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ABSTRACT

Towards Structured Visual Percpetion

by

Liulei Li

Human visual perception, the foundation for our understanding of the world,

is characterized by its ability to interpret scenes as structured, coherent wholes

rather than mere collections of isolated objects. Despite deep learning has driven

significant progress in computer vision, current visual perception models still fall

short in achieving this holistic comprehension. This thesis argues that attaining

human-like visual intelligence requires a fundamental shift towards structured visual

perception, and presents a body of research effort to develop computational methods

that can explicitly model, learn, and reason with visual structures.

This dissertation advances this vision through three interconnected and pro-

gressively deepening research thrusts. First, I model dynamic visual structures by

leveraging temporal correspondences to capture the evolution of scenes and objects

over time. Then, the focus is extended to spatial relational structures, developing

approaches to uncover the rich connections between objects and their components

to build structured representations of scenes. Finally, I investigate general princi-

ples for structured perception through the integration of symbolic knowledge, using

commonsense or domain-specific constraints to guide both the learning and inference

processes of deep models. Collectively, this thesis outlines a comprehensive roadmap

towards equipping machines with visual intelligence that more closely emulates the

structured, holistic nature of human visual perception.

Dissertation directed by Prof. Yi Yang, Dr. Wenguan Wang, Prof. Xiaojun Chang

Australian Artificial Intelligence Institute, University of Technology Sydney
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Chapter 1

Introduction

Our knowledge of the world is deeply rooted in the visual perception of the real

environment [325]. Pioneering research in cognitive and biological psychology [224]

has revealed that nearly half of the cerebral cortex is devoted to processing visual

information, and approximately 90 percent of the data transmitted to the brain is

visual in nature. This profound visual faculty underpins our intuitive understanding

of complex scenes, our ability to navigate dynamic environments, and our capacity

for advanced interaction and learning. Consequently, endowing artificial intelligence

with analogous visual perception capabilities is not merely an ambitious technical

challenge but a fundamental pursuit towards creating truly intelligent systems [21].

In recent years, the field of computer vision has witnessed remarkable advance-

ments. Driven by the deep learning revolution [156], models based on convolutional

neural networks [149] and, more recently, vision Transformers [61], have significantly

enhanced the ability of machines to recognize visual content. These advances have

led to systems that demonstrate impressive performance in tasks such as object

detection [89, 355], image segmentation [329, 398], and instance recognition [318],

providing machines with a foundational, albeit still limited, sense of sight.

However, the core challenge in equipping machines with human-like visual per-

ception lies not merely in comprehending individual components within a scene, but

also their inter-relations, organizations, and dynamic evolutions. This transcends

category-level interpretations and strives towards a structured perception of the

visual environment. Such a holistic perspective is vital for facilitating complex
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reasoning, fostering robust generalization to novel configurations, and ultimately

emulating the visual intelligence [14] embedded in human cognition.

This thesis presents our research on developing methods and mechanisms for

structured visual perception, approached through three closely related and progres-

sively advancing perspectives. First, I explore the modeling of structures inherent

in dynamic visual information, in leverage of the visual correspondence across tem-

poral observations to uncover how objects and scenes interact and evolve over time.

Subsequently, the focus is extended from the temporal to the spatial dimension,

studying the structural organization within visual scenes. This involves delving

into relational modeling to capture the rich connections between objects and their

components, which often leads to a structured representation (e.g., graph-based or

hierarchical) of scenes. Finally, moving beyond the tailored consideration to spe-

cific structural types, I investigate a general principle to realize structured visual

perception through knowledge integration. This seeks to inform visual perception

models with explicit symbolic knowledge — such as commonsense or domain-specific

constraints — during both learning and inference processes. The following sections

provide a detailed explanation for each perspective.

1.1 Learning Temporal Structures from Visual Correspon-

dence

Visual correspondence matching across observations at different time steps is

a fundamental problem in computer vision, empowering critical applications such

as scene understanding [169], object dynamics modeling [88], and 3D reconstruc-

tion [147]. A primary obstacle in this area is the difficulty of supervising representa-

tion learning for visual correspondence, as dense manual annotations are costly and

synthetic data often lacks real-world generalizability. Our research [168, 164, 377, 34]

investigates how self-supervised learning from natural videos can provide rich super-
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visory signals, circumventing the need for explicit labels and enabling models to learn

temporal structures directly from real-world data.

Chapter 3 addresses key limitations in existing self-supervised temporal corre-

spondence learning approaches, which often rely on reconstruction or cycle-consistency

but overlook essential capabilities for robust learning.We identify three such miss-

ing pieces: the capacity for instance discrimination, explicit location awareness in

representations, and consideration for spatial compactness in learned affinities. To

bridge these, we introduce Liir, a locality-aware inter- and intra-video reconstruc-

tion framework featuring three innovations: i) a joint inter- and intra-video re-

construction objective that enhances instance-discriminative features by leveraging

cross-video context; ii) a position-shifting strategy that encodes spatial information

into representations while mitigating absolute position bias; iii) a spatial compact-

ness prior in intra-video pixel affinities, encouraging coherent and localized matches

to regularize training and reduce outliers.

Building on the correspondence features from Liir, Chapter 4 explores self-

supervised one-shot Video Object Segmentation (VOS), a challenging task in tem-

poral structure learning. Existing self-supervised VOS methods often separate cor-

respondence learning from mask propagation, creating a mismatch between training

objectives and inference needs—leading to error accumulation from flow-based warp-

ing. To address this, we propose a new framework that integrates mask embedding

learning—proven effective in supervised settings—into the self-supervised paradigm.

This is achieved via a self-taught cycle alternating between spacetime pixel clustering

for pseudo-mask generation and mask-embedded segmentation learning, supported

by dense correspondence learning. By aligning training with the VOS task and

explicitly modeling the target object, this approach significantly improves robust-

ness and reduces errors, especially under deformation or occlusion. Our method

not only outperforms prior self-supervised techniques but also closes the gap with
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fully-supervised approaches.

1.2 Relation Modeling for Structured Scene Understanding

A fundamental ambition in creating intelligent visual systems is to move beyond

recognizing isolated objects towards a deeper comprehension of how these objects

relate to each other and form coherent, structured scenes. This means perceiving

not just what objects are present, but how they are structured — from part-whole

compositions [259] and spatial-semantic organizations (e.g., a monitor on a desk) to

dynamic interactions [169] (e.g., a person riding a bicycle). This thesis details my

efforts in developing network architectures and learning paradigms that explicitly

model such relational structures. My work [167, 165, 163, 35, 396] focuses on en-

abling machines with the ability to understand both the content and the organization

of visual scenes, which is crucial for complex reasoning and robust generalization.

In Chapter 5, I address the structured organization of semantic categories. Tra-

ditional semantic segmentation treats classes as a flat, disconnected set. However,

humans perceive the world hierarchically (e.g., a car is a type of vehicle, which has

wheels). We propose Hssn, to perform hierarchical semantic segmentation. Instead

of complex architectural changes, Hssn reformulates the task as pixel-wise multi-

label classification and introduces new learning strategies. The key point here is

to enforce that pixel predictions are consistent with a predefined class hierarchy

(e.g., a pixel belonging to car must also belong to vehicle) and to reshape the pixel

embedding space to reflect these hierarchical relationships. This allows existing

segmentation networks to readily incorporate and benefit from explicit structural

knowledge of how semantic concepts relate to one another.

Building on the idea of explicit relational understanding, Chapter 6 tackles the

complex task of Human-Object Interaction (HOI) detection. Understanding HOIs

requires comprehending not just objects and humans, but the specific actions and
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relationships between them. This is challenging due to long-tailed distributions and

the need for zero-shot generalization. We propose DiffusionHOI, a model that

leverages the powerful compositional and semantic understanding capabilities of

large-scale text-to-image diffusion models. The core innovation is to steer these gen-

erative models, typically focused on instance generation, towards modeling relations.

We achieve this through a novel human-object relation inversion strategy, learning

specific embeddings for relations. This allows us to then use the diffusion model to

generate diverse training data for HOIs and to extract relation-conditioned features,

significantly improving the ability of models to recognize and generalize interactions,

especially for rare or unseen cases.

1.3 Structured Knowledge Integration via Neural-Logic Com-

puting

While the ability of deep neural networks to learn complex patterns from vast

amounts of visual data has revolutionized computer vision, current deep learning

models operate primarily function in a sub-symbolic manner. As a result, they of-

ten struggle with systematic generalization beyond the statistical patterns observed

in the training data. This limits their ability to address tasks that demand not just

perception, but high-level understanding and advanced reasoning capabilities [324].

This thesis, therefore, investigates an alternative path towards more robust and

trustworthy visual intelligence through the burgeoning field of neuro-symbolic com-

puting [84, 85]. My specific focus has been on designing and implementing hybrid

systems that combine the inductive learning power of neural networks with the

deductive reasoning and explicit knowledge representation capabilities of symbolic

systems [162, 166]. This aims to create visual understanding models that can not

only perceive and interpret visual semantics but also reason about their interre-

lations, thereby fostering systems that are capable of handling complex situations
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through structured reasoning rather than purely empirical pattern matching.

In Chapter 7, we address the problem of structured visual semantic parsing. Cur-

rent semantic segmentation models often treat semantic concepts as a flat, unrelated

set and lack mechanisms for explicit reasoning. We propose LogicSeg, a system

that interprets visual scenes by explicitly considering the hierarchical relationships

between semantic classes (e.g., a chair is a type of furniture). The key idea is to

represent this hierarchical knowledge using first-order logic. These logical rules are

then translated into differentiable loss functions using fuzzy logic principles, allow-

ing them to directly guide the training of networks. During inference, these logical

constraints are used to refine predictions, ensuring the output is consistent with the

predefined semantic structure. This allows LogicSeg to produce more robust and

interpretable segmentation results that align with symbolic knowledge.

Building on the principles of neuro-symbolic computing, Chapter 8 tackles the

complex task of Human-Object Interaction (HOI) detection. Understanding HOIs

requires reasoning about the relationships between humans, objects, and actions.

We introduce LogicHOI, a neural-logic framework designed to improve both the

accuracy and generalization of HOI detection. The core innovation here is to ex-

plicitly incorporate commonsense knowledge about HOIs, such as object affordances

(e.g., a cup can be held) and proxemics (e.g., riding implies human positioning over

objects), into the learning process. This knowledge is formulated as first-order logic

rules, which are then relaxed into continuous constraints via fuzzy logic to serve as

optimization objectives for the neural network. By doing so, LogicHOI learns to

predict interactions that are not only supported by visual evidence but also con-

sistent with these structured commonsense rules, leading to better performance,

especially in zero-shot scenarios where novel interactions must be inferred.



7

Chapter 2

Literature Review

This chapter surveys the key research areas that provide the foundation for this the-

sis. The review is organized according to the three primary themes of our work: (1)

learning temporal structures from visual data, (2) modeling relational structures for

scene understanding, and (3) integrating structured knowledge via neuro-symbolic

computing. This structure provides a cohesive overview of the state-of-the-art and

contextualizes the contributions made in the subsequent chapters.

2.1 Learning Temporal Structures from Visual Correspon-

dence

2.1.1 Self-Supervised Temporal Correspondence Learning

In the video domain, correspondence matching plays a central role in many tasks

(e.g., video segmentation [114], flow estimation [62, 120] and object tracking [16, 45]).

An emerging line of work tackles this problem in a self-supervised learning paradigm,

by exploiting the temporal coherence in videos. One may group these work into

two major classes. The first class of methods [307, 152, 151] poses a colorization

proxy task, i.e., reconstruct a query frame from an adjacent frame, according to

their correspondence. The latter type of methods [313, 331, 172, 204, 122] performs

forward and backward tracking and penalizes the inconsistency between the start

and end positions of the tracked pixels or regions. The basic idea – cycle-consistency

– is also adopted in un- supervised tracking [313, 384], optical flow [218, 403] and

depth estimation [125, 363].
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2.1.2 Self-Supervised Video Representation Learning

Correspondence learning approaches that use unlabeled video data fall in a broad

field of self-supervised video representation learning. Towards learning transferable

video representation, diverse pretext tasks are proposed to explore different intrinsic

properties of videos as free supervisory signals, including temporal sequence order-

ing [225, 71, 334], predicting motion patterns [2, 295, 243, 79, 311], solving space-time

cubic puzzles [143], anticipating future representations [199, 306], and temporally

aligning videos [65, 59, 394, 395]. The learned representations are compact video de-

scriptors that can be generalized to arious downstream tasks (e.g., action recognition

[103, 104, 337, 253], video captioning [283, 401], video retrieval [222]).

2.2 Relation Modeling for Structured Scene Understanding

2.2.1 Label Structure-aware Semantic Segmentation

Till now, only a rather small number of deep learning based segmentation mod-

els [343, 326, 330, 138, 167] are built with structured label taxonomies. The origin

of this line of research can be traced back to the task of image parsing [326, 330,

294, 281, 282, 102, 361] raised in the pre-deep learning era. Basically, image parsing

seeks for a holistic explanation of visual observation: scenes can be understood as a

sum of novel objects, and the objects can be further broken down into fine-grained

parts. In the deep learning era, the majority of structured segmentation models are

dedicated to human parsing [400, 326, 330, 130], which is customized to human-

part relation understanding. As for the case of general-purpose segmentation, there

are far rare literature [343, 179, 176, 138, 167], and many of them incorporate label

taxonomies into the network topology, losing generality [343, 179, 176]. As a notable

exception, [167] converts the task as pixel-wise multi-label classification and exploits

the class hierarchy for training regularization, with only trivial architectural change.
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2.2.2 Human-Object Interaction Detection

According to the architecture design of networks, existing solutions for HOI de-

tection can be broadly categorized into two groups: one-stage and two-stage. The

one-stage methods [140, 181, 317, 69] typically employ a multi-task learning pipeline

that jointly undertake the tasks of human-object detection and interaction classifica-

tion in an end-to-end manner, therefore distinguished by fast inference. In contrast,

two-stage methods [252, 308, 310, 174, 173, 368, 93, 399, 397, 33, 335] first detect

entities with off-the-shelf detectors such as Faster R-CNN [258], and the predict

the dense relationships among possible human-object pairs. This paradigm effec-

tively disentangles the HOI detection process and results in improved performance.

Inspired by DETR [24], recent advancements shift to adopt Transformer-based ar-

chitectures [36, 141, 284, 402, 366, 391, 182, 388]. Several studies [119, 315, 254,

60, 182, 28] also supplement the Transformer-based HOI detectors with large-scale

visual-linguistic models like CLIP [255] or visual knowledge [166, 325] to conduct

logic-induced reasoning [162].

2.2.3 Knowledge Transfer from Diffusion Models

In light of the notable success achieved by diffusion models in applications, there

is a growing interest in transferring knowledge acquired from large-scale pre-training

to various tasks [248, 309, 184, 348, 206, 285, 372, 356]. For example, given the lim-

ited availability of data for constructing NeRFs and the unprecedented generalizabil-

ity of diffusion models, researchers are motivated to explore generating 3D NeRFs

via a 2D text-to-image diffusion model using diverse input text [248, 309, 184]. More

recently, a notable trend has emerged where efforts are dedicated towards learning

semantic representations from diffusion models by extracting intermediate feature

maps. It finds diverse application in image segmentation [348], semantic correspon-

dence learning [206, 285, 372], and general representation learning [356].
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2.3 Structured Knowledge Integration via Neural-Logic Com-

puting

2.3.1 Neuro-Symbolic Computing

There has been a line of research, called neural-symbolic computing (NSC),

that pursues the integration of the symbolic and statistical paradigms of cogni-

tion [84, 136, 324]. NSC has a long history, dating back to McCulloch and Pitts 1943

paper [216], even before AI was recognized as a new scientific field. During 2000s,

NSC received systematic study [247, 271, 291, 246]. Early NSC systems were metic-

ulously designed for hard logic reasoning, but they are far less trainable, and fall

short when solving real-world problems. NSC has recently ushered in its renais-

sance, since it shows promise of reconciling statistical learning of neural networks

and logic reasoning of abstract knowledge – which is viewed as a key enable to the

next generation of AI [154, 213]. Specifically, recent NSC systems [91, 92] show

the possibility for modern neural networks to manipulate abstract knowledge with

diverse forms of symbolic representation, including knowledge graph [50, 287, 183],

propositional logic [115, 278, 350], and first-order logic [261, 58, 72]. They also

demonstrate successful application in several domains and disciplines, e.g., sci-

entific discovery [268, 52], program generation [299, 233, 240], (visual) question-

answering [303, 362], robot planning [227, 208, 354], and mathematical reason-

ing [4, 170, 155].

2.3.2 Compositional Generalization

Compositional generalization which pertains to the ability to understand and

generate a potentially boundless range of novel conceptual structures comprised of

similar constituents [139], has long been thought to be the cornerstone of human

intelligence [74]. For example, human can grasp the meaning of dax twice or dax and
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sing by learning the term dax [153], which allows for strong generalizations from

limited data. In natural language processing, several efforts [145, 160, 77, 108, 3,

200, 272] have been made to endow neural networks with this kind of zero-shot gen-

eralization ability. Notably, the task proposed in [153], referred to as SCAN, involves

translating commands presented in simplified natural language (e.g., dax twice) into

a sequence of navigation actions (e.g., I DAX, I DAX). Active investigations into vi-

sual compositional learning also undergo in the fields of image caption [6, 201, 239]

and visual question answering [1, 336, 12, 132]. For instance, to effectively and ex-

plicitly ground entities, [201] first creates a template with slots for images and then

fills them with objects proposed by open-set detectors.
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Chapter 3

Learning Temporal Structures: A Framework for

Self-Supervised Correspondence Learning

In this chapter, I address the challenge of self-supervised temporal correspondence

learning. By leveraging inter-video context enriched with position encoding, and

promoting spatial compactness in affinity matrix between two observations, we aim

to learn more robust and discriminative representations for the modeling of temporal

structures without manual supervision.

3.1 Introduction

As a fundamental problem in computer vision, correspondence matching facili-

tates many applications, such as scene understanding [266], object dynamics mod-

eling [114], and 3D reconstruction [87]. However, supervising representation for

visual correspondence is not trivial, as obtaining pixel-level manual annotations is

costly, and sometimes even prohibitive (due to occlusions and free-form object de-

formations). Although synthetic data would serve an alternative in some low-level

visual correspondence tasks (e.g., optical flow estimation [13]), they limit the gen-

eralization to real scenes. Using natural videos as a source of free supervision, i.e.,

self-supervised temporal correspondence learning, is considered as appealing [152].

This is because videos contain rich realistic appearance and shape variations with

almost infinite supply, and deliver valuable supervisory signals from the intrinsic co-

herence, i.e., correlations among frames. Along this direction, existing solutions are

typically built upon a reconstruction scheme (i.e., each pixel from a ‘query’ frame

is reconstructed by finding and assembling relevant pixels from adjacent frame(s))
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Figure 3.1 : Performance comparison over DAVIS17 val. Our Liir surpasses all exist-

ing self-supervised methods, and is on par with many fully-supervised ones trained with

massive annotations.

[307, 152, 151], and/or adopt a cycle-consistent tracking paradigm (i.e., pixels/-

patches are encouraged to fall into the same location after one cycle of forward and

backward tracking) [313, 326, 172, 204, 122].

Unfortunately, these successful approaches largely neglect three crucial abilities

for robust temporal correspondence learning, namely instance discrimination,

location awareness, and spatial compactness. First, many of them share a

narrow view that only considers intra-video context for correspondence learning. As

it is hard to derive a free signal from a single video for identifying different object

instances, the learned features are inevitably less instance-discriminative. Second,

existing methods are typically built without explicit position representation. Such

design seems counter-intuitive, given the extensive evidence that spatial position
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is encoded in human visual system [109] and plays a vital role when human track

objects [237]. Third, as the visual world is continuous and smoothly-varying, both

spatial and temporal coherence naturally exist in videos. While numerous strategies

are raised to address smoothness on the time axis, far less attention has been paid

to the spatial case.

To fill in these three missing pieces to the puzzle of self-supervised correspondence

learning, we present a locality-aware inter-and intra-video reconstruction framework

– Liir.First, we augment existing intra-video analysis based correspondence learn-

ing strategy with inter-video context, which is informative for instance-level separa-

tion. This leads to an inter-and intra-video reconstruction based training objective,

that inspires intra-video positive correspondence matching, but penalizes unreliable

pixel associations within and cross videos. We empirically verify that our inter-and

intra-video reconstruction strategy can yield more discriminative features, that en-

code higher-level semantics beyond low-level intra-instance invariance modeled by

previous algorithms. Second, to make our Liir more location-sensitive, we learn

to encode position information into the representation. Al- though position bias is

favored for intra-video correspondence matching, it is undesired in the inter-video

case. We thus devise a position shifting strategy to foster the strength and circum-

vent the weaknesses of position encoding. We experimentally show that, explicit

position embedding benefits correspondence matching. Third, we involve a spatial

compactness prior in intra-video pixel-wise affinity estimation, resulting in sparse

yet compact associations. For each query pixel, the distribution of related pixels is

fit by a mixture of Gaussians. This enforces each query pixel to match only a hand-

ful of spatially close pixels in adjacent frames. Our experiments show that such

compactness prior not only regularizes training, but also removes outliers during

inference.

These three contributions together make Liir a powerful framework for self-
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Figure 3.2 : Illustration of different self-supervised architectures for temporal

correspondence learning: (a) reconstruction based, (b) cycle-consistency based, and

(c) our Liir that addresses instance discrimination, location awareness, and spatial com-

pactness.

supervised correspondence learning. Without any adaptation, the learned represen-

tation is effective for various correspondence-related tasks, i.e., video object segmen-

tation, semantic part propagation, pose tracking. On these tasks, Liir consistently

outperforms unsupervised state-of-the-arts and is comparable to, or even better

than, some task-specific fully-supervised methods (e.g., Fig. 3.1).

3.2 Our Approach

We present Liir, a self-supervised framework that learns dense correspondence

from raw videos. Before elaborating on our model design (cf. §3.2.2), we first re-

view the classic reconstruction based temporal correspondence learning stra- tegy

(cf. §3.2.1), which serves as the basis of our Liir.

3.2.1 Preliminary: Learning Temporal Correspondence through Frame

Reconstruction

Due to the appearance continuity in video, one can con- sider pixels in a ‘query’

frame as being copied from some locations of other ‘reference’ frames. In light of

this, a few studies [307, 152] raise a reconstruction-based correspondence learning

scheme: each query pixel struggles to find pixels in a reference frame that can best

reconstruct itself. Formally, let Iq, Ir∈RH×W×3 respectively denote a query frame and
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a reference frame from the same video. They are projected into a pixel embedding

space by a ConvNet encoder (e.g., ResNet [106]) ϕ : RH×W×3→ Rh×w×c, such that

Iq, Ir = ϕ(Iq), ϕ(Ir). The copy operator can be approximated as an inter-frame

affinity matrix A∈ [0, 1]hw×hw:

A(i, j)=
exp(Iq(i)·Ir(j))∑
j′ exp(Iq(i)·Ir(j′))

, i, j∈{1, · · · , hw} (3.1)

where A(i, j)∈[0, 1] refers to (i, j)-th element in A, signifying the similarity between

pixel i in Iq and pixel j in Ir, and ‘·’ stands for the dot product. In this way, A gives

the strength of all the pixel pair-wise correspondence between Iq and Ir, according to

which pixel i in Iq can be reconstructed by a weighted sum of pixels in Ir:

Îq(i) =
∑

j
A(i, j) Ir(j). (3.2)

The training objective of ϕ is hence defined as a reconstruction loss:

Lres= ||Iq − Îq||2. (3.3)

In practice, to avoid trivial solutions caused by information leakage, an informa-

tion bottleneck is adopted over training samples, e.g., RGB2gray operation [307],

channel-wise drop- out in RGB [152] or Lab [151] colorspace. After training, the

representation encoder ϕ is used for correspondence matching: similar to Eq. 3.2,

the affinity A is estimated and used to propagate desired pixel-level entities (e.g.,

instance masks, key-point maps), from a reference frame to a query frame.

3.2.2 LIIR: Locality-Aware Inter-and Intra-Video Reconstruction Frame-

work

Building upon the reconstruction-by-copy scheme, Liir is empowered with three

crucial yet long overlooked abilities for robust correspondence learning: instance

discrimination, location awareness, and spatial compactness.
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Figure 3.3 : Inter-and intra-video reconstruction (§3.2.2). (a) Pre- vious intra-video

reconstruction based approaches struggle to offer supervisory signal for distinguishing be-

tween different instances. (b) In our inter-and intra-video reconstruction, each query pixel

is forced to distinguish intra-video correspondence ( ) from negative inter-video associ-

ation ( ), enabling cross-instance discrimi- nation. (c)-(d) Representation learned with

inter-and intra-video reconstruction is more robust for multiple object instances.

Inter-and Intra-Video Reconstruction. With the computa- tion of the intra-

video affinity A (Eq. 3.1), each query pixel is forced to distinguish its counterpart

(positive) reference pixels from unrelated (negative) ones within a same video, with

the indictor of the reconstruction quality Lres (Eqs. 3.2-3.3).

As both the positive and negative samples are sourced from the same video, there is

less evidence for distinction among similar object instances with intra-video appear-

ance only (Fig. 3.3(a)). As one single video only contains limited content, conducting

correspondence matching within videos is less challenging, and inevitably hinders
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the discrimination potential of the learned representation [314]. These insights mo-

tivate us to improve the intra-video affinity based reconstruction scheme by further

accounting for negative across-video correspondence. Concretely, given the query

(Iq) and reference (Ir) frames from the same video, an intra-inter video affinity

A′∈ [0, 1]hw×hw is computed:

A′(i, j)=
exp(Iq(i)·Ir(j))∑

j′exp(Iq(i)·Ir(j′))︸ ︷︷ ︸
intra-video

correspondence

+
∑

n

∑
kexp(Iq(i)·In(k))︸ ︷︷ ︸
inter -video

correspondence

,

(3.4)

where {In}n refer to a collection of frames, which are sampled from the whole train-

ing dataset, except the source video of Iq (Ir). By additionally considering other

irrelevant videos during affinity computation, both the quantity and diversity of

negative samples are greatly improved, allowing us to derive a more challenging

inter-and intra-video reconstruction scheme (Fig. 3.3(b)):

Îq(i) =
∑

j
A′(i, j) Ir(j). (3.5)

With Eqs. 3.4-3.5, each pixel i in the query frame Iq is required to distinguish

its counterpart pixels from massive unrelated ones, which are from not only the

reference frame Ir in current video, but a huge amount of irrelevant frames {In}n

in other videos. This powerful idea, yet, is elegantly achieved by the same training

objective as in Eq. 3.3. Note that Eq. 3.4 normalizes intra-video correspondence

over both inter-and intra-video pixel-to-pixel relevance, while Eq. 3.5 only uses the

pixels in the reference frame Ir for reconstruction. The rationale here is that, even

if the encoder ϕ wrongly matches a query pixel i with a negative but similar-looking

pixel k in In, i.e., exp(Iq(i) ·In(k)) will be large and
∑

j A
′(i, j)≪1, the synthesized

color Îq(i) will be still very different to Iq(i) and ϕ will receive a large gradient

from Eq. 3.3. Thus ϕ is driven to mine more high-level semantics and context-

related clues, hence reinforcing the instance-level discrimination ability (Fig. 3.3(c)).

Fig. 3.3(d) shows that the representation learned with our inter-and intra-video

reconstruction strategy can distinguish similar-looking dogs nearby.
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Figure 3.4 : (a) Illustration of position shifting. (b) Effect of position encoding. See

§3.2.2 for details.

Although [314] also addresses inter-video analysis based reconstruction, it con-

ducts embedding association on patch level, relying on a pre-trained tracker for patch

alignment. Besides, the method consumes three loss terms for supervision, which is

much more complicated than ours. Further, it separately conducts inter-and intra-

video affinity based reconstruction. This is problematic; when both the reference

frame in current video and an irrelevant frame from other videos contain query-

like pixels, there is no explicit supervision signal to determine which one should be

matched.

Position Encoding and Position Shifting. Plenty of literature in neuroscience

has revealed that human visual system encodes both appearance and position infor-

mation when we perceive and track objects [195, 109, 237]. Yet existing unsuper-

vised correspondence methods put all focus on improving appearance based repre-

sentation by ConvNets, ignoring the value of position information. Although [121,

137] suggest that ConvNets can implicitly capture position information by uti- liz-

ing image boundary effects, explicit position encoding has already been a core of
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full attention networks (e.g., Trans- former [301]), and facilitated a variety of tasks

(e.g., instance segmentation [332], tracking [193], video segmentation [48]). All

these indicate that position encoding deserves more attention in the field of tempo-

ral correspondence learning. Along this direction, Liir explicitly injects a position

encoding map P ∈Rh′×w′×c′ into the feature encoder ϕ:

I = ϕ(I,P ), (3.6)

where P is added with the output feature of the first conv layer of ϕ and has the

same size and dimension as the conv feature. We explore three position encoding

strategies:

• 2D Sinusoidal Position Embedding (2DSPE): P is given with a family of pre-

defined sinusoidal functions, without introducing new trainable parameters:

P (x, y, 2u)=sin(x·ε
4u
c′ ),P (x, y, 2u+1)=cos(x·ε

4u
c′ ),

P (x, y, 2v+
c′

2
)=sin(y ·ε

4v
c′ ),P (x, y, 2v+1+

c′

2
)=cos(y ·ε

4v
c′ ),

where x ∈ [0, w′), y ∈ [0, h′) specify the horizontal and vertical positions, u, v ∈

[0, c′/4) specify the dimension, and ε=10−4. The horizontal (vertical) positions

are encoded in the first (second) half of the dimensions. 2DSPE naturally handles

resolutions that are unseen during training.

• 1D Absolute Position Embedding (1DAPE): 1DAPE is the most heavy-weight

strategy: the whole P is a learnable parameter matrix without any constraint.

• 2D Absolute Position Embedding (2DAPE): As in [61], two separate parameter

sets: X ∈ Rw′×c′/2 and Y ∈ Rh′×c′/2, are learned for encoding the horizontal and

vertical positions, respectively, and combined to generate P .

With our intra-inter video affinity (Eq. 3.4), exploiting position information in intra-

video correspondence matching, i.e., {exp(Iq(i) ·Ir(j))}j, addresses local continu-

ity resides in videos. However, for inter-video pixel relevance computation, i.e.,

{exp(Iq(i) ·In(k))}n,k, such position prior is undesirable, as it inspires the query



21

(a) w/o spatial compactness prior

(b) w/ spatial compactness prior

w/o spatial compactness prior

queryquery

queryqueryquery

query

Figure 3.5 : Illustration of spatial compactness prior (§3.2.2).

pixel i in Iq to prefer matching these pixels with similar positions in other irrelevant

videos {In}n. To eliminate such position encoding induced bias from inter-video cor-

respondence matching, we design a position shifting strategy (Fig. 3.4(a)). During

training, for In from other videos, we circularly shift the position encoding vectors

in P by a random step in horizontal and vertical axes, respectively. The reason why

we adopt random shifting with circular boundary conditions, instead of random

shuffling, is to preserve the spatial layout in the modulated position encoding map

P̄ . Then P̄ and In are fed into φ for inter-video correspondence matching, and P̄

related gradients are abandoned if learnable 1DAPE or 2DAPE is used. Note that

the standard position encoding P is applied for the query (Iq) and reference (Ir)

frames and updated normally. Fig. 3.4(b) intuitively shows that merging position

information into visual representation can enable robust correspondence matching

even with confusing background and fast motion. In §3.3.4, we will quantitatively

verify that 1DAPE is more favored and indeed boosts the performance.

