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ABSTRACT

Generalizable Visual Understanding

with Deep Neural Networks

by

Guangrui Li

Deep neural networks (DNNs) have transformed computer vision, advancing ob-

ject recognition, scene understanding, and image synthesis. However, a critical

challenge remains in their ability to generalize to unseen distributions and novel cat-

egories, limiting their full potential in real-world applications. This thesis endeavors

to address this limitation and develops methodologies to bestow vision models with

strong generalizability in diverse and changing environments. It delves into two

crucial perspectives of generalizability in computer vision, i.e., generalizing to novel

structures and novel categories.

In addressing the challenge of generalizing to novel structures, the research en-

deavors to extract generalizable structural representations from diverse visual sce-

narios. These encompass 2D rigid scenes, 3D rigid scenes, and non-rigid structures.

The study identifies obstacles to generalization, including discrepancies in layout

distribution for 2D scenes, dropout noises disrupting 3D scene geometry, and vari-

ations in inter-joint relationships within non-rigid structures. To overcome these

challenges, innovative methodologies are developed. These methodologies include

layout-matching techniques to bridge layout distribution gaps, adversarial masking

paradigms to enhance robustness against disruptive geometry noises, and a ”decom-

pose to generalize” paradigm that reinforces commonalities in inter-joint relation-

ships among di↵erent species, thereby promoting generalization.

Regarding the generalizability with novel categories, this thesis is structured

around two fundamental questions: (1) the ability to discern novel categories from



known ones, and (2) the aptitude to e↵ectively classify each newly encountered cat-

egory. The former challenge is addressed as the ”category shift” problem, wherein

only partial categories are shared between two correlated domains / datasets. To

tackle this issue, a clustering algorithm is proposed to delineate the known from

the unknown through cross-domain consensus knowledge. For the latter challenge,

a solution is devised by leveraging cross-modality knowledge from Vision-Language

Models (VLMs), wherein distinctions between known and novel categories are dis-

cerned through discriminative mappings in the latent text space. In pursuit of this

objective, the thesis introduces a ”decouple to contrast” methodology to alleviate

ambiguities between visual and text latent spaces in a decoupled manner.

In conclusion, this thesis contributes to the advancement of generalizable visual

understanding by proposing novel approaches and methodologies tailored for deep

neural networks. The developed techniques enhance the network’s ability to learn

robust and transferable representations, enabling better generalization across diverse

visual domains. These findings have implications for various real-world applications,

including autonomous systems, robotics, and computer vision-based technologies.

Dissertation directed by Professor Yi Yang,

Australian Artificial Intelligence Institute, University of Technology Sydney
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Chapter 1

Introduction

In recent years, deep neural networks (DNNs) have revolutionized the field of com-

puter vision, enabling significant advancements in computer vision tasks such as

object recognition, scene understanding, and image synthesis. Despite their im-

pressive capabilities, DNNs often exhibit limited generalizability when confronting

unseen distributions, e.g., adapting to adverse weather conditions. This deficiency

causes visual understanding algorithms to lag far behind the seamless adaptability

and generalizability of humans to new environments. To address this limitation,

this thesis aims to bestow the vision models with strong generalizability in diverse

and changing environments, thereby minimizing the gap between human perception

and visual understanding algorithms.

In computer vision, generalization refers to the ability of a model to e↵ectively

adapt and perform well on new, unseen data that is not part of the training dataset.

This thesis primarily investigates two critical perspectives of generalizability: (1)

learning to generalize to unseen distributions, and (2) learning to generalize to un-

seen categories. These two properties span two critical aspects of generalizability

when dealing with dynamic and changing environments.

For generalizing to unseen distributions, I first investigate how to extract in-

formative structural knowledge from diverse array of structures, encompassing 2D

rigid scenes, 3D rigid scenes, and non-rigid structures. Then I delve into key factors

that impede the generalization across visual domains. For 2D scenes, I found that

the discrepancy in layout distribution hinders the generalizable scene understand-
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ing. This motivates me to propose an e↵ective layout-matching strategy to bridge

the gap. In the context of 3D scenes, I identify the dropout noises as one of the

causes that harm the adaptability through disrupting the scene geometry. Then I

propose an adversarial masking paradigm to improve the robustness towards these

geometry-disruptive noises and enhance generalizability. For more challenging non-

rigid poses from diverse animal species, I discover the discrepancy arises from the

varying inter-joint relationships, involving both geometry and appearance. Driven

by this insight, I formulate a “divide and conquer” scheme to mine and reinforce the

commonalities of inter-joint relationships among di↵erent species, thereby promoting

the generalization.

For generalizing to novel categories, this thesis is structured around two funda-

mental questions: how to distinguish novel categories from the known, and how to

classify each novel category. For the former, I consider this as the category shift

problem, where only partial categories are shared by training sets and test sets. I

propose a clustering pipeline to separate the known from the unknown with cross-

domain consensus knowledge. As for the latter, I devise a solution by drawing the

cross-modality knowledge from Vision-Language Models (VLMs), where known and

novel categories are distinguished by their discriminative mapping in the text la-

tent space. With this objective, I propose a “decouple to contrast” to calibrate

ambiguities between the visual space and text latent space in a decoupled manner.

The contributions of the thesis are listed as follows.

• I explore how to model dynamic visual structures and enhance their gener-

alizability with unseen distributions. E↵ective techniques and methodologies

are developed to deal with various forms of structures, including 2D rigid

scenes, 3D rigid scenes, and non-rigid structures. Experiments on representa-

tive benchmarks verify that the proposed methods can e↵ectively improve the
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adaptability and generalizability with diverse environments/distributions.

• I explore how to generalize the vision models to novel categories. To achieve

this, I propose to mine the agreement between di↵erent domains/modali-

ties and leverage their consensus to di↵erentiate novel categories from known

classes, as well as the identification and localization of them. Comprehensive

experiments and analysis validated that the proposed approaches can greatly

enhance the generalizability to novel categories.

The following introduces the background and developed methodologies for gen-

eralizable visual understanding with novel structures and novel categories.

1.1 Generalization to Novel Structures

Humans interact with diverse structures daily, e↵ortlessly recognizing and un-

derstanding them across di↵erent environments. In contrast, visual understanding

algorithms remain vulnerable to intrinsic (e.g., color, shape) and extrinsic (e.g.,

viewpoint, lighting) variations. This thesis aims to enable machines to overcome

these variations and adapt to unseen distributions. By enhancing generalizability,

the proposed approaches bridge the gap between human-like perception and machine

perception, empowering machines to interpret and understand intricate structures

in diverse and changing environments adaptively.

In Chapter 3, I study the domain adaptation problem for 2D scene segmenta-

tion, which adapts the model trained on a labeled source domain to an unlabeled

target domain under distribution shifts. Unlike previous solutions treating all source

samples equally, I observe that not all source samples contribute to the adaptation,

while some may impede the transfer, namely negative transfer. To solve this, I pro-

pose a new scheme, Content-Consistent Matching (CCM), that actively compares

and matches source and target samples encompassing two perspectives: layout dis-
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tribution and semantic distribution. The scenes are decomposed as the semantic

frequencies over di↵erent spatial locations, and the discrepancy in layout distribu-

tions is derived by comparing the frequencies along two directions, i.e., vertical and

horizontal. Then the mined discrepancy is leveraged to select source samples with

higher content consistency, thus enabling the adaptation with fewer source samples

and avoiding negative transfer. On two representative benchmarks, CCM yields

consistent improvements over the baselines and achieves the new state-of-the-art.

In Chapter 4, I consider the domain adaptation problem in point cloud seman-

tic segmentation, where 3D scenes are more dynamically organized with complex

scene geometries. Due to environmental factors (e.g., occlusions, glasses), point

clouds may contain irregular and random noises (missing points), which harms the

generalizability by ruining the scene geometries and contexts. In this chapter, I

aim to adaptively inject noises into synthetic point clouds to imitate the irregu-

lar patterns of these noises, thereby enhancing the robustness and generalizability

towards these noises. To achieve this, I propose adaptive spatial masking, where

the adversarial training and learnable masking module imitate real-world noises in

a cooperative manner. Specifically, the masking module combines geometrical and

feature cues to derive learnable masks as noises while the domain adversarial learning

paradigm urges domain-invariant representations. Consequently, the domain adver-

sarial paradigm implicitly drives the masking module to imitate real-world noises,

thus easing the domain gap induced by the noises. Experiments validate that the

proposed ASM significantly improves the robustness to real-world noises.

In Chapter 5, I explore a much more challenging generalization problem with

novel structures, i.e., species-generalizable pose estimation, which requires the gen-

eralizable representations from multiple animal species for the dynamic non-rigid

structures. To tackle this, I dive into the inter-joint relationships and reveal the

varying consistency across di↵erent species, i.e., some joint relationships are consis-
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tent for di↵erent species while some are not. With this insight, I propose a novel

scheme, Decompose-to-Generalize (D-Gen), which decomposes joints into groups

that hold species-consistent relationships and then reinforces these groups in a par-

allel style. To be more specific, I devise an attention module to e↵ectively model

the inter-joint relationships implicitly combining both geometric and visual cues,

then divide the body joints into di↵erent groups according to the inter-joint interac-

tions. Experiments with diverse animal species and families verify that the proposed

approach can e↵ectively enhance generalizability.

1.2 Generalization to Novel Categories

To achieve human-like adaptability to expanding environments, it is of vital

importance to identify novel categories/objects that di↵er from the known distribu-

tions. While recognizing seen samples or objects from known distributions is easy

for both machines and humans, the challenge lies in generalizing to novel instances

from unseen or unknown categories. The presence of these unknown samples can sig-

nificantly undermine the performance of vision models, especially in human-critical

systems. For example, consider an autonomous driving model trained with normal

driving scenes, including trees, roads, buildings, etc. However, when a deer un-

expectedly jump across the road, the model may struggle to capture and identify

it without having seen this before, potentially leading to severe consequences. To

address this issue, this thesis tackles two fundamental problems in generalizing to

novel categories: how to distinguish the novel categories from the known, and how

to identify and classify the novel categories.

In Chapter 6, I formulate the novel category discovery as the category shift prob-

lem between two correlated domains, encompassing the universal domain adaptation

(UniDA) challenge. The main challenge of UniDA lies in how to separate common

classes (i.e., classes shared across domains) from private classes (i.e., classes only
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exist in one domain). Previous works treat the private samples in the target as one

generic class but ignore their intrinsic structure. Consequently, the resulting repre-

sentations are not compact enough in the latent space and can be easily confused

with common samples. To better exploit the intrinsic structure of the target do-

main, we propose Domain Consensus Clustering (DCC), which exploits the domain

consensus knowledge to discover discriminative clusters on both common samples

and private ones. Specifically, we draw the domain consensus knowledge from two

aspects to facilitate the clustering and the private class discovery, i.e., the semantic

level consensus, which identifies the cycle-consistent clusters as the common classes,

and the sample-level consensus, which utilizes the cross-domain classification agree-

ment to determine the number of clusters and discover the private classes. Based on

DCC, we are able to separate the private classes from the common ones, and di↵eren-

tiate the private classes themselves. Experiments on four representative benchmarks

demonstrate DCC significantly outperforms previous state-of-the-arts.

In Chapter 7, inspired by tight text-image correspondence in Vision-Language

Models (VLMs), I explore how to leverage the cross-modal consensus to identify the

novel categories. As the known and novel categories are unified in the discriminative

text latent space of VLMs, the main challenge here is how to transfer this into the

specialized vision models, i.e., detector. Further investigation reveals two remaining

obstacles between the detector and VLMs, i.e., semantic and positional ambigui-

ties. Semantic ambiguity refers to the cross-modal gap that object features may

confuse with closely related text concepts/descriptions. Analogously, the text fea-

tures can fail to discriminate object features with slight positional o↵sets, due to the

position insensitivity in VLMs. To tackle this, I propose a “Decouple-to-Contrast”

(DeCo) scheme to suppress these two ambiguities in a unified contrastive learn-

ing framework. Concretely, DeCo first decouples the object query into two parts,

i.e., semantics and positions, then reduces their ambiguities with two contrasting
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branches. Given queries in the detector, DeCo applies position and semantic distrac-

tions separately, and then the ambiguities are alleviated through parallel contrasting

paradigm, i.e., contrasting with semantic-disturbed negative queries to reduce the

semantic ambiguities. Experiments on representative benchmarks show that our

method achieves the new state-of-the-art.

1.3 Thesis Organization

This thesis is structured as follows:

In Chapter 2, a survey of learning generalization in structured visual understand-

ing is presented, which include discussions on generalizing to novel structures and

categories.

Chapters 3 to 5 sequentially explore the generalization problem across diverse

visual structures. More specifically, Chapter 3 focuses on domain adaptation in

2D rigid scenes, Chapter 4 on domain adaptation in 3D rigid scenes, and Chapter

5 on domain generalization with diverse non-rigid structures. In these chapters, I

identify the primary obstacles among di↵erent structures and develop methodologies

to model and derive generalizable representations for them.

In Chapters 6 and 7, the investigation shifts towards generalizability with novel

categories. Chapter 6 proposes a novel clustering algorithm designed to di↵erentiate

between novel and known categories under various scenarios of category shift. Tak-

ing this a step further, Chapter 7 leverages visual-text correspondence to identify

and classify novel categories.

Finally, Chapter 8 provides a brief summary of the thesis and discusses potential

directions for future exploration.
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Chapter 2

Literature Review

Generalize to Novel Structures

Generalize to Novel Categories

Unsupervised Domain
Adaptation (UDA)

Domain Generalization

Cross-domain Generalization to
Novel Categories

Multi-Modal Generalization to
Novel Categories

1) Minimizing the discrepancy in feature distributions;
2) Domain adversarial training;
3) Self-training/Pseudo-labeling.

1) Deriving domain-invariant representations;
2) Enhancing the generalizability of trained model
parameters through meta-learning or data
augmentations.

1) Open-set domain adaptation;
2) Partial domain adaptation;
3) Universal domain adaptation.

1) Zero-shot novel category discovery;
2) Open-vocabulary detection with novel categories.

Figure 2.1 : An overview of methodologies in generalization learning with novel

structures and novel categories.

This chapter introduces a survey of related work in generalization learning in

computer vision, mainly encompassing the generalization to novel visual structures

and novel categories.

2.1 Generalization to Novel Visual Structures

2.1.1 Unsupervised Domain Adaptation

Unsupervised Domain Adaptation (UDA) aims to minimize the distribution dis-

crepancy between the source domain and the target domain. Specifically, UDA tries

to train a model on a labeled domain (source domain) and an unlabeled target

domain, so as to adapt to the target domain by overcoming the distribution shift

between two domains. To achieve this goal, earlier [127, 126, 179, 189] methods
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proposed to learn domain invariant features via directly minimizing the discrep-

ancy of feature distribution. More recent approaches [63, 78, 238, 90] employed

adversarial training in image level. [24, 57, 125, 187, 196] leveraged adversarial

training to learn domain-invariant representations in feature level. There are some

works [170, 225, 24, 204] using self-training to mitigate the domain gap via assigning

labels to the most confident samples in the target domain.

2.1.2 Generalization of 2D Rigid Scenes

UDA for semantic segmentation Unsupervised domain adaptation for se-

mantic segmentation is the task that applies domain adaptation for semantic seg-

mentation tasks [236, 106, 134]. Semantic segmentation aims to classify pixels

in images into one of the predefined semantic categories, thereby obtaining seg-

ments depicting the objects/scenes with semantic meanings, e.g., chairs. Many

approaches [227, 226, 24, 36, 63] have been proposed. There are mainly two ways to

tackle this problem, i.e. via adversarial training or self-training. The works that ex-

ploited adversarial training can be categorized into the feature-level adaptation and

the image level adaptation. Some works [186, 192, 200, 95, 46] adopted adversarial

training at feature level to learn domain-invariant features to reduce the discrep-

ancy across domains. [72, 31, 111] applied adversarial training at the image level to

make features invariant to illumination, color and other style factors. Some recent

approaches adopted self-training to perform adaptation. [242] proposed to assign

pseudo labels in a curriculum way and [224, 243, 113, 232] combined self-training

with other constraints to improve the quality of pseudo labels.

2.1.3 Generalization of 3D Rigid Scenes

Point Cloud Semantic Segmentation aims to perform semantic segmenta-

tion on the point clouds, in which each point, storing the Cartesian coordinate,

is classified into predefined semantic categories. Previous researches in this area
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could be categorized into three streams: 1) point-based methods propose to handle

this task in a point-wise manner and aggregate the contextual information through

MLP (Multiple Layer Perception ) [153, 154, 50], GCN (Graph Convolutional Net-

work) [195, 207], or newly designed convolutions [201, 184, 206, 229]. These methods

typically require massive computation, making them hard to satisfy the latency con-

straint in real-world applications. 2) Voxel-based methods [94] try to convert point

clouds into 3D voxels and employ 3D convolutions to learn the geometric distri-

butions. Some researchers [241, 228] study the partition strategy in the 3D space,

while some researchers [182, 70] propose new convolution architectures to handle the

sparse 3D voxels. Also, the heavy computation cost of 3D CNN hampers their ap-

plicability to real-world applications. 3) projection-based solution is another routine

focusing on transforming 3D point clouds into 2D grids so that 2D convolutions can

be utilized directly. Various architectures[197, 198, 205, 135, 38] in this direction

have been proposed to cope with the projected 2D images, and have been proven to

be e↵ective and e�cient. Moreover, projection-based methods also receive increas-

ing attention on other tasks [116, 181] for their low computation cost. In this paper,

we choose the projection-based architecture to perform our adaptation task as they

strike a better balance between performance and e�ciency.

Domain Adaptation for Point Cloud Semantic Segmentation aims to

adapt a segmentation model from a labeled source domain to an unlabeled target

domain.

There are several works dealing with the 3D segmentation adaptation scenario [197,

165, 201, 172]. SqueezeSegV2 [198] fills the missing intensity channel for the syn-

thetic point cloud and adopts geodesic correlation alignment [138] to perform point-

wise feature alignment. As SynLiDAR [203] provides the intensity information, we

directly utilize the intensity information along with coordinate information to train

our model in this paper. Wu et al. [197] notice the domain shift is largely caused
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by the target noise, and propose to impose noise masks on source samples, where

the mask is denoted as the point-wise frequency of noise over the whole target

dataset. Analogously, Rochan et al. [165] perform masking on source samples with

a randomly selected noise mask from the target domain. However, the points from

the same spatial positions of two point clouds may have di↵erent surroundings or

contexts and thus they should not share the same probability to be noise. Zhao

et al. [231] employ CycleGAN [238] to perform target noise inpainting which is then

used to learn synthetic noise generation module. However, the noise generation

module is trained by target inpainting results and thus may still be a↵ected by do-

main shift. Moreover, di↵erent from ours, the noise generation of [231] cannot be

optimized towards reducing domain shift.

2.1.4 Generalization of Non-Rigid Poses

2D pose estimation for human and animals. 2D pose estimation refers

to identifying the position and orientation of the anatomical joints of bodies in im-

ages. There are mainly two paradigms, top-down and bottom-up. The top-down

paradigm [149, 219, 14, 141, 137] first detects the person and then localizes the joints

for each detected person. The bottom-up paradigm [194, 10, 193, 183, 91] first iden-

tifies joints in an identity-agnostic manner, then derive poses with di↵erent grouping

strategies. The top-down solutions are more accurate while requiring higher com-

putation due to the extra detection process, while the bottom-up solutions are more

popular for their lower computation cost. Here we adopt the bottom-up solution for

its e�ciency and simplicity.

In terms of single-species pose estimation, [183] performs joint decomposition to

strengthen the part with close correlations. However, they only employ the geometric

clue inside single species while neglecting the structure variations across species and

other forms of joint relations (e.g., visual). Empirical experiments prove it is sub-
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optimal for the cross-species scenario.

Domain adaptation and domain generalization. Domain adaptation aims

to transfer the knowledge learned from a labeled source domain to an unlabeled

target domain, which has attained remarkable progress in the past decades. Re-

searches in domain adaptation overcome the distribution shift via alignment in the

feature space directly [179, 189], or employing adversarial training in the input

space [72, 63, 102] or feature space [130, 24, 57, 103].

Domain generalization extends to a more universal scenario, where multiple

source domains and target domains are available and only source domains are acces-

sible during the training. Research in this area can be categorized into two streams:

one stream seeks to derive domain-invariant representations [140, 60, 105, 220], and

the other attempts to enhance the generalizability of trained model parameters [199,

80] via meta-learning [45, 98, 223], or data augmentations [235, 149, 107, 30].

In terms of animal pose estimation, there are already some works considering

the domain adaptation problem for it. [139] and [97] focus on the synthetic-to-real

domain adaptation inside the same species. Despite making progress, these meth-

ods typically mitigate the domain gap induced by the di↵erence in appearance and

background, while the structural discrepancies inside the same species are negligi-

ble and are not considered as the main obstacle. [17] made the first attempt to

mitigate the structural discrepancies between di↵erent species and realize it with

an adversarial training paradigm and pseudo labeling. However, we argue it is sub-

optimal because their work mainly alleviates the impact resulting from the parts

that exhibit large variation across species, while ignoring the parts holding stable

inter-joint relationships.
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2.2 Generalization to Novel Categories

2.2.1 Cross-domain Generalization to Novel Categories

Closed Set Domain Adaptation, also known as unsupervised domain adap-

tation (UDA), assumes two domains share identical label set. The main focus lies

in how to minimize the distribution shift. Some methods minimize the discrepancy

in the feature space directly [127, 126, 208, 54]. Some recent works take advantage

of adversarial training to promote the alignment in the input space [40, 72, 63, 39]

or feature space [187, 130, 24, 57]. Moreover, there are also some works perform-

ing adaptation via clustering in the target domain [88]. However, they could not

trivially generalize to the unaligned label space.

Partial Domain Adaptation (PDA) holds an assumption that private classes

only lie in the source domain, which has received wide attention recently. SAN [18]

employs class-wise domain discriminators to align the distributions in a fine-grained

manner. IWAN [222] proposes to identify common samples with the domain sim-

ilarities from the domain discriminator, and utilizes the similarities as weights for

adversarial training. Recently, ETN [19] proposes a progressive weighting scheme

to estimate the transferability of source samples, while BA3US [115] incorporates

an augmentation scheme and a complement entropy to avoid negative transfer and

uncertainty propagation, respectively.

Open Set Domain Adaptation (OSDA). Di↵erent settings [171, 147, 11, 51]

have been investigated for the open set domain adaptation. In this paper, we mainly

focus on the setting proposed by [171], where the target domain holds private classes

that are unknown to the source. OSBP [171] proposes an adversarial learning frame-

work that enables the feature generator to learn representations to achieve common-

private separation. Recent works [125, 53] follow this paradigm to draw the knowl-

edge from the domain discriminator to identify common samples that share the
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semantic classes across domains. ROS [11] employs self-supervised learning tech-

nique to achieve the known/unknown separation and domain alignment.

Universal Domain Adaptation (UniDA), as a more challenging scenario, al-

lows both domains having their own private classes. UAN [213] proposes a criterion

to quantify sample-level uncertainty based on entropy and domain similarity. Then

samples with lower uncertainty are encouraged for adaptation with higher weight.

However, as pointed by [56], this measurement is not discriminative and robust

enough. Fu et al. [56] designs a better criterion that combines entropy, confidence,

and consistency from auxiliary classifiers to measure sample-level uncertainty. Sim-

ilarly, a class-wise weighting mechanism is applied for subsequent adversarial align-

ment. However, they both treat private samples as one general class while ignoring

the intrinsic structure of private samples.

2.2.2 Multi-Modality Generalization to Novel Categories

Closed-vocabulary object detection. Object detection [15, 7] is tradition-

ally formulated as a closed-vocabulary detection task that performs object local-

ization and classification under identical class set between training and inference.

Mainstream algorithms are initially dominated by CNN-based frameworks (convo-

lutional neural networks), which can be simply divided into one-stage and two-stage

directors. The two-stage detectors [61, 161] first generate the region proposals and

then selectively perform bounding box regression on them. Instead, one-stage de-

tectors [124, 160] seek to learn bounding box o↵set relative to the anchor directly.

More recently, the DETR-style detectors [20, 240] reformulate detection as a set pre-

diction problem and achieve competitive performance with a more simple pipeline,

i.e., without hand-designed modules like anchor design. Especially, recent stud-

ies [101, 221, 123] introduce a denoising process on ground truth boxes and classes

to accelerate the convergence of DETR with superior performance.
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Zero-shot / Open-vocabulary object detection. Zero-shot detection [158,

1, 83, 239] aims to generalize the detector from seen object classes to unseen classes.

Earlier works [3, 112] propose to replace the classifier with text embeddings of corre-

sponding classes. The latter studies [157] explore how to associate the object region

features with the text descriptions. Nevertheless, Zero-shot detection is still imprac-

tical for the real world, i.e., not having any example of the unseen objects except

the word embeddings.

In light of this, OVR-CNN [218] relaxes the constraint and proposed open-

vocabulary detection (OV-Det), which allows training with image-caption pairs be-

fore performing zero-shot detection. The recent success of CLIP [156] inspires the

community to mitigate the modali ty gap with the guidance of pretrained Vision-

Languages models (VLMs). However, adapting VLMs to OV-Det is non-trivial for

two reasons, i.e., semantic ambiguity and positional ambiguity as aforementioned.

