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Abstract

The world has stepped into a multimedia big data era. An explosively huge amount of
visual data (e.g., images, videos) have brought opportunities for mining the underlying
great value, yet tremendous computational challenges emerge since raw visual data
are unstructured. In this thesis, we focus on designing efficient models/algorithms to
generate semantic structured representations for visual data and utilizing such repre-
sentations to facilitate high-level applications. Particularly, we adopt the scene graph
structured representation, which describes visual semantics by encoding object entities
as nodes and their relations as edges in a symbolic graph data structure.

Though great effort has been made, there are still various challenges in generating
useful scene graphs for practical applications: 1) existing methods for scene graph
generation (SGG) bias to predict frequent and uninformative relations between objects;
2) training SGG models requires time-consuming ground-truth annotations; 3) the
closed-set object categories make the SGG models limited in their ability to recognize
novel objects outside of training corpora. To address the first issue, in Chapter 3, we
introduce visual relation saliency to align scene graph representation with human visual
perception. Specifically, we propose a novel model dubbed Saliency-guided Message
Passing (SMP), which jointly learns visual relation saliency estimation and scene graph
generation. The proposed SMP can generate informative scene graphs, which have also
been validated to effectively support downstream applications like cross-modal retrieval
and image captioning. In Chapter 4, we address the latter two challenges in a “two birds
with one stone” fashion. Particularly, we novelly exploit a powerful visual-semantic
space (VSS) via large-scale language-image pre-training to trigger language-supervised
and open-vocabulary SGG in a simple yet effective manner.

Moreover, we pursue high-quality visual structure parsing from the perspective of
model architecture design. In Chapter 5, we devise the Structure-aware Transformer
over Interaction Proposals (STIP) model, particularly for extracting human-centric vi-
sual structure (i.e., humans, objects and their interactions) in SGG. STIP upgrades
vanilla Transformer by additionally encoding the holistic semantic structure among
interaction proposals and the local spatial structure of human/object within each in-
teraction proposal, so as to strengthen predictions. Taking a step further, in Chapter 6,
we tackle the challenging video SGG task by proposing a novel end-to-end Transformer-
based architecture. Such design jointly models the three sub-tasks in video SGG (i.e.,
object detection, instance temporal association and relation recognition) through a
monolithic spatio-temporal Transformer, making it fully exploit the temporal dynam-
ics and consistency across video frames to strengthen relation recognition. In summary,
our proposed solutions and empirical results set new state-of-the-arts for semantic rep-
resentation, comprehension and applications of visual data in a structural way.
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Chapter 1

Introduction

1.1 Motivation

The world has stepped into a multimedia big data era [1]. Over the years, due to the
proliferation of ubiquitous cameras (e.g., smartphone cameras, surveillance cameras),
the easy accessibility of communication networks (e.g., mobile networks, internet of
things, cloud computing) and the flourishing of online platforms (e.g., TikTok, Twitter,
Instagram), visual data (e.g., images, videos) increase explosively. Such a tremendous
amount and growing speed impose significant challenges for various management and
analytic aspects, such as storage, indexing, mining, and retrieval. Despite these chal-
lenges, the great value of such big visual data should be acknowledged, since these data
depict how the physical world runs, capture people’s behaviors, record events, and even
reflect public sentiments and opinions.

However, raw visual data are unstructured and do not readily provide any high-
level semantics. Note that when people say the word "structure", they usually mean the
arrangement of and relations between the parts or elements of something compler. Raw
visual data are considered unstructured because they consist of a large array of pixel
values that lack explicit organization, relationships, or meaning about the real-world
scene. To make such data useful for knowledge extraction and further decision-making,
we envision a system to first transform them into structured representations that are
expressed symbolically and aligned with human cognition [2, 3]. In particular, such
structured representations should involve organizing the raw visual data in a way that
captures high-level semantics including the objects and their relationships in the visual
scene, making it easier for algorithms or humans to interpret, analyze, and utilize.

Using graph data structure is a natural choice for structured visual representation.
Specifically, the scene graph representation is proposed to describe visual semantics
[1], which encodes object entities and their relations in the visual scene to graph nodes
and edges. As such, visual data in the form of pixel values are transformed into symbolic
semantic graphs. This offers great advantages in many aspects:

1. Such structured representation aligns with human visual perception as we tend
to perceive the world in terms of objects and their interactions. We humans often
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abstract the raw visual perceptual input into semantic concepts like objects and
understand their compositions as relations [5|. Similarly, scene graph represen-
tations naturally model visual scenes as a collection of objects (nodes) and their
relationships (edges). By capturing object relationships and their properties as
graph edges, such graph-based representation enables a high-level understanding
of scenes, which is essential for tasks such as visual reasoning and scene under-
standing like humans.

2. Scene graphs can serve as a shared semantic structure to bridge multi-modal
and multi-source information. Both visual information and natural language
can be represented as graphs, which facilitate connections between vision and
language. For example, objects and relationships in the graph can be linked to
words or phrases in a language, making it easier to integrate information from
both modalities.

3. Extracted knowledge in scene graphs can be easily inspected and interpreted.
This makes such representation and its downstream applications more explain-
able and trustworthy, which is more desirable than black-box deep learning rep-
resentations.

Actually, in recent years, there have been a bunch of works that demonstrate the
great potential of scene graphs in supporting various downstream applications, such as
image retrieval |4, 6, 7, 8], image captioning [9, 10, 11, 12, 13], visual question answering
[14, 15, 16, 17] and cross-media knowledge graph [15].

Though great effort has been made, the current state of Al is not capable of gener-
ating structured visual representations for visual data with practical accuracy and effi-
ciency. In this thesis, we focus on designing effective algorithms to extract high-quality
scene graph representations from visual data and exploring their usage to facilitate
high-level applications.

1.2 Problem Statement

There is rich modern literature investigating the generation and application of struc-
tured visual representations. This is studied comprehensively in Chapter 2, which
particularly includes a summarization of the main limitations of existing works. Here
we specify the key directions that we have pursued to address these limitations, fi-
nally achieving new state-of-the-arts for semantic representation, comprehension and
applications of visual data in a structural way.

e One prominent issue in existing scene graph generation (SGG) methods is that
they bias to predict frequent relations between objects. This often leads to unin-
formative extracted scene graphs, in which salient objects and relationships that
sketch key image content are not prioritized. In Chapter 3, we introduce visual
relation saliency to align scene graph representation with human visual percep-
tion. Specifically, we propose a novel model dubbed Saliency-guided Message
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Passing (SMP), which jointly learns visual relation saliency estimation and scene
graph generation. The proposed SMP can generate informative scene graphs,
which have also been validated to effectively support downstream applications
like cross-modal retrieval and image captioning. This work has been published

on ACM TOMM (2022) 1.

e Another two knotty obstacles limit the feasibility of current SGG methods in
real-world scenarios: 1) training SGG models requires time-consuming ground-
truth annotations, and 2) the closed-set object categories make the SGG models
limited in their ability to recognize novel objects outside of training corpora.
To address these issues, we present a “two birds with one stone” solution in
Chapter 4. Particularly, we novelly exploit a powerful visual-semantic space
(VSS) via large-scale language-image pre-training to trigger language-supervised
and open-vocabulary SGG in a simple yet effective manner. We validate our
proposed approach with extensive experiments on the Visual Genome benchmark
across various SGG scenarios (i.e., supervised / language-supervised, closed-set /
open-vocabulary). Consistent superior performances are achieved compared with
existing methods, demonstrating the potential of exploiting pre-trained VSS for
SGG in more practical scenarios. This work is accepted by CVPR/23 2.

e The architecture design of deep learning models is also an important research
direction for pursuing high-quality visual structure parsing. In Chapter 5, we
devise a novel Transformer-style model, i.e., Structure-aware Transformer over
Interaction Proposals (STIP). Particularly we evaluate its performance in detect-
ing human-centric visual structure including humans, objects and their relations
in images, which are the most noteworthy targets and relations in structured
visual representation. STIP upgrades vanilla Transformer by additionally encod-
ing the holistic semantic structure among interaction proposals as well as the
local spatial structure of human/object within each interaction proposal, so as
to strengthen predictions. Extensive experiments conducted on V-COCO and
HICO-DET benchmarks have demonstrated the effectiveness of STIP, and sig-
nificantly superior results are reported when compared with the state-of-the-art
HOI detectors. This work has been published on CVPR/22 3.

e We finally extend the effective Transformer-style model to tackle video scene
graph generation, which has been an emerging research topic. Existing ap-
proaches predominantly follow a multi-step scheme, including frame-level ob-
ject detection, relation recognition and temporal association. Although effective,

YYong Zhang, Yingwei Pan, Ting Yao, Rui Huang, Tao Mei, and Chang-Wen Chen. “Boosting
Scene Graph Generation with Visual Relation Saliency.”" ACM Transactions on Multimedia Comput-
ing, Communications, and Applications (TOMM) (2022).

2Yong Zhang, Yingwei Pan, Ting Yoo, Rui Huang, Tao Mei, and Chang- Wen Chen. “Learning to
Generate Language-supervised and Open-vocabulary Scene Graph using Pre-trained Visual-Semantic
Space." CVPR 2023.

3Yong Zhang, Yingwei Pan, Ting Yao, Rui Huang, Tao Mei, and Chang-Wen Chen. “Ezploring
Structure-aware Transformer over Interaction Proposals for Human-Object Interaction Detection.”
CVPR 2022.



4 Introduction

e h I'e Highlight salient relations in SG \:

— with sa tency —— * Verified useful in downstream !
(Zhang et.al, ACM TOMM’ 22) X .. 1

\ applications )

P \

1

SGG towards real-world scenarios 1 * Reduce annotation cost !
(Zhang et.al, CVPR’ 23) * Realize open-vocabulary SGG |

_________________________

\

Human-centric SGG using ,’ * Human-centric structure parsing!
1 Transformer — * High-performing Transformer- !
(Zhang et.al, CVPR’ 22) . based model. K

Structured Representation for
Visual Data and Its Applications

_________________________

~
Video SGG using spatio-temporal .
— Transformer —
(Zhang et.al, IEEE TMM’ 23)

Video scene graph parsing E
Novel end-to-end framework !

1
1
J \

Figure 1.1: An overview of our research works and main contributions in this thesis.

these approaches neglect the mutual interactions between independent steps, re-
sulting in a sub-optimal solution. In Chapter 6, we tackle the challenging video
SGG task by proposing a novel end-to-end Transformer-based architecture. Such
design jointly models the three sub-tasks in video SGG (i.e., object detection,
instance temporal association and relation recognition) through a monolithic
spatio-temporal Transformer, making it fully exploit the temporal dynamics and
consistency across video frames to strengthen relation recognition. Extensive ex-
periments conducted on VidHOI and Action Genome benchmarks demonstrate
the superior performance of the proposed TDT over the state-of-the-art methods.
This work has been submitted to IEEE TMM (2023) *.

We have summarized the above-mentioned research works and our main contribu-
tions in Figure 1.1, which constitute the main content of this thesis.

1.3 Thesis Overview

In the rest of this thesis, we begin with a comprehensive survey in Chapter 2, which
includes a review of visual representations, the deep learning technical background,
rich literature on scene graph generation and applications, and a summarization of key
challenges in previous works that motivate our contributions toward addressing those
challenges. After that, Chapters 3-6 present a collection of approaches we developed
for parsing visual data into structured representations, also including our efforts to
exploit parsed structured representations to facilitate downstream tasks. Finally, in
Chapter 7, we conclude this thesis with remarks on open problems and future research
opportunities.

4Yong Zhang, Yingwei Pan, Ting Yao, Rui Huang, Tao Mei, and Chang-Wen Chen. “End-to-
End Video Scene Graph Generation with Temporal Propagation Transformer.”, IEEE Transactions
on Multimedia (TMM), 2025.



Chapter 2

Background and Related Work

In this chapter, we briefly introduce the technical background when we conduct the
research in Section 2.1, especially about deep learning techniques. Next, in Section
2.2, we review different ways of visual representation. In the following Section 2.3-2.5,
we review the literature in detail for scene graph generation, and its applications and
challenges. A comprehensive literature review of existing works on scene graphs is
summarized in Table 2.1.

2.1 Technical Background

Since the success of AlexNet [19] for ImageNet classification in 2012, deep learning
has enjoyed immense popularity in visual data understanding. Briefly speaking, deep
learning models jointly learn representations of the raw input data and a predictive
model for a particular task. These models are generally implemented by stacking
multiple ‘layers’ of differentiable non-linear transformations and trained to fit large-
scale labeled data using gradient descent techniques. Their rising popularity comes
from their incredible effectiveness in tackling various computer vision tasks, from image

classification [19, 20], object detection [21, 22, 23, 24, 25, 20|, segmentation [27, 28,
|, to high-level tasks like image captioning [30, 31, 32, 33, 34, 35|, visual question
answering [14, 17, 33, 36, 37, 38] etc. Such models have not only achieved superior

performance than traditional machine learning techniques, and are even surpassing
human brain performances in some specific computer vision tasks. One famous example
is that Microsoft beat humans in the image classification task [20] as early as 2016.
It is no exaggeration to say that deep learning has become the most essential tool for
computer vision research.

Technically, the advancement of deep learning research comes from many aspects:
the design of model architecture, the training objective, the optimization procedure,
the scale of training data, and even the way how training data are presented to the
model (e.g., data augmentation) can have a profound impact for the model’s generaliza-
tion ability. Specifically, in terms of network architectures, the family of convolutional
neural networks (CNN) is widely employed in the computer vision community. The pa-
rameters for convolutional operations in CNN are shared across image locations, which
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exploits the fact that visual features are usually transition invariant. ResNet [39] is one
of the most famous CNN, which innovates the effective design of skip connections. More
recently, the community has shown great interest to incorporate the Transformer [10]
architecture to tackle various vision tasks, which mainly takes advantage of attention
mechanisms to gradually learn context-aware visual representations.

Though more sophisticated deep learning techniques are being developed and great
achievements have been obtained, there is still a long way to achieve the goal of making
intelligent agents understand the visual world like humans. To this end, here are some
promising directions that have attracted the great interest of researchers but are still in
their infancy. Firstly, understanding a visual scene goes far beyond merely recognizing
individual objects in isolation. Hence, researchers take a step further to examine the
detailed structure of a visual scene, especially in the form of understanding object rela-
tionships [11, 12, 13]. Secondly, the success in visual perception tasks (e.g., recognition,
detection) using deep learning models has surged great interest in pushing forward vi-
sual cognition. This requires the perceived visual information to be integrated with
human knowledge for reasoning and decision-making [15|. In this thesis, our basic idea
is to employ powerful deep learning techniques to push the limit of structured visual
understanding and application.

2.2 Visual Representations

"An image is worth a thousand words". Visual data contain rich and versatile infor-
mation, and how to describe/represent the embedded semantics has always attracted
people’s interest, either for communication purposes or automatic analysis in computer
systems. We briefly review existing ways for visual representation and illustrate why
using scene graph representation?

Language description. For humans, nothing is more straightforward than de-
scribing visual data with natural language. One way is to tag an image or video with
some keywords to describe its content, which is useful for content-based indexing and
retrieval systems. However, to comprehensively describe a visual scene, we usually
need a very long paragraph or many tags. One limitation of using language description
is that the co-references (e.g., whether two mentions are coreferent) between language
and vision concepts or inside a sentence are hard to align. Moreover, language descrip-
tions rely on human labor for annotating. Due to these limitations, it is infeasible to
represent oceans of visual data with human language descriptions in computer systems.

Hand-crafted features. Representing visual data as hand-crafted features has a
long research history. It aims to enable computers to analyze visual data automatically
instead of relying on human efforts. In computer vision, researchers have developed
numerous methods to represent images/videos from various aspects, such as feature
points (e.g., HOG [44], SIF'T [15]), edges, shapes, colors, textures, motions (e.g., optical
flow) [16]. In addition, the "bag of words“ (BoW) [17] model is popular to describe
a visual scene. BoW regards an image/video as a "text document" that contains
multiple "visual words", then the distribution histogram of these words is used as the
representation. These classic methods lie in the low-level vision domain and are still
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far from describing visual semantics. This means the computer system still does not
understand how pixels are organized to objects, not to mention the arrangement or
relationships of objects.

Learned representation. In the current deep learning era, the paradigm of learn-
ing representation from raw pixel inputs becomes popular. Generally, a deep neural
network takes raw images/videos as inputs. The first layers in the network are con-
sidered as the feature extractor, while the following layers are considered as the clas-
sifier for a particular task, e.g., image classification. This paradigm is validated by
visualizing the intermediate outputs of the trained network. For example, as shown
in [18], the CNN trained for classifying images has actually learned to firstly detect
low-level features such as oriented edges, and then gradually combine them to more
complex shapes, and finally recognize category concepts. Therefore, a network is usu-
ally trained on a pretext task, then its intermediate outputs are used as features for
other tasks. Here, the pretext task can be supervised, e.g., the backbone part of the
network trained for ImageNet classification is applied to extract image features for
object detection or image retrieval. It can also be unsupervised, e.g., He et. al. in
[19] propose Momentum Contrast (MoCo) framework for unsupervised visual repre-
sentation learning. Experiments of MoCo suggest that the gap between unsupervised
and supervised representation learning has been largely closed in many vision tasks.
Recently, pre-training on large-scale datasets using the Transformer architecture has
shown very promising results for learning visual representation [50, 51, 52]|. Despite the
effectiveness, a common concern is that deep networks are still black boxes, hence the
learned representations (e.g., feature vectors or feature maps) have implicit meaning
and are not interpretable and controllable for humans.

Scene graph representation. Scene graph representation is a promising way to
depict visual semantics explicitly for images |1, 53], videos [51] or 3D data [55, 50]. It
abstracts object entities in a visual scene as graph nodes, and relations between objects
as graph edges connecting nodes. In this way, scene graphs depict not only what entities
exist in a scene, but also how these entities are organized or interacted — the structure
of the visual scene. Compared with the aforementioned visual representations, scene
graphs have various advantages: 1) scene graphs naturally align with human visual
perception; 2) scene graphs can serve as a shared semantic structure to bridge multi-
modal and multi-source information; 3) extracted knowledge in scene graphs can be
easily inspected and interpreted.

2.3 Scene Graph Generation

The task of scene graph generation (SGG) aims to generate a scene graph representation
from input visual data. We mainly focus on SGG from an image input, since it is
the foundation. A more comprehensive literature summarization is shown in Table
2.1. Here, we formally formulate this task, and summarize existing SGG methods by
categorizing them into two groups same as in [117]: the bottom-up methods and the
top-down methods.

Task formulation. For image SGG, the input is a raw image, and the outputs are
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objects and their relationships that compose a target scene graph. Formally, denote the
image as I and target scene graph as G = {O, R}, where O = {01, ..., 05/ } represents the
set of object entities and R = {ry, ..., 7y} is the relationship set, then the SGG task it to
predict P(G|I) = P(O, R|I). Specifically, o; = (< z},y}, 22, y? >,1;) € O represent the
object’s bounding box coordinates and its category label; r; =< sub;, pred;, obj; >€ R
stands for a (subject-predicate-object) relation triplet, where sub;, obj; € O and pred; is
the predicate label, which can be positional (e.g., 'on’, 'in’), interaction (e.g., 'riding’,
'sit on’), possessive (e.g., ‘of’, 'has’) etc. Video or 3D SGG tasks are extensions of
image SGG with different forms of input visual data, e.g., video frames and 3D point
clouds. The output scene graph may also require adaptations. For example, video
scene graphs can be represented as a sequence of temporally evolving frame-level scene
graph [54].