Spatial Compactness Prior. As the visual world is conti- nuous and smoothly-

varying, it is reasonable to assume appearances in video data change smoothly both

in spatial and temporal dimensions. For correspondence learning, the tem- poral
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coherence has been extensively studied, while the spatial continuity received far less

attention. To reduce search region, some existing methods [307, 152, 151] restrict

corres- pondence matching within a local window, considering spatial regularities in

a simple way. To make a better use of the spatial continuity, we augment the original

reconstruction objective with an additional prior, termed as spatial compa- ctness.

Such a prior poses constraints on the spatial distribution of associated pixels, leading

to sparse and coherent solutions. Specifically, given the query (Iq) and reference (Ir)

frames, we expect i) each query pixel i to be only matched with a small number of

reference pixels, and ii) the matched reference pixels to be clustered. For a query

pixel i and its matching ‘heatmap’: Ai=[A(i, j)]j∈[0, 1]h×w, w.r.t.Ir, we assume Ai

follows a mixture of M 2D Gaussian distributions:

P(x, y) =
∑M

m=1
ωm N (x, y|µm,Σm), (3.7)

where (x, y) specifies the coordinate of a pixel location. We set {µm=[µx,m, µy,m]}m

as the coordinates of top-M scores in Ai, and set M = 2 to address sparse robust

matching. Other parameters, i.e., {Σm = [σ2
x,m, 0; 0, σ2

y,m]}m, {ωm}m, can be esti-

mated efficiently from Ai without incurring high computational cost. In this way,

we can derive a ‘compact’ matching heatmap Ãi∈ [0, 1]h×w for each query pixel i,

and eventually have Ã=[Ãi]i∈[0, 1]hw×hw. Such spatial compactness prior Ã is fully

aware of i) and ii), and used to regularize our representation learning:

Lcom= ||Ã−A||2. (3.8)

Note that Lcom is only applied for intra-video correspondence matching. Moreover,

we replace A with Ã during inference, which eliminates outliers effectively. Two

recent fully supervised video segmentation methods also explore the local continuity

via single-Gaussian locality prior [269] or top-k matching filtering [43], while both of

them can be viewed as specific instances of our mixture-Gaussian based compactness

prior, despite our different task settings. Fig. 3.5 shows that our spatial compactness
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prior helps build reliable correspondence by inspiring sparse and compact solutions.

Related experiments can be found in §3.3.4.

3.2.3 Implementation Details

Network Configuration. For fair comparison, our feature encoder ϕ is imple-

mented as ResNet-18 [106] as in [307, 122, 349]. Following [152, 151, 128], ×2 down-

sampling is only made in the third residual block. Thus ϕ finally outputs 256 feature

maps of 1/4 size of the input, i.e., h=H
4
, w=W

4
, c=256. The position embedding is

added to feature after the first 7×7 Conv-BN-ReLU layer, i.e., h′ =H
2
, w′ =H

2
, c′ =64.

Training: Liir is trained from scratch on two NVIDIA RTX-3090 GPUs and only

uses the raw videos from Youtube-VOS [351]. Each training image is resized into

256×256 and channel-wise dropout in Lab colorspace [151] is adopted as the informa-

tion bottleneck. Adam optimizer is used. At the initial 30 epochs, only intra-video

reconstruction learning is adopted for warm-up, with a learning rate of 10−3 and

batch size of 32. Then we conduct inter-video reconstruction learning with spatial

compactness based regularization at the next 5 epochs, with a learning rate of 10−4

and batch size of 12. We online maintain a memory bank of 1,440 frames from

different videos. For each query pixel, we sample 4 feature points from each stored

frame, i.e., a total of 1,440×4 negative samples are used for the inter-video corre-

spondence computation, and we employ the moving average strategy [286, 341, 105]

for parameter updating.

Testing: Once Liir finishes training, there is no fine-tuning when applied to down-

stream tasks. Note that we utilize the compactness prior enhanced inter-frame

affinity Ã for mask propagation. As in [236, 151], we take multiple frames as refer-

ence for the full use of temporal context: at time step t, previous frames I0, I5, It−5,

It−3, and It−1 (if applicable) are referred for current-frame mask propagation.
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Method Backbone Supervised Dataset (size) J & F(Mean) ↑ J (Mean) ↑ J (Recall) ↑ F(Mean) ↑ F(Recall) ↑

Colorization [307] ResNet-18 Kinetics ( - , 800 hours) 34.0 34.6 34.1 32.7 26.8

CorrFlow [152] ResNet-18 OxUvA ( - , 14 hours) 50.3 48.4 53.2 52.2 56.0

TimeCycle [331] ResNet-50 VLOG ( - , 344 hours) 48.7 46.4 50.0 50.0 48.0

UVC [172] ResNet-50 C + Kinetics (30k, 800 hours) 60.9 59.3 68.8 62.7 70.9

MuG [204] ResNet-18 OxUvA ( - , 14 hours) 54.3 52.6 57.4 56.1 58.1

MAST [151] ResNet-18 Youtube-VOS ( - , 5.58 hours) 65.5 63.3 73.2 67.6 77.7

CRW[122] ResNet-18 Kinetics ( - , 800 hours) 68.3 65.5 78.6 71.0 82.9

ContrastCorr [314] ResNet-18 C + TrackingNet (30k, 300 hours) 63.0 60.5 - 65.5 -

VFS [349] ResNet-18 Kinetics ( - , 800 hours) 66.7 64.0 - 69.4 -

JSTG [383] ResNet-18 Kinetics ( - , 800 hours) 68.7 65.8 77.7 71.6 84.3

CLTC [128]† ResNet-18 Youtube-VOS ( - , 5.58 hours) 70.3 67.9 78.2 72.6 83.7

DINO [26] ViT-B/8 I (1.28M, - ) 71.4 67.9 - 74.9 -

LIIR ResNet-18 Youtube-VOS ( - , 5.58 hours) 72.1 69.7 81.4 74.5 85.9

ResNet [106] ResNet-18 ✓ I (1.28M, - ) 62.9 60.6 69.9 65.2 73.8

OSVOS [22] VGG-16 ✓ I+D (1.28M, 10k) 60.3 56.6 63.8 63.9 73.8

FEELVOS [305] Xception-65 ✓ I + C + D + Y (1.28M, 663k) 71.5 69.1 79.1 74.0 83.8

STM [236] ResNet-50 ✓ I + D + Y (1.28M, 164k) 81.8 79.2 88.7 84.3 91.8

†: using task-specific architectures. I: ImageNet [57]. C: COCO [187]. D: DAVIS17 [245].

Table 3.1 : Quantitative results for video object segmentation (§3.3.1) on

DAVIS17 [245] val. For size of datasets, we report (#raw images, length of raw videos)

for self-supervised methods and (#image-level annotations, #pixel-level annotations) for

supervised methods.

3.3 Experiment

We evaluate the learned representation on diverse video label propagation tasks,

i.e., video object segmentation (§3.3.1), body part propagation (§3.3.2), and pose

keypoint tracking (§3.3.3). As in conventions [307, 122, 349], all these tasks are to

propagate the first frame annotation to the whole video sequence, and we use our

model to compute inter-frame dense correspondences. In §3.3.4, we conduct a set of

ablative studies to examine the efficacy of our essential model designs.
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Seen Unseen
Methods Sup. Overall

J ↑ F ↑ J ↑ F ↑

Colorization [307] 38.9 43.1 38.6 36.6 37.4

CorrFlow [152] 46.6 50.6 46.6 43.8 45.6

MAST [151] 64.2 63.9 64.9 60.3 67.7

CLTC [128]† 67.3 66.2 67.9 63.2 71.7

LIIR 69.3 67.9 69.7 65.7 73.8

OSVOS [22] ✓ 58.8 59.8 60.5 54.2 60.7

PreMVOS [205] ✓ 66.9 71.4 75.9 56.5 63.7

STM [236] ✓ 79.4 79.7 84.2 72.8 80.9

†: using task-specific architectures.

Table 3.2 : Quantitative results for

video object segmentation (§3.3.1) on

Youtube-VOS [351] val.

VIP JHMDB
Methods Sup.

mIoU ↑AP ↑ PCK@0.1 ↑PCK@0.2 ↑

ContrastCorr [314] 37.4 21.6 61.1 80.8

VFS [349] 39.9 - 60.5 79.5

CLTC [128]† 37.8 19.1 60.5 82.3

JSTG [383] 40.2 - 61.4 85.3

LIIR 41.2 22.1 60.7 81.5

ResNet [106] ✓ 31.9 12.6 53.8 74.6

ATEN [276] ✓ 37.9 24.1 - -

TSN [393] ✓ - - 68.7 92.1

†: using task-specific and architectures.

Table 3.3 : Results for part propaga-

tion (§3.3.2) and pose tracking (§3.3.3)

on VIP [393] and JHMDB [129] val.

3.3.1 Results for Video Object Segmentation

Dataset. We first test our method on val sets of two popular video object segmen-

tation datasets, i.e., DAVIS17 [245] and YouTube-VOS [351]. There are 30 and 474

videos in DAVIS17 and YouTube-VOS val sets, respectively.

Evaluation Metric. Following the official protocol [245], we use the region simi-

larity (J ) and contour accuracy (F) as the evaluation metrics. Note that the scores

on YouTube-VOS are respectively reported for seen and unseen categories, obtained

from the official evaluation server.

Performance on DAVIS17: As illustrated in Table 3.1, our Liir consistently out-

performs all existing self-supervised methods across all the evaluation metrics. For

example, it surpasses current best-performing self-supervised method, i.e., CLTC [128],

in terms of mean J&F (72.1 vs. 70.3). In addition, even without using any manual

annotations for training, Liir achieves very competitive segmentation performance

in comparison with some famous supervised models [22, 305] trained with massive

pixel-wise annotations.
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Performance on YouTube-VOS val. Table 3.2 reports performance comparison

of Liir against four self-supervised competitors on YouTube-VOS val. It can be

observed that Liir sets new state-of-the-art. In particular, Liir yields an overall

score of 69.3%, surpassing the second-best (i.e., CLTC [128]) and third-best (i.e.,

MAST [151]) approaches by 2.0% and 5.1%, respectively. Further, Liir even out-

performs some famous supervised methods (i.e., OSVOS [22] and PreMVOS [205]),

especially for the unseen categories, clearly demonstrating its remarkable general-

ization ability.

Qualitative Results. Fig. 3.6 depicts visual results on representative videos in the

datasets. As seen, Liir is able to establish accurate correspondences under various

challenging scenarios, e.g., scale changes, small objects and occlusions.

3.3.2 Results for Body Part Propagation

Dataset. We next evaluate our model performance for body part propagation.

Experiments are conducted on VIP val [393], which contains 50 videos with anno-

tations of 19 human semantic part categories (e.g., hair, face, dress).

Evaluation Metric. As suggested by VIP [393], we adopt mean intersection-

over-union (mIoU) and mean Average Precision (mAP) metrics for evaluation of

semantic-level and instance-level parsing, respectively.

Performance. As shown in Table 3.3, Liir achieves state-of-the-art performance

on both semantic-level and instance-level parsing. This indicates that Liir can

generate strong representation which models both cross-instance discrimination and

intra-instance invariance well. Fig. 3.7 depicts some visualization results on two

representative videos. Liir achieves temporally stable results and shows robustness

to typical challenges (e.g., pose variations, occlusions).
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Figure 3.6 : Qualitative results for video object segmentation (§3.3.1), on

DAVIS17 [245] val (left) and Youtube-VOS [351] val (right).

Figure 3.7 : Qualitative results for part propagation (§3.3.2) and pose tracking

(§3.3.3), on VIP [393] val (left) and JHMDB [129] val (right).

3.3.3 Results for Pose Keypoint Tracking

Dataset. We then examine the model performance on human keypoint tracking,

using JHMDB [129] val. JHMDB val has 268 videos. For each person, a total of

15 body joints, e.g., torso, head, shoulder, elbow, are annotated.

Evaluation Metric. We use probability of correct keypoint (PCK) [357] to measure

the accuracy between each tracking result and corresponding ground-truth with a

threshold τ .

Performance. Table 3.3 shows that Liir exhibits compelling overall performance.

Note that CLTC[128] uses different checkpoints and model architectures for different

tasks and datasets, while we only use a single model for evaluation. The visual

results in Fig. 3.7 also demonstrate the strong capability of Liir in establishing

precise correspondence.



28

Inter-and Intra- Position Spatial DAVIS VIP
#

Video Recons. Encoding Compactness J&Fm ↑ mIoU ↑

1 65.3 35.2

2 ✓ 68.7 (+3.4) 38.4 (+3.2)

3 ✓ 66.9 (+1.6) 37.0 (+1.8)

4 ✓ 68.4 (+3.1) 37.2 (+2.0)

5 ✓ ✓ ✓ 72.1 (+6.8) 41.2 (+6.0)

Table 3.4 : Detailed analysis of essential components of Liir on DAVIS17 [245] val and

VIP [393] val. See §3.3.4 for details.

3.3.4 Diagnostic Experiment

For further detailed analysis, we conduct a series of ablative studies on DAVIS17

[245] val and VIP [393] val sets.

Key Component Analysis. We first examine the efficacy of essential components

of Liir, i.e., inter-and intra-video reconstruction, position encoding, and spatial

compactness. The results are summarized in Table 3.4, where position encoding

is implemented as 1DAPE, and compactness prior is used during both training

and inference stages. When separately comparing row #2 - #4 with the baseline

(MAST [151]) in row #1, we can observe that each individual module in- deed

boosts the performance. For example, on DAVIS17 val, inter-and intra-video re-

construction, position encoding, and spatial compactness prior respectively bring

3.4%, 1.6%, and 3.1% J&F gains. This verifies our core insight that these three

elements are crucial for correspondence learning. Finally, in row #5, we combine

all the three components together – Liir, and obtain the best performance. This

suggests that these modules are complementary to each other, and confirms the

effectiveness of our whole design.
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#Negative DAVIS VIP
#

Samples J&Fm ↑ mIoU ↑

1 0 69.2 38.4

2 480 70.9 (+1.7) 39.8 (+1.4)

3 960 71.7 (+2.5) 41.0 (+2.6)

4 1,440 72.1 (+2.9) 41.2 (+2.8)

(a) Inter-and Intra-Video Recons.

Position DAVIS VIP

Encoding J&Fm ↑ mIoU ↑

w/o PE 70.9 40.3

2DSPE 70.6 (-0.3) 40.2 (-0.1)

1DAPE 72.1 (+1.2) 41.2 (+0.9)

2DAPE 71.9 (+1.0) 41.1 (+0.8)

(b) Position Encoding

Position DAVIS VIP

Modulation J&Fm ↑ mIoU ↑

N/A 71.3 40.6

shuffling 71.8 (+0.5) 41.0 (+0.4)

shifting 72.1 (+0.8) 41.2 (+0.6)

(c) Position Shifting

Spatial Compactness DAVIS VIP

training inference J&Fm ↑ mIoU ↑

69.8 39.6

✓ 71.5 (+1.7) 40.8 (+1.2)

✓ 70.8(+1.0) 40.3 (+0.7)

✓ ✓ 72.1 (+2.3) 41.2 (+1.6)

(d) Spatial Compactness Prior

Table 3.5 : A set of ablation studies on DAVIS17 [245] val and VIP [393] val. See

§3.3.4 for details.

Inter-and Intra-Video Reconstruction. We next study the impact of increasing

the number of negative samples, i.e., frames from other irrelevant videos used for

inter-video correspondence computation (Eq. 3.4). In Table 3.5a, row #1 gives

scores of learning without considering inter-video correspondence. In this case, the

results are unsatisfactory. When more negative samples are involved (i.e., 0→1,440),

better performance can be achieved (i.e., 69.2→72.1 on DAVIS17 val, 38.4→41.2

on VIP val). Finally we use 1,440 negative samples for inter-video reconstruction

based learning, which is the maximum number allowed by our GPU.

Position Encoding. To determine the effect of our position encoding module, we

then report the performance with different encoding strategies in Table 3.5b. As
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seen, the non-learnable strategy, 2DSPE, hinders the performance, while the learn-

able alternatives, i.e., 1DAPE and 2DAPE, lead to better results. Compared with

2DAPE, 1DAPE is more favored, probably due to its high flexibility and capacity.

Position Shifting. We further study the influence of our position shifting strategy

on performance in Table 3.5c. We consider two alternatives, i.e., ‘NAN’ and ‘position

shuffling’. ‘NAN’ refers to using the normal position encoding map P without any

modulation during inter-video correspondence matching. Compared with ‘position

shifting’, ‘NAN’ suffers from performance degradation (i.e., 72.1→71.3 on DAVIS17

val, 41.2→40.6 on VIP val), showing the negative effect of the position-induced

bias. The other baseline, ‘position shuffling’, i.e., randomly shuffling the position

encoding map for inter-video affinity computation, though better than ‘NAN’, is

still worse than ‘position shifting’. This is because it destroys the spatial layouts.

Spatial Compactness Prior. The spatial compactness prior (Eq. 3.7) is used to

regularize intra-video correspondence matching during both training and inference

stages. In Table 3.5d, we quantitatively identify the performance contribution of

our spatial compactness prior in different stages.

3.4 Conclusion

In this chapter, we presented a self-supervised temporal correspondence learning

approach, Liir, that makes contributions in three aspects. First, going beyond the

popular intra-video analysis based learning scheme, we further enforce separation

between intra- and inter-video pixel associations, enhancing instance-level feature

discrimination. Second, with a clever position shifting strategy, we bring the advan-

tages of position encoding into full play, while avoiding its undesirable impact at

the same time. Third, a spatial compactness prior is introduced to regularize rep-

resentation learning and improve correspondence inference. The effectiveness was

thoroughly validated over various label propagation tasks.
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Chapter 4

Learning Temporal Structures: Unified Mask

Embedding for Self-Supervised Video

Segmentation

Continuing our exploration within learning temporal structures from visual corre-

spondence, in this chapter, we specializes these principles to a address the self-

supervised video object segmentation task.

4.1 Introduction

We focus on a classic computer vision task: accurately segmenting desired objects

in a video sequence, where the target objects are defined by pixel-wise masks in the

first frame. This task is referred as (one-shot) video object segmentation (VOS)

or mask propagation [327], playing a vital role in video editing and self-driving.

Prevalent solutions [124, 244, 114, 39, 202, 220, 217, 44, 236, 359, 22, 211, 17, 260,

235, 305, 339, 63, 346, 180, 116, 322, 319] are built upon fully supervised learning

techniques, costing intensive labeling efforts. In contrast, we aim to learn VOS from

unlabeled videos — self-supervised VOS.

Due to the absence of mask annotation during training, existing studies typically

degrade such self-supervised yet mask-guided segmentation task as a combo of un-

supervised correspondence learning and correspondence based, non-learnable mask

warping (cf. Fig. 4.1(a)). They first learn pixel- /patch-wise matching (i.e., cross-

frame correspondence) by exploring the inherent continuity in raw videos as free su-

pervisory signals, in the form of i) a photometric reconstruction problem where each

pixel in a target frame is desired to be recovered by copying relevant pixels in refer-
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Figure 4.1 : (a) Correspondence learning based self-supervised VOS, where mask track-

ing is simply degraded as correspondence matching mask warping. (b) We achieve self-

supervised VOS by jointly learning mask embedding and correspondence matching. Our

algorithm explicitly embeds masks for target object modeling, hence enabling mask-guided

segmentation. (c) Performance comparison and (d) Performance over time, reported on

DAVIS17 [245] val.

ence frame(s) [307, 152, 151, 146, 353, 168]; ii) a cycle-consistency task that enforces

matching of pixels/patches after forward-backward tracking [326, 313, 122, 172, 19];

and iii) a contrastive matching scheme that contrasts confident correspondences

against unreliable ones [128, 5, 349, 275]. Once trained, the dense matching model

is used to approach VOS in a cheap way (Fig.4.1(a)): the label of a query pixel/patch

is simply borrowed from previously segmented ones, according to their appearance

similarity (correspondence score).

Though straightforward, these correspondence based “expedient” solutions come

with two severe limitations: First, they learn to match pixels instead of customiz-

ing VOS target – mask-guided segmentation, leaving a significant gap between the

training goal and task/inference setup. During training, the model is optimized
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purely to discovery reliable, target-agnostic visual correlations, with no sense of

object-mask information. Spontaneously, during testing/inference, the model strug-

gles in employing first-/prior-frame masks to guide the prediction of succeeding

frames. Second, from the view of mask-tracking, existing self-supervised solu-

tions, in essence, adopt an obsolete, matching-/flow-based mask pro- pagation strat-

egy [10, 123, 7, 321, 323]. As discussed even before the deep learning era [66, 68, 320],

such a strategy is sub-optimal. Specifically, without modeling the target objects,

flow-based mask warping is sensitive to outliers, resulting in error accumula- tion

over time [327]. Subject to the primitive matching-and-copy mechanism, even triv-

ial errors are hard to be corrected, and often lead to much worse results caused by

drifts or occlusions. This is also why current top-leading fully supervised VOS solu-

tions [22, 211, 17, 260, 235, 114, 39, 236, 305, 339, 359, 63, 346, 180] largely follow a

mask embedding learning philosophy — embedding frame-mask pairs, instead of only

frame images, into the segmentation network. With such explicit modeling of the

target object, more robust and accurate mask-tracking can be achieved [327, 387].

Motivated by the aforementioned discussions, we integrate mask embedding

learning and dense correspondence modeling into a compact, end-to-end framework

for self-supervised VOS (cf. Fig. 4.1(b)). This allows us to inject the mask-tracking

nature of the task into the very heart of our algorithm and model training. However,

bringing the idea of mask embedding into self-supervised VOS is not trivial, due to

the lack of mask annotation. We therefore achieve mask embedding learning in a

self-taught manner. Concretely, our model is trained by alternating between i) space-

time pixel clustering, and ii) mask-embedded segmentation learning. Pixel cluster-

ing is to automatically discover spatiotempo- rally coherent object(-like) regions

from raw videos. By utilizing such pixel-level video partitions as pseudo ground-

truths of target objects, our model can learn how to extract target-specific context

from frame-mask pairs, and how to leverage such high-level context to predict the
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next-frame mask. At the same time, such self-taught mask embedding scheme is con-

solidated by self-supervised dense correspondence learning. This allows our model

to learn transferable, locally discriminative representations by making full use of the

spatiotemporal coherence in natural videos, and prevent the degenerate solution of

the deterministic clustering.

Our approach owns a few distinctive features: First, it has the ability of di-

rectly learning to conduct mask-guided sequential segmentation; its training objec-

tive is completely aligned with the core nature of VOS. Second, by learning to

embed object-masks into mask tracking, target-oriented context can be efficiently

mined and explicitly leveraged for object modeling, rather than existing methods

merely relying on local appearance correlations for label “copying”. Hence our

approach can reduce error accumulation (cf. Fig. 4.1(d)) and perform more robust

when the latent correspondences are ambiguous, e.g., deformation, occlusion or one-

to-many matches. Third, our mask embedding strategy endows our self-supervised

framework with the potential of being empowered by more advanced VOS model

designs developed in the fully-supervised learning setting.

Through embracing the powerful idea of mask embedding learning as well as

inheriting the merits of correspondence learning, our approach favorably outper-

forms state-of-the-art competitors, i.e., 3.2%, 2.5%, and 2.2% mIoU gains on

DAVIS17 [245] val, DAVIS17 test-dev and YouTube-VOS [351] val, respectively. In

addition to narrowing the performance gap between self- and fully-supervised VOS,

our approach establishes a tight coupling between them in the aspect of model de-

sign. We expect this work can foster the mutual collaboration between these two

relevant fields.
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Figure 4.2 : Our self-supervised VOS framework: (a-b) space-time pixel clustering

based mask embedding learning (§4.2.2) for the whole network (including E , V , and

D), and (c) short- and long-term correspondence learning (§4.2.3) for the visual

encoder E only.

4.2 Methodology

4.2.1 Algorithm Overview

Learning VOS in a self-supervised manner is appealing, as it eliminates the heavy

annotation budget required by the fully supervised algorithms. Due to the absence

of mask annotation, existing self-supervised methods take an expedient solution:

they learn to find correspondence between two frames, instead of learning mask-

guided segmentation. During inference, the first-frame mask is directly copied to

the rest frames based on cross-frame correspondence. Specifically, given two frames

Ir and Iq, their dense representations Ir, Iq∈RHW×D are first extracted by a shallow

neural encoder E (typically ResNet-18 [106]), and their pairwise affinity matrix can

be computed as:

Aq
r = softmax(IrI

⊤
q ) ∈ [0, 1]HW×HW , (4.1)

where softmax is row-wise. The resultant affinity Aq
r gives the strength of all the

pixel pairwise correspondence between Ir and Iq. One main benefit is that, once

E is trained, it can be used to estimate cross-frame correspondence; then VOS is

approached by warping the mask Yr of a reference frame Ir to the query frame

Iq based on: Yq =Aq⊤
r Yr. Thus the central problem is to design a surrogate task to

supervise E to estimate reliable intra-frame affinity Aq
r.
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Our self-supervised VOS solution, at a high level, jointly learns mask embedding

and visual correspondence from raw videos. It absorbs the powerful idea of mask-

embedded segmentation in fully supervised VOS; meanwhile, it inherits the merits of

existing unsupervised correspondence based regime (cf. Eq. 4.1) in learning generic,

dense features. As a result, our solution can be formulated as (cf. Fig. 4.2):

Yq = D
(
E(Iq),{V([Irn ,Yrn ])}n

)
(4.2)

self-supervised dense
correspondence learning §4.2.3

self-supervised
mask embedding learning §4.2.2

where [ · ] stands for concatenation. Basically, our model utilizes a set of reference

frame-mask pairs, i.e., (Irn,Yrn)n, to predict/decode the mask of each query frame

Iq, learnt in a self-supervised manner. Our model has three core parts:

• Visual Encoder E , which maps each query frame Iq into a dense representation

tensor: Iq=E(Iq)∈RHW×D. We instantiate E as ResNet-18 or ResNet-50.

• Frame-Mask Encoder V for mask embedding. It takes a pair of a reference

frame Ir and corresponding mask Yr as inputs, and extracts target-specific context,

i.e., Vr=V([Ir, Yr])∈RHW×D′
, to guide the segmentation/mask decoding of Iq. V

has a similar network architecture with E , but the input and output dimensionality

are different and the network weights are unshared.

• Mask Decoder D, which is a small CNN for mask decoding. With the help

of target-rich context {Vrn}n collected from a set of reference frame-mask pairs

{(Irn , Yrn)}n, D makes robust prediction, i.e., Yq, for the query frame Iq.

As for training, to mitigate the dilemma caused by the absence of true labels of

{Yrn}n and Yq, we conduct unsupervised space-time pixel clustering for automatic

mask creation and train the whole network, including E , V , and D, for

mask embedding and decoding (§4.2.2). Moreover, unsupervised contrastive cor-

respondence learning (§4.2.3) is introduced to boost dense visual representation

learning of E .



37

4.2.2 Self-supervised Mask Embedding Learning

For self-supervised mask embedding learning, we alternatively perform two steps:

Step 1: clustering of video pixels on the visual feature space E so as to generate

spatiotemporally compact segments; and Step 2: the space-time cluster

assignments serve as pseudo masks to supervise our whole network (including E , V ,

and D), which learns VOS as mask-embedded sequential segmentation. After that,

the improved visual representation E will in turn facilitate clustering.

Step1: Space-time Clustering. The goal of this step is to partition each training

video I into M space-time consistent segments (see Fig. 4.2(a)). For each pixel i∈I,

let i∈RD denote its visual embedding (extracted from the visual encoder E), and

si ∈{0, 1}M its one-hot cluster assignment vector. Clustering of all the pixels in I

into M clusters can be achieved by solving the following optimization problem:

min
C,S

∑
i∈I
∥i−Csi∥, s.t. si ∈ {0, 1}M , 1⊤si = 1. (4.3)

Here C=[c1, . . ., cM ]∈RD×M is the cluster centroid matrix, where cm∈RD refers to

the centroid of m-th cluster, and S = [si]i stores the cluster assignments of all the

pixels in I. 1 is a M -dimensional all-one vector. While many clustering methods

have been designed to solve Eq. 4.3, for simplicity, we use the most classic one

– k-means, which finds the optimal C∗ and S∗ in an EM fashion. Moreover, to

pursue spatiotemporally compact clusters, for each pixel i∈I, we supply its visual

embedding i with a 3D sinusoidal position encoding vector [302, 61]. In practice, only

a small number of EM steps (i.e., 100) can deliver satisfactory clustering results,

taking about 2 seconds per video, averaged on our training dataset – YouTube-

VOS [351].

Step 2: Mask-embedded Segmentation Learning. In this step, our model

utilizes clustering results as pseudo ground-truths (see Fig. 4.2(b)), to directly learn

VOS as mask embedding and decoding. For each training video I, we sample N+1
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frames {Ir1 , Ir2 , · · · , IrN , Iq} and their masks {Yr1 , Yr2 , · · · , YrN , Yq}, as training ex-

amples. The pseudo masks are naturally derived from the assignment matrix S∗, cor-

responding to the pixel-level assignment of a certain cluster. The training examples

are used to teach our model to refer to the first N frame-mask pairs{(Irn,Yrn)}n to seg-

ment the last query frame Iq — predicting Yq. As such, our model can learn i) mask

embedding : how to extract target-specific context from {(Irn,Yrn)}n; and ii) mask

decoding : how to make use of target-specific context to segment the target in Iq.