To solve them, one stream [234, 52, 136, 211] seeks to establish explicit region-text

correspondence through pretraining on external sources from Internet. Instead, the

other stream [59] attempts to improve the region-text a�nity directly from di↵er-

ent perspectives. ViLD [66] absorbs the knowledge from VLMs through region-wise

distillation. Another line of works assigns pseudo labels to reliable proposals, i.e.,

according to max-size proposals [237] or constrained clustering [55] More recent

studies consider it as a matching problem in the semantic space, i.e., OV-DETR [217]

proposes conditional-matching where the CLIP-embeddings serve as conditions in

query formulation, VLDet [117] clarifies the region-text correspondence by solving

it as a set-matching problem, and F-VLM proposes a fusion strategy for the class

prediction score that combines text and region features.
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Chapter 3

Content-Consistent Matching for Domain
Adaptive Semantic Segmentation

Following the foundational concepts introduced in Chapter 2, this chapter delves into

the specific realm of 2D rigid scenes. This chapter will focus on domain adaptation

in these scenes, identifying the unique challenges they present and building on the

principles of generalization learning to address these challenges and develop viable

solutions.

3.1 Introduction

Semantic segmentation [25, 126, 230, 118, 27, 79, 33] plays an important role in

many real-world applications. However, in practice, an o↵-the-shelf segmentation

model trained on one scenario (source) usually cannot generalize well to the new

one (target). For example, for the self-driving task, we may collect data and train a

segmentation model in one city, but such a model may fail to give accurate pixel-level

predictions for the scenes of another unfamiliar city. As achieving massive in-domain

pixel-level annotations are expensive and sometimes impossible, practitioners usually

resort to domain adaptive training to achieve satisfactory results on the target.

Generally, a domain adaptive segmentation model is established on the labeled

source images and the unlabeled target images. And the training tries to utilize the

knowledge learned from the source and mitigate the domain shift. Previous methods

usually achieved the adapted model through the adversarial training [186, 192, 129,

95, 46, 72, 24, 111] or by self-training [242, 243, 113, 224]. All those methods
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(b). Target Samples (c). Positive Source Samples(a). Negative Source Samples (d). Similarity Heatmap for (c)

Figure 3.1 : Examples of positive and negative source samples (Best viewed in

color). Generally, positive source images (c) share similar layout with the target (b)

while the negative source ones (a) do not. Intuitively, samples like (c) should be

selected and samples like (a) should be excluded to help the adaptation. Moreover,

the heatmap (d) indicates the pixel-wise similarities between target and positive

source embeddings, in which red indicates higher similarity. It can be seen that the

similarities vary a lot, even for the semantic-consistent pixels of the source image,

which implies the pixels of positive source images should not be equally treated.

Detailed information could be found in Sec. 3.2.2.

employed the entire source domain data throughout the training process, which

neglects the fact that not all the source images could contribute to the improvement

of adaptation performance, especially at certain training stages. We empirically

find that there usually exist “negative” source images which may even harm the

adaptation. As shown in Fig. 3.1, compared to the positive source images, the

negative ones appear quite dissimilar to the target images. Moreover, from Fig. 3.1,

we observe that for the visually similar pair of source (i.e positive source image)

and target images, the pixel-wise similarities vary a lot spatially, which implies that

the pixels of a source image also should not be treated equally.
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In this paper, we propose Content-Consistent Matching (CCM) to match and

select the e↵ective source information actively to facilitate the adaptation process.

To be specific, we perform Semantic Layout Matching to select the positive source

samples and Pixel-wise Similarity Matching to emphasize e↵ective pixels. For the

Semantic Layout Matching, we propose a novel image representation that encodes

the semantic layout information. Based on such semantic layout representation, we

perform clustering on the target to discover the underlying patterns in the target

domain. Then the source sample is selected as the positive one if it is close enough

to these patterns. Moreover, we further select the positive source pixels to mitigate

the negative transfer through proposed pixel-wise similarity matching. Similar to

the matching strategy in the image level, pixel-wise similarity matching selects the

source pixels that share similar feature distributions with the target samples.

As the target feature evolves during training, the same source sample may con-

tribute di↵erently to the adaptation process, e.g. a source sample could be negative

before a certain stage but positive afterward. Thus we choose to iteratively update

the matching results during training to enable more e↵ective adaptation. Specifi-

cally, we perform the CCM along with a self-training paradigm, i.e. we alternatively

update the representations through self-training and the source matching results

through CCM. These two parts depend on each other and cooperate to mitigate the

domain shift.

In a nutshell, our contributions are three-fold:

• We deal with the domain adaptive segmentation task from a new perspective,

i.e. actively selecting positive source information for training to avoid negative

transfer, which has not been investigated by previous methods.

• We propose Content-Consistent Matching (CCM), which consists of Semantic

Layout Matching and Pixel-wise Similarity Matching, to select the positive
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source samples and their positive pixels to facilitate the adaptation process.

• Experiments on two representative benchmarks (i.e. GTA5 ! Cityscapes and

SYNTHIA ! Cityscapes) demonstrate that our method performs favorably

against previous methods. Ablation studies also verify the e↵ectiveness of the

key components of our framework.

3.2 The Proposed Approach

We aim to train a segmentation network with parameters ✓ to give accurate pixel-

level predictions P (c|x, y; IT , ✓) on the target T , where c 2 {0, 1, · · · , C�1} denotes

the underlying categories and x 2 {0, 1, · · · ,W � 1}, y 2 {0, 1, · · · , H � 1} are the

horizontal and vertical coordinates of a pixel in a target image I
T , respectively.

The segmentation network is trained with the combination of labeled source images

D
S and unlabeled target images D

T . During training, we propose to use content-

consistent matching (CCM) to select positive source samples and their e↵ective

pixels. Our CCM is performed upon the self-training paradigm, i.e. with selected

positive source samples and their e↵ective pixels, the network is trained with ground-

truth source labels and pseudo target labels to update the feature representation,

and based on the updated feature representation, the set of positive source samples

and pixels are reconstructed.

3.2.1 Semantic Layout Matching

Semantic layout means how the categories are distributed spatially in an image

(i.e. P (x, y|c)). It could be an important prior during the training of segmentation

models. However, the semantic layout patterns may vary a lot across domains,

leading to the domain shift and degenerating the generalization. For example, it is

natural that part of the source domain images is captured from a distinct perspective

compared to the target. Thus the semantic layout of these source images will be
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quite di↵erent from the target. In this section, we propose using semantic layout

matching to select the positive source samples to mitigate such domain shift.

Semantic Layout Matrix (SLM)

Directly using P (x, y|c) to model the semantic layout would be ine�cient due to

its high dimension, and ine↵ective because it is not robust to the inaccurate target

predictions.

Following the naive Bayes assumption, we propose to decouple P (x, y|c) into the

horizontal one P (x|c) and vertical P (y|c) one, i.e.,

P (x, y|c) / P (x|c)P (y|c). (3.1)

Specifically, take the vertical distribution P (y|c) for an example, P (y|c) can be

represented as

P (y|c) = P (c|y)P (y)

P (c)
=

P
x
P (c|x, y)P (x)P (y)P

x

P
y
P (c|x, y)P (x)P (y)

, (3.2)

Assuming P (x) and P (y) are the uniform distributions, i.e. P (x = i) = 1
W
, i 2

{0, 1, · · · ,W � 1} and P (y = j) = 1
H
, j 2 {0, 1, · · · , H � 1}, then

P (y|c) =
P

x
P (c|x, y)P

x

P
y
P (c|x, y) . (3.3)

For the source image, suppose its ground-truth label is c0,

P (c|x, y; IS) =

8
><

>:

1 if c = c
0

0 otherwise
(3.4)

For the target images, as we don’t know the ground-truth pixel-wise labels, we

adopt the probability predictions P (c|x, y; IT , ✓) of current segmentation model with

parameters ✓ to compute Eq. (3.3).

Following the general practice, the images (source and target) are customized as

the same size during training, and the vertical semantic layout matrix Mv 2 RC⇥H
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(a) Target Prediction and its SLM (b) Positive Source Label and its SLM

SLM-V SLM-V

SLM-H SLM-H

Figure 3.2 : Illustration of SLM (Best viewed in color). Taking the class sky (an-

notated with sky blue) as an example, we explain how to use SLM to represent the

spatial distribution. From SLM-V, we could know its vertical distribution: most of

the pixels belonging to the sky are at the top. Through SLM-H, we could also found

that the sky mostly lies in the middle and right of the images. (a) and (b) are pairs

that share most similar spatial distributions.

can be expressed as (we omit the domain subscript for simplification)

Mv(ĉ, j) =

P
x
P (ĉ|x, y = j)P

x

P
y
P (ĉ|x, y) . (3.5)

Similarly, the horizontal semantic layout matrix Mh 2 RC⇥W is

Mh(ĉ, i) =

P
y
P (ĉ|x = i, y)

P
x

P
y
P (ĉ|x, y) . (3.6)

Finally, the semantic layout matrix M 2 RC⇥(H+W ) can be represented as

M =


Mh,Mv

�
. (3.7)

Note that because the assumption in Eq. (3.1) may not be exactly satisfied in

practice, we choose to concatenate the horizontal and vertical semantic layout matrix

together rather than multiply them, which makes the training less dependent on the

conditional independence assumption.
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Matching and selection

Based on the proposed SLM, we can encode the semantic layout of each target

image. We then adopt k-means clustering to discover the underlying K patterns

of target SLMs. The source image, which is close enough to these patterns, can be

viewed as a positive sample. Note that because we perform single-direction selection,

clustering on the source images is not needed.

Specifically, we denote the centers of these K target clusters as M̂
T,k

, k 2

{0, 1, · · · , K � 1} and compute the similarity between the source sample and each

of these cluster centers through

Sim(MS
, M̂

T,k) = �
X

c

DKL(M̂
T,k

h
(c, :)||MS

h
(c, :)) +DKL(M̂

T,k

v
(c, :)||MS

v
(c, :)),

(3.8)

where the DKL(·||·) denotes the KL divergence. And the similarity score of a source

image is

Score(MS) =
1

K

X

k

Sim(MS
, M̂

T,k). (3.9)

Based on the ranking of the above similarity scores among all the source samples,

only the top-ranking source samples are selected for training. In our experiment,

we set the selection proportion �img as a hyper-parameter to control the number of

selected source images. We will discuss this further in our experiment part. Our

proposed SLM is illustrated in Fig. 3.2.

Indeed, it is important to note that the layout distribution is one of the critical

factors inducing the domain gap in semantic segmentation. When dealing with two

domains that are closely correlated in terms of semantic layouts, the domain gap

can often be attributed more to other elements, such as appearance and styles.
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Pixel-level
Selection

Pixel-level
Similarity

Source Ground Truth

Source Image Similarity Heatmap

Updated Source Label

Target
Anchors

Figure 3.3 : Illustration of pixel-wise similarity matching. As marked by the green

box, the leaves on the road are hardly spotted even by a human but annotated in

the ground truth. Pixel-wise similarity matching excludes these pixels which may

hinder the adaptation. The black area in the figure denotes the ignored pixels. Best

viewed in color.

3.2.2 Pixel-wise Similarity Matching

For a source image, it is possible that partial regions or pixels are similar to the

target, while others are not. That means the pixels in a source image should not

be equally treated during the adaptation. Thus besides selecting positive source

samples, we propose to select the positive source pixels that share similar characters

with the target to mitigate the domain shift further. We name such pixel-level

selection as pixel-wise similarity matching, as illustrated in Fig. 3.3.

For a target image, based on the network’s outputs P (c|x, y; IT , θ), we could

assign a pseudo label to each pixel, i.e.

LT (x, y) = argmax
c

P (c|x, y; IT , θ). (3.10)

Then the pixels are classified into C groups. The pixel with low confidence

prediction P (LT (x, y)|x, y; IT , θ) is filtered (see Section 3.2.3 for more details). And
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the average class distribution is calculated among each group

Q
T (c) =

1

|DT |
X

i

1

|GT

i,c
|

X

(x̂,ŷ)2GT
i,c

Pi(c|x̂, ŷ; ITi , ✓), c 2 {0, 1, · · · , C � 1}, (3.11)

where GT

i,c
= {(x̂, ŷ)|LT

i
(x̂, ŷ) = c}, QT (c) 2 RC , and the subscript i denotes the i-th

target sample here, |DT | is the number of samples within target domain. By this

way, it is expected that QT (c) could describe the relationships between class c and

all the other classes, based on the current predictions of the network.

From the network, we can also obtain the predictions for the source image,

i.e. P (c|x, y; IS, ✓), thus it is natural to select such source pixels {(x̃, ỹ)}, where

P (c|x̃, ỹ; IS, ✓) matches well with Q
T . We adopt KL divergence to measure the

distance between each pair of P (c|x, y; IS, ✓) and Q
T (c). And the matching score

for a source pixel at (x, y) with ground-truth label c is computed as

Score(x, y) = �DKL(Q
T (c)||P (c|x, y; IS, ✓)). (3.12)

We rank the source pixels within the same ground-truth class according to their

similarity score and select the top ranking pixels for each class. In our experiment,

we select the same proportion of pixels �pix for each class.

3.2.3 Active Matching with Self-training

As the target feature evolves, the e↵ect of the same source sample on the adap-

tation process may be di↵erent. In this paper, we choose to update the source

matching results actively throughout the adaptation process. Notice that purely

training with the source data may lead to the model biased towards the source dis-

tribution, we choose to employ our matching strategy along with the self-training

paradigm.

To obtain a good initialization of target predictions, we start the self-training

from the segmentation network trained on all the labeled source images DS. Then
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we alternatively update the network parameters ✓ and assign pseudo labels LT (x, y)

on the target DT according to Eq. (3.10).

Through pseudo labeling, the target pixels are grouped into C classes. For

each class of pixels, we rank them according to the prediction confidences (i.e.

P (LT (x, y)|x, y; IT , ✓)). Only the top ranking target pixels are selected for training,

and the ratio of selection is set to r, which is shared among all the classes. To enable

each target sample to have enough selected pixels, we also perform pixel ranking

within each image. Then the top r pixels of a target image are also selected.The

selected pixels {(x̂, ŷ)} are assumed to have reliable pseudo labels.

The positive source samples D̂S selected through our matching strategy, together

with the pseudo-labeled target samples DT , are adopted to train the network. And

the network is trained with pixel-wise cross-entropy loss

Lce = Lce(D̂
S; ✓) + Lce(D

T ; ✓), (3.13)

where

Lce(D̂
S; ✓) = �

X

i

X

(x̃,ỹ)2ISi

log[P (LS

i
(x̃, ỹ)|x̃, ỹ; IS

i
, ✓)], (3.14)

Lce(D
T ; ✓) = �

X

i

X

(x̂,ŷ)2ITi

log[P (LT

i
(x̂, ŷ)|x̂, ŷ; IT

i
, ✓)]. (3.15)

In Eq. (3.14) and Eq. (3.15), IS
i
and I

T

i
are the i-th images in the D̂

S and D
T ,

respectively. Note that only the gradients coming from the positive source pixels

(x̃, ỹ) 2 I
S and target pixels (x̂, ŷ) with reliable pseudo labels are back-propagated

in each iteration.



26

Algorithm 1: Content-Consistent Matching

Input: parameters ✓; source images DS and labels LS, target images DT

1 Initialize ✓ with source trained segmentation model;

2 for m=1 to M do

3 Update target pseudo labels LT for each I
T 2 D

T and select target

pixels (x̂, ŷ) with reliable pseudo labels;

4 Select positive source samples D̂S and their positive pixels (x̃, ỹ);

5 for n=1 to N do

6 1) forward and compute the L according to Eq. (3.18);

7 2) back-propagating the gradients and updating ✓;

8 end

9 end

3.2.4 Objective

Additionally, we introduce entropy regularization to regularize the adaptation

Lent(D
S; ✓) = �

X

i

X

c

X

(x,y)2ISi

P (c|x, y; IS
i
, ✓) log[P (c|x, y; IS

i
, ✓)], (3.16)

Lent(D
T ; ✓) = �

X

i

X

c

X

(x,y)2ITi

P (c|x, y; IT
i
, ✓) log[P (c|x, y; IT

i
, ✓)], (3.17)

And the entropy regularization is imposed on all the source and target images.

In total, the objective of our training procedure is

L = Lce(D̂
S; ✓) + Lce(D

T ; ✓) + �(Lent(D
S; ✓) + Lent(D

T ; ✓)). (3.18)

where � is a constant indicating the strength of entropy regularization.

Our algorithm is summarized in Algorithm 1. Note that we update the target

pseudo labels and perform source selection every N steps of network update. We

perform selection and network update in such an asynchronous way because the
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network update is a relatively slower process, and this way enables more e�cient

and e↵ective training.

3.3 Experiments

3.3.1 Experimental Setup

Here we evaluate our methods on two popular transfer tasks, GTA5 [163] !

Cityscapes [37] and SYNTHIA [166] ! Cityscapes. For the source dataset, GTA5

contains 24996 images with resolution 1914 ⇥ 1052, and SYNTHIA contains 9400

images with resolution 1280 ⇥ 760. For the target, Cityscapes contains 2975 im-

ages for training and 500 images for validation with image resolution 2048 ⇥ 1024.

Following the settings in [129, 186, 192], we train the model on the source dataset

(GTA5 or SYNTHIA) and the training set of Cityscapes and report the result on

the validation set of Cityscapes. We only transfer on the classes shared between the

source domain and the target domain. For the evaluation metric, we evaluate our

methods with mean Intersection over Union (mIoU).

Implementation Detail We start from DeepLabV2-Res101 [26, 69] with the

backbone pretrained on the ImageNet [43]. Then we first finetune the whole network

on the source data and use such a source-trained network to initialize the target

(adaptation) model.

We choose to use Stochastic Gradient Descent (SGD) with momentum of 0.9 and

weight decay of 5⇥ 10�4. The learning rate decreases following the poly policy with

power at 0.9. The initial learning rate is set to 7.5 ⇥ 10�5. The M in Algorithm 1

is set to 6 and the N is set to 2 epochs, i.e. we train for 6 loops where each loop

contains 2 epochs. For all the transfer tasks, the hyper-parameters �img, �, r, and

K are set to 0.4, 0.4, 0.1, and 10 respectively. The �pix is set to 0.9, 0.6 for GTA5

and SYNTHIA respectively.
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Table 3.1 : Experiment results of GTA5 ! Cityscapes. The “AT” and “ST” denote

approaches established on adversarial training and self-training, respectively, while

“AS” indicates methods utilizing both. We highlight the best in each column in

bold.

GTA5 ! CityScapes
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mIoU

Source Only � 60.6 17.4 73.9 17.6 20.6 21.9 31.7 15.3 79.8 18.1 71.1 55.2 22.8 68.1 32.3 13.8 3.4 34.1 21.2 35.7

AdaptSeg[186] AT 86.5 36.0 79.9 23.4 23.3 23.9 35.2 14.8 83.4 33.3 75.6 58.5 27.6 73.7 32.5 35.4 3.9 30.1 28.1 42.4

ADVENT[192] AT 89.4 33.1 81.0 26.6 26.8 27.2 33.5 24.7 83.9 36.7 78.8 58.7 30.5 84.8 38.5 44.5 1.7 31.6 32.4 45.5

CLAN[129] AT 87.0 27.1 79.6 27.3 23.3 28.3 35.5 24.2 83.6 27.4 74.2 58.6 28.0 76.2 33.1 36.7 6.7 31.9 31.4 43.2

DISE[23] AT 91.5 47.5 82.5 31.3 25.6 33.0 33.7 25.8 82.7 28.8 82.7 62.4 30.8 85.2 27.7 34.5 6.4 25.2 24.4 45.4

SWD[95] AT 92.0 46.4 82.4 24.8 24.0 35.1 33.4 34.2 83.6 30.4 80.9 56.9 21.9 82.0 24.4 28.7 6.1 25.0 33.6 44.5

SSF-DAN[46] AT 90.3 38.9 81.7 24.8 22.9 30.5 37.0 21.2 84.8 38.8 76.9 58.8 30.7 85.7 30.6 38.1 5.9 28.3 36.9 45.4

MaxSquare[28] � 89.4 43.0 82.1 30.5 21.3 30.3 34.7 24.0 85.3 39.4 78.2 63.0 22.9 84.6 36.4 43.0 5.5 34.7 33.5 46.4

MRNet[233] � 90.5 35.0 84.6 34.3 24.0 36.8 44.1 42.7 84.5 33.6 82.5 63.1 34.4 85.8 32.9 38.2 2.0 27.1 41.8 48.3

PyCDA[113] ST 90.5 36.3 84.4 32.4 28.7 34.6 36.4 31.5 86.8 37.9 78.5 62.3 21.5 85.6 27.9 34.8 18.0 22.9 49.3 47.4

CRST[243] ST 91.0 55.4 80.0 33.7 21.4 37.3 32.9 24.5 85.0 34.1 80.8 57.7 24.6 84.1 27.8 30.1 26.9 26.0 42.3 47.1

CAG[224] ST 90.4 51.6 83.8 34.2 27.8 38.4 25.3 48.4 85.4 38.2 78.1 58.6 34.6 84.7 21.9 42.7 41.1 29.3 37.2 50.2

SIM[196] ST 90.1 44.7 84.8 34.3 28.7 31.6 35.0 37.6 84.7 43.3 85.3 57.0 31.5 83.8 42.6 48.5 1.9 30.4 39.0 49.2

BDL[233] AS 91.0 44.7 84.2 34.6 27.6 30.2 36.0 36.0 85.0 43.6 83.0 58.6 31.6 83.3 35.3 49.7 3.3 28.8 35.6 48.5

Ours (CCM) ST 93.5 57.6 84.6 39.3 24.1 25,2 35.0 17.3 85.0 40.6 86.5 58.7 28.7 85.8 49.0 56.4 5.4 31.9 43.2 49.9

For image preprocessing, we resize the shorter side of images to 720 and crop a

patch with resolution 600 ⇥ 600 randomly. Besides, horizontal flip and random scale

between 0.5 and 1.5 are introduced as data augmentation. For evaluation, images

from Cityscapes are resized to 1024 ⇥ 512 as input and the mIoU is calculated on

predictions upsampled to 2048 ⇥ 1024.

3.3.2 Comparison with Previous Methods

We evaluate our method on two unsupervised domain adaptation tasks: GTA5!

Cityscapes and SYNTHIA ! Cityscapes. The results are presented in Table 3.1 and

Table 3.2, respectively. In both tables, we use “AT” and “ST” to denote approaches

established on adversarial training and self-training respectively, while “AS” in-
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Table 3.2 : Experiment results of SYNTHIA ! Cityscapes. The mIoU* denotes the

mean IoU over classes without “*”.

SYNTHIA ! CityScapes
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mIoU mIoU*

Source Only � 47.1 23.3 75.6 7.1 0.1 23.9 5.1 9.2 74.0 73.5 51.1 20.9 39.1 17.7 18.4 34.0 34.5 40.1

AdaptSeg[186] AT 84.3 42.7 77.5 � � � 4.7 7.0 77.9 82.5 54.3 21.0 72.3 32.2 18.9 32.3 � 46.7

ADVENT[192] AT 85.6 42.2 79.7 � � � 5.4 8.1 80.4 84.1 57.9 23.8 73.3 36.4 14.2 33.0 � 48.0

CLAN[129] AT 81.3 37.0 80.1 � � � 16.1 13.7 78.2 81.5 53.4 21.2 73.0 32.9 22.6 30.7 � 47.8

SSF-DAN[46] AT 84.6 41.7 80.8 � � � 11.5 14.7 80.8 85.3 57.5 21.6 82.0 36.0 19.3 34.5 � 50.0

MaxSquare[28] � 82.9 40.7 80.3 10.2 0.8 25.8 12.8 18.2 82.5 82.2 53.1 18.0 79.0 31.4 10.4 35.6 41.4 48.2

CAG[224] ST 84.7 40.8 81.7 7.8 0.0 35.1 13.3 22.7 84.5 77.6 64.2 27.8 80.9 19.7 22.7 48.3 44.5 �

pyCDA[113] ST 75.5 30.9 83.3 20.8 0.7 32.7 27.3 33.5 84.7 85.0 64.1 25.4 85.0 45.2 21.2 32.0 46.7 53.3

SIM[196] ST 83.0 44.0 80.3 � � � 17.1 15.8 80.5 81.8 59.9 33.1 70.2 37.3 28.5 45.8 � 52.1

BDL[111] AS 86.0 46.7 80.3 � � � 14.1 11.6 79.2 81.3 54.1 27.9 73.7 42.2 25.7 45.3 � 51.4

ours (CCM) ST 79.6 36.4 80.6 13.3 0.3 25.5 22.4 14.9 81.8 77.4 56.8 25.9 80.7 45.27 29.9 52.0 45.2 52.9

dicates methods utilizing both. All the models are based on DeepLabV2-Res101

backbone, except that pyCDA [113] is based on PSPNet [230] and CAG [224] is

based on DeepLabV3+ [27]∗. It can be seen that our method outperforms source

only baseline with a large margin, which verifies the e↵ectiveness of our approach.