Bottom-up SGG methods. Asshown in Figure 2.1 (a), bottom-up SGG methods
sequentially perform object detection and visual relationship detection, i.e., P(SG =
O, R|I) = P(O|I) - P(R|I,0O), then individual results of two modules are composed to
the scene graph. For the object detection stage, it aims to predict both location and
category information for appeared objects. Deep learning models have revolutionized
this task by developing various efficient object detectors, which can be roughly catego-
rized into two types: two-stage approach and one-stage approach. The former performs

localization and category classification sequentially, while the latter predicts the loca-
tion and category in a single CNN network. The R-CNN family (i.e., R-CNN [2(],

Input ‘ Datasets ‘ SGG Methods ‘ Challenges ‘ Applications
Image . . . L .
e Visual Genome | e Bottom-up methods [57, | e Biased/long-tailed distri- | e Image retrieval |4, 6, 7, §]
(VG) [53] , 59, 60, bution [78, 79, 80, 81, 82, | e Image captioning |9,
e VG150 [12] e Top-down methods [12, , 84] , 12, 13]
e VG-KR [43] , 63, 64, 65, 66, 67, 68, | e Expensive annotation | e Visual question answer-
, , cost 35, 86, 87] ing [14, 15, 16, 17]
| e Saliency [13, 88, 89, 90, | e Image generation or ma-
, 92] nipulation [95, 96, 97, 98]
e Close-set vocabulary [93, | e Cross-media knowledge
| graph [15, 99]
Video . . . , . N . .
e Action Genome [54] | e Trajectory-based e Biased/long-tailed distri- | ® Video question answer-
e VidHOI [100] [100, 101] bution [107, 108] ing [109]
e Spatio-temporal e Reasoning over tem- | e Action recognition [54,
contextualization porally evolving scene |
(102, 103, 104, 104, 105] graphs e Anomaly detection [111]
e End-to-end [106] e Robot navigation or
planning [112]
3D . .
data e 3DSSG [57] e E.g., 3DSSG [57], Scene- | e Efficient models [56, 114] | e 3D scene generation or
GraphFusion [113] manipulation [115]
e E.g., operation room
modeling |1 16]

Table 2.1: A comprehensive survey on scene graph, including typical datasets, models,
challenges and applications for SGG from three kinds of visual data, i.e., image, video,
3D data (such as multi-view images, point clouds).
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SPPNet [118], Fast-RCNN [119], Faster-RCNN [21]) is probably the most famous two-
stage approach, which employs a CNN for feature extraction, then generates several
regions of interest (Rol) proposals with selective search or Region Proposal Network
(RPN). Finally, features of each Rol proposal are extracted for category classification.
In contrast, one-stage object detection approaches target for end-to-end model training
and testing. YOLO [25], object detection is formulated as a single regression problem
that directly predicts the bounding boxes and categories from full images. SSD [23] is
another efficient one-stage object detection architecture, which conveys the concept of
end-to-end regression in YOLO and anchor mechanism in the Faster R-CNN. The ma-
jor challenge for one-stage is the extreme foreground-background class imbalance, which
can be alleviated by hard negative sampling used by YOLO and SSD, or using focal
loss [120] to down-weight well-classified examples and enhance the importance of mis-
classified ones. The performance of object detection is affected by several factors, such
as backbone networks and input size, suitable design of one-stage architecture would
have comparable performance with the complicated two-stage networks. However, as
reported in much of the literature, one-stage approaches exhibit a bit lower mean aver-
age precision (mAP) on small objects [121]. More recently, Transformer-based object
detectors |22, 2] are also developed for effective end-to-end object detection. In SGG,
most existing works adopt off-the-shelf detectors and focus on the key challenge of
reasoning the visual relationship.

For the wvisual relationship detection (VRD) stage, the goal is to find out a set of
relationship triplets, describing where and what are the subject and object entities, and
how they interact, i.e., recognizing predicates. It originates from a pioneering task - vi-
sual phrase detection [122], e.g., detecting "person riding a bike", of which the output is
the whole image region described by the phrase without locating the "person" or "bike".
VRD may also be independently studied as a single task [57, 58, 59, 60, 61, 88, 123, 124].
Lu et.al [57] propose to recognize subject, object and predicates individually, then
compose results to a relationship triplet. This paradigm liberates visual relationship
understanding from only concentrating on a handful of relationships, as the number of
possible combinations of (subject-predicate-object) triplet can be highly diverse. Li et.al
[58] show that visual phrase detection can efficiently guide relationship detection. Es-
pecially, they present a Phrase-guided Message Passing Structure (PMPS) framework
over CNN] in order to refine features of relationship components and finally enhance
the evidence for prediction. The relationship proposal network is presented in [59], to
get rid of classifying each pair of detected object entities. As the appearance of the
same predicate can vary significantly, instead of learning an appearance-based model
for each predicate, the predicate in [125] is novelly modeled as a visual attention shift
operation from the one entity to the other. Some other VRD works focus on building
comprehensive feature representations for visual relations. For example, DR-Net [60]
integrates a variety of cues for VRD, such as appearance, spatial configurations, as well
as the statistical relations between objects and relationship predicates. Particularly,
it is found that incorporating statistical relation modeling can substantially improve
relationship prediction. Semantic features from language prior are further incorpo-
rated for relationship representation in [57, (1]. Especially, RelDN [61] proposes to
use contrastive loss, enabling the model to disambiguate related and unrelated visual
entities explicitly. We have also observed that there are some works addressing par-
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ticular challenges in VRD like extending to large-scale relationship understanding [93],
incomplete relationship annotation [123, 121], discovering salient relationships [33, 89].
The human-object interaction detection [126, 127, 128, 129, 130, 131, 132] task is a
special case of VRD. It also attracts particular interest and has stimulated the ad-
vancement in relationship understanding, since humans are usually the focus of visual
understanding.

Object Detection
Relationship
Detection

Feature construction
for nodes & edges

(b) Top-down SGG method

Figure 2.1: We categorize existing methods for scene graph generation (SGG) into two
types: the bottom-up methods sequentially detect image objects and relations; while the top-
down SGG methods regard all object entities and relationships as a holistic structure, and
predict them together. (RPN: region proposal network.)

Top-down SGG methods. Top-down SGG methods regard all object entities and
relationships as a holistic structure, and predict them together, i.e., P(SG = O, R|I).
Most methods of this group exploit the contextual information of the whole scene to
enhance predictions for object and relation labels (usually using an RPN network to
obtain bounding boxes at first), as shown in Figure 2.1 (b). For example, IMP [12] is
one of the early attempts to jointly reason objects and relationships as a whole, employ-
ing a message propagation mechanism over graph topology to refine local features with
context information. Zellers et.al [62] leverage bidirectional LSTM to implement mes-
sage propagation, which can still effectively incorporate context information to boost
SGG, even if the graph structure is simplified to a flat chain during message passing.
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This work also finds the importance of using frequency statistics, which significantly
improves SGG performance. The frequency statistics are further leveraged by [133]

to regularize message propagation. In [13, 79, |, researchers propose to organize
objects into hierarchical trees, then employ TreeLSTM to produce context-ware node
and edge features. More works [03, 64, 65, 66, 67, 68, 69, 70, 71] adopt graph neu-

ral network (GNN) for SGG. Especially, Yang et.al [63] propose to prune the densely
connected graph to a sparse one with a relationship proposal network, avoiding pre-
dicting all pairwise relationships. Li et.al [66] cluster object pairs referring to similar
interacting regions to sub-graphs, over which message propagation is performed for

efficient contextualization. In |67, 68, 70|, the authors take more graph properties for
consideration, such as node priority, edge directions, graph density etc. In addition,
researchers also employ CNN |73, 135] or Transformer |74, 77| to directly generate

scene graphs from raw pixels in a fully end-to-end fashion. Some other works focus on
building more comprehensive relationship features, incorporating global context [72]

and appearance from the entities’ intersection box [136], deriving better loss function
[61], introducing multi-task learning [137], and importing external knowledge to SGG
[138, , , |, to improve the robustness of scene understanding and generate

more semantically plausible scene graphs.

2.4 Scene Graph Applications

We summarize the applications of scene graphs mainly into three categories: 1) facil-
itating downstream vision-language tasks; 2) visual content generation/manipulation;
3) bridging cross-media data.

Firstly, scene graph representation has facilitated numerous high-level vision-language
tasks. Compared with existing works that exploit a global visual feature or a set of
region features [33], a scene graph has the advantage of holistically capturing the inner
structure of a scene (e.g., semantic and spatial relationships between objects). We list
several typical applications as follows:

e Image-text retrieval. This task aims to retrieve a matched image with a text
query, or vice versa. Using scene graphs for content-based image retrieval is
firstly seen in [, , |. Rather than querying with unstructured text, scene
graphs parsed from texts that could better express the semantics of what we are
searching, are exploited for retrieval. The retrieval problem is transformed as
grounding a scene graph on an image, which can be modeled with Conditional
Random Fields (CRF) as in [1]. Other works [0, 7, &] represent both image
and text into scene-graph-like representations, and formulate image retrieval as
a scene graph matching problem. Another way of leveraging visual structure
for retrieval is to enhance image features by considering how image regions are
related as in [114].

e Image captioning. This task aims to predict a descriptive sentence for an
input image. Some pioneer works validate that introducing fine-grained visual
structures (e.g., relations, attributes) can effectively boost image captioning |32,
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|. Yang et.al |9] incorporate language inductive bias into visual scene graphs
by sharing an encoding dictionary with the text scene graph, in order to boost
performance for image captioning. Given scene graphs, [10] can extract both
object and relationship features as input for caption generating. In [13], Wang
et.al show that some key relationship triplets contribute mostly to the resulting
caption. Gu et.al [11] present a framework to train an image captioning model
in an unsupervised manner without using any paired image-sentence data, by
using scene graphs as an intermediate to align vision and language. Chen et.al
[12] utilize scene graph as a control signal to generate controllable and diverse
captions. Milewski et.al in [13] have made a thorough empirical study on whether
using scene graphs can lead to better captioning performance. The conclusion is
yes but it depends on the quality of the scene graph, while current automatically
generated scene graphs are still too noisy to achieve significant improvement.
More interestingly, Wang et.al [116] have demonstrated a scenario of applying to
generate a coherent story from a sequence of images, i.e., visual storytelling.

e Visual question answering. This task aims to produce an answer to a question
according to a given image. Previous approaches for visual question answering
rely on implicit image features and black-box deep networks. DIfferently, scene
graph representation is promising to achieve interpretable visual reasoning, and
therefore it has been very attractive |11, 15, 16, 17]. Especially, Zhang et.al [11]
naturally employ GNN on scene graphs to encode image structure information,
and empirically demonstrate its potential to outperform state-of-the-art models
but with a cleaner architecture. Shi et.al [1(] parse a question to an executable
program, and its execution, i.e., the reasoning procedure, is simulated as attention
transitions on scene graphs. Similarly, Hudson et.al [15] treat the extracted scene
graph as a state machine, and translate the natural language question as a series
of implicit instructions according to which reasoning is seemed as traversing on
states. These works have shown the great potential of symbolical scene graphs
to enable explicit and explainable visual reasoning, and are also good practices
for implementing neural-symbolic Al that exploits both the merits of deep neural
networks and classic symbolical reasoning [117, 118].

Secondly, in reverse, scene graphs are used for visual content generation [95, |
or manipulation [96]. Compared with other visual representations such as language
description or feature vectors, scene graphs provide a more explicit description of the
visual scene, hence may provide clear instructions for accurately generating the desired
visual data. Also, such a structured representation is easy to edit, allowing easy user
interaction. This makes the generation process controllable and can facilitate easy se-
mantically manipulating of visual content. More recently, Dhamo et.al in [ 15] employ
scene graphs as interfaces for semantically synthesizing and manipulating 3D scenes,
which is promising to help the work of designers through automatically generated in-
termediate results.

Thirdly, since the graph structure is a very general way to represent knowledge,
scene graphs can naturally serve as the bridge to connect vision with language or
knowledge graphs. Actually, in natural language processing, scene graphs can be parsed
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from language descriptions. This can be achieved by explicitly encoding the objects,
attributes and relationships found in texts, and abstracting away most of the lexical
and syntactic idiosyncrasies. Such technique is well studied in [112, |. And the
generated text scene graph can be aligned and merged with the visual scene graph,
resulting in a cross-media scene graph [18]. Furthermore, scene graphs are linked
with knowledge graphs by entities in [99], which is essential for multimedia knowledge
extraction |18, 150] and recommender systems [151].

In addition, video scene graphs in the form of a sequence of temporally-evolving
graphs for depicting dynamic scenes, have been shown promising in applications such
as video action recognition |5, : |, anomaly detection [I11, | and robot
navigation [112].

2.5 Challenges

For the SGG task, there are still various problems that limit the generation quality.
We summarize the challenges as follows:

e Biased/long-tailed distribution. Existing SGG methods bias to predict fre-
quent but usually uninformative predicates, such as "on" and "of". This issue
comes from the extremely unbalanced relationship category distribution among
current SGG datasets (e.g., Visual Genome [53]). However, as pointed out by
Tang et.al [78], we should not entirely blame the imperfect data collection. In
contrast, we should admit that human description of the real world is biased.
Hence, the problem becomes: how to generate unbiased scene graphs with biased
training data? In [78], Tang et.al introduce counterfactual causality theory to
cut off the effect of non-visual factors for de-biasing. Alternatively, researchers
in [79, 80, 81, | derive special loss functions to balance different categories.
For example, Yan et.al [154] innovates loss re-weighting schemes according to
semantic correlations between predicates. Li et.al [65] employ resampling for de-
bias. He et.al [155] propose a head-to-tail knowledge transfer module to preserve
rich knowledge learned from the head into the tail to deal with long-tail category
distribution.

e Incomplete annotation. Some object pairs have obvious relationships but are
not annotated in available SGG datasets such as Visual Genome [53, 54]. This
issue could be mitigated by improving annotation quality, but annotating rela-
tions for every pair of objects is too demanding for crowdsourcing workers. Wan
et.al [156] modify translation-based models in knowledge graphs scene graph com-
pletion. Chen et.al [121] propose to generate missing relationship labels from a
model trained on a small labeled dataset. Wang et.al [157] tackle the unannotated
problem by capitalizing on self-learned knowledge. And Yao et.al in [158] propose
visual distant supervision, which generates relation labels from a commonsense
knowledge base.

¢ Expensive annotation. Scene graphs are also very expensive to annotate. To
address this issue, weakly supervised SGG [35, 806, 87| is proposed by parsing a
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text scene graph from language description as the supervision. Unlike human-
annotated scene graphs, scene graphs parsed from language description are not
grounded to image regions, and they may have more serious incompleteness prob-
lems. The biggest advantage is low-cost to collect large-scale training data, e.g.,
by crawling from the web or utilizing image captioning datasets.

e Saliency. Almost all existing SGG methods treat all visual relationships as
equal, ignoring the fact that only a fraction of these relationships attracts more
human attention. Hence, researchers in [13, 88, 89| contend that we should
highlight salient /key relations that sketch the main content of images. Especially,
[13, 89] have constructed datasets to support this new trend of research.

e Closed-set vocabulary. Almost all existing SGG methods [12, 62, 65, 75,
, 78, , , | involve a pre-defined closed set of object and relationship
categories, making them limited in recognizing novel objects outside of training
corpora. The most widely-adopted VG-150 dataset [12] for SGG is a processed
version of Visual Genome [53], which covers 150 object categories and 50 predicate
categories. Obviously, the categories are limited and in a closed set, which means
the resulting scene graph might not generalize well for downstream tasks like
image captioning which involves a much larger vocabulary. [93] is one of the few
attempts for addressing this issue, which embeds visual entities and language
concepts into a shared continuous space to improve generalization.

Though many methods are proposed to mitigate the above issues, they are not
capable of generating structured visual representations for visual data with practical
accuracy and efficiency. This motivates our research in this thesis. Furthermore, in
terms of scene graph applications, what are the "killer applications" or other appli-
cation scenarios of scene graphs? How to effectively leverage scene graphs in these
applications? These questions also need further research efforts.



Chapter 3

Scene Graph Generation with Saliency

In this chapter!, we introduce visual relation saliency to align scene graph represen-
tation with human visual perception. Also, we have proposed a novel architecture for
generating scene graphs with relation saliency.

As we know, a scene graph is a symbolic data structure that comprehensively de-
scribes the objects and visual relations in a visual scene, while ignoring the inherent
perceptual saliency of each visual relation (i.e., relation saliency). However, humans of-
ten quickly allocate attention to important /salient visual relations in a scene. To align
with such human perception of a scene, we explicitly model the perceptual saliency of
visual relations in a scene graph by upgrading each graph edge (i.e., visual relation)
with an attribute of relation saliency. We present a new design, named Saliency-guided
Message Passing (SMP), that boosts the generation of such scene graph structure with
guidance from the visual relation saliency. Technically, an object interaction encoder
is first utilized to strengthen object relation representations by jointly exploiting the
appearance, semantic, and spatial relations in between. A branch is further leveraged
to estimate the relation saliency of each visual relation by ordinal regression. Next,
conditioned on the object and relation features (coupled with the estimated relation
saliency), our SMP enhances scene graph generation by performing message passing
over the objects and the most salient relations. Extensive experiments on VG-KR
and VG150 datasets demonstrate the superiority of SMP for scene graph generation.
Moreover, we empirically validate the compelling generalizability of the learned scene
graphs via SMP on downstream tasks like cross-modal retrieval and image captioning.

3.1 Introduction

Visual perception of the real-world scene is one fundamental capability of human in-
telligence. To formalize such kind of scene understanding, a symbolic data structure
named scene graph [1] is abstracted from natural images via Scene Graph Generation
(SGG) techniques, which describes the object instances in a scene and the visual rela-

'Yong Zhang, Yingwei Pan, Ting Yao, Rui Huang, Tao Mei, and Chang-Wen Chen. “Boosting
Scene Graph Generation with Visual Relation Saliency.” ACM Transactions on Multimedia Comput-
ing, Communications, and Applications (TOMM) (2022).
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A woman is holding a
hitting a ball

Figure 3.1: An illustration of human perception of a visual scene (a), where humans often
allocate attention to the salient visual relations that are worthy of mention in a natural-
language utterance. The typical scene graph (b) fails to identify such salient relations, while
the scene graph with key relations (c) better aligns with human perception by upgrading each
edge with an attribute of relation saliency.

tions (predicates) in between. It is well recognized that reasoning over scene graph is
crucial to a richer semantic understanding of the visual scene in an image and benefits
a wide range of vision-language downstream tasks, e.g., visual question answering [37],
cross-modal retrieval [1], and image captioning [137, 145]. Though promising results are
reported on these downstream tasks, the typical design of scene graph aims to capture
all visual relations between objects as completely as possible, and thus inevitably fails
to focus on the most important/salient visual relations. This seems contradictory to
the human perception of a scene, where humans often quickly allocate attention to the
visually salient objects/visual relations in an image. Take the image in Figure 3.1 as
an example, the generated typical scene graph (Figure 3.1(b)) is unable to identify the
salient visual relations (e.g., (woman-holding-bat) and (bat-hitting-ball)), which high-
light the key gists that are worthy of mention in a natural-language utterance (Figure
3.1(a)) by humans. As a result, in analogy to salient object detection [161, 162], the
specific task of SGG with key relations is introduced recently in |13], along with a well-
established benchmark VG-KR, which offers a fertile ground for key/salient relation
detection over scene graph. Here we explicitly define the perceptual saliency of each
visual relation in a scene graph as the weight of each graph edge (i.e., relation saliency),
leading to a weighted directed graph (Figure 3.1(c)). The ultimate goal of this task
is to jointly generate the scene graph and predict the relation saliency for each visual
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relation existing in the image.

The difficulty of SGG with key relations originates from two aspects: 1) how to accu-
rately detect each object and the visual relations in between for scene graph generation?
2) how to discriminate salient visual relations on scene graphs? In the literature, there
have been several techniques, including scene graph generation [12, 62, | and salient
relation detection [38, 89], being proposed for each individual aspect. Nevertheless,
simply solving the problem of SGG with key relations via two separate branches as in
[13] (i.e., one for scene graph generation and the other for relation ranking according
to relation saliency) may destroy the interaction between visual relation detection and
relation saliency estimation, resulting in a sub-optimal solution.

In this work, we propose to mitigate this issue by unifying both relation saliency
estimation and visual relation detection for SGG with key relations. Technically, we
devise a novel Saliency-guided Message Passing (SMP) architecture to facilitate scene
graph generation with additional guidance from the estimated visual relation saliency.
Specifically, Faster R-CNN is first leveraged to produce a set of image regions that
depict the detected objects. After that, for each pair of objects, we capitalize on
an object interaction encoder to enrich the relation representation with the object
relation information mined from appearance, semantic, and spatial perspectives. Each
enriched relation representation is further fed into the relation saliency estimation
branch for estimating the corresponding visual relation saliency via ordinal regression.
After filtering out the less salient relations, message passing is executed on the objects
and the salient visual relations to iteratively improve the predictions of objects and
their visual relations, and thus boost scene graph generation with key relations. The
whole SMP framework is jointly optimized in an end-to-end fashion.

