposals (1), the threshold to remove text queries (6), and parameter of CLIP-ES’s[180]
(A). Experiments are conducted on Pascal VOC and COCO Object.

Effect of different visual prompts. There are various forms of visual prompts,
including circle, contour, background blur (blur), background gray (gray), and
background mask (mask), etc. We study the effects of different visual prompts on
the Pascal VOC dataset and Table 4 summarizes the results when applying one
or a combination of two of the aforementioned visual prompt types. The highest
mloU score is achieved with the combination of circle and blur, yielding a mIoU
of 67.6. Notably, using mask alone results in the lowest mloU of 61.8, which is a
common practice for most previous open-vocabulary segmentation approaches, e.g.,
[175, 322]. We also evaluate the effect of different visual prompts on COCO Object

and Pascal Context, and show the results in the supplementary material.

Effect of hyper-parameters. We perform an ablation study on the performance
impact of various hyper-parameter configurations on Pascal VOC, and present the
results in Table 5. Hyper-parameters include the mask binarization threshold, 7,
defined in Section 3.3, the threshold # employed in the thresholding function defined
in Eq. (7.6), and the parameter A defined in CLIP-ES [180]. The peak performance
is recorded at an mloU of 67.6 for n = 0.4, § = 0.6, and A = 0.4 on Pascal VOC
and 36.6 for n = 0.5, # = 0.3, and A = 0.5 on COCO Object. Different parameter
combinations result in mloU scores that range from 67.0 to 67.6 on Pascal VOC and

from 35.4 to 36.6 on COCO Object.

Effect of background queries. In Table 6, we explore how different background
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Background queries
Dataset Terrestrial Aquatlc' Man-Made mlol
Atmospheric

X X X 64.3

v X X 65.6

X v X 64.9

Pascal X X v 66.4
VOC v v X 65.8
X v v 66.4

v X v 65.8

v v v 67.6

Table 6. Effect of background queries on Pascal VOC. We divide background
queries into: Terrestrial, Aquatic, Atmospheric, and Man-Made. We use “None” as
the background query for the result in the first row. Specific background queries of each
category are shown in the supplementary material.

queries (classes not existing in the input queries) can affect CaR’s performance. We
find that the segmentation quality improves as we include more diverse background
queries: The combination of all three types of background queries delivers the highest

mloU of 67.6. For more details about the background queries of each class, please

refer to the supplementary material.

4.3 Referring Segmentation

We evaluate CaR on the referring segmentation task for both images and videos.
Again, our method is an inference-only pipeline built upon pre-trained CLIP models,
and does not need training/fine-tuning on any types of annotations. For referring
segmentation we only use denseCRF [156] for post-processing, and SAM is not
involved for all experiments in this section for fair comparison. Please refer to the

supplementary material for the implementation details.

Datasets. Following [317, 326], we evaluate on RefCOCO [321], RefCOCO+ [321],
RefCOCOg (200, 210] and GRES [181] for the referring image segmentation task.
Images used in all three datasets are sourced from the MS COCO [178] dataset and
the masks are paired with descriptive language annotations. In RefCOCO+, de-

scriptions about location are prohibited, making the task more challenging. There
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Models RefCOCO RefCOCO+ RefCOCOg GRES
val testA testB| val testA testB| val test(U) val(G)

weakly-supervised
TSEG [249] 25.95 - - 12262 - - 12341 - - -
zero-shot
GL CLIP [326] 26.20 24.94 26.56 | 27.80 25.64 27.84|33.52 33.67 33.61 -
CaR(Ours) 33.57 35.36 30.51|34.22 36.03 31.02|36.67 36.57 36.63 | 16.8

Table 7. Comparison to state-of-the-art methods on referring image segmen-
tation in mlIoU. CaR is better than all comparison methods in all benchmarks.

are two separate splits of the RefCOCOg dataset, one by UMD (U) [210] and an-
other by Google (G) [300]. Following previous work, we use the standard mloU
metric. Apart from referring image segmentation, we also set up a new baseline for
zero-shot referring video segmentation on Ref-DAVIS 2017 [143]. Follow-
ing [143], we adopt region similarity 7, contour accuracy JF, and the averaged score

J&F as the metrics for evaluation.

Experimental results. Table 7 compares the performance of CaR with other
methods on the referring image segmentation tasks across RefCOCO, RefCOCO+,
and RefCOCOg. Comparing with other zero-shot methods, our method CaR outper-

forms Global-Local CLIP (GL CLIP) on all splits of these benchmarks.