For the task GTA5 ! Cityscapes, we achieve 49.9% on mIoU, comparable to

previous state-of-the-art method CAG [224] (50.2%). Notably, CAG adopts a more

advanced backbone (DeeplabV3 vs. DeeplabV2) and a larger input resolution (i.e.

2200 ⇥ 1100), which naturally brings higher performance with higher model capa-

bilities. Despite this, our method is sill on par with it. For the task from SYNTHIA

! Cityscapes, to make a fair comparison, we report the mIoU on 13 classes (ex-

cluding “Wall”, “Fence”, and “Pole”) and 16 classes. Our method achieves 52.9%

∗https://github.com/RogerZhangzz/CAG UDA/issues/6
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Table 3.3 : E↵ect of di↵erent key components. The “CCM-SLM” stands for seman-

tic layout matching, and “CCM-Fix” denotes source samples and pixels are only

selected at the start of self-training. All the results are compared with our self-

training baseline. Self-training means the network trained with cross-entropy loss

and entropy regularization, without the source selection via CCM.

Module
GTA5!Cityscapes SYNTHIA!Cityscapes

mIoU Gain mIoU Gain

Self-training 48.1 - 41.2 -

CCM-Fix 48.9 +0.8 44.2 +3.0

CCM-SLM 48.8 +0.7 41.9 +0.7

CCM 49.9 +1.8 45.2 +4.0

and 45.2% mIoU on 13 classes and 16 classes respectively, both of which perform

favorably against previous state-of-the-arts.

Specifically, despite its simplicity, CCM outperforms previous state-of-the-art

adversarial-training (denote as “AT”) based method “SSF-DAN” [46] by +4.5%

and +2.9% on GTA5 ! Cityscapes and SYNTHIA ! Cityscapes, respectively.

Compared with methods established on self-training, CCM achieves comparable or

even better results. For example, our method is on par with pyCDA [113], i.e.

49.9% (ours) vs. 47.4% (pyCDA) on GTA5 ! Cityscapes and 45.2%/52.9% (mIoU

and mIoU* of ours) vs. 46.7%/53.3% (mIoU and mIoU* of pyCDA) on SYNTHIA

! Cityscapes. It is worth noting that pyCDA adopts AdaBN [110] to enhance

its adaptation performance, which additionally calibrates the low-level statistics

of features between two domains. This technique can also be employed in our

framework to improve the performance further. Also, our method mainly focuses

on selecting positive source information to mitigate the domain shift and help the
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Input Images Before Adaptation + CCM-Pix Ground Truth+ CCM-Img

Figure 3.4 : Visualization of the segmentation results (GTA5 ! Cityscapes). Pay

attention to the dashed box to see the e↵ect of di↵erent modules.

adaptation, which is also complementary to these methods and can be combined

with them to boost the adaptation performance.

3.3.3 Ablation Studies

E↵ect of di↵erent key components

We verify the e↵ect of each key component in our framework in Table 3.3. It

can be seen that compared to the source-only results, self-training improves the

adaptation performance apparently. Despite such a strong baseline, “CCM-SLM”,

which selects positive source samples through proposed SLM, improves beyond self-

training by +0.7% on both tasks. Further, through combining SLM with pixel

similarity matching, “CCM” improves beyond self-training by +1.8% and +4.0%

for the GTA5 ! Cityscapes and SYNTHIA ! Cityscapes, respectively. These

noticeable performance gains verify the e↵ectiveness of the proposed matching and

selection strategy.

Fig. 3.4 gives an intuitive illustration about the e↵ect of CCM. It can be seen

that through adaptation with SLM, the pixel-level predictions have been largely

improved. Further, pixel-wise similarity matching enables the adapted model to
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(a) (e)(b) (c) (d)

Figure 3.5 : Examples retrieved by semantic layout matrix(SLM). In each row, (b-e)

are source images retrieved by target sample (a), where (b-d) are positive samples

and (e) are negative ones.

learn more details about the object and thus leads to more accurate predictions.

Compared with the “CCM-Fix” which only selects positive source samples and

their positive pixels at the start of self-training and adopts them throughout the

adaptation, actively update the positive source set (denoted as “CCM”) achieves

noticeable improvement (i.e. +1.0% for both tasks). This is because source samples

may contribute di↵erently to the adaptation at di↵erent training stages and the

matching results should be updated as the target predictions evolve, The results

imply that self-training and CCM could benefit each other and cooperate to mitigate

the domain shift.

Visualization of semantic layout matching results

In Fig. 3.5, we show the source images retrieved by individual target images via

semantic layout matching at the final training stage. In each row, (c-e) are source

images retrieved by the target sample (a) via SLM, in which (b-d) are top positive

samples and (e) are negative ones with the lowest matching scores.

It can be seen that similar layout is shared among the target samples and the
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Input Images Loop 1 Ground TruthLoop 2 Loop 3 Loop 4

Figure 3.6 : Visualization of selected source pixels at di↵erent training stages. As

the training goes on, the ignored source pixels become more and more concentrated

on the object boundary. The black area denotes the ignored pixels during training.

The results are based on task GTA5 ! Cityscapes.

（a） （b） （c） （d）

Figure 3.7 : (a): Performance with/without CCM-SLM under di↵erent �img. (b):

Performance with/without CCM-Pix under di↵erent �pix. (c): Sensitivity analysis

of �. (d): Sensitivity analysis of r. The results shown are based on the task GTA5

! Cityscapes. The trend on another task is similar.

retrieved source samples. For example, all positive source samples in the first row

have trees on the left. Moreover, it is also obvious that negative source samples on

the right-most column (e) have totally di↵erent layout. Additionally, the retrieved

source samples remain reasonable variations in appearances, which will also benefit

the generalization of adapted model. All of these results give an intuitive illustration

why semantic layout matching can help reduce the domain shift and improve the

generalization ability.
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Table 3.4 : Sensitivity to K

K 5 10 15

mIoU(%) 49.8 49.9 49.7

E↵ect of pixel-wise similarity matching

Fig. 3.6 demonstrates the selected source pixels through pixel-wise similarity

matching during the training. It can be seen that as the training goes on, the

ignored pixels become more and more concentrated on the object boundary, which

is reasonable and implies that the adaptation keeps improving. Moreover, at the

early stage, we notice that the ignored pixels are ambiguous ones that are hard to

distinguish, e.g. the pixels of the cracks on the road. The pixel selection through

pixel-wise similarity matching enables the model to learn in a curriculum way to an

extent.

Sensitivity to the hyper-parameters

We investigate the sensitivity of our method to the hyper-parameters �img, �pix,

�, r, and show the results in Fig. 3.7. From Fig. 3.7 (a), it can be seen that trained

with SLM, with the increase of �img, the mIoU firstly increases then decreases,

illustrating a bell shape curve. The mIoU decreases when �img is above a certain

threshold, indicating that there exist negative samples harming the adaptation and

it is necessary to perform source sample selection to exclude such negative samples.

With SLM, the optimal mIoU achieved is 0.7% higher than that trained without

SLM. The trend of sensitivity to �pix is similar to that of �img. Our method achieves

consistent improvement over baselines (the red lines) within a wide range of �img

and �pix.

As illustrated in Fig. 3.7 (c), entropy regularization provides consistent improve-
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ment within a wide range of �. From Fig. 3.7 (d), we observe that our method

is also robust to r within a wide range. When r is above a certain threshold, the

performance drops because more inaccurate target data is involved in training. Be-

sides, we analyze the sensitivity of our model to K and report the results in Table

3.4, which further verifies the robustness of our approach.

3.4 Conclusion and Discussion

In this chapter, we propose using Content-Consistent Matching (CCM), which

consists of Semantic Layout Matching and Pixel-wise Similarity Matching, to match

and select positive source data to facilitate the adaptive training of the segmentation

model. Our matching strategy is performed from both the image-level and the pixel-

level, i.e. semantic layout matching selects the positive source samples, and pixel-

wise similarity matching emphasizes the e↵ective source pixels. Experiment results

on two representative benchmarks demonstrate that our method performs favorably

against previous state-of-the-arts.
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Chapter 4

Adversarially Masking Synthetic to Mimic Real:
Adaptive Noise Injection for Point Cloud

Segmentation Adaptation

Expanding on the previous exploration of 2D scenes, this chapter shifts the focus to

domain adaptation in 3D rigid scenes. By exploring the added complexity and depth

of 3D structures, this chapter aims to further our understanding of how domain

adaptation principles can be e↵ectively applied in varying structural contexts.

4.1 Introduction

Recently, point cloud semantic segmentation task attracts increasing attention

because of its important role in various real-world applications, e.g., autonomous

driving, augmented reality, etc. Despite remarkable progress [74, 153, 114, 212, 216,

150, 35], most algorithms are designed for the fully-supervised setting, where massive

annotated data is available. In the real world, it is costly and time-consuming to

annotate large amounts of data, especially for labeling each point in the segmentation

task. Synthetic data is easy to obtain and its label can be automatically generated,

which largely reduces the human e↵ort of annotating data. However, it is usually

infeasible to directly apply networks trained on synthetic data to real-world data

due to the apparent domain gap between them. In this chapter, we consider the

synthetic-to-real domain adaptation [145, 152, 49, 175, 44, 202, 104, 155] for point

cloud segmentation. Specifically, we aim to utilize the fully-annotated synthetic

point clouds (source domain) and unlabeled point clouds collected from imperfect

real-world sensors (target domain) to train a network to support the segmentation



37

LiDAR scan from SyncLiDAR LiDAR scan form SemKITTI

Figure 4.1 : Comparison between a synthetic LiDAR scan (upper) and a real scan

(lower). Both original point clouds and projected LiDAR images are given. Black

points denote noise and other colors denote points from di↵erent classes. Compared

with synthetic data which is integral and clean, point clouds collected from the

real world typically contain unexpected and irregular noise which may impede the

adaptation.

of real-world point clouds (target domain).

Domain adaptation solutions aim to discover and mitigate the domain shift from

source to target domain. Through comparing the synthetic and real-world point

clouds, we observe that the domain shift can be largely attributed to the unexpected

and irregular noise existing in the target domain data. As with [197], we consider

“noise” to be the missing points of certain instances/objects, where all pixel channels

are zero. Such noise may be caused by various factors such as non-reflective surfaces

(e.g., glass). As shown in Fig. 4.1, the synthetic point cloud is integral and clean,

but the real one contains large amounts of noisy points. A model trained on clean

source data may find it hard to understand the scene context under the distraction

of noises and thus cannot achieve satisfactory segmentation results on target point

clouds.

Previous domain adaptation methods [210, 62, 63, 23, 77, 76, 145, 113, 73, 103]
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(e.g., adversarial training), which have been proven e↵ective in the 2D visual tasks,

can be applied to this 3D segmentation setting. For example, SqueezeSegV2 [198]

employs geodesic correlation alignment [138] to align the point-wise feature distri-

butions of two domains. However, without explicitly modeling and dealing with

the noise, these methods bring quite weak benefits to the adaptation performance.

Recently, several works attempt to deal with the target noise to mitigate the do-

main gap. Rochan et al. [165] randomly select target noise masks and apply the

selected mask to source samples. Wu et al. [197] compute one dataset-level mask

and apply it to all source samples. Zhao et al. [231] use CycleGAN [238] to perform

noise inpainting which is then used to learn synthetic noise generation module. The

issues of these previous works are two-fold: 1) they cannot adaptively determine the

injected noises according to the context of source samples; 2) the generated mask

cannot be guaranteed to reduce the domain shift. Thus, these methods may achieve

sub-optimal results.

In this chapter, we aim to mitigate the domain shift caused by the target noise

by learning to adaptively mask the source points during the adaptation procedure.

To reach this goal, we need to deal with two problems: 1) how to learn a spa-

tial mask that can be adaptively determined according to the specific context of

a source sample, and 2) how to guarantee the learned masks help narrow the do-

main gap. To solve the first problem, we design a learnable masking module named

“Adaptive Spatial Masking (ASM)” module, which takes source Cartesian coordi-

nates and features as input, to generate point-wise source masks. We incorporate

Gumbel-Softmax operation into the masking module so that it can generate binary

masks and be trained end-to-end via gradient back-propagation. To solve the sec-

ond problem, we incorporate adversarial training into the masking module learning

process. Specifically, during training, we add an additional domain discriminator on

top of the feature extractor. By encouraging features from two domains (features of
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masked source samples and those of normal target samples) to be indistinguishable,

the masking module is able to learn to generate masks mimicking the pattern of

target noise and narrow the domain gap. Note that these two designs cooperate

with each other to better align features across domains and improve the adaptation

performance.

In a nutshell, our contributions can be summarized as:

• We notice that the pattern of target noise is unexpected and irregular. Thus,

we propose to model the target noise in a learnable way. Previous works,

which do not explicitly model the target noise or ignore such characteristics,

are less e↵ective.

• We propose to adversarially mask source samples to mimic the target noise

patterns. In detail, we design a novel learnable masking module and incor-

porate adversarial training. Both components cooperate with each other to

promote the adaptation.

• Experiments on two synthetic-to-real adaptation benchmarks, i.e.SynLiDAR

! SemKITTI and SynLiDAR ! nuScenes, demonstrate that our method can

e↵ectively improve the adaptation performance.

4.2 The Proposed Approach

In the following sections, we first provide necessary preliminaries (§ 4.2.1) for

domain adaptive point cloud segmentation. Second, we introduce the Adversarial

Masking method (§ 4.2.2). Finally, we give the training objectives for the adaptation

process (§ 4.2.3).
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(a) Discriminator’s output of a target
sample

(b) Discriminator’s output of a source sample

(c) Discriminator’s output of the noise-injected source sample

Source Target Source Target

(c) Discriminator’s output of the noise-injected source sample

(b) Discriminator’s output of a source sample

(a) Discriminator’s output of a target sample

Figure 4.2 : Heatmap of discriminator’s output, where color red indicates the target

domain and blue denotes the source. As shown in (a) and (b), source samples

and target ones are well identified by the domain discriminator. However, in (c),

injecting noise extracted from a random target sample to the source sample can

easily fool the discriminator.

4.2.1 Preliminaries

In domain adaptive point cloud segmentation, we are provided with annotated

source scans S = {(P s

i
,M

s

i
)}N

s

i=1 and unlabeled target scans T = {(P t

i
)}N

t

i=1, where

Pi 2 Rni⇥4 denotes the set of points with coordinates (x, y, z) and intensity, Mi 2

Rni denotes the ground-truth annotation for the point cloud, and ni is the number of

points in the i-th scan. For more e�cient processing, we employ spherical projection

to transform each raw point cloud P into 2D image I 2 RH⇥W⇥5, and the labels are

transformed to Y 2 RH⇥W accordingly. The details are presented below. We aim

to train a segmentation model on S and T to make accurate predictions on target

points.

Spherical Projection. For more e�cient processing, we transform the sparse

point clouds into 2D images with spherical projection like [197, 198]. Specifically,

for a point with coordinate (x, y, z), we project it into a 2D LiDAR image with
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coordinates (p, q):

[
p

q

] = [
1
2(1� arctan2∗(y, x)/⇡) ·W

(1� (arcsin(z · r�1) + fup) · f�1) ·H
], (4.1)

where r =
p

x2 + y2 + z2 is the range of this point. f = fup + fdown is the vertical

field-of-view of the LiDAR sensor. For each projected point with coordinate (p, q), we

concatenate its Cartesian coordinates (x, y, z), range (r), and intensity, then obtain

the projected LiDAR image I with the shape H ⇥ W ⇥ 5. The intensity channel

models the strength of LiDAR beams. As such, raw point clouds with sparse and

unordered structures are transformed into 2D images, so that 2D convolutions can

be applied directly. The main reason we adopt the spherical projection is to align

with previous works in this task [197, 198]. Our proposed method is also applicable

for voxel-based pipelines, which is substantiated in Table 4.3 later in the text.

Domain Adversarial Training (DAT). Domain adversarial training [187, 72,

58] has been proven e↵ective in aligning the feature distributions across domains.

During training, an additional domain discriminator is introduced to classify the

features into di↵erent domains. Through adversarial training, the network is en-

couraged to generate features that are indistinguishable across domains. Conse-

quently, domain-invariant features can be learned, hence benefiting the adaptation

performance.

Specifically, let D denotes the discriminator, the above min-max game can be

formed as (the original GAN loss format [65]):

min
G

max
D

VGAN(G,D) = EIt⇠T [log(D(G(I t)))])

+EIs⇠S [log(1�D(G(Is)))]),

(4.2)

where G denotes the feature extractor of the model.

∗We use the arctan2 function in the Numpy library (www.numpy.org).
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Figure 4.3 : Illustration of the Adversarial Masking Framework. In this chapter,

we aim to mitigate the domain gap induced by target noise via masking source

samples to mimic the target patterns. First, we propose a module, named Adaptive

Spatial Masking (ASM), which can learn to mask the source points. Then we train

the ASM-equipped model in an adversarial way. The two key components of our

framework (i.e.. ASM and adversarial training) collaboratively contribute to the

final adaptation performance. Specifically, adversarial training encourages ASM to

mimic target noises, while ASM eases the adversarial training to better align features

across domains.

4.2.2 Adversarial Masking

Our framework is illustrated in Fig. 4.3. Following the general practice in do-

main adaptation, the network is shared across source and target domain data. The

network consists of a backbone (G) to extract features and a task classifier (F) to

distinguish the samples into di↵erent categories. During training, we insert our de-

signed masking module (ASM) into the backbone to mask source points and attach

an additional discriminator (D) on top of the backbone to assign domain labels to

features from both domains. On the one hand, the domain discriminator is trained

to di↵erentiate masked source samples and target samples. On the other hand,

the ASM is encouraged to learn to mask source points to mimic the target noise
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patterns, and features are trained to be domain-invariant to confuse the domain

discriminator. As a result, the adversarial training and the masking module work

collaboratively to narrow the domain discrepancy.

Target Noise Hinders Adversarial Training. As adversarial training has

been proven e↵ective in 2D visual domain adaptation tasks, e.g., image classification,

semantic segmentation, it is natural to see if adversarial training can help learn

domain-invariant features in this 3D synthetic-to-real adaptation scenario. As shown

in Fig. 4.2, we observe an interesting phenomenon that the discriminator converges

quickly and can easily di↵erentiate most of target points from the source ones. In

contrast, injecting noise (from a random target sample) to source samples helps

alleviate such an issue, i.e., the features of many source points can confuse the

domain discriminator in terms of their domain labels. We assume that in plain

adversarial training, target noise may serve as a shortcut for the discriminator to

classify samples into di↵erent domains. Only with adversarial training, it is hard to

discover the noise patterns of the target and meanwhile align feature distributions

across domains. Thus, we propose to explicitly model the noise patterns of the target

and adaptively inject noise into source samples in order to ease the conventional

adversarial training.

Adaptive Spatial Masking (ASM) Module. As discussed above, the way

of randomly injecting target noise to source samples can alleviate the issue of ad-

versarial training to an extent. However, such a way may not be an optimal choice

because it cannot adaptively determine the distribution of injected noise according

to the specific context of each source sample. Moreover, the pattern of injected noise

may be irregular, and the copy-and-paste way of injecting noise may not accurately

capture those irregular patterns.

Thus, we design a learnable module to perform spatial masking on source sam-
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Figure 4.4 : Illustration of Adaptive Spatial Masking (ASM). The proposed ASM

takes source Cartesian coordinates and source features as input, and outputs two

di↵erentiable binary maps which divide points into two groups, i.e., preserved and

ignored. Then we impose the first mask on original source features.

ples. We name our module as Adaptive Spatial Masking (ASM) module. To be

concrete, we present the diagram of ASM in Fig. 4.4. The module consists of two

embedding branches and one fusion head that all employ 1⇥1 convolutions. First,

the two branches take source Cartesian coordinates Os 2 RH
0⇥W

0⇥3 (i.e.. the x, y, z

channels of projected LiDAR image but downsampled to H
0⇥W

0 to match the size

of feature map) and source features E
s 2 RH

0⇥W
0⇥k as inputs respectively. Then,

the embedded features from two branches are fused via a fusion head to generate

the desired source mask. Finally, we calculate the element-wise product between

the learned mask and original source features. Then the masked source feature is

forwarded through the remaining layers for predictions.

Note that we attach a Gumbel-Softmax [82] layer to the end of the fusion head.

The output of Gumbel-Softmax has two channels, each of which has spatial size

H
0 ⇥ W

0. We use the first channel to indicate which points should be preserved

and the second channel to indicate which points should be ignored. Then, the
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first channel is utilized to mask the source features with the element-wise product.

Note that Gumbel-Softmax enables us to apply binary masks during the forward

process, while supporting gradient back-propagation to update the parameters of

our network. In contrast, the plain softmax layer cannot actually zero out source

points, and thus leads to inferior results. We will show an empirical comparison of

these designs in Sec. 4.3.3.

As shown in Fig. 4.3, we insert ASM (i.e., denoted with color blue) after a

specific shallow layer to inject noises to source samples. Note that we do not directly

insert ASM after the input of the projected LiDAR image. It is because that we

empirically find the shallow features are also useful to learn a better source mask,

while the input only contains the coordinate information. In our implementation,

we place ASM after the first convolution block (i.e., conv-bn-relu). Note that

ASM is only applied to source samples during the training process. So we simply

remove ASM module for the inference on target samples.

Adversarial Masking. With the proposed masking module, the model can

inject noise to source samples by zeroing out shallow features of partial source points.

However, we cannot guarantee that the generated mask can mimic the patterns

of target noise and thus mitigating the domain gap. To solve this, we integrate

the ASM-equipped model with an adversarial training paradigm. Specifically, with

ASM, the corresponding discrimination and generation loss of adversarial training

are

min
✓D

Ldis = EIt⇠T [(1�D(G(I t)))2] + EIs⇠S [(D(Ḡ(Is)))2],

min
✓G,✓ASM

Lgen = EIs⇠S [(1�D(Ḡ(Is)))2], (4.3)

where Ḡ is the backbone with ASM module inserted and ✓ASM , ✓G, ✓D denote the

parameters of ASM module, backbone and discriminator respectively. Note that dif-

ferent from the loss format in Eq. 4.2, we choose LSGAN [132] in our implementation
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for its better stability.

4.2.3 Training Objective

Overall, the model is optimized with three objectives, i.e., cross-entropy loss

(Lce), Lovasz-Softmax loss [6] (Llov), and the adversarial training loss (Lgen, Ldis):

min
✓G,✓ASM ,✓F

L = Lce + Llov + �Lgen (4.4)

min
✓D

Ldis (4.5)

where ✓F denotes the parameters of the classifier and the cross-entropy loss is cal-

culated as:

Lce = �
H,WX

h,w

log[F (Ḡ(Is)(h, w, Yh,w))]. (4.6)

The segmentation model and the domain discriminator are updated alternatively

with objective Eq. 4.4 and Eq. 4.5, respectively. Note that Yh,w is the label for the

pixel at position (h, w) of a projected LiDAR image.

4.3 Experiments

4.3.1 Experimental Setup

Datasets. In this chapter, we perform experiments on two synthetic-to-real

benchmarks, i.e., SynLiDAR! SemKITTI and SynLiDAR! nuScenes.

SynLiDAR [203] is a synthetic LiDAR dataset for point cloud segmentation,

which is collected from a simulated driving scene environment. This dataset collects

198,396 scans with 19482 M points, covering various scenes on Unreal Engine 4

platform. This dataset provides point-wise annotations for 32 classes that are in

line with SemKITTI.