3.2 Related Work

Scene Graph Generation. With the prevalence of deep learning and the avail-
ability of large-scale image datasets annotated with scene graphs (Visual Genome
[53]), a series of innovations have been proposed to generate scene graphs from images
[42, 61, 62, 63, 66, 67, 68, 78, , , |. Unlike the visual relationship detection
task [7] which performs isolated relationship classification, Scene Graph Generation
(SGG) holistically associates all objects and their relationships in a scene, and exploits
the contextual information in between to strengthen the predictions of objects and
relationships. Specifically, [12] is one of the early attempts to propagate messages be-
tween the bipartite node and edge sub-graphs for SGG. [62| composes a sequence of
all objects in a scene and then leverages a bidirectional LSTM to propagate the mes-
sages along a flat chain structure. |63, | further predict whether relationships exist
between object pairs to construct a tree or sparse graph structure for message prop-
agation. Moreover, instead of holistically propagating messages between nodes, [66]
performs message propagation over sub-graphs that are generated by clustering object
pairs containing similar interactions. In [133], the statistical co-occurrence knowledge
of objects are additionally exploited to aggregate the messages from different neighbors.
Recently, [65] performs adaptive message propagation using its estimated relationship
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confidence in order to reduce the noise in context modeling. Several other works intro-
duce multi-task learning [137], external knowledge base [139] or casual inference [75]
to enhance scene graph generation.

Salient Relation Detection. The traditional scene graph aims to recognize all
visual relations in a scene and treat them equally, which is somewhat contradictory to
the human visual perception that commonly focuses on the most salient visual relations
at first glance. Recently, the research community starts to pay more attention to the
detection of salient visual relations, which can benefit several downstream tasks (e.g.,
cross-modal retrieval) that require a holistic understanding of key gists in an image.
In particular, [38] differentiates visual relations by importance from human perception,
and presents an attention-based mechanism for emphasizing the salient relations in
existing visual relation detection benchmarks. Furthermore, [13, 89| clearly define the
task of salient relation detection and construct datasets (i.e, VG-KR and ViROI) with
salient relation annotations to support this new task.

Summary. In short, our approach is also a type of message passing method for
scene graph generation, but focuses on the latter challenging task of SGG with relations
in multiple saliency levels. HetH-RRM proposed in [13] is perhaps the most related
work, which utilizes two separate branches to tackle this task: the structured context
encoding branch that employs TreeLSTM over a hierarchical tree of objects for scene
graph generation, and the relation ranking branch to prioritize key relations. Compared
to HetH-RRM, our SMP differs in multiple ways: 1) we utilize a more detailed design
for enriching relation representations with contextual information mined from three
different perspectives (i.e., appearance, semantic, and spatial); 2) we integrate both
scene graph generation and relation saliency estimation into a unified architecture,
which naturally triggers the interaction in between and thus boosts SGG with key
relations.

3.3 Approach

3.3.1 Notation and Overview

To comprehensively describe the objects and visual relations in an image, the typ-
ical scene graph G = (O, R) is commonly constructed by treating all objects O =
{01, ...,0on} as graph nodes and the pairwise object relations R = {ry, ...,y } as graph
edges. Each object o; € O isrepresented as o; = (I;, b;), where [; denotes the correspond-
ing class label and b; € R* is the spatial location of bounding box. Each object relation
rm € R is a (subject-predicate-object) triplet, and we represent it as 7, = (0;, pij, 0;),
where p;; is the label of predicate (i.e., visual relation) that characters the visual inter-
action between o, and o;. Considering that the typical scene graph fails to model the
inherent perceptual saliency of each visual relation, we upgrade each graph edge with
an attribute of relation saliency score s;; to better align with the human perception of
a scene. Accordingly, each graph edge is represented as r,, = (0;, pij, ij, 0j). The un-
derlying assumption is that the higher the relation saliency score, the more important
the visual relation in the visual scene from the human perception perspective.



3.3 Approach 19

Subject Object Union Intersection Relation features Relation saliency
Appearance
feature extracto, - J J ( 02'
v 3 Ordinal i
o .
e 5 = Regression 24
i patial E——> (2 '
ntroaman) i3
oo
S s

Semantic
) ,

(a) Object Interaction Encoder

Subject-object pairs
Faster-RCNN (N*N-2)) T T
ROIAlign .
Y \::n Message _____________
_—"A pooling [}

Object features ‘C
(N)

(c) Saliency-guided Message Propagation

Figure 3.2: Overview of our Saliency-guided Message Passing (SMP) for scene graph
generation with key relations. Faster R-CNN is first utilized to detect a set of image
regions. Next, the Object Interaction Encoder (a) is employed to fully construct rela-
tionship representations from three different perspectives (i.e., appearance, spatial, and
semantic). A Relation Saliency Estimation branch (b) is then leveraged to model the
saliency level of each visual relation via ordinal regression. Conditioned on the object
and relation features (coupled with the estimated relation saliency), Saliency Guided
Message Propagation (c) is performed to iteratively improve the predictions of objects
and the most salient visual relations through message passing. The final output scene
graph is further equipped with the estimated relation saliency.

In this work, we present a Saliency-guided Message Passing architecture (SMP)
to generate such kind of scene graph with key/salient relations. SMP first interprets
the whole image as a set of image regions via an object detector (e.g. Faster R-CNN
[21]). Next, in Section 3.3.2, we present an object interaction encoder to contextually
learn the relation representation by exploiting the appearance, semantic, and spatial
relations between objects. In Section 3.3.3, a relation saliency estimation branch is
further devised to model the saliency level of each relation by formulating it as an
ordinal regression problem. Finally, Section 3.3.4 details the process of saliency-guided
message propagation in our SMP that boosts scene graph generation. An overview of
our scene graph generation architecture is illustrated in Figure 3.2.

3.3.2 Relation Representation Learning

Given N regions detected in an input image, we construct NV x (N —1) possible subject-
object pairs. For each possible subject-object pair, we need to extract its relation
representation via an object interaction encoder. Recent advances in visual relation
detection |12, 62, 64, 78, 130] have demonstrated that modeling the contextual in-
formation between objects or exploiting the union/intersection box in between does
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enhance relation representation learning for scene graph generation. Our work takes
a step forward and constructs a more detailed design of object interaction encoder,
that fully mines the relation contexts from both union and intersection boxes in three
different perspectives (i.e., appearance, semantic, and spatial), for relation represen-
tation learning. Concretely, in the object interaction encoder, three different feature
extractors (i.e., appearance, spatial, and semantic feature extractors) are utilized to
learn relation representation based from each perspective.

Appearance Feature Extractor. Given the inputs of subject region, object re-
gion, their union box, and intersection box, we capitalize on ROI Align [163] to extract
the appearance feature map (size: 7x 7 x D, D = 512 /256 in different backbones) for
each region. Next, two fully-connected (FC) layers with ReLU activations are lever-
aged to transform each appearance feature into a low-dimensional vector. Please note
that for the special case of no intersection of two objects, a zero vector is used to
represent the appearance feature from the intersection region. We concatenate all the
four vectors to compose the output appearance relation feature.

Spatial Feature Extractor. Similarly, we exploit the spatial contextual infor-
mation from the subject region, object region, their union box, and intersection box.
For each region, we measure the spatial feature b € RY based on the bounding box
coordinates (z1,y1, T2, Ys):

Cz ¢y w h 1 y1 T2 Y2 wh

b= (2% ¥ — — = 7 7Z 7 3.1
(WHWHWHWHWH) (3.1)

where (¢;,c,) = (2522, 422 js the center, (w,h) = (x2 — x1,y2 — y1) denotes the
width and height of region, and (W, H) is the width and height of the whole image.
Please note that a 9-dimensional zero vector is used as the spatial feature for an empty
intersection box. Then, we employ a FC layer to map the spatial feature into a high-
dimensional vector. The final spatial relation feature is thus achieved by concatenating
all the four spatial features.

Semantic Feature Extractor. Here we adopt an embedding layer to encode
the label names of subject and object: z = W, € R3® where W, is the word
embedding initialized from Glove [1(4] and 1 is a one-hot vector over label vocabulary.
The concatenation of two encoded name features is taken as the semantic relation
feature.

Finally, we obtain the relation representation by concatenating the appearance,
spatial and semantic relation features.

3.3.3 Relation Saliency Estimation

Recall that our target is to recognize the visually salient relationships in an image,
which naturally aligns with human perception of a scene. Hence, we involve an ad-
ditional relation saliency estimation branch to predict the relation saliency for each
visual relation. Considering that the relation saliency is annotated on a multiple point
ordinal scale (e.g., 0-no relation, 1-perceptually less important relation, 2-salient rela-
tion in VG-KR dataset), we naturally formulate the relation saliency estimation task
as Ordinal Regression (OR) problem.
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Inspired by [165, , |, here we tackle the OR problem by decomposing it
into multiple binary classification sub-problems for relation saliency estimation. For-
mally, given the input relation feature u; of visual relation r;, we aim to predict the
corresponding relation saliency S, over S different levels {0,1,...,.5 — 1} (S = 3 in
VG-KR dataset). Such process can be transformed into S — 1 simpler binary classifi-
cation subtasks, and each subtask targets for discriminating whether S,, > k, where
k € {0,1,...,S — 2}. The relation saliency estimation branch is implemented as a
multi-layer perception, which takes u; as input and produces S — 1 output units via
Sigmoid activations. The output value of the k-th unit is denoted as gy = P(S,, > k),
which reflects the probability of S,, > k. For each relation feature u; coupled with
its ground-truth saliency level s,., the objective of relation saliency estimation is thus
measured as:

S—2 S-3
Lsaliency(uia Sm) - Z BOELOSS(QIC: 1{81“1- > k}) + Z mal‘(ﬁk—i—l - gka 0)7 (32)
k=0 k=0

where 1{-} is the indicator function, and BC'ELoss(-) denotes binary cross entropy
loss. The first term aggregates the classification losses for all subtasks, and the second
term is involved to suppress the inconsistency of saliency estimation as in [165] (e.g.,
the unreasonable case of P(S,, > 1) > P(S,, > 0)). At inference, we calculate the
expected relation saliency for an unseen sample 7’ as the aggregation of S — 1 output
probabilities:

n

—2 S—2
ES, | =S PSy >k = i (3.3)

0 k=0

e
i

3.3.4 Saliency-guided Message Propagation

One natural way for scene graph generation is to explore contextual information be-
tween objects and all the connected edges (i.e., relations) via message passing [12]| to
make better predictions on objects and predicates. Nevertheless, such way not only
leads to a rise in computational cost, but also involves more unremarkable relations
and the overall stability of message passing will be inevitably affected. To alleviate
this issue, we devise the saliency-guided message propagation module that triggers
the interactions between relation saliency estimation and scene graph generation by
facilitating message passing under the guidance of visual relation saliency. The spirit
behind follows the philosophy that this module filters out the unremarkable relations,
and performs message propagation over the objects and the most salient relations,
which iteratively strengthens the predictions of objects and relations, especially for the
salient ones.

Technically, let v; and e;; denote the feature of graph node ¢ and the feature of
graph edge ¢ — j, where ¢ — j represents the directed edge from node ¢ to node
j and the corresponding relation saliency value is s;;. Similar to [12], we iteratively
perform message propagation, and two Gated Recurrent Units (GRUs) are employed
to memorize and refine the node and edge representations. Note that v; and e;; are
initially set as the region feature via ROI Align and the output relation feature through
object interaction encoder.
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Each message propagation iteration consists of two steps: message pooling and
feature refining. Message pooling aims to aggregate multiple incoming messages from
connected object neighbors. In our design, for each node, we only exploit the messages
from top K (K = 4) connected neighbors with the most salient relations (ranked by
the expected relation saliency). The message for node ¢ (i.e., m;) is computed as the
concatenation of messages from outbound and inbound nodes, followed by a mapping
function ¢,:

m; = gbv([ Z fout(viﬂ Vj)vj7 Z fm(vhvj)VjD’ (34)

jisij€top K jisji€top K

where f,,; and f;, denote the functions for learning attention weights in message ag-
gregation. We implement f,,;/fin as a FC layer with Softmax normalization, and ¢,
as a FC layer with LeakyReLU non-linearity activation. The message for edge i — j
(i.e., m;;) is obtained by concatenating the relation features of node ¢ and j:

m;; = ¢e([vivvj])> (3'5>

where ¢, is the mapping function implemented by a FC layer with LeakyReLLU non-
linearity activation.

The feature refining step further enriches each node or edge representation with the
contextual information derived from the corresponding pooled messages. Thus, the
node and edge representations are refined as:

V; = GRUU(Vi, l’I’ll)

3.6
eij = GRUe(eij, mij), ( )

where GRU, and GRU, denote two GRUs for recording the refined node and edge

representations respectively.

Finally, after T (T = 2 as in [12]) iterations of message propagation, we obtain
the strengthened context-aware node and edge representations, which are leveraged for
predicting objects and predicates via two classifiers.

3.3.5 Training and Inference

At the training stage, based on the strengthened graph node representation v;, we
predict its object label via the object classifier fu; : R%™ — R where d, is the
dimension of v; and Cy, is the object class number. In practice, the object classifier is
implemented as a 2-layer MLP. By denoting the ground-truth object label as y; % the
object classification loss is thus measured as:

Nobj
1 obi
Labject - m Z OTOSSEntrOpy<fobj (Vi)7 Y; bj)7 (37>
obj

where N,; is the number of objects/graph nodes, and CrossEntropy(-) denotes the
cross-entropy loss function.
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Similarly, based on graph edge representation e;;, the predicate classification loss
is calculated as:
Nye

Lrelation = N E CTOSSEntrOpy(frel(eij)ayzr;l)7 (38)
rel -
l’]

where N, is the number of relations/graph edges, f.« is the predicate classifier (also

implemented as a 2-layer MLP), and y;“;l is the ground-truth predicate label.

Together with relation saliency estimation objective in Eq.(3.2), the overall objec-
tive of our SMP is:

LSMP - Lsaliency + Lobject + Lrelation' (39)

During the inference of relation ranking, we compute the ranking score for a pre-
dicted relation triplet ' = (s, p,0) as:

C. = P(s)- P(o) - P(p) - P(r' is salient), (3.10)

where P(s), P(0), P(p) are the predicted probabilities of subject, object and predicate,
and P(r" is salient) = P(S,» > 1) in VG-KR for example.

3.4 Experiments

3.4.1 Datasets and Experimental Settings

Datasets. VG-KR [13] is a recently constructed dataset for the challenging task of
SGG with key relations. It goes beyond the typical Visual Genome [53] dataset and
contains the annotations of relation saliency. The dataset consists of 26,992 images
belonging to 200 object categories and 80 predicate categories. There are 250,755
predicates in total, out of which 101,312 predicates are annotated as key /salient rela-
tions. We follow the same split in [136] to compose the training, validation, and testing
sets.

VG150 [12] dataset is a widely adopted subset of Visual Genome for evaluating
conventional SGG task. It contains 10,8073 images, and covers 150 object categories
& 50 predicate categories. There are totally 622,705 annotated instances for visual
relations without differentiating saliency. We follow the same split in [12, 13, 62, 65, 78]
for evaluating our SMP.

Evaluation. Following [13], we evaluate our SMP for the task of SGG with key
relations under two protocols: predicate classification (PREDCLS) and scene graph
classification (SGCLS). For PREDCLS, given the object categories and their bounding
boxes, the target is to predict the relationships in between. For SGCLS, given the
bounding boxes, it aims to infer both object categories and relationships to compose a
scene graph. Key Relation Recalls among top K (K=1,5) predicted relationship triplets
(i.e., kRQK) are adopted as the metrics for evaluating the ability of recognizing salient
relationships, which are computed under two different match rules: Triplet Match
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Triplet Match Tuple Match
SGCLS PREDCLS SGCLS PREDCLS
Model kR@1 kR@5 kR@1 kR@5H kR@1 kR@5H kR@1 kR@5H
VCTree-SLT [134] 5.7 14.2 114 30.2 8.4 22.2 16.1 464
MOTIFS' [62] 5.9 14.5 11.3  30.0 8.5 21.8 16.0  46.2
MOTIFS™ [62] 5.9 14.7 11,5 30.3 8.4 22.3 16.1  46.5
MOTIFS-TDE" [7¢] 1.2 3.1 4.8 13.5 4.5 12.5 8.6 24.8
HetHT [13] 6.1 15.1 11.6 304 8.6 22.7 16.4 471
MOTIFS-RRMT [13] 8.6 16.4 16.7  33.8 13.8  26.3 279 571
HetH-RRMT [13] 9.2 17.1 175 35.0 14.6 273 289  59.1
SMP 10.2  18.2 19.8 384 16.4  29.7 33.3 66.6
SMP (ResNeXt-101-FPN) 11.5 20.3 204 38.1 18.3 33.3 34.5 66.6

Table 3.1: Performance comparison for scene graph generation on VG-KR dataset (Default
backbone: VGG-16). T indicates the results are referred from [43], and * denotes our re-
implemented results.

(all of subject, predicate, and object should be same as the ground truth relationship)
and Tuple Match (only subject and object are consistent with the ground truth). For
conventional SGG task, we additionally include the evaluation under the scene graph
detection (SGDET) protocol, which assumes both object boxes and categories are
unknown to generate a scene graph. All protocols adopt Relation Recall among top K
(K=50,100) predictions under the triplet match rule as evaluation metrics (i.e., RQK).

Implementation Details. For fair comparison with [13] in terms of SGG with
key relations, we adopt the same pre-trained Faster R-CNN (backbone: VGG-16),
and we also report the performances of our SMP based on Faster R-CNN with a
stronger backbone of ResNeXt-101-FPN [169]. For conventional SGG, we use the
same pre-trained Faster R-CNN (backbone: ResNeXt-101-FPN) on VG150 as in [65,

]. The whole architecture of our SMP model is trained by SGD optimizer over
a single Nvidia 2080ti GPU. The batch size and the initial learning rate is set as 6
and 0.006, respectively. The learning rate will be decayed by 10 for two times after
validation plateaus. The max training iteration number is set as 50K. Note that we
solely optimize the relation saliency estimation branch at the first 5K iterations for a
better initialization. After that, all the three modules of our SMP are jointly trained
in an end-to-end manner.

3.4.2 Experiments on Scene Graph Generation

Performance Comparison On VG-KR. Table 3.1 shows the performances of dif-
ferent techniques for scene graph generation with key relations task on the VG-KR
dataset. Overall, the results with regard to all evaluation metrics consistently indicate
that our SMP achieves superior performances against other state-of-the-art approaches.
The baselines include both traditional SGG models (MOTIFS [62], VCTree-SL [134])
and the relation-saliency-based methods (HetH-RRM and MOTIFS-RRM [13]) par-
ticularly designed for SGG with key relations. Specifically, by integrating the SGG
architecture with another branch for relation ranking, HetH-RRM and MOTITFS-RRM
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Figure 3.3: Performance comparison for each predicate category under SGCLS on
VG-KR.

outperform the traditional SGG models (MOTIFS and VCTree-SL), which basically
verifies the effectiveness of exploiting relation saliency in the specific task of SGG with
key relations. However, the performances of HetH-RRM are lower than our SMP that
triggers the interaction between relation saliency estimation and scene graph genera-
tion in a unified architecture for enhancing the contextual-aware relation features and
eventually boosting SGG with key relations. In addition, by leveraging Faster R-CNN
with a stronger backbone, the performances of SMP are further boosted up.

In addition, we compare our SMP with the baseline (MOTIFS) with respect to
recall rates for each predicate category under SGCLS. Figure 3.3 shows the recall
rates among top 20 (R@20) for each predicate, where the predicates are sorted by
the relative performance improvements of SMP against MOTIFS. As shown in this
figure, our SMP manages to recognize the visual relations with “verb” predicates (e.g.,
“hitting”, “feeding”, “cutting”), which tend to be the salient relationships in VG-KR.
Instead, the MOTIFS model fails to recognize these visual relations (RQ20 = 0%), but
prefers to detect some high-frequent predicates (e.g., “of”, “behind”, “on”).