The performance gap is most pronounced on RefCOCO’s

testA split, where CaR outperforms 10.42 mloU, and simi- 77 7 F

larly on RefCOCO++’s testA split, with a lead of 10.72 mIoU.  30.34 28.15 32.53

We also note that GL CLIP [326] uses a pre-trained segmenter Table 8.  Results
on Ref-DAVIS

Free-SOLO [289] for mask extraction, while CaR is built with- 2017.

out any pre-trained segmenter. As the first zero-shot method

on GRES [181], CaR achieves 16.8 mloU with no training effort incurred.

For referring video segmentation, we demonstrate in Table 8 that our method
achieves 30.34, 28.15 and 32.53 for J&F, J and F on Ref-DAVIS 2017 [143].
Considering that our method CaR requires neither fine-tuning nor annotations and

operates in a zero-shot manner, this performance establishes a strong baseline.
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5 Conclusion

We introduce CLIP as RNN (CaR), which preserves the entire large vocabulary
space of pre-trained VLMSs, by eliminating the fine-tuning process. By constructing
a recurrent pipeline with a shared segmenter in the loop, CaR can perform zero-
shot semantic and referring segmentation without any additional training efforts.
Experiments show that CaR outperforms previous state-of-the-art counterparts by
a large margin on eight different benchmarks, i.e. Pascal VOC, COCO Object,
Pascal Context, ADE-150, ADE-847 and Pascal Context 459 on zero-shot seman-
tic segmentation. We also demonstrate that CaR can handle referring expressions
and segment fine-grained concepts like anime characters and landmarks, and also
achieves state-of-the-art performance on RefCOCO, RefCOCO+, RefCOCOg and
GRES for zero-shot referring segmentation. We hope our work sheds light on future
research in open-vocabulary segmentation aiming to further expand the vocabulary

space.
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Appendix

A More Experimental Results

A.1 Quantitative Analysis on Vocabulary Space.

We demonstrate that our method CaR has a larger vocabulary space compared to
the methods fine-tuned with mask annotations. Here we compare our method with
OVSeg [175], which is fine-tuned on ImageNet [234] and COCO [178] with a pre-
trained CLIP backbone for the task of referring image segmentation. We believe that
referring expressions (e.g., “the person in the red shirt” or “the cat in the mirror”)
refers to a specific segment using a broad vocabulary. We conduct a comparative
analysis between a robust open-vocabulary segmentation benchmark, OVSeg [175],
and CaR, utilizing standard referring image segmentation benchmarks [200, 210,
321]. We note that RefCOCO and COCO share the same set of images so OVSeg
fine-tuning on COCO may not be counted as zero-shot on RefCOCO. The results,
as detailed in Table A, demonstrate that CaR significantly surpasses OVSeg in
performance. This disparity in performance suggests that CaR encompasses a more

expansive vocabulary space than OVSeg.

A.2 Evaluation without Background

Following [180], our methodology benefits from using background queries in CLIP [220]
classification to suppress false positives (predictions not belonging to the input text
queries), enhancing segmentation results. Nevertheless, for more comprehensive
comparison, we also assess our approach using an alternate evaluation setting, pre-
viously established, which omits the background class. Consequently, less emphasis
is placed on object boundaries in this setting. We test our method on two datasets:
Pascal VOC [85] without background (termed VOC-20) and Pascal Context [208]
without background (termed Context-59). This setting tests the ability of various

methods to discriminate between different classes. Our method CaR significantly
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Models RefCOCO RefCOCO+ RefCOCOg
val testA testB| val testA testB| val test(U) val(G)
OVSeg [175] [22.58 19.38 25.63 [19.13 15.74 25.30 |27.87 29.09 28.31

CaR(Ours) [33.57 35.36 30.51|34.22 36.03 31.02|36.67 36.57 36.63

Table A. Comparison to mask-supervised open-vocabulary methods on re-
ferring image segmentation in mIoU. CaR is better than the comparison method,
OVSeg, in all splits of the three benchmarks.