SemKITTI [4] is a large-scale point cloud dataset for point cloud segmenta-

tion. This dataset is collected from a Velodyne HDL-64E LiDAR and contains 22
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Table 4.1 : Experiments results of SynLiDAR [203] ! SemKITTI [4] with

SqueezeSegV3-21 [205] as the backbone.
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Source Only � 4.2 12.8 6.7 0.9 3.7 9.6 14.3 1.4 0.3 23.2 47.6 5.0 54.3 21.4 27.0 23.2 3.1 15.2±0.3

AdaptSeg [186] 2D 0.6 5.9 3.4 1.9 5.4 8.2 13.6 60.0 1.7 37.8 36.4 3.7 31.8 17.3 40.1 20.9 4.4 17.2±0.3

ADVENT [192] 2D 16.6 9.3 8.0 2.1 3.8 8.4 16.5 46.7 3.0 31.4 34.7 6.8 44.5 20.4 28.9 20.0 4.0 17.9±0.3

CBST [243] 2D 7.6 9.0 4.8 1.2 1.1 10.5 11.1 8.8 1.9 20.0 48.5 8.9 35.8 20.3 25.2 28.6 4.9 14.6±0.5

PLCA [89] 2D 7.8 7.1 4.0 3.1 3.8 14.3 18.1 44.4 10.2 19.8 44.9 4.6 43.9 12.6 21.2 26.3 3.6 17.0±0.3

SqueezeSegV1 [197] 3D 43.7 7.4 5.1 4.6 5.8 6.5 13.9 36.7 3.1 31.0 37.4 7.4 28.9 26.2 29.9 27.1 5.0 17.4±0.3

SqueezeSegV2 [198] 3D 20.4 8.0 4.0 2.4 5.1 8.0 17.3 59.4 3.2 34.9 39.4 8.4 41.3 21.9 32.2 29.0 4.7 20.0±0.4

ePointDA [231] 3D 18.8 8.0 6.1 2.6 3.6 6.4 14.6 50.8 9.4 32.7 33.3 8.2 27.6 22.4 30.2 26.9 7.2 18.2±0.6

LiDAR-Net [85] 3D 22.3 7.2 10.3 2.0 2.3 8.1 18.8 43.2 5.6 33.5 32.6 4.9 29.8 26.5 22.5 21.4 5.4 17.4±0.4

CoSMix [172] 3D 15.1 4.3 3.2 1.0 1.4 5.4 5.5 47.6 2.9 32.9 54.1 7.8 58.1 24.8 41.0 32.1 3.0 20.0 ±0.6

RandMask+ADV 3D 42.0 10.0 13.0 2.4 4.7 8.2 20.7 30.5 3.7 29.2 37.7 5.0 30.7 22.9 26.7 24.7 4.1 18.6±0.3

FreqMask+ADV 3D 22.9 9.3 5.3 2.2 3.0 5.4 13.9 50.6 3.8 31.9 38.1 6.5 32.0 25.4 38.1 25.5 4.6 18.7±0.3

SpatialDropout+ADV 3D 30.1 7.3 3.2 3.1 5.1 10.3 11.6 44.3 3.2 30.4 40.1 7.7 30.8 22.3 27.9 23.9 3.9 18.0±0.2

Ours 3D 19.7 13.8 9.7 2.1 4.1 8.0 8.2 64.5 8.0 36.0 54.6 6.7 58.0 24.7 35.8 29.1 4.2 22.8±0.3

Oracle � 91.9 25.5 42.0 42.7 26.1 32.9 54.7 94.2 42.8 82.0 80.8 39.9 84.5 48.9 72.2 54.0 28.8 55.5±0.2

sequences with 41000 frames. This dataset contains annotations for 25 categories.

Following [241, 205], we choose sequences 00-10 for training except sequence 08 for

validation.

nuScenes-lidarseg [13] is another LiDAR dataset that collected from real world.

This dataset is collected from a di↵erent LiDAR sensor, i.e., a 32-beam LiDAR with

FOV of [�30�, 10�]. Following its guideline, 850 scenes are chosen for training and

the other 150 scenes for validation.

For SynLiDAR ! SemKITTI and SynLiDAR ! nuScenes, part of the labels are

merged to match across domains.

Evaluation. Following common practice [241, 74, 206], we adopt mean inter-

section over union (i.e., mIoU) as the evaluation metric, which is averaged over all
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Table 4.2 : Experiments results of SynLiDAR [203] ! nuScenes [13] with Sal-

saNext [38] as the backbone.
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mIoU

Source Only � 0.4 1.0 3.7 0.2 2.1 16.0 17.0 24.2 0.1 14.9 8.6 36.0 25.5 11.5±0.3

AdaptSeg [186] 2D 0.7 0.5 13.2 0.7 2.2 17.0 13.8 44.3 0.4 18.3 10.6 39.2 27.5 14.5±0.3

ADVENT [192] 2D 0.5 1.6 11.4 0.7 2.1 18.0 18.3 43.2 0.7 19.2 10.3 40.2 27.2 14.8±0.3

CBST [243] 2D 0.4 0.2 8.2 0.4 1.3 5.5 13.4 38.2 0.7 15.0 10.4 26.0 30.8 11.6±0.5

PLCA [89] 2D 0.5 8.5 12.3 1.4 1.1 19.3 16.6 33.9 3.6 16.6 4.8 33.1 22.2 13.4±0.3

SqueezeSegV1 [197] 3D 0.7 5.7 19.7 0.8 2.9 17.9 19.0 33.8 0.3 14.9 15.1 26.5 23.5 13.9±0.4

SqueezeSegV2 [198] 3D 0.7 2.5 10.6 0.6 4.1 19.5 14.6 33.4 0.2 17.3 6.2 43.5 23.7 13.6±0.3

ePointDA [231] 3D 0.4 3.0 9.8 0.6 3.0 18.5 13.8 31.9 0.3 15.0 8.2 35.6 23.4 12.6±0.3

LiDAR-Net [85] 3D 0.6 4.0 10.1 0.8 2.7 18.8 13.3 34.1 0.5 14.9 8.8 38.7 20.1 12.9±0.3

CoSMix [172] 3D 0.3 2.6 0.5 0.4 0.6 7.1 1.7 60.1 14.3 11.9 8.6 33.4 18.1 12.3 ±0.4

RandMask+ADV 3D 0.5 6.0 17.4 1.6 2.6 18.9 15.0 33.1 0.5 15.7 8.0 38.9 27.1 14.3±0.3

FreqMask+ADV 3D 0.5 6.7 19.0 1.1 3.1 22.3 14.1 31.1 0.4 16.6 7.3 40.0 26.5 14.5±0.3

SpatialDropout+ADV 3D 0.5 8.6 19.9 1.6 1.7 13.9 16.5 50.7 3.6 16.9 8.9 30.6 20.3 14.9±0.3

Ours 3D 0.9 1.2 26.9 2.2 2.6 17.4 18.2 57.4 0.8 21.8 7.6 43.9 20.1 17.0±0.3

Oracle � 25.3 71.8 85.1 34.3 44.0 65.3 63.2 95.3 69.3 70.7 71.1 81.2 73.9 65.4±0.3

classes. Note that we report the averaged results over 3 random runs. No post-

processing is applied, e.g., conditional random field.

Implementation. For the segmentation task, we choose two representative

backbones, i.e., SqueezeSegV3-21 [205] and SalsaNext [38]. The ASM employs the

Straight Through variant of Gumbel-Softmax [82]. The model is optimized using

momentum SGD with momentum of 0.9 and weight decay 1 ⇥ 10�4. Warmup is

applied for the first epoch to linearly increase the learning rate to the base learn-

ing rate. Then learning rate decays exponentially. The base learning rate is set to

4 ⇥ 10�3 and 2 ⇥ 10�3 for SynLiDAR!SemKITTI and SynLiDAR!nuScenes, re-

spectively. The discriminator is optimized using Adam optimizer with learning rate

of 1 ⇥ 10�3. The batch size is set to 24 and the model is optimized for 50 epochs

totally. The output channel of the embedding branch in ASM is set to 32. The �

in Eq. 4.4 is set to 0.001.
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4.3.2 Comparisons with Previous Methods

We compare our method with previous 2D and 3D domain adaptation methods.

The “2D” and “3D” indicate the settings that the methods are originally designed

for. For 2D methods, we re-implement representative methods, i.e., CBST [243],

PLCA [89], AdaptSeg [186], and ADVENT [192]. As for 3D adaptation techniques,

we re-implement SqueezeSegV1 [197] SqueezeSegV2[198], ePointDA [231], LiDAR-

Net [85], and CoSMix [172] with the identical backbone. Besides, we also present the

results with three variants of source masks, i.e., “SpatialDropout” that randomly

drops the source points spatially, “RandMask” randomly selects masks from the tar-

get samples, and “FreqMask” where points are randomly dropped according to the

point-wise frequency map of target noise over the dataset. We use “ADV” to denote

the adversarial training paradigm and use “Oracle” to denote the full supervision

baseline. For a fair comparison, all presented results use the same supervision on

source samples, i.e., Lce + Llov.

In Table 4.1 and Table 4.2, we present the results on SynLiDAR ! SemKITTI

and SynLiDAR ! nuScenes, respectively. First, compared with the source-only

baseline, our method achieves apparent improvements, i.e., +7.6% mIoU absolute

gain on SemKITTI and +5.5% mIoU on nuScenes, which justifies the necessity of

performing adaptation. Second, compared with 2D techniques, our method still

holds its superiority, e.g., our method outperforms AdaptSeg by 5.6% and 2.5%

mIoU on SynLiDAR ! SemKITTI and SyncLiDAR ! nuScenes respectively. Es-

pecially, we notice that CBST shows inferior performance, which may be because

of the low quality of pseudo labels resulting from the large gap between source

and target point clouds. Third, compared with 3D solutions, our method also at-

tains superior results, e.g.. on SemKITTI, we achieve 2.8% and 4.6% absolute gain

compared to SqueezeSegV2 and ePointDA, respectively. Finally, even with adversar-

ial training, various non-learnable masking strategies (RandMask, SpatialDropout,
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Table 4.3 : Experiments results of SynLiDAR [203] ! SemKITTI [4] with

Minkowski-Unet (voxel-based pipeline).
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ADDA [188] 52.5 4.5 11.9 0.3 3.9 9.4 27.9 0.5 52.8 4.9 27.4 0.0 61.0 17.0 57.4 34.5 42.9 23.2 4.5 23.0

Ent-Min [192] 58.3 5.1 14.3 0.3 1.8 14.3 44.5 0.5 50.4 4.3 34.8 0.0 48.3 19.7 67.5 34.8 52.0 33.0 6.1 25.8

ST [243] 62.0 5.0 12.4 1.3 9.2 16.7 44.2 0.4 53.0 2.5 28.4 0.0 57.1 18.7 69.8 35.0 48.7 32.5 6.9 26.5

PCT [203] 53.4 5.4 7.4 0.8 10.9 12.0 43.2 0.3 50.8 3.7 29.4 0.0 48.0 10.4 68.2 33.1 40.0 29.5 6.9 23.9

ST-PCT [203] 70.8 7.3 13.1 1.9 8.4 12.6 44.0 0.6 56.4 4.5 31.8 0.0 66.7 23.7 73.3 34.6 48.4 39.4 11.7 28.9

CosMix [172] 75.1 6.8 29.4 27.1 11.1 22.1 25.0 24.7 79.3 14.9 46.7 0.1 53.4 13.0 67.7 31.4 32.1 37.9 13.4 32.2

Ours 75.8 7.3 34.6 26.8 10.8 21.3 40.3 25.1 60.4 18.3 48.1 0.1 58.4 14.3 72.3 33.3 40.2 36.6 8.2 33.3

FreqMask) fail to achieve competitive results against ours. This is because these

masking strategies cannot be adaptively adjusted according to the di↵erent con-

texts, and adversarial training is not able to impact the imposed source masks as

they are not learnable. Moreover, we can also observe an apparent gap to the full

supervision training (Oracle), indicating there is still a long way to go in minimizing

the domain gap in point cloud semantic segmentation.

In Table 4.3, we run experiments using the voxel-based pipelines, following the

configuration of CoSMix [172], which employs the voxel-based pipeline. Our method

surpasses CoSMix by 1.1 % mIoU, validating a better adaptation performance on

both benchmarks. This also validates that the proposed method is also applicable

to the voxel-based pipeline.

4.3.3 Ablation Studies

E↵ect of Adaptive Spatial Masking (ASM). First, in Fig. 4.2, we show qual-

itatively that injecting noise can ease the adversarial training. And the quantitative

comparison in Table 4.1 and 4.2 with other masking strategies (SpatialDropout,

RandMask, FreqMask) also verifies that ASM derives better masks for easing the
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(a) Ground Truth (b) Source-only Model (c) AdaptSeg (d) Ours

Figure 4.5 : Visualization of Segmentation Results (SynLiDAR ! SemKITTI). We

compare our method (d) with (a) ground truth, (b) source-only, and (c) Adapt-

Seg [186]. We present visualizations of both raw points (the first row) and projected

point clouds (the second row). We show representative crops of projected 2D images

due to the space limit.

adaptation.

E↵ect of di↵erent branches of masking module. As discussed in Sec. 4.2.2,

we use two embedding branches in the proposed ASM module. We evaluate the

contribution of the two branches in Table 4.4 (a), where branch e receives source

feature as input and branch o receives source Cartesian coordinates as input. It can

be seen that removing either of them leads to an obvious drop in mIoU compared

to the result using both branches. This verifies that both branches contribute to

generating more e↵ective masks.

E↵ect of Gumbel-Softmax. To evaluate the contribution of Gumbel-Softmax,

we compare the results with training using plain Softmax which generates soft masks

(i.e., each mask value is within [0, 1]) for both forward and backward processes. As

shown in Table 4.4 (b), using plain Softmax results in an obvious drop of mIoU, i.e.,

-3.2% mIoU. This is because plain Softmax cannot actually zero out source points,

rendering it hard to mimic the target noise patterns to mitigate the domain shift.
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OursSpatialDropout

Figure 4.6 : Statistics of ignored source points (SynLiDAR ! SemKITTI). Com-

pared with performing masking randomly, our method exhibits a di↵erent preference

toward di↵erent classes. For example, contrary to SpatialDropout, fewer points from

class “Building” are ignored and more points from “Road” are dropped.

E↵ect of di↵erent masking layers. In Table 4.4 (c), we compare the results of

inserting ASM at di↵erent layers of the network, including input (i.e., masking the

projected LiDAR image), ours (i.e., after the first conv. layer), middle (between the

encoder and the decoder), and end of the backbone. From the table, we observe that

inserting ASM at the shallower layer can achieve better results, which avoids features

being a↵ected by domain shift from the early stage. Compared with the result of

inserting ASM directly after the input, ours achieves better results, verifying the

important role of exploiting shallow feature information in learning better masks.

Besides, inserting ASM at the end of the backbone is worse but not that far from

“Ours”. This is because masking at the end of the backbone also introduces noises

to the discriminator and the classifier.

Optimization strategy with ASM . We investigate the optimization with

the ASM module and present it in Table 4.4 (d). Only adversarially updating ASM

leads to inferior results than updating both (i.e., ✓G and ✓ASM in Eq.(4.4)). This
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Table 4.4 : Ablation studies on Adaptive Spatial Masking. Experiments are con-

ducted on SynLiDAR [203] ! SemKITTI [4].

Module Modification mIoU

(a) Two Branches

Branch e (embedding only) 21.7

Branch o (coordinate only) 22.0

Both Branch 22.8

(b) Mask Type
Plain Softmax (soft) 19.6

Gumbel-Softmax (binary) 22.8

(c) Masking Layer

Input 22.0

Ours 22.8

Middle 21.7

End of the backbone 21.6

(d) Update Strategy
Lgen optimizes ✓ASM only 21.6

Lgen optimizes ✓ASM and ✓G 22.8

shows that besides adversarially updating ASM, adversarially updating features also

contributes to a better adaptation.

Analysis of masked samples To better understand the masking module, in

Fig. 4.6, we present the class distribution of points that are ignored and compare with

random dropout using a similar ignore ratio. Compared with random dropout, our

result exhibits a di↵erent pattern/distribution, e.g., our method ignores more points

of class “Road” but fewer points of class “Building” and “Vegetation”. However,

our method outperforms it with a large margin, i.e., +4.8% on SemKITTI and

+2.1% on nuScenes. This indicates that our method can derive more reasonable

noise distributions for mitigating the domain gap.

Sensitivity to hyper parameters. In Table 4.5, we present the sensitivity of

our method to � on both datasets. The performance of our method first increases
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Table 4.5 : Sensitivity Analysis of � (coe�cient of Lgen).

Transfer 5⇥ 10�4 1⇥ 10�3 5⇥ 10�3

SynLiDAR ! SemKITTI 21.9 22.8 21.6

SynLiDAR ! nuScenes 16.6 17.0 16.3

and then decreases a little bit with the increase of � from 5⇥ 10�4 to 5⇥ 10�3. The

bell shape of change verifies the regularization e↵ect of adversarial training on the

adaptation performance. Note that, within a wide range of choices of �, our method

consistently outperforms previous solutions by a large margin, which further verifies

the e↵ectiveness of our design.

Visualization In Fig. 4.5, we present the visualization of segmentation results

on SynLiDAR!SemKITTI. From these figures, we observe that our method attains

obvious improvement against source-only baseline and previous approach, which is

in line with the superior results of our method shown in Table 4.1 and 4.2.

4.4 Conclusion

In this chapter, we aim to mitigate the domain gap caused by target noises

in synthetic-to-real point cloud segmentation adaptation. To this end, we propose

Adversarial Masking, where a masking module is designed to derive learnable masks

and the adversarial training paradigm encourages the masking module to mimic

injecting target noises to source samples. The adversarial training and the masking

module cooperate with each other to promote domain-invariant feature learning.

Extensive experiments are conducted to prove the e↵ectiveness of the proposed

method.
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Chapter 5

Decompose to Generalize: Species-Generalized
Animal Pose Estimation

Diverging from the rigid structures studied in the prior chapters, this chapter ex-

plores domain generalization with diverse non-rigid structures. This chapter will

examine the distinct obstacles presented by non-rigid structures and seek to develop

methodologies that derive generalizable representations, building a comprehensive

understanding of adaptability across di↵erent visual structures.

5.1 Introduction

Animal pose estimation [17, 96, 139, 133] aims to identify and localize the

anatomical joints∗ of animal bodies, and has received increasing attention for its

wide application, i.e., biology, zoology, and aquaculture. A critical challenge in

realistic animal pose estimation is the cross-species problem, i.e., using the already-

learned pose estimator for novel species. Specifically, it is infeasible to collect and

annotate all the animal species, because the animal kingdom is a vast group of mil-

lions of di↵erent species. Under this background, cross-species generalization is of

great value for realistic applications.

This chapter tackles the cross-species animal pose estimation from the domain-

generalization (DG) viewpoint (i.e., a species is a respective domain) and reveals a

unique factor for this cross-species generalization, i.e., the relation between di↵erent

∗Joint here refers to the keypoints over the bodies, including articulation points where two or

more bones meet, and facial landmarks, e.g., eyes and noses.
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Figure 5.1 : Two reasons that bring domain gap to the joint relation. 1) structural

discrepancy: the part lengths (i.e. the distances between di↵erent joints) may vary

for di↵erent species (left most); 2) the visual similarities between some di↵erent

joints are inconsistent for di↵erent species, e.g., the visual similarities between faces

and other body parts are di↵erent for tiger, fox, and the cow.

joints. The joint relation in our view can be visual (e.g., the color relation between

neighboring joints), structural (e.g., the nose is under the eyes) and many more. Our

focus on the joint relation is di↵erent from the popular concern in general domain

generalization [5, 8, 9, 41], which mainly considers the distribution shift between

the source and the unseen target domain(s). The generic DG methods usually

learn domain-invariant representations [140, 60, 105, 109, 12, 209, 64], enhance the

generalizability through meta-learning [45, 2, 98, 100] or data augmentation [235,

173, 21, 191]. While these methods are potential for cross-species generalization as

well, the joint relation is a unique viewpoint that has never been explored under

other DG scenarios.

The importance of joint relation is two-fold: 1) on the one hand, some joint

relation is consistent across all the species and is beneficial. With consistent relation,

two joints may mutually confirm each other, e.g., the eye helps confirm the nose and

vice versa, because they are consistently close in all species. 2) on the other hand,

some joint relation is inconsistent for di↵erent species due to species variation and is

thus harmful for generalization, e.g., the length of non-rigid body parts such as legs.

Such inconsistent relation makes the already-learned mutual confirmation become a
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severe distraction rather than any benefit. We note that the latter (negative) impact

has more or less been recognized by some earlier literature [17], while the former

(positive) impact was neglected. In contrast to [17], we argue that both two factors

are important and should be considered in combination.

With these two insights, we propose a Decompose-to-Generalize (D-Gen) pose

estimation method to break the inconsistent relations while preserving the consis-

tent ones. Specifically, D-Gen first decomposes the body joints into several joint

concepts. The decomposition facilitates that each individual concept contains mul-

tiple closely-related joints and that the joints in di↵erent concepts are far away or

prone to inconsistent relations. Given these joint concepts, D-Gen promotes the

interaction between intra-concept joints and meanwhile suppresses the interaction

between inter-concept joints. The approach for interaction promotion / suppression

is very simple: D-Gen splits the top layers of the backbone network into several

pose-estimation branches, each one of which is responsible for a corresponding joint

concept. Intuitively, the joints in di↵erent branches have less interaction, compared

to the joints in the same branch. Consequently, D-Gen suppresses the distraction

from inconsistent joint relation and yet preserves the beneficial mutual confirmation

of consistent joint relation, thus improving cross-species generalization.

We explore three strategies for joint decomposition, i.e., heuristic, geometric

and the attention-based manner. The geometric manner clusters the joints based

on their geometric distances. The attention-based manner uses the attention mech-

anism to learn the a�nity between joint features and uses the a�nity matrix for

decomposition. Experimental results show that all these three strategies substan-

tially improve cross-species generalization, validating the e↵ectiveness of our joint

decomposition. Another interesting observation is that the attention-based strat-

egy surpasses the other two strategies, indicating that attention-based concepts are

better than the concept derived from human intuition (i.e., heuristic) and the pure
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geometric relation. Since the attention-based approach combines deep feature and

geometric priors, its superiority against the geometric manner suggests that there

are multiple forms of joint relation beyond the structural relation.

5.2 The Proposed Approach

5.2.1 Overview

Preliminaries. From the perspective of domain generalization (DG), each an-

imal species in pose estimation is within an independent domain. Let us assume

the training set D contains M species (domains), i.e., D = {D1, D2, ...DM}, form-

ing a joint sample space X ⇥ Y (X is the image space and Y is the corresponding

label space). Specifically, the i-th species (domain) Di contains Ni samples, i.e.,

Di = {(x(i)
j
, y

(i)
j
)}Ni

j
. The goal of cross-species pose estimation is to train a pose

estimator on D = {D1, D2, ...DM} and then directly apply it to a novel unseen

species Du(u /2 {1, 2, ...,M}), which requires good cross-domain generalizability.

The trained deep model consists of a feature extractor F and an estimator head G,

which are parameterized by �F and �G, respectively.

The framework of the proposed D-Gen is illustrated in Fig. 5.2. The key

motivation is that some joint relations are consistent across all the species and are

thus beneficial for cross-species generalization, while some other joint relations are

inconsistent and harmful. Therefore, D-Gen seeks to break the inconsistent relations

while preserving the consistent ones. To this end, D-Gen consists of two stages, i.e.,

joints decomposition (Section 5.2.2) and network split (Section 5.2.3). In the joint

decomposition stage, D-Gen divides the body joints into several joint concepts so

that each concept contains multiple closely-related joints. Section 5.2.2 introduces

three di↵erent decomposition strategies, i.e., heuristic, geometric and attention-

based decomposition. Afterward, Section 5.2.3 proposes a very simple network split

method that splits the top layers of the backbone network into several concept-
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Heuristic

Geometry-based

Attention-based

or

or

Concept-specific branches

Animal body joints

Joint Decomposition

Network Split

bottom
layers

top
layers

Inference

i. concat

ii. average

Figure 5.2 : Overview of “Decompose to Generalize” (D-Gen) scheme. D-Gen con-

sists of two stages, i.e., joints decomposition (left) and the sub-sequential network

split (right). 1) In the joints decomposition stage, D-Gen leverages different strate-

gies (e.g., heuristic, geometry-based or attention-based) to divide the body joints

into several joint concepts, so that each concept contains closely-related joints (Sec-

tion 5.2.2). 2) Given the decomposed joint concepts, D-Gen correspondingly splits

the top layers of the baseline network into multiple concept-specific branches (Sec-

tion 5.2.3). This network split suppresses the interaction between inter-concept

joints and yet preserves the interaction within each concept. 3) During inference,

D-Gen concatenates the predictions of all the concept-specific branches (step i) and

averages them with the baseline prediction (step ii).

specific branches, corresponding to the decomposed joint concepts. Importantly,

Sec. 5.2.3 also investigates the mechanism through gradients analysis and reveals

that the network split suppresses the gradient conflict among inconsistently-related

joints (i.e., different concepts).

5.2.2 Joints Decomposition

We employ three different concept decomposition strategies, i.e., the heuristic,

geometry-based, and the attention-based strategy. The attention-based decompo-

sition is learned based on the baseline network (i.e., we insert an attention mod-

ule between the feature extractor and the estimation head in the baseline, as in
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Fig. 5.3). The heuristic decomposition is drawn from the anatomy knowledge, and

the geometry-based decomposition is learned through the geometric distance. Em-

pirically, we find the latter two decomposition strategies are indeed inferior to the

attention-based strategy. However, we think the corresponding exploration is valu-

able for showing that joint decomposition can bring general benefit to cross-species

generalization (regardless of the decomposition strategy).

Attention-based Decomposition.

We first learn a pixel-to-concept attention Fig. 5.3 (a) and then use the attention

results to infer the decomposition (Fig. 5.3 (b)).

Learning pixel-to-concept attention. As shown in Fig. 5.3 (a), we append

an attention module after the feature extractor to discover the correlation between

di↵erent joint features. The attention module takes the feature maps Z 2 Rhw⇥d

(h and w are the spatial size of the feature map with d channels) as its input.

Meanwhile, we pre-define that there are k concepts (k is a hyper-parameter) and

correspondingly provide k concept embeddings, i.e., E 2 Rk⇥d for learning pixel-

to-concept attention. Given the feature maps Z and the concept embeddings E,

the attention module uses three linear projection to get the Query, Key and Value,

respectively, which is formulated as:

Query = ZWq, Key = EWk, Value = EWv, (5.1)

where Wq/Wk/Wv 2 Rd⇥dl are linear layers that project the inputs into the identical

low dimension space. We note that the concept embeddings E and the three linear

projections are all learnable through the attention mechanism.