Performance Comparison on VG150. Our SMP can be easily generalized for
the traditional SGG task by directly classifying visual relations into two saliency levels
(i.e., no relation and salient relations). In this way, the relation saliency estimation
module is utilized to predict whether there exists a relationship between objects. Ta-
ble 3.2 shows the performance comparison against state-of-the-art methods on VG150.
Note that for fair comparison, all results are obtained by using the same pre-trained
Faster R-CNN detector and codebase |1 70]. As shown in this table, our SMP manages
to achieve competitive performances against state-of-the-arts under all evaluation pro-
tocols. The results basically demonstrate the advantage of our saliency-guided message
propagation mechanism for alleviating noise effect in context modeling.

3.4.3 Experimental Analysis
Ablation Study. Here we conduct ablation study to examine how each design in our

SMP influences the overall performance. Table 3.3 shows the results by considering one
more design for SGG with key relations in SMP. We start from a base model (Base)
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PREDCLS SGCLS SGDET
Model RG50 R@100 R@50 R@100 R@50 R@100
MOTIFS-TDE [78] 47.2  51.6 254 279 194 232
BGNN' [67] 592 61.3 374 385 310 358
IMP* [12] 611  63.1 375 385 259 312
MSDN' [137] 646  66.6 384 398 319 36.6
RelDNT [61] 648  66.7 381 393 314 359
GPS-Net! [65] 652  67.1 39.2 378 311 359
G-RCNNT [63] 654 672 385 370 297 328
VCTreel [131] 655 674 389 398 318 36.1
MOTIFS! [62] 660  67.9 39.1 399 321  36.9
SMP 66.3  68.0 39.9 407 32.6  36.9

Table 3.2: Performance comparison for scene graph generation on VG150 dataset.
indicates that the results are referred from [65], and © denotes our re-implemented re-
sults. All results are based on the same pre-trained Faster-RCNN (backbone: ResNeXt-
101-FPN) and codebase [170] for fair comparison.

which is a degraded version of our SMP with two separate branches: one for rela-
tion saliency estimation via ordinal regression and the other for SGG through message
passing. Note that this ablated Base model solely exploits the contextual information
from appearance perspective to represent each object relation. After that, by addi-
tionally modeling the Contextual information from Semantic and Spatial perspectives
(CSS), Base+CSS strengthens the relation representation for relation saliency estima-
tion, and thus leads to a performance boost. Finally, by further guiding the process
of message passing with the estimated relation saliency, our SMP reaches the highest
performance. This verifies the advantage of unifying both relation saliency estimation
and visual relation detection for SGG with key relations.

Effect of K for Message Propagation. We vary the number of selected con-
nected neighbors (K) from 0 to 7 for performing message propagation (Eq. (3.4)),
aiming to explore the relationship between the performance and the neighbor number
K. We show such performance comparisons under SGCLS protocol (kR@5) in Figure
3.4. In the extreme case of K = 0, no connected neighbor is selected to perform mes-
sage propagation, and the model degenerates to basic object and predicate classifiers
that produce predictions based on isolated object/relation features. Next, enlarging
the neighbor number K generally increases the performances, which basically demon-
strates the effectiveness of performing message propagation among the objects and the
top-K salient relations. Specifically, the best performance is achieved when K is 4.
Furthermore, when K increases more than 4, the performances begin to drop. We
speculate that this may be the result of noise effect in context modeling when selecting
more neighbors.

3.4.4 Evaluation on Downstream Applications

As an extractor of scene graph with key relations, here we follow recent vision-language
pre-training techniques [35, , , , | and test the generalization ability of
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Triplet Match Tuple Match

Model kR@1 kR@5 kR@1 kR@5 2 - ® Tuple match
o6 A~ Triplet match

Base 9.7 175 158 292 o .
Base+CSS 9.9 17.8 16.2 29.3 22 / —u
SMP 10.2 18.2 16.4 29.7 ém

Table 3.3: Ablation study on VG-KR i ~,

under SGCLS protocol. Base: a de- o &

graded version of SMP with two sepa- Top K neighbors for message propagation

rate branches for relation saliency es-
timation and SGG, which solely ex-
ploits the contextual information from
the appearance perspective. CSS: the
exploration of contextual information
from semantic and spatial perspectives.

Figure 3.4: Performance comparisons un-
der SGCLS protocol (kR@5) by using dif-
ferent numbers of selected top connected
neighbors (K') for message propagation.

Input image

Scene graph (SG)

H T 1
Object representation [ Input caption
Object embedding [y
GG—}_ Concat “two boys crossing a

with saliency i
wearing node representation } o | ' .
bj“” 2 o F- ! street with a red ball”
Objects - " Object features (0) | i
Relation representation | 0
Subject embedding - 1 '
ball-on-> (rediare embeding ) < | = J| : lobal image feature (GI)
redicate embedding ~ | H Global image feature (Gl|
man-on-> | & grir !
Object embeddin; 1 \ [
! ng H Mean pooling

Top-K salient relation triplets

Subj node + edge + obj node), |
representation

(a) Scene Graph Representation Construction

1
'
1
1
'
'
'
1
'
|
- '
n ! — " =
--------- Global object feature (GO) -~~~ ~----==---- Mean pooling --=- | 1| Attention mechanism g._—_j_,.-—u
Q:j ! on objects/regions
promoooog Global relation feature (GR)-------===~ Mean pooling ~ J4----------- ! J
'
'
!

1
|
1 i __| Attention mechanism\ |
‘two boys crossing a on relations =
Cross-modal Similarity GRU Vs 8 [ =]

street with a red ball”

Concat
& Mapping

Global image feature (Gl) Image feature Caption feature

(b) Downstream Cross-modal Retrieval (c) Downstream Image Captioning

Input caption Output words

Figure 3.5: Overview of employing learned scene graphs via our SMP for downstream
tasks. (a) Scene graph representation is constructed by encoding objects and top-K,¢
salient relation triplets. Then, object and relationship representations of the scene
graph are integrated into typical architectures for cross-modal retrieval (b) and image
captioning (c). (Dotted lines indicate optional inputs.)

learned scene graphs via our SMP on two downstream applications/tasks, i.e., cross-
modal retrieval [175, , | and image captioning [32, 34, , , , |, as
shown in Figure 3.5. Experiments of both tasks are conducted on Flickr30K dataset
[182] with the commonly adopted split [183] for evaluation, which assigns 29k/1k/1k
images for train/val/test. Each image in Flickr30K is annotated with 5 captions.

Experiments on Cross-modal Retrieval. For each image, we select the top-
K, predicted salient relations (top-2 or top-5), and perform mean pooling over all
individual representations of the selected relations to achieve the global relation feature.
We describe this procedure in detail as follows:
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e By denoting a relation triplet as r = (sbj, pred, obj), where sbj, pred and obj
represent subject, predicate and object labels respectively, we encode each label
of subject/predicate/object as a one-hot vector. For example, for subject label
sbj, its one-hot vector is constructed as s,, = [0, ..., 1,...,0] € {0,1}%  where
only the sbj™" element that corresponds to the subject label sbj is set as 1 and all
other elements are set as 0. Cg; denotes the size of subject vocabulary, i.e., the
number of all subject categories in the dataset. Similarly, the one-hot vectors for
object o, and predicate p,, are constructed based on the object and predicate
vocabulary.

e Next, we utilize embedding layers to separately encode the one-hot vectors of
subject, predicate and object labels in a relation triplet. Taking the input one-
hot vector s,;, of subject as an example, we achieve the subject label embedding
vector s, = Eg;s,, € R | where Eg, € R0 *Csv5 denotes the embedding layer.
Similarly, we obtain the object label embedding o, and predicate label embedding
p.. After that, we take the concatenation of all the three label embeddings, i.e.,
r. = cat[Se, Pe, O¢|, as the representation for relation triplet r.

e Finally, we perform mean pooling operation over the relation triplet representa-
tions of all selected top- K, relations {r. 1, ..., rc k,,, } in an image, leading to the
global relation feature, i.e., ryopar = ﬁ > Tek-

Similarly, the mean-pooled representation of all the label embeddings of object enti-
ties in this image is taken as the global object feature. The holistic image representation
is thus obtained by concatenating the global image feature (backbone: ResNet152 [39]),
the global object feature, and the global relation feature. To extract the representation
of each sentence, we utilize the same GRU-based text encoder as in [181]. Then, we
exploit VSE++ [181] to learn the visual-semantic embedding for cross-modal retrieval.
During the evaluation stage, we conduct image-to-caption retrieval and caption-to-
image retrieval, and report Recall@1-10 for each kind of retrieval. An overview of
integrating scene graph for cross-modal retrieval is depicted in Figure 3.5-(b).

Table 3.4 details the performances of different image representations for cross-modal
retrieval. Note that we additionally involve several runs using different global relation
features derived from existing SGG techniques (e.g., MOTIFS [62] and MOTIFS-TDE
[78]) for performance comparison. As expected, only utilizing the global image feature
is inferior to the concatenation of global image and object features. A performance
boost is further attained when additionally exploiting the global relation feature. Most
specifically, by delving into visual relation saliency for SGG, the global relation features
from our SMP outperform the ones from typical SGG techniques. The results basically
highlight the merit of learned scene graphs with salient relations on the cross-modal
retrieval downstream task.

Figure 3.6 further showcases examples with the constructed scene graphs and im-
age2caption retrieval results generated by MOTIFS [62] and our SMP. From these
exemplar results, it is easy to see that the two constructed scene graphs can reflect
somewhat relevant objects and visual relations in between, while our SMP can capture
more salient visual relations to boost image2caption retrieval. Specifically, as shown in
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Image2caption Caption2image
Image Feature SGG Model R@1/5/10 R@1/5/10
GI 46.0 / 73.9 / 83.5 32.8 /62.3 /73.6
GI + GO 50.0 / 78.7 / 86.7  35.4 /65.2 / 75.3
MOTIFS [62] 50.1 / 80.1 / 87.8 35.7 / 66.0 / 76.7
GI + GO + GR (top-2) MOTIFS-TDE [78] 49.8 /80.3 /87.6 353/ 66.1/76.8
SMP (ours) 51.6 / 80.3 / 88.3 36.6 / 67.2 / 76.9
MOTIFS [62] 51.6 / 80.8 / 88.5 35.4 /67.0 / 76.6
GI + GO + GR (top-5) MOTIFS-TDE [78] 51.9 / 80.9 / 88.2 36.6 / 66.3 / 76.7
SMP (ours) 54.7 / 82.4 /89.1 38.1/67.3/77.3

Table 3.4: Performance comparison with different image representations for cross-
modal retrieval downstream task. GI: global image feature. GO: global object feature.
GR: global relation feature.
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Figure 3.6: Scene graph generation and image2caption retrieval results on Flickr30K. Given
each input image (#-a), the scene graphs (containing top-5 relations) are produced by MO-
TIFS (#-b) and our SMP (#-c), coupled with the corresponding top-1 retrieved captions.

the first example of Figure 3.6 (i.e., (1-a), (1-b), (1-c)), compared to the constructed
scene graph of MOTIFS that misses the key relations between “sidewalk”/*man” and
“ball”, our learned scene graph via SMP accurately recognizes the most salient relations
(i.e., {man-hitting-ball) and (ball-on-sidewalk)), which are correlated to the key object
(“ball”) and thus encourage the coverage of “ball” in the retrieved caption.

Experiments on Image Captioning. Here we adopt a basic model (Up-Down
[33]) to generate sentences that describe image contents. The original Up-Down model
first extracts region features via a pre-trained detector (Faster R-CNN), and further
feeds them into a sentence decoder (implemented as two-layer LSTM). The first layer
in this decoder takes the mean-pooled region features (i.e., global image feature) and
the embedding of the previous word as inputs, and the output of the first layer plus the
aggregated region features with attention mechanism are fed into the second layer. In
our context, we only keep the sentence decoder and replace the input region features
of the pre-trained detector with our extracted scene graph representation. Specifically,
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Image Feature SGG Model Bleu@4 METEOR ROUGH-L CIDEr SPICE
GI 21.1 17.6 43.6 374 12.5
GI + O 23.1 18.8 45.9 43.6 13.9
MOTIFS [62] 22.4 18.7 45.4 42.0 13.4
GI + R (top-2) MOTIFS-TDE [78] 224 18.9 454 42.0 13.6
SMP (ours) 23.0 19.2 45.9 44.2 14.0
MOTIFS [62] 23.1 18.8 45.4 43.0 13.7
GI + R (top-5) MOTIFS-TDE [78] 23.1 19.0 45.5 43.2 13.8
SMP (ours) 23.1 19.2 46.3 44.8 14.2
MOTIFS [672] 23.1 19.1 45.9 439 139
GI + O + R (top-2) MOTIFS-TDE [78] 23.2 19.2 45.9 44.1 14.0
SMP (ours) 23.3 19.4 46.3 45.3 14.3
MOTIFS [62] 23.2 19.3 46.1 44.2 14.2
GI + O + R (top-5) MOTIFS-TDE [78]  23.2 19.2 46.0 44.3 14.3
SMP (ours) 234 19.5 46.5 45.6 14.5

Table 3.5: Performance comparison with different image representations for image
captioning downstream task. GI: global image feature. O: object features. R.: relation
features.

Dataset for pre-training Metrics
Methods Backbone Name Annotation #images Bleu@4 METEOR
Cornia et.al [31] ResNet-50  ImageNet Image-level labels ~ ~4M 21.3 20.0
Unified VLP [35] Transformer Conceptual Captions Image-caption pairs ~3M 30.1 23.0
Ours (GI + O + R (top-5)) VGG-16 VG-KR Scene graphs ~19K 23.4 19.5

Table 3.6: Evaluation for image captioning downstream task on Flick30K benchmark
leaderboard. GI: global image feature. O: object features. R: relation features.

Metrics (on "Karpathy" test split, without CIDEr optimization)

Methods Bleu@4 METEOR ROUGH-L CIDEr  SPICE
RDN |[155] 36.8 27.2 56.8 115.3 20.5
Ours (GI + O) 35.8 27.7 56.5 112.8 20.8
Ours (GI + O + R (top-5))  36.5 27.7 56.7 114.6 21.0

Table 3.7: Evaluation for image captioning downstream task on MSCOCO. GI: global
image feature. O: object features. R: relation features.

we include two baselines by feeding 1) only global image feature (i.e., GI) or 2) both
global image feature plus region features (i.e., GI + O) into the sentence decoder.
Next, we exploit different ways of incorporating scene graph representations into sen-
tence decoder: 1) directly replacing the region features with top-2 or top-5 salient
relation features (i.e., GI + R (top-2/5)); 2) additionally feeding top-2 or top-5 salient
relation features into sentence decoder (i.e., GI + O + R (top-2/5)). Note that we
take the concatenation of subject, predicate, object after context encoding, and their
label embeddings as the representation for each relation. Standard metrics in image
captioning (e.g., Bleu@4, METEOR, ROUGH-L, CIDEr and SPICE) are utilized for
evaluation. An overview of integrating scene graphs for image captioning is illustrated
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in Figure 3.5-(c).

Table 3.5 shows the performance comparison with different image representations
for the image captioning task. Similarly, we involve several additional runs that utilize
different relation features extracted by existing SGG techniques (e.g., MOTIFS [62| and
MOTIFS-TDE [78]). In general, when additionally incorporating relation features into
the baseline (GI + O), the runs of GI + O + R (top-2/5) lead to consistent performance
improvements across most metrics for each SGG technique. The results basically vali-
date the merit of exploiting the relation features for image captioning. In between, the
runs of GI + O + R (top-2/5) for our SMP exhibit better performances than the ones
of conventional SGG techniques, which demonstrate the efficacy of our learned scene
graph with salient relations. Moreover, taking a close look at the comparison between
GI + O and GI + R (top-2/5) for each SGG technique, we find that the relation features
learned by conventional SGG techniques result in inferior performances than the origi-
nal region features. Instead, our relation features learned by SMP (GI + R (top-2/5))
manage to outperform the region features, which again confirms the promising gener-
alization ability of learned scene graphs with salient relations. Also, we evaluate the
image captioning downstream task on Flick30K benchmark leaderboard?, as presented
in Table 3.6. In this table, our run (GI + O + R (top-5)) achieves comparable results
with state-of-the-art methods (e.g., Cornia et.al [31]). Note that although Unified VLP
[35] achieves superior performances on Flick30K, it is somewhat unfair to compare our
run with Unified VLP [35], since Unified VLP [35] adopts a large-scale pre-training
dataset (~3M image-caption pairs) and a stronger Transformer-based encoder-decoder
structure.

Moreover, we additionally evaluate our run on MSCOCO dataset for image caption-
ing downstream task. Table 3.7 presents our results on the MSCOCO leaderboard?.
Please note that here we adopt the same pre-trained image region features as in RDN
[185, |, and exploit visual relation features learned by our SMP scene graph model.
As shown in this table, although RDN additionally exploits inherent properties of lan-
guage by upgrading the sentence decoder to enhance both long sequence dependency
and position perception of words, our runs equipped with a basic sentence decoder still
manage to achieve comparable performances. In addition, when comparing our run
that exploits relation features (GI + O + R (top-5)) against our baseline run (GI +
O), we observe that using additional relation features learned by our proposed SMP
can boost the image captioning performance.

3.5 Conclusion

In this chapter, we present Saliency-guided Message Passing (SMP), which steers scene
graph generation with guidance from the visual relation saliency. Particularly, we study
the problem from the viewpoint of unifying both relation saliency estimation and visual
relation detection in a single framework. To materialize our idea, we construct an
object interaction encoder to contextually enhance relation representations by jointly

2https://paperswithcode.com /sota/image-captioning-on-flickr30k-captions-test
3https://paperswithcode.com /sota/image-captioning-on-coco-captions
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exploiting the appearance, semantic, and spatial relations between objects. A relation
saliency estimation branch is further utilized to predict the saliency of each object
relation through ordinal regression. After that, we perform message passing over the
objects and the most salient relations to facilitate scene graph generation. Extensive
experiments conducted on VG-KR dataset demonstrate the efficacy of our SMP for
the specific task of scene graph generation with key relations. The evaluations on
the learned scene graph with salient relations via SMP also validate its potential of
generalizing to downstream tasks.



Chapter 4

Scene Graph Generation towards
Real-world Scenarios

Our work in the previous chapter addresses the saliency issue in SGG. Actually, there
are two other obstacles (i.e., expensive manual annotations, and closed-set prediction)
that limit existing SGG methods in practical scenarios. In this chapter!, we push the
SGG task towards real-world scenarios by taking full advantage of pre-trained visual-
semantic space to address these obstacles.

We know that SGG aims to abstract an image into a graph structure, by repre-
senting objects as graph nodes and their relations as labeled edges. However, two
knotty obstacles limit the practicability of current SGG methods in real-world sce-
narios: 1) training SGG models requires time-consuming ground-truth annotations,
and 2) the closed-set object categories make the SGG models limited in their ability
to recognize novel objects outside of training corpora. To address these issues, we
novelly exploit a powerful pre-trained visual-semantic space (VSS) to trigger language-
supervised and open-vocabulary SGG in a simple yet effective manner. Specifically,
cheap scene graph supervision data can be easily obtained by parsing image language
descriptions into semantic graphs. Next, the noun phrases on such semantic graphs
are directly grounded over image regions through region-word alignment in the pre-
trained VSS. In this way, we enable open-vocabulary object detection by performing
object category name grounding with a text prompt in this VSS. On the basis of
visually-grounded objects, the relation representations are naturally built for relation
recognition, pursuing open-vocabulary SGG. We validate our proposed approach with
extensive experiments on the Visual Genome benchmark across various SGG scenarios
(i.e., supervised / language-supervised, closed-set / open-vocabulary). Consistent su-
perior performances are achieved compared with existing methods, demonstrating the
potential of exploiting pre-trained VSS for SGG in more practical scenarios.

1Yong Zhang, Yingwei Pan, Ting Yao, Rui Huang, Tao Mei, and Chang-Wen Chen. “Learning to
Generate Language-supervised and Open-vocabulary Scene Graph using Pre-trained Visual-Semantic
Space." In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition
(CVPR), 2023.
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Figure 4.1: An illustration of exploiting a pre-trained visual-semantic space (VSS) to
trigger language-supervised and open-vocabulary scene graph generation (SGG). (a)
We acquire weak scene graph supervision by semantically parsing the image language
description and grounding noun phrases on image regions via VSS. (b) At SGG infer-
ence time, thanks to the open-vocabulary generalization naturally rooted in VSS, the
novel object name (e.g., player) in the text prompt input can be well aligned to one
image region, which is regarded as its detection.