More specifically, we first respectively apply our visual encoder E and frame-

mask encoder V over each reference frame Irn and each reference frame-mask pair

(Irn , Yrn), to obtain visual and target-specific embeddings:

Irn=E(Irn)∈RHW×D, Vrn=V([Irn , Yrn ])∈RHW×D′
. (4.4)

We respectively stack all the reference visual and target-specific embeddings: Ir =

[Ir1 , · · · , IrN ]∈RNHW×D, and Vr =[Vr1 , · · · ,VrN ]∈RNHW×D′
. To leverage Vr to boost

the prediction of Iq, we need to mine useful context, related to Iq, from Vr. Given

the visual embedding Iq ∈RHW×D of Iq (extracted from E), we estimate the affinity

between the query Iq and reference frames {Irn}n (analogous to Eq. 4.1):

A = softmax(IrI
⊤
q ) ∈ RNHW×HW . (4.5)

Hence target-specific, supportive features are accordingly assembled to yield:

Vq = A⊤Vr ∈ RHW×D′
. (4.6)

Here Vq absorbs existent object observations in the reference set {(Irn,Yrn)}n, re-

vealing for Iq whether each pixel thereof belongs to the target object or not. Given

precise segmentation groundtruths, it is relatively easy for fully supervised meth-

ods [236, 44, 269] to learn to directly decode Vq into segmentation mask. However,

this strategy does not work well in our case since the pseudo labels are inevitably

noisy and less accurate, compared with the real groundtruths. To tackle this, we

achieve mask decoding through a mask refinement scheme, which makes more ex-

plicit use of reference masks. Specifically, we first construct a coarse mask Ȳq for Iq
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by warping the reference masks {Yrn}n w.r.t. the affinity A:

Ȳq = A⊤[Yr1 , Yr2 , · · ·, Yrn ] ∈ RHW . (4.7)

The segmentation prediction Ŷq for the query Iq is made as:

Ŷq = D([Vq, V̄q]), V̄q = V([Iq, Ȳq]) ∈ RHW×D′
. (4.8)

Here the frame-mask encoder V (cf. Eq. 4.4) is smartly revoked to get another target-

specific embedding V̄q, from the pair of the query frame Iq and warped coarse mask

Ȳq. This also elegantly resembles the mask copying strategy adopted in existing

correspondence-based self-supervised VOS models. Conditioned on the concatena-

tion of Vq and V̄q, the mask decoder D outputs a finer mask Ŷq. In practice we find

our mask refinement strategy can ease training and bring better

performance (related experiments can be found in Table 4.4e).

Given the pseudo segmentation label Yq and prediction Ŷq of Iq, our whole model

is supervised by minimizing the standard cross-entropy loss LCE:

LSeg =
∑

I
LCE(Ŷq, Yq). (4.9)

4.2.3 Self-supervised Dense Correspondence Learning

An appealing aspect of our mask embedding framework is that it is general

enough to naturally incorporate unsupervised correspondence learning to specifi-

cally reinforce visual representation E . This comes with a few advantages: First,

this allows our model to exploit the inherent coherence in natural videos as free su-

pervisory signals to promote the transferability and sharpen the discriminativeness

of E . Second, correspondence learning provides initial meaningful features for clus-

tering (cf. Eq. 4.3), which is prone to degeneracy (i.e., allocating most samples to

the same cluster) caused by poor initialization [25]. Third, our segmentation model

involves the computation of intra-frame affinity A (cf. Eqs. 4.4-4.6), raising a strong

demand for efficiently modeling dense correspondence within our framework. Along
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with recent work of contrastive matching based correspondence learning [128, 5, 349],

we comprehensively explore intrinsic continuity within raw videos in both short-term

and long-term time scales, to boost the learning of E (see Fig. 4.2(c)).

Short-term Appearance Consistency. Temporally adjacent frames typically

exhibit continuous and trivial appearance changes [118, 204]. To accommodate

this property, we enforce transformation-equivariance [232, 289, 288, 234] between

our adjacent frame representations. Given two successive frames It, It+1∈I, their

representations, delivered by E , are constrained to be equivariant against geometric

transformations (i.e., scaling, flipping, and cropping). Specifically, denote Φ as a

random transformation, our equivariance based short-term appearance consistency

constraint can be expressed as:

❶ E(It) ≈ E(It+1)

short-term consistency

❷ E(Φ(It)) = Φ(E(It))

transformation-equivariance

⇒E(Φ(It)) ≈ Φ(E(It+1)) ❸. (4.10)

Here ❶ states the short-term consistency property; ❷ refers to the equivariance con-

straint on a single image [234], i.e., an imagery transformation Φ of It should lead to

a correspondingly transformed feature [5]. By bringing ❷ into ❶, we prevent trivial

solution, i.e., E(It)≡E(It+1), when directly optimizing E via ❶, and eventually get

❸. Following ❸, we first get the feature of transformed It:X
′
t = E(Φ(It))∈RHW×D,

and transformed feature of It+1:Xt+1=Φ(E(It+1))∈RHW×D. Denote k-th pixel fea-

ture of Xt+1 (resp. X ′
t) as xk

t+1∈RD (resp. x′k
t ∈RD)∗, our short-term consistency

loss is computed as:

LShort = −
∑

I

∑
k
log

exp(⟨xk⊤
t+1x

′k
t ⟩)∑

l exp(⟨xk⊤
t+1x

′l
t ⟩)

, (4.11)

∗For clarity, the symbols for frame and pixel features in §4.2.3 are slightly redefined as X and

x, instead of using I and i as in §4.2.2.
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where ⟨xk⊤
t+1x

′l
t ⟩ gives cosine similarity based affinity between k-th pixel feature of

Xt+1 and l-th pixel feature of X ′
t. Eq. 4.11 captures local appearance continuity

by contrasting affinity between aligned pixel feature pairs, i.e., xk
t+1and x′k

t against

non-corresponding ones, i.e., xk
t+1 and {x′l

t }l ̸=k, with an extra transformation equiv-

ariance based constraint.

Long-term Semantic Dependency. In addition to considering the local con-

sistency among adjacent frames, we exploit long-term coherence of visual content

among distant frames [226, 352]. To address this property, we enforce trans-

formation equivariance between representations of arbitrary frame pairs (sampled

from the same video) after alignment. Given two distant frames It,It′∈I (s.t. |t−

t′| ≥ 5), their representations, after being aligned w.r.t. their affinity At
t′ , are con-

strained to be equivariant against geometric transformations. In particular, denote

At
t′ ∈ [0, 1]HW×HW (resp.

At
Φ(t′) ∈ [0, 1]HW×HW ) as the affinity between It and It′ (resp. It and Φ(It′)), our

equivariance based long-term semantic dependency constraint can be expressed as:

❹ E(It)≈At⊤
t′ E(It′)

long-term dependency

❷ E(Φ(It)) =Φ(E(It))

transformation-equivariance

⇒E(It)≈At⊤
Φ(t′)Φ(E(It′)) ❺. (4.12)

Here ❹ states the long-term dependency property; ❷ poses the equivariance con-

straint, as in Eq. 4.10. By bringing ❷ into ❹, we prevent trivial solution, i.e.,

E(It) ≡ E(It′), when directly optimizing E via ❹, and eventually get ❺. Specifi-

cally, similar to ❹, we have E(It)≈ At⊤
Φ(t′)E(Φ(It′)); then with ❷, we obtain E(It)≈

At⊤
Φ(t′)E(Φ(It′)) =At⊤

Φ(t′)Φ(E(It′)).

Following ❺, we get the feature of transformed It′ : X ′
t′ = E(Φ(It′)) ∈ RHW×D,

transformed feature of It′ : Xt′ = Φ(E(It′))∈RHW×D, and the original feature of It:

It =E(It)∈RHW×D. For k-th pixel (feature) of X ′
t′ , we first find the matching (i.e.,
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the most similar) pixel ok in It as:

ok = argmax
o∈{1,···,HW}

ak,o, ak,o =
exp(⟨x′k⊤

t′ iot ⟩)∑
l exp(⟨x′k⊤

t′ ilt⟩)
, (4.13)

where iot ∈ RD refers to o-th pixel feature of It, and ak,o corresponds to (k, o)-th

element of the affinity At
Φ(t′) between Φ(It′) and It. Then, the dominant index

ok serves as pseudo labels for our temporally-distant matching and our long-term

dependency loss is computed as:

LLong = −
∑

I

∑
k
log

exp(⟨xk⊤
t′ iokt ⟩)∑

l exp(⟨xk⊤
t′ ilt⟩)

. (4.14)

Eq. 4.14 addresses global semantic dependencies by contrasting affinity between

aligned pixel feature pairs, i.e., xk
t′ and iokt , against non-corresponding ones, i.e., xk

t′

and {ilt}l ̸=ok , under an equivariant representation learning scheme.

4.2.4 Implementation Details

Full Loss. The overall training loss is:

L =LSeg + LCorr

=LSeg + λ1LShort + λ2LLong,
(4.15)

where the coefficients are empirically set as: λ1 = 0.1 and λ2 = 0.5.

Network Configuration. For the visual encoder E , we instantiate it as ResNet-18

or ResNet-50 in our experiments. For ResNet-18, the spatial strides of the second

and last residual blocks are removed to yield an output stride of 8, as in [122, 314, 5].

For ResNet-50, we follow [326] to take features from res4, and drop its stride

to preserve more spatial details. For the frame-mask encoder V , it has a similar

structure as E , expect for the input and output dimensionality. On the top of E and

V , two 1×1 convolution layers are separately added to reduce the output dimensions

of E and V to D = 128 and D′ = 512, respectively. For the mask decoder D, it

consists of two Residual blocks that are connected with E through skip layers, and

a 1×1 convolution layer to produce the final segmentation prediction.
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Method Backbone Dataset(size) J&Fm↑ Jm↑ Jr↑ Fm↑ Fr↑

Colorization [307] ResNet-18 Kinetics( - , 800 hours) 34.0 34.6 34.1 32.7 26.8

CorrFlow [152] ResNet-18 OxUvA( - , 14 hours) 50.3 48.4 53.2 52.2 56.0

TimeCycle [326] ResNet-50 VLOG( - , 344 hours) 48.7 46.4 50.0 50.0 48.0

UVC [172] ResNet-18 C+Kinetics(30K, 800 hours) 57.8 56.3 65.0 59.2 64.1

MuG [204] ResNet-18 OxUvA( - , 14 hours) 54.3 52.6 57.4 56.1 58.1

MAST [151] ResNet-18 Youtube-VOS( - , 5.58 hours) 65.5 63.3 73.2 67.6 77.7

CRW [122] ResNet-18 Kinetics( - , 800 hours) 68.3 65.5 78.6 71.0 82.9

ConCorr [314] ResNet-18 C+TrackingNet(30K, 300 hours) 63.0 60.5 70.6 65.5 73.0

CLTC [128] ResNet-18 Youtube-VOS( - , 5.58 hours) 70.3 67.9 78.2 72.6 83.7

JSTG [383] ResNet-18 Kinetics( - , 800 hours) 68.7 65.8 77.7 71.6 84.3

ResNet-18 67.9 65.0 77.2 70.8 82.3
VFS [349]

ResNet-50
Kinetics( - , 800 hours)

69.4 66.7 78.6 72.0 85.2

ResNet-50 56.2 54.5 58.1 57.9 60.3
DINO [26]

ViT-B/8
I(1.28M, - )

71.4 67.9 81.6 74.9 85.4

DUL [5] ResNet-18 Youtube-VOS( - , 5.58 hours) 69.3 67.1 81.2 71.6 84.9

SCR [275] ResNet-18 Kinetics( - , 800 hours) 70.5 67.4 78.8 73.6 84.6

LIIR [168] ResNet-18 Youtube-VOS( - , 5.58 hours) 72.1 69.7 81.4 74.5 85.9

ResNet-18 74.5 71.6 82.9 77.4 86.9
Ours

ResNet-50
Youtube-VOS( - , 5.58 hours)

75.6 73.3 83.6 77.8 87.3

OSVOS [22] VGG-16 I+D(1.28M, 10k) 60.3 56.6 63.8 63.9 73.8

STM [236] ResNet-50 I+D+Youtube-VOS(1.28M, 164k) 81.8 79.2 88.7 84.3 91.8

- I: ImageNet [57]; C: COCO [187]; D: DAVIS17 [245].

Table 4.1 : Quantitative segmentation results (§4.3.1) on DAVIS17 [245] val. For

dataset size, we report (#raw images, length of raw videos) for self-supervised methods

and (#image-level annotations, #pixel-level annotations) for supervised methods.
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Training. We follow [26] to pre-train the backbone network E on YouTube-VOS for

300 epochs, enabling reliable initial clustering. Then, we conduct the main training

for a total of 400 epochs using Adam optimizer with batch size 16 and base learning

rate 1e-4, on one Tesla A100 GPU. In the first 300 epochs, the whole network is

trained with only the correspondence loss LCorr. The learning rate is scheduled

following a “step” policy, decayed by multi-plying 0.5 every 100 epochs. In the last

100 epochs, the whole network is trained using the full loss L, with fixed learning rate

1e-5. The first time-space clustering is made at epoch 300 for creating initial pseudo

segmentation labels. Afterwards, the pseudo labels are updated by conducting re-

clustering at every 10 epochs. During clustering, we abandon over-size clusters,

i.e., accounting for more than 40% of video pixels. These big clusters are typically

scene background, like sky and grass; only the remaining pixel clusters/segments

are used as pseudo labels. Random scaling, cropping, and flipping are used for data

augmentation, and the training image size is set to 256×256. In each mini-batch,

we sample 3 frames per video, and adopt the strategy in [44, 236] to learn mask

decoding with two reference frames (i.e., N=2).

Testing. Once trained, our model is applied to test videos without any fine-tuning.

Following [122, 5], for each query frame, we take the first frame (providing reliable

object mask information), and, if applicable, its prior 20 frames (capturing diverse

object patterns), as well as their masks, as reference for segmentation prediction.

In addition, we repeatedly feed the prediction Ŷq back to the mask decoder D for

iterative refinement. We find this strategy brings better results while requiring no

extra parameters, with only marginal sacrifice of inference speed (see Table 4.4e).

4.3 Experiments

Dataset. We evaluate our approach on two VOS datasets, i.e.,

DAVIS17 [245] and YouTube-VOS[351]. They have 30 and 474 videos in val sets, re-
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Figure 4.3 : Visual comparison results (§4.3.1) on two videos from

DAVIS17 [245] val (left) and Youtube-VOS [351] val (right), respectively.

CRW [122] and LIIR [168] suffer from error accumulation during mask tracking,

due to the simple matching-based mask copy-paste strategy. However, our approach

performs robust over time and yields more accurate segmentation results, by learn-

ing to embed target masks.

spectively. The videos are companied with pixel-wise annotations and cover various

challenges like occlusion, complex background, and motion blur.

Evaluation Metric. Following the official evaluation protocols [245, 351], we adopt

region similarity (Jm), contour accuracy (Fm) and their average (J&Fm). For

DAVIS17, we additionally report the recall values (Jr and Fr), at IoU threshold

0.5. For YouTube-VOS, scores are obtained by submitting the results to the official

evaluation server and separately computed for seen and unseen categories.

4.3.1 Comparison with State-of-the-Art

PerformanceonDAVIS17.Table4.1gives comparison resultsagainst 15 recent self-

supervised VOS methods on DAVIS17 val. We also include two famous supervised

alternatives [22, 236] for reference. As seen, using a relatively small amount of train-

ing data (i.e., 5.58 hours of raw videos in YouTube-VOS train) and weak backbone

architecture – ResNet-18, our approach outperforms all competitors across multi-

ple evaluation metrics. When adopting ResNet-50, our approach yields far better

performance, up to 75.6% J&Fm.
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Method Backbone J&Fm↑ Jm↑ Jr↑ Fm↑ Fr↑

MAST [151] ResNet-18 54.3 50.7 58.9 57.8 64.5

CRW [122] ResNet-18 55.9 52.3 - 59.6 -

DUL [5] ResNet-18 57.0 53.5 60.4 60.5 67.6

SCR [275] ResNet-18 59.9 55.9 - 64.0 -

LIIR [168] ResNet-18 57.5 55.2 63.1 59.8 68.6

ResNet-18 61.3 59.4 66.5 63.1 73.7
Ours

ResNet-50 62.4 60.6 66.9 64.2 74.3

RGMP [235] ResNet-50 52.9 51.3 - 54.4 -

STM [236] ResNet-50 72.2 69.3 - 75.2 -

Table 4.2 : Quantitative results on

DAVIS17 [245] test-dev (§4.3.1).

Seen Unseen
Method Backbone J&Fm↑

Jm↑ Fm↑ Jm↑ Fm↑

CorrFlow [152]ResNet-18 46.6 50.6 46.6 43.8 45.6

MAST [151]ResNet-18 64.2 63.9 64.9 60.3 67.7

CRW [122]ResNet-18 68.7 67.4 69.1 65.1 73.2

CLTC [128]ResNet-18 67.3 66.2 67.9 63.2 71.7

DUL [5]ResNet-18 69.9 69.6 71.3 65.0 73.5

LIIR [168]ResNet-18 69.3 67.9 69.7 65.7 73.8

ResNet-18 71.6 71.0 74.2 66.0 75.3
Ours

ResNet-50 72.4 71.7 74.6 67.0 76.2

OSVOS [22] VGG-16 58.8 59.8 60.5 54.2 60.7

STM [236]ResNet-50 79.4 79.7 84.2 73.5 80.9

Table 4.3 : Quantitative results on

YouTube-VOS [351] val (§4.3.1).

In particular, compared with ResNet-18 based top-leading models, i.e., LIIR [168],

SCR [275], DUL [5], and CLTC [128], our approach earns 2.4%, 4.0%, 5.2%, and

4.2% J&Fm gains, respectively. Note that, CLTC adopts different net- work archi-

tectures and model weights for different datasets. Apart from this, VFS and JSTG

make use of much more training data than ours (800 vs5.58 hours of videos). As for

DINO, a recent state-of-the-art, contrastive image representation learning based

method, our approach still outperforms it by 3.1% and 4.2% J&Fm based on

ResNet-18 and ResNet-50, respectively. This is particularly impressive, consider-

ing our backbone is desperately inferior to DINO (i.e., ResNet-18/-50 vs ViT-B)

and the training data used by these two methods are completely not comparable

in both quality and quantity (i.e., 3.5K videos vs1.28M images). When using the

same ResNet-50 backbone, the performance gap is huge, e.g., 19.4% in J&Fm.

Table 4.2 reports our performance on DAVIS17 test-dev. We can clearly observe

that, our approach, again, suppresses all the recent alternatives by a solid margin.

Performance on YouTube-VOS. We further conduct experiments on YouTube-
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VOS val. As shown in Table 4.3, our approach, again, achieves remarkable per-

formance, evidencing its efficacy and generalization ability across different VOS

datasets. Specifically, when opting for ResNet-18 backbone network architecture,

our approach obtains 1.7% absolute J&Fm improvement, over the current top

leading method — DUL. Moreover, with a stronger backbone — ResNet-50, our

approach further improves the J&Fm score to 72.4%, setting a new state-of-the-art.

Visual Comparison Results. Fig. 4.3 depicts the visual com-

parison results of our approach and two competitors, MAST and DUL, on two

challenging videos from DAVIS17 val and YouTube-VOS val, respectively. We can

find CRW and LIIR, as classic, correspondence-based methods, suffer from drifting

errors during mask propagation; small prediction errors on past frames are hard to

be corrected in later frames and further lead to worse results after processing more

frames. This is due to their matching-based propagation strategy. In contrast, our

approach generates more reasonable segments that better align object boundaries,

and performs robust to small outlier predictions, hence reducing error accumulation

over time. These results verify the efficacy of our model and support our insight

that encoding mask information is crucial for self-supervised VOS. Further detailed

quantitative analyses can be found in §4.3.2.

4.3.2 Diagnostic Experiments

To thoroughly examine our core hypotheses and model designs, we conduct a

series of ablative studies on DAVIS17 val. The reported baselines are built upon

ResNet-18 and trained by the default setting, unless otherwise specified.

Training Objective. Our model is jointly trained for mask-embedded segmen-

tation LSeg (cf. Eq. 4.15) and correspondence matching LCorr (= LShort +LLong).

Table 4.4a analyzes the influence of different training objectives. We can find that,

using LShort or LLong individually only yields J&Fm scores of 57.4% and 67.2%,
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Loss J&Fm↑ Jm↑ Fm↑

LShort 57.4 55.8 58.9

LLong 67.2 64.9 69.5

LShort + LLong 68.8 66.7 70.9

LSeg 62.3 60.5 64.0

LSeg+LShort+LLong 74.5 71.6 77.4

(a) loss design

#Ref. Frame J&Fm↑ Jm↑ Fm↑

First 68.8 65.7 71.9

First + Last 1:15 73.2 70.4 76.0

First + Last 1:20 74.5 71.6 77.4

First + Last 1:25 73.5 70.9 76.1

First + Last 1:30 72.8 70.2 75.3

(b) number of reference frames

#Centroid J&Fm↑ Jm↑ Fm↑

M = 2 67.5 65.2 69.8

M = 3 71.6 69.0 74.2

M = 5 74.5 71.6 77.4

M = 8 72.5 69.6 75.4

M = 10 70.1 67.3 72.9

(c) number of cluster centers

Mask update J&Fm↑ Jm↑ Fm↑

No update 71.1 68.3 73.9

Per 20 epoch 72.8 69.9 75.7

Per 15 epoch 73.9 70.8 77.0

Per 10 epoch 74.5 71.6 77.4

Per 5 epoch 72.5 69.5 75.5

Every epoch 69.7 66.7 72.6

(d) pseudo mask update

Round J&Fm↑ Jm↑ Fm↑ FPS

0 69.7 67.3 72.1 1.86

1 72.6 69.8 75.4 1.84 (-1.1%)

2 73.9 71.1 76.7 1.80 (-3.2%)

3 74.5 71.6 77.4 1.77 (-4.8%)

4 74.3 71.2 77.3 1.73 (-7.0%)

5 74.0 71.0 77.0 1.69 (-9.2%)

(e) recurrent refinement

Strategy Loss J&Fm↑ Jm↑ Fm↑FPS

photometric MAST [151] 65.5 63.3 67.6 1.13

reconstruction MAST [151]+LSeg69.0 (+3.5)66.471.61.01

cycle-consistency CRW [122] 67.6 64.6 70.6 1.86

tracking CRW [122]+LSeg 71.8 (+4.2)68.375.31.77

contrastive LCorr (ours) 68.8 66.7 70.9 1.86

matching LCorr+LSeg 74.5 (+5.7)71.677.41.77

(f) correspondence learning schema

Table 4.4 : A set of ablative studies on DAVIS17 [245] val (§4.3.2). The adopted settings

are marked in red.

respectively. Their combination uplifts the performance to 68.8%, confirming their

complementarity. However, the baseline is still weaker in comparison with current

top-leading correspondence-based methods, e.g., LIIR [168] with 72.1%. Moreover,

when using LSeg solely, the model only achieves 62.3%. This is because, without the

regularization of the correspondence learning term, k-means suffers from random

initialization of the representation and easily return trivial solutions, e.g., fragile

or massive clusters. When considering all the training goals together, performance

boosts can be clearly observed, e.g., 74.5% in J&Fm. Under such a scheme, un-

supervised correspondence learning makes the features informative for meaningful

clustering; then the produced high-quality pseudo masks allow the model to learn

to make a better use of the object mask to guide segmentation.

Reference Frame. As usual [236, 151, 44], we leverage the first frame and several

previous segmented frames as well as their corresponding masks, to support the
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segmentation of the current frame. Table 4.4b reports the related experiments.

k-means Clustering. Next we probe the impact of the number of cluster centers,

i.e., M , in Table 4.4c. The best performance is obtained at M=5, roughly equal to

the obvious objects number, i.e., 3∼ 4 on average in each training video.

Pseudo Mask Update. During training, our approach alternates between clus-

tering based pseudo mask generation and mask guided segmentation learning. In

Table 4.4d, we study such training strategy. ‘No update’ means that, after the ini-

tial correspondence learning stage (first 300 training epochs; see §4.2.4), we create

pseudo masks and use them throughout the whole joint correspondence and seg-

mentation learning stage (last 100 epochs). This baseline achieves 71.1% J&Fm.

If we improve the frequency of pseudo mask update from once to twice every 20

epochs, the score is improved to 74.5%. But further more frequently re-estimating

the pseudo masks leads to inferior performance. We speculate that it is because,

when learning with the noisy pseudo masks, it needs more epochs to optimize the

network parameters, while updating the pseudo masks too frequently will easily

suffer from the impact of sub-optimal features.

Recurrent Refinement. We feed our predicted masks to the segmentation decoder

D for iterative refinement. Table 4.4e reports the related results. Round 0 means

we follow Eq. 4.6 to leverage Vq for mask decoding. In Round 1, the model follows

Eq. 4.8 to warp and refine the coarse prediction Ȳq and from Round 2 onwards, we

replace Ȳq with the output Ŷq from the prior round. As seen, after two rounds of

refinement, J&Fm score is improved from 69.7% to 74.5%, with only negligible

delay in inference speed (i.e., -4.8%).

Versatility. As our self-supervised mask embedding learning (cf. §4.2.2) is a gen-

eral framework, it is interesting to test its efficacy with different correspondence

learning regimes. In Table 4.4f, we apply our mask embedding learning method
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to MAST [151] (reconstruction based), CRW [122] (cycle-consistency based), and

our correspondence learning strategy LCorr (cf. §4.2.3; contrastive matching based).

Impressively, notable performance gains are achieved over different baselines, e.g.,

3.5% on MAST, 4.2% on CRW, and 5.7% on our LCorr, in terms of J&Fm. The

last column of Table 4.4f gives inference speed, showing the additional computational

budget brought by mask embedding is negligible.

4.4 Limitation

Currently we directly leverage the k-means algorithm to cluster pixels. The k-

means clustering, though simple, is less efficient compared with some more advanced

ones, such as [51, 64] which consider clustering from the perspective of optimal

transport. We leave this as a part of our future work.

4.5 Conclusion

In this chapter, we devised a new framework that investigates both mask em-

bedding and correspondence learning for mask propagation, in an annotation-free

manner. Through space-time clustering, coherent video partitions are automatically

generated for teaching the model to directly learn mask embedding and tracking.

Meanwhile, self-supervised correspondence learning is naturally incorporated as ex-

tra regularization. In this way, our approach successfully bridges the gap between

fully- and self-supervised VOS models in both performance and network architecture

design.
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Chapter 5

Relational Scene Understanding: Modeling

Hierarchical Structures in Semantic Segmentation

Expanding on the previous exploration of temporal structures learned through vi-

sual correspondence in dynamic scenes, this chapter shifts the focus to the spatial

dimension and the relational organization inherent in individual visual scenes.

5.1 Introduction

Semantic segmentation, which aims to identify semantic categories for pixel ob-

servations, is viewed as a vital step towards intelligent scene understanding [329].

The vast majority of modern segmentation models simply assume that all the target

classes are disjoint and should be distinguished ex- clusively during pixel-wise predic-

tion. This fails to capture the structured nature of the visual world [203]: complex

scenes arise from the composition of simpler entities. Walking city, vehicles and

pedestrian fill our view (Fig. 5.1). After focusing on the vehicles, we identify cars,

buses, and trucks, which consist of more fine-grained parts like wheel and window.

On the other hand, structured understanding of our world in terms of relations and

hierarchies is a central ability in human cognition [277, 358]. We group chair and

bed as furniture, while cat and dog as pet. We understand this world over multiple

levels of abstraction, in order to maintain stable, coherent percepts in the face of

complex visual inputs [134]. The ubiquity of hierarchical decomposition serves as a

core motivation behind many structured machine learning models [55, 333], which

have shown wide success in document classification [148, 215] and protein function

prediction [297, 18].
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Figure 5.1 :Hierarchical semantic segmentation explains visual scenes with multi-level

abstraction (left), by considering structured class relations (right). The class taxonomy is

borrowed from [228].

In semantic segmentation literature, surprisingly little is understood about how

to accommodate pixel recognition into semantic hierarchies. [326, 330, 343, 179, 219,

176, 328] are rare exceptions that exploit class hierarchies in segmentation networks.

Nevertheless, they either focus specifically on the structured organization of human

body parts [326, 330, 328], or introduce hierarchy-induced architectural changes to

the segmentation network [343, 179, 219, 176], both hindering generality. More es-

sentially, these methods are more aware of making efficient information propagation

over the hierarchies (e.g., graph message passing [330, 176, 397], multi-task learn-

ing [343]), without imposing tree-structured label dependencies/constraints into pre-

diction and learning.

To mimic human hierarchical visual perception, we propose a novel approach

for hierarchical semantic segmentation (HSS). In HSS, classes are not arranged in a
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“flat” structure, but organized as a tree-shaped hierarchy. Thus each pixel observa-

tion is associated to a root-to-leaf path of the class hierarchy (e.g., human→rider→

bicyclist), capturing general-to-specific relations between classes. Our algorithm,

called Hssn, addresses two core issues in HSS, yet untouched before. First, in-

stead of previous structured segmentation models focusing on sophisticated network

design, Hssn directly formulates HSS as a pixel-wise multi-label classification task.

This allows to easily adapt existing segmentation models to the HSS setting, densely

linking the fields of classic hierarchy-agnostic segmentation and HSS together. Sec-

ond, Hssn makes full use of the class hierarchy in HSS network learning. To make

pixel predictions coherent with the class hierarchy, Hssn explores two hierarchy

constraints, i.e., i) a pixel sample belonging to a given class must also belong to all

its ancestors in the hierarchy, ii) a pixel sample not belonging to a given class must

also not belong to all its descendants, as optimization criterion. This leads to a

pixel-wise hierarchical segmentation learning strategy, which enforces segmentation

predictions to obey the hierarchy structure during training. Hssn further encodes

the structured knowledge introduced by the class hierarchy into the pixel embedding

space. This leads to a pixel-wise hierarchical representation learning strategy, which

inspires tree-induced margin separation for embedding space reshaping. As the hi-

erarchy characterizes the underlying relationships between classes, Hssn is able to

enrich pixel embeddings by pulling semantically similar pixels (e.g., bicycle and

motorcycle) closer, while pushing semantically dissimilar pixels (e.g., pedestrian

and lamppost) farther away. This leads to more efficient learning by discovering

and reusing common patterns [86], facilitating hierarchical segmentation eventually.

This also allows our model to take different levels of mistakes into consideration.

This is essential for some critical systems [15]. Take autonomous driving as an ex-

ample: mistaking a bicycle for a motorcycle is less of a problem than confusing a

pedestrian with a lamppost.
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This work represents a solid step towards HSS. Our approach is elegant and

principle; it is readily incorporated to arbitrary previous hierarchy-agnostic seg-

mentation networks, with only marginal modification on the segmentation head.

We train and test Hssn over four public benchmarks (i.e., Mapillary Vistas 2.0

[228], Cityscapes [49], LIP [178], PASCAL-Person-Part [342]), with different class

hierarchies for urban street scene parsing and human semantic parsing. Exten-

sive experimental results with different segmentation network architectures (i.e.,

DeepLabV3+ [32], OCRNet [365], MaskFormer [42]) and backbones (i.e., ResNet-

101 [106], HRNetV2-W48 [312], Swin-Small [194]) verify the generalization and ef-

fectiveness of Hssn.

5.2 Our Approach

Our goal is to accommodate standard semantic segmentation networks to the

HSS problem and then exploit structured class relations in order to generate hierarchy-

coherent representations and predictions, and improve performance. Given this goal,

we develop Hierarchical Semantic Segmentation Networks (Hssn), a gen-

eral framework for HSS network design (§5.2.1) and training (§5.2.2).