The pixel-to-concept attention is defined as:

Z
⇤ = Z +Wm(softmax(

ZWq(EWk)p
dh

)(EWv)), (5.2)
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where Wm is a linear layer that maps the dimension of features back to d, and the

residual connection is added for training stability.

The above attention makes each pixel-level features absorb information from the

shared set of concept embeddings. The resulting feature maps Z⇤ are then fed into

the estimation head. We note that while our intention is to use such pixel-to-concept

attention as the clues for joint decomposition, the attention actually has another

positive side-e↵ect: it already promotes interaction among closely-related joints in

an implicit manner. It is because the closely-related joints are likely to absorb

information from the same concept embedding(s), thus gaining implicit interactions.

Decomposition by comparing pixel-wise features to concept embed-

ding. After the model finishes learning the pixel-to-concept attention, we use the

already-learned k concept embeddings E 2 Rk⇥d to infer the decomposition, as il-

lustrated in Fig. 5.3 (b). Specifically, given an image and the predicted position of

each visible joint, we extract the corresponding joint features from the feature maps

Z. Let ẑ(i,m) denotes the extracted feature of the m-th joint from the i-th im-

age. According to the cosine similarity between ẑ(i,m) and the concept embeddings

E = {ej}kj=1, the concept-of-interest of the m-th joint in the i-th image is inferred

by:

Ci,m = argmax
j

cos < ẑi,m, ej >, j = 1, 2...k, (5.3)

where the <,> denotes the operation of getting the angle of two vectors.

Finally, the concept-of-interest for the m-th joint is voted from all the training

samples.

Heuristic and Geometry-based Decomposition.

In addition to the attention-based decomposition, we explore two alternatives,

i.e., the heuristic and geometry-based decomposition.
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(a) The proposed attention module (b) Concept generation with the learned attention

Figure 5.3 : Attention-based decomposition. Left: Illustration of the proposed

attention mechanism. The attention module takes the feature map as query, and

a learnable concept embedding as the key for learning the affinity matrix, which is

leveraged to promote the inter-joints interactions. Right: Illustration of the concept

generation. For the learned feature map, we first extract the joint features based

on the predicted joint location. Then with a simple nearest neighbor search with

concept embedding, we could obtain the concept label for each joint. The final

division of concepts is obtained from the voting from all training images.
⊗

denotes

the matrix multiplication and
⊕

denotes the element-wise sum.

Heuristic decomposition. From the perspective of human knowledge, the

joints could be simply divided according to anatomy. Therefore, the heuristic strat-

egy draws the knowledge from the human prior, and decomposes the body joints into

three parts, i.e., head, hind leg, and foreleg. Intuitively, the joints within each sin-

gle part have relatively consistent mutual relations. That being said, experimental

results (Sec. 5.3.2) show that the improvement achieved by heuristic decomposition

is relatively small, indicating that relying on intuition is a sub-optimal choice.

Geometry-based decomposition. considers the distances between every pair

of joints and can be viewed as a pure-structural strategy. The joint distances are

derived from the ground-truth joint position and are used to construct an affinity

matrix of the joints. Given the affinity matrix, we employ spectral clustering [142,
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176] to cluster all the joints into multiple concepts. Some examples of the geometry-

based concepts are shown in Fig. 5.6.

5.2.3 Network Split

Given the joint concepts from a decomposition strategy, D-Gen correspondingly

splits the top layers of the baseline network into multiple concept-specific branches,

as illustrated in Fig. 5.2 (the right part). Specifically, the top layers refer to the

last ltop residual blocks in the backbone (ResNet), while the bottom layers are the

rest. Here, we analyze the rationale for this simple network split through gradient

analysis.

To be concrete, we use gradient conflict [215] to estimate the inter-joint relation-

ships during the optimization. Assuming �ij is the angle between the gradient of

joint i and joint j, the conflict rate is defined as the proportion of gradients holding

di↵erent directions, i.e., cos�ij < 0. As shown in Fig. 5.4, the joints from the same

concept exhibit higher consistency in the gradient space (i.e., lower conflict rate)

while joints from di↵erent concepts show a higher possibility to conflict with each

other, thus hampering the optimization. Therefore, an intuitive approach to cir-

cumvent the gradient conflict is to isolate the optimization of severely-conflict joints

(i.e., di↵erent concepts) into di↵erent network branches, resulting in the proposed

network split.

The overall training objective is formulated as:

L = LMSE(�G(�F (x)), y) +
kX

i

LMSE(�̂
i

G
(�F (x)), y

i). (5.4)

where �̂i

G
denotes the feature extractor with the i th concept branch and y

i denotes

the ground truth for the i th concept. We use LMSE() to denote the mean squared

error.

During inference, we first concatenate the output of concept-specific branches
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Figure 5.4 : Gradient conflict rate for three decomposition strategies. Generally, the

gradient conflict among intra-concept joints is lower than the conflict among inter-

concept joints. Moreover, compared with the other two strategies, the attention-

based decomposition achieves lower conflict for intra-concept joints, indicating better

decomposition. An e↵ective approach to circumvent the gradient conflict is to isolate

the optimization of severely-conflicted joints into di↵erent branches.

and then average them with the baseline branch to obtain the final prediction.

Notably, before the concatenation, we first sort them according to their original

joint index as the joints are not sequentially divided.

Discussion: The improvement is NOT mainly due to model ensemble.

A side e↵ect of network split is the increase of model size. More specifically, D-Gen

splits the top layers of the baseline network and thus can be viewed of the ensem-

ble of multiple concept-specific branches. However, we note that model ensemble

(or increasing the model size) is not the major reason for our improvement. An

explicit evidence is that: if we replace the joints decomposition strategy with ran-

dom strategy (i.e., randomly dividing the joints into several concepts, as detailed in

Sec. 5.3.2), the resulting D-Gen only gains very slight improvement, i.e., +1.5% on

Animal Pose Dataset (Table 5.3). In contrast, using attention-based joint decompo-

sition, D-Gen obtains +6.5 % improvement. This observation confirms that model

ensemble is only a trivial reason for the improvement of D-Gen.
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5.3 Experiments

5.3.1 Experimental Setup

Dataset. We evaluate our method on two large-scale animal datasets. AP-

10K [214] is a large-scale benchmark for mammal animal pose estimation, and

contains 23 animal families and 54 species following the taxonomic rank. It an-

notates 10,015 images and provides annotations with 17 keypoints. Animal Pose

Dataset [17] collects and annotates 5 species, i.e., cat, dog, sheep, cow, and horse,

from 3000+ images, where both bounding boxes and keypoints annotated (20 key-

points) are provided. Animal Kingdom [143] is another dataset with a higher

diversity that includes mammals, fishes, birds, amphibians, and reptiles with 23

keypoint annotations.

Training. The training process consists of two stages, i.e., the first stage

derives the concept division with the learned concept embeddings, and the second

stage optimizes with the concept-specific branches. To be specific, the first stage

takes 60 epochs and the second takes 150 epochs. As for our one-stage solutions, we

optimize them for 210 epochs. For the attention-based decomposition, the attention

module is activated for both stages.

Evaluation. Following [180, 34], we evaluate the pose similarities with OKS:

OKS =

P
i
exp(�d

2
i
/2s2k2

i
)�(vi > 0)P

i
�(vi > 0)

. (5.5)

Here di denotes the Euclidean distance between a detected keypoint and its corre-

sponding ground truth, vi is the visibility flag of the ground truth, s is the object

scale, and ki is a per-keypoint constant that controls fallo↵. The reported average

precision is the average of AP scores at OKS = (0.50, 0.55, ..., 0.90, 0.95.)

Data augmentation. In training, we employ the following data augmentation:

random rotation ([�30°, 30°]), random scale ([0.75, 1.5]), random translation ([�40,
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40]) to crop an input image patch of size 256 ⇥ 256 and random flip. In inference,

only resize and normalization is performed.

Evaluation. Follow [180], the evaluation metric is based on Object Keypoint

Similarity (OKS). We report the mean average precision (AP) at OKS=0.50, 0.55,...0.90,

0.95. The mean value and standard error over three random runs are reported in

all main results.

Implementation details. We start from ResNet50 [69] with the backbone

pretrained on ImageNet [43]. The batch size is set to 64, and the learning rate for

the first stage and the second is set to 5 ⇥10�4 and 5 ⇥10�5, respectively. We

optimize the model with Adam for 210 epochs, where the learned rate decrease

(⇥10�1 ) at 170 and 200, respectively. The size of the input image is 256 ⇥ 256 and

the heatmap is with size 64 ⇥ 64. The number of the concept-specific blocks is set

to 2, and k is set to 3 for all transfer tasks.

5.3.2 Comparison with Previous Methods.

We evaluate our approach under two domain generalization (DG) scenarios, i.e.,

intra-family DG and inter-family DG, where the latter involves larger domain gaps

regarding both the visual and structural knowledge. Following the common practice,

we perform domain generalization with the leave-one-out setting, i.e., selecting one

species / family as the target domain and the rest as the source domains. Since these

two datasets are relatively new and only a few results have been reported, we re-

implement representative DG methods, i.e., Fish [177], SWAD [22], MixStyle [235],

and GradSur [131] for comparison and we adopt ERM (empirical risk minimization

that trains on all source domains), Oracle (training on target domains), and Oracle-

Full (train on both source and target domains) as baselines. Moreover, we use a

random decomposition in addition to the three discussed decomposition strategies to

show that model ensemble (through random-decomposed branches) does not promise



67

Table 5.1 : Intra-family DG results (AP) on AP-10K [214] with the leave-one-

out manner. K.C.=King Cheetah, S.L.=Snow Leopard, and A.S. = Argali Sheep.

Num.= number of training samples for this species.

Previous SOTA The proposed D-Gen

Family Target Num. ERM Oracle Oracle-F MixStyle GradSur SWAD Fish Random Heuristic Geometry Attention

Felidae

Bobcat 151 56.4 58.4 87.1 58.1 62.0 55.1 60.4 57.9 58.8 58.2 63.2

Cat 307 30.2 54.8 79.7 40.0 28.1 27.0 34.1 35.3 37.8 35.1 41.0

Cheetah 148 58.6 58.7 86.3 59.0 57.9 54.1 58.5 52.2 56.0 53.1 60.1

Jaguar 187 61.8 58.4 93.2 62.1 60.9 62.5 58.7 56.8 54.8 56.2 53.7

K. C 22 53.1 30.6 89.8 58.6 62.0 63.6 59.0 64.6 62.9 67.9 62.1

Leopard 142 57.8 51.1 88.1 60.4 57.7 64.3 60.4 57.7 57.1 58.2 55.4

Lion 177 40.3 45.3 84.9 45.7 34.7 40.9 41.4 40.3 36.6 37.4 38.8

Panther. 106 41.5 55.4 86.2 45.5 40.7 38.6 37.2 46.2 43.9 44.3 48.4

S.L. 73 65.4 54.8 95.4 69.0 73.7 67.3 61.0 61.2 62.0 63.9 64.9

Tiger 144 58.9 68.9 87.6 57.1 59.3 47.4 57.8 56.2 64.2 62.3 62.4

Average � 52.4 ± 0.6 53.6 ± 0.3 87.8 53.1 ± 0.9 53.7 ± 0.5 52.1 ± 0.6 53.9 ± 1.2 52.9 ± 1.0 53.4 ± 0.9 53.7 ± 0.3 55.0 ± 0.5

Ursidae

Black Bear 39 30.0 43.2 85.2 37.7 37.5 30.6 24.8 26.8 36.1 41.1 40.7

Brown Bear 171 15.5 42.2 83.1 14.9 17.6 24.1 23.7 15.8 28.0 20.4 24.8

Panda 164 9.0 46.9 79.0 13.9 7.5 11.1 17.5 13.8 13.2 12.7 14.5

Polar Bear 156 10.6 47.1 85.1 9.1 11.5 13.3 17.6 9.1 21.2 8.3 18.7

Average � 18.8 ± 0.4 44.9 ± 0.2 83.1 18.9 ± 0.3 18.6 ± 0.5 19.8 ± 0.4 20.4 ± 0.5 18.8 ± 0.9 21.0 ± 0.6 20.6 ± 0.4 24.7 ± 0.4

Bovidae

Antelope 298 51.3 63.1 88.4 52.6 53.4 52.4 56.2 56.0 53.4 53.9 60.9

A.S 268 69.7 70.1 95.6 71.3 74.1 67.6 75.1 72.6 73.6 74.3 77.3

Bilson 208 42.8 51.6 91.8 49.8 43.6 46.2 47.7 46.1 48.8 45.8 49.8

Bu↵alo 228 61.0 71.6 91.4 57.5 64.8 63.7 62.3 60.0 61.1 62.9 68.1

Cow 228 46.6 43.9 82.1 50.7 46.1 49.7 46.9 48.9 49.7 48.8 51.8

Sheep 355 41.7 57.4 85.0 41.0 42.1 45.1 41.6 40.6 41.0 41.2 40.1

Average � 52.2 ± 0.6 59.6 ± 0.3 89.1 53.8 ± 0.6 54.1 ± 0.4 53.9 ± 0.5 55.0 ± 0.4 53.8 ± 0.8 54.6 ± 0.3 54.5 ± 0.4 57.9 ± 0.4

improvement.

Intra-family DG. For intra-family domain generalization, we evaluate our ap-

proach on the three largest families in AP-10K, i.e., Bovidae, Canidae, and Ursidae.

The results are summarized in Table 5.1, from which we draw three observations.

1) Comparing “Previous SOTA” against the “ERM” baseline, we find the im-

provement achieved by previous state-of-the-art DG methods is very trivial (if there

is any). We infer it is because these methods mainly focus on the style gap of the

source and target domain, and are not capable to tackle the distribution shift in

terms of structural and visual relations.

2) Comparing the proposed D-Gen against the “ERM” baseline, we observe that

all the three decomposition strategies (heuristic, geometry-based, and attention-

based) achieve consistent improvement. For example, within the Bovidae family,
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these three methods surpass the ERM baseline by +2.3%, +3.2%, and +5.2%, re-

spectively. This observation validates the e↵ectiveness of D-Gen.

3) Comparing the three decomposition strategies against each other and the

additional “Random” strategy, we observe that the attention-based strategy is the

best among all. It indicates that the deep network is capable to discover better joint

concepts than human intuition and pure-geometric knowledge. Another important

observation is that the “Random” strategy barely achieves any improvement over

the baseline. It indicates that D-Gen barely benefits from the model ensemble,

because the random strategy already takes the advantage of model ensemble.

4) Under circumstances with fewer labeled samples, domain generalization can

serve as a powerful baseline for pose estimation. For example, our method surpasses

the Oracle with 4.8 % on the species Bobcat from the family Felidae, where only

150 images are provided with annotations.

5) In certain situations, the attention-based solution yields results that are infe-

rior to others. This disparity can be attributed to the fact that, in several scenarios,

domain discrepancies may arise from factors beyond mere geometry and appearance.

For instance, in the case of Ursidae species, which share similar skeletal structures,

geometrical relationships play a minimal role in contributing to the domain gap.

Consequently, this leads to the suboptimal performance of both geometry-based and

attention-based solutions. However, notwithstanding these challenges, our method

demonstrates noticeably superior performance overall.

Inter-family DG. We further evaluate the proposed D-Gen under the inter-

family DG scenario. Without loss of generality, we select several animal families

with relatively large diversity for each dataset (Table 5.2 for AP-10K and Table 5.3

for Animal Pose Dataset). We observe our method maintains its superiority against

previous methods, which is consistent with the observation under the intra-family
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Table 5.2 : Inter-family DG results (AP) on AP-10K [214] with the leave-one-out

manner. Cerc.=Cercopithecidae.

Previous SOTA The proposed D-Gen

Target Num. ERM Oracle Oracle-F MixStyle GradSur SWAD Fish Random Heuristic Geometry Attention

Bovidae 1467 48.2 64.8 90.3 49.6 47.0 48.8 49.3 48.6 46.0 49.9 52.1

Felidae 1457 39.7 64.4 87.3 43.1 34.2 42.4 39.8 43.0 42.8 41.9 47.7

Canidae 1130 50.2 65.9 88.8 48.2 46.8 53.6 50.6 53.3 49.7 53.9 54.8

Ursidae 530 30.3 68.8 83.7 31.3 34.5 31.4 32.3 31.5 30.7 28.4 31.1

Cerc. 623 19.9 67.9 84.2 20.3 19.1 21.8 24.4 24.7 40.8 23.0 27.2

Equidae 482 37.8 64.2 82.6 37.9 34.2 40.5 38.8 39.7 40.6 42.8 39.0

Hominidae 345 39.6 66.9 83.1 38.4 32.4 38.7 39.7 38.4 40.0 46.1 45.6

Average � 37.7 ± 0.4 66.1 ± 0.2 85.7 38.4 ± 0.4 35.5 ± 0.5 39.8 ±0.6 39.3 ± 0.5 39.6 ± 0.9 40.0 ± 0.7 40.9 ± 0.7 42.9 ± 0.6

Table 5.3 : Results (AP) on Animal Pose Dataset [17] with the leave-one-out manner.

Previous SOTA The proposed D-Gen

Target Num. ERM Oracle MixStyle GradSur SWAD Fish Random Heuristic Geometry Attention

Cow 1214 22.6 36.8 25.0 24.4 18.8 27.8 26.7 29.9 25.7 29.6

Sheep 980 21.6 33.0 23.2 22.0 21.6 21.2 20.4 26.1 25.4 28.4

Horse 651 22.7 37.5 27.8 26.2 26.1 25.4 28.5 31.7 33.6 31.8

Cat 614 26.3 30.7 27.8 24.8 25.1 26.3 24.3 23.9 23.2 28.1

Dog 502 21.2 31.1 25.1 28.2 22.2 26.2 24.4 23.7 25.0 26.4

Average � 23.4 ± 0.4 33.8 ± 0.3 25.8 ± 0.6 23.9 ± 0.4 22.7 ± 0.5 25.4 ± 0.4 24.9 ± 0.8 27.1 ± 0.4 26.6 ± 0.5 28.9 ± 0.4

scenario. Moreover, we observe that under the inter-family scenario, the achieved

results are lower than the intra-family scenario. It confirms our intuition that inter-

family generalization is more challenging due to larger cross-species distribution

shifts.

5.3.3 Ablation studies

In this section, we conduct ablation studies under two scenarios, i.e., intra-family

DG (within the Bovidae family, in particular) and the inter-family DG, to further

investigate the proposed method.

Di↵erent number of concepts (k). In Fig. 5.5 (a)(b), we report the results

with varying k to evaluate its influence. With k increasing, these decomposition

solutions show di↵erent tendencies, i.e., the attention-based variant only fluctuates



Table 5.4 : Results (PCK@0.05) on Animal Kingdom Dataset [143] with the leave-

one-out manner. AM=Amphibians.

Figure 5.5 : The impact of k (the number of concepts) and ltop (the number of

concept-specific blocks) with error bars. Both the intra-family (a and c) and the

inter-family scenarios (b and d) are presented.

in a small range, while the other two show degraded performance. Such a phe-

nomenon verifies that the attention-based solution is not sensitive to the selection

of k. Further investigation reveals that, as the k increased, the concept embedding

still derives concept groups with a stable number, i.e., from 3 to 5. The reason is

that, when k is large, only part of the concept embeddings attend and modulate the

inter-joint interactions while others not.

How does ltop (number of concept-specific blocks) influence the gen-

eralization results? In Fig. 5.5 (c)(d), we present the sensitivity analysis to the

number of concept-specific blocks (ltop). As we could observe, with increasing ltop,

the performance improves constantly, justifying the necessity of the network split

(a) (b) (c) (d)

70

Family Mammals AM Reptiles Birds Fishes Avg.

ERM 11.5 15.0 11.4 13.2 12.4 12.7

Oracle 37.3 69.1 66.5 52.0 45.5 54.1

SWAD 13.4 18.3 15.5 17.4 12.6 15.4

Fish 16.8 17.9 17.7 18.1 16.6 17.4

Heur. 16.6 16.9 18.1 18.8 15.1 17.1

Geom. 17.1 18.5 18.9 19.1 16.1 17.9

Att. 18.3 19.0 19.4 19.9 18.8 19.1

l l
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Figure 5.6 : Concept visualization on AP-10K, where di↵erent colors denote di↵erent

mined concepts.

pipeline. Especially, even with the shared backbone, our method still achieves very

competitive results, i.e., 40.6 for inter-family DG, proving its superiority against

previous methods. In contrast, the other two solutions only achieve very limited

improvement with the increasing ltop. The reason is that, as illustrated in Fig. 5.4,

the joints of their mined concepts still exhibit high conflict with each other, which

is the network split cannot mitigate.

Visualization of the learned concepts. Fig. 5.6 compares three joint de-

composition strategies through visualization. For a clear comparison, we adopt

three concepts (painted in red, blue, and green color) for all the strategies. We ob-

serve that the attention-based decomposition tends to group joints from comparably

distant positions into a concept, benefiting from the learning of long-range depen-

dencies with the attention module. In contrast, the heuristic and geometry-based

solutions mainly focus on the local structures and tend to associate joints with their

neighbors.
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Ablation of the pixel-to-concept attention mechanism. We note that the

pixel-to-concept attention mechanism actually has two impacts on the attention-

based decomposition, i.e., 1) it learns clues for joint decomposition, and 2) it incurs

interaction between joints and concept proxies, while the other two decomposition

strategies do NOT have such e↵ect. Therefore, although Table 1 and Table 2 in

the manuscript show that the attention-based decomposition achieves the largest

improvement among all the four strategies, we are not clear what is the exact reason

for its superiority. We answer this question by adding the same attention module

into the network under the other three decomposition strategies (without changing

their joint decomposition results). The results are summarized in Table 5.5 (intra-

family) and Table 5.6 (inter-family), from which we draw two observations as below:

First, we observe that adding the attention module for joint interaction does

not promise improvement. For example, it slightly compromises the random and

the heuristic decomposition (53.8!53.0 and 54.6!52.4) under the intra-family DG

scenario. Second, for geometry-based decomposition, adding the attention module

leads to a slight improvement, i.e., + 0.6 for geometry-based solution in Table 5.5.

However, it is worth noting that, even with the attention, it still cannot compete

with the attention-based decomposition. Combining these two observations, we

conclude that the superiority of the attention-based solution should not be mainly

ascribed to the pixel-to-concept interactions but to better joint concepts.

What if treat all joints as one concept or treat each joint as individual

concepts? In Table 5.7, we complement the results when manually set k = 1 and

k = 17, which treats all joints one concept or treat each joint as one concept. Despite

the network split, the manual concept division barely improves the performance over

the ERM baseline, which again justifies the e↵ectiveness of the proposed D-Gen

paradigm. These results also validate that simply increasing the model capacity

cannot promise improvement in the generalization.
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Table 5.5 : Ablation studies on attention module for intra-family domain general-

ization (family Bovidae). Experiments here are conducted on AP-10K [214] with

the leave-one-out manner. A.S. = Argali Sheep.

Decomposition With attention
Target Domain

Average
Antelope A.S. Bilson Bu↵alo Cow Sheep

Random
56.0 72.6 46.1 60.0 48.9 40.6 53.8

X 52.6 (#) 67.7 (#) 51.1 (") 60.0 (�) 43.7 (#) 42.8 (") 53.0 (#)

Heuristic
53.4 73.6 48.8 61.1 49.7 41.0 54.6

X 49.6 (#) 69.8 (#) 48.4 (#) 58.9 (#) 47.8 (#) 39.7 (#) 52.4(#)

Geometry
53.9 74.3 45.8 62.9 48.8 41.2 54.5

X 55.4 (") 70.3 (#) 47.0 (") 63.8 (") 48.8 (�) 44.8 (") 55.1 (")

Attention X 60.9 77.3 49.8 68.1 51.8 40.1 57.9

Comparison on more datasets. In Table 5.10, we present the generalization

results to Horse-C dataset [133]. Following their evaluation protocol, we validate

the e↵ectiveness of the proposed method on this benchmark and report the results,

and again attains superior results.

Analysis on joint feature extraction In Table 5.11, we testify the sensitivity

to the feature extraction process, i.e., localizing the joint features with ground truth

or the prediction. The negligible di↵erence verifies that our method is robust to the

choice on clues for feature extraction.

Analysis on model capacity In Table 5.9, we present the analysis of the

model capacity, i.e., FLOPs and inference speed. And in Table 5.8, we compare

the time for each training iteration . Apparently, our method does not require

longer time even with two stages when compared with some previous SOTAs. This

is because some of them employ extra inner steps during the optimization. For

example, Fish [177] requires to perform n inner steps to aggregate the gradients of

n domains independently.
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Table 5.6 : Ablation studies on attention module for inter-family domain general-

ization. Experiments here are conducted on AP-10K [214] with the leave-one-out

manner. Cerc.=Cercopithecidae.