Is VLM  #Additional
Model pre-trained? Images w/0 Background
VOC-20 Context-59
GroupViTT [310] X 26M 79.7 23.4
PACL [209] v 40M 72.3 50.1
TCL [27] v 15M 7.5 30.3
MaskCLIPT [354] v - 74.9 26.4
ReCol [241] v - 57.5 22.3
CaR (Ours) v - 91.4 39.5

Table B. Comparison with methods under the setting where background is
ignored. We compare CaR with prior work on VOC-20, Context-59 in a setting that
considers only the foreground pixels (decided by ground truth). Our method shows com-
parable performance to prior works despite only relying on pretrained feature extractors.
T: numbers are from [27].

outperforms previous methods on VOC-20 and Context-59, where all methods use

the same setting that ignores the background class. We reached out to the PACL

authors to confirm that they did not evaluate background.

B Implementation Details of CAM

In this paper, we integrate two kinds of gradient-based CAM, i.e., Grad-CAM [238]
and CLIP-ES [180], respectively.

Integration with Grad-CAM. When integrating Grad-CAM [238] into our
framework, we first extract the image and text feature vectors v, = fr(z), vy, = fr(h)
from the image and text encoder f;(-), fr(-) given an image z and text queries h. We
compute a similarity score between the image and text features using the dot prod-
uct s = softmax(v, - v}), where softmax is applied along the dimension of v,. This

score s quantifies the alignment (a.k.a similarity) between the image = and the text
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h as perceived by the CLIP model. Here h contains multiple queries. To integrate
Grad-CAM into our framework, we first compute the gradients of the similarity

score with respect to the feature maps of the image encoder by:

o
g_aAk7

where AF represents the feature maps and g denotes the gradients. Then we compute

the neuron importance weights by average-pooling the gradients:

EREIRN
i J

Here, a4 is the neuron importance weights and Z is the number of pixels in each
feature map. We then calculate a weighted combination of the feature maps A* and

the neuron importance ay:

L = ReLU (Z ozkAk) ,
k

an activation function ReLU is applied to filter out all negative activations. Specif-
ically, we use the feature map after the first normalization layer of the last residual

block to compute the gradients for CAM.

Integration with CLIP-ES. Insummary, the CLIP-ES [180] we adopted is com-
posed of a Grad-CAM and a class-aware attention-based affinity (CAA) module.
The CAA module is introduced to enhance the vanilla multi-head self-attention
(MHSA) for the Vision Transformer in CLIP. Given an image, class-wise CAM maps
M, € R"™" for each target class ¢ and the attention weight W € Rw*hw are ob-
tained from MHSA. For the attention weight, which is made asymmetric due to the
use of different projection layers by the query and key, Sinkhorn normalization [245]
is applied (alternately applying row-normalization and column-normalization) to

convert it into a doubly stochastic matrix D, and the symmetric affinity matrix A
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can be derived as follows:

_ D+D7
2

A , where D = Sinkhorn (W *). (7.7)

For the CAM map M, € R"**, a mask map for each target class ¢ can be obtained
by thresholding the CAM with A. Then a set of bounding boxes can be generated
based on the thresholded masks. These boxes are used to mask the affinity weight
matrix A, and then each pixel can be refined based on the masked affinity weight
and its semantically similar pixels. This refinement process can be formalized as

follows:

M = B, ® A" - vec(M,), (7.8)

where B, € R™™ represents the box mask obtained from the CAM of class ¢, ®
denotes the Hadamard product, ¢ indicates the number of refining iterations, and
vec(-) denotes the vectorization of a matrix. It should be noted that the attention
map and CAM are extracted in the same forward pass. Therefore, CAA refinement
is performed in real time and does not need an additional stage. Our implementation

uses the attention maps from the last 8 layers of Vision Transformer for CAA.

C Implementation Details of Visual Prompts

The Python code of visual prompts is shown in Algorithm C, which is at the end of

the supplementary material.

D Breakdown of Background Tokens

We break down the background tokens into 3 sub-categories for ablation study

(experiment results are shown in the main manuscript in Table 6):

o Terrestrial: [‘ground’; ‘land’, ‘grass’, ‘tree’, ‘mountain’, ‘rock’, ‘valley’,

‘earth’,‘terrain’, ‘forest’, ‘bush’, ‘hill’, ‘field’, ‘pasture’, ‘meadow’, ‘plateau’,
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‘cliff’, ‘canyon’, ‘ridge’, ‘peak’; ‘plain’, ‘prairie’, ‘tundra’; ‘savanna’, ‘steppe’,