5.2.1 Hierarchical Semantic Segmentation Networks

Rather than typical segmentation methods treating semantic classes as disjoint

labels, in the HSS setting, the underlying dependencies between classes are consid-

ered and formalized in a form of a tree-structured hierarchy, T=(V , E). Each node

v∈V denotes a semantic class/concept, while each edge (u, v)∈E encodes the de-

composition relationship between two classes, u, v∈V , i.e., parent node v is a more

general, superclass of child node u, such as (u, v)=(bicycle, vehicle). We assume

(v, v)∈E , thus every class is both a subclass and superclass of itself. The root node

of T , i.e., vr, denotes the most general class. The leaf nodes, i.e., Vχ, refer to the

most fine-grained classes, such as Vχ={tree, bicyclist, · · · } in urban street scene
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parsing, and Vχ={head, leg, · · · } in human parsing.

For a typical hierarchy-agnostic segmentation network, an encoder fENC is first

adopted to map an image I into a dense feature tensor I=fENC(I)∈RH×W×C , where

i∈I is the embedding of pixel i∈I. Then a segmentation head fSEG is used to get a

score map Y =softmax(fSEG(I))∈ [0, 1]H×W×|Vχ| w.r.t.the leaf node set Vχ. Given

the score vector y=[yvχ]vχ∈Vχ∈ [0, 1]|Vχ| and groundtruth leaf label v̂χ∈Vχ for pixel i,

the categorical cross-entropy loss is optimized:

LCCE(y)=− log(yv̂χ). (5.1)

During inference, pixel i is associated to a single leaf node: v∗χ =arg maxvχ(yvχ).

To accommodate classic segmentation networks to the HSS setting with mini-

mum change, our Hssn first formulates HSS as a pixel-wise multi-label classification

task, i.e., map pixels with their corresponding classes in the hierarchy as a whole.

Specifically, only the segmentation head fSEG is modified to predict an augmented

score map S = sigmoid(fSEG(I)) ∈ [0, 1]H×W×|V| w.r.t.the entire class hierar-

chy V . Given the score vector s = [sv]v∈V ∈ [0, 1]|V| and groundtruth binary label

set l̂=[l̂v]v∈V∈{0, 1}|V| for pixel i, the binary cross-entropy loss is optimized:

LBCE(s) =
∑

v∈V−l̂vlog(sv)−(1− l̂v)log(1−sv). (5.2)

During inference, each pixel i is associated with the top-scoring root-to-leaf path in

the class hierarchy T :

{v∗1, · · · , v∗|P|} =arg max
P⊆T

∑
vp∈P svp , (5.3)

where P ={v1, · · · , v|P|}⊆T denotes a feasible root-to-leaf path of T , i.e., v1∈Vχ,

v|P|= vr, and ∀vp, vp+1∈P⇒ (vp, vp+1)∈E . Although Eq. 5.3 ensures the coherence

between pixel-wise prediction and the class hierarchy during the inference stage,

there is no any class relation information used for segmentation network training, as

the binary cross-entropy loss in Eq. 5.2 is computed over each class independently.
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Figure 5.2 : Hierarchy constraints used in our pixel-wise hierarchical segmentation

learning (§5.2.2). (a) In the class hierarchy, the filled circles represent the positive classes,

while empty circles indicate the negative classes. The positive and negative T -properties

are highlighted in the red and blue regions, respectively. (b) The original score vector s

predicted for the class hierarchy. The predictions which violate the positive and negative

T -constraints are highlighted in the red and blue rectangles, respectively. (c) The updated

score vector p, which satisfies the T -constraints. With LTM, the penalties for the wrong

predictions, i.e., ‘0.6’ and ‘0.3’, are increased twice, compared with applying LBCE.

To alleviate this issue, we propose a hierarchy-aware segmentation learning scheme

(§5.2.2), which incorporates the semantic structures into the training of Hssn.

5.2.2 Hierarchy-Aware Segmentation Learning

Our hierarchy-aware segmentation learning scheme includes two major compo-

nents: i) a pixel-wise hierarchical segmentation learning strategy (§5.2.2) which su-

pervises the segmentation prediction S in a hierarchy-coherent manner, and ii) a

pixel-wise hierarchical representation learning strategy (§5.2.2) that makes hierarchy-

induced margin separation for reshaping the pixel embedding space fENC.

Pixel-Wise Hierarchical Segmentation Learning

For each pixel, the assigned labels are hierarchically consistent if they satisfy the

following two properties (Fig. 5.2):

Definition 5.2.2.1 (Positive T -Property). For each pixel, if a class is labeled pos-

itive, all its ancestor nodes ( i.e., superclasses) in T should be labeled positive.
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Definition 5.2.2.2 (Negative T -Property). For each pixel, if a class is labeled

negative, all its child nodes ( i.e., subclasses) in T should be labeled negative.

The first property, also known as T -property [18], was explored in some hierar-

chical classification work [304, 333, 90], while the second property is ignored. Actu-

ally, these two properties are complementary and crucial for consistent hierarchical

prediction. Specifically, to incorporate these two label consistency properties into

the supervision of Hssn, we further derive the following two hierarchy constraints

w.r.t.per-pixel prediction, i.e., s=[sv]v∈V∈ [0, 1]|V|:

Definition 5.2.2.3 (Positive T -Constraint). For each pixel, if v class is labeled

positive, and u is an ancestor node ( i.e., superclass) of v, it should hold that sv≤su.

Definition 5.2.2.4 (Negative T -Constraint). For each pixel, if v class is labeled

negative, and u is a child node ( i.e., subclass) of v, it should hold that 1−sv≤1−su.

With the positive T -constraint, the positive T -property can be always guaran-

teed. Similar conclusion is also hold for the negative T -constraint (cf. Def. 5.2.2.4)

and negative T -property (cf. Def. 5.2.2.2).

Tree-Min Loss. To ensure the satisfaction of the two hierarchy constraints, we

estimate a hierarchy-coherent score map P ∈ [0, 1]H×W×|V| from S. For pixel i, the

updated score vector p=[pv]v∈V∈ [0, 1]|V| in P is given as:
pv= min

u∈Av

(su) if l̂v=1,

1−pv=min
u∈Cv

(1−su)=1−max
u∈Cv

(su) if l̂v=0,

(5.4)

where Av and Cv denote the superclass and subclass sets of v in T respectively, and

s = [sv]v∈V ∈S refers to the original score vector of pixel i. Note that, according

to our definition (v, v) ∈ E (cf. §5.2.1), we have v ∈Av and v ∈ Cv. With Eq. 5.4,
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Figure 5.3 : Effect of LBCE in Eq. 5.2 (top) vs LFTM in Eq. 5.6 (bottom).

the pixel-wise prediction p is guaranteed to always satisfy the hierarchy constraints

(cf. Defs. 5.2.2.3 and 5.2.2.4).

We thus build a hierarchical segmentation training objective, i.e., tree-min loss,

to replace LBCE(s) in Eq. 5.2:

LTM(p) =
∑
v∈V
−l̂vlog(pv)− (1− l̂v)log(1−pv),

=
∑
v∈V
−l̂vlog(min

u∈Av

(su))−

(1− l̂v)log(1−max
u∈Cv

(su)).

(5.5)

Compared with LBCE(s), LTM(p) is more favored as the structured score distribution

p is constructed by strictly following the hierarchy constraints (cf. Eq. 5.4), and

hence the violation of the hierarchy properties (i.e., any undesired prediction of p)

can be explicitly penalized (see Fig. 5.2(c)).

Focal Tree-Min Loss. Inspired by the focal loss [186], we add a modulating factor

to the tree-min loss (cf. Eq. 5.5), so as to reduce the relative loss for well-classified

pixel samples and focus on those difficult ones:

LFTM(p)=
∑
v∈V
−l̂v(1−pv)γ log(pv)−(1− l̂v)(pv)γ log(1−pv),

=
∑
v∈V
−l̂v(1−min

u∈Av

(su))
γ log(min

u∈Av

(su))−

(1− l̂v)(max
u∈Cv

(su))
γ log(1−max

u∈Cv
(su)),

(5.6)

where γ≥0 is a tunable focusing parameter controling the rate at which easy classes
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are down-weighted. When γ= 0, LFTM(p) is equivalent to LTM(p). Fig. 5.3 shows

representative visual effects of LFTM against LBCE. We see that LFTM yields more

precise and coherent results. In §5.3.4, we provide quantitative comparison results

for LBCE(s) (cf. Eq. 5.2), LTM(p) (cf. Eq. 5.5), and LFTM(p) (cf. Eq. 5.6).

Pixel-Wise Hierarchical Representation Learning

Through mapping pixels with their corresponding semantic classes in the hierar-

chy T as a whole (cf. §5.2.1), we exploit intrinsic properties of T (cf. Defs. 5.2.2.1-

5.2.2.2) as constraints (cf. Defs. 5.2.2.3-5.2.2.4) to encourage hierarchy-coherent

segmentation prediction S (cf. Eqs. 5.5-5.6). As the class hierarchy provides rich se-

mantic relations among categories over different levels of concept abstraction, next

we will exploit such structured knowledge to reshape the pixel embedding space

fENC, so as to generate more efficient pixel representations and improve final seg-

mentation performance.

With this purpose, we put forward a margin based pixel-wise hierarchical repre-

sentation learning strategy, where the learned pixel embeddings are well separated

with structured margins imposed by the class hierarchy T . Specifically, for any pair

of labels u, v ∈ V , let ψ(u, v) denote their distance in the tree T . That is, ψ(u, v)

is defined as the length (in edges) of the shortest path between u and v in T . The

distance function ψ(·, ·) is in fact a semantic similarity metric defined over T [55];

it is a non-negative and symmetric function, ψ(v, v) = 0, ψ(u, v) =ψ(v, u), and the

triangle inequality always holds with equality.

In Hssn, the structured margin constraints are defined by the tree distance

ψ(·, ·), leading to a tree-triplet loss. This loss is optimized on a set of pixel triplets

{i, i+, i−}, where i, i+, i− are anchor, positive and negative pixel samples, respec-

tively. {i, i+, i−} are sampled from the whole training batch, such that ψ(v̂χ, v̂
+
χ )<

ψ(v̂χ, v̂
−
χ ), where v̂χ, v̂+χ , v̂

−
χ ∈ Vχ are the groundtruth leaf labels of i, i+, and i−,
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respectively. As such, in our tree-triplet loss, the positive samples are more seman-

tically similar to the anchor pixels (i.e., closer in T ), compared with the negative

pixels. Note that this is different from the classic, hierarchy-agnostic triplet loss

[267], where the anchor and positive samples are from the same class, while the

anchor and negative samples are from different classes, i.e., v̂χ = v̂+χ , and v̂χ ̸= v̂−χ .

With a valid training triplet {i, i+, i−}, our loss is given as:

LTT(i, i+, i−) = max{⟨i, i+⟩ − ⟨i, i−⟩+m, 0}, (5.7)

where i, i+, i−∈RC are the embeddings of i, i+, and i−, respectively, obtained from

the encoder fENC, ⟨·, ·⟩ is a distance function to measure the similarity of two inputs;

we use the cosine distance, i.e., ⟨x,y⟩= 1
2
(1− x·y

∥x∥∥y∥)∈ [0, 1]. The margin m forces

the gap of ⟨i, i−⟩ and ⟨i, i+⟩ larger than m. When the gap is larger than m, the loss

value would be zero. The separation margin m is determined as:

m = mε + 0.5mτ

mτ = (ψ(v̂χ, v̂
−
χ)− ψ(v̂χ, v̂

+
χ))/2D,

(5.8)

where mε=0.1 is set as a constant for the tolerance of the intra-class variance, i.e.,

maximum intra-class distance, mτ ∈ [0, 1] is a dynamic violate margin, which is

computed according to the semantic relationships among i, i+, and i− over the class

hierarchy T , and D refers to the height of T .

Eq. 5.7 encourages fENC as a hierarchically-structured embedding space (Fig. 5.4):

pixels with similar semantics (i.e., nearby in T ) are pushed closer than those with

dissimilar semantics (i.e., faraway in T ), guided by the hierarchy-induced margin

m. Related experiments are given in §5.3.4.

5.2.3 Implementation Detail

Network Architecture. Hssn is a general HSS framework; it is readily applied

to any hierarchy-agnostic segmentation models. i) The segmentation encoder fENC
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Figure 5.4 : Visualization of the hierarchical embedding space fENC learned on

Mapillary Vistas 2.0 [228] (§5.2.2). The different colors correspond to different categories.

It can be seen that, with LTT, fENC (middle) nicely embraces the hierarchical semantic

structures (right), in comparison with the one without LTT (left).

(§5.2.1) maps each input image I into a dense feature I∈RH×W×C , and can be imple-

mented as any backbone networks. In §5.3, we experiment with two CNN-based (i.e.,

ResNet-101 [106] and HRNetV2-W48 [312]) and a Transformer-based (i.e., Swin-

Transformer [194]) backbones. ii) The segmentation head fSEG (§5.2.1) projects I

into a structured score map S ∈ RH×W×|V| for all the classes in V . Segmentation

heads used in recent segmentation models (i.e., DeepLabV3+ [32], OCRNet [365],

MaskFormer [42]) are used and modified.

Training Objective. Hssn is end-to-end trained by minimizing the combinatorial

loss of our focal tree-min loss (LFTM in Eq. 5.6) and tree-triplet loss (LTT in Eq. 5.7):

LFTM + βLTT, where the coefficient β ∈ [0, 0.5] is scheduled following a cosine an-

nealing policy [197]. The focusing parameter γ in LFTM is set as 2. Furthermore,

following the common practice in metric learning, a projection function fPROJ is

used in LTT. It maps each pixel embedding i into a 256-d vector. fPROJ consists of

two 1×1 convolutional layers and one ReLU between them, and is discarded after

training, causing no extra computational cost in deployment.

Inference. For each pixel, the label assignment follows Eq. 5.3.
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5.3 Experiment

5.3.1 Experimental Setup

Datasets. We conduct experiments on two popular urban street scene parsing

datasets [228, 49] and two human body parsing datasets [342, 178]. The correspond-

ing class hierarchies are either the officially provided ones [228, 49] or generated by

following the conventions [342, 178].

• Mapillary Vistas 2.0 [228] is an urban egocentric street-view dataset with high-

resolution images. It contains 18,000, 2,000 and 5,000 images for train, val and

test, respectively. It provides annotations for 144 semantic concepts, which are

organized in a three-level hierarchy, covering 4/16/124 concepts, respectively.

• Cityscapes [49] contains 5,000 elaborately annotated urban scene images, which

are split into 2,975/500/1,524 for train/val/test. It is associated with 19 fine-

grained concepts, which are grouped into 6 super-classes.

• PASCAL-Person-Part [342] has 1,716 and 1,817 images for train and test,

with precise annotations for 6 human parts. Following [326, 330], we group 20

fine-grained parts (e.g., head, left-arm) into two superclasses upper-body and

lower-body, which are further combined ito full-body.

• LIP [178] includes 50,462 single-person images gathered from real-world scenarios,

with 30,462/10,000/10,000 for train/val/test splits. The hierarchy is similar to

the one in PASCAL-Person-Part, but the leaf layer has 19 fine-grained semantic

parts.

Training. For fair comparison, we follow [376, 326, 379, 32, 171] to set the training

hyper-parameters. Specifically, for CNN-based models, we use SGD as the optimizer

with base learning rate 1e-2, momentum 0.9 and weight decay 1e-4. For Transformer-

based models, we use AdamW [198] with base learning rate 6e-5 and weight decay

0.01. The learning rate is scheduled by the polynomial annealing policy [30]. All
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Method Backbone mIoU3↑ mIoU2↑ mIoU1↑

DeepLabV3+ [32] [ECCV18] ResNet-101 81.86 68.17 37.43

Seamless [249] [CVPR19] ResNet-101 - - 38.17

OCRNet [365] [ECCV20] HRNet-W48 83.19 69.32 38.26

HMSANet [330] [ArXiv19] HRNet-W48 84.63 70.71 39.53

MaskFormer [42] [NeurIPS21] ResNet-101 84.56 70.82 39.60

MaskFormer [42] [NeurIPS21] Swin-Small 87.93 73.88 42.16

DeepLabV3+ ResNet-101 85.27 71.40 40.16

HssnOCRNet HRNet-W48 86.46 72.34 41.13

MaskFormer Swin-Small 90.02 75.81 43.97

Table 5.1 : Hierarchical semantic segmentation results (§5.3.2) on the val set of

Mapillary Vistas 2.0 [228].

backbones are initialized using the weights pre-trained on ImageNet-1K [57], while

the remaining layers are randomly initialized. During training, we use standard data

augmentation techniques, i.e., horizontal flipping and random scaling with a ratio

between 0.5 and 2.0. We train 240K and 80K iterations for Mapillary Vistas 2.0 and

Cityscapes, with batch size 8 and crop size 512×1024. For PASCAL-Person-Part

and LIP, we use batch size 16 and crop size 480×480, and train models for 80K and

160K iterations, respectively.

Testing. The inference follows Eq. 5.3. As in [117, 42, 365, 130, 330, 326], we

report the segmentation scores at multiple scales ({0.5, 0.75, 1.0, 1.25, 1.5, 1.75}) with

horizontal flipping.

Evaluation Metric. The mean intersection-over-union (mIoU) is adopted for eval-

uation. Particularly, we report the average score, i.e., mIoUl, for classes in each

hierarchy level l independently. For reference, we also report the scores of each level

for hierarchy-agnostic methods. The results of each non-leaf layer are obtained by

merging the segmentation predictions of its subclasses together.
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5.3.2 Quantitative Results

Mapillary Vistas 2.0 [228]. Table 5.1 presents comparisons of our Hssn against

several top-leading semantic segmentation models on Mapillary Vistas 2.0 val.

With the standard ResNet-101 as the backbone, Hssn outperforms the famous

DeepLabV3+ [32] by solid margins across all three levels (2.69%/3.21%/3.40%).

Consistent gains are also observed for a more recent segmentation model (i.e., Mask-

Former [42]), which relies on a heavy Transformer-based decoder. In addition, our

Hssn further improves the performance when using more advanced CNN-based

(i.e., HRNetV2-W48) or Transformer-based (i.e., Swin-Small) backbones. Con-

cretely, it outperforms OCRNet [365] by 2.87%/3.02%/3.27% and MaskFormer

[42] by 1.81%/ 1.93%/2.09% across the three levels. Hssn, with Swin-Small as

the backbone, establishes a new state-of-the-art. These results clearly demonstrate

the efficacy of our hierarchical semantic segmentation framework.

Cityscapes [49]. Table 5.2 compares our Hssn with several competitive models

on Cityscapes val. Despite that the dataset has relatively simple semantic hierar-

chy and has been comprehensively benchmarked, our model still leads to appealing

improvements. In particular, Hssn outperforms the top-leading MaskFormer [42]

by 1.17%/1.43% in terms of mIoU1 and mIoU2 when using Swin-Small as the

backbone. Similar gains are obtained when applying CNN-based backbones (i.e.,

ResNet-101 and HRNet-W48).

PASCAL-Person-Part [342]. Table 5.3 lists the detailed results on PASCAL-

Person-Part test. Note that all the models use ResNet-101 as the backbone. As

seen, our Hssn achieves the best performance for all human parts and hierarchical

levels. Remarkably, Hssn outperforms all existing hierarchical human parsers (i.e.,

HHP [330], SemaTree [130] and CNIF [326]) by significant margins. Results on this

dataset are particularly impressive since it includes a very small number (i.e., 1,713)
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Method Backbone mIoU2↑ mIoU1↑

DeepLabV2 [29] [CVPR17] ResNet-101 - 70.22

PSANet [380] [ECCV18] ResNet-101 - 80.96

PAN [161] [ArXiv18] ResNet-101 - 81.12

DeepLabV3+ [32] [ECCV18] ResNet-101 92.16 82.08

DANet [76] [CVPR19] ResNet-101 - 81.52

Acfnet [367] [ICCV19] ResNet-101 - 81.60

CCNet [117] [ICCV19] ResNet-101 - 81.08

HANet [47] [CVPR20] ResNet-101 - 81.82

HRNet [312] [TPAMI20] HRNet-W48 92.12 81.96

OCRNet [365] [ECCV20] HRNet-W48 92.57 82.33

MaskFormer [42] [NeurIPS21] Swin-Small 92.96 82.57

DeepLabV3+ ResNet-101 93.31 83.02

HssnOCRNet HRNet-W48 93.92 83.37

MaskFormer Swin-Small 94.39 83.74

Table 5.2 : Hierarchical semantic segmentation results (§5.3.2) on the val set of

Cityscapes [49].

Method Head Torso U-ArmL-ArmU-Leg L-Leg U-Body L-Body F-Body B.G. mIoU3↑mIoU2↑mIoU1↑

DeepLabV3+ [32] 87.02 72.02 60.37 57.36 53.54 48.52 90.07 65.88 93.02 96.07 94.55 84.01 67.84

SPGNet [40] 87.67 71.41 61.69 60.35 52.62 48.80 - - - 95.98 - - 68.36

PGN [95] 90.89 75.12 55.83 64.61 55.42 41.57 - - - 95.33 - - 68.40

CNIF [326] 88.02 72.91 64.31 63.52 55.61 54.96 91.82 66.56 94.33 96.02 95.18 84.80 70.76

SemaTree [130] 89.15 74.76 63.90 63.95 57.53 54.62 92.36 67.13 95.11 96.84 95.98 85.44 71.59

HHP [330] 89.73 75.22 66.87 66.21 58.69 58.17 93.44 68.02 96.77 96.94 96.86 86.13 73.12

BGNet [376] 90.18 77.44 68.93 67.15 60.79 59.27 - - - 97.12 - - 74.42

PCNet [375] 90.04 76.89 69.11 68.40 60.78 60.14 - - - 96.78 - - 74.59

Hssn 90.19 78.72 70.67 69.71 61.15 60.44 95.86 71.56 98.20 97.18 97.69 88.20 75.44

Table 5.3 : Hierarchical human parsing results (§5.3.2) on PASCAL-Person-Part [342]

test. All models use ResNet-101 as the backbone.
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Method Backbone mIoU3↑ mIoU2↑ mIoU1↑

SegNet [11] [TPAMI17] ResNet-101 - - 18.17

FCN-8s [196] [CVPR15] ResNet-101 - - 28.29

DeepLabV2 [29] [CVPR17] ResNet-101 - - 41.64

Attention [31] [CVPR16] ResNet-101 - - 42.92

MMAN [207] [ECCV18] ResNet-101 - - 46.93

DeepLabV3+[32] [ECCV18] ResNet-101 88.13 83.97 52.28

CE2P [263] [AAAI19] ResNet-101 - - 53.10

BraidNet [191] [ACMMM19] ResNet-101 - - 54.42

SemaTree [130] [ECCV20] ResNet-101 90.78 87.12 54.73

BGNet [376] [ECCV20] ResNet-101 - - 56.82

PCNet [375] [CVPR20] ResNet-101 - - 57.03

CNIF [326] [ICCV19] ResNet-101 95.92 91.83 57.74

HRNet [312] [TPAMI20] HRNet-W48 95.53 91.21 57.23

OCRNet [365] [ECCV20] HRNet-W48 96.78 92.56 58.47

HHP [330] [CVPR20] ResNet-101 97.41 93.43 59.25

HssnDeepLabV3+ ResNet-101 98.86 94.75 60.37

Table 5.4 : Hierarchical human parsing results (§5.3.2) on LIP val.

of training samples.

LIP [178]. In Table 5.4, we compare Hssn with state-of-the-art human semantic

parsing models on LIP val. As observed, our model provides a considerable per-

formance gain against the leading hierarchy-aware human parser (i.e., HHP [330])

across all three levels (1.12%/1.32%/1.45%). These results support our motiva-

tion of exploiting structured label constraints and structured representation learning

rather than only focusing on structured feature fusion.

5.3.3 Qualitative Results

Fig. 5.5 and Fig. 5.6 depict representative visual results on four datasets. As

seen, Hssn yields more precise segmentation results in comparison with some top-
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Figure 5.5 : Visual results (§5.3.3) on Mapillary Vistas 2.0 [228] val (left) and

Cityscapes [49] val (right). Top: MaskFormer, Bottom: Hssn.

Figure 5.6 : Visual results (§5.3.3) on LIP [178] val (left) and PASCAL-Person-Part [342]

test (right). Top: DeepLabV3+, Bottom: Hssn.

performing methods (i.e., MaskFormer in Fig. 5.5 and DeepLabV3+ in Fig. 5.6),

and shows strong robustness to various challenging scenarios with occlusions, small

objects and densely arranged targets, etc. Moreover, as shown in the last column

of Fig. 5.5, MaskFormer makes a severe mistake that misclassifies a part of back-

ground structure as truck. In contrast, benefiting from hierarchy-aware segmenta-

tion learning, Hssn naturally address the issue of mistake severity, i.e., distinguish

significantly different concepts with larger margins.

5.3.4 Diagnostic Experiment

To gain more insights into Hssn, we conduct a set of ablative studies on Mapillary

Vistas 2.0 [228] and Pascal-Person-Part [342], with ResNet-101 as the backbone.

Key Component Analysis. First, we investigate the essential designs in Hssn,

i.e., hierarchical segmentation learning (§5.2.2) with LFTM (cf. Eq. 5.6) and hier-

archical representation learning (§5.2.2) with LTT (cf. Eq. 5.7). The results are

summarized in Table 5.5. The first row refers to a hierarchy-agnostic baseline that
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LFTM LTT Mapillary Vistas 2.0 Pascal-Person-Part

Eq. 5.6 Eq. 5.7 mIoU3↑ mIoU2↑ mIoU1↑ mIoU3↑ mIoU2↑ mIoU1↑

81.86 68.17 37.43 93.58 83.04 67.84

✓ 84.17 69.62 39.17 96.33 86.72 72.89

✓ 83.06 68.61 38.29 95.92 86.03 72.27

✓ ✓ 85.27 71.40 40.16 97.69 88.20 75.44

Table 5.5 : Analysis of essential components on Mapillary Vistas 2.0 [228] val and

PASCAL-Person-Part [342] test (§5.3.4).

Mapillary Vistas 2.0 Pascal-Person-Part
Loss

mIoU3↑ mIoU2↑ mIoU1↑ mIoU3↑ mIoU2↑ mIoU1↑

CCE 81.86 68.17 37.43 93.58 83.04 67.84

BCE 81.56 67.61 37.26 93.12 82.55 67.38

Focal 82.63 68.48 38.09 94.07 83.66 68.42

TM 83.48 69.13 38.69 95.32 85.99 72.17

FTM 84.17 69.62 39.17 96.33 86.72 72.89

Full 85.27 71.40 40.16 97.69 88.20 75.44

Table 5.6 : Analysis of focal tree-min loss LFTM on Mapillary Vistas 2.0 [228] val

and PASCAL-Person-Part [342] test (§5.3.4).

only concerns the leaf nodes and is trained using the categorical cross-entropy loss

LCCE (cf. Eq. 5.1). Three crucial conclusions can be drawn. First, our LFTM leads to

significant performance improvements against the baseline across all the metrics on

both datasets. This evidences that our hierarchical segmentation learning strategy

is able to produce hierarchy-coherent predictions. Second, we also observe com-

pelling gains by incorporating LTT into the baseline. This proves the importance of

hierarchical representation learning. Third, our full model achieves the best perfor-

mance by combining our LFTM and LTT together, confirming the necessity of joint

hierarchical segmentation and embedding learning.

Focal Tree-Min Loss. We next examine the design of our focal tree-min loss
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γ Mapillary Vistas 2.0 Pascal-Person-Part

Eq. 5.6 mIoU3↑ mIoU2↑ mIoU1↑ mIoU3↑ mIoU2↑ mIoU1↑

0 84.47 70.24 39.52 96.90 87.56 74.84

0.2 84.53 70.38 39.62 97.17 87.71 74.91

0.5 84.85 70.61 39.72 97.23 87.68 74.94

1.0 85.11 70.95 39.94 97.44 87.97 75.20

2.0 85.27 71.40 40.16 97.69 88.20 75.44

5.0 84.92 70.07 39.40 96.84 87.25 74.65

Table 5.7 : Analysis of γ for LFTM (Eq. 5.6) on Mapillary Vistas 2.0 [228] val and

PASCAL-Person-Part [342] test (§5.3.4).

Triplet Margin Mapillary Vistas 2.0 Pascal-Person-Part

Loss m mIoU3↑ mIoU2↑ mIoU1↑ mIoU3↑ mIoU2↑ mIoU1↑

Vanilla Constant 84.25 70.13 39.41 96.58 87.03 74.10

LTT Constant 84.66 70.42 39.67 97.30 87.86 74.83

LTT Hierarchy 85.27 71.40 40.16 97.69 88.20 75.44

Table 5.8 : Analysis of different variants of LTT on Mapillary Vistas 2.0 [228] val

and PASCAL-Person-Part [342] test (§5.3.4).

LFTM (cf. Eq. 5.6). As shown in Table 5.6, we compare LFTM with four different

losses, i.e., categorical cross-entropy loss LCCE (cf. Eq. 5.1), binary cross-entropy

loss LBCE (cf. Eq. 5.2), focal loss [186], and our tree-min loss LTM (cf. Eq. 5.5). We

can find that our LTM generates impressive results, and LFTM is even better than

LTM. Then, in Table 5.7, we analyze the impact of the focusing parameter γ in

LFTM. As seen, the performance progressively improves as γ is increased, and the

gain becomes marginal when γ=2. Hence, we choose γ=2 by default.

Tree-Triplet Loss. We further investigate the design of our tree-triplet loss LTT

(cf. Eq. 5.7). In Table 5.8, “Vanilla” refers to the vanilla triplet loss with a constant

margin [267]. By constructing hierarchy-aware triplet samples, our tree-triplet loss

LTT (also with a constant margin) outperforms “Vanilla”. The gains become larger



70

Distance Mapillary Vistas 2.0 Pascal-Person-Part

Measurement mIoU3↑ mIoU2↑ mIoU1↑ mIoU3↑ mIoU2↑ mIoU1↑

Euclidean 84.23 70.02 39.33 96.28 86.73 73.88

Cosine 85.27 71.40 40.16 97.69 88.20 75.44

Table 5.9 : Analysis of distance measure for LTT on Mapillary Vistas 2.0 [228] val

and PASCAL-Person-Part [342] test (§5.3.4).

Memory (MB)↓ Time (Second)↓
Method mIoU↑

Training Inference Training Inference

DeepLabV3+ [32] 39.17 4428 1083 0.91 0.023

Hssn [167] 40.16 4897 1106 1.03 0.023

Table 5.10 : Analysis of model efficiency for Hssn on Mapillary Vistas 2.0 [228] val.

when further applying the hierarchy-induced margin constraint. These results con-

firm the designs of our tree-triplet loss. Finally, we assess the impact of the distance

measurement ⟨·, ·⟩ used in LTT. We study Cosine and Euclidean distances. Ta-

ble 5.9 shows that Cosine distance performs much better than Euclidean distance,

corroborating relevant observations in [229, 80, 265].