Decomposition With attention
Target Domain

Average
Bovidae Felidae Canidae Ursidae Cerc. Equidae Hominidae

Random
48.6 43.0 53.3 31.5 24.7 39.7 38.4 39.6

X 49.3 (") 42.0 (#) 51.2 (#) 32.0 (") 25.6 (") 40.6 (") 37.7 (#) 39.8 (#)

Heuristic
46.0 42.8 49.7 30.7 40.8 40.6 40.0 40.0

X 46.6 (") 43.9 (") 49.2 (#) 32.8 (") 29.7 (#) 42.2 (") 41.3 (") 40.8 (")

Geometry
49.9 41.9 53.9 28.4 23.0 42.8 46.1 40.9

X 50.8 (") 42.6 (") 54.8 (") 36.4 (") 25.2 (") 39.9 (#) 42.6 (#) 41.8 (")

Attenion X 52.1 47.7 54.8 31.1 27.2 39.0 45.6 42.9

Evaluation of uncertainty. In Table 5.12, we repeat our experiments on two

more data splits with three di↵erent random seeds. Under such variation, we re-

evaluate the uncertainty in two scenarios, i.e., intra-family DG within Bovidae and

inter-family DG on AP-10K. The results show consistent uncertainty with the main

paper on both scenarios.

More qualitative comparisons between di↵erent joint decomposition

strategies. In Fig. 5.7, we provide more visualizations of the mined concepts with

di↵erent decomposition strategies, and we make the following observations:

1) Despite being intuitively reasonable, heuristic decomposition may induce am-

biguity between some hard-to-distinguish joints. For example, the left and right

forelegs are assigned to the same concept, while distinguishing them within the

same concept might not be easy.

2) For the geometry-based solution, we notice that it tends to focus on and

identify closely-related structures in the geometric space, i.e., the forelegs and the

hind legs.

3) In Fig. 5.7 (c), we find that the left eye and the right eye are assigned to
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Table 5.7 : DG results (AP) on AP-10K [214] under varying k (number of concepts)

with D-Gen paradigm or manual setting.

D-Gen Manual

Decom. 3 6 9 1 17

Intra-DG

Attention-based 57.9 57.1 56.9

52.8 51.9Geometry-based 54.2 53.9 51.0

Random 53.8 52.9 53.1

Inter-DG

Attention-based 42.5 42.0 42.1

38.0 38.2Geometry-based 40.9 40.8 39.5

Random 39.6 40.3 38.8

Table 5.8 : Comparison on the training time of each iteration.

Method ERM MisStyle GradSur SWAD Fish Ours

Time of iteration (ms) 250 251 310 290 2246 280

di↵erent concepts. This result may seem counter-intuitive at first glance but is

actually reasonable from a closer look. It is because the left and right eyes are very

small and hard to distinguish. Therefore, associating the left and right eyes with

some di↵erent easy-to-distinguish joints helps to discriminate them, as well. On the

contrary, both the heuristic and geometry-based strategies assign the left and right

eyes to the same concept and are actually inferior.

Qualitative comparisons on pixel-to-concept attention. To better un-

derstand the pixel-to-concept attention, we present the visualization of the learned

attention maps in Fig. 5.8. As we could observer, each concept embedding appar-

ently favors specific regions, and such preference is consistent over di↵erent species.

Such a phenomenon verifies that the proposed attention mechanism indeed encour-

ages the inter-joint relationships that can benefit the generalization.

Qualitative comparison with previous solutions on pose estimation
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Table 5.9 : Analysis on the model capacity.

Model configuration FLOPs (G) Inference speed(MS)

Original Network (ResNet-50) 21.0 9.2

with network split 24.8 12.4

Table 5.10 : PCK@0.3(%) for out-of-distribution generalization to Horse-C [133]

(FF=front foot; HF = Hind foot; HH = Hind Hock).

Method Nose Eye Shoulder Wither Elbow NearFF O↵FF Hip NearHH NearHF O↵HF Average

[133] 68.2 73.6 85.4 85.8 88.1 72.6 70.2 89.2 85.7 77.0 74.1 79.1

D-Gen (attention) 67.9 76.4 86.1 83.8 88.3 79.6 74.3 90.1 86.6 79.3 76.6 80.9

results. In Fig. 5.9 and Fig. 5.10, we present the qualitative results on intra-family

and inter-family DG, respectively, and compare with previous solutions. Compared

with the previous solution, the proposed D-Gen paradigm can deliver more accurate

estimations, proving the e↵ectiveness of the proposed method. Concretely, the larger

variation in appearance and shape renders previous solutions less e↵ective, especially

on the joints from non-rigid parts, e.g., legs. In contrast, our method, especially

the attention-based variant, shows stronger robustness to them and delivers more

accurate estimations on both intra-DG and inter-DG scenarios.
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Table 5.11 : Results with di↵erent clues for joint feature extraction. Ex-

periments here are under the inter-family DG scenario on AP-10K [214].

Cerc.=Cercopithecidae.

Extraction clue
Target Domain

Average
Bovidae Felidae Canidae Ursidae Cerc. Equidae Hominidae

Ground truth 53.1 47.2 52.3 35.9 28.7 47.5 46.6 43.2

Prediction 52.1 47.7 54.8 31.1 27.2 39.0 45.6 42.9

Table 5.12 : More random runs for uncertainty evaluation. Experiments here are

conducted on AP-10K [214] in the leave-one-out manner. The intra-family DG is

performed on the family Bovidae.

Transfer Data Split 1 Data Split 2

Random run 1 Random run 2 Random run 3 Average Random run 1 Random run 2 Random run 3 Average

Intra-Family DG 57.91 57.13 58.03 57.69 ± 0.49 57.47 58.34 57.32 57.81 ±0.47

Inter-Family DG 43.13 42.14 42.63 42.63 ± 0.50 42.92 43.31 41.98 42.73 ± 0.68
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(a) Heuristic decomposition

(b) Geometry-based decomposition

(c) Attention-based decomposition

Figure 5.7 : Concept visualization on AP-10K [214], where di↵erent mined concepts

are in di↵erent colors. A noticeable observation is that the attention-based strategy

assigns the left and right eyes to di↵erent concepts. This decomposition result seems

counter-intuitive but is actually reasonable: it associates the hard-to-distinguish

left and right eyes with di↵erent easy-to-distinguish joints, so that the latter joints

provide clues for distinguishing the left and right eyes.
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Figure 5.8 : Attention weight visualization on AP-10K [214], where the bottom two

rows correspond to the heatmap of di↵erent concepts. With a variety of animal

species, i.e., cow, wolf, sheep, and dog, the concept embedding can e↵ectively at-

tend and associate specific keypoints, which further justifies the e↵ectiveness of the

proposed approach.
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Figure 5.9 : Pose estimation result under the intra-family DG on AP-10K [214].

Experiments here follow the leave-one-out protocol on Family Bovidae and with the

Antelope as the target domain. Compared with solutions, our method demonstrates

stronger capability on joint localization and identification, especially on joints from

non-rigid part, e.g., legs.
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Figure 5.10 : Pose estimation result under the inter-family DG on AP-10K [214].

Experiments here follow the leave-one-out protocol and the target domain is Bovidae.

Under a larger gap between species, our method maintains its superiority against

previous solutions.
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5.4 Conclusion

In this chapter, we propose a “decompose to generalize” (D-Gen) scheme for

cross-species animal pose estimation. In contrast to generic domain generalization

methods, D-Gen focuses on the joint relation for improving the cross-species general-

ization. Specifically, D-Gen decomposes the body joints into several joint concepts,

so that the joints in a single concept have relatively consistent relations. Based on

the joint concepts, D-Gen splits the feature extractor into multiple concept-specific

branches. This simple network split suppresses the inconsistent interactions be-

tween inter-concept joints and yet maintains the consistent interactions between

intra-concept joints. Experimental results validate the e↵ectiveness of D-Gen. We

hope our work on cross-species pose estimation can provides a new viewpoint for

understanding the domain generalization problem.
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Chapter 6

Domain Consensus Clustering for Universal
Domain Adaptation

Venturing into new territories, Chapters 6 and 7 shift the focus towards the investiga-

tion of generalizability with novel categories. In this chapter, the discussion centers

around a novel clustering algorithm, which is proposed to e↵ectively di↵erentiate

between known and novel categories in various scenarios of category shift.

6.1 Introduction

Deep convolutional neural networks have achieved significant progress in many

fields, such as image classification [178, 75], semantic segmentation [26, 27], etc.

However, as a data-driven technique, the severe reliance on annotated in-domain

data greatly limits its application to cross-domain tasks. As a feasible solution,

unsupervised domain adaptation (UDA) [146] tries to solve this by transferring the

knowledge from an annotated domain to an unlabeled domain, and has achieved

significant progress in multiple tasks [99, 102, 87, 89, 108, 122]. Despite UDA’s

achievement, most UDA solutions assume that two domains share identical label

set, which is hard to satisfy in real-world scenarios.

In light of this, several works considering the unaligned label set have been

proposed: open set domain adaptation, partial domain adaptation, and universal

domain adaptation. Open set domain adaptation (OSDA) [171] assumes the target

domain possesses private classes that are unknown to the source domain. Analo-

gously, partial domain adaptation (PDA) [18] describes a setting where only the
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Target Domain

Source Domain

Private Samples

Previous Ours

Common Samples

Decision Boundaries Cluster Boundaries

Figure 6.1 : A comparison between previous methods and ours. Previous methods

simply treat private samples as one general class and ignore its intrinsic data struc-

ture. Our approach aims to better exploit the diverse distribution of private samples

via forming discriminative clusters on both common samples and private samples.

source domain holds private classes. However, both OSDA and PDA still require

prior knowledge where the private classes lie in. As a result, they are limited to one

scenario and fail to generalize to other scenarios. For example, an OSDA solution

would fail in the PDA scenario as it only seeks private samples in the target do-

main. To solve this, [213] takes a step further to propose a more general yet practical

setting, universal domain adaptation (UniDA), which allows both domains to own

private classes.

The main challenge of transferring over unaligned label space is how to effec-

tively separate common samples from private samples in both domains. To achieve

this goal, many efforts have been devoted to performing common sample discovery

from different perspectives, such as designing new criteria [18, 213, 56, 169] or in-

troducing extra discriminator [222, 19, 125, 32]. However, previous practices mainly



85

focus on identifying common samples but treat private samples as a whole, i.e.,

unknown class (Bottom left in Fig. 6.1). Despite making progress, the intrinsic

structure (i.e., the variations within each semantic class and the relationships be-

tween di↵erent semantic classes) of the private samples is not fully exploited. As

the private samples in nature belong to distinct semantic classes, treating them as

one general class is arguably sub-optimal, which further induces lower compactness

and less discriminative target representations.

In this chapter, we aim to better exploit the intrinsic structure of the target

domain via mining both common classes and individual private classes. We propose

Domain Consensus Clustering (DCC), which utilizes the domain consensus knowl-

edge to form discriminative clusters on both common samples and private samples

(Bottom right in Fig. 6.1). Specifically, we mine the domain consensus knowledge

from two aspects, i.e., semantic-level and sample-level, and integrate them into two

consecutive steps. Firstly, we leverage Cycle-Consistent Matching (CCM) to mine

the semantic consensus among cluster centers so that we could identify common

clusters from both domains. If two cluster centers reach consensus, i.e., both cen-

ters act as the other’s nearest center simultaneously, this pair will be regarded as

common clusters. Secondly, we propose a metric, domain consensus score, to ac-

quire cross-domain classification agreements between identified common clusters.

Concretely, domain consensus score is defined as the proportion of samples that

hold corresponding cluster label across domains. Intuitively, more samples reach

consensus, the distribution shift between matched clusters is smaller. Therefore,

domain consensus score could be regarded as a constraint that ensures the precise

matching of CCM. Moreover, domain consensus score also o↵ers a necessary guid-

ance that determines the number of target clusters, and encourages the samples to

be grouped into clusters of both common and private classes. Finally, for those

common clusters with high domain consensus scores, we exploit a class-aware align-
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ment technique on them to mitigate the distribution shift. As for those centers that

fail to find their consensus counterparts, we also enhance their cluster-based con-

sistency. To be specific, we employ a prototypical regularizer to encourage samples

to approach their attached cluster centers. In this way, those samples belonging to

di↵erent private categories will be encouraged to be distinguishable from each other,

which also contributes to learning better representations.

Our contribution can be summarized as: 1) We tackle the UniDA problem from

a new perspective, i.e., di↵erentiating private samples into di↵erent clusters instead

of treating them as whole. 2) We propose Domain Consensus Clustering (DCC),

which mines domain consensus knowledge from two levels, i.e., semantic-level and

sample-level, and guides the target clustering in the absence of prior knowledge.

3) Extensive experiments on four benchmarks verify the superior performance of

proposed method compared with previous works.

6.2 The Proposed Approach

In universal domain adaptation, we are provided with annotated source samples

Ds = {(xs

i
, y

s

i
)}n

s

i=1, and unlabeled target samples Dt = {(xt

i
)}n

t

i=1. Since the label

set may not be identical, we use C
s, C

t to represent label set for two domains

accordingly. Then we denote C = C
s\C

t as the common label set. We aim to train

a model on Ds and Dt to classify target samples into |C|+ 1 classes, where private

samples are grouped into one unknown class.

The model consists of two modules: (1) feature extractor f� that maps the input

images into vector representation: v = f�(x), and (2) classifier g� that assigns each

feature representation v into one of Cs classes: p = g�(v). For samples from two

domains, we group them into clusters, respectively. The cluster assignment of source

samples is based on the ground truth and the source center is the mean embedding

of source samples within one specific class. For the c-th source cluster Ds

c
= {xs

i
}n

s
c

i=1,
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Figure 6.2 : (a) Illustration of Domain Consensus Clustering (DCC). i) As the

number of target classes is not given, we aim to select the optimal target cluster-

ing from multiple candidates. ii) For obtained target clusters, we leverage cycle-

consistent matching (CCM) to identify clusters representing common classes from

both domains. iii) Then we utilize domain consensus score to estimate the degree

of agreement between matched clusters. iv) Finally, based on the domain consen-

sus score, we could determine the optimal target clustering. (b) Illustration of

Cycle-Consistent Matching. If two clusters from different domains act as the other’s

nearest neighbor, samples from the two clusters are identified as common samples

that share the same semantic labels.

its cluster center is:

μc
s =

1

nc
s

∑

xi
s∈Dc

s

fφ(xi
s)

||fφ(xi
s)|| . (6.1)

As for target samples, we adopt K-means to group them into K clusters and obtain

corresponding centers {μt
1, ..., μ

t
K}.

In this chapter, we aim to utilize the domain consensus knowledge to guide the

target clustering, which exploits the intrinsic structure of the target representations.

Specifically, we mine the domain consensus knowledge from two levels. Firstly, the

semantic-level consensus among cluster centers is utilized to identify cycle-consistent

clusters as common classes (§ 6.2.1). Secondly, we design a novel metric named
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“domain consensus score” to utilize the sample-level consensus to specify the number

of target clusters (§ 6.2.2). Finally, we discuss the cluster optimization and objectives

in § 6.2.3. The overview of our approach is presented in Fig. 6.2.

6.2.1 Cycle-Consistent Matching

The main challenge of universal domain adaptation is how to separate common

samples from private samples. Unlike previous works [213, 56] that perform sample-

level identification on the common samples, this chapter aims to mine both common

classes and individual private classes simultaneously with discriminative clusters.

Now a question naturally arises: how to associate common clusters that represent

the same semantic classes from both domains? To achieve this, we propose Cycle-

Consistent Matching (CCM) to link clusters from the same common classes through

mining semantic-level consensus.

As illustrated in Fig. 6.2 (b), for each cluster center, we search for its nearest

cluster center in the other domain. If two clusters reach consensus, i.e., both act

as the other’s nearest center simultaneously, such a pair of clusters is recognized

as common clusters. The intuition here is simple: cluster centers from the same

class usually lie close enough to be associated compared to the clusters represent-

ing private classes. Further, to ensure this assumption, we utilize the sample-level

consensus to promote the e↵ectiveness of CCM, which is detailed in the next section.

6.2.2 Domain Consensus Score

Enabled by CCM, we could identify common samples from both domains. Nev-

ertheless, another problem is not yet solved: how to determine the number of tar-

get clusters without knowing the exact number of underlying target classes? To

solve this, one plausible solution is to adopt existing clustering evaluation crite-

ria [167, 42, 16] to estimate the number of clusters. However, these techniques
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Figure 6.3 : Illustration of Domain Consensus Score. For each sample from matched

clusters, we search for its nearest cluster center in the other domain. Then domain

consensus score is calculated as the proportion of samples that reach consensus, i.e.,

the labels of their nearest cluster centers in the other domain match with those

achieved by CCM.

are designed for the single-domain scenario and cannot directly take cross-domain

knowledge into consideration. Hence, we propose a metric, domain consensus score,

which utilizes the sample-level consensus to determine the number of target clusters,

thus forming discriminative clusters.

As shown in Fig. 6.3, for each sample from paired clusters, we search for its

nearest cluster in the other domain, and then determine if it reaches consensus,

i.e., this sample holds corresponding cluster label across domains. Through col-

lecting samples that reach consensus, the agreement for this pair of clusters can be

evaluated.

Concretely, given a pair of matched clusters {vs
i
}m
i=1 and {vt

i
}n
i=1 with correspond-

Consensus Score on Source Samples: 3/4 Consensus Score on Target Samples: 2/4

#
$
#Domain Consensus Score= "+ /2 = 0.625

Cluster Centers: Cluster Samples:

Source Cluster Target Cluster

Matched Pair
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ing centers µs

c
and µ

t

k
, we aim to measure the sample-level consensus from two views,

i.e., the source view and the target one. To obtain consensus score on source view,

for each source sample, we calculate its similarities with all target cluster centers

{µt

1, ..., µ
t

K
}:

r
s

i,k
= Sim(vs

i
, µ

t

k
), k 2 {1, ..., K}, (6.2)

where Sim(·) denotes the cosine similarity, i.e., Sim(a, b) = ha,bi
kakkbk . Then the con-

sensus score could be formulated as the proportion of samples that reach consensus:

Ss

(c,k) =

P
m

i=1 1{argmax
k
(rs

i,k
) = k}

m
, (6.3)

where 1{argmax
k
(rs

i,k
) = k} is a indicator to judge if vs

i
holds corresponding cluster

index (k) across domains.

Analogously, we could obtain the consensus score on target samples St

(c,k). Then

we average the score of two views to obtain the consensus score of this matched

pair, i.e., S(c,k) =
Ss
(c,k)+St

(c,k)

2 . Finally, we calculate the mean of consensus scores of

all matched pairs of clusters.

To specify the number of target clusters K, we perform multiple clusterings

with di↵erent K and then we determine the optimal one according to the domain

consensus score. Concretely, for di↵erent instantiations of K which are equally

spaced, we compute the consensus score for each one, and the instantiation of K

with the highest score is chosen for subsequent clustering.

Empirically, we find DCC tends to separate samples from one class into multiple

clusters at the beginning, which is also known as over-clustering. The reason is that

to achieve a higher consensus score, more accurate matching between clusters is

preferred. Consequently, at the beginning, DCC prefers small clusters with “easy”

samples (i.e.less impacted by the domain shift), which may make the number of

clusters larger than the underlying number of target classes. As the adaptation
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proceeds, the number of clusters tends to decrease and converges to a certain number

after a period of training.

6.2.3 Cluster Optimization and Objectives

In this section, we first introduce the clustering update strategy. Then we enu-

merate objectives, i.e., prototypical regularizer, contrastive domain discrepancy. Fi-

nally, we present the overall objective and the weight of each item.

Alternate Update. To avoid the accumulation of inaccurate labels, we opti-

mize the model and update the clustering alternatively. Ideally, we expect to specify

the number of clusters K with only one search, but it is impossible due to the large

domain gap at the initial stage. Hence, DCC specifies the K based on domain con-

sensus score for each update of the clustering. Empirically we find that: 1) in each

round of searching, the domain consensus scores exhibit a bell curve as K increases.

2) K converges to a specific value after several initial rounds of searching, i.e.after

early stages of training. Motivated by these observations, we adopt two stopping

criteria to improve the e�ciency of searching, i.e., stop the searching once the con-

sensus score drops a certain number of times continuously, and fix the K once it

holds a certain value for a certain number of rounds.

Prototypical Regularizer. To enhance the discriminability of target clus-

ters, we impose a prototypical regularizer on target samples. Specifically, let M =

[µt

1, µ
t

2, ..., µ
t

K
] denotes the prototype bank that stores all L2-normalized target clus-

ter centers and these prototypes is updated iteratively during training. Then the

regularizer could be formulated as:

Lreg = �
ntX

i=1

KX

k=1

ŷ
t

i,k
log p̂(i,k), (6.4)

where ŷ
t

i
is the one-hot cluster label, and

p̂(i,k) =
exp(viTµt

k
/⌧)

P
K

k=1 exp(vi
Tµ

t

k
/⌧)

. (6.5)
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Here vi is L2-normalized feature vector of target samples. ⌧ is a temperature pa-

rameter that controls the concentration of the distribution [71], and we set it to 0.1

empirically.

Contrastive Domain Discrepancy (CDD). Since the identified common sam-

ples are grouped into clusters, we leverage CDD [88, 87] to facilitate the alignment

over identified common samples in a class-aware style. We impose Lcdd to minimize

the intra-class discrepancies and enlarge the inter-class gap. Consequently, the en-

hanced discriminability, in turn, enables DCC to perform more accurate clustering.

Overall Objective. The model is jointly optimized with three terms, i.e., cross-

entropy loss on source samples Lce, domain alignment loss Lcdd, and the regularizer

Lreg:

L = Lce + �Lcdd + �Lreg, (6.6)

Lce = �
nsX

i=1

|Cs|X

c=1

ŷ
s

i,c
log(�(g�(f�(x

s

i
))), (6.7)

where � denotes the softmax function, and ŷ
s

i
is the one-hot encoding of source label.

� is set to 0.1 for all datasets.

As mentioned, the target clustering usually converges to the optimal one after

several rounds of searching, so simply applying a constant weight on Lreg may hinder

the convergence as it promotes the inter-cluster separation. Therefore, we apply a

ramp-up function on �, i.e., � = e
�!⇥ i

N , where i and N denote current and global

iteration, and ! = 3.0. Such an incremental weight allows the size of clusters to

grow in the earlier stage while preventing them from absorbing extra private samples

after getting saturated. As two tunable parameters (i.e., ⌧ and �), we choose to fix

the temperature but change the weights during training. The rationale stems from

the fact that while the weight accounts for the global distributions, the temperature

solely adjusts the concentration of distributions within a small batch. Tuning the
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Table 6.1 : Results (%) on O�ce-31 for UniDA (ResNet-50).

UniDA
A!W D!W W!D A!D D!A W!A Avg

Acc. HM Acc. HM Acc. HM Acc. HM Acc. HM Acc. HM Acc. HM

DANN [58] 80.65 48.82 80.94 52.73 88.07 54.87 82.67 50.18 74.82 47.69 83.54 49.33 81.78 50.60

RTN [128] 85.70 50.21 87.80 54.68 88.91 55.24 82.69 50.18 74.64 47.65 83.26 49.28 83.83 51.21

IWAN [222] 85.25 50.13 90.09 54.06 90.00 55.44 84.27 50.64 84.22 49.65 86.25 49.79 86.68 51.62

PADA [18] 85.37 49.65 79.26 52.62 90.91 55.60 81.68 50.00 55.32 42.87 82.61 49.17 79.19 49.98

ATI [148] 79.38 48.58 92.60 55.01 90.08 55.45 84.40 50.48 78.85 48.48 81.57 48.98 84.48 51.16

OSBP [171] 66.13 50.23 73.57 55.53 85.62 57.20 72.92 51.14 47.35 49.75 60.48 50.16 67.68 52.34

UAN [213] 85.62 58.61 94.77 70.62 97.99 71.42 86.50 59.68 85.45 60.11 85.12 60.34 89.24 63.46

CMU [56] 86.86 67.33 95.72 79.32 98.01 80.42 89.11 68.11 88.35 71.42 88.61 72.23 91.11 73.14

Ours 91.66 78.54 94.52 79.29 96.20 88.58 93.70 88.50 90.43 70.18 91.97 75.87 93.08 80.16

Table 6.2 : HM (%) on O�ce-Home for UniDA (ResNet-50).

UniDA Ar!Cl Ar!Pr Ar!Rw Cl!Ar Cl!Pr Cl!Rw Pr!Ar Pr!Cl Pr!Rw Rw!Ar Rw!Cl Rw!Pr Avg

DANN [58] 42.36 48.02 48.87 45.48 46.47 48.37 45.75 42.55 48.70 47.61 42.67 47.40 46.19

RTN [128] 38.41 44.65 45.70 42.64 44.06 45.48 42.56 36.79 45.50 44.56 39.79 44.53 42.89

IWAN [222] 40.54 46.96 47.78 44.97 45.06 47.59 45.81 41.43 47.55 46.29 42.49 46.54 45.25

PADA [18] 34.13 41.89 44.08 40.56 41.52 43.96 37.04 32.64 44.17 43.06 35.84 43.35 40.19

ATI [148] 39.88 45.77 46.63 44.13 44.39 46.63 44.73 41.20 46.59 45.05 41.78 45.45 44.35

OSBP [171] 39.59 45.09 46.17 45.70 45.24 46.75 45.26 40.54 45.75 45.08 41.64 46.90 44.48

UAN [213] 51.64 51.70 54.30 61.74 57.63 61.86 50.38 47.62 61.46 62.87 52.61 65.19 56.58

CMU [56] 56.02 56.93 59.15 66.95 64.27 67.82 54.72 51.09 66.39 68.24 57.89 69.73 61.60

Ours 57.97 54.05 58.01 74.64 70.62 77.52 64.34 73.60 74.94 80.96 75.12 80.38 70.18

latter can be more challenging and may lead to unstable training.