4.1 Introduction

Scene graph [1] is a structured representation for describing image semantics. It ab-
stracts visual objects as graph nodes and represents their relations as labeled graph
edges. The task of scene graph generation (SGG) |12, 53, 62, 65, 75, 76, 78, 134, 138,
139, 141, 160] plays an important role for fine-grained visual understanding, which
has shown promising results in facilitating various downstream applications, such as
image-text retrieval [0, 7, 8], image captioning |9, 12, 13, 31, 145], cross-media knowl-
edge graph construction [18, 150, 151] and robot planning [112].

Though great effort has been made, SGG of the current stage still faces two knotty
obstacles that limit its practicability in real-world scenarios. 1) Training SGG models
requires massive ground-truth scene graphs that are expensive for manual annotation.
Annotators have to draw bounding boxes for all objects in an image and connect pos-
sible interacted object pairs, and assign object/relation labels. Since assigned labels
might be ambiguous, further verification and canonicalization processing are usually
required [53]. Finally, a scene graph in the form of a set of (subject, predicate, object)
triplets with subject and object bounding boxes is constructed. Such annotating pro-
cess is time-consuming and tedious, costing much human labor and patience. 2) Almost
all existing SGG methods [12, 62, 65, 75, 76, 78, 134, 159, 160] involve a pre-defined
closed set of object categories, making them limited in recognizing novel objects outside
of training corpora. However, real-world scenes contain a boarder set of visual con-
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cepts than any pre-defined category pool. It is very likely to encounter unseen/novel
categories. When this happens, current SGG models either classify novel objects to
a known category or fail to detect them like background regions. Accordingly, the
prediction of their interactions/relations with other objects is negatively affected or
just neglected. This may lead to problems. For example, a real-world robot may take
inappropriate actions using such closed-set SGG models [94, |.

Recently, there is a trend of leveraging free-form language supervision for bene-
fiting visual recognition tasks via large-scale language-image pre-training [187, ,

: , : , 193]. These methods (e.g., CLIP [187]) perform pre-training on
massive easily-obtained image-text pairs to learn a visual-semantic space (VSS), and
have demonstrated great zero-shot transferability. Especially, the recent grounded
language-image pre-training (GLIP) [189] has learned an object-level and semantic-rich
VSS. Based on the learned VSS, it has established new state-of-the-art performances
in phrase grounding and zero-shot object detection. This indicates such pre-trained
VSS has powerful multi-modal alignment ability (i.e., image regions and text phrases
that have similar semantics get close embeddings) and open-vocabulary generalization
ability (i.e., covering virtually any concepts in the pre-training image-text corpus).
This inspires our thought of addressing the aforementioned obstacles in SGG using
the pre-trained VSS. On the one hand, taking advantage of its multi-modal alignment
ability, we can cheaply acquire scene graph supervision from an image description (e.g.,
retrieving image regions aligned with noun phrases and re-arranging the description
into a scene-graph-like form). On the other hand, by leveraging its open-vocabulary
generalization ability, it is promising to enable novel category prediction in SGG.

In this work, we investigate the opportunity of fully exploiting the VSS learned
by language-image pre-training to trigger language-supervised and open-vocabulary
SGG. Specifically, we obtain weak scene graph supervision by semantically parsing an
image language description into a semantic graph, then grounding its noun phrases over
image regions through region-word alignment in the pre-trained VSS (Figure 4.1 (a)).
Moreover, we propose a novel SGG model, namely Visual-Semantic Space for Scene
graph generation (VS?). It takes a raw image and a text prompt containing object
category names as inputs, and projects them into the shared VSS as embeddings. Next,
VS3 performs object detection by aligning the embeddings of category names and image
regions. Based on high-confidence detected objects, VS? builds relation representations
for object pairs with a devised relation embedding module that fully mines relation
patterns from visual and spatial perspectives. Finally, a relation prediction module
takes relation representations to infer relation labels. The predicted scene graph is
composed by combining object detections and inferred relation labels. During training,
visually-grounded semantic graphs parsed from image descriptions could be used as
weak scene graph supervision, achieving language-supervised SGG. At SGG inference
time, when using a text prompt input containing novel categories, VS® manages to
detect novel objects thanks to the open-vocabulary generalization ability naturally
rooted in VSS, hence allowing for open-vocabulary SGG (Figure 4.1 (b)).

In summary, we have made the following contributions: (1) the exploitation of
a pre-trained VSS provides an elegant solution for addressing obstacles to triggering
both language-supervised and open-vocabulary SGG, making a solid step toward real-
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world usage of SGG. (2) The proposed VS? model is a new and versatile framework,
which effectively transfers language-image pre-training knowledge for benefiting SGG.
(3) We fully validate the effectiveness of our approach through extensive experiments
on the Visual Genome benchmark, and have set new state-of-the-art performances
spanning across all settings (i.e., supervised / language-supervised, closed-set / open-
vocabulary).

4.2 Related Work

Fully supervised SGG. The concept of scene graph as a structured image represen-

tation is first introduced in [1]. Next, the Visual Genome benchmark [53] is manually
annotated with large-scale scene graphs on images. Such annotated dataset triggers a
series of innovations [12, (2, , , , 160] for the fully super-

vised SGG task. Typically, an obJect detector (e. g Faster-RCNN [21]) is trained to
retrieve image regions as scene graph nodes. Then, relation representations of object
pairs are constructed from visual, spatial and language perspectives, and are used for
relation classification to label scene graph edges. To achieve desirable SGG, researchers
have devised message-passing mechanisms [12, 62, 65, 75, 706, | to exploit contextual
information, derived contrastive loss functions [(1] or incorporated external knowledge
[138, , |. However, all these methods rely on training with expensive scene graph
annotations. Our proposed VS? model is compatible with fully supervised SGG, but we
seek to make SGG training cheaper, which is more practical in real-world applications.

Language-supervised SGG. This task aims to train SGG models using language
descriptions. It has recently attracted increasing attention [69, 85, 86, 87, |, which
is also referred as weakly supervised SGG in |69, 806, |. Particularly, based on a
graph alignment algorithm, VSPNet [09] first proposes to supervise SGG training with
scene graphs that have no object locations. Subsequent works [35, 806, | extract
entities and relations from image captions to compose such unlocalized scene graph,
which is achieved via an off-the-shelf language parser [112, |. They next follow a
common paradigm: first grounding text entities on image regions, and then leveraging
grounded scene graphs as pseudo labels to train standard SGG models. To acquire en-
tity groundings, Shi et al [30] devise an efficient graph matching module optimized via
contrastive learning; Zhong et al [35] simply match text entity names with predicted
object labels from a pre-trained object detector using semantic rules such as WordNet
[195] synsets matching. More recently, Li et al [159] integrate interaction-aware knowl-
edge distilled from pre-trained language-image models [196] for enhancing grounding
reliability. Instead, we propose to obtain groundings through region-word alignment
in a pre-trained VSS, which is much simple yet more effective to collect scene graph
supervision from language.

Language-image pre-training. This has been shown effective for boosting var-
ious vision-language downstream tasks [173, , , , |, e.g., image-text re-
trieval, image captioning. Also, recent studies present remarkable results on trans-
ferring pre-trained language-image knowledge to solve vision recognition problems,
such as zero-shot image classification [187, |, open-vocabulary object detection
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[188, , , , | and zero-shot semantic segmentation [193]. For example,
CLIP | and ALIGN [200] learn separate encoders to embed image and text into
a shared space by pre-training on massive image-text pairs using a contrastive loss.
They have demonstrated remarkable generalization ability on zero-shot image classifi-
cation after pre-training. Distinct from CLIP and ALIGN that learn image-level repre-
sentations, GLIP [189] focuses on learning object-level visual representations through
region-word alignment. It has attained strong zero-shot and few-shot transferability to
various object-level recognition tasks such as object detection and phrase grounding.
Most recently, He et al [201] investigate a visual-relation pre-training and prompt-
based fine-tuning method for open-vocabulary SGG. However, its image encoder relies
on a pre-trained region proposal extractor, which is a bottleneck for achieving open-
vocabulary SGG under the SGDET protocol. Unlike [201], our proposed VS? directly
encodes an image into region tokens, avoiding the bottleneck of region proposals. More
importantly, our approach addresses obstacles to achieving both language-supervised
and open-vocabulary SGG using a unified framework, while He et al [201] only focus
on the latter.
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Figure 4.2: An overview of the proposed Visual-Semantic Space for Scene graph
generation (VS?) model. Tt inherits the image encoder, the text encoder and the cross-
modal fusion module from GLIP [189], so as to project image regions and text prompt
words in a pre-trained visual-semantic space (VSS). Object regions are detected by
aligning the embeddings of category names and image regions in VSS. Next, high-
confidence detected results are retained to compose subject-object pairs. After that,
the relation embedding module constructs their relation representations by extracting
visual and spatial features, on which relation prediction is performed. At test time,
thanks to the open-vocabulary generalization ability of VSS, VS? manages to detect
novel objects by switching to a text prompt containing novel classes.
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4.3 Approach

4.3.1 Notation & Overview

The task of scene graph generation (SGG) aims to map an image into an abstract
graph SG = {O, R}, where graph nodes O = {0y, ...,on} correspond to image objects,
and graph edges R = {ry, ..., )/} represents their relations. Each object o; = {b;,[;} €
O contains the bounding box coordinates b; € R* and its class label information
l; € C,, where C, denotes the set of object categories. Each relation r,, € R is a
(subject, predicate, object) triplet, and we represent it as 7, = r;,; = {0;,pi;,0;}, in
which p;; is the predicate/relation label belonging to category set C,.

Most existing SGG methods require expensive manually annotated scene graphs
SG as supervision. And they involve a closed set of object categories C, in both train-
ing and inference. These issues limit SGG for practical usage. In this work, we propose
to fully exploit a pre-trained VSS to push SGG towards language-supervised and open-
vocabulary scenarios. We illustrate the definitions of different SGG settings in Table
4.1. Concretely, from the perspective of scene graph supervision SG, SGG is catego-
rized into fully supervised and language-supervised, using SG from manual annotation
and language respectively. From the other perspective of object categories CL*"9¢ at
inference, it is referred to as open-vocabulary or closed-set according to whether or not
Clerget contains novel objects.

Clarget Not containing Containing
SG novel object classes | novel object classes
fully supervised fully supervised
Manually annotated & closed-set & open-vocabulary
Automatically parsed language-supervised language-supervised
from image descriptions & closed-set & open-vocabulary

Table 4.1: Definitions of different SGG settings, according to scene graph supervision
SG and the object set at inference CL*9¢,

Next, in Section 4.3.2, we present a new SGG model named VS?, which is versatile
to handle with all SGG settings in Table 4.1. In Section 4.3.3, we devise a scheme
to obtain scene graph supervision from language descriptions, allowing for language-
supervised SGG. Finally, Section 4.3.4 details the strategy of transferring the proposed
VS? to pursue open-vocabulary SGG.

4.3.2 The Proposed VS? Model

We propose the VS* model for tackling the SGG task by extending the GLIP [159]
framework with relation recognition modules, as shown in Figure 4.2.

Preliminary. GLIP unifies object detection and phrase grounding into one frame-
work. It has an image encoder Enc; (e.g., Swin Transformer backbone [202]) and a
text encoder Ency (e.g., BERT [203]). Enc; extracts region/box features O € RV*d
from an input image, where NN is the number of regions and d is the feature dimension.
Enc;, encodes a text input into contextualized word/token embeddings P € RT*4,
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where T is the text length. Further, GLIP uses a cross-modal fusion module to achieve
feature communication between O and P, resulting in enriched region embeddings
O € RV*4 and word embeddings Pe RTXd Finally, the region-word alignment scores
ngund = OPT € RV*T and the predicted locations B = box_predictor(0) € RN*4
are supervised by ground-truth text grounding data. After large-scale pre-training,
Enc; and Ency embed the input image and text into a joint VSS, which aligns multi-
modal embeddings and covers open-vocabulary concepts. VS? inherits Enc;, Ency, and
the cross-module fusion module from GLIP.

Text prompt. Considering that object detection has been reformulated as phrase
grounding, VS? also requires a text prompt input except for the image input. Following
GLIP’s design, we set the text prompt for object detection in the form of “name(c).
name(cz). ... name(c,|).”, where ¢; € C, and name(c;) gets the category name of ¢
(e.g., person). Hence, an object is detected according to the alignment score between
a region embedding 6, € O (the ith row) and the category name embeddings P.

Relation embedding module. To further enable VS3 with relation recogni-
tion ability, we devise the relation embedding module to build relation representa-
tions. Based on the region/box features O after cross-modal fusion, we first sample
a subset of regions O’ € RY*4 that are most likely to be valid objects. This is
achieved by matching predicted bounding boxes B with ground-truth objects during
training, and by retaining top-N’ regions with the highest confidence scores after non-
maximum suppression (NMS) at inference. Next, we construct relation representations
for all possible subject-object pairs. Given an object pair (0;,0,) and their normal-
ized bounding boxes (b;,b;), the pairwise relation representation is represented as
pair, ,; = cat[pair;’f?“l , pairfﬁf;ml]. This is the concatenation of features mined from
the visual and spatial perspectives. The visual feature is computed by

visual

palrz—)] fdsz( - 6]’) + fsum(()i + 6j)a (4'1)

where fuirr and fsun are two mapping functions implemented as 2-layer MLPs (multi-
layer perceptron). By defining the normalized center coordinates of two involved ob-
jects as (ctf, ct]) and (ctf, ct?), the spatial feature is measured as

pair:Petial — cat[b;,bj,dz, dy, dis, 0, A;, A;, I,U], (4.2)

1—]

where dx = ctf — ctf,dy = ct] — ct},dis = \/d2x? + dy?,0 = arctan(%). A A ILU
denote the areas of the subject, the object, their intersection, and union boxes, respec-
tively.

Relation prediction. Conditioned on the relation representation pair,_,; of each
object pair, we predict a relateness score Zi,; = fretateness(Pair; ;) € [0,1] and a
semantic label probability §;.; = fsemantic(Pair; ;) € [0, 1)1, The relateness 2; .
represents the probability that relations exist between the object pair. [freateness 1S
implemented with an MLP coupled with Sigmoid activation. Ffsemantic 1S implemented
with another MLP using Softmax activation. The total loss for relation recognition
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Lye; reg 1s measured as

Lrelateness - FL('%Z—my Zi—>j)7 (43)
Lsemantic = CE(QZ*)]? yi%j)) (44)
Lrelircg = Lrelateness + Lsemantica (45)
where F'L and C'E denote focal loss [120] and cross-entropy loss functions. z;_,; and

Y;—; represent the ground-truth relateness label and predicate category label respec-
tively.

Training & inference. During training, we initialize parameters from pre-trained
GLIP models for inherited modules in VS3. To ease training difficulty, we freeze the
image encoder and text encoder, and only fine-tune the cross-modal fusion module and
devised modules for relation recognition. This also avoids the degeneration of the pre-
trained VSS. At inference, by retaining high-confidence detected objects and further
predicting their relations, we generate an image scene graph representation.

4.3.3 Obtaining Language Scene Graph Supervision

Ground-truth scene graphs are time-consuming to annotate. Alternatively, we can
parse semantic graphs from image language descriptions, and obtain noun phrase
groundings through region-word alignment in the pre-trained VSS (implemented with
an off-the-shelf GLIP). This is a much cheaper way to obtain weak scene graph super-
vision.

Semantic graph parsing. Concretely, for each image language description, we
parse it into a semantic graph SG™** = {O'*"| R'**'} using the Standard Scene Graph
Parser based on [112]. The parser not only extracts noun phrases as entities/objects
(O'*"), but also extracts the words describing their relations (R***). For example,
the sentence “a woman is playing the piano in the room.” is parsed to the SG**t, of
which O'** = {woman, piano,room} and R*** = {(0, playing, 1), (0,in,2)} (numbers
denote object indices). Considering that parsed object/relation words are free-form,
we map them to our concerning categories (e.g., VG150 object/relation categories
in experiments) by rules such as direct string matching and WordNet [195] synsets
matching following [35].

Semantic graph grounding. Note that each element of O%*** only contains a
text label name so far, and its bounding box information is still missing. To obtain
grounding boxes, we construct a text prompt using triplets in SG!**t e.g., “woman
playing piano. woman in room.”. Then, we feed such text prompt together with
the raw image into a pre-trained GLIP, in order to acquire grounding boxes of O,
Specifically, for each element in O*** we select the image region that has the highest
alignment score with its category name as its grounding box. Since there might be
multiple objects in O*** that actually refer to the same object, we perform a post-
processing NMS to merge boxes with the same label and high IoU (intersection over
union) scores (> 0.9). Finally, with box information, the visually-grounded SG*** is
ready to be used as weak supervision for training SGG models, e.g., the proposed VS3.
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4.3.4 Transferring to Open-vocabulary SGG

Open-vocabulary SGG [201] aims to train SGG models that can recognize objects of
novel categories and their involved relations. Formally, we train the SGG model with
scene graphs containing objects in the base category set C22%¢. At inference, the object
category set is C1%9¢ which contains novel categories in Cv¢l = Clarget\cbase o£ (),

Back to our proposed VS3, an open-vocabulary VSS is maintained by freezing
the image and text encoders. Taking this advantage, we devise a scheme to adapt
VS? for open-vocabulary SGG. Concretely, during training, we set the text prompt as

“name(c1). name(cy). ... name(cicrse)).”, where ¢; € C2**. And only relation triplets
involving base object categories are kept for training. At inference, the text prompt is
switched to be “name(c1). name(cz). ... name(cjarser)).”, where ¢; € C;*9'. In this

way, a novel object class (e.g., lady) may have an embedding close to a base category
(e.g., woman) embedding. This makes the novel class also able to find well-aligned im-
age regions. Note that relation representations are constructed from visual and spatial
cues, which are usually class-agnostic. Hence, the following relation recognition in VS?
will not be affected when encountering novel objects.

4.4 Experiments

4.4.1 Datasets and Experimental Settings

Datasets. To evaluate the SGG task, we adopt the widely-used VG150 version
[12] of the Visual Genome (VG) dataset [53]. VG150 retains the most frequent 150
categories and 50 relation/predicate categories in VG. It contains ~108K images, of
which 70% images are used for training (including 5K for validation), and the remaining
30% images are used for testing. The annotated scene graph of each image has 11.5
objects and 6.2 relation triplets on average. In addition, images of VG are densely
annotated with region descriptions, about 50 descriptions for each image. We refer
to these descriptions as VG caption, which provides a text source for evaluating
the language-supervised SGG setting. Moreover, we consider the challenging setting
of using image-text pairs in COCO caption [204] for training SGG models. This
dataset contains 123K images in total. Each image has 5 human-annotated captions.
We keep ~106k images by filtering out those images that also exist in the VG150 test
split.

Evaluation protocols and metrics. We mainly adopt the SGDET [12, 78] pro-
tocol, which generates a scene graph from the input image without any given box
information. We report the performance on Recall@K (K=20/50/100) following previ-
ous works |12, 78, 85, 86, 87, |, which measures the fraction of correctly predicted
relation triplets in top K predictions. A triplet prediction is considered as correct when
its subject, object, predicate labels and both the subject and object regions match with
(same label or IoU>0.5) a ground-truth triplet. Note that we obtain triplet predic-
tions using graph constraint, which limits each subject-object pair to have only the
most confident predicate. All recall metrics across different SGG settings in exper-
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Methods | Original test split (~26k) New test split (~15k) | Difference Relative
IMP [ 1] | 1859 / 26.36 ) 31.62  18.45, 26.35 / 31.57 | -0.14 / 0.01 / -0.05  0.75%
VTransE [205] | 23.06 / 29.99 / 34.60  23.06 / 29.91 / 34.59 | -0.00 / -0.08 / -0.10  0.29%
VCTREE [134] | 24.51 / 31.20 / 35.98  24.45 / 31.19 / 35.87 | -0.06 /-0.10 / -0.11  0.32%
MOTIFS [(7] 95.20 / 32.30 / 37.08 2516 / 32.21 / 36.94 | -0.13 /-0.09 / -0.14  0.51%
VS? (swin-1) - 26.10 / 34.53 / 39.18 - -

VS (suint) - 27.81 / 36.63 / 41.50 - -

Table 4.2: Performance comparisons in the evaluation metrics (R@20/50/100) be-
tween the original VG150 test split and the new test split (removing invalid images
that have already been seen during GLIP [189] pre-training). We observe the evalu-
ation differences between these two splits (< 0.15% variations) are somewhat trivial
in comparison with the performance differences between different SGG methods (e.g.,
VTransE improves over IMP by > 3%). Difference = New test split metrics - Original
test split metrics; Relative = maz(|Difference| / Original test split metrics).

iments are computed over VG150 test images. Considering that the adopted GLIP
pre-trained VSS has seen part of images in the original VG150 test split (~26k) during
pre-training, we exclude these images and get a new split of ~15k test images. We have
validated that such VG150 test split is sufficiently large for computing stable metrics
as the original, by comparing computed metrics of several SGG models (in codebase
[170]) on these two splits (< 0.15 points variation, see note here?).