Efficiency Analysis. Finally, we proceed to study the efficiency of Hssn in terms

of both memory consumption and running time, as presented in table 5.10. First, it

can be observed that Hssn incurs approximately a 10% increase in memory usage

and 13% additional running time during the training stage. This is deemed accept-

able particularly in light of the 0.99% improvement in performance. Second, as

our proposed hierarchy-aware segmentation learning primarily focuses on the net-

work training process and the hierarchy-aware pixel label assignment is executed

in parallel during inference, our method introduces almost no additional memory

and computational overhead when compared to the baseline method. The above

analyses collectively state that Hssn not only achieve commendable performance
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Highly Overexposed or Underexposed Lighting

Adverse Road Conditions

Chaotic and Unstructured Environments

Image MaskFormer [42] Hssn Ground Truth

Figure 5.7 : Representative failure cases on Mapillary Vistas 2.0 [228] val.

but also exhibit high efficiency.

5.4 Failure Case Analysis

While our method significantly enhances the semantic segmentation performance

by leveraging class hierarchies, it encounters difficulties in effectively addressing some

extremely challenging scenarios. As depicted in Fig. 5.7, we provide a summary of

the representative failure cases and identify the characteristic patterns that could

potentially lead to inferior outcomes. Specifically, our investigation reveals that fail-

ure cases primarily manifest in the following scenarios: i) highly underexposed or

overexposed lighting, making it difficult to discern objects; ii) adverse road condi-
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tions, such as snowy or dirty roads; iii) chaotic and unstructured environments that

are unfavorable to derive hierarchical cues. Despite facing difficulties in these chal-

lenging scenarios, our algorithm has demonstrated remarkable improvement over the

baseline model. Moreover, the patterns of these failure cases offer valuable insight

into the possible directions for future efforts.

5.5 Limitation

Our algorithm is currently designed to facilitate structured scene understanding

under the close-world assumption. Nevertheless, expanding it to the incomplete/open-

world setup, such as automatic construction of label hierarchies in the presence of

novel semantic concepts, delivers an intriguing avenue for our future research. Ad-

ditionally, the performance of our method when confronted with labels at different

levels of granularity or noisy class hierarchies also remains a subject of ongoing

investigation.

5.6 Conclusion

In this chapter, we presented Hssn, a structured solution for semantic segmen-

tation. Hssn is capable of exploiting taxonomic semantic relations for structured

scene parsing, by only slightly changing existing hierarchy-agnostic segmentation

networks. By exploiting hierarchy properties as optimization criteria, hierarchi-

cal violation in the segmentation predictions can be explicitly penalized. Through

hierarchy-induced margin separation, more effective pixel representations can be

generated. We experimentally show that Hssn outperforms many existing segmen-

tation models on four famous datasets. We wish this work to pave the way for future

research on hierarchical semantic segmentation.
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Chapter 6

Relational Scene Understanding: Modeling

Interactional Structures in Human-Object

Interaction Detection

Continuing prior investigation into hierarchical structure of semantic categories,

this chapter extends the focus to explicit interactions between humans and objects,

furthering our goal of achieving a richer, structured understanding of visual scenes.

6.1 Introduction

As a crucial topic in the field of visual scene understanding, human-object

interaction (HOI) detection demands not only inferring the semantics and loca-

tions of entities but also should comprehend the ongoing events happening between

them[360, 67]. Given the complexity and diversity of human activities in object-rich

realistic scenes, this task presents challenges in long-tailed distributions and zero-

shot discovery [182]. A set of studies seek to tackle these two issues by leveraging

large-scale visual-linguistic models (e.g., CLIP [255, 389]) which show strong gen-

eralization ability on dozens of tasks. Though strides made, it has been observed

that models trained by aligning high-level text-image semantics face difficulties in

discerning spatial locations [280], and struggle at compositionality [210] which is a

fundamental ability for human to capture new concepts by combining known parts.

In fact, both middle-level visual cues (e.g., spatial relation) and compositionality are

essential facets for HOI detection. The former can help deduce feasible interactions

according to locations between instances, while compositionality contributes signif-

icantly to zero-shot generalization. For example, we can easily understand human-
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Figure 6.1 : Existing solutions utilize mere linguistic knowledge (a). Our solution utilizes

both text-prompt image generation (b) and conditioned feature extraction (c) abilities of

diffusion models for knowledge transfer.

hold-horse by composing human-hold-dog and class horse that have encountered

previously.

In contrast, the text-to-image diffusion models[264, 188, 190, 97, 256, 373, 8, 262]

also pre-trained on large-scale image-text pairs, are demonstrating superior capabil-

ities outperforming models like CLIP. Concretely, they are able to generate diverse

high-quality images conditioned on textual inputs, showing proficiency in under-

standing high-level semantics [251, 150]. In addition, the generated images con-

vey reasonable shape, texture, layout, and structure, indicating the comprehension

in mid/low-level visual concepts as generative models [348]. More importantly,

the descriptions are typically organized in a compositional manner, with phrases

such as “happy”,“near a bridge”, or “hugged by a man” continually appended to

objects like “a dog”. This suggests that diffusion models inherently possess com-

positionality , to systematically adapt to newly encountered user requirements by

composing known visual concepts.

The above analysis motivates us to explore diffusion models for HOI detection.

Nonetheless, to fully unlock the potential of diffusion models and accommodate the

unique characteristic of HOI detection task, the following questions naturally arise:

� With diffusion models typically emphasizing instance generation, how to steer it

to prioritize the relationships between humans and objects? � How to transfer the
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extensive knowledge obtained from large-scale pre-training in diffusion models to as-

sist the recognition of interactions? To address ❶, we harness textual inversion [78]

which conceptualizes a user-provided object by inverting it to a text embedding.

However, this method focuses solely on instance objects. To facilitate a smooth

shift from object-centric to relation-centric modeling, we devise a human-object re-

lation inversion strategy grounded in the disentanglement of HOI. Concretely, given

the HOI latent describing human-action-object, we build a cycle-consistency ob-

jective to reconstruct it from a intermediate relation latent derived from the original

HOI latent. This reconstruction process is guided by a set of learnable relation

embeddings as text prompts, for which we use the placeholder R∗ to denote the

textual form before encoded into embedding space. These relation embeddings fur-

ther involves in a relation-centric contrastive learning to enhance the awareness of

high-level relational semantics. To answer ❷, we leverage both the text promoted

image generation and conditioned feature extraction abilities of diffusion models.

We realize relation-driven image generation by compositionally organizing R∗ with

other linguistic elements to formulate new text prompts (Fig.6.1(b)). This allows for

the generation of novel interactions with unseen objects, and extends the training

set for HOI detectors. Moreover, we directly utilize diffusion models as backbone to

extract HOI-relevant features conditioned on R∗ (Fig. 6.1(c)). After a single noise-

free forward step, features distinct for each interaction can be obtained. Finally, to

establish a loop for mutual boosting between above relation-inspired HOI detection

and relation modeling, we devise an online update strategy to facilitate the continual

evolving of relation embeddings during HOI detection learning.

Benefited from controllable image generation and knowledge transfer from dif-

fusion models, our method named DiffusionHOI enjoys several appealing advan-

tages: First, it steers diffusion models to focus on complex relationships rather

than single objects in an efficient way. This offers a robust foundation for HOI
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modeling. Second, from the perspective of relation-driven, it unlocks the image

generation power of diffusion models tailored for the HOI detection task. This en-

riches the pool of training samples, particularly for long-tailed/unseen interaction

classes. Third, the relation-inspired prompting improves both the flexibility and

accuracy of HOI detectors. It adapts to each individual image to extract action

or object related cues, while CLIP-based methods [182, 230] produce action/object

features merely from texts (i.e., Fig. 6.1(a)), remaining static and unresponsive to

image content.

By embracing text-to-image diffusion models as well as facilitating relation-

driven image generation and prompting, our method demonstrates superior perfor-

mance. It surpasses all top-leading solutions on HICO-DET [27] and V-COCO [99],

and sets new state-of-the-arts. In addition, it yields up to 6.43% mAP improve-

ments on SWiG-HOI[316] under the zero-shot HOI discovery setup. These promising

performance evidences the great potential of integrating diffusion models for visual

relation understanding. We hope this work could foster the broader exploration of

large-scale pre-trained diffusion models on more computer vision tasks beyond mere

image generation.

6.2 Methodology

6.2.1 Preliminary: Textual Inversion

Latent diffusion models [262] represent an evolution of diffusion models which

offer significant enhancements in both computational and memory efficiency by ex-

ecuting denosing in the latent space. It comprises two primary components. The

first is a pre-trained generator equipped with an encoder E to map the input image

x into a latent vector z = E(x), from which the original data can be reconstructed

via a decoder D by x̂ = D(z) ≈ x. The second is a diffusion model to generate

latent codes z conditioned on user guidance y which can be text, image, etcThe
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latent codes then serve as inputs to D for image generation w.r.t. y. The training

objective is given as:

LLDM := EE(x),y,ϵ∼N (0,1),t

[
∥ϵ− ϵθ(zt, t, cθ(y))∥22

]
, (6.1)

where cθ is a conditioning model to encode y, zt is the noised latent at time t, ϵ

is sampled noise, ϵθ is the denoising network. Based on latent diffusion models,

inversion-based diffusion [78] seeks to learn a text embedding v∗ that accurately

describes novel concepts in user provided images. This is achieved by optimizing v∗

with Eq.6.1 to iteratively reconstruct the latent code z of user provided images with

text prompts y like “an image of S∗”, where S∗ is the placeholder of new concept:

v∗ = arg min
v

EE(x),y,ϵ∼N (0,1),t

[
∥ϵ− ϵθ(zt, t, cθ(y))∥22

]
. (6.2)

As such, it enables image generation w.r.t. target concepts in diverse scenes by using

the learned embedding v∗ to replace the tokenized placeholder S∗ in text prompts.

6.2.2 Inversion-Based HOI Modeling

Disentanglement-based Relation Embedding Learning. To facilitate above

inversion technology for relation modeling, two options present: i) directly opti-

mizing embeddings describing interactions (i.e., human-action-object), which risks

overfitting with limited samples for long-tailed categories and cannot generalize to

novel concepts, and ii) learning action embeddings with diverse images sharing

a common action but different objects, which seems feasible but poses significant

convergence issues due to the complex content, and the optimization target cannot

be fixed to actions but not other unrelated elements. In contrast, drawn from the

compositional nature of HOI, we adopt a disentangled solution (i.e., Fig. 6.2) where

HOI triplets are broken into human-action and object. Here human-action is con-

sidered to describe the relation between human and object, as action is executed by

and strictly adheres to human involved. Then, denoting the text describing human-

action as R∗, encoded relation embeddings as vRel
∗ = cθ(R∗), and the latent of one
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Figure 6.2 : (Left) Disentanglement-based cycle-consistency learning. (Right) Relation-

centric contrastive learning.

happening HOI in image as zHOI, a relation latent zRel
0 could be reconstructed (i.e.,

denoising with εθ from time T to 0) by:

εθ((z
HOI − zObj)T , T, v

Rel
∗ ) → zRel

0 . (6.3)

Here (∗)T is the noised version at time T , and zObj is retrieved by encoding the

cropped object from image with provided bounding box annotations. We consider

zHOI − zObj is able to describe the human-action component by subtracting the

object from human-action-object. Then, we can reconstruct the latent represent-

ing the complete HOI image by adding zObj back to zRel
0 :

εθ((z
Rel
0 + zObj)T , T, [v

Rel
∗ ;Po]) → zHOI

0 , (6.4)

where Po is the CLIP encoded text embedding of object, and it is combined with the

relation embedding vRel
∗ to generate the prompt that describes the entire HOI image.

In this way, with only one learnable relation embedding (i.e., vRel
∗ ), we build a cycle

to generate relation latent zRel
0 from the HOI image latent zHOI, and subsequently,

the original HOI image latent is reconstructed from the generated relation latent.

The learning of vRel
∗ can be supervised without human annotation, but just ensuring

the consistency between the original HOI latent and the reconstructed one:

LConsistency = ||�2(zHOI)− �2(z
HOI
0 )||22, (6.5)
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where all latents are ℓ2-normalized for improved training stability [364]. Through

such a disentan- glement-based relation modeling and cycle-consistency training,

the optimization objective become clearer and easier to learn. It enables using same

action from different interactions to enhance the comprehension of a relation, and

generalizing to new interactions by combining it with other object.

Relation-Centric Contrastive Learning. Eq. 6.5 is a pixel-level reconstruction

loss which prioritizes aligning low-level cues. We supplement it with a relation-

centric contrastive loss to enhance the awareness of high-level semantics. Instead of

directly engaging learning with relation latents, we combine them with object latents

to form new HOI latents, thus significantly enriching the diversity of samples:

x = zRel
0 + zObj, x+ = zRel

0 + pObj,

x−
Obj = zRel

0 + nObj
k , x−

Rel = nRel
0,i + sObj

j ,

(6.6)

where x is the anchor sample, x+ is the positive sample composed of a different

object latent pObj sharing the same class as zObj. Conversely, x−
Obj and x−

Rel are

negative samples, with x−
Obj composed of a different class object latent nObj com-

pared to x, and x−
Rel composed of any other relation latent nRel

0 and arbitrary object

latent sObj. The final optimization objective is given as:

LContrastive = − log
exp(x · x+/τ)

exp(x · x+/τ) +
∑

k exp(x · x−
Obj/τ) +

∑
i

∑
j exp(x · x−

Rel/τ)
,

(6.7)

to optimize vRel
∗ which involves in reconstructing zRel

0 . τ = 0.07 is the temperature

parameter.

6.2.3 Relation-Driven Sample Generation

Text Prompts Preparation. We harness the captions provided in the MS COCO

Caption dataset [37] to generate diverse prompts. Compared to text synthesized by

GPT-4, these captions are more precise and closer to real visual scenes as they are
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annotated by human subjects. The preparation initiates with a filtration where cap-

tions not containing pronouns indicating human (e.g., man, woman, boy) or action

words are removed. To further enrich the diversity of prompts, given two randomly

selected sentences that share the same action, we exchange the clauses following the

action word. Prompts are exclusively generated with GPT-4 only when actions or

objects not present in COCO Caption. This results in 33,834 text prompts in total.

Finally, action words in prompts are replaced with placeholders corresponding to

learned relation embeddings, so as to empower the diffusion model with enhanced

awareness of relation patterns between human and object during generation.

Image and Annotation Generation. Denoting text prompts as P={P1, · · ·,PN},

we aim to construct a dataset X ={(I1,A1), · · ·, (IN ,AN)} where Ii∈RH×W×3 rep-

resents the synthesized image and Ai = {Bh
i ,Bo

i , Coi , Cai } is the pseudo annotation

containing bounding boxes Bh
i for human, Bo

i for object, and class labels Coi for

object, Cai for action. For the generation of Ii, the text prompts Pi is first encoded

by CLIP text encoder to obtain the conditioning vector Pi =cθ(Pi)∈Rd, where the

placeholder string is directly replaced with relation embedding vRel
∗ . Then, a random

sampled noise tensor zT ∈Rh×w×d is iteratively denoised to yield a new latent z0. Ii

is generated by a single pass through D, i.e., Ii = D(z0). For the generation of Ai,

Coi and Cai can be easily determined by referring to the action and object words in

Pi, while Bh
i and Bo

i are derived from the cross-attention maps computed within the

U-shape denoising network ϵθ. Specifically, to effectively tackle various input modal-

ities, ϵθ is equipped with cross-attention mechanisms in each layer to inject Pi into

z conforming to the similarity between them. For the l-th layer at the last denoising

step 0, the cross-attention map is computed as: M l
i,0 =softmax(z0 ·P⊤

i /
√
d) ∈ Rh×w.

According to prior work [348, 381], here M l
i,0 signifies the correspondence between

text prompt Pi and regions in generated image. Thus, we explicitly concatenate

words describing human and object with Pi (i.e., [Pi;wordhuman;wordobject]), re-
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sulting in a new text embedding P̂i∈Rd×3 and corresponding cross-attention maps

M̂ l
i,0 ∈ Rh×w×3 where the last two items along the third dimension channel are proba-

bility maps of human and object. Finally, we leverage the implementation in weakly

supervised object localization [46] to outline bounding boxes from these probability

maps.

6.2.4 HOI Knowledge Transfer from Diffusion Models

While prior studies [315, 254, 60, 182] have investigated knowledge transfer from

visual-linguistic models such as CLIP, they utilize visual knowledge solely during

training. The prediction relies on a confined set of CLIP encoded word embeddings,

which leads to limited knowledge transfer and rigid inference unresponsive to image

content. In contrast, we propose directly leveraging diffusion models as the feature

extractor and build HOI detector on this basis. Moreover, given the conditioning

property of diffusion model, relation embeddings can serve as text prompts to guide

the retrieval of interaction-relevant visual cues from images, further benefiting HOI

detection.

HOI Detector Built Upon Diffusion Models. Pioneering studies[348, 381, 107]

have empirically demonstrated that the output of frozen text-to-image diffusion

models possesses rich visual features to tackle complex perception tasks. Next we

illustrate how to build a HOI detector on this basis. As shown in Fig. 6.3, our

method is a one-stage solution composed of: a visual encoder with diffusion models

serving as the backbone, and a HOI decoder consisting of two parallel decoders for

instance and interaction detection. For the visual encoder, given an image I, it

is encoded into latent space with the encoder E of a pre-trained generator (e.g.,

VQGAN): z = E(I). Then, z is fed into ϵθ through a single noise-free forward pass

to derive text conditioned features: ϵθ(z, T, cθ(y))→ {zl
T}4l=1. All scales of features

are aggregated with FPN [185], yielding z′
T in a downsampling factor of 32. The
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Figure 6.3 : The overall pipeline of DiffusionHOI. See §6.2.4 for details.

architecture of HOI decoder is similar to GEN-VLKT[182]. Concretely, the instance

decoder DIns employs a set of human queries {qi
h}

Nq

i=1 and object queries {qj
o}

Nq

j=1, and

considers those at the same index (i.e., i = j) as a pair to initialize queries qr for the

interaction decoder DHOI. In fact, the HOI decoder can be replaced with any other

one-stage models. We do not claim the detector architecture as the contribution,

but focus on how to derive HOI-relevant feature to assist in HOI detection.

Relation-Inspired HOI Detection. As the relation embeddings are optimized

towards modeling the interactions between human and object, we use them as condi-

tions to inspire the extraction of HOI-relevant cues. This can eliminate the potential

domain gap between general-purpose diffusion models and the downstream HOI de-

tection task. Specifically, all feasible HOI phrases (e.g., “human feed horse”) are

encoded with CLIP text encoder into embedding space and concatenated together,

with the human-action component replaced with learned relation embeddings (e.g.,

“R∗ horse”). This results in HOI prompts Pr ∈ RNr×dl which further participates

into the cross-attention in εθ via:

zl
T = zl

T +M l
r · VPr ∈Rh×w×dl , M l

r=softmax(zl
T ·K�

Pr
/
√
d) ∈ Rh×w×Nr , (6.8)

where KPr and VPr are key and value embeddings projected from Pr. As seen,

Pr contributes to: i) encourage the denoising network εθ to extract visual features

zl
T w.r.t. HOI prompts, and ii) guide the derivative of cross-attention maps M l

r

in response to ongoing interactions in I. The final interaction maps are computed
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as the average value of {M l
r}4l=1. we also derive cross-attention maps for human

Mh and object Mo in a similar way as Mr, by without update to zl
T . Then, these

cross-attention maps are used to initialize queries from the aggregated visual feature

z′
T via mask pooling:

q̂r = MaskPooling(z′
T ,M

k
r ),

q̂o = MaskPooling(z′
T ,Mo),

q̂h = MaskPooling(z′
T ,Mh).

(6.9)

Note we conduct Hungarian matching between q̂k
r and q̂i

o+ q̂j
h, so as to arrange HOI,

and combined human-object queries that are most similar to the same index in their

respective query lists. Following [348], the classification for interaction and instance

are jointly supervised by:

LHOI = CE(softmax(q̃r · Pr/τr), yr) + CE(softmax(FFN(q̃r)), yr),

LIns = CE(softmax(q̃o · Po/τo), yo) + CE(softmax(FFN(q̃o)), yo),

(6.10)

where yr and yo are ground truth for interaction and object categories, q̃r and q̃o are

queries after decoding through DHOI and DIns, CE and FFN denote the cross entropy

loss and feed-forward network. Beyond the score delivered by conventional linear

classifier (i.e., softmax(FFN(q̃o))), here softmax(q̃ ·P /τ) with learnable parameters

τr and τo computes the similarity between decoded queries and conditioning prompts,

thereby facilitating the recognition for unseen categories.

Online Update for Relation Embedding. To enable the continual evolution

of relation embeddings vRel
∗ throughout the supervised HOI detection learning, an

additional loss considering the compositional nature of HOI is devised. Specifically,

we concatenate all Na relation embeddings into a new prompt Pa, from which a

set of relation query embeddings q̂a can be initialized in the same way as q̂o (c.f.,

Eq. 6.9). In addition, another set of embeddings describing relations can be derived

from q̃r and q̃o by: q̃a = q̃r− q̃o. The goal is to align q̂a directly derived from visual

features with relation embeddings as conditions, and q̃a computed from interaction
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and object queries after decoding:

LRel = ||ℓ2(q̂a)− ℓ2(q̃a)||22. (6.11)

Here LRel solely optimizes vRel
∗ to render a mutual boost between HOI detection and

relation embedding learning. Concretely, enhanced relation embeddings inspires im-

proved HOI feature discovery, and in turn, the more precise query decoding benefits

the update of relation embeddings.

6.2.5 Implementation Details

Network Architecture. DiffusionHOI is built upon Stable Diffusion v1.5 with

xFormers [157] installed. The denoising UNet ϵθ receives input latents at a down-

sampling factor of 1/8, with four encoder blocks output feature at a size of 1/2l+3

where l is the block index. For the final visual feature z′ after FPN aggregation,

it is interpolated to a size of 1/32 and then projected to 256 channels to enhance

computing efficiency. Both DHOI and DIns consist of six Transformer decoding layers

with hidden dimension of 768. The query number N q is uniformly set to 64 for both

DHOI and DIns.

Training Objective. The inversion-based HOI modeling is jointly optimized by

two embedding learning losses: LInversion = LConsistency + λ1LContrastive, where λ1 ∈

[0, 0.2] is scheduled following a cosine annealing policy. For HOI detection learning,

we follow DETR [24] to match predictions and ground truths with Hungarian algo-

rithm. Denoting the bounding box detection loss as LDet, the final training objective

is given as: L = LHOI + LIns + LDet + λ2LRel where λ2 is fixed to 0.5.

6.3 Experiment

6.3.1 Experimental Setup

Datasets. We conduct extensive experiments on three datasets.
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• HICO-DET [27] is a large-scale HOI detection benchmark with 38,118/9,658 im-

ages for training/testing, respectively. This dataset includes 80 object categories

as in MS-COCO [187] and 117 action categories, formulating a rich vocabulary of

600 human-object interactions in total.

• V-COCO [99] is a curated subset of MS-COCO [187] including 2,533/2,867/4,946

images in train/val/ test sets. It also contains 80 object categories from MS-

COCO [187] and a much smaller set of 29 action classes, resulting in a total of

263 human-object interactions.

• SWiG-HOI[316] is assembled from SWiG[250] and DOH[270] with about 45,000/

14,000 for training/testing. This dataset covers 406 human actions and 1,000

object categories.

Zero-Shot HOI Discovery. In accordance with prior research [110, 112, 111, 113,

182, 230], the zero-shot HOI discovery on HICO-DET [27] uses four setups: Rare

First Unseen Combination (RF-UC), Non-rare First Unseen Combination (NF-UC),

Unseen Verb (UV), and Unseen Object (UO). The RF-UC and NF-UC configu-

rations excluded the 120 most frequent/infrequent interaction categories from the

training sets for testing purposes only. The UV and UO setups reserve 20 verb

classes and 12 object classes never encountered during training for testing. For

SWiG-HOI[316], the test set includes approximately 5,500 interactions, with around

1,800 of them not present in the training set.

Evaluation Metric. Following conventions [284, 141, 182], we adopt mAP as

metrics. For HICO-DET, we report performance according to Default and Known

Object two setups. The former computes mAP across all testing images, while the

latter is tailored for each object class. For each setup, the scores are reported in

Full/Rare/Non-Rare three types. For V-COCO, we evaluate the performance under

scenario 1 (S1) which contains all 29 actions and scenario 2 (S2) which excludes 4
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actions interact with no objects. For zero-shot setup, the evaluation is divided into

Seen/Unseen/Full three sets for HICO-DET, and Non-Rare/Rare/Unseen/Full four

sets for SWiG-HOI.

Training and Testing. The diffusion model and CLIP text encoder are kept frozen

during training. For inversion-based HOI modeling, the only learnable parameters

are relation embeddings, which are updated for 40,000 steps using images sampled

from HICO-DET. Following [78], we employ a base learning rate of 8e−2 with a

batch size of 32. For HOI detection learning, we train the interaction decoder DIns

and object decoder DHOI for 60 epochs with a base learning rate of 1e−4 and batch

size of 16, using both synthesized data and the target dataset. Subsequently, the

model is trained only on the target dataset for an additional 30 epochs with a base

learning rate of 1e−5. During inference, no data augmentation is used to ensure fair

comparison. Following [386, 182], the inputs are resized to maximum of 1,333 pixels

on long sides, and the shortest sides falls between 480 and 800 pixels.

Reproducibility. DiffusionHOI is implemented in PyTorch and trained on 8

Tesla A40 GPUs with 48GB memory per card. To ensure reproducibility, our full

code will be released.

6.3.2 Comparison with State-of-the-Arts

Regular Setup. We first compare DiffusionHOI with top-leading solutions on

HICO-DET [27] and V-COCO [99] under the regular setup. As shown in Table 6.1,

for HICO-DET, our method achieves the best performance on both Default and

Known Object setups. Notably, with the encoder of VQGAN as the backbone,

it surpasses the previous SOTA, RemLR [23], which employs a similar level back-

bone (i.e., ResNet-50) by 1.19% and 2.64% on the Full categories. Benefited from

synthesized data and comprehensive knowledge transfer from diffusion models, the

performance on Rare categories improves significantly, achieving higher scores than
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on Non-Rare categories for the first time. Finally, with a more powerful VL model

(i.e., Stable unCLIP [256]) and backbone (i.e., ViT-L), the performance is boosted

to 42.54% under the Default setup, surpassing nearly all existing work by a consid-

erable margin. Please note that PViC [370] with Swin-L as the backbone leverages

H-Deform-DETR[131] as the detector which achieves 48.7 mAP on MS COCO[187]

by running merely 12 epochs, significantly higher than DETR [24] which achieves

36.2 mAP by running 50 epochs.

VL Default Known Object V-COCO
Method Backbone

Pretrain Full Rare Non-Rare Full Rare Non-Rare AP S1
role AP S2

role

iCAN[82][BMVC18] R50 - 14.84 10.45 16.150 16.26 11.33 17.73 45.3 -

PPDM[181][CVPR20] HG104 - 21.73 13.78 24.10 24.58 16.65 26.84 - -

HOTR[141][CVPR21] R50 - 23.46 16.21 25.60 - - - 55.2 64.4

QPIC[284][CVPR21] R101 - 29.90 23.92 31.69 32.38 26.06 34.27 58.3 60.7

CDN[366][NeurIPS21] R101 - 32.07 27.19 33.53 34.79 29.48 36.38 63.9 65.9

CPChoi[241][CVPR22] R50 - 29.63 23.14 31.57 - - - 63.1 65.4

STIP[378][CVPR22] R50 - 32.22 28.15 33.43 35.29 31.43 36.45 66.0 70.7

UPT[369][CVPR22] R101 - 32.62 28.62 33.81 36.08 31.41 37.47 61.3 67.1

Iwin[292][ECCV22] R101 - 32.79 27.84 35.40 35.84 28.74 36.09 60.9 -

MCPC[340][ECCV22] R50 - 35.15 33.71 35.58 37.56 35.87 38.06 63.0 65.1

PViC[370] [ICCV23] R50 - 34.69 32.14 35.45 38.14 35.38 38.97 62.8 67.8

PViC†[370] [ICCV23] Swin-L - 44.32 44.61 44.24 47.81 48.38 47.64 64.1 70.2

GEN-VLK[182][CVPR22] R101 CLIP 34.95 31.18 36.08 38.22 34.36 39.37 63.6 65.9

HOICLIP[230][CVPR23] R50 CLIP 34.69 31.12 35.74 37.61 34.47 38.54 63.5 64.8

CQL[344][CVPR23] R50 CLIP 35.36 32.97 36.07 38.43 34.85 39.50 66.4 69.2

ViPLO[242][CVPR23] ViT-B CLIP 37.22 35.45 37.75 40.61 38.82 41.15 62.2 68.0

AGER[293][ICCV23] R50 CLIP 36.75 33.53 37.71 39.84 35.58 40.2 65.7 69.7

RmLR[23][ICCV23] R101 MobileBERT 37.41 28.81 39.97 38.69 31.27 40.91 64.2 70.2

ADA-CM[158][ICCV23] ViT-L CLIP 38.40 37.52 38.66 - - - 58.6 64.0

DiffusionHOI VQGAN Stable Diffusion 38.12 38.93 37.84 40.93 42.87 40.04 66.8 70.9

DiffusionHOI ViT-L Stable unCLIP 42.54 42.95 42.35 44.91 45.18 44.83 67.1 71.1

†: Models built upon advanced object dector, i.e., H-Deform-DETR [131].

Table 6.1 : Quantitative results for regular HOI detection on HICO-DET [27] and V-

COCO [99].



88

Zero-Shot Setup. Next we investigate the effectiveness of DiffusionHOI un-

der the zero-shot generalization setup. As shown in Table 6.2, our method yields

remarkable performance across all four setups on HICO-DET. In particular, it sur-

passes the previous SOTA (i.e., HOICLIP[230]) by 2.90% under the RF-UC setup.

This setup emphasizes compositional generalization which requires models to com-

prehend new types of interactions using known actions and objects. It aligns well

with the strengths of text-to-image diffusion models to generate images conditioned

on compositionally organized textual descriptions. Moreover, due to the effective

knowledge transfer, DiffusionHOI also achieves satisfactory improvement under

the UV and UO setups which focus on the recognition of novel actions and ob-

jects. Table 6.3 further confirms the exceptional ability of our method, showing

5.97%/8.23% mAP improvements over CMD-SE[159] under Rare and Unseen two

categories.

Model Efficiency. We compare the trainable parameter number and inference

time in Table 6.4. As seen, DiffusionHOI demonstrates significantly fewer train-

able parameters compared to the one-stage counterparts. This is attributed to

our inversion-based HOI modeling, which avoids fine-tuning diffusion models like

previous work [381], while effectively capturing task-specific properties. Regarding

inference speed, even with stable diffusion for feature extraction, our method still

achieves 9.49 FPS, a rate similar to two-stage models. This is due to the inference

involving only one single forward pass, and the downsampling factor of stable diffu-

sion from 1/8 to 1/64 is smaller than conventional backbones typically from 1/4 to

1/32. Moreover, thank to the flourishing community of stable diffusion, a variety of

optimized inference solutions have emerged. By running at fp16 precision and using

traced UNet, the FPS increases to 24.77, surpassing most one-stage methods.
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Table 6.2 : Zero-shot generalization on

HICO-DET [27].