Inference. At the inference stage, we do not perform any clustering. With the

prototypes M = [µt

1, µ
t

2, ..., µ
t

K
], we can assign each sample a label the same as the

nearest prototype. In this way, common samples can be naturally separated from

private ones in the target domain.
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Table 6.3 : The division on label set, i.e., Common Class (C) / Source-Private Class

( Ĉs) / Target Private Class ( Ĉt).

Dataset
Class Split (|C|/|Ĉs|/|Ĉt|)

PDA OSDA UniDA

O�ce-31 10 / 21 / 0 10 / 0 / 11 10 / 10 / 11

O�ceHome 25 / 40 / 0 25 / 0 / 40 10 / 5 / 50

VisDA � 6 / 0 / 6 6 / 3 / 3

DomainNet � � 150 / 50 / 145

6.3 Experiments

6.3.1 Experimental Setup

Besides the setting [213] where private classes exist in both domains (UniDA),

we also validate our approach on other two sub-cases, i.e.partial domain adaptation

(PDA) and open set domain adaptation (OSDA).

Dataset. We conduct experiments on four datasets. O�ce-31 [168] consists

of 4652 images from three domains: DSLR (D), Amazon (A), and Webcam (W).

O�ce-Home [190] is a more challenging dataset, which consists of 15500 images

from 65 categories. It is made up of 4 domains: Artistic images (Ar), Clip-Art

images (CI), Product images (Pr), and Real-World images (Rw). VisDA [152], is

a large-scale dataset, where the source domain contains 15K synthetic images and

the target domain consists of 5K images from the real world. DomainNet [151]

is the largest domain adaptation dataset with about 0.6 million images. Like [56],

we conduct experiments on three subsets from it, i.e., Painting (P), Real (R), and

Sketch (S).

Following existing works [148, 171, 18, 213], we separate the label set into three

parts: common classes C, source-private classes Ĉs and target-private classes Ĉt.
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The separation of four datasets is described in Table 6.3. The classes are separated

according to their alphabetical order.

Evaluation. For all experiments, we report the averaged results of three runs.

In OSDA and UniDA, target-private classes are grouped into a single unknown class,

and we report two metrics, i.e., Acc. and HM, where the former is the mean of

per-class accuracy over common classes and unknown class, and the latter is the

harmonic mean on accuracy of common samples and private ones like [56, 11]. In

VisDA under OSDA, we present OS and OS* results as previous works [171, 125],

where OS is same as Acc. and OS* only calculates the mean accuracy on common

classes. In PDA, we report the mean of per-class accuracy over common classes.

Implementation details. Our implementation is based on PyTorch. We start

from ResNet-50 [69] with the backbone pretrained on ImageNet [43]. The classifier

consists of two fully-connected layers, which follows the previous design [213, 56,

171, 18]. For a fair comparison, we adopt VGGNet [178] as backbone for OSDA

task on VisDA.

We optimize the model using Nesterov momentum SGD with momentum of 0.9

and weight decay of 5⇥10�4. The learning rate decays with the factor of (1+↵
i

N
)��,

where i and N denote current iteration and global iteration, and we set ↵ = 10 and

� = 0.75. The batch size is set to 36. The initial learning rate is set to 1⇥ 10�4 for

O�ce-31 and VisDA, and 1⇥ 10�3 for O�ce-Home and DomainNet.

6.3.2 Comparison with Previous Methods

We compare our method with previous state-of-the-arts in three sub-cases of uni-

versal domain adaptation, i.e., OSDA, PDA, and UniDA. For OSDA and PDA, we

compare our method to the universal domain adaptation methods, without knowing

the prior that private classes exist only in source domain (i.e.PDA) or only in target

domain (i.e.OSDA). Also, we compare our method to the baselines tailed for OSDA
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Table 6.4 : Results (%) on VisDA for OSDA (VGGNet) and UniDA (ResNet-50).

*: variants of OSVM using MMD and DANN.

Method
OSDA

Method
UniDA

OS OS* Acc. HM

OSVM [81] 52.5 54.9 RTN [128] 53.92 26.02

MMD+OSVM* 54.4 56.0 IWAN [222] 58.72 27.64

DANN+OSVM* 55.5 57.8 ATI [148] 54.81 26.34

ATI-� [148] 59.9 59.0 OSBP [171] 30.26 27.31

OSBP [171] 62.9 59.2 UAN [213] 60.83 30.47

STA [125] 66.8 63.9 USFDA [92] 63.92 �

Inheritune [92] 68.1 64.7 CMU [56] 61.42 34.64

Ours 68.8 68.0 Ours 64.20 43.02

and PDA settings, by taking the prior of each setting into consideration.

UniDA Setting. In the most challenging setting, i.e.UniDA, our approach

achieves new state-of-the-arts. Table 6.1 shows the results on O�ce-31. The

proposed method surpasses all compared methods in terms of both accuracy and

HM. Especially, with respect to HM, our method outperforms previous state-of-art

method CMU [56] by 7%, which shows our method strikes a better balance between

the identification of common and private samples. O�ce-Home (Table 6.2) is a

more challenging dataset where the number of private classes is much more than

common classes (55 vs. 10). Under this extreme scenario, our method demonstrates

a stronger capability on the common-private separation (9% improvement in terms

of HM), which benefits from the higher compactness of private samples. We also test

DCC on VisDA and present the results in Table 6.4. Notably, with higher accuracy,

our method shows +9% improvement compared to CMU [56] in terms of HM, im-
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Table 6.5 : HM (%) onO�ce andO�ce-Home under the OSDA scenario (ResNet-

50). The reported numbers for previous OSDA methods are cited from [11]. We

use ‘U’ and ‘O’ to denote methods designed for UniDA setting and OSDA setting,

respectively.

Method T
yp

e O�ce O�ce-Home

A2W A2D D2W W2D D2A W2A Avg Ar2Cl Ar2Pr Ar2Rw Cl2Ar Cl2Pr Cl2Rw Pr2Ar Pr2Cl Pr2Rw Rw2Ar Rw2Cl Rw2Pr Avg

STAmax [125] O 75.9 75.0 69.8 75.2 73.2 66.1 72.5 55.8 54.0 68.3 57.4 60.4 66.8 61.9 53.2 69.5 67.1 54.5 64.5 61.1

OSBP [171] O 82.7 82.4 97.2 91.1 75.1 73.7 83.7 55.1 65.2 72.9 64.3 64.7 70.6 63.2 53.2 73.9 66.7 54.5 72.3 64.7

ROS [11] O 82.1 82.4 96.0 99.7 77.9 77.2 85.9 60.1 69.3 76.5 58.9 65.2 68.6 60.6 56.3 74.4 68.8 60.4 75.7 66.2

Ours O 87.1 85.5 91.2 87.1 85.5 84.4 86.8 52.9 67.4 80.6 49.8 66.6 67.0 59.5 52.8 64.0 56.0 76.9 62.7 64.2

UAN [213] U 46.8 38.9 68.8 53.0 68.0 54.9 55.1 0.0 0.0 0.2 0.0 0.2 0.2 0.0 0.0 0.2 0.2 0.0 0.1 0.1

Ours U 54.8 58.3 89.4 80.9 67.2 85.3 72.6 56.1 67.5 66.7 49.6 66.5 64.0 55.8 53.0 70.5 61.6 57.2 71.9 61.7

plying a higher capacity on identifying private samples. In Table 6.7, we present the

results on a large scale dataset DomainNet. DCC yields consistent improvement,

verifying its e↵ectiveness on large-scale dataset.

OSDA and PDA setting. In Table 6.5, Table 6.6, and Table 6.4, we present

the results under PDA and OSDA scenarios. We use ‘P’ and ‘O’ to denote the

methods specifically designed for PDA and OSDA accordingly, and use ‘U’ to denote

the UniDA methods. As shown in the tables, our approach performs favorably

against previous methods in di↵erent scenarios, i.e.with and without using the prior

knowledge. Particularly, our method without using the prior (‘U’) yields even better

result compared to competitive methods tailed for the PDA setting. For example, on

O�ce-Home, our method (‘U’) achieves 70.9% average accuracy, which outperforms

PADA [18] (62.1%) and ETN [19] (70.5%), demonstrating that our method can

e↵ectively separate common samples from private ones.
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Table 6.6 : Accuracy (%) on O�ce and O�ce-Home under the PDA scenario

(ResNet-50). We use ‘U’ and ‘P’ to denote methods designed for UniDA setting and

PDA setting, respectively.

Method T
yp

e O�ce O�ce-Home

A2W A2D D2W W2D D2A W2A Avg Ar2Cl Ar2Pr Ar2Rw Cl2Ar Cl2Pr Cl2Rw Pr2Ar Pr2Cl Pr2Rw Rw2Ar Rw2Cl Rw2Pr Avg

IWAN [222] P 90.5 89.2 95.6 99.3 94.3 99.4 94.7 53.9 54.5 78.1 61.3 48.0 63.3 54.2 52.0 81.3 76.5 56.8 82.9 63.6

PADA [18] P 82.2 86.5 92.7 99.3 95.4 100.0 92.7 52.0 67.00 78.7 52.2 53.8 59.1 52.6 43.2 78.8 73.7 56.6 77.1 62.1

ETN [19] P 94.5 95.0 100.0 100.0 96.2 94.6 96.7 59.2 77.0 79.5 62.9 65.7 75.0 68.3 55.4 84.4 75.7 57.7 84.5 70.5

RTNet [32] P 96.2 97.6 100.0 100.0 92.3 95.4 96.9 63.2 80.1 80.7 66.7 69.3 77.2 71.6 53.9 84.6 77.4 57.9 85.5 72.3

Ours P 99.7 96.1 100.0 100.0 95.3 96.3 97.9 59.0 84.4 83.4 67.8 72.7 79.8 68.4 53.2 83.7 75.8 59.0 88.3 73.0

UAN [213] U 76.8 79.7 93.4 98.3 82.7 83.7 85.8 24.5 35.0 41.5 34.7 32.3 32.7 32.7 21.1 43.0 39.7 26.6 46.0 34.2

Ours U 97.6 87.3 100.0 100.0 96.6 96.3 96.3s 54.2 47.5 57.5 83.8 71.6 86.2 63.7 65.0 75.2 85.5 78.2 82.6 70.9

6.3.3 Ablation Studies

E↵ect of Cycle-Consistence Matching (CCM). To show how CCM can

e↵ectively identify common classes, we vary the number of common classes (|C|)

and observe the identified common classes under di↵erent values of K. In Fig. 6.4

(a), as K increases, the number of matched clusters tends to converge to a value

which is quite near to |C|.

E↵ect of Domain Consensus Score. To better understand domain consensus

score, we conduct a series of experiments to reveal its mechanism.

First, we decompose the domain consensus score into two parts, i.e., Ss and St;

Ss is the consensus score of source samples while the other denotes score of target

samples. As shown in Fig. 6.4 (b), as the K increases, Ss and St show opposite

trend, i.e., Ss increases but St decreases. As the K increases, target samples are

divided into more and smaller target clusters. Therefore, smaller target samples

could better match source clusters, which causes the increase of St. On the other

hand, as more target clusters form, source clusters are more easily distracted by

nearby target clusters, which explains the drop of Ss.
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Table 6.7 : HM (%) on DomainNet for UniDA (ResNet-50).

Method P!R R!P P!S S!P R!S S!R Avg

DANN [58] 31.18 29.33 27.84 27.84 27.77 30.84 29.13

RTN [128] 32.27 30.29 28.71 28.71 28.63 31.90 30.08

IWAN [222] 35.38 33.02 31.15 31.15 31.06 34.94 32.78

PADA [18] 28.92 27.32 26.03 26.03 25.97 28.62 27.15

ATI [148] 32.59 30.57 28.96 28.96 28.89 32.21 30.36

OSBP [171] 33.60 33.03 30.55 30.53 30.61 33.65 32.00

UAN [213] 41.85 43.59 39.06 38.95 38.73 43.69 40.98

CMU [56] 50.78 52.16 45.12 44.82 45.64 50.97 48.25

Ours 56.90 50.25 43.66 44.92 43.31 56.15 49.20

Second, in Fig. 6.4 (c), we visualize the evolution of domain consensus score

as training progresses. As expected, the domain consensus score saturates after

the early rounds, which indicates that our method can find the optimal number of

clusters quickly. Moreover, this also implies that the searching is only necessary at

the early stage.

Third, we compare domain consensus score with previous general metrics to

determine the number of clusters (i.e., calinski harabasz score [16], davies bouldin

score [42], and silhouette score [167]), and present the results in Fig. 6.5. Our metric

obviously outperforms previous ones, proving the benefits of taking the distribution

shift into account.

E↵ect of Domain Consensus Clustering. Fig. 6.4 (d) shows the evolution of

K during training under three scenarios. In theses experiments, we do not employ

the proposed stop criteria (see Section 6.2.3). As shown in these figures, the number

of clusters converges to the optimal value after several initial searches, which is

consistent with the convergence of consensus score (Fig. 6.4 (c)). This indicates that

the searching of K is only necessary in the early stage of training, which justifies
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(a) (b) (c) (d)

Figure 6.4 : Ablation Analysis (Best viewed in color). (a) Number of identified

common classes w.r.t. K under varying |C|. (b) Decomposed consensus score w.r.t.

K. (c) The evolution of consensus score as training progresses. (d) The evolution of

K as training progresses. The first row is extracted from Ar!Rw of O�ce-Home

and the second row is from A!D of O�ce-31.

Table 6.8 : E↵ect of Lcdd and Lreg.

Lcdd + Lreg Lcdd Lreg

O�ce-Home 70.18 61.48 62.85

DomainNet (P!R) 56.90 54.16 53.55

the proposed stop criteria.

E↵ect of Lcdd and Lreg. To evaluate the contribution of Lcdd and Lreg, we train

the model with each component solely and present the results in Table 6.8, which

verifies the contribution of each term.

Sensitivity to Hyper-parameters. To show the sensitivity of our method to

the hyper-parameter �, we conduct experiments on O�ce-31 under UniDA setting,

and present the results in Fig. 6.6 (a). Within a wide range of � (0.1-0.3), the per-

formance only varies in a small range, showing that our method is robust to di↵erent
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Figure 6.5 : Performance comparison on cluster evaluation metrics.

(a) (b)

Figure 6.6 : (a) Sensitivity to � on O�ce31. (b) Comparison between constant �

(i.e., 0.1, 0.5, 1.0) and dynamic � (‘Incre. �’) (O�ce-Home). All experiments are

conducted under UniDA setting.

choices of �. Also, we compare our way of progressively increasing � (denoted as

‘Incre. �’) with using various constant values on O�ce-Home under UniDA setting.

As shown in Fig. 6.6 (b), ‘Incre. �’ achieves better results for most of the tasks,

which verifies the e↵ectiveness of this design.

6.4 Conclusion

In this chapter, we propose Domain Consensus Clustering (DCC), which per-

forms adaptation over unaligned label space via encouraging discriminative target

clusters. To be specific, DCC exploits domain consensus knowledge from two lev-
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els, i.e., semantic-level and sample-level, to identify private samples and guide the

target clustering. Experiments on four benchmarks show superior performance of

proposed methods, compared to previous state-of-the-arts.
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Chapter 7

Decouple to Contrast: Orthogonalized Ambiguity
Reduction for Open-Vocabulary Object Detection

Building on the innovative approaches of Chapter 6, Chapter 7 takes a step further

to explore the potential of visual-text correspondence. By leveraging this correspon-

dence, this chapter aims to identify and classify novel categories, thus broadening

the spectrum of our understanding of category generalization.

7.1 Introduction

Object detection [161, 20, 240, 185], as a fundamental vision task, aims to localize

objects in images and classify their semantic classes. Despite significant progress,

most detectors are still confined to the closed-set training vocabularies, e.g., 80

classes for COCO [121] and 1203 for LVIS [67] , which are insu�cient for real-

world application. Enriching the detection vocabulary with manual annotation is

notoriously expensive. Therefore, Open-Vocabulary Detection (OV-Det) [218, 47,

159] is proposed to expand the vocabulary autonomously, with the help of text

descriptions.

The key point of OV-Det is to establish the correspondence between the text de-

scription and local image region that refer to the same object-of-interest. The recent

success of the large Vision-Language Model (VLM) has brought great inspiration to

OV-Det, because VLM shares a similar objective, i.e., it learns visual-semantic cor-

respondences between text description and holistic image. Therefore, many recent

works [217, 237, 117, 93] leverage the pretrained visual-semantic correspondences in
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Figure 7.1 : We view the semantic and positional ambiguities in OV-Det from a

unified contrastive learning viewpoi t, i.e., they both inn cur negative samples. We

note that a negative sample with “semantic / positional” offset is more difficult

than negative samples with “semantic + positional” offsets. Therefore, the pro-

posed DeCo decouples them and contrasts a positive sample with the hard negative

samples (semantic / positional distraction) orthogonally.

VLMs, e.g., CLIP [156], for cross-modality association.

There are two well-recognized challenges for OV-Det to utilize the VLMs, i.e.,

the semantic and localization ambiguities . 1) Semantic Ambiguity: Since the VLMs

are employed in an o↵-the-shelf manner, the domain gap between pretraining and

detection data makes their visual-semantic correspondences unfit for the object-of-

interest and thus incurs semantic ambiguity. 2) Localization Ambiguity: Since the

VLMs are trained with holistic image (rather than local patch) and usually apply
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random-crop augmentation for position robustness, their visual-semantic correspon-

dences are not sensitive to the positional o↵set. Previous literature can be divided

into two streams w.r.t. these two challenges. One stream attempts to mitigate the

semantic gap between proposals and text embeddings, through direct region-wise

distillation [66], novel fusion strategy on prediction score [93], CLIP-conditioned pro-

posal generation [217], or novel pseudo-labeling assignment [55]. The other stream

seeks to mine and establish fine-grained region-text alignment via large-scale pre-

training [136, 234, 211].

This chapter jointly considers these two challenges from a unified contrastive

learning viewpoint and proposes a “Decouple-to-Contrast” (DeCo) paradigm. Fig. 7.1

illustrates our key idea: no matter which type of ambiguity happens, the detector

may confuse a positive sample with a negative one. Therefore, contrasting these

negative samples (blurred with either semantic or positional o↵set) against positive

samples can help eliminate the ambiguities. Based on this unified contrastive learn-

ing viewpoint, another important insight is: although these two ambiguities usually

occur simultaneously, decoupling them as two independent factors for negative sam-

ples is beneficial. It is because compared with the negative samples with “semantic

+ positional” o↵sets, a negative sample with only “semantic / positional” o↵set is

more similar to the positive sample and is thus more di�cult. Combining these two

insights, we reach our idea of decoupling the semantic / positional ambiguity and

eliminating them in the unified contrastive framework.

We implement DeCo under the popular DETR-style pipeline [20, 240]. We think

the DETR-style pipeline is a good choice for our requirement of decoupling ambi-

guities, because recent DETR-style detectors [123, 221] explicitly disentangle their

object queries into content (semantic) and positional embedding. More concretely,

the object queries in DETR-style detectors may be viewed as initial proposals to be

refined through the decoder. Given an initial object query, DeCo injects the decou-
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pled semantic / positional distraction into the content / positional embedding in an

orthogonal manner: injecting distraction to one embedding while maintaining the

other embedding unchanged. Then DeCo trains the decoder to discriminate those

hard negative queries through contrastive learning.

To be more specific, we introduce two parallel branches of contrastive learning.

The first branch contrasts the semantic-negative queries with the positive query.

Given an object query, we find some semantic neighbors from the text embedding

space and then add these semantic neighbors to the content embedding of the query.

The output states of these semantic negative queries are compared with the positive

query through contrastive loss (InfoNCE [144], in particular). In analogy to the

semantic branch, the second branch adds positional o↵sets onto the positional em-

bedding and uses them as negative queries. During inference, DeCo removes these

two branches and resumes the conventional DETR-style pipeline, thereby having a

negligible increase in computational overhead. Extensive experiments and ablation

analysis verify the e↵ectiveness of the proposed method. For example, on COCO,

DeCo achieves 32.3 AP on novel classes, setting the new state-of-the-art.

The contribution of this chapter can be summarized as:

• We propose to jointly mitigate the semantic and positional ambiguities for

open-vocabulary detection (OV-Det) from a unified contrastive learning view-

point.

• We decouple these two ambiguities into two independent factors for generating

negative samples, because a negative sample with only “semantic / positional”

o↵set is more di�cult than negative samples with “semantic + positional”

o↵sets.

• Extensive experiments are conducted on OV-Det benchmarks, and the results

show that our method achieves the new state-of-the-art.



Figure 7.2 : Schematic of the proposed “Decouple to Contrast” (DeCo). During

training (left), DeCo injects semantic / position distractions to the content query /

positional query in an orthogonal manner, i.e.fixing the semantic part and disturb-

ing the position part and vice versa. The detailed method for injecting the semantic

and position distractions are illustrated in Section 7.2.3 (Fig. 7.3) and Section 7.2.4

(Fig. 7.4), respectively. After feeding them into the decoder, we impose contrastive

learning schemes on them accordingly, thus mitigating these ambiguities in an or-

thogonalized manner. During inference (right), we remove these two contrasting

branches. Given a query, we find its nearest CLIP text embedding, fuse its semantic

part with the matched CLIP embedding, and then feed it into the decoder to make

a prediction.

7.2 Methodology

7.2.1 Preliminaries

Problem Setup. Given an image I ∈ R
H×W× , the detector is required to

detect objects in it with their coordinates of bounding boxes and semantic classes.

Conventional detection pipeline assumes the training set and the test set hold the

identical label space, i.e., Ctrain = Ct st. Instead, Open-Vocabulary Detection (OV-

Det) considers a more realistic scenario that the test set contains novel objects that

do not occur during training, i.e., Ctrain = Cbas but Ct st = Cbas 

⋃
Cnov l. The

main objective for OV-Det is to generalize to both base classes and novel ones with
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the aid of text descriptions. Following [234, 211], we use the text encoder inherited

from CLIP [156] and encode class names with prompt templates to obtain the text

embeddings for each class, which are denoted as {t1, t2, · · · , tc}.

General DETR pipeline. DETR [20] formulates object detection as a set pre-

dictions problem, which consists of a backbone, encoder-decoder transformer, and

prediction Feed-forward Networks (FFNs). Given an image, DETR first employs

a backbone and DETR-encoder to transform it into a sequence of feature tokens,

i.e., X = {x1, x2, · · · , xd}. Second, DETR sends these feature tokens and a set

of queries {qi}ni=1 into the transformer decoder. Within the decoder, these queries

interact with the feature tokens through cross-attention and gradually get refined.

Third, DETR employs prediction FFNs to derive predictions P = {p1, p2, · · · , pn}

with taking the refined queries as the input. Finally, DETR performs bipartite

matching between predictions and the ground truth. The matching process asso-

ciates predictions to the ground-truth objects by minimizing their matching cost,

which considers both positional overlap and semantic consistency. After matching,

DETR assigns corresponding labels to these predictions and imposes supervision

accordingly.

As investigated in Conditional DETR and DAB-DETR, queries in DETR [20]

consist of two elements, the positional embedding and content embedding, which

are referred as positional query and content query in this chapter.

In the following sections, we first provide an overview of the proposed frame-

work and explain the core motivation behind DeCo (Sec 7.2.2). Then we elaborate

on how to reduce ambiguity regarding semantics and positions in Sec. 7.2.3 and

Sec. 7.2.4, respectively. Finally, we detail the training objectives and inference pro-

cess in Sec. 7.2.5.
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7.2.2 Overview: Decouple to Contrast

As depicted in Fig. 7.2, DeCo first decouples each query into the content query

and the positional query, and then reduces their ambiguities through contrastive

learning in an orthogonal manner. The orthogonal manner, in our definition, is to

fix one (out of two) query and to disturb the other one. Specifically, for the positional

contrasting, DeCo introduces distractions onto the positional query while fixing its

content part, and then leverages contrastive learning to reduce the position ambigu-

ity. Similarly, for the semantic contrasting, DeCo introduces distractions onto the

content query while maintaining its position, and then leverages another contrastive

learning to eliminate the semantic ambiguity. The rationale here is: compared with

samples that have two ambiguities (“semantic + positional”), samples with only

one distraction (semantic or positional) is more challenging, e.g., high objectiveness

but ambiguous semantic meaning in the text latent space. According to the good

practice in contrastive learning [164, 86], these hard negative samples are more infor-

mative for eliminating ambiguities. Therefore, we contrast the positive query with

those hard negatives, and thus e�ciently align the detector according to the text

latent space.

7.2.3 Semantic Contrasting

The inherent gap between vision and language leads to semantic mismatches

between query features and their corresponding text descriptions. Although CLIP

has helped alleviate this gap to some extent, it still has a considerable gap with

specialized detectors. In response to the semantic ambiguity, DeCo calibrates the

semantic feature space between queries and CLIP in a contrastive learning manner.