Implementation details. We initialize VS?® from pre-trained GLIP [1589] models,
i.e., the GLIP-T and the larger GLIP-L trained with more data. Both construct a VSS
of dimension d = 256. We retain the top 36 object detections per image for pairwise
relation recognition. The whole framework is fine-tuned on 8 Nvidia 2080Ti GPUs
with AdamW optimizer. During fine-tuning, we freeze the parameters of the image
and text encoder; and set the learning rate for the cross-modal fusion module as le-5
and 10x larger learning rates for the relation embedding and prediction modules. The
maximum fine-tuning epoch number is 10, with learning rates dropping by 10x after
6 epochs.

2 As mentioned, we compute all recall metrics over test images of the VG150 dataset. However,
considering that the adopted GLIP pre-trained visual-semantic space (VSS) has seen part of images
in the original VG150 test split (~26k) during pre-training [189], we exclude these overlapped images
and achieve a new split of ~15k test images. Our approach adopts the same VG150 train split and
computes evaluation metrics over the new test split.

Since the new test split is a subset of the original test split, one concern is whether or not the
performances over these two test splits would exhibit significant variations. In an effort to delve into
this concern, we compare the performances of several classic SGG methods on the original and the new
test split. These methods are IMP [12], VTransE [205], VCTREE [134] and MOTIFS [62], with stable
implementations in codebase [170]. Table 4.2 summarizes the results. We observe that the computed
recalls show only < 0.15% variations (relatively < 0.8%) between the two different test splits. Such
results basically validate that the new VG150 test split can lead to stable recall metrics with mostly
the same performance trends as in the original split. The performance variations between these two
test splits are trivial in comparison with the performance differences between different SGG methods.
For example, in Table 4.2, our VS? (Swin-L) achieves > 2.65% performance boosts than the mentioned
baselines. Accordingly, we directly compare the performances obtained on the new VG150 test split
by our method against the performances reported in previous works on the original VG150 test split.
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4.4.2 Fully Supervised SGG

Setup. We first evaluate our proposed VS? under the conventional fully supervised
SGG setting. This setting trains SGG models using manually annotated scene graphs,
consisting of object labels coupled with bounding boxes, and relation labels. We adopt
VG150 for training and evaluation following previous methods [12, 62, 73, 74, 75, 76, 85,
, , ]. All these methods involve a closed set of object categories. Specifically,
the text prompt input of VS? is constructed from VG150 object category names, i.e.,
“airplane. animal. ... zebra.”. We train VS?® by fine-tuning over two GLIP variants:
GLIP-T with the Swin-T [202] backbone, GLIP-L with the Swin-L [202] backbone.

Comparison with state-of-the-arts. The results are summarized in Table 4.3.
Our proposed VS? model using the Swin-T backbone already achieves competitive recall
metrics. When upgrading to the larger Swin-L variant, the performance improvements
become significant (1.8 to 3.4 points improvement than the previous best results).
Note that previous methods [12, 62, 75, 76| build their models upon an off-the-shelf
object detector, and they usually design heavy message-passing modules to incorporate
context information. Instead, VS? devises a light-weighted relation recognition head
(including the relation embedding and prediction modules) over a pre-trained VSS.
The superior performances clearly suggest the merits of transferring language-image
pre-trained models for boosting SGG.

Ablation on relation representation. Next, we carry out ablation studies on
relation representation construction in the relation embedding module. As shown in
Table 4.3, by removing visual and spatial feature components, the relation triplet recalls
drop accordingly. Also notice that the removal of visual features which is built from
subject and object region embeddings leads to relatively larger performance drops than
spatial. This suggests the region embeddings in the pre-trained VSS provide strong
cues for relation recognition. Overall, these observations validate the effectiveness of
our design to mine relation patterns.

Additional results on mean recalls. We report additional results on the unbi-
ased metric under the same fully supervised SGG in Table 4.4. Concretely, the adopted
unbiased metric is mean Recall@QK (mR@K), which averages RecallQK across all pred-
icate categories. The results show that the pre-trained VSS does not mitigate the
bias issue very significantly, since the bias issue is naturally rooted in the pre-training
image-text corpus. Note that we can easily apply debias techniques (e.g., reweight,
TDE [78]) in our VS? framework to further mitigate the bias issue.

4.4.3 Language-supervised SGG

Setup. Language-supervised SGG [85, 806, 87, | explores to train SGG models
with language descriptions of images. Concretely, we parse each image description into
a semantic graph, in the form of a set of (subject, predicate,object) triplets. Note
that parsed object/relation phrases from language descriptions are free-form, we map
them to VG150 categories by semantic rules following [35], such as WordNet [195]
synsets matching. This makes the learned SGG model compatible for evaluating on
VG150. Next, the parsed semantic graph is grounded to image regions using grounding
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SGG model Detector Backbone | R@20 R@50 R@100
FCSGG [73] - HRNetW48 | 16.1 213 25.1
SGTR |7/ DETR R-101 S 246 284
IMP [12] FasterrRCNN  VGG-16 | 14.6 207 245
KERN [206]  FasterRCNN  VGG-16 - 211 298
MOTIFS [62] Faster-RCNN VGG-16 21.4 27.2 30.3
GPS-Net [68]  Faster-RCNN  VGG-16 223 289 33.2
RelDN [61] Faster-RCNN  VGG-16 21.1 283 327
VTransE [205]  Faster-RCNN ~ RX-101 23.0 297 343
MOTIFS [62] Faster-RCNN RX-101 25.1 32.1 36.9
VCTREE [131] Faster-RCNN RX-101 24.7 31.5 36.2
SGNLS [87] Faster-RCNN RX-101 24.6 31.8 36.3
RU-Net [70] ~ Faste-RCNN ~ RX-101 | 25.7 329 375
HL-Net [75] Faster-RCNN RX-101 26.0 33.7 38.1
VSs? - Swin-T 26.1 34.5 39.2
w/o visual - Swin-T 23.1 316 36.7
w/o spatial - Swin-T 243 328 37.8
vsE o Swin-L. | 27.8 36.6 41.5

Table 4.3: Experimental results of fully supervised SGG. w/o visual and w/o spatial
indicate removing spatial and visual features in the relation embedding module for re-
lation representation. All metrics are computed under the SGDET protocol on VG150
test images.

SGG model Detector Backbone | mR@20 mR@50 mR@100
IMP [ 1] Faster-RCNN  RX-101 | 2.8 42 5.3
VTransE [205]  Faster-RCNN ~ RX-101 3.7 5.0 6.0
VCTREE [134] Faster-RCNN  RX-101 4.2 5.7 6.9
MOTIFS [62] Faster-RCNN  RX-101 4.1 5.5 6.8
VEE - Swin-T 4.3 6.6 8.1

Table 4.4: Experimental results of fully supervised SGG. All metrics are computed
under the SGDET protocol on VG150 test images. Results of previous models come
from Tang et al. [75].

methods, i.e., the pre-trained GLIP-L [189] in our approach. Finally, the visually-
grounded semantic graphs are used as weak supervision to train our proposed VS? like
the fully supervised setting.

Particularly, we have trained VS? with text triplets parsed from three different
sources of text following [35, |. 1) The unlocalized graph setting uses ground-truth
triplet annotations in VG. 2) The VG caption setting uses triplets that are automat-
ically parsed from natural image descriptions in VG. 3) The COCO caption setting
leverages triplets parsed from captions in COCO. This setting is the most challenging
since COCO captions are image-level descriptions. Such captions are different from the
region-level descriptions in VG, which focus on describing object interactions. Also,
note that the number of annotated captions for each COCO image (average 5) is much
less than the number for each VG image (average ~50).

Comparison with state-of-the-arts. The experimental results compared with
previous methods are presented in Table 4.5. All evaluation metrics are computed
on the VG150 test set under the SGDET protocol. Specifically, under the unlo-
calized scene graphs setting, VS® with the Swin-T backbone (VS? gym-1)) obtains
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| SGG model Grounding | R@20 R@50 R@100
| VSPNet [0]] - - 470  5.40
LSWS [7] - - 730 873
2 | MOTIFS [02] WSGM [50] | 412 559 645
& | MOTIFS [62] SGNLS [#9] | 7.23 928  10.71
g | MOTIFS [62] Lietal [159] | 9.09 11.39 12.89
= | Uniter! [207] SGNLS [¢5] | 7.81  10.03  11.50
g | Uniter! [207] Lietal [159] | 957 11.80 13.15
= [ VS (suin-1) GLIP-L [180] [ 18.02 2389 28.19
VS? (Swin-T+ Freqpias) GLIP-L [180] | 20.06  26.72  31.75
VS? (Swin-1+Freqpias) GLIP-L [189] | 22.18 29.81 34.96
LSWS [57] - - 3.85  4.04
= | MOTIFS [62] SGNLS [#5] | 6.31 805  9.21
= | MOTIFS [62] Lietal [159] | 825 10.50 11.98
5| Unitert [207] SGNLS [37)] - 9.20  10.30
o | Uniter [207] Lietal [159] | 890 10.93 12.14
= [ VS (swin-1) GLIP-L [180] | 11.78  16.25  19.7
VS? (swin-1) GLIP-L [180] | 13.01 17.38 20.54
= [ LSWS [+7] - - 3.28  3.69
£ | MOTIEFS [62] Lietal [159] | 502 640  7.33
' | Uniter' [207] SGNLS [37)] - 580  6.70
© | Uniterf [207] Lietal [159] | 542  6.74  7.62
S [VS suin-1) GLIP-L [I50] | 559 730  8.62
O | VS? (suwin-1) GLIP-L [189] | 6.04 8.15  9.90

Table 4.5: Comparison with state-of-the-art language-supervised SGG methods, us-
ing weak scene graph supervision from three different text sources: unlocalized scene
graphs, VG caption and COCO caption. All metrics are computed under the SGDET
protocol on VG150 images. (7 indicates adapted for SGG.)

substantial improvements on recall metrics over existing best results (R@20/50/100
from 9.57/11.80/13.15 to 18.02/23.89/28.19). Since relation frequency statistics are
available in this setting, we use them as frequency biases |62] in predicate classifi-
cation, leading to further performance gains (VS? (Swin-T+FreqBias))- YWhen using the
stronger Swin-L backbone (VS? (Swin-L+ FreqBias)), We attain the highest performances
(R@20/50/100 = 22.18/29.81/34.96), which even outperform many fully supervised
methods (see Table 4.3). The VG caption setting provides weaker scene graph super-
vision via language parsing. We observe that our approach also outperforms previous
state-of-the-art methods significantly. As for the most challenging COCO caption set-
ting, it suffers from the additional domain shift problem since it trains on COCO
but evaluates on VG150. As expected, the performances are lower than in the two
aforementioned settings. But when comparing with previous works using the same
text source, our approach still manages to achieve better performances. Overall, our
approach consistently surpasses previous methods for language-supervised SGG. This
demonstrates the benefits brought by pre-trained language-image models in terms of
both grounding box acquirement and task transferring to tackle SGG.

Ablation on scene graph parsing strategy. We also conduct ablation studies
on different scene graph parsing strategies for obtaining language SGG supervision.
The results are shown in Table 4.6. Note that each image in COCO is annotated
with 5 captions, and these captions are usually complimentary in describing image
content. At first, we compare the performances between training with triplets from a
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SG from SG parser | R@20/50/100
Single caption  Simple 5.07 / 6.25 / 7.36
All captions Simple 542 / 6.82 / 7.93
All captions  Advanced | 5.59 / 7.30 / 8.62

Table 4.6: Ablation on scene graph parsing strategies for language-supervised SGG.

Results are obtained with VS? g7 trained on scene graph supervision parsed from
(- )

COCO captions.

single caption and all captions. We see the recalls achieve relative 10% performance
boosts by replacing triplets from a single caption with all captions. This suggests
the completeness of extracted scene graphs from image descriptions is a non-negligible
factor for training a high-quality SGG model.

Moreover, we compare two language parsers for extracting (subject, predicate, object)
triplets: the simple SG parser [194], and the advanced SG parser [112|. Both parsers
apply pre-defined rules to extract object and relation concepts from the semantic graphs
of image language descriptions. Compared with the simple SG parser, the advanced
SG parser covers additional features for dealing with complex quantificational modi-
fiers (e.g., a lot of ), resolving pronouns (e.g., it) and handling plural nouns (e.g., three
men). The performance boosts of the advanced SG parser over the simple one (recalls
from 5.42/6.82/7.93 to 5.59/7.30/8.62), indicates that the quality of semantic parsing
is also important for language-supervised SGG.

4.4.4 Open-vocabulary SGG

Setup. Following [201], we train the proposed VS? with the same 70% object categories
of VG150 as base categories. With the aid of the pre-trained VSS, we hope VS? can
generalize to recognize the remaining 30% novel objects and their involved relations
at inference. Concretely, we compute evaluation metrics over two object category
sets: 70% base + 30% novel objects (dubbed as open-vocabulary SGG (Ov-SGG)
evaluation), and 30% novel objects (dubbed as zero-shot SGG (ZsO-SGG) evaluation).

In addition, we adopt the PREDCLS and SGDET evaluation protocols [12]. PRED-
CLS assumes object information given, yet SGDET generates scene graphs from the
raw image using predicted objects. Since VS? detects objects in a one-stage manner,
we implement PREDCLS by selecting image regions that best match the ground-truth
objects in post-processing, then performing relation recognition. We neglect the SG-
CLS protocol that assumes bounding box information given. This is because given
bounding boxes can be directly used as region proposals in two-stage detectors, while
the adopted one-stage manner in VS?® has no region proposal counterpart.

Fully supervised results. We first conduct experiments using manually an-
notated scene graphs. The results are presented in Table 4.7. For both Ov-SGG
and ZsO-SGG, VS? achieves substantial performance improvements under PREDCLS.
When upgrading to the stronger backbone Swin-L, more significant improvements are
obtained. More importantly, we report performances for the challenging and more
practical SGDET, which are neglected by all previous methods since their used object
detector cannot handle open-vocabulary detection [201]. The SGDET performances
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Method Ov-SGG (70%+30%) 7ZsO-SGG (30%)
PREDCLS SGDET PREDCLS SGDET
IMP [12] 40.02 / 43.40 - 37.01 / 39.46 -
MOTIFS [62] | 41.14 / 44.70 - 39.53 / 41.14 -
VCTREE [131] | 42.56 / 45.84 - 41.27 / 42.52 -
TDE |[75] 38.29 / 40.38 - 34.15 / 36.37 -
GCA [203] 43.48 / 46.26 - 42.56 / 43.18 -
EBM [209] 44.09 / 46.95 - 43.27 / 44.03 -
SVRP [201] 47.62 / 49.94 - 45.75 / 48.39 -
VS? (win-1) 50.10 / 52.05  15.07 / 18.73 46.91 /4913 10.08 / 13.65
VS? (suin-1) 55.88 / 58.18 23.13 / 28.49 | 54.44 / 57.35 21.51 / 27.62

Table 4.7: Evaluation results (R@50/100) of fully supervised open-vocabulary SGG.
Ov-SGG evaluates on 70% base categories + 30% novel categories in VG150, while
ZsO-SGG only evaluates on 30% novel categories.

Method SG supervision | Ov-S8GG (70%+30%) ZsO-SGG (30%)
Manual annotation | 15.07 / 18.73 10.08 / 13.65

VS (suin) VG caption 7.61 / 9.60 4.06 / 5.58
COCO caption 4.39 / 5.63 3.65 / 4.73
Manual annotation 23.13 / 28.49 21.51 / 27.62

VSS(SU,M,L) VG caption 12.98 / 16.29 10.71 / 13.70
COCO caption 6.76 / 8.45 6.26 / 7.89

Table 4.8: Evaluation results (R@50/100) of open-vocabulary SGG using three dif-
ferent scene graph supervisions: manual annotation, VG caption and COCO caption
(language-supervised). Ov-SGG evaluates on 70% base categories + 30% novel cate-
gories in VG150, while ZsO-SGG only evaluates on 30% novel categories.

(R@50/100 = 10.08/13.65) of ZsO-SGG using VS?* are even higher than SGCLS met-
rics of SVRP (R@50/100 = 9.30/11.32 in [201]). This reveals the superiority of our
approach to recognizing novel objects thanks to the open-vocabulary generalization
ability of the pre-trained VSS.

Language-supervised results. Next, we evaluate the most challenging setting,
i.e., open-vocabulary SGG using language supervision. To our knowledge, we are the
first to propose such a new and practical SGG setting, and present the benchmark per-
formances in Table 4.7. Not surprisingly, the recalls obtained via language-supervised
training (i.e., SG from VG caption or COCO caption) are lower than supervised re-
sults (i.e., SG from annotated). When comparing VS3(Swm_T) and VS3(Swm-L) that is
transferred from a stronger pre-trained model, the latter gets substantially higher Ov-
SGG and ZsO-SGG performances. More importantly, we observe the performance gap
between Ov-SGG and ZsO-SGG get closer in VSS(Swm_L), e.g., the R@Q50 gap under
the VG caption setting becomes 12.98-10.71=2.27 from 7.61-4.06=3.55. This is due
to the better generalization ability for recognizing novel classes. Moreover, the supe-
rior performances obtained by VG caption over COCO caption, indicate that using
dense region-level descriptions and avoiding domain shift will help improve language-
supervised open-vocabulary SGG in practice.

Qualitative analysis. We further showcase qualitative results of open-vocabulary
SGG in Figure 4.3. The results demonstrate that our approach manages to detect
novel objects and their relations with other objects. We also find that, compared with
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Figure 4.3: Qualitative results of open-vocabulary SGG, particularly from fully super-
vised and language-supervised (VG caption) settings. Note that dotted nodes denote
novel objects. For clarity, we only show triplets among the top 20 predictions that
depict relations of highlighted image regions (i.e., boxes on input images).

the fully supervised setting, the language-supervised results bias to predict simple
relations such as ‘on’, ‘of’. Presumably, it’s because scene graph supervision parsed
from language is more likely to extract such simple words as relation predicates.

4.5 Conclusion

In this chapter, we have proposed a novel approach to exploit a powerful pre-trained
VSS for triggering language-supervised and open-vocabulary SGG. Particularly, we ob-
tain cheap scene graph supervision by semantically parsing image language descriptions
into semantic graphs and grounding the noun phrases through region-word alignment
in the VSS. In addition, we devise the VS* model, which performs object detection as
category name grounding in the VSS and naturally builds relation representations for
relation recognition. Thanks to the open-vocabulary generalization ability of the VSS,
VS? manages to detect novel objects and their relations with other objects, achieving
open-vocabulary SGG. We validate our approach on the Visual Genome benchmark
across supervised, language-supervised and open-vocabulary SGG settings, and have
set new state-of-the-art performances. This demonstrates the merits of transferring
pre-training knowledge to push SGG toward more practical scenarios.



Chapter 5

Human-centric Scene Graph
Generation using Transformer

Our previous works generate scene graphs that involve relations of all kinds of ob-
jects. Note that human-object interactions (i.e., human-centric relations) are the most
noteworthy relations in scene graph representations. In this chapter!, we exploit the
high-performing Transformer architecture for human-centric SGG - or the Human-
Object Interaction (HOI) detection task. Its input is an image, and the output is a set
of HOI triplets, or equivalently a human-centric scene graph representation.