Method Type Unseen Seen Full

ATL[111][CVPR21] RF-UC 9.18 24.67 21.57

FCL[112][CVPR21] RF-UC 13.16 24.23 22.01

SCL[113][ECCV22] RF-UC 19.07 30.39 28.08

GEN-VLKT[182][CVPR22] RF-UC 21.36 32.91 30.56

OpenCat[386][CVPR23] RF-UC 21.46 33.86 31.38

HOICLIP[230][CVPR23] RF-UC 25.53 34.85 32.99

DiffusionHOI RF-UC 32.06 36.77 35.89

ATL[111][CVPR21] NF-UC 18.25 18.78 18.67

FCL[112][CVPR21] NF-UC 18.66 19.55 19.37

SCL[113][ECCV22] NF-UC 21.73 25.00 24.34

GEN-VLKT[182][CVPR22] NF-UC 25.05 23.38 23.71

OpenCat[386][CVPR23] NF-UC 23.25 28.04 27.08

HOICLIP[230][CVPR23] NF-UC 26.39 28.10 27.75

DiffusionHOI NF-UC 30.04 30.29 30.25

ATL[111][CVPR21] UO 5.05 14.69 13.08

FCL[112][CVPR21] UO 15.54 20.74 19.87

GEN-VLKT[182][CVPR22] UO 10.51 28.92 25.63

OpenCat[386][CVPR23] UO 23.84 28.49 27.72

HOICLIP[230][CVPR23] UO 16.20 30.99 28.53

DiffusionHOI UO 22.37 32.03 31.12

GEN-VLKT[182][CVPR22] UV 20.96 30.23 28.74

HOICLIP[230][CVPR23] UV 24.30 32.19 31.09

DiffusionHOI UV 28.05 33.24 32.67

Table 6.3 : Zero-shot generalization on

SWiG-DET [316].

Method Non-rare Rare Unseen Full

QPIC[284][CVPR21] 16.95 10.84 6.21 11.12

THID[315][CVPR22] 17.67 12.82 10.04 13.26

CMD-SE[159][CVPR24] 21.46 14.64 10.70 15.26

DiffusionHOI 25.59 20.61 18.93 21.69

Table 6.4 : Comparison of parameters and

running efficiency. * means applying acceler-

ated technology.

Trainable
Method Backbone

Params (M)
FPS HICO-DET

Two-stages Detectors:

iCAN[82][BMVC18] R50 39.8 6.23 14.84

DRG[81][ECCV20] R50 46.1 6.05 19.26

STIP[378][CVPR22] R50 50.4 7.12 32.22

ViPLO[242][CVPR23] ViT-B 118.2 5.66 37.22

ADA-CM[158][ICCV23] ViT-L 6.6 3.24 38.40

One-stages Detectors:

PPDM[181][CVPR20] HG104 194.9 17.58 21.73

HOTR[141][CVPR21] R50 51.2 15.92 23.46

QPIC[284][CVPR21] R50 41.9 17.41 29.07

CDN[366][NeurIPS21] R50 42.1 16.24 31.78

GEN-VLKT[182][CVPR22] R50 42.8 18.23 33.75

DiffusionHOI VQ-GAN 27.6 9.49 38.12

*DiffusionHOI VQ-GAN 27.6 24.77 38.12

6.3.3 Diagnostic Analysis

Key Component Analysis. We first examine the essential components of Diffu-

sionHOI in Table 6.5. Here Baseline denotes HOI detector built upon stable dif-

fusion without text prompting. Through jointly training with the synthesized data,

both Default and RF-UC setups observe notable improvements (e.g., up to 2.25%

and 3.32% on Full categories ). This verifies the effectiveness of our relation-driven

HOI image generation strategy. in addition, after imposing relation embedding to
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prompt the feature extraction and HOI detection processes, the performance boosts

to 36.45% and 34.25% under two setups. Finally, after combining these two core

components together, our DiffusionHOI delivers consistent improvements and sets

new SOTA across all setups.

Conditioning Input. To assess the effectiveness of learned relational embeddings,

we present the experimental results using different conditional inputs to stimulate

HOI detection in Table 6.6. As seen, though action words offer limited improvement,

they are far surpassed by relation embeddings which enables HOI-oriented feature

extraction and enhance query initialization through cross-attention.

Relation Embedding Learning. Next we probe the impact of different strate-

gies for relation embedding learning. The results regarding relation-inspired HOI

detection are summarized in Table 6.7. It can be observed that textual inversion,

which directly uses different images sharing the same action for relation embed-

ding learning, is inferior to our cycle-consistency learning strategy that considers

the disentanglement nature of HOI interactions. On this basis, the relation-centric

contrastive learning and online update strategies consistently bring improvement in

both setups.

Prompt for Dataset Generation. Finally we study the impact of data syn-

thesized by different types of textual prompts in Table 6.8. As observed, data

generated with purely textual description using plain action words like “The man

at bat readies to swing at the pitch” gives negative improvement over baseline. The

potentially indicates that diffusion models cannot understand the relations between

human-object pairs and generate meaningful images when provided with straight-

forward textual description. In contrast, through relation modeling, data generated

with relation embeddings to replace the plain action words provides high-quality

samples for the training of HOI detectors.
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Default RF-UC
Algorithm Component

Full Rare Non-Rare Full Unseen Seen

Baseline 33.24 30.25 34.32 30.47 20.63 33.09

+ Synthesized Data only 35.4936.27 35.02 33.79 28.22 34.85

+ Relation Prompting only 36.4535.78 36.71 34.25 26.57 35.58

DiffusionHOI 38.12 38.93 37.84 35.89 32.06 36.77

Table 6.5 : Detailed analysis of essential

components of DiffusionHOI on HICO-

DET [27].

Default RF-UC
Conditioning Input

Full Rare Non-Rare Full Unseen Seen

- 33.24 30.25 34.32 30.47 20.63 33.09

Textual Description 33.71 30.98 34.73 30.72 21.29 33.24

Relation Embedding 36.45 35.78 36.71 34.25 26.57 35.58

Table 6.6 : Analysis of conditioning input

for relation-inspired HOI detection on HICO-

DET [27].

Default RF-UC
Learning Strategy

Full Rare Non-Rare Full Unseen Seen

Textual Inversion 34.03 32.17 34.61 30.93 21.55 33.45

Cycle-Consistency 35.23 34.56 35.46 32.96 24.24 34.54

+ Relation-Centric CL 35.94 35.06 36.32 33.72 25.73 35.17

+ Online Update 36.45 35.78 36.71 34.25 26.57 35.58

Table 6.7 : Analysis of relation embeddings

with different learning strategies for relation-

inspired HOI detection.

Default RF-UC
Training Set

Full Rare Non-Rare Full Unseen Seen

HICO-DET 33.24 30.25 34.32 30.47 20.63 33.09

+ TD Synthesized Data 32.54 30.04 33.49 30.12 20.55 32.57

+ RE Synthesized Data 35.49 36.27 35.02 33.79 28.22 34.85

Table 6.8 : Analysis of prompts for dataset

generation. TD : textual description, RE : re-

lation embedding.

Analysis on Training Cost. For our inversion-based HOI modeling to learn

relation-centric embeddings, unlike the original textual inversion technology that

learns text embeddings within the image space, we optimize relation embeddings

within the latent space by reconstructing interaction features. This lead to reduced

training costs. Consequently, the 117 relation embeddings in HICO-DET[27] can be

learned within 5.7 hours (23 minutes per relation embedding) which is more efficient

than textual inversion (i.e., 32 minutes per embedding). For the main training of

HOI detection on HICO-DET, since our method utilizes significantly fewer trainable

parameters compared to existing work (e.g., 27.6M v.s. 50.4M for STIP[378], 41.9M

for QPIC [284], and 42.8M for GEN-VLKT [182] in Table 6.4), the training process

can be completed in just 11.5 hours.
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Person hold person

Person drag suitcasePerson pet dogPerson hold wine_glassPerson hold knife

Person teach personPerson hug sheepPerson ride cow

Figure 6.4 : Typical failure case on HICO-DET. Actions highlighted in red indicate missing

predictions that should be detected, while text with strikethrough means wrong predictions

that should be removed.

6.4 Failure Case

As shown in Fig. 6.4, we found that failure cases primarily manifest in the fol-

lowing scenarios: i) scenes featuring only partial human bodies, such as arm or leg,

which introduces challenges for person detection; and ii) chaotic scenes teeming with

people, which causes occlusion and difficulties in identifying interactions. Despite

these challenges, DiffusionHOI has shown remarkable improvement over exist-

ing approaches. Additionally, the patterns of these failure cases provide valuable

insights for future research.

6.5 Conclusion

In this chapter, we present DiffusionHOI, a new HOI detector built upon diffu-

sion models. By explicitly modeling the relations between humans and objects in an

inversion-based manner, we enable effective knowledge transfer from diffusion mod-

els while adapting unique characteristics of the HOI detection task. This is achieved
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by: i) relation-driven image generation using diffusion models to enrich the train-

ing set with more HOI-oriented samples, and ii) relation-inspired HOI detection

with learned relation embeddings as prompts to retrieve task-specific features from

images, thereby enhancing the recognition of ongoing interactions. Extensive exper-

iments demonstrate that DiffusionHOI excels in both regular or zero-shot setups

and sets new SOTAs. We believe this work offers valuable insights into harnessing

the potential of generative diffusion models for structured relation modeling.
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Chapter 7

Neural-Logic Integration for Semantic Parsing:

The LogicSeg Framework

The previous chapter details our efforts in relational modeling for structured scene

understanding. While it demonstrated rich relational structures can be learned

implicitly from data, this chapter explores how relations can be formally represented

as symbolic rules and integrated with neural networks in a general manner, thereby

bridging the gap between experience-driven perception and logic-induced reasoning.

7.1 Introduction

Interpreting high-level semantic concepts of visual stimuli is an integral aspect

of human perception and cognition, and has been a subject of interest in computer

vision for nearly as long as this discipline has existed. As an exemplar task of

visual semantic interpretation, semantic segmentation aims to group pixels into

different semantic units. Progress in this field has been notable since the seminal

work of fully convolution networks (FCNs) [196] and been further advanced by the

recent launch of fully attention networks (Transformer) [302].

Despite these technological strides, we still observe current prevalent segmen-

tation systems lack in-depth reflection on some intrinsic nature of human cogni-

tion. First, standard segmentation systems simply assume the semantic concepts

in the set of interest have no underlying relation and predict all these concepts ex-

clusively. By contrast, humans interpret a scene by components. For example in

Fig. 7.1, we can effortlessly recognize many pieces of furniture, such as chairs and
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Figure 7.1 : (a) We humans abstract our perception in a structured manner, and conduct

reasoning through symbol manipulation over such multi-level abstraction. (b) We aim to

holistically interpret visual semantics, through the integration of both data-driven sub-

symbolic learning and symbolic knowledge-based logic reasoning.

tables, and identify various utensils, e.g., bottles, and plates. Such capacity

of structured understanding of visual semantics is an innate aspect of human per-

ception [20], complies with our way of the organization of knowledge [75, 358], and

has a close relation to many meta-cognitive skills including compositional general-

ization (i.e., making infinite use of finite means) [126], systematicity (i.e., cognitive

capacity comes in groups of related behaviours) [74], and interpretability (i.e., in-

terpreting complex concepts with simpler ones) [238, 274]. Despite its significance

and ubiquity, surprisingly little has been done on the computational modeling of

structured visual perception in the segmentation literature. Though exceptions ex-

ist [343, 179, 176, 167, 328], in general they are scattered, lacking systematic study.

Second, the latest semantic segmentation systems, label structure aware or not,
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have developed a pure sub-symbolic learning approach. They enjoy the advantages of

robust distributed representation of concept entities, but struggle with explicit rea-

soning with the relations among entities by discrete symbolic representations [371].

Nevertheless, studies in cognition suggest that our perception works at multiple

levels of semantic abstraction [257], intertwined with logical reasoning through ma-

nipulation of symbolic knowledge/concepts [133]. For example, after recognizing

many utensils from Fig. 7.1, we know the scene is more likely a kitchen, rather

than a bathroom or gym. This judgement comes as a result of reasoning with some

abstract knowledge, such as “utensils typically appear in the kitchen” and “utensils

are seldom seen in the bathroom,” which are generalized from our daily experience.

The judgement of the scene type may become a belief and in turn cause reallocation

of our visual attention [135], hence driving us to find out more relevant details, such

as small forks.

Filling the gaps identified above calls for a fundamental paradigm shift: i) moving

away from pixel-wise ‘flat’ classification towards semantic structure-aware parsing;

and ii) moving away from the extreme of pure distributed representation learning

towards an ambitious hybrid which combines both powerful sub-symbolic learning

and principled symbolic reasoning. To embrace this change, we develop LogicSeg,

a structured visual parser which exploits neural computing and symbolic logic in a

neural-symbolic framework for holistic visual semantic learning and reasoning. In

particular, given a set of hierarchically-organized semantic concepts as background

knowledge and parsing target, we first use first-order logic, a powerful declarative

language, to comprehensively specify relations among semantic classes. After fuzzy

logic based relaxation, the logical formulae of hierarchy constraints can be grounded

on data. During training, each logical constraint is converted into a differentiable loss

function for gradient descent optimization. During inference, the logical constraints

are involved into an iterative process, and calculated in matrix form. This not only
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ensures the observance of the compositional semantic structure but also binds logic

reasoning into network feed-forward prediction.

By accommodating logic-based symbolic rules into network training and infer-

ence, our LogicSeg i) blends statistical learning with symbolic reasoning, ii) ob-

tains better performance, and iii) guarantees its parsing behavior compliant with the

logically specified symbolic knowledge. We also remark that our study is relevant to

a field of research called neural-symbolic computing (NSC) [84, 136, 324]. With the

promise of integrating two critical cognitive abilities [298]: inductive learning (i.e.,

the ability to learn general principles from experience) and deductive reasoning (i.e.,

the ability to draw logical conclusions from what has been learned), NSC has long

been a multi-disciplinary research focus and shown superiority in certain applica-

tion scenarios, such as program generation [299, 233, 240], and question answering

[303, 362]. This work unlocks the potential of NSC in visual semantic parsing – a

fundamental, challenging, and large-scale vision task.

LogicSeg is a principled framework. It is fully compatible with existing seg-

mentation network architectures, with only minor modification to the classification

head and a plug-and-play logic-induced inference module. We perform experiments

on four datasets covering wide application scenarios, including automated-driving

(Mapillary Vistas 2.0 [228], Cityscapes [49]), object-centric (Pascal-Part [38]), and

daily (ADE-20K[390]) scenes. Experimental results show that, on the top of various

segmentation models (i.e., DeepLabV3+ [32], Mask2Former [41]) and backbones

(i.e., ResNet-101 [106], Swin-T [194]), LogicSeg yields solid performance gains

(1.12%-3.29% mIoU) and suppresses prior structured alternatives. The strong gen-

eralization and promising performance of LogicSeg evidence the great potential of

integrating symbolic reasoning and sub-symbolic learning in machine perception.
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7.2 Methodology

Task Setup and Notations. In this work we are interested in structured visual

parsing [167] – a more challenging yet realistic setting for semantic segmentation

– where both semantic concepts and their relations are considered in a form of a

tree-shaped class hierarchy T = ⟨V , E⟩. The node set V = ∪L
l=1Vl represents the

classes/concepts at L abstraction levels. For instance in Fig. 7.2(a), the leaf nodes

V1 are the finest classes (e.g., chair, pot), while the internal nodes are higher-

level concepts (e.g., furniture, utensil), and the roots VL are the most abstract

ones (e.g., object). The edge set E encodes relational knowledge among classes.

For example, a directed edge u→ v ∈ E denotes a part-of relation between classes

u, v ∈ V in adjacent levels (e.g., utensil→pot). Given T , the target goal is to

assign each pixel a valid root-to-leaf path in T . For instance, associating a pixel

with object→utensil→pot is valid, yet with object→ furniture→pot is invalid.

Thus standard semantic segmentation can be viewed as a specific case of such struc-

tured setting — only assigning pixels with one single class label from the leaf nodes

V1 without considering the hierarchy.

Algorithmic Overview. LogicSeg is a unified, neural-logic learning and rea-

soning model for visual parsing, supported by large-scale data and the structured

symbolic knowledge T .

• From the neural aspect, LogicSeg is model-agnostic. After dense feature ex-

traction, its classification head outputs a total of |V| sigmoid -normalized scores,

i.e., s∈ [0, 1]|V|, over all the classes V for each pixel, like [167]. Here | · | counts its

elements. A set of logic rules, derived from T , are injected into network training

and inference.

• From the logic aspect, LogicSeg uses first-order logic to express the complex

and abstract relational knowledge in T . The network is learnt as approximation of
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Figure 7.2 : Illustration of the (a) class hierarchy T , and (b-d) abstract relational knowl-

edge specified by first-order logic formulae (§7.2.1).

logic predicates by following the logical specifications. Once trained, it conducts

iterative reasoning on the basis of logic rules.

After introducing our logic based visual relational knowledge representation (§7.2.1),

we will elaborate on our logic-induced network training (§7.2.2) and inference (§7.2.3)

strategies.

7.2.1 Parsing Visual Semantics with Logic Rules

We formalize our target task — learning and reasoning visual semantics with logic

— as a triple 〈T ,X ,Π〉. X is a data collection, i.e., X ={(xk,yk)}Kk=1, where xk is a

pixel data point, and yk∈{0, 1}|V| is its groundtruth symbolic description in terms

of the semantic hierarchy T . Π is a set of hierarchy rules declaratively expressed by

first-order logic, containing i) constants, e.g., pixel samples x1, x2, · · · ; ii) variables

ranging over constants, e.g., x; and iii) unary predicates, one for each class v ∈V ,

denote the semantics of variables and return true and false, e.g., bed(x) = true

states the fact that pixel x belongs to a bed. A logic rule/formula is a sequence of

finite predicates with connectives (i.e., ∧, ∨, ¬, ⇒) and quantifiers (i.e., ∀, ∃), and

organized in prenex form in our case. Concretely, Π is composed of three types of

rules, i.e., composition, decomposition, and exclusion, for comprehensively describing

the structured symbolic knowledge T .

• Composition Rule (C -rule) expresses our knowledge about the composition

relations between semantic concepts, such as “bed and chair are (subclasses of)
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furniture,” in a form of:

∀x(bed(x) ⇒ furniture(x)),

∀x(chair(x)⇒ furniture(x)),

(7.1)

where bed, chair, furniture are predicates, and ‘ϕ ⇒ φ’ indicates φ is a logical

consequence of antecedence ϕ.

Definition 7.2.1.1 (C -rule). If one class is labeled true, its superclass should be

labeled true (Fig. 7.2(b)):

∀x(v(x)⇒ pv(x)), (7.2)

where pv is the parent node of v in T , i.e., pv → v ∈ E (the tree structure of T

restricts each class to possess only one superclass). C-rule generalizes the famous

tree-property [18, 90].

• Decomposition Rule (D-rule) states our knowledge about the decomposition

relations among semantic concepts, such as “furniture is the superclass of bed, chair,

· · · , table,” via:

∀x(furniture(x)⇒bed(x) ∨ chair(x) ∨

· · · ∨ tabel(x)).

(7.3)

Definition 7.2.1.2 (D-rule). If one class is labeled true, at least one of its subclasses

should be labeled true (Fig. 7.2(c)):

∀x(v(x)⇒ c1v(x) ∨ c2v(x) ∨ · · · ∨ cNv (x)), (7.4)

where cnv ∈Cv are all the child nodes of v in T , i.e., v→cnv ∈E . C-rule and D-rule are

not equivalent. For instance in Eq. 7.1, bed(x) is sufficient but not necessary for

furniture(x): given the fact “x is furniture”, we cannot conclude “x is bed”.

• Exclusion Rule (E -rule) specifies our knowledge about mutual exclusion rela-

tions between sibling concepts, such as “a bed cannot be at the same time a chair,”

in a form of:

∀x(bed(x)⇒ ¬chair(x)). (7.5)



101

Dense Feature 
Extraction furniture

utensil object

bed furniture

plate utensil

object⇒⇒
⇒
⇒

bed

furnitureobject⇒
⇒

utensil∨
furniture ∨chair∨ ∨table

pot⇒utensil ∨ ∨plate

furniture⇒
⇒

utensil

chair∧ ∧ table

⇒pot plate

¬

bed ¬ ¬
¬

∧

∧ ∧

∧

C-rules

sigmoid
D-rules

E-rules

symbolic 
knowledge

First-Order Logic Formulae

score map ϕ ∧φ = ϕ  ·φ

¬ϕ  = 1-ϕ

Fuzzy Logic 
based Relaxation

ϕ ∨φ = max(ϕ , φ)

q

q 1/q
∀xϕ(x)  = 1-(1/k ∑    ϕ(xk) )k=1

K
k=1
K

ϕ      φ = 1-ϕ + ϕ  ·φ⇒

1/q∃xϕ(x) = (1/k ∑    ϕ(xk) )

tra
in

in
g

im
ag

e

data flow

parameter 
optimization

segmentation
network

Figure 7.3 : Illustration of our logic-induced network training (§7.2.2). For clarity, the

pixel-wise binary cross-entropy loss is omitted.

Definition 7.2.1.3 (E -rule). If one class is labeled true, all its sibling classes should

be labeled false (Fig. 7.2(d)):

∀x(v(x)⇒ ¬a1v(x) ∧ ¬a2v(x) ∧ · · · ∧ ¬aMv (x)), (7.6)

where amv ∈Av are all the peer nodes of v in T . Note that E-rule is ignored by many

hierarchy-aware algorithms [167, 15, 333].

7.2.2 Logic-Induced Training

So far, we shown the logic rules Π provide LogicSeg a flexible language for

comprehensively expressing the complex meronymy and exclusion relations among

symbolic concepts in the hierarchy T . Unfortunately, these rules are logic formulae

working with variables (assuming a boolean value), and non-differentiable logic sym-

bols (e.g., ∀, ⇒). This prevents the integration with end-to-end network learning.

Inspired by [300, 9], a fuzzy logic based grounding process is adopted to interpret

logic formulae as differentiable fuzzy relations on real numbers for neural computing

(Fig. 7.3).

Fuzzy relaxation. Fuzzy logic is a form of soft probabilistic logic. It deals with

reasoning that is approximate instead of fixed and exact; variables have a truth

degree that ranges in [0, 1]: zero and one meaning that the variable is false and true

with certainty, respectively [231]. Hence we can ground predicates onto segmenta-

tion network outputs. For instance, given a pixel sample x, corresponding network
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prediction score w.r.t.class bed is a grounded predicate w.r.t.bed(x). Logical connec-

tives, i.e., ∧,∨,¬,⇒ are approximated with fuzzy operators, i.e., t-norm, t-conorm,

fuzzy negation, and fuzzy implication. As suggested by [300], we adopt the operators

in Goguen fuzzy logic [101] and Gödel fuzzy logic [70]:

ϕ ∧ φ = ϕ · φ, ϕ ∨ φ = max(ϕ, φ),

¬ϕ = 1− ϕ, ϕ⇒ φ = 1− ϕ+ ϕ · φ.
(7.7)

The existential quantifier ∃ and universal quantifier ∀ are approximated in a form

of generalized mean:

∃xϕ(x) = ( 1
K

∑K
k=1 ϕ(xk)q)

1
q ,

∀xϕ(x) = 1−( 1
K

∑K
k=1(1−ϕ(xk))q)

1
q ,

(7.8)

where q ∈Z. Please refer to [300, 9] for detailed discussion regarding the rationale

behind such approximation of ∃ and ∀.

Logic Loss. With fuzzy relaxation, we are ready to convert our first-order logic

rules Π into loss functions.

• C-rule Loss. For a non-root node v∈V/VL, its corresponding C -rule (cf. Eq.7.2)

is grounded as:

GC(v)= 1−
(

1
K

∑K
k=1(sk[v]−sk[v] · sk[pv])

q
)1

q
, (7.9)

where sk[v]∈ [0, 1] refers to the score (confidence) of xk for class v. Then the C -rule

based training objective is given as:

LC = 1
|V|−|VL|

∑
v∈V/VL

1− GC(v). (7.10)

• D-rule Loss. For a non-leaf node v∈V/V1, its corresponding D-rule (cf. Eq.7.4)

is grounded as:

GD(v)=1−
(
1
K

K∑
k=1

(
sk[v]−sk[v]·max({sk[cnv ]}n)

)q)1
q
. (7.11)

Similarly, our D-rule loss is given as:

LD = 1
|V|−|V1|

∑
v∈V/V1

1− GD(v). (7.12)
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• E-rule Loss. During the grounding of E -rule (cf. Eq. 7.6), we first translate

such one-vs-all exclusion statement to a semantically equivalent expression, i.e.,

the aggregation of multiple one-vs-one exclusion ({(v(x) ⇒ ¬a1v(x)), · · ·, {(v(x) ⇒

¬aMv (x))}). Adopting such translation is to avoid the sorites paradox, i.e., a long

chain of only slightly unreliable deductions can be very unreliable [94] (e.g., 0.910≈

0.34), happened during approximating a series of ∧. Then, for each node v∈V , its

corresponding E -rule is grounded as:

GE(v)=1− 1
M

∑M
m=1

(
1
K

∑K
k=1

(
sk[v]·sk[amv ]

)q)1
q
. (7.13)

Similarly, our E -rule loss is given as:

LE = 1
|V|
∑

v∈V 1− GE(v). (7.14)

In this way, it is possible to backpropagate the gradient from the logic loss into the

network. The network is essentially learned as neural predicates obeying the logical

constraints. It is worth mentioning that, due to large-scale training, it is infeasible

to compute the full semantics of ∀; batch-training can be viewed as sampling based

approximation [300]. Our overall training target is organized as:

L=α(LC+LD+LE)+ 1
K

∑K
k=1LBCE(sk,yk). (7.15)

Here y∈{0,1}|V| is the groundtruth, LBCE is the binary cross-entropy loss, and the

coefficient is empirically set as α=0.2.

7.2.3 Logic-Induced Inference

We just showed that LogicSeg can approximate the predicates by integrating

symbolic logic constraints into large-scale network training. However, during infer-

ence, there is no explicit way to ensure the alignment between the class hierarchy T

and network prediction, neither sound reasoning with the logic rules Π. We thus put

forward logic-induced reasoning (Fig. 7.4), where the logic rules Π are encapsulated

into an iterative optimization process. Such process is non-learnable, based on only
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Figure 7.4 : Illustration of our logic-induced inference (§7.2.3). (a-b) Iterative reasoning

is made by exchanging and absorbing messages between nodes, following the logic rules

Π. For clarity, we only show the message creation (Eq. 7.16) and aggregation (Eq. 7.17)

stages for one single node. (c) Structured parsing (Eq. 7.18) is conducted by selecting

the top-scoring path P∗ (highlighted in red) after logic-guided iterative reasoning. (d)

With logic-induced inference, LogicSeg is able to generate more accurate and hierarchy-

compliant predictions.

matrix operations and thus can be seamlessly embedded into network feed-forward

inference, yielding an elegant yet compact neural-logic visual parser.

Our solution is built upon the classic message passing algorithm which is to

estimate the marginal likelihood for a given tree structure by iteratively exchanging

messages between nodes. Specifically, at each iteration, for each pixel sample xk,

node v∈V sends different types of messages to different neighboring nodes, according

to the logic rules Π:

C -message : hC
v,pv=v(xk) ⇒ pv(xk)

=1−sk[v]+sk[v]·sk[pv],

D-message : hD
v,cnv

=v(xk)⇒c1v(xk)∨· · ·∨cNv (xk)

=1−sk[v]+sk[v]·max({sk[cnv ]}n),
(7.16)

E -message : hE
v,amv

=−1·
(
v(xk)⇒¬a1v(xk)∧· · ·∧¬aMv (xk)

)

=− (1− 1
M

∑M
m=1sk[v] ·sk[amv ]).

Node v is updated by aggregating the received messages:
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sk[v]←sk[v]+ 1
N

∑
cnv∈Cv

sk[cnv ]·hCcnv ,v+sk[pv]·hDpv ,v

+ 1
M

∑
amv ∈Av

sk[amv ]·hEamv ,v.

(7.17)

Each message (cf. Eq. 7.16) accounts for the certainty degree that v satisfies the

corresponding logic rule (cf. §7.2.1) when being grounded on pixel data point xk,

with fuzzy logic based approximation (cf. §7.2.2). Intuitively, the more certainty a

node meets the logic rules, the more message it can propagate to other nodes. Note

that, v creates a negative message hEv,amv to “suppress” other peer nodes due to their

exclusion relations. In Eq. 7.17, the received messages are weighted by the confidence

of the source nodes themselves – the grounded predicates, i.e., sk[cnv ], sk[pv], and

sk[amv ]. After each iteration, the score vector sk is softmax -normalized per hierarchy

level. Finally, each pixel xk is associated with the top-scoring root-to-leaf path in

the hierarchy T (red path in Fig. 7.4(c)):

P∗ = {v∗1, · · · , v∗L} =arg max
P⊂T

∑
vP∈P sk[vP ], (7.18)

where P={vP1 , · · · , vPL}⊂T indicates a feasible root-to-leaf path in T , i.e., ∀vPl , vPl−1 ∈

P ⇒ vPl → vPl−1 ∈ E . It is easy to find that all the logic-induced inference steps

(cf. Eq. 7.16-7.18) can be formulated in matrix form with only a couple of matrix

multiplications (see corresponding pseudo-code in the supplementary). Hence it is

efficient on GPU and can be straightforward injected into the network, making Log-

icSeg a fully-integrated neural-logic machine. In practice, 2-iteration message pass-

ing is enough for robust prediction. Through logic-induced reasoning (cf. Eq. 7.17)

and hierarchy-aware parsing (cf. Eq. 7.18), LogicSeg is able to i) obtain improved

performance, and ii) guarantee the parsing results to respect the hierarchy T , with

iii) only negligible speed delay (about 3.8%). See §7.3.4 for related experiments.
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7.3 Experiment

7.3.1 Experimental Setup

Datasets. We conduct extensive experiments on four datasets, i.e., Mapillary Vis-

tas 2.0 [228], Cityscapes [49], Pascal-Part-108 [38], and ADE20K [390]. The four

datasets are selected to cover the rich application scenarios of semantic segmenta-

tion, including urban street segmentation for automated driving (i.e., [228, 49]),

object part parsing (i.e., [38]), and fine-grained understanding of daily scenes (i.e.,

[390]), so as to comprehensively examine the utility of our algorithm.

• Mapillary Vistas 2.0 is a large-scale urban scene dataset. It contains 18, 000/

2, 000/5, 000 images for train/val/ test. A three-level semantic hierarchy, cov-

ering 4/16/ 124 concepts, is officially provided for dense annotation.

• Cityscapes has 2, 975/500/1, 524 finely annotated, urban street images for train/

val/test. The label hierarchy consists of 19 fine-gained concepts and 6 super-

classes.