‘crag’, ‘knoll’, ‘dune’, ‘glen’; ‘dale’, ‘copse’, ‘thicket’]

o Aquatic-Atmospheric: [‘sea’, ‘ocean’, ‘lake’, ‘water’, ‘river’, ‘sky’, ‘cloud’,
‘pond’, ‘stream’, ‘lagoon’, ‘bay’, ‘gulf’, ‘fjord’, ‘estuary’, ‘creek’, ‘brook’, ‘reser-
voir’, ‘pool’, ‘spring’, ‘marsh’, ‘swamp’, ‘wetland’, ‘glacier’, ‘iceberg’, ‘atmo-
sphere’, ‘stratosphere’, ‘mist’, ‘fog’, ‘rain’, ‘drizzle’, ‘hail’, ‘sleet’, ‘snow’, ‘thun-
derstorm’, ‘breeze’, ‘wind’, ‘gust’, ‘hurricane’, ‘tornado’, ‘monsoon’, ‘cumulus’,

‘cirrus’, ‘stratus’, ‘nimbus’]

e Man-Made: [ ‘building’, ‘house’, ‘wall’, ‘road’, ‘street’, ‘railway’, ‘railroad’,
‘bridge’, ‘edifice’, ‘structure’, ‘apartment’; ‘condominium’, ‘skyscraper’, ‘high-
way’, ‘boulevard’, ‘lane’, ‘alley’, ‘byway’, ‘avenue’, ‘expressway’, ‘freeway’,
‘path’, ‘overpass’, ‘underpass’, ‘viaduct’, ‘tunnel’, ‘footbridge’, ‘crosswalk’,

‘culvert’, ‘dam’, ‘archway’, ‘causeway’, ‘plaza’; ‘square’, ‘station’, ‘terminal’]

E Implementation Details of Mutual Background
for Pascal Context

Our approach involves creating a list of background queries to minimize false positive
predictions in mask proposals. However, in the Pascal Context dataset [208], many
“stuff” categories (e.g. sky, ground, sea) serve as background queries for “object”
categories (e.g. bird, car, boat). Directly removing these ’stuff’ categories from the
background query list and generating object and stuff masks using CAM leads to
noisy results due to the lack of false positive background suppression. To address
this issue, we adopt a mutual background strategy. In this method, object and stuff
masks are produced separately, using object categories as the background queries
for stuff masks and vice versa. This technique not only maintains the benefit of
reducing false positives but also significantly enhances performance in the Pascal

Context dataset.
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F Implementation Details of Referring Image Seg-
mentation.

We use ViT-B/16 as the backbone of the visual encoder for both the mask proposal
generator and mask classifier, and use circle and background blur as the visual
prompts for the inputs of mask classifier. The 7, 8, A were set to (0.5, 0.3, 0.5), (0.2,
0.1, 0.5), (0.5, 0.1, 0.6) for refCOCO, refCOCO+ and refCOCOg, respectively. All
splits of these three datasets share the same set of hyper-parameters. We note that

we do not apply SAM for referring image segmentation.

G More Visualization Results

G.1 Visualization results on different post-processors

Figures A and B present a comparative visualization of the post-processing tech-
niques Conditional Random Field (CRF) and Segment Anything Model (SAM) [142],
applied to randomly chosen samples from the VOC [85] and COCO Object datasets [19].
Initial observations reveal that the application of CRF in CaR facilitates the genera-
tion of high-quality masks, albeit with notable limitations in delineating boundaries
between distinct semantic masks. The integration of SAM enhances the precision
of these masks, yielding clearer and more well-defined boundaries. Nevertheless,
the implementation of SAM is not without drawbacks; it occasionally leads to false
negative predictions, stemming from mismatches between CaR raw masks and SAM
candidate masks (the matching algorithm is introduced in the main manuscript),
or false positive predictions due to the overly coarse nature of SAM masks. Mean-
while, we find SAM is not very sensitive to stuff classes, so combining SAM on

Pascal Context will not lead to much increase in mloU.
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G.2 Visualization comparison for different open-vocabulary

segmentation methods.

Figure C presents a qualitative comparison of open-vocabulary segmentation re-
sults for a variety of non-standard subjects, including unique characters, brands,
and landmarks. These subjects are notably distinct from common objects. The
Grounded SAM [185] method demonstrates proficiency in segmenting prominent
objects with precision, yet it often misclassify these segments. The OVSeg [175]
approach also generates low-quality segmentation masks and inaccurate class pre-
dictions. In contrast, our methodology CaR excels by creating high-quality masks
with accurate semantic class predictions, showcasing its superior capability in the

realm of open-vocabulary segmentation.