Fig. 7.3 provides a detailed illustration of the semantic contrasting scheme. For

each object query q = [qs, qp] (qs and q
p are the semantic and positional part ac-

cordingly), we compare its semantic part against all the CLIP text embeddings and
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find its top-k nearest neighbors {ti} (i = 1, 2, · · · , k). In practice, this comparison

is implemented through a linear classification head consisting of all the CLIP text

embeddings (as in [237]). After comparison, we select the top-k neighbors {ti} and

inject them into the semantic part of the object query. The injection is implemented

by vector addition, i.e., adding each neighbor onto the semantic query [qs + ti, q
p].

If k is large enough, these top-k neighbors will cover the ground-truth class of

the object query. Injecting the ground-truth CLIP embedding into the semantic

query improves the object query and thus derives a positive query, while the other

(k � 1) CLIP embeddings (from the top-k) incur semantic distractions and derive

(k�1) negative queries. In practice, we set k = 3, resulting in 1 positive query and 2

negative queries. These k queries are then fed into the decoder, which is formulated

as:

q
0
i
= hdec([q

s + ti, q
p],X), i = 1, 2, · · · , k, (7.1)

where ti is the i-th nearest neighbor for query q and X is the feature tokens from

the encoder. hdec denotes the decoder, and q
0
i
is a corresponding output from the

decoder.

Eqn. 7.3 depicts only a single query q and its k decoder outputs for easy un-

derstanding. Since there are actually multiple (e.g., 300) queries selected from the

encoder output, we have 300⇥ k decoder outputs in total. Given all these outputs,

we utilize bipartite matching to associate them to the ground truth. If an output

q
0
j
is associated with a ground-truth object, we select it as a positive sample for

semantic contrasting. Meanwhile, we select all the (k � 1) outputs from the same

query as its negative samples. Specifically, we use the popular InfoNCE [144] loss to

contrast the positive q0
j
and the other (k� 1) negative outputs, which is formulated
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Figure 7.3 : Illustration of Semantic Contrasting. For each object query, we search its

k-nearest neighbors of class text embeddings and inject them to form a contrastive

group. After feeding each group into the decoder and the matcher, we identify

the queries successfully matched with the ground truth (green). Then we impose

contrastive loss on groups have matched queries, to clarify their semantic ambiguities

in the text latent space.

as:

Ls�con = �log
exp((q0

j
� q

0
j
)/⌧)

P
k

i=1 exp((q
0
i
� q

0
j
)/⌧)

, (7.2)

where ⌧ is the temperature and is set to 0.02 empirically, � denotes the cosine

similarity.

We note that during bipartite matching, many (most) queries have NULL posi-

tive outputs, i.e., none of its k outputs is matched to the ground-truth object. For

those queries, we do not enforce any contrastive learning, and simply ascribe them

into the “non-object” class in the optimization of DETR.

7.2.4 Positional Contrasting

The position ambiguity between VLMs and the specialized object detector arises

from their discrepancy in object recognition. CLIP prioritizes semantic matching
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in holistic images while neglecting the positional variation inside images, i.e., con-

firming the presence of an object without determining its location. In contrast,

the detector is expected to precisely capture the positions of objects and identify

their semantic classes. In light of this, this chapter develops a simple positional

contrasting paradigm to reduce the position ambiguities in an end-to-end manner.

Fig. 7.4, illustrates the positional contrasting branch. It disturbs the position

part of each query while suppressing its semantic ambiguity. Specifically, given

an object query, we first suppress its semantic ambiguity by merging ground-truth

semantics, i.e., adding the CLIP text embedding of the ground-truth object into its

content part. Afterward, we disturb its position embedding to generate a positive

query (through slight positional jitter) and a negative query (through relatively large

positional distractions). The details are as below:

• Slight positional jitter for a positive query. Augmenting the positive query

with slight jitter is a good practice from DN-DETR [101]. For a bounding box with

coordinates (x, y, w, h), we jitter its position into (x+⇢%w, y+⇢%h, w+⇢%w, h+⇢%h),

where ⇢ controls the noise scale and % is a random number drawn from (�0.5, 0.5).

• Large positional o↵set for generating a negative query. To generate a positional

negative query, we disturb the original object query with large positional o↵sets. We

design two alternative approaches, i.e., random noising as in DINO [221] and po-

sitional shu✏ing. The random noising is similar to the manner of augmenting a

positive query, except that the noise scale is much larger, i.e., [⇢, 2⇢]. The positional

shu✏ing randomly exchanges the position of di↵erent queries within the same mini-

batch. Empirical studies show that these two approaches are both e↵ective, and the

latter performs better (Sec. 7.3.3). We postulate the reason is: the o↵set approach

mainly draw attention to foreground-background ambiguity, which barely benefits

discriminating di↵erent classes. In contrast, the shu✏ing is performed among fore-
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Position
Embedder

DETR
Decoder

CLIP Text
Encoder

[0.1, 0.1, 0.3, 0.4] Cat
[0.4, 0.2, 0.2, 0.1] Toy
[0.5, 0.7, 0.2, 0.3] Dog

Positional Distraction

Positive

Negative

Figure 7.4 : Illustration of Positional Contrasting. Given a ground-truth object, we

retrieve its class name and position, and then encode them with CLIP text encoder

and position embedder separately. With their combinations as positive queries, we

add position distractions on them to form negative queries, and feed them into

the decoder together. Finally, positive queries are encouraged to match with the

actual position and semantics while the others are excluded as “non-object” in the

matching loss.

ground regions, therefore focusing on discriminating different foreground regions.

According to common sense in contrastive learning, contrasting different fine-grained

classes (within the foreground) against each other helps generalization towards novel

classes, which is the keynote of OV-Det.

Given the positional positive and negative queries, DeCo contrasts them by ap-

plying different supervisions. Specifically, positive queries are urged to perform

classification and position regression while the negatives are excluded into the “non-

object” class. In particular, the above contrasting paradigm can be integrated the

LHungarian of [240] seamlessly, i.e., Lbox and Lfocal on positives for box regression

and classification while also the Lfocal excludes the negatives into the “non-object”

class.
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Table 7.1 : COCO [121] Open-vocabulary Object Detection Benchmark. Here we

use CLIP[Caption] / CLIP[prompt] / CLIP[image] to denote the supervision en-

coded with CLIP [156]from di↵erent sources, i.e., captions, prompts, and image

proposals. We use “Bboxs” to denote the bounding box annotation. VBase and

VNovel denote samples from the base and novel classes. MRCNN / FRCNN denote

Mask-RCNN [68] / Faster-RCNN [161], and FPN is feature pyramid networks [119]

Method Architecture
# Proposals

(Train / Val)
Supervision on VBase Supervision on VNovel Resolution

Results

APb APb

novel
APb

base

OVR-CNN [218] [CVPR21] R50c4+FRCNN 2000/1000 CLIP[Captions] + Bboxs CLIP[Captions] 800 46.0 22.8 39.9

ViLD [66] [ICLR22] R50+FPN+MRCNN 1000/1000 CLIP[Prompts][Images] + Bboxs CLIP[Prompts] 1024 51.3 27.6 59.5

RegionClip [234] [CVPR22] R50c4+MRCNN 2000/1000 CLIP[Prompts] + Bboxs CLIP[Prompts] 800 42.7 14.2 �

RegionClip [234] [CVPR22] R50c4+MRCNN 2000/1000 CLIP[Captions] + Bboxs CLIP[Captions] 800 47.5 26.8 �

Detic [237] [ECCV22] Res50+F-RCNN 1000/1000 CLIP[Prompts] + Bboxs CLIP[Prompts] 800 44.7 24.1 �

PromptDet [52] [ECCV22] R50-FPN+MRCNN 1000/1000 CLIP[Prompts] + Bboxs CLIP[Prompts] 640 50.6 26.6 �

OV-DETR [217] [ECCV22] R50+DeformDETR 4500 / 19500 CLIP[Prompts][Images] + Bboxs CLIP[Prompts] 800 52.7 29.4 61.0

F-VLM [93] [ICLR23] R50 + FPN +MRCNN 1000/1000 CLIP[Prompts] + Bboxs CLIP[Prompts] 1024 39.6 28.0 �

VLDet [117] [ICLR23] R50c4+FRCNN 1000/1000 CLIP[Captions] + Bboxs CLIP[Captions] 800 44.6 30.0 �

VLDet [117] [ICLR23] R50c4+FRCNN 1000/1000 CLIP[Prompts] + Bboxs CLIP[Prompts] 800 42.8 28.2 �

Ours R50+DeformDETR 1000 / 300 CLIP[Prompts] + Bboxs CLIP[Prompts] 800 53.5 30.1 62.6

Ours R50+DeformDETR 1000 / 300 CLIP[Captions] + Bboxs CLIP[Captions] 800 55.0 32.3 64.0

7.2.5 Training Objectives and Inference.

The overall training objectives are as follows:

L = LHungarian + �sLs�con. (7.3)

We choose LHungarian following Defromable DETR [240], which consists of a classi-

fication loss (Lfocal [120]), a L1 regression loss, and a GIoU loss [162].

During training, the semantic contrasting branch and the positional contrasting

branch work in a parallel manner. Especially, we apply attention masks for self-

attention modules in the decoder like [101, 84], thereby preventing their interactions

and ground truth leakage.

Inference. As shown in Fig. 7.2 (Right), both branches are removed during the
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Table 7.2 : Transfer Detection Benchmark. The generalization results on the test set

of PASCAL-VOC [48] and the validation set of COCO, where the model is trained

on LVIS but replaces its classifier with corresponding text embeddings.

Method
Pascal VOC COCO

APb

50 APb

75 APb APb

50 APb

75

ViLD-text [66] [ICLR22] 40.5 31.6 28.8 43.4 31.4

ViLD [66] [ICLR22] 72.2 56.7 36.6 55.6 39.8

OV-DETR [217] [ECCV22] 76.1 59.3 38.1 58.4 41.4

F-VLM [93][ICLR23] � � 32.5 53.1 34.6

Ours 77.1 60.4 39.3 59.0 43.1

inference. For each selected query, we attach it with its nearest text embedding and

fuse them as element-wise sum, then feed them into the decoder and the prediction

FFNs for predictions. Therefore, the proposed designs actually brings negligible

computation overhead for inference.

7.3 Experiments

7.3.1 Experimental Setup

Dataset. Following common practice [218, 66], We evaluate the proposed

method on two standard open-vocabulary detection benchmarks based on COCO [121]

and LVIS [67], which is denoted as OV-COCO and OV-LVIS afterward.

LVIS [67] provides ample annotations (i.e., masks and bounding boxes) for 100K

images that span over 1203 classes. The classes can be divided into three groups,

i.e., frequent, common, and rare based on their proportion in the dataset. In line
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with ViLD [66], the 337 rare classes are excluded from the training set and evaluated

as novel classes during the evaluation. And the frequent and common classes are

treated as base classes (866 in total).

COCO [121] is a widely-adopted object detection dataset, which provides anno-

tations of 80 categories with 118K images. Following the zero-shot split in [3, 218],

after removing 15 classes according to the WordNet hierarchy, 48 classes are chosen

as base classes and the other 17 are novel classes. The training / validation sets

follow the o�cial setup but only images containing at least one common object are

included in the training set.

Besides, following [218, 117, 237], we adopt COCO-Caption [29] and CC3M [174]

to o↵er captions for COCO and LVIS, respectively.

Implementation Details. The detector setup follows OV-DETR [217], i.e.,

ResNet50 [69] backbone and Deformable DETR [240]. As examined in OV-DETR,

this model setup is generally in line with the capacity of Mask-RCNN, guarantee-

ing a fair starting point for comparison. The model is trained for 50 epochs with

the batchsize of 16, where the model is optimized with the AdamW optimizer.

Like ViLD [66], we adopt the open-source CLIP model based on ViT-B/32 for ex-

tracting text embeddings, and obtain the text embeddings of classes with prompt

templates. The segmentation results are obtained following the training recipe from

OV-DETR [217], where an additional masking head is attached for mask prediction.

⇢ is set to 0.2, k is set to 3, and �s�con is 2.0 for all experiments.

Evaluation. Following common practice, on OV-LVIS, we report the mask

mAP for novel and overall classes, respectively. For OV-COCO, we report the box

AP50 (at IoU of 0.5) for the base and overall classes accordingly. APm denotes the

mask AP and AP
b denotes the box AP.
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Table 7.3 : LVIS [67] Open-vocabulary Object Detection Benchmark. We use

CLIP[Caption] / CLIP[prompt] / CLIP[image] to denote the supervision encoded

with CLIP [156] from captions, prompts, and image proposals, respectively. “Bboxs”

and “Masks” denote the bounding box and mask annotation. VBase and VNovel de-

note samples from the base and novel classes.

Method Architecture
# Proposals

(Train / Val)
Supervision on VBase Supervision on VNovel Resolution

Results

APm

novel
APm

ViLD [66] [ICLR22] R50+FPN+MRCNN 1000/1000 CLIP[Prompts][Images] + Bboxs + Masks CLIP[Prompts] 1024 16.6 25.5

RegionClip [234] [CVPR22] R50c4+MRCNN 2000/1000 CLIP[Captions] + Bboxs+ Masks CLIP[Captions] 800 17.1 28.2

Detic [237] [ECCV22] R50+CenterNet2 1000/1000 CLIP[Prompts] + Bboxs+ Masks CLIP[Prompts] 1024 17.8 26.8

OV-DETR [217] [ECCV22] R50+DeformDetr 4500/390K CLIP[Prompts][Images] + Bboxs+ Masks CLIP[Prompts] 800 17.4 26.6

F-VLM [93] [ICLR23] R50+FPN+MRCNN 1000/1000 CLIP[Prompts] + Bboxs + Masks CLIP[Prompts] 1024 18.6 24.2

VLDet [117] [ICLR23] R50c4 + CenterNet2 1000/1000 CLIP[Captions] + Bboxs+ Masks CLIP[Captions] 640 20.4 30.4

VLDet [117] [ICLR23] R50c4 + CenterNet2 1000/1000 CLIP[Prompts] + Bboxs+ Masks CLIP[Prompts] 640 18.9 31.2

Ours R50+DeformDETR 1000/300 CLIP[Prompts] + Bboxs + Masks CLIP[Prompts] 800 19.6 32.1

Ours R50+DeformDETR 1000/300 CLIP[Prompts] + Bboxs + Masks CLIP[Prompts] 1024 20.2 32.4

Ours R50+DeformDETR 1000/300 CLIP[Captions] + Bboxs + Masks CLIP[Captions] 800 21.3 32.8

7.3.2 Comparison with Previous Methods.

OV-COCO and OV-LVIS benchmark. Table 7.1 and Table 7.3 show the

comparison on OV-COCO and OV-LVIS accordingly, from which we draw three

observations as below:

1) Compared with previous methods, our DeCo shows consistent superiority against

them on both datasets, e.g., + 2.1 and + 1.0 APnovel on OV-COCO and OV-LVIS

than F-VLM, respectively.

2) Regarding the number of employed proposals / queries, our DeCo is e�cient. We

note that the proposals (in Faster-RCNN decoders) and the queries (in DETR-style

detectors) have a similar role because they both can be viewed as coarse candidates

to be refined. Generally, using more proposals / queries improves the detection

at the cost of more computation. Our DeCo uses relatively fewer queries while

achieving higher mAP, and is thus e�cient comparably.
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Table 7.4 : Contribution of the proposed branches on OV-COCO and OV-LVIS.

w.r.t.Semantic Contrasting (SemCon) and Positional Contrasting (PosCon).

SemCon PosCon
OV-COCO OV-LVIS

APb APb

novel
APm APm

novel

X X 53.5 30.1 32.1 19.6

X 51.4 28.2 30.9 17.1

X 52.0 29.1 31.5 17.6

39.2 2.1 22.4 0.0

2) Comparing DeCo under two di↵erent settings, i.e., using prompts (32.2 APm) and

using captions (33.3 APm), we find that DeCo benefits from using more detailed text

descriptions (the caption). This is another evidence that DeCo makes good use of

the CLIP knowledge.

Transfer Detection Benchmark. Following [66, 217], we also explore the

potential of DeCO as a generalizable detectors with text descriptions. For fair

comparison, we adopt the same settings: we train the detector on LVIS and transfer

it to Pascal VOC and COCO by replacing the text embeddings of class vocabularies.

As shown in Table 7.2, the proposed DeCo presents good generalization. It surpasses

the previous methods by a clear margin, e.g., + 1.0 AP50 than OV-DETR on Pascal

VOC.

7.3.3 Ablation Studies and Analysis.

In this section, we investigate the major components and characteristics of DeCo

through comprehensive ablations.
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Figure 7.5 : (a)(b) Comparison of inference speed on COCO (a) and LVIS (b). (c)

Comparison under di↵erent numbers of semantic neighbors, i.e., k. (d) Sensitivity

analysis to �s, the coe�cient for the semantic contrastive loss. Note experiments

report here adopt the 1 ⇥ schedule for training e�ciency.

Contribution of semantic / positional contrasting. In Table 7.4, we grad-

ually remove the semantic and position contrasting branches. It is observed that

adding the semantic / positional contrasting both bring significant improvement

(over the baseline in the last line). Moreover, combining these two branches brings

further improvement, e.g., “semantic contrasting + positional contrasting” is higher

than semantic contrasting / positional contrasting by +1.0 / +1.9 APNovel on COCO

and + 2.0 / +2.5 APNovel on LVIS. Therefore, we infer that these two components

are both e↵ective, and jointly achieve complementary benefit.

Analysis on the contrastive learning details. For a deep understanding of

the two contrasting branches, we replace or modify some detailed designs in Table

7.5.

First, in Line #1, we enforce the semantic contrastive loss Ls�con onto all query

groups, instead of onto the groups that have ground-truth matches. It leads to an

obvious drop, e.g., 2.8 APNovel on OV-COCO. It is because aligning text embeddings

with semantic-confusing queries (i.e., partial or multiple objects) can be harmful to

the calibration between CLIP and the detector. Then in Line #2, we change the

semantic neighbors to k random text embeddings instead of k-nearest ones. It leads

to -1.6 APNovel decrease and verifies our intuition that the hard negatives are more
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Table 7.5 : Ablation analysis on the semantic contrasting (SemCon) and positional

contrasting (PosCon). Results here are obtained with the 1 ⇥ training schedule.

Modification
OV-COCO

AP APnovel

#0 DeCo (1 ⇥ schedule) 50.6 27.1

#1 SemCon: Apply Ls�con on all queries 47.8 24.3

#2 SemCon: Random semantic neighbors 48.4 25.5

#3 PosCon (Position Jittering) 49.2 26.2

useful for suppressing the semantic ambiguity.

Second, in Line #3 of Table 7.5, we present the results of applying large po-

sitional o↵set for negative queries in positional contrasting. Compared with Line

#0 (which uses the position shu✏ing for positional contrasting), it decreases -1.4

AP and -0.9 APNovel. Therefore, we recommend the shu✏ing manner for gener-

ating positional negative queries. The reason is that positional o↵set encourages

foreground-background discrimination, which benefits little for the region-text a�n-

ity. In contrast, the positional shu✏e can foster such a�nity through contrastive

learning between text embeddings and foreground queries.

Analysis on inference speed. In Fig. 7.5 (a)(b), we compare the inference

speed of three DETR-style detectors, i.e., the Deformable DETR [240] baseline,

OV-DETR [217] and our DeCo on COCO and LVIS respectively. It is observed that

OV-DETR incurs significant latency over the baseline, especially when the number

of classes is large (on LVIS). This is because OV-DETR needs to combine each

query with text embeddings from all the potential classes, therefore increasing the

computational cost within the decoder by N⇥ (N is the total class number). In

contrast, our DeCo only brings a very slight increase in computational overhead,
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because it uses the default 300 queries.

Hyper-parameter analysis. Here we analyze the sensitivity to hyper-parameters.

Experiments here use the 1⇥ schedule for e�ciency. First, in Fig. 7.5 (c), we vary k,

i.e., the number of semantic neighbors, and compare their results. We can observe

that performance improves as k increases initially but get saturated latterly. The

reason is that k = 3 essentially includes meaningful hard negative samples while too

large may bring some easy negative samples, which contribute less to the reduction

of semantic ambiguity. Second, in Fig. 7.5 (d), we present the sensitivity analysis to

�s, the coe�cient in Eqn. 7.3. With a wide range of �s (0.1-2.0), the performance

su↵ers very limited fluctuations but yields consistent improvements, showing our

method is not sensitive to the selection of �s.

Visualizations. In Fig. 7.6, we visualize the a�nity between encoder features

and several query formulas. As we can observe, the CLIP embeddings show appar-

ent position ambiguities, i.e., weak a�nity with the corresponding regions. Instead,

the proposed fusion strategy derives more explicit and reasonable region-query cor-

respondences, further validating the e↵ectiveness of the proposed method.

7.4 Conclusion

In this chapter, we propose “Decouple to Contrast” (DeCo), a novel OV-Det

method that jointly mitigates the semantic and position ambiguities from the unified

contrastive learning viewpoint. Specifically, DeCo decouples these two ambiguities

into two orthogonal factors for generating negative samples, because a negative

sample with only “semantic / positional” o↵set is more challenging than negative

ones with “semantic + positional” o↵sets. Extensive experiments are conducted on

OV-Det benchmarks, and the results show that DeCo achieves the new state of the

art.



122

Original Image

CLIP embedding

Original Query

Fused Query

Original Image

CLIP embedding

Original Query

Fused Query

Figure 7.6 : Visualization of the a�nity between encoder features and several vari-

ants of queries, i.e., default queries, corresponding CLIP embeddings, and their

fusions with DeCo. Results here are drawn from experiments on COCO.
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Chapter 8

Conclusion and Future Works

Concluding my exploration, this thesis has navigated the intricate landscape of gen-

eralization within computer vision, a pivotal domain in the era of dynamic and

evolving data environments. I embarked on a journey to unravel the two fundamen-

tal facets of generalizability: adapting to novel structures and accommodating novel

categories.

My exploration in generalization with unseen visual structures uncovered the

significance of structural knowledge extraction from diverse visual scenarios, encom-

passing 2D and 3D rigid scenes, as well as non-rigid structures. Through meticulous

investigation, I unearthed the obstacles that hinder generalization, ranging from

layout distribution disparities to disruptive dropout noises and variations in inter-

joint relationships. The developed strategies, including layout matching, adversarial

masking, and the “decompose to generalize” paradigm, provided e↵ective solutions

to enhance adaptability and generalizability across these diverse scenarios.

Furthermore, my pursuit of generalizing to novel categories addressed the piv-

otal questions of distinguishing and classifying previously unseen object categories.

I tackled the ”category shift” problem by introducing a clustering pipeline that

e↵ectively separates known from unknown categories based on cross-domain con-

sensus knowledge. In parallel, I leveraged cross-modality insights from Vision-

Language Models (VLMs) to discern distinctions between known and novel cate-

gories through discriminative mappings in the latent text space. The “decouple to

contrast” methodology emerged as a key innovation to mitigate ambiguities between
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visual and text representations.

Overall, this thesis has made substantial contributions to the field of computer

vision by providing e↵ective techniques and methodologies for enhancing general-

izability across diverse environments and data distributions, encompassing various

structural forms and dynamic scenarios. Furthermore, my approaches for general-

izing to novel object categories have been rigorously tested and validated, o↵ering

promising prospects for real-world applications where adapting to unforeseen chal-

lenges is paramount. As the landscape of computer vision continues to evolve, the

insights and strategies presented in this thesis pave the way for more robust and

adaptable vision models in dynamic environments.

While this research has significantly improved generalizability, several exciting

avenues for future exploration remain:

Generalizing Foundation Models to Novel Distributions. Despite the

promising generalizability demonstrated by foundation models, they can still be vul-

nerable when confronted with extreme or rare scenarios. I aim to develop methodolo-

gies to identify and handle the Out-of-Distribution (OOD) scenarios, thereby further

enhancing the generalizability of foundation models with the complex worlds.

Generalizing to Novel Categories with Multi-Modal Knowledge. In-

spired by advancements in Vision-Language Models, my research aims to leverage

multi-modal knowledge to enhance open-world generalizability. Besides discovering

novel categories, open-world generalization requires a more comprehensive under-

standing of the unseen world, encompassing aspects such as human-object inter-

actions, attribute recognition, and more. The abundance of language cues o↵ers

significant potential in this endeavor. By combining language and vision e↵ectively,

I aim to advance generalizability and adaptability with complex visual scenes by

mining fine-grained details and concepts.
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In conclusion, my Ph.D. research has primarily centered around addressing the

generalization problem within a diverse array of visual structures. However, recent

advancements in foundational models and generative models have reached an im-

pressive pinnacle that surpassed my initial expectations. Sadly, these models have

showcased remarkable generalizability, rendering my previous research somewhat

obsolete. Nonetheless, I firmly believe that there remains a long run ahead for

vision foundation models to attain the level of generalizability exemplified by Chat-

GPT in Natural Language Processing. This is because the realm of computer vision

involves intricate and dynamic low-level properties as well as complex high-level

concepts that cannot be comprehensively captured solely through the expansion of

training datasets and annotations.
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