We notice that recent high-performing HOI detection techniques have been highly
influenced by Transformer-based object detectors (i.e., DETR). Nevertheless, most of
them directly map parametric interaction queries into a set of HOI predictions through
a vanilla Transformer in a one-stage manner. This leaves rich inter- or intra-interaction
structures under-exploited. In this work, we design a novel Transformer-style HOI de-
tector, i.e., Structure-aware Transformer over Interaction Proposals (STIP), for HOI
detection. Such design decomposes the process of HOI set prediction into two sub-
sequent phases, i.e., an interaction proposal generation is first performed, and then
followed by transforming the non-parametric interaction proposals into HOI predic-
tions via a structure-aware Transformer. The structure-aware Transformer upgrades
the vanilla Transformer by encoding additionally the holistically semantic structure
among interaction proposals as well as the local spatial structure of human/object
within each interaction proposal, so as to strengthen HOI predictions. Extensive ex-
periments conducted on V-COCO and HICO-DET benchmarks have demonstrated
the effectiveness of STIP, and superior results are reported when comparing with the
state-of-the-art HOI detectors.

1Yong Zhang, Yingwei Pan, Ting Yao, Rui Huang, Tao Mei, and Chang-Wen Chen. “Ezploring
Structure-aware Transformer over Interaction Proposals for Human-Object Interaction Detection.” In
Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR),
2022.
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(b) Structure-aware Transformer over Interaction Proposals (STIP)

Figure 5.1: Comparison between existing Transformer-style HOI detectors and our
STIP. (a) Existing Transformer-style HOI detectors directly transform the parametric
interaction queries into HOI predictions via vanilla Transformer in a one-stage fashion.
(b) STIP adopts a two-phase solution, i.e., first producing interaction proposals via In-
teraction Proposal Network, and then mapping the non-parametric interaction queries
(i.e., interaction proposals) into HOI predictions. Both the inter- and intra-interaction
structures derived from interaction proposals are additionally exploited to boost HOI
set prediction through a structure-aware Transformer.

5.1 Introduction

Human-Object Interaction (HOT) detection [210, 211] is intended to localize the inter-
active human-object pairs within an image and identify the interactions in between,
yielding the HOI predictions in the form of (human, object, interaction) triplets. Prac-
tical HOI detection systems perform the human-centric scene understanding, and thus
have a great potential impact for numerous applications, such as surveillance event
detection [212, 213] and robot imitation learning [214]. In general, conventional HOI
detectors [127, 129, 215, 216, 217, 218, 219, 220, 221, 222| tackle the HOI set predic-
tion task in an indirect way, by formalizing it as surrogate regression and classifica-
tion problems for human/object/interaction. Such an indirect approach needs subse-
quent post-processing by collapsing near-duplicate predictions and heuristic matching
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[129, , |, and thus cannot be trained in an end-to-end fashion, resulting in a sub-
optimal solution. The intent to overcome the problem of sub-optimal solution leads to
the development of recent state-of-the-art HOI detectors [128, , , 223] that follow
the Transformer-based detector of DETR [22]| to cast HOI detection as a direct set
prediction problem, and embrace the “end-to-end” philosophy (Figure 5.1 (a)). In par-
ticular, a vanilla Transformer is commonly utilized to map the parametric interaction
queries (i.e., the learnable positional embedding sequence) into a set of HOI predictions
in a one-stage manner. However, these HOI detectors start the HOI set prediction from
the parametric interaction queries with randomly initialized embeddings. That is, the
correspondence between parametric interaction queries and output HOIs (commonly
assigned by Hungarian algorithm for training) is dynamic in which the interaction
query corresponding to each target HOI (e.g., “human hold bat") is unknown at the
beginning of HOI set prediction. This can adversely hinder the exploration of prior
knowledge (i.e., inter-interaction or intra-interaction structure) which would be
very useful for relational reasoning among interactions in HOI set prediction.

Specifically, by inter-interaction structure, we refer to the holistic semantic depen-
dencies among HOIs, which can be directly defined by considering whether or not
two HOIs share the same human or object. Such structure implies the common sense
knowledge that shall facilitate the prediction of one HOI by exploiting its semantic
dependencies against other HOIs. Taking the input image in Figure 5.1 as an exam-
ple, the existence of “human wear (baseball) glove" provides a strong indication for
“(another) human hold bat". Moreover, the intra-interaction structure can be inter-
preted as the local spatial structure for each HOI, i.e., the layout of human and object,
which acts as additional prior knowledge to steer model’s attention over image areas
for depicting the interaction.

In this work, we design a novel scheme based on a Transformer-style HOI detector,
namely Structure-aware Transformer over Interaction Proposals (STIP). The design
innovation is to decompose the one-stage solution of set prediction into two cascaded
phases, i.e., first producing the interaction proposals (i.e., the probably interactive
human-object pairs) and then performing HOI set prediction based on the interaction
proposals (Figure 5.1 (b)). By taking the interaction proposals derived from Interaction
Proposal Network (IPN) as non-parametric interaction queries, STIP naturally triggers
the subsequent HOI set prediction with more reasonable interaction queries, leading to
static query-HOI correspondence that is capable of boosting HOI set prediction. As
a beneficial by-product, the predicted interaction proposals offer a fertile ground for
constructing a structured understanding across interaction proposals or between human
& object within each interaction proposal. A particular form of Transformer, i.e.,
structure-aware Transformer, is designed accordingly to encode the inter-interaction or
intra-interaction structure for enhancing HOI predictions.

In sum, we have made the following contributions: (1) The proposed two-phase
implementation of the Transformer-style HOI detector is shown capable of seamless
incorporation of potential interactions among HOI proposals to overcome the prob-
lem associated with one-stage approach; (2) The exquisitely designed structure-aware
Transformer is shown able to facilitate additional exploitation opportunity for uti-
lizing inter-interaction and intra-interaction structure for enhanced performance of
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the vanilla Transformer; (3) The proposed structure-aware Transformer approach has
been properly analyzed and verified through extensive experiments over V-COCO and
HICO-DET datasets to validate its potential in solving the problems associated with
one-stage approach to achieve desirable HOI detection.

5.2 Related Work

The task of Human-Object Interaction (HOI) detection has been primordially defined
[210, | and recent developments of HOI detectors can be briefly divided into two
categories: the two-stage methods and one-stage approaches.

Two-stage Methods. The first category schemes [126, , , , , ,
, , , , , , , | mainly adopt two-stage paradigm, i.e.,

ﬁrst detect humans/objects via off-the-shelf modern object detectors (e.g., Faster R—
CNN [231]) and then carry out interaction classification. A number of schemes have
been proposed to strengthen the HOI feature learning in the second stage for interac-
tion classification. Generally, similar to prior works for visual relationship detection
[58, 232, 233], HOI features are typically derived from three perspectives [126, 215, 216]:
appearance/visual features of humans and objects, spatial features (e.g., the pairwise
bounding boxes of human-object pair), and linguistic feature (e.g., the semantic em-
beddings of human/object labels). Various approaches [127, , , , , |
further capitalize on message passing mechanism to perform relational reasoning over
instance-centric graph structure, aiming to enrich HOI features with global contextual
information among human and object instances. The authors in [221] devise contex-
tual attention mechanisms to facilitate the mining of contextual cues. Moreover, the
information about human pose [227, 230, 236], body parts [237]| or detailed 3D body
shape [238] can also be exploited to enhance HOI feature representation. In [228, 239],
additional knowledge from external sources and language domain are further exploited
to boost HOI feature learning. Most recently, the ATL scheme [227] constructs the
affordance feature bank across multiple HOI datasets and injects affordance feature
into object representations when inferring interactions.

One-stage Approaches. The second category schemes mainly construct one-
stage HOI detectors [128, , , , , , | by directly predicting
HOI triplets, which are potentially faster and simpler than two-stage HOI detectors.
UnionDet [129] is one of the first attempts that directly detect the union regions of
human-object pairs in a one-stage manner. Other schemes [218, | formulate HOI
detection as a keypoint detection problem, and thus enable a one-stage solution for
this task. Most recently, inspired by the success of Transformer-based object detectors
(e.g., DETR [22]), there has been a steady momentum of breakthroughs that push
the limits of HOI detection by using Transformer-style architecture. In particular,
the authors in 132, | employ a single interaction Transformer decoder to predict
a set of HOI triplets, and the whole architecture can be optimized in an end-to-end
fashion with Hungarian loss. However, the authors in [128, | design two parallel
Transformer decoders for detecting interactions and instances, and the outputs are
further associated to produce final HOI predictions.
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Figure 5.2: An overview of our proposed STIP framework. (a) Given an input image,
we adopt an off-the-shelf DETR to detect the human and object instances within this
image. (b) Based on the detected human and object instances, the Interaction Pro-
posal Network (IPN) constructs all possible human-object pairs and then predicts the
interactiveness score of each human-object pair. The most interactive human-object
pairs with the highest interactiveness scores are taken as the output interaction pro-
posals. (c) Next, by taking all interaction proposals as graph nodes and exploiting
semantic connectivity as edges, we build an interaction-centric graph that unfolds rich
inter-interaction semantic structure and intra-interaction spatial structure. (d) Finally,
a structure-aware Transformer is utilized to transform the non-parametric interaction
queries (i.e., interaction proposals) into a set of HOI predictions by additionally guid-
ing relational reasoning with the inter- or intra-interaction structure derived from an
interaction-centric graph.

This Scheme. The proposed STIP can also be considered as a Transformer-style
architecture that tackles HOI detection as a set prediction problem, which eliminates
the post-processing and enables the architecture to be end-to-end trainable. Unlike ex-
isting Transformer-style methods [128, 130, 132, 223] that perform HOI set prediction
in a one-stage manner, the proposed STIP decomposes this process into two phases:
the proposed scheme first produces interaction proposals as high-quality interaction
queries and then takes them as non-parametric queries to trigger the HOI set predic-
tion. Moreover, this STIP scheme goes beyond the conventional relational reasoning
via vanilla Transformer by leveraging a structure-aware Transformer to exploit the
rich inter- or intra-interaction structure, thereby boosting the performance of the HOI
detection.
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5.3 Approach

In this work, we devise the Structure-aware Transformer over Interaction Proposals
(STIP) that casts HOI detection as a set prediction problem in a two-phase fashion.
Meanwhile, this scheme boosts HOI set prediction with the prior knowledge of inter-
and intra-interaction structures. Figure 5.2 depicts an overview of the proposed STIP.
The whole framework consists of four main components, i.e., DETR for object de-
tection, interaction proposal network for producing interaction proposals, interaction-
centric graph construction, and structure-aware Transformer for HOI set prediction.
Specifically, an off-the-shelf DETR [22] is first adopted to detect humans and objects
within the input image. Next, based on the detection results, we design the Interaction
Proposal Network (IPN) to select the most interactive human-object pairs as interac-
tion proposals. After that, we take all selected interaction proposals as graph nodes to
construct an interaction-centric graph to reveal the inter-interaction semantic structure
and intra-interaction spatial structure. The selected interaction proposals are further
taken as non-parametric queries to trigger the HOI set prediction via a structure-aware
Transformer by exploiting the structured prior knowledge derived from an interaction-
centric graph to strengthen relational reasoning.

5.3.1 Interaction Proposal Network

Conditioned on the detected human and object instances from DETR, the Interaction
Proposal Network (IPN) targets for producing interaction proposals, i.e., the probably
interactive human-object pairs. Concretely, we first construct all possible human-
object pairs with pairwise connectivity between detected humans and objects. For each
human-object pair, the IPN further predicts the probability of interaction existing in
between (i.e., “interactiveness" score) through a multi-layer perceptron (MLP). Only
the top- K human-object pairs with the highest interactiveness scores are finally emitted
as the output interaction proposals.

Human-Object Pairs Construction. Here we connect each pair of detected
human and object instances, yielding all possible human-object pairs within the input
image. Each human-object pair can be represented from three perspectives, i.e., the ap-
pearance feature, spatial feature, and linguistic feature of human and object. In partic-
ular, the appearance feature is directly represented as the concatenation of human and
object instance features derived from DETR (i.e., the 256-dimensional region feature
before final prediction heads). By defining the normalized center coordinates of human

h _h

and object bounding boxes as (c;,cy) and (c7, cj), we measure the spatial feature as

the concatenation of all geometric properties, i.e., [dz, dy, dis, arctan(fl—g), Ap, A, 1, U],
where dr = ¢ — 2, dy = CZ — ¢y, dis = \/dx* + dy*. Ap, A, I,U denote the areas
of the human, object, their intersection, and union boxes, respectively. The linguistic
feature is achieved by encoding the label name of the object (one-hot vector) into a 300-
dimensional vector. The final representation of each human-object pair is calculated
as the concatenation of appearance, spatial, and linguistic features.

Interactiveness Prediction. The interactiveness prediction module in IPN takes
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Figure 5.3: Definition of six kinds of inter-interaction semantic dependencies
(HOI(i5)—HOI(i1)) between interaction HOI(i;) and HOI(42) (square: human/object
instance, circle: interaction).

the feature of each human-object pair as input, and learns to predict the probability
of whether interactions exist between this pair, i.e., interactiveness score. We frame
this sub-task of interactiveness prediction as a binary classification problem, and im-
plement this module as MLP coupled with Sigmoid activation. During training, for
each input image, we sample at most K human-object pairs, which consist of positive
and negative pairs. Note that if both [oUs of predicted human and object bound-
ing boxes in one human-object pair w.r.t ground-truths are larger than 0.5, we treat
this pair as a positive sample, otherwise it is a negative sample. One natural way to
fetch negative pairs is to use random sampling strategy. Instead, here we employ the
hard mining strategy [210] to sample negative pairs with high predicted interactiveness
scores, aiming to facilitate the learning of interactiveness prediction. After feeding all
the NV sampled human-object pairs in a mini-batch into the interactiveness prediction

module, we optimize this module with focal loss [120] (F'L):
;&
Lyroposal = —x— FL(z;, z), 5.1
proposal 21111 2 ;:1: ( ) (5.1)

where z; € {0,1} indicates whether interactions exist in ground-truth and Z; is the
predicted interactiveness score. At inference, only the top-K human-object pairs with
the highest interactiveness scores are taken as interaction proposals.

5.3.2 Interaction-Centric Graph

Based on all the selected interaction proposals of each input image via IPN, we next
present how to construct an interaction-centric graph that fully unfolds the rich prior
knowledge of inter- and intra-interaction structures. Technically, we take each inter-
action proposal as one graph node, and the interaction-centric complete graph is thus
built by densely connecting every two nodes as graph edges.

Inter-interaction Semantic Structure. Intuitively, there exists a natural se-
mantic structure among interactions within the same image. For example, when we
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Figure 5.4: Definition of intra-interaction spatial structure for each interaction: (a)
interaction proposal in an image; (b) the spatial structure, i.e., the layout of each
component in this interaction; (c) the assigned label for each location in an image.

find the interaction of “human hold mouse" in an image, it is very likely that the men-
tioned “human” is associated with another interaction of “human look-at screen." This
motivates us to exploit such common sense knowledge implied in the inter-interaction
semantic structure to boost relational reasoning among interactions for HOI detec-
tion. Formally, we express the directional semantic connectivity as (HOI(iy) —HOI(7;)),
which denotes the relative semantic dependency of interaction proposal HOI(7;) against
interaction proposal HOI(i5). Six kinds of inter-interaction semantic dependencies are
thus defined according to whether two interaction proposals share the same human or
object instance, as shown in Figure 5.3.

Concretely, if HOI(i;) and HOI(i3) do not share any human/object instance, we
classify their dependency as “disjunctive" (class 0). If HOI(i;) and HOI(i5) only share
the same human/object instance, we set the label of dependency as “same-human"
(class 1) or “same-object" (class 2). When the human/object instance of HOI(4) is
exactly the object/human instance of HOI(iz), the dependency is classified as “series-
opposing" (class 3) and “series" (class 4), respectively. If both of the human and object
instances of HOI(4;) and HOI(iy) are same, the label of this dependency is “same-pair"
(class 5).

Intra-interaction Spatial Structure. The inter-interaction semantic structure
over the whole interaction-centric graph only unfolds the holistically semantic depen-
dencies across all interaction proposals, while leaving the local spatial structure of hu-
man /object within each interaction proposal unexploited. Therefore, we characterize
each graph node with an intra-interaction spatial structure, which can be interpreted as
the layout of each component in the corresponding interaction proposal (see Figure 5.4).
Specifically, we first identify the spatial location of each component (i.e., background,
union, human, object, and intersection) for this interaction over the whole image, and
then assign layout label [;; € {0, 1,2, 3,4} to each location in this image according to
the corresponding component.

5.3.3 Structure-aware Transformer

With the K interaction proposals and the interaction-centric graph, we next present
how to integrate the prior knowledge of inter- and intra-interaction structures into rela-
tional reasoning for HOI set prediction in STIP. In particular, a structure-aware Trans-
former is devised to contextually encode all interaction proposals with the additional
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guidance of inter- and intra-interaction structures via structure-aware self-attention
and cross-attention modules, yielding structure-aware HOI features for predicting HOI
triplets.

Preliminary. We first briefly recall the vanilla Transformer that capitalizes on the
attention mechanism, which aims to transform a sequence of queries ¢ = (qu, ..., @)
plus a set of key-value pairs (k = (ki,...,k,),v = (v1,...,v,)) into the output se-
quence o = (04, ..., 0,,). Each output element o; is computed by aggregating all values
weighted with attention: o; = 3, a;;(W,v;), where each attention weight «;; is nor-

malized with softmax (a;; = %) Here the primary attention weight e;; is
J 7
measured as the scaled dot-product between each key k; and query g;:
_ (Waa)" (Wik;)

€5 = (5.2)
! vV dkey

Note that dj., is the dimension of keys, and W,, W, W,, are learnable embedding

matrices.

Structure-aware Self-attention. Existing Transformer-type HOI detectors per-
form relational reasoning among interactions via the self-attention module in vanilla
Transformer for HOI set prediction. However, the relational reasoning process in
vanilla Transformer is triggered by the parametric interaction queries, and leaves the
prior knowledge of inter-interaction structure under-exploited. As an alternative, our
structure-aware Transformer starts HOI set prediction from the non-parametric queries
(i.e., the selected interaction proposals), and further upgrades the conventional rela-
tion reasoning with inter-interaction semantic structure through the structure-aware
self-attention module.

Specifically, by taking the K interaction proposals q as interaction queries, keys,
and values, the structure-aware self-attention module conducts the inter-interaction
structure-aware reasoning among interactions to strengthen the HOI representation of
each interaction. Inspired by relative position encoding in [211], we supplement each
key g; with the encodings of its inter-interaction semantic dependency with regard to
query g;, which is measured as the concatenation of g; and the corresponding semantic
dependency label d;; € {0,1...,5}. In this way, we incorporate the inter-interaction
semantic structure into the learning of attention weight by modifying Eq. (5.2) as:

etf _ (Wa@)" (Wid; + (), Baep(diy)))

" vV dkey ’

where FEg, denotes the embedding matrix of semantic dependency label and % is
implemented as a 2-layer MLP to encode the inter-interaction semantic dependency.
Accordingly, the output intermediate HOI features q of structure-aware self-attention
module are endowed with the holistically semantic structure among interactions.

(5.3)

Structure-aware Cross-attention. Next, based on the intermediate HOI fea-
tures g, a structure-aware cross-attention module (see Figure 5.5) is utilized to further
enhance HOI features by exploiting contextual information between interactions and
the original image feature map in DETR. Formally, we take the K intermediate HOI
features ¢ = (Gu, ..., i) as queries, and the image feature map « = (xy, ..., x,) as keys
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Figure 5.5: Structure-aware cross-attention module.

and values. The structure-aware cross-attention module performs intra-interaction
structure-aware reasoning over the image feature map to strengthen the HOI fea-
ture of each interaction. Similar to the structure-aware self-attention module, each
key @x; is supplemented with the encodings of the intra-interaction spatial structure
with regard to query §; (i.e., the concatenation of x; and its assigned layout label
li; €{0,1,2,3,4}). The learning of attention weight in structure-aware cross-attention
module is thus integrated with the intra-interaction spatial structure, which is mea-
sured as:

Jeross _ (Wadi)' (Wj; + pos; + (@), Biay (1)) (5.4

where pos; is the position encoding, Ej,, is the embedding matrix of the layout label,
and we implement ¢ as a 2-layer MLP to encode the intra-interaction spatial structure.