H Limitation

The primary limitation of our method is that its performance is bounded by the
pre-trained VLM. For example, since the CLIP model utilizes horizontal flipping
augmentation during training, it becomes challenging for our model to successfully
distinguish between the concepts “left” and “right”. However, we believe that this
issue can be easily resolved through adjustments, such as incorporating better data

augmentation techniques during the pre-training phase.

I Future Potentials and Broader Impact

CaR is simple, straightforward yet highly efficient. To enhance its performance
further, we provide two ways to explore. First, incorporating additional trainable
modules such as Feature-Pyramid Networks can significantly improve its capability
in handling small objects. Second, since our method is fundamentally compatible
with various Vision-Language Models (VLMs), it presents an intriguing opportunity

to investigate integration with other VLMs. Moreover, CaR can serve the purpose
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of generating pseudo-labels for other open-vocabulary segmenters.
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Figure A. Comparison of different post-processors on randomly selected images from
PASCAL VOC.

157



Towards Unified Visual Perception

aR-+SAM ~ GT

Image _ CaR C

person *

Figure B. Comparison of different post-processors on randomly selected images from
COCO Object.
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Figure C. Visualization comparison of different open-vocabulary segmentation methods.
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Algorithm C Pseudo-code of CLIP as RNN in PyTorch style.

import cv2
import numpy as np
import torch
from scipy.ndimage import binary_fill_holes
def apply_visual_prompts(
image_array,
mask,
visual_prompt_type=('circle'),
visualize=False,
color=(255, 0, 0),
thickness=1,
blur_strength=(15, 15)):
prompted_image = image_array
inv_mask = (1 - mask)[:, :, Nonel
if 'blur' in visual_prompt_type:
# blur the part out side the mask
# Blur the entire image
blurred = cv2.GaussianBlur(prompted_image, blur_strength, 0)
# Get the sharp region using the mask
sharp_region = cv2.bitwise_and(
prompted_image,
prompted_image,
mask=np.clip(mask, 0, 255)))
# Get the blurred region using the inverted mask

blurred_region = (blurred * inv_mask)
# Combine the sharp and blurred regions
prompted_image = cv2.add(sharp_region, blurred_region)
if 'gray' in visual_prompt_type:
gray = cv2.cvtColor (prompted_image, cv2.COLOR_BGR2GRAY)
# make gray part 3 channel
gray = np.stack([gray, gray, grayl, axis=-1)
# Get the sharp region using the mask
color_region = cv2.bitwise_and(
prompted_image,
prompted_image,
mask=np.clip(mask, 0, 255))
# Get the blurred region using the inverted mask
inv_mask = 1 - mask
gray_region = (gray * inv_mask)
# Combine the sharp and blurred regions
prompted_image = cv2.add(color_region, gray_region)
if 'black' in visual_prompt_type:
prompted_image = cv2.bitwise_and(
prompted_image,
prompted_image,
mask=np.clip(mask, 0, 255))
if 'circle' in visual_prompt_type:
mask_center, mask_height, mask_width = mask2chw(mask)
center_coordinates = (mask_center[1], mask_center[0])
axes_length = (mask_width // 2, mask_height // 2)
prompted_image = cv2.ellipse(prompted_image,
center_coordinates,
axes_length, 0, 0, 360, color, thickness)
if 'rectangle' in visual_prompt_type:
mask_center, mask_height, mask_width = mask2chw(mask)
center_coordinates = (mask_center[1], mask_center[0])
start_point = (mask_center[1] - mask_width //
2, mask_center[0] - mask_height // 2)
end_point = (mask_center[1] + mask_width //
2, mask_center[0] + mask_height // 2)
prompted_image = cv2.rectangle(prompted_image,
start_point,
end_point,
color, thickness)
if 'contour' in visual_prompt_type:
# Find the contours of the mask
# fill holes for the mask
mask = binary_fill_holes(mask)
contours, hierarchy = cv2.findContours(mask, cv2.RETR_TREE, cv2.CHAIN_APPROX_SIMPLE)
# Draw the contours on the image
prompted_image = cv2.drawContours(
prompted_image, contours, -1, color, thickness)
return prompted_image
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Discussion

In this chapter, we discuss the contribution and achievements of each research paper

listed in the thesis.