• Pascal-Part-108 is the largest object part parsing dataset. It consists of 4, 998/

5, 105 images for train/test. To establish the class hierarchy, we group 108

part-level labels into 20 object-level categories, as in [221, 96, 382, 273].

• ADE20K is a large-scale generic scene parsing dataset. It is divided into 20, 210/

2, 000/3, 000 images for train/val/test. It provides pixel-wise annotations for

150 fine-grained semantic classes, from which a three-layer label hierarchy (with

3/14/150 concepts) can be derived.

Evaluation Metric. We adopt the standard metric, mean intersection-over-union

(mIoU), for evaluation. For detailed performance analysis, the score is reported for

each hierarchy level l (denoted as mIoUl), as suggested by [326, 167].

Base Models and Competitors. To demonstrate our wide benefit, we approach

our algorithm on two famous segmentation architectures, i.e., DeepLabV3+ [32]
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and Mask2Former [41], with ResNet-101 [106] and Swin-T [194] backbones. For

performance comparison, we involve several hierarchy-aware segmentation mod-

els [167, 221, 273], and view Hssn [167] as our major rival as it is a general frame-

work that reports strong results over several datasets, instead of the others that are

dedicated to specific dataset(s) or task setup(s). For comprehensive evaluations, we

include a group of previous hierarchy-agnostic segmentation algorithms[365, 11, 343,

385, 279, 345], whose segmentation results on coarse-grained semantics are obtained

by merging the predictions of the corresponding subclasses.

Training. For the sake of fairness, we follow the standard training setup in [29,

365, 42, 98, 177]. In particular, we train 240K/80K iterations for Mapillary Vistas

2.0/Cityscapes, with batch size 8 and crop size 512×1024; 60K/160K iterations

for Pascal-Part-108/ADE20K, with batch size 16 and crop size 512×512. For data

augmentation, the images are horizontally flipped and scaled with a ratio between

0.5 and 2.0 at random. For network optimization, SGD (with initial learning rate 1e-

2, momentum 0.9, and weight decay 1e-4) and Adam (with initial learning rate 6e-5

and weight decay 0.01) are respectively used for CNN-based and neural attention-

based models, where the learning rate is scheduled by the polynomial annealing rule.

For network initialization, ImageNet [56] pre-trained weights are pre-loaded.

Testing. For Mapillary Vistas 2.0 and Cityscapes, we keep the original image aspect

ratio but resize the short edge to 1024. Sliding window inference with the identical

window shape as the training size is adopted to save memory. For ADE20K and

Pascal-Part-108, the short edge is resized to 512 so as to enable one-time inference

for the whole image. As in [117, 42, 365, 130], performance of all the models is

reported at multiple scales ({0.5, 0.75, 1.0, 1.25, 1.5, 1.75}) with horizontal flipping.

Hyperparameters. We set α= 0.2 for the loss coefficient (cf. Eq. 7.15), and q= 5

for logic quantifier approximation (cf. Eq. 7.8), as suggested by [9]. For network
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Method Backbone mIoU3↑ mIoU2↑ mIoU1↑

Seamless [249] ResNet-101 84.23 70.24 38.82

OCRNet [365] HRNet-W48 84.19 69.82 38.26

HMSANet [330] HRNet-W48 84.63 70.71 39.53

Mask2Former [41] Swin-S 88.81 74.98 43.49

Hssn [167] ResNet-101 85.27 71.40 40.16

Hssn [167] Swin-S 90.02 75.81 43.97

DeepLabV3+ [32] 81.86 68.17 37.43

+ LogicSeg
ResNet-101

85.51 ↑3.65 71.69 ↑3.42 40.72 ↑3.29

MaskFormer [42] 87.93 73.88 42.16

+ LogicSeg
Swin-S

90.35 ↑2.42 76.61 ↑2.73 45.12 ↑2.96

Table 7.1 : Urban scene parsing results (§7.3.2) on MapillaryVistas 2.0 [228] val with

a three-level label hierarchy of 4/16/124 concepts.

inference, we find 2 iterations of message passing are enough.

7.3.2 Quantitative Comparison Result

MapillaryVistas 2.0 [228] val. From Table 7.1 we can observe that our approach

provides notable performance gains over the baselines. For example, our algorithm

promotes classic DeepLabV3+ [32] by 3.65%/3.42%/3.29% over the three seman-

tic levels. On top of MaskFormer [42], our algorithm further lifts the scores by

2.42%/2.73%/2.96%, suppressing previous hierarchy-agnostic models, as well as

Hssn [167] – a newly proposed hierarchy-aware segmentation model.

Cityscapes [49] val. Table 7.2 confirms again our compelling performance in

challenging urban street scenes and wide benefits for different segmentation mod-

els, i.e., 1.21%/1.12% over DeepLabV3+, and 1.35%/1.28% over MaskFormer.

Though both encoding concept structures into segmentation, our algorithm greatly

outperforms Hssn, suggesting the superiority of our logic reasoning framework.
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Method Backbone mIoU2↑ mIoU1↑

DANet [76] ResNet-101 91.83 81.52

CCNet [117] ResNet-101 91.70 81.08

SETR [385] ViT-L 92.86 82.75

SegMentor [279] ViT-L 91.79 81.30

UperNet [343] Swin-S 91.92 81.79

Mask2Former [41] Swin-S 93.68 83.62

SegFormer [345] MiT-B4 93.81 83.90

Hssn [167] ResNet-101 93.31 83.02

Hssn [167] Swin-S 94.39 83.74

DeepLabV3+ [32] 92.16 82.08

+ LogicSeg
ResNet-101

93.37 ↑1.21 83.20 ↑1.12

MaskFormer [42] 92.96 82.57

+ LogicSeg
Swin-S

94.31 ↑1.35 83.85 ↑1.28

Table 7.2 : Urban scene parsing results (§7.3.2) on Cityscapes [49] val with a two-level

label hierarchy of 6/19 concepts.

Pascal-Part-108 [38] test. As illustrated by Table 7.3, our algorithms yields re-

markable performance on explaining the compositionality of object-centric semantic

structures. Specifically, our algorithm not only consistently boosts the performance

of base segmentation models [32, 41], but also defeats two outstanding hierarchy-

agnostic competitors [11, 273] as well as three structured alternatives [221, 273, 167].

ADE20K[390] val. Table 7.4 presents our parsing results in general scenes. With a

relatively conservative baseline, i.e., DeepLabV3+ [32], our algorithm earn 79.60%,

59.04%, and 48.46%, in terms of mIoU1, mIoU2, and mIoU3 respectively. It delivers

a solid overtaking against Mask2Former [41], which is built upon a more advanced

architecture. When applied to MaskFormer [42], our algorithm achieves 82.45%/

62.44%/52.82%, pushing forward the state-of-the-art.
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Method Backbone mIoU2↑ mIoU1↑

SegNet [11] ResNet-101 59.81 36.42

FCN-8s [196] ResNet-101 62.26 38.62

BSANet [382] ResNet-101 69.37 47.36

GMNet [221] ResNet-101 69.28 47.21

FLOAT [273] ResNet-101 70.03 48.08

Hssn [167] ResNet-101 72.91 48.32

Hssn [167] Swin-S 77.01 54.79

DeepLabV3+ [32] 70.86 46.54

+ LogicSeg
ResNet-101

73.68 ↑2.82 49.13 ↑2.69

MaskFormer [42] 75.78 53.07

+ LogicSeg
Swin-S

77.92 ↑2.14 55.53 ↑2.46

Table 7.3 : Object part parsing results (§7.3.2) on PASCAL-Part-108 [38] test with

a two-level label hierarchy of 20/108 concepts.

Method Backbone mIoU3↑ mIoU2↑ mIoU1↑

OCRNet [365] HRNet-W48 76.33 55.76 44.92

UperNet [343] Swin-S 78.90 59.17 49.47

SegMentor [279] ViT-S 77.32 57.18 46.82

K-Net [374] Swin-S 79.11 59.38 49.95

SegFormer [345] MiT-B4 79.85 60.24 51.08

Mask2Former [41] Swin-S 80.46 61.15 52.43

Hssn [167] ResNet-101 79.23 58.52 47.69

Hssn [167] Swin-S 82.59 62.56 52.37

DeepLabV3+ [32] 77.24 56.87 46.43

+ LogicSeg
ResNet-101

79.60 ↑2.36 59.04 ↑2.17 48.46 ↑2.03

MaskFormer [42] 79.89 60.32 51.04

+ LogicSeg
Swin-S

82.45 ↑2.56 62.44 ↑2.12 52.82 ↑1.78

Table 7.4 : Generic scene parsing results (§7.3.2) on ADE20K [390] val with a three-

level label hierarchy of 3/14/150 concepts.
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Figure 7.5 : Visual results (§7.3.3) on Mapillary Vistas 2.0 [228]. Left :

DeepLabV3+ [32] vs LogicSeg; Right : Mask2Former [41] vs LogicSeg.

Taking together, our extensive benchmarking results provide solid evidence that

our algorithm successfully unlocks the power of logic reasoning in large-scale visual

parsing, and owns broad applicability across various task scenarios, segmentation

architectures, and backbone networks.

7.3.3 Qualitative Comparison Result

Fig.7.5 visualizes qualitative comparisons of LogicSeg against DeepLabV3+[32]

(left) and Mask2Former [41] (right) on Mapillary Vistas 2.0 dataset [228]. As seen,

with the help of symbolic reasoning, LogicSeg can generate higher-quality predic-

tions even in challenging scenarios.

7.3.4 Diagnostic Experiment

For thorough evaluation, we perform a series of ablative studies on Mapillary

Vistas 2.0 [228] val. All variants are based on DeepLabV3+ [32] with ResNet-

101 [106] backbone.

Logic-Induced Training. We first study the effectiveness of our logic-induced

training strategy (§7.2.2) in Table 7.5a. 1st row reports the results of our baseline

model – DeepLabV3+. 2nd, 3rd, and 4th rows respectively list the scores obtained by
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LC LD LE mIoU3↑ mIoU2↑ mIoU1↑ Training Speed

Eq. 7.9 Eq. 7.11 Eq. 7.13 (multi scale) (min/epoch)

81.86 68.17 37.43 45.62

✓ 83.56 69.74 38.71 46.35 +1.60%

✓ 84.08 69.97 38.98 46.13 +1.12%

✓ 83.42 69.60 38.43 46.72 +2.41%

✓ ✓ ✓ 85.51 71.69 40.72 47.67 +4.51%

(a) logic loss (§7.2.2)

# mIoU3↑ mIoU2↑ mIoU1↑ Inference Speed

Iter. (multi scale) (fps)

0 84.62 70.95 40.18 3.44

1 85.23 71.46 40.56 3.37 -2.03%

2 85.51 71.69 40.72 3.31 -3.78%

3 84.84 71.12 40.29 3.25 -5.52%

4 84.49 70.84 40.03 3.20 -6.98%

(b) iteration of message passing (§7.2.3)

q
mIoU3↑ mIoU2↑ mIoU1↑

(multi scale)

1 83.83 70.22 38.77

3 84.65 71.15 40.09

5 85.51 71.69 40.72

8 84.47 71.03 39.74

10 83.52 69.88 38.25

(c) aggregation coefficient for ∀ (Eq.7.8)

Table 7.5 : Ablative studies on Mapillary Vistas 2.0 [228] val (§7.3.4). All variants are

based on DeepLabV3+ [32] with ResNet-101 [106] backbone.

individually adding our C -rule loss LC (cf. Eq. 7.10), D-rule loss LD (cf. Eq. 7.12),

and E -rule loss LE (cf. Eq. 7.14). The last row gives the performance of our full

loss L (cf. Eq. 7.15). We can find that: i) Taking each of our logic losses into

consideration can provide consistent performance gains. This reveals that different

logic rules can describe different properties of semantic structure and verify that the

segmentation model can indeed benefit from our proposed logic losses. ii) Combing

all three logic losses together results in the best performance. This suggests that our

logic rules provide a comprehensive description of the relational knowledge in the

semantic hierarchy T , and supports our core idea that exploiting symbolic knowledge

is crucial for visual semantic interpretation and can boost sub-symbolic learning.

Training Speed. As shown in the last column of Table 7.5a, our logic-induced

training regime causes a trivial delay (∼5.0%).



113

Logic-Induced Inference. We next investigate the impact of our logic-induced

inference strategy (§7.2.3) in Table 7.5b. 1st row reports the results of network

feed-forward output. The rest rows give the scores obtained with different iterations

of message passing (cf. Eq. 7.17). These results demonstrate the efficacy of our

strategy and the necessity of incorporating logic reasoning into network inference.

We accordingly set 2-iteration as the default to pursue the best performance.

Inference Speed. We also report inference speed (fps) in Table 7.5b. As seen, our

logic-induced inference strategy only slows the speed slightly during model deploy-

ment (∼3.8%).

Aggregation Coefficient. For the approximation of ∀ quantifier (cf. Eq. 7.8), we

adopt the generalized mean for stable training, as suggested by [9]. Basically, a

higher coefficient q renders ∀ a stronger focus on outliers. For completeness, the

results with different values of q are reported in Table 7.5c.

7.4 Conclusion

The creation of intelligent systems that integrate the fundamental cognitive abil-

ities of reasoning and learning has long been viewed as a core challenge for AI [298].

While the community recently witnessed great advances in high-level perception

tasks such as visual semantic interpretation, top-leading solutions are purely driven

by sub-symbolic learning, far from such effective integration. In this chapter, we

represent an innovative and solid attempt towards closing this gap. By embedding

symbolic logic into both network training and inference, a structured and powerful

visual semantic parser is delivered. We hope this work can stimulate our community

to rethink current de facto, sub-symbolic paradigm and investigate new methodolo-

gies, from the perspective of achieving a better understanding of human and machine

intelligence.
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Chapter 8

Neural-Logic Integration for HOI Detection: The

LogicHOI Framework

In the previous chapter, we demonstrated how explicit hierarchical semantic knowl-

edge could be injected into neural networks for visual parsing. This chapter extends

this neuro-symbolic paradigm to a different facet of visual understanding, where

commonsense knowledge regarding object affordances and proxemics is utilized to

reason about the plausibility of human-object interactions.

8.1 Introduction

The main purpose of human-object interaction (HOI) detection is to interpret the

intricate relationships between human and other objects within a given scene [360].

Rather than traditional visual perception tasks that focus on the recognition of

objects or individual actions, HOI detection places a greater emphasis on reason-

ing over entities [252]. With the prosperity of Transformer-based object detector

(e.g., DETR [24]), current top-leading solutions for HOI detection typically adopt a

Transformer [302]-based architecture. In these work, an interaction decoder receives

proposed human-object pairs [36, 141, 284, 402, 366, 142, 369, 391, 182, 189, 388] as

inputs, and then infers the interactions happening between them. Though achiev-

ing promising performance, this proposal-then-classification paradigm suffers from

several limitations: first, the human-object pairs are often raised by a proposal net-

work composed of simple MLP layers [378, 252, 100, 308, 347, 392, 175, 296, 310, 81,

110, 174, 144, 173, 192, 368, 93] or simultaneously constructed during the detection

of objects [141, 284, 402, 366, 142, 369, 391, 182], lacking comprehensive exploration
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Figure 8.1 : Left: self-attention aggregates information across pre-composed interaction

( ) queries. Middle: in contrast, our proposed triplet-reasoning attention traverses over

human ( ), action ( ), and object ( ) queries to find plausible interactions. Right:

logic-induced affordances and proxemics property learning.

on the potential combinations between humans and objects. Second, current so-

lutions primarily optimize for known concepts, neglecting a vast number of feasible

human-object combinations never encountered during training. This oversight leads

to poor zero-shot generalization ability [113]. Third, existing approaches are purely

neural-based. While effective at pattern recognition, they struggle with handling

tasks that require advanced commonsense and spatial reasoning abilities.

To tackle above issues, we propose to formulate HOI detection through the inte-

gration of compositional learning and neural-logic computing. Concretely, composi-

tionality reflects the computational paradigm of how human comprehend and create

new concepts, wherein complex information encoded in large structures can be sys-

tematically understood by composing it from smaller, simpler structures [127, 238].

This principle aligns closely with the nature of HOI, which consists of humans, ac-

tions, and objects three base elements. However, while deep neural networks excel at

learning distributed representation from raw data, they lack explicit mechanisms to

represent and manipulate compositional structures such as casual dependencies or

relational constructs[73, 53]. To bridge this gap, neural-logic computing[324, 84, 83]

offers a promising avenue to unify the robust, flexible learning capabilities of neural

networks, with the structured, interpretable, and compositional reasoning strengths
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of symbolic systems.

In light of the analysis above, we present LogicHOI, which enjoys both the

robust distributed representation of neural networks, as well as the compositional

manipulation and logic reasoning abilities of symbolic systems[214, 54], to tackle the

recognition of complex visual interactions. Specifically, to facilitate compositional

learning, we decouple the triplet prediction into the detection of human, action, object,

using three parallel branches. These detected elements are then used as the inputs

to the interaction decoder. We revise the attention mechanism in the Transformer-

based interaction decoder, which is originally designed to decode embeddings of

pre-composed human-object pairs (Fig. 8.1: left). Instead, we adapt it to operate in

a triplet manner over ⟨human, action, object⟩ three elements, leading to a triplet-

reasoning attention (Fig. 8.1: middle). During decoding, the associations between

entities involved in interactions are enhanced, while connections among entities with

no interactions are diminished. Moreover, we explore two HOI properties, namely

affordances and proxemics, which define the causal relationships between action-

s/objects and interactions, as well as between spatial relationships and interactions,

to inform and mentor the compositional learning process (Fig. 8.1: right). These

properties are expressed in first-order logic formulae to explicitly specify the logical

manipulations among entities. To encourage the model predictions aligning with

the specified commonsense and spatial knowledge, these logic rules are converted

from discrete symbolic space to continuous data space through fuzzy logic-based

relaxation, and then serve as the optimization objectives for the neural networks.

To comprehensively evaluate our proposed methods, we experiment them on

three gold-standard HOI datasets (i.e., V-COCO [99], HICO-DET [27], and SWIG-

HOI [316]), where we achieve 35.47%, 65.0%, and 24.95% overall mAP scores,

setting new state-of-the-arts. We also study the performance under the zero-shot

setup from different perspectives. As expected, our algorithm consistently delivers
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remarkable improvements, up to +8.38% mAP under the unseen object setup,

outperforming all competitors by a large margin.

8.2 Our Approach

In this section, we first introduce the pipeline of LogicHOI, which consists of

the proposed triplet-reasoning attention mechanism (§8.2.1), and then present the

logic-induced HOI detection learning approach (§8.2.2). Finally, we provide the

implementation details (§8.2.3).

8.2.1 HOI Detection via Triplet-Reasoning Attention

Enlightened by the success of DETR [24], recent state-of-the-art approaches [36,

141, 284, 402, 366, 142, 369, 391, 182, 189, 388] for HOI detection typically adopt a

Transformer-based encoder-decoder architecture. Specifically, given an interaction

decoder containing multiple self-attention layers and the input matrix X, the query,

key, value embeddings (i.e., F {q,k,v} ∈ RN×D) can be constructed from the unified

embedding of human-object pairs (i.e., Qu) by:

F {q,k,v} = (X+Qu)·W {q,k,v}, (8.1)

where W {q,k,v} ∈ RD×D represents the parameter matrix and Qu can be obtained

either from the feature of the union bounding box of detected human and object[378]

or directly concatenating their respective embeddings [182]. Then X is updated

through a self-attention layer by:

X ′
i = W attn·

∑N
n=1 softmax(F q

i ·F k
n/
√
D)·F v

n, (8.2)

where W attn represents the attention weight, and we adopt the single-head variant

of self-attention for simplification. Note that under this scheme, the attention score

is computed over the embeddings of limited pre-composed human-object pairs. This
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Figure 8.2 : Overview of LogicHOI. We first retrieve human, action, and object queries

by Dh, Da, and Do, respectively. Then Dr take them as input to combine and explore

potential interaction triplets. Finally, this compositional learning process is guided by

affordances and proxemics properties, resulting in a knowledge-informed HOI detection

framework.

raises concerns that certain positive human-object pairs may be discarded, and novel

combinations cannot be effectively captured during decoding.

To tackle this, we propose solving HOI detection from a compositional perspec-

tive. As shown in Fig. 8.2, given the extracted visual features V from backbone, we

employ three parallel Transformer decoders D{h,a,o} to extract corresponding human,

action, and object features via:

Q{h,a,o} = D{h,a,o}(V ,Q{h,a,o}), (8.3)

where Q{h,a,o} ∈ RN{h,a,o}×D are three sets of randomly initialized learnable queries,

and Nh = Na = No represents the number of queries per entity type with the su-

perscripts retained for clarity. These query embeddings are then processed through

distinct linear layers to deliver element-wise predictions. The human and object

predictions are supervised with entity-level category and bounding box annotations,

while the action predictions rely on image-level annotations, which indicates all

types of actions occurring in the image. Following this, an interaction decoder

Dr composed by multiple Transformer layers is adopted. Notably, the traditional

self-attention is replaced by our proposed triplet-reasoning attention, which enables
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direct attention over the three base elements (i.e., human, action, and object) that

constitute an interaction. Specifically, in triplet-reasoning attention, in contrast

to Eq. 8.1, the shared human-action and action-object embeddings are explicitly

established via:

Qh-a = (X + Qh+Qa) ∈RNh×Na×D,

Qa-o = (X + Qa+Qo) ∈RNa×No×D,

(8.4)

where the human queries Qh ∈ RNh×D and action queries Qa ∈ RNa×D are first

expanded to RNh×1×D and R1×Na×D, respectively. In this way, Qh + Qa associates

different human and action entities, resulting in Nh×Na human-action pairs in total.

Similarly, given Qa ∈ RNa×1×D and Qo ∈ R1×No×D, Na×No viable action-object

pairs are risen by Qa+Qo. The query, key, value embeddings, F q, F k, F v in triplet-

reasoning attention are then computed as:

F q =Qh-a·W q ∈RNh×Na×D,

F k =Qa-o·W k ∈RNa×No×D,

F v = W v
h ·Qh-a⊙Qa-o ·W v

o ∈RNh×Na×No×D,

(8.5)

where ⊙ is the element-wise production. For the value embedding F v, it encodes

the representation of all Nh×Na×No potential interactions, with each element (e.g.,

F v
inj) derived from F q

in and F k
nj. This corresponds to the triplet combination of i-th

human query Qh
i , n-th action query Qa

n, and j-th object query Qo
j. The input matrix

X is then updated by:

X ′
ij = W v′ ·

∑Na

n=1 softmax(F q
in ·F k

nj/
√
D)·F v

inj, (8.6)

where X ′ denotes the refined output of triplet-reasoning attention. Unlike self-

attention (cf., Eq. 8.2) which independently processes interaction queries, triplet-

reasoning attention (cf., Eq. 8.6) stretches out edges between every human-action

and action-object pairs sharing the same action query, to capture plausible ⟨human, action,

object⟩ triplets in a compositional learning manner. The final output Y of the in-
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teraction decoder Dr is computed as:

Y = Dr(V ,Qh,Qa,Qo) ∈RNh×No×D. (8.7)

Here Dr iteratively refines and filters triplet combinations through the layer-wise

inference within the Transformer, to predict interaction categories for Nh×No human-

object pairs. We set Nh, Na, No to a relatively small number (e.g., 32) to balance

computational efficiency and accuracy, as larger number of queries exacerbate the

imbalance between positive and negative samples. To further enhance efficiency, we

filter out low-scoring human, object, and action queries and keep only half of them

before feeding into Dr.

8.2.2 Logic-Guided HOI Detection Learning

To explicitly supervise the compositional learning process above, we propose

leveraging the affordances and proxemics properties embedded between human, ac-

tion, and objects, for HOI detection. Here affordances refers to the property that

given an determined object, only a partial number of actions can facilitate it, and

vice versa. For instance, the observation of a kite may give rise to actions such as

launch or fly, while other choices such as repair, throw are implausible. Simi-

larly, the observation of one man is throw something, can only lead us to infer the

objects as small things such as ball or cup. Meanwhile, proxemics describes the

relative spatial relationships between humans and objects, e.g., when something is

positioned above a human, the candidate actions are restricted to airplane, kite,

etc. In this work, a total of five positional relationships are considered, which are

above (e.g., kite above human), below (e.g., skateboard below human), around

(e.g., giraffe around human), within (e.g., handbag within human), containing

(e.g., human smiling). We compose these two kinds of properties and state them

as first-order logical formulas, so as to instruct the interaction prediction process of

LogicHOI. Specifically, given one human-object pair x that is potential to have
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interactions, the predicated action V(x) of this pair, and the spatial relationship

P(x) between them, the following casual relations can be derived:

∀x(V(x) ∧ P(x)→ ¬ R1(x) ∧ · · · ∧ ¬ RM(x)), (8.8)

where {R1, · · · ,RM} are infeasible interactions. In first-order logic, x is the variables

to represent arbitrary elements; V ,P , and Rm are predicates to represent properties

of objects or relations between objects; ∧, ¬, and → are logical connectives to

define the relationships between statements; ∀ is the quantifiers to create general

statements about entire sets of objects. Eq. 8.8 states that, for instance, if the

v is launch, and p is above, then the predicated interaction can not be human-

throw-ball which violates the pre-defined action, and human-launch-boat which

violates the spatial relation. Similarly, given the object category O and position

relationship P , we shall have:

∀x(O(x) ∧ P(x)→ ¬ R1(x) ∧ · · · ∧ ¬ RN(x)), (8.9)

which indicates that, for example, if a skateboard is standing around a person, the

interaction cannot be human-skate-skateboard. Eq. 8.8 and Eq. 8.9 clearly define

the affordances and proxemics properties. However, all these formulae are expressed

in first-order logic, which strictly requires every statement to be either true or false

in binary. This does not align with real-world reasoning which often involves vague

or uncertain information. Additionally, first-order logic is not differentiable, making

it incompatible with neural networks. To tackle this, we employ fuzzy logic [300],

whose value range typically spans [0, 1] to represent degrees of truth. A value closer

to 1 indicates a higher degree of truth. For logical connectives (e.g., →, ¬, ∨, ∧),

they can be relaxed to functions working on continuous variables via:

ψ → ϕ = 1− ψ + ψ · ϕ, ¬ψ = 1− ψ,

ψ ∨ ϕ = max(ψ, ϕ), ψ ∧ ϕ = ψ · ϕ.
(8.10)
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Similarly, the quantifier are implemented in a generalized-mean manner following[9]:

∃x(ψ(x)) = ( 1
K

∑K
k=1 ψ(xk)q)

1
q ,

∀x(ψ(x)) = 1− ( 1
K

∑K
k=1(1− ψ(xk))q)

1
q .

(8.11)

For the variable x, it is instantiated with a specific human-object pairs k in the

image. Then, given sample k, the predicate V ,O,R are grounded to the category-

wise scores output by action decoder Da (i.e., sk[V ]), object decoder Do (i.e., sk[O]),

and interaction decoder Dr (i.e., sk[R]). As such, Eq. 8.8 is ready to be grounded

into sub-symbolic space as:

GV,P = 1− 1
M

∑M
m=1(

1
K

∑K
k=1(sk[V ]·sk[Rm])), (8.12)

where K refers to the number of all human-object pairs in the training set. Since it

is impractical to include all samples in one training step, we relax K to samples in a

mini-batch. For the position predicate P , the spatial relation between humans and

objects is predetermined and can be effortlessly inferred from the box predictions.

Thus, we omit P(x) when grounded into Eq.8.12. Similarly, Eq.8.9 can be grounded

into:

GO,P = 1− 1
N

∑N
n=1(

1
K

∑K
k=1(sk[O]·sk[Rn])). (8.13)

For GV,P , it scores the satisfaction of predictions to rules defined in Eq. 8.8. For

example, given a high probability of action ride (i.e., a high value of sk[V ]) and

the position relationship above, if the probability of infeasible interactions (e.g.,

human-feed-fish) is also high, then GV,P would receive a low value. On the other

hand, GO,P scores the satisfaction of predictions to Eq. 8.9 with given position and

objects. Both of them can be converted into optimization objectives to supervise

the training of models via:

LV,P = 1− GV,P

= 1
M

∑M
m=1(

1
K

∑K
k=1(sk[V ]·sk[Rm])),

(8.14)
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LO,P = 1− GO,P

= 1
N

∑N
n=1(

1
K

∑K
k=1(sk[O]·sk[Rn])).

(8.15)

Though several studies have explored the affordances and proxemics properties to

a limited extent [144, 369, 119], they primarily adopt a statistical perspective, e.g.,

computing the distribution of co-occurrence of actions and objects to reformulate the

predictions [144], enhancing spatial awareness by incorporating positional encodings

into network features [369, 378], or introducing a two-path feature generator [119]

which increases the number of network parameters. In contrast, by embedding clear,

logical constraints into the learning process, our approach makes more interpretable

predictions and becomes robust against implausible interactions. Moreover, while

prior work relies on extra hand-crafted modules to manage different kinds of prop-

erties, our logical framework can flexibly incorporate new rules as needed, without

modifying the network architecture.

8.2.3 Implementation Details

Rule Construction. The rule base is constructed based on HowTo100M [223],

a huge collection of YouTube instructional videos involving interactions with the

physical world (e.g., making peanut butter, pruning a tree) and contains 23,611

visual tasks in total. For our purposes, we utilize only the text queries (e.g., “how

to paint furniture”) which outline feasible objects (i.e., furniture) for an action (i.e.,

paint) to be performed by human. Then the spatial relations between humans and

objects for a specific interaction (e.g., human-paint-furniture) is determined using

Llama2-7B[290], with responses constrained to five spatial relations defined below.

Spatial Relation Definition. Let the bounding boxes for objects and humans be

denoted as (cox, c
o
y, l

o
x, l

o
y) and (chx, c

h
y , l

h
x, l

h
y ), respectively, where (cx, cy) represents the

central coordinates of the bounding box, and lx and ly correspond to its width and

height. The five spatial relations utilized in this work, as illustrated in Fig. 8.3, are
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defined as:

• Above: An object is positioned at a higher location relative to a person, such as a

bird or an airplane flying overhead. This condition is satisfied if: coy > chy + λ · lhy .

• Below: An object is located at a lower position relative to a person, such as a

person riding a bicycle. This condition holds if: coy < chy − λ · lhy .

• Around: An object exhibits significant overlap with either the left or right side

of a person, such as a car positioned behind them. This condition is met if:

(chy − λ · lhy < coy < chy + λ · lhy ) ∧ ((cox < chx − λ · lhx) ∨ (cox > chx + λ · lhx)).

• Within: The bounding box of a human completely encloses an object, such as

a person holding a phone. This condition is satisfied if: (chy − λ · lhy < coy <

chy + λ · lhy ) ∧ (chx − λ · lhx < cox < chx + λ · lhx).

• Containing: This relation applies when a person exhibits body motions without

interacting with any object, such as in an image of a person smiling. It also

applies when a person interacts with an object that is not explicitly detected. In

this case, only one bounding box represents the person, and no object bounding

box is specified.