5.3.4 Training Objective

During training, we feed the final output HOI representations of the structure-aware
Transformer into the interaction classifier (implemented as a 2-layer MLP) to predict
the interaction classes of each interaction proposal. The objective of interaction clas-
sification is measured via focal loss:

Lcs: FL icy Yic 5.5
! Z”Zc— ZZ (fics Yic) (5.5)

1 Yic =1 =1

where C' is the number of interaction classes, y;. € {0, 1} indicates whether the labels
of i-th proposal contain the c-th interaction class, and ;. is the predicted probability
of c-th interaction class. Accordingly, the overall objective of our STIP integrates the
interactiveness prediction objective in Eq. (5.1) and interaction classification objective

in Eq. (5.5):

LSTIP - Lproposal + Lcls- (56)
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5.4 Experiments

In this section, we empirically evaluate our STIP on two widely adopted HOI detection

benchmarks, i.e., V-COCO [211] and HICO-DET [126].

5.4.1 Datasets and Experimental Settings

V-COCO is a popular dataset for benchmarking HOI detection, which is a subset of
MS-COCO [242] covering 29 action categories. This dataset consists of 2,533 training
images, 2,867 validation images, and 4,946 testing images. Following the settings in

[130], we adopt Average Precision (AP,,.) over 25 interactions as the evaluation metric.
Two kinds of AP, .., i.e., APf;lle and APfO?e, are reported under two scenarios with

different scoring criteria for object occlusion cases. Specifically, in the scenario of
APf;lle, the model should manage to infer the occluded object correctly by predicting
the 2D location of its bounding box as [0,0,0,0], meanwhile precisely localizing the
corresponding human bounding box and recognizing the interaction in between. In

contrast, for the scenario of APfsfe, there is no need to infer the occluded object.

HICO-DET is a larger HOI detection benchmark, which contains 37,536 and 9,515
images for training and testing, respectively. The whole dataset covers 600 categories
of (human,object,interaction) triplets, covering the same 80 object categories as in
MS-COCO [242] and 117 verb categories. We follow [120] and report mAP in two
different settings (Default and Known Object). Here the Default setting represents
that the mAP is calculated over all testing images, while Known Object measures
the AP of each object solely over the images containing that object class. For each
setting, we report the AP over three different HOI category sets, i.e., Full (all 600 HOI
categories), Rare (138 HOI categories where each one contains less than 10 training
samples), and Non-Rare (462 HOI categories where each one contains 10 or more
training samples).

Implementation Details. For fair comparison with state-of-the-art baselines, we
adopt the same object detector DETR pre-trained over MS-COCO (backbone: ResNet-
50) and all learnable parameters in DETR are frozen during training as in [130]. On
the HICO-DET dataset, we additionally report the results by fine-tuning DETR on
HICO-DET and the performances by further jointly fine-tuning the object detector and
HOI detector. In the experiments, we select the top-32 probably interactive human-
object pairs as the output interaction proposals of the Interaction Proposal Network.
Our proposed structure-aware Transformer consists of 6 stacked layers (structure-aware
self-attention plus cross-attention modules). The whole architecture is trained over 2
Nvidia 2080ti GPUs with the AdamW optimizer. The mini-batch size is 8 and we set
the initial learning rate as 5 x 107°. The maximum training epoch number is 30.

5.4.2 Performance Comparisons

V-COCO. Table 5.1 summarizes the performance comparisons in terms of APj(flle and

APT#O?6 on V-COCO. In general, the results across all metrics under the same back-
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Method Backbone Feature APfolle APT#Olze
One-stage methods

UnionDet [129] R50 A 47.5 56.2
IPNet [227] HG-104 A 51.0 -
GGNet [131] HG-104 A 54.7 -
HOITrans [132] R50 A 52.9 -
AS-Net [128] R50 A 53.9 -
HOTR [130] R50 A 552 64.4
QPIC [223] R50 A 58.8 61.0
Two-stage methods

InteractNet [210] R50-FPN A 40.0  48.0
GPNN [219] R101 A 44.0 -
TIN [227] R50 A+S+P 48.7 -
DRG [127] R50-FPN  A+S+L 51.0 -
FCMNet [217] R50 A+S+L+P 531 -
ConsNet [228] R50-FPN  A+S+L 53.2 -
IDN [220] R50 A4S 53.3 60.3
STIP (Ours) R50 A 65.1  69.7
STIP (Ours) R50 A+S+L 66.0 70.7

Table 5.1: Performance comparison on V-COCO dataset. The letters in the Fea-
ture column indicate the input features: A (Appearance/Visual features), S (Spatial
features [215]), L (Linguistic feature of label semantic embeddings), P (Human pose
feature).

bone (ResNet-50, R50 in short) consistently demonstrate that our STIP exhibits bet-
ter performances against existing techniques, including both one-stage methods (e.g.,
UnionDet, AS-Net, HOTR, and QPIC) and two-stage methods (e.g., FCMNet, Con-
sNet, and IDN). The results generally highlight the key advantage of two-phase HOI
set prediction and the exploitation of inter- and intra-interaction structures. In par-
ticular, the conventional two-stage HOI detectors (e.g., GPNN, TIN, DRG) commonly
construct instance-centric graphs to mine contextual information among instances. In-
stead, recent Transformer-style HOI detectors (e.g., HOITrans, AS-Net, HOTR, QPIC)
fully capitalize on a vanilla Transformer to perform relational reasoning among in-
stances/interactions, thereby leading to performance boosts. However, when only us-
ing appearance features (A), the APf;lle and AP?2 of HOTR and QPIC are still lower

role
than our STIP, which not only takes interaction proposals as non-parametric interaction
queries to trigger HOI set prediction, but also leverages a structure-aware Transformer
to exploit the prior knowledge of inter-interaction and intra-interaction structures. For
our STIP, further performance improvement is attained when utilizing more kinds of

features (e.g., spatial and linguistic features).

HICO-DET. We further evaluate our STIP on the more challenging HICO-DET
dataset. Table 5.2 reports the mAP scores over three different HOI category sets for
cach setting (Default/Known Object) in comparison with the state-of-the-art methods.
Here we include three different training settings, i.e., pre-train object detector on MS-
COCO, fine-tune object detector on HICO-DET, and jointly fine-tune object detector
and HOI detector on HICO-DET, for a fair comparison. Similar to the observations on
V-COCO, our STIP achieves consistent performance gains against existing HOI detec-
tors across all the metrics for each training setting. The results basically demonstrate
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Default Known Object
Method Backbone  Feature Full Rare Non-Rare Full Rare Non-Rare
Object detector pre-trained on MS-COCO
InteractNet [216] R50-FPN A 9.94 7.16 10.77 - - -
GPNN [219] R101 A 13.11 9.41 14.23 - - -
UnionDet [129)] R50 A 14.25 10.23 15.46 19.76  14.68 21.27
TIN [227] R50 A+S+P 17.22 13.51 18.32 19.38  15.38 20.57
IPNet [222] R50-FPN A 19.56 12.79 21.58 22.05 15.77 23.92
DRG [127] R50-FPN  A+S+L 19.26 17.74 19.71 23.40 21.75 23.89
FCMNet [217] R50 A+S+L+P  20.41 17.34 21.56 22.04 1897 23.12
ConsNet [228] R50-FPN  A+S+L 22.15 17.12 23.65 - - -
IDN [226] R50 A+S 23.36 22.47 23.63 26.43  25.01 26.85
HOTR [130] R50 A 2346  16.21 25.60 - - -
AS-Net [128] R50 A 24.40 22.39 25.01 2741  25.44 28.00
STIP (Ours) R50 A 28.11 25.85 28.78 31.23 27.93 32.22
STIP (Ours) R50 A+S+L 28.81 27.55 29.18 32.28 31.07 32.64
Object detector fine-tuned on HICO-DET
DRG [127] R50-FPN  A+S-+L 24.53 19.47 26.04 2798 23.11 29.43
ConsNet [22§] R50-FPN  A+S+L 24.39 17.10 26.56 - - -
IDN [226] R50 A+S 26.29 22.61 27.39 28.24  24.47 29.37
HOTR [130)] R50 A 2510  17.34 27.42 - - -
STIP (Ours) R50 A 29.76 26.94 30.61 32.84  29.05 33.85
STIP (Ours) R50 A+S+L 30.56 28.15 31.28 33.54 30.93 34.31
Jointly fine-tune object detector & HOI detector on HICO-DET
UnionDet [129)] R50 A 17.58 11.72 19.33 19.76  14.68 21.27
PPDM [218] HG104 A 21.73 13.78 24.10 24.58 16.65 26.84
GGNet [131] HG104 A 29.17 22.13 30.84 33.50 26.67 34.89
HOITrans [132] R50 A 23.46 16.91 25.41 26.15  19.24 28.22
AS-Net [128] R50 A 28.87 24.25 30.25 31.74  27.07 33.14
QPIC [223] R50 A 29.07 21.85 31.23 31.68 24.14 33.93
STIP (Ours) R50 A 31.60 27.75 32.75 3441  30.12 35.69
STIP (Ours) R50 A+S+L 32.22 28.15 33.43 35.29 31.43 36.45

Table 5.2: Performance comparison on HICO-DET dataset. The letters in Feature
column indicate the input features: A (Appearance/Visual features), S (Spatial fea-
tures [215]), L (Linguistic feature of label semantic embeddings), P (Human pose
feature).

the advantage of triggering HOI set prediction with the non-parametric interaction pro-
posals and meanwhile exploiting the holistically semantic structure among interaction
proposals & the local spatial structure within each interaction proposal.

5.4.3 Experimental Analysis

Ablation Study. To examine the impact of each design in STIP, we conduct ablation
studies by comparing different variants of STIP on V-COCO and HICO-DET datasets
in Table 5.3. Note that all experiments on HICO-DET here are conducted under the
training setting of object detector fine-tuned on HICO-DET. We start from the basic
model (Base), which utilizes a basic interaction proposal network (randomly sampling
negative samples for training, without the hard mining strategy). The generated in-
teraction proposals in Base model are directly leveraged for interaction classification,
without any Transformer-style structure for boosting HOI prediction. Next, we ex-
tend Base model by leveraging the hard mining strategy to select the hard negative
human-object pairs with higher interactiveness scores for training interaction proposal
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V-COCO HICO-DET (Default)

Method AR#O}P APZZQE Full Rare Non-Rare
Base 52.49 5825 21.74 18.09 22.83
+HM 58.45  62.64 24.16 19.45 25.57
+HM-+TR 63.50  68.07 28.62  26.09 29.38
+HM~+TR5S 64.99  69.94 29.65 26.52 30.59
+HM+TR?5¢ 65.04  69.76 20.74 27.07 30.54

+HM+TR5%+5¢ (STIP) 66.04 70.65  30.56 28.15  31.28

Table 5.3: Performance contribution of each component in our STIP. HM: Hard
Mining strategy for training interaction proposal network. TR: vanilla TRansformer.
TRSS: TRansformer with only Structure-aware Self-attention that exploits inter-
interaction structure. TRSC: TRansformer with only Structure-aware Cross-attention
that exploits intra-interaction structure.

. . V-COCO HICO-DET (Default)
# of selected interaction
proposals (K) APille APffe Full Rare Non-Rare

8 64.20 69.11 29.03 28.16 29.29
16 65.68  70.63 30.18  28.66 30.64
32 66.04 70.65 30.56 28.15 31.28
64 65.93  70.50 30.72 28.96 31.24
100 65.78  70.45 30.40 27.89 31.14

Table 5.4: Performance comparison by using different numbers of selected interaction
proposals (K) for interaction-centric graph construction in our STIP.

network, yielding Base-+HM which achieves better performances. After that, by addi-
tionally involving a vanilla Transformer to perform relational reasoning among interac-
tion proposals, another variant of our model (Base-+HM-+TR) leads to performance
improvements across all metrics. Furthermore, we upgrade the vanilla Transformer
with structure-aware self-attention that exploits the holistically semantic structure
among interaction proposals, and this ablated run (Base+HM-+TR55) outperforms
Base+HM-+TR. Meanwhile, the vanilla Transformer can be upgraded with structure-
aware cross-attention that exploits the locally spatial structure within each interaction
proposal, and Base+HM-+TR?SC also exhibits better performances. These obser-
vations basically validate the merit of exploiting the structured prior knowledge, i.e.,
inter-interaction or intra-interaction structure, for HOI detection. Finally, when jointly
upgrading the vanilla Transformer with structure-aware self-attention and structure-
aware cross-attention (i.e., our STIP), the highest performances are attained.

Effect of Selected Interaction Proposal Number K for Interaction-centric
Graph Construction. Recall that the interaction proposal network in our STIP se-
lects only the top-K human-object pairs with the highest interactiveness scores as the
output interaction proposals for constructing the interaction-centric graph. Such K
selected interaction proposals are also taken as non-parametric interaction queries to
trigger HOI set prediction in the structure-aware Transformer. Here we vary K from 8
to 100 to explore the relationship between the performance and the select interaction
proposal number K. As shown in Table 5.4, the best performances across most met-
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) V-COCO HICO-DET (Default)
# of layers
(L) APf(flle APf(lee Full Rare Non-Rare
0 58.45 62.64 24.16  19.45 25.57
1 64.83  69.57 29.21 26.37 30.06
2 65.55  70.39 30.02 28.11 30.59
4 66.02 70.61 30.47 29.28 30.83
6 66.04 70.65 30.56 28.15 31.28
8 65.44 70.11 30.93 29.78 31.27

Table 5.5: Performance comparison with different layer numbers of the structure-
aware Transformer in our STIP.

rics are attained when K is set as 32. In particular, enlarging the number of selected
interaction proposals (until K = 32) can generally lead to performance boosts on two
datasets. Once K is larger than 64, the performances slightly decrease. We speculate
that the increase in selected interaction proposals results in more invalid proposals,
which may affect the overall stability of relational reasoning among interaction propos-
als. Accordingly, we empirically set the number of selected interaction proposals K as
32.

Effect of Layer Number L in Structure-aware Transformer. To explore the
effect of layer number L in the structure-aware Transformer, we show the performances
on two benchmarks by varying this number from 0 to 8. The best performances across
most metrics are achieved when the layer number is set to L = 6. Specifically, in the
extreme case of L = 0, no self-attention and cross-attention module is utilized, and
the model degenerates to a Base+HM model that directly performs interaction clas-
sification over interaction proposals without any relational reasoning via Transformer-
style structure. When increasing the layer number in the structure-aware Transformer,
the performances are gradually increased in general. This basically validates the ef-
fectiveness of enabling relational reasoning among interaction proposals through the
structure-aware Transformer. In practice, the layer number L is generally set to 6.

Time Analysis. We evaluate the inference time of our STIP on a single Nvidia
2080ti GPU by constructing each batch with a single testing image. Specifically, for
each input batch, object detection via DETR, interaction proposal generation through
interaction proposal network, HOI set prediction with structure-aware Transformer,
and the other processing (e.g., data loading) takes 41.9ms, 7.8ms, 20.4ms, and 3.8ms,
respectively. Consequently, the overall inference stage of STIP finishes in 73.9ms on
average, which is comparable to existing one-stage Transformer-style HOI detectors
(e.g., the inference time of AS-Net [128] is 71ms).

5.4.4 Additional Analysis

Training Time Analysis. In this part, we include the detailed training time compar-
ison between our proposed STIP and several existing Transformer-style HOI detectors
[128, , , |. As shown in Table 5.6, existing Transformer-style HOI detectors
commonly suffer from slow convergence as in DETR [22], which usually require over
100 training epochs. We speculate that this may be the result of HOI set prediction
driven by the parametric interaction queries with randomly initialized embeddings.
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Method Batch Size Epochs (HICO-DET dataset)
AS-Net [127] 64 90
HOTR |130] 16 100
QPIC [223] 16 150
HOITrans [132] 16 250
STIP (Ours) 8 30

Table 5.6: Training time comparison among Transformer-style HOI detectors. All
runs are trained with the same backbone (ResNet-50) and optimizer (AdamW) for a
fair comparison.

V-COCO HICO-DET (Default)

Feature AP*L AP*> Full  Rare Non-Rare
A 65.00 69.66 2076 2694 3061

A+S 65.64 7047 3031 27.85  31.04
A+L 65.60 70.33 3001 2650  31.06
ASHL 66.04 70.65  30.56 28.15  31.28

Table 5.7: An ablation study on the use of different HOI features. The letters in Fea-
ture column indicate the input features: A (Appearance/Visual features), S (Spatial
features), L (Linguistic feature of label semantic embeddings).

Instead, our STIP starts HOI set prediction from non-parametric interaction queries
(i.e., high-quality interaction proposals), thereby leading to more efficient Transformer
learning with only 30 epochs.

Ablation Study on HOI Features. Here we conduct additional ablation studies
to examine how HOI detection performance is affected when capitalizing on different
types of HOI feature representations in our Interaction Proposal Network. Table 5.7
details the performances by exploiting different HOI features in STIP. In particular, the
use of only appearance feature (A) in general achieves superior performances by clearly
outperforming existing HOI detectors (see Table 5.1 and 5.2). As expected, by inte-
grating the appearance feature with additional spatial or linguistic features, consistent
performance gains are attained. The results indicate that both spatial and linguistic
cues are complements to the visual appearance cues of humans and objects. Finally,
the combination of all three types of HOI features reaches the highest performance,
which basically demonstrates the complementarity in between.

Cross-attention Visualization. In order to better qualitatively evaluate the
structure-aware cross-attention module in our structure-aware Transformer, we visu-
alize the attended image regions according to the learned cross-attention weights for
HOTR [130], Base+ HM+TR, and our STIP in Figure 5.6. Note that Base+HM+TR is
a degraded version of our STIP by using a vanilla Transformer for HOI set prediction.
Specifically, as shown in Figure 5.6 (a-1) and (a-2), both HOTR and Base+HM+TR
always focus on similar regions even when predicting different human-object pairs for
the same image. We speculate that this may be the result of solely performing cross-
attention learning in vanilla Transformer without any prior knowledge, where the es-
timated cross-attention can be easily overwhelmed with the inherent salient regions in
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images. As an alternative, our structure-aware Transformer in STIP facilitates cross-
attention learning with the additional guidance of intra-interaction structure, and thus
accurately steers cross-attention over image areas for depicting the target interaction
(see Figure 5.6 (a-3)). Similarly, in Figure 5.6 (b)-(e), our STIP manages to attend
over the relevant regions for recognizing the corresponding target interactions.

5.5 Conclusion and Discussion

In this chapter, we have presented STIP, a new end-to-end Transformer-style model for
human-object interaction detection. Instead of performing HOI set prediction derived
from parametric interaction queries in a one-stage manner, the proposed STIP capital-
izes on a two-phase solution for HOI detection by first producing interaction proposals
and then taking them as non-parametric interaction queries to trigger HOI set pre-
diction. Furthermore, by going beyond the commonly adopted vanilla Transformer, a
novel structure-aware Transformer is designed to exploit two kinds of structured prior
knowledge, i.e., inter- and intra-interaction structures, to further boost HOI set pre-
diction. We validate the proposed scheme and analysis through extensive experiments
conducted on V-COCO and HICO-DET datasets. More importantly, the proposed
STIP achieves new state-of-the-art results on both benchmarks.
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Input image Top predicted HOIs ( with Cross-attention weights visualization)
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Figure 5.6: The cross-attention visualization of testing samples on the HICO-DET
dataset. We highlight the attended image regions according to the cross-attention
weights in the last layer of Transformer. (a-1), (a-2), and (a-3) show the cross-attention
visualization results of the same image for HOTR [130], Base+ HM+TR and our pro-
posed STIP (using the same pre-trained DETR). (b)-(e) showcase more cross-attention
visualization results of our STIP. Particularly, for each image, we present the top-4 pre-
dicted human-object pairs. For each human-object pair (identified by ‘qid’), we also
list the top-3 predicted interactions and their classification scores on the top of each
image.
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Chapter 6

Video Scene Graph Generation using
Spatio-temporal Transformer

Our previous works study the image SGG task. In this chapter!, we tackle the challeng-
ing video SGG task by proposing a novel end-to-end Transformer-based architecture.

Video SGG has been an emerging research topic, which