Separable Transformer. Chapter 2 illustrates the Separable Transformer (SeT).
This chapter delves into the SeT’s innovative architecture, the implementation of
positional embeddings, and various training strategies specifically tailored to en-
hance the training of Transformer-based models for visual tasks. Our exploration
paves the way for a deeper understanding of how these components interact to
improve visual perception capabilities in computational models. Additionally, sub-
sequent studies, such as those by Dai et al. [68] and Chu et al. [55], demonstrate
the efficacy of relative positional encoding, underscoring its potential in further re-
fining Transformer architectures. The methodologies we investigate regarding data
augmentation, optimization, and regularization have also been incorporated into

subsequent developments of this thesis, e.g. Visual Parser (ViP) [258].

Vision Transformer with Progressive Sampling. In Chapter 3, we present
the Vision Transformer with Progressive Sampling (PS-ViT), featuring an innovative
progressive sampling module that redefines the method of segmenting input images

into patches. This adaptive technique has not only been embraced by subsequent

161



Towards Unified Visual Perception

research but has also inspired related studies to incorporate similar methodologies
within attention mechanisms [302], and extend its application to video analysis [89].
This demonstrates the broad impact and adaptability of our proposed approach in

enhancing the capabilities of Transformer-based models for visual data processing.

TransMix Chapter 4 unveils TransMix, a method designed to tackle the discrep-
ancy between the mixed input images and their corresponding label space. By
integrating a dynamic attention mechanism, TransMix is able to selectively con-
centrate on the most relevant portions of an image, thereby enhancing the model’s
proficiency in handling objects of varying sizes. The concept of adaptive label re-
assignment introduced by TransMix has spurred a wave of subsequent research en-
deavors, including MixPro [348], TokenMix [183], PatchMix [357], and the ReClass
approach within ReMaX [257], illustrating the significant influence and potential of

this innovative approach.

Visual Parser Chapter 5 introduces the Visual Parser (ViP) [258], a model de-
vised to offer a comprehensive framework for visual perception across various levels
of granularity. As an innovative approach that establishes a part-whole hierarchy
within a Transformer-based design, ViP has inspired subsequent research focused on
applying this hierarchical structure to their specific fields, such as point cloud anal-
ysis [91, 162], and in studies that bridge different granularities and tasks [284, 342].
The effectiveness of ViP’s architecture has led to its adoption in other advanced
projects, like SAM [151], which incorporate the part-whole Transformer concept,
further attesting to ViP’s significant impact and its role in shaping future research

directions.

ReMaX In Chapter 6, we present ReMaX [257] that demonstrates the efficacy
of utilizing the objective of a simpler task (semantic segmentation) as a relaxation
technique to ease the complexity of a more composite task (panoptic segmentation).

ReMaX not only accelerates the training process by about 2 — 3x but also improves
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the overall performance for panoptic segmentation through this strategic simplifi-
cation, all without adding any additional computational burden during inference.
Its straightforward design approach and minimal implementation costs make the

methodology highly adaptable for broader applications.

CLIP as RNN Chapter 7 introduces CLIP as RNN (CaR) [255], showcasing the
use of a pre-trained CLIP model for fine-grained object and pixel-level visual tasks,
eliminating the need for additional fine-tuning. We propose a fresh perspective: fine-
tuning on datasets with detailed annotations, such as masks and bounding boxes,
tends to restrict the vocabulary scope. Through the development of a recurrent
architecture, we delve into the potential of visual prompting. This methodology
enables the CLIP model, originally trained on image-text pairs, to excel in image
segmentation tasks, surpassing previous state-of-the-art approaches without requir-
ing fine-tuning. Remarkably, CaR sets new performance benchmarks across eight
diverse datasets, including Pascal VOC (VOC-20 and VOC-21), COCO Object,
Pascal Context (PC-60 and PC-59), ADE-150, ADE-847, and Pascal Context 459,
in zero-shot semantic segmentation scenarios. Moreover, leveraging its extensive
vocabulary, CaR achieves unparalleled results in referring segmentation tasks on
RefCOCO, RefCOCO+, and RefCOCOg for zero-shot referring image segmenta-
tion. The success of CaR exemplifies the feasibility of moving towards open-world
visual segmentation, where models can interpret and segment an expansive array of

visual concepts without predefined labels.
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