Here λ (= 0.8) is a hyperparameter to control and relax the margins between dif-

ferent spatial relations.

Network Architecture. To ensure a fair comparison with existing Transformer-

based approaches [36, 141, 284, 402, 366, 142, 369, 391, 182, 189, 388], we adopt

ResNet-50 [106] and Swin-L [194] as the backbone. The visual encoder E consists of

six Transformer encoder layers, while the human, object, and action decoders, Dh,

Do, and Da, are each implemented using three Transformer decoder layers. Sim-

ilarly, the interaction decoder Dr is constructed with three Transformer decoder

layers; however, we replace self-attention with our proposed triplet-reasoning atten-

tion to enhance relational reasoning. To balance efficiency and expressiveness, we
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(a) above (b) below (c) around (d) within (f) containing

Figure 8.3 : Illustration of five spatial relationships between humans ( ) and objects

( ) used in LogicHOI.

set the number of human, object, and action queries (Nh, No, Na) to 32, and the

hidden dimension of all modules to D = 768. To improve inference efficiency, we

adopt the guided embedding approach proposed in [182], merging the human and

object decoders (Dh and Do) into a single Transformer decoder to jointly predict

human and object instances. To make the Transformer-based interaction decoder

spatiality-aware, the human and object embeddings retrieved from Eq. 8.3 are con-

catenated with sinusoidal positional encodings generated from predicted bounding

boxes. An auxiliary loss is applied to the intermediate outputs of each decoder

layer which contributes to enhanced performance by improving the decoding pro-

cess. As state-of-the-art approaches [315, 119, 182] typically leverage large-scale

vision-language pre-trained models to improve the zero-shot generation ability, we

follow this setup and adopt the ViT-B/32 variant of CLIP [255] to enhance object

and action detection. The temperature τ used in Gumbel-softmax is set to 1.4 at

the start of training, and gradually decreases to 0.7.

Training Objectives. The training objective for LogicHOI is composed of two

parts, one is the HOI detection loss (i.e., LHOI) and the other is for logic-induced
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property learning (i.e., LLOG):

L = LHOI + αLLOG, LLOG = LV,P + LO,P . (8.16)

Here α is set to 0.2 empirically. Note that LLOG solely updates the parameters of the

interaction decoder Dr, but not the entire network to prevent over-fitting. For LHOI,

it is composed of human/object (i.e., output of Dh and Do, respectively) detection

loss, action (i.e., output of Da) classification loss as well as interaction (i.e., output

of Dr) classification loss. The detection loss is implemented in accordance with

DETR [24]. Specifically, we adopt the cross entropy loss for object classification,

and the smooth ℓ1 loss as well as the generalized intersection over union (GIoU) loss

for bounding box regression during training.

8.3 Experiments

8.3.1 Experimental Setup

Datasets. We conduct experiments on three widely-used HOI detection bench-

marks:

• V-COCO [99] is a carefully curated subset of MS-COCO [187] which contains

10,346 images (5,400 for training and 4,946 for testing). There are 263 human-

object interactions annotated in this dataset in total, which are derived from 80

object categories and 29 action categories.

• HICO-DET [27] consists of 47,776 images, with 38,118 for training and 9,658

designated for testing. It has 80 object categories identical to those in V-COCO

and 117 action categories, consequently encompassing a comprehensive collection

of 600 unique human-object interactions.

• SWIG-HOI [316] is a open-set dataset comprising 1,000 object categories inter-

acting with 406 human actions, which results in a long-tailed distribution for
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interactions. It includes around 45,000/14,000 images for training/testing.

Evaluation Metric. Following conventions [93, 252, 141], the mean Average Pre-

cision (mAP) is adopted for evaluation. Specifically, for V-COCO, we report the

mAP scores under both scenario 1 (S1) which includes all of the 29 action categories

and scenario 2 (S2) which excludes 4 human body motions without interaction to

any objects. For HICO-DET, we perform evaluation across three category sets: all

600 HOI categories (Full), 138 HOI categories with less than 10 training instances

(Rare), and the remaining 462 HOI categories (Non-Rare). Moreover, the mAP

scores are calculated in two separate setups: i) the Default setup computing the

mAP on all testing images, and ii) the Known Object setup measuring the AP for

each object independently within the subset of images containing this object. For

SWIG-HOI, we report mAP across Non-Rare/Rare/Unseen/Full four sets. An in-

teraction is considered as Non-Rare if it has more than 10 training samples, Rare

with at least one but fewer than 10 training samples, and Unseen with no training

samples.

Zero-Shot HOI Detection. For HICO-DET, we follow the setup in previous

work [182, 113] to carry on zero-shot generalization experiments, resulting in four

setups: Rare First Unseen Combination (RF-UC), Non-rare First Unseen Com-

bination (NF-UC), Unseen Verb (UV) and Unseen Object (UO) on HICO-DET.

Specifically, the RF and NF strategies in the UC setting indicate selecting 120 most

frequent and infrequent interaction categories for testing, respectively. In the UO

setting, we choose 12 objects from 80 objects that are previously unseen in the

training set, while in the UV setting, we exclude 20 verbs from a total of 117 verbs

during training and only use them at testing. For SWIG-HOI, the test set includes

approximately 5,500 interactions, of which around 1,800 not present in the training

set (i.e., Unseen).
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Training. To ensure fair comparison with existing work [36, 141, 284, 402, 366,

142, 369, 391, 182, 189, 388], we initialize LogicHOI with weights of DETR [24]

pre-trained on MS-COCO. Subsequently, we train the model for 90 epochs on HICO-

DET/V-COCO, and 60 epochs on SWIG-HOI, using the AdamW optimizer with

a batch size of 16 and a base learning rate of 1e−4. Training is conducted on four

GeForce RTX 3090 GPUs. The learning rate is scheduled following a step policy,

decayed by a factor of 0.1 after completing two-thirds of the total training epochs. In

line with [24, 60, 141], the random scaling augmentation is adopted, where training

images are resized to a maximum size of 1333 for the long edge, and minimum size

of 400 for the short edge.

Testing. For fairness, we do not implement any data augmentation during test-

ing. Specifically, we first select K interactions with the highest scores and further

filter them by applying NMS to retrieve the final predictions. Following the conven-

tion [284, 182, 60, 391, 388], K is set to 100.

8.3.2 Zero-Shot HOI Detection

Results on HICO-DET. The comparisons of LogicHOI against several top-

leading zero-shot HOI detection models on HICO-DET are presented in Table 8.1.

• Unseen Combination. As seen, LogicHOI provides a comparable performance

gain against existing methods. In particular, it outperforms GEN-VLKT [182] by

4.61% and 1.79% in terms of mAP on unseen categories for RF and NF scenarios.

These numerical results substantiate our motivation of empowering models with

the compositional learning ability and guide the training process in a logic-induced

manner, rather than solely rely on category cross entropy loss.

• Unseen Object. LogicHOI also demonstrates superior performance in the UO

setup. Concretely, it surpasses GEN-VLKT [182] by 5.16% mAP on unseen cat-
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Method Type Unseen Seen Full

GEN-VLKT[182][CVPR22] RF-UC 21.36 32.91 30.56

SCL[113][ECCV22] RF-UC 19.07 30.39 28.08

OpenCat[386][CVPR23] RF-UC 21.46 33.86 31.38

HOICLIP[230][CVPR23] RF-UC 25.53 34.85 32.99

CLIP4HOI[212][NeurIPS23] RF-UC 28.47 35.48 34.08

LogicHOI[166][NeurIPS23] RF-UC 25.97 34.93 33.17

GEN-VLKT[182][CVPR22] NF-UC 25.05 23.38 23.71

OpenCat[386][CVPR23] RF-UC 23.25 28.04 27.08

HOICLIP[230][CVPR23] NF-UC 26.39 28.10 27.75

CLIP4HOI[212][NeurIPS23] NF-UC 31.44 28.26 28.90

LogicHOI[166][NeurIPS23] NF-UC 26.84 27.86 27.95

(a) RF-UC & NF-UC

Method Type Unseen Seen Full

ATL[111][CVPR21] UO 5.05 14.69 13.08

FCL[112][CVPR21] UO 0.00 13.71 11.43

GEN-VLKT[182][CVPR22] UO 10.51 28.92 25.63

OpenCat[386][CVPR23] UO 23.84 28.49 27.72

HOICLIP[230][CVPR23] UO 16.20 30.99 28.53

LogicHOI[166][NeurIPS23] UO 15.67 30.42 28.23

GEN-VLKT[182][CVPR22] UV 20.96 30.23 28.74

EoID[338][AAAI23] UV 22.71 30.73 29.61

HOICLIP[230][CVPR23] UV 24.30 32.19 31.09

CLIP4HOI[212][NeurIPS23] UV 26.02 31.14 30.42

LogicHOI[166][NeurIPS23] UV 24.57 31.88 30.77

(b) UO & UV

Table 8.1 : Comparison of zero-shot generalization with state-of-the-arts on HICO-

DET [27] test. See §8.3.2 for details.

egories and achieves 28.23% overall scores. For OpenCat [386], it undergoes

pretraining on five datasets, which utilizes significantly larger number of training

samples than our approaches.

• Unseen Verb. Our approaches achieves dominant results under the UV set-

ting, surpassing other competitors across all metrics. Notably, LogicHOI yields

24.57% unseen mAP scores, while the corresponding performance for the exist-

ing methods (e.g., GEN-VLKT[182], EoID[338], and HOICLIP[230]) are 20.06%,

22.71%, and 24.30%, presenting an improvement up to 3.61%, 1.86%, and 0.27%

mAP scores.

All of the above confirm the effectiveness of our proposed compositional neural-logic

learning framework, which is informed by affordances and proxemics knowledge to

address novel challenges that was never encountered before.
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Method Non-rare Rare Unseen Full

QPIC [284][CVPR21] 16.95 10.84 6.21 11.12

THID [315][CVPR22] 17.67 12.82 10.04 13.26

CMD-SE [159][CVPR24] 21.46 14.64 10.70 15.26

LogicHOI [166][NeurIPS23] 24.95 19.47 16.24 20.62

Table 8.2 : Quantitative results for zero-shot generalization on SWIG-HOI [316]

test. See §8.3.2 for details.

Results on SWIG-HOI. As shown in Table 8.2, LogicHOI demonstrate impres-

sive performance across all four setups, achieving significant improvements of 5.36%

mAP for overall performance. It is noteworthy that LogicHOI demonstrates ex-

ceptional accuracy in handling unseen categories, significantly outperforming prior

work (i.e., 16.24% vs. 10.70% mAP for CMD-SE [159]). These results reinforces

our belief that integrating compositional learning with neural-logic computing is

imperative and indispensable.

8.3.3 Regular HOI Detection

Results on HICO-DET. In Table 8.3, we present the results of our methods

and other top-performing models under the normal HOI detection setup on HICO-

DET [27] test. LogicHOI demonstrates a comparable performance to previous

state-of-the-art [182], with 35.46%/ 32.03%/36.22% mAP scores for Full, Rare,

and Non-Rare categories under the Default setup. Similar trends can be observed

after replacing with the backbone with Transformer-based ones (i.e., Swin-L), where

LogicHOI yields the best performance across all metrics. This verifies the general

effectiveness of our approaches.

Results on V-COCO. As indicated by the last two columns of Table 8.3, we also

compare LogicHOI with competitive models on V-COCO [99] test. Despite the
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relatively smaller number of images and HOI categories in this dataset, our method

still yields promising results, showcasing its effectiveness. In particular, it achieves

a mean mAP score of 65.0% across two scenarios. Furthermore,when using Swin-

L as the backbone, LogicHOI outperforms all counterparts and establishes new

state-of-the-arts under both scenarios.

8.3.4 Qualitative HOI Detection Result

We provide qualitative results of LogicHOI, highlighting both success and fail-

ure cases in Fig. 8.4. It can be observed that our methods demonstrate remarkable

improvements in HOI detection across a wide range of scenarios. This is attributed

to the integration of triplet reasoning and logic-guided knowledge learning, which

enables our models to effectively capture complex relationships between humans

and objects and enhance detection accuracy. However, certain challenges remain.

Specifically, as shown in the last column, our models face difficulties when deal-

ing with highly ambiguous relations, such as instances where a frisbee is held by

a human in a strange pose. The complex spatial arrangement and occlusion make

it challenging for the model to accurately infer the correct HOI. Additionally, our

approaches may be inefficient when it needs to deduce additional contextual cues.

For example, when a chair is partially occluded by a human, our model struggles

to correctly recognize the interaction between the two entities due to the lack of

complete visual information.

8.3.5 Diagnostic Experiment

For in-depth analysis, we perform a series of ablative studies on HICO-DET [27]

test with ResNet-50 as the backbone.

Key Component Analysis. We first examine the effectiveness of essential de-

signs of LogicHOI, i.e., triplet-reasoning attention (TRA) and logic-guided HOI
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Figure 8.4 : Successful and failure cases selected from V-COCO [99] and HICO-DET [27].

detection learning (LGL). The results are summarized in Table 8.4, from which

three key conclusions can be drawn. First, our proposed triplet-reasoning attention

significantly enhances performance against the baseline across all the metrics. No-

tably, TRA achieves 4.53% mAP improvement on Rare categories, demonstrating

the ability of compositional learning to explore entity combinations and generate

feasible predictions. Second, we also observe compelling gains after incorporating

LGL into the baseline, even with standard self-attention, affirming its versatility.

Third, our full model LogicHOI achieves satisfactory performance, which confirms

the complementarity and effectiveness of TRA and LGL.

Triplet-Reasoning Attention. We further investigate the impact of different

configurations on the number of queries and layers used in the interaction decoder

Dr, which directly influence the capability of triplet-reasoning attention. As shown

in Table 8.7, LogicHOI achieves similar performance when L is larger than 2.

For efficiency, we set L = 3 which is the smallest among existing work [36, 141,

284, 402, 366, 142, 369, 391, 182, 189, 388]. Table 8.6 summarizes the results for
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Default Known Object
Method Backbone

Full Rare Non-Rare Full Rare Non-Rare
AP S1

role AP
S2
role

AS-Net[36][CVPR21] R50 28.87 24.25 30.25 31.74 27.07 33.14 53.9 -

QPIC[284][CVPR21] R50 29.07 21.85 31.23 31.68 24.14 33.93 58.8 61.0

CDN[366][NeurIPS21] R50 31.78 27.55 33.05 34.53 29.73 35.96 62.3 64.4

SSRT[119][CVPR22] R50 30.36 25.42 31.83 - - - 63.7 65.9

UPT[369][CVPR22] R50 31.66 25.94 33.36 35.05 29.27 36.77 59.0 64.5

CTAN[60][CVPR22] R50 31.71 24.82 33.77 33.96 26.37 36.23 60.1

Iwin[292][ECCV22] R50-FPN 32.03 27.62 34.14 35.17 28.79 35.91 60.5 -

STIP[378][CVPR22] R50 32.22 28.15 33.43 35.29 31.43 36.45 65.1 69.7

DOQ[254][CVPR22] R50 33.28 29.19 34.50 - - - 63.5 -

IF-HOI[189][CVPR22] R50 33.51 30.30 34.46 36.28 33.16 37.21 63.0 65.2

GEN-VLK[182][CVPR22] R50 33.75 29.25 35.10 37.80 34.76 38.71 62.4 64.4

HOICLIP[230][CVPR23] R50 34.69 31.12 35.74 37.61 34.47 38.54 63.5 64.8

PViC[370][ICCV23] R50 34.69 32.14 35.45 38.14 35.38 38.97 62.8 67.8

LogicHOI[166][NeurIPS23] R50 35.47 32.03 36.22 38.21 35.29 39.03 64.4 65.6

FGAHOI[209][PAMI24] Swin-L 37.18 30.71 39.11 38.93 31.93 41.02 - -

ADA-CM[158][ICCV23] ViT-L 38.40 37.52 38.66 - - - 58.6 64.0

PViC[370][ICCV23] Swin-L 44.32 44.61 44.24 47.81 48.38 47.64 61.7 68.0

LogicHOI[166][NeurIPS23] Swin-L 45.53 46.14 45.20 48.96 49.91 48.63 66.4 68.9

Table 8.3 : Quantitative results on HICO-DET [27] test and V-COCO [99] test.

TRA LRL Full Rare Non-Rare

31.87 26.14 33.29

✓ 34.32 30.67 35.19

✓ 33.26 29.53 34.56

✓ ✓ 35.47 ↑3.60 32.03 ↑5.89 36.22 ↑2.93

Table 8.4 : Analysis of essential compo-

nents of LogicHOI on HICO-DET [27].

Setting RF-UC UO UV

TRA 24.01 13.26 23.14

+Lv,p 25.22 15.32 23.68

+Lo,p 25.34 13.91 24.29

LogicHOI 25.97 ↑1.96 15.67 ↑2.41 24.57 ↑1.43

Table 8.5 : Analysis of LRL under the

zero-shot setup of unseen categories.
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# of layers (L) Full Rare Non-Rare

2 34.61 30.72 35.54

3 35.47 32.03 36.22

4 35.37 31.96 36.09

6 35.61 32.13 36.39

Table 8.6 : Analysis of interaction decoder

layer number on HICO-DET [27].

# of queries (N) Full Rare Non-Rare

16 35.06 31.36 35.94

32 35.47 32.03 36.22

64 35.26 31.65 36.06

128 34.67 30.98 35.53

Table 8.7 : Analysis of number of the

queries on HICO-DET [27].

different numbers of queries assigned to humans, objects, and actions. Note that the

number of queries for these three categories is identical and denoted as N . The best

performance is obtained at N = 32 and more queries lead to inferior performance.

This may be because large number of human-object combinations with most of them

being infeasible render negative impacts to the compositional learning process.

Logic-Guided Learning. We guide the compositional learning process with two

logic-induced training objectives. Table 8.5 reports the scores of unseen categories

under three zero-shot setups on HICO-DET. As seen, the contributions of Lv,p and

Lo,p are approximately equal in the RF-UC setup, since during training, all actions

and objects can be seen and utilized to guide reasoning. On the other hand, under

the UO and UV setups, the improvements heavily rely on Lv,p and Lo,p respectively,

while the other one brings minor enhancements. Finally, the combination of both

leads to LogicHOI, which sets the new state-of-the-arts on all zero-shot scenarios.

Runtime Analysis. The computational complexity of our triplet-reasoning at-

tention is squared compared to self-attention. Towards this, we make some specific

designs: i) both the number of queries and Transformer decoder layers of our method

are the smallest when compared to existing work [36, 141, 284, 402, 366, 142, 369,

391, 182, 189, 388], ii) as specified in §8.2.2, we filter the human, action, object
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Method Backbone Params FLOPs FPS

Two-stages Detectors:

iCAN[82][BMVC18] R50 39.8 - 5.99

DRG[81][ECCV20] R50-FPN 46.1 - 6.05

STIP[378][CVPR22] R50 50.4 - 6.78

One-stages Detectors:

PPDM[181][CVPR20] HG104 194.9 - 17.14

HOTR[141][CVPR21] R50 51.2 90.78 15.18

CDN-S[366][NeurIPS21] R50 42.1 - 15.54

GEN-VLKs[182][CVPR22] R50 42.8 86.74 18.69

LogicHOI[166][NeurIPS23] R50 49.8 89.65 16.84

Table 8.8 : Analysis of parameters and running efficiency.

queries and only keep half of them for efficiency, and iii) triplet-reasoning attention

introduces few additional parameters. As summarized in Table 8.8, above facets

make LogicHOI even smaller in terms of FLOPs and faster in terms of inference

speed compared to most existing work.

8.4 Limitation

It is important to acknowledge a limitation regarding the scale of validation

within our study. The number of interactions included in the dataset for model

evaluation is limited to fewer than 600 instances. This constrained sample size

falls short of capturing the full spectrum of interactions that take place in real-

world scenarios. Consequently, the exploration of applications related to object and

interaction detection in more complex and diverse situations may be hindered.
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8.5 Conclusion

In this chapter, we propose LogicHOI a high-performance neuro-symbolic model

for HOI detection. Unlike existing methods relying on predetermined human-object

pairs, our approaches enable the exploration of novel combinations of entities during

decoding, which improves the detection performance as well as the zero-shot general-

ization capabilities. This is achieved by: i) modifying the self-attention mechanism

in vanilla Transformer to reason over ⟨human, action, object⟩ triplets; and ii) in-

corporating affordances and proxemics properties as constraints to guide the learn-

ing process in a logic-induced manner. Experiments on three gold-standard HOI

datasets demonstrates the superiority of our approaches against existing methods.

Our work opens a new avenue for HOI detection from the perspective of combining

compositional learning with neural-logic computing, and we hope it could inspire

future research in this direction.
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Chapter 9

Conclusion and Future Works

9.1 Summary

This thesis presents a comprehensive investigation into developing deep learning

algorithms with structured visual perception capabilities, moving beyond isolated

interpretation of semantic categories towards a holistic understanding of visual envi-

ronments. Our research is advanced through three interconnected and progressively

sophisticated perspectives.

Temporal Structure Modeling. The initial effort of our work focused on model-

ing structures inherent in dynamic visual information. This involved leveraging

visual correspondence across temporal observations to uncover how objects and

scenes evolve over time, primarily through self-supervised learning from unlabeled

videos. In Chapter 3, we introduced a locality-aware inter-and intra-video recon-

struction framework to enhance self-supervised temporal correspondence learning.

This aimed to learn robust representations of temporal dynamics directly from real-

world data. Further, in Chapter 4, we integrated mask embedding learning into the

correspondence-driven paradigm. Through a self-taught mechanism that alternates

between spacetime pixel clustering for pseudo-mask generation and mask-embedded

segmentation learning, this work enables more accurate and robust object tracking

in unlabeled videos by explicitly modeling the temporal structures of target objects.

Structured Scene Understanding. Extending from the temporal to the spatial

dimension, the thesis then delved into the structural organization within visual

scenes. This involved understanding not just individual components but also their
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inter-relations and compositions. In Chapter 5, we tackled hierarchical semantic

segmentation, reformulating it to allow existing networks to recognize and leverage

predefined class hierarchies (e.g., a “car” is a “vehicle”). This work aimed to capture

how semantic concepts relate to one another in a structured manner. Further, in

Chapter 6, we addressed the complex task of Human-Object Interaction detection

by innovatively employing large-scale diffusion models. By steering these generative

models to model relations and generate diverse training data, we sought to enable a

deeper comprehension of how humans and objects are organized and interact, crucial

for robust generalization to novel configurations.

Structured Knowledge Integration. Finally, moving beyond tailored consider-

ations for specific structural types, the research investigated a general principle for

realizing structured visual perception through explicit knowledge integration. This

perspective, explored in the burgeoning field of neuro-symbolic computing, aimed to

inform visual perception models with explicit symbolic knowledge, such as common-

sense or domain-specific constraints. Chapter 7 demonstrated this by representing

hierarchical semantic knowledge using first-order logic, translating these rules into

differentiable losses to guide network training and inference for more robust and

interpretable segmentation. Building on this, Chapter 8 incorporated commonsense

knowledge about object affordances and proxemics into HOI detection, again using

logical rules relaxed into continuous constraints. This approach aimed to create

visual understanding models capable of reasoning about interrelations and handling

complex situations through structured reasoning rather than purely empirical pat-

tern matching.

Overall, this body of work represents a dedicated effort to equip machines with

a more profound, human-like visual intelligence. By systematically addressing tem-

poral dynamics, spatial-relational structures, and the general integration of explicit

knowledge, we strive towards creating systems that can perceive, interpret, and
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reason about the visual world in a truly structured manner.

9.2 Future Directions

Moving forward, the insights and methodologies developed in this thesis pave

the way for several exciting avenues of future research. I am broadly interested in

advancing the capacity of AI systems to perceive, reason about, and ultimately learn

the inherent structure within the visual world in a more autonomous, robust, and

interpretable manner. Within this overarching ambition, I identify the following key

research directions that extend my past and ongoing work:

Leveraging Foundation Models for Visual Structure Learning. The remark-

able success of multimodal foundation models stems from their ability to learn rich

statistical correlations from web-scale data. However, these models often function as

black boxes and can struggle with systematic generalization, fine-grained reasoning,

and logical consistency, frequently producing plausible yet incorrect hallucinations.

The explicit structural representations developed in this thesis provide a principled

means to augment such models and mitigate these limitations. Speficically, the

neural-logic frameworks introduced in Chapter 7 (LogicSeg) and Chapter 8 (Logi-

cHOI) can be adapted to function as integrated reasoning layers within multimodal

architectures. Instead of relying solely on the emergent reasoning abilities of trans-

formers, these frameworks could operate directly on fused multimodal embeddings.

For example, before generating a final textual description or a set of bounding boxes,

the model’s latent representations could be processed through a differentiable logic

module that enforces consistency with commonsense constraints—such as object

affordances, spatial proxemics, or semantic hierarchies—by modulating the latent

activations. This integration would guide the model to produce outputs that are

not only statistically probable but also logically coherent, enhancing its ability to

generalize to novel compositions. Although multimodal models are good at recog-
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nizing objects and broad scene layouts, their grasp of precise spatial and temporal

relationships remains limited. The methods developed in this thesis can be reformu-

lated as structure-aware training objectives to fine-tune such models toward more

structured perception. The relational modeling approaches from Part II (Chapters

5–6) can introduce hierarchy-consistent loss functions—for example, integrating the

hierarchical consistency loss from Chapter 5 into a segmentation-based VLM fine-

tuning pipeline. This would penalize predictions that violate semantic structure,

such as labeling a region as wheel without simultaneously recognizing it as part of

a vehicle. Likewise, the self-supervised objectives for learning temporal correspon-

dence from Part I (Chapters 3–4) could be employed to pre-train or adapt the vision

encoder of a multimodal model using large-scale unlabeled video data. This would

endow the model with a more grounded understanding of motion, causality, and

object permanence, providing a stronger perceptual foundation for high-level video

reasoning and multimodal temporal inference.

Autonomous Discovery of Visual Structures. While approaches in this the-

sis (e.g., LogicSeg) rely on predefined semantic hierarchies, a truly intelligent sys-

tem should be able to discover these structures autonomously. Foundation mod-

els, endowed with vast world knowledge, are ideally suited for this purpose. In-

stead of manually specifying a class taxonomy, one could prompt a foundation

model with a set of visual exemplars and ask it to propose a plausible hierarchy.

The model might autonomously produce structures such as vehicle→car→wheel or

vehicle→two-wheeler→motorcycle. Such emergent structures could then be used as

symbolic backbones for structured perception frameworks, forming a self-reinforcing

loop where foundation models hypothesize structure, and structured perception

methods enforce and refine it. Furthermore, the commonsense rules used in Logi-

cHOI were manually formulated. Future systems could instead mine such rules

automatically by querying LMMs. For instance: “What actions are possible with
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a kite?” or “What is the typical spatial relationship between a human and a surf-

board when surfing?” The responses could be parsed into probabilistic logic rules,

yielding a dynamic and scalable knowledge base that evolves alongside the model’s

understanding. This would transform current frameworks from static, rule-driven

systems into self-learning neuro-symbolic agents capable of acquiring and reasoning

with new knowledge autonomously.

Advancing Interpretability through Learned Structures. As AI systems

move into safety-critical domains such as autonomous driving and medical imaging,

ensuring that predictions are not only accurate but also interpretable and trustwor-

thy becomes essential. Structured perception provides a direct pathway toward this

goal. Specifically, rather than relying on post-hoc explanation tools (e.g., saliency

maps), future models can be designed to be interpretable by construction. The

structures learned in this thesis provide a natural explanatory medium. For Logic-

Seg, a model could justify its output by stating “This pixel was classified as wheel

and, by the logical rule C, must also belong to vehicle.” For LogicHOI, the sys-

tem might explain “The interaction human rides horse was predicted because the

human is positioned above the horse, consistent with the learned proxemics rule

for ride.” Conversely, it could reject implausible interactions such as human holds

car by appealing to learned affordance constraints. Moreover, the current focus on

relational structures can be extended toward causal representations of visual scenes.

Leveraging large-scale video data through the temporal-correspondence frameworks

in Part I, future systems could learn intuitive physics and event causality. For exam-

ple, understanding that “a hand releasing a ball” (cause) precedes “the ball falling”

(effect). Integrating such causal knowledge into neuro-symbolic frameworks would

enable models not only to describe what is happening, but to reason about why and

what might happen next, which is a crucial step toward genuine visual intelligence.
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9.3 Final Remarks

My long-term research vision is to develop AI systems that hold human-like visual

intelligence. I believe that by endowing machines with the ability to see beyond

mere collections of pixels, to grasp the relationships, dynamics, and underlying logic

within visual scenes, we can unlock new frontiers in artificial intelligence, leading to

systems that are not only more capable, robust, and generalizable, but also more

closely aligned with human understanding.

The journey detailed in this thesis, from modeling temporal dynamics to un-

derstanding structured scenes and integrating explicit knowledge, represents foun-

dational steps towards this vision. I also envision a near future where AI can au-

tonomously learn and reason with diverse structural representations, and continu-

ously refine its understanding of the world from the vast mount of visual data it

encounters. This pursuit is driven by the belief that structured visual perception is

a cornerstone of true visual intelligence.

This shift towards structured perception represent a solution that challenges the

current AI paradigm: i) by making the relational and logical constraints explicit,

the reasoning of model becomes inspectable, where its decisions are no longer solely

the output of a black box, but are grounded in a structure that can be audited and

understood by humans; ii) by forcing models to learn and reason with explicit struc-

tures, we move them away from memorizing patterns and toward a more human-like

ability to compose known concepts into new, coherent thoughts; iii) an AI system

that understands the rules of the visual world should not need to see a million ex-

amples to learn a new concept, since structured priors serve as a powerful form of

inductive bias, enabling more efficient learning from limited data; iv) this research,

therefore, also serves as a bridge between artificial intelligence and computational

cognitive science. By building systems that attempt to model the hierarchical, re-
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lational, and logical way that humans perceive the world, we are creating testable,

computational hypotheses about the nature of cognition itself.

As AI continues to evolve and become more deeply integrated into society, it

is essential that these advancements serve to enhance human capabilities and well-

being. The development of AI systems capable of robustly interpreting complex vi-

sual environments holds tremendous potential, ranging from enabling more reliable

autonomous systems to scientific discovery and creative innovation. My aspiration

is that, by striving to build AI that can “see” and “understand” the world in a

structured, more human-like way, we not only push the boundaries of machine intel-

ligence but also gain deeper insights into the remarkable capacities of human visual

perception and cognition. Ultimately, the goal is not limited to replicate human in-

telligence, but advancing toward the creation of complementary intelligent systems

that augment our abilities and enrich our interaction with the world.



144

Bibliography

[1] Aishwarya Agrawal, Aniruddha Kembhavi, Dhruv Batra, and Devi Parikh.

C-vqa: A compositional split of the visual question answering (vqa) v1. 0

dataset. arXiv preprint arXiv:1704.08243, 2017.

[2] Pulkit Agrawal, Joao Carreira, and Jitendra Malik. Learning to see by moving.

In ICCV, 2015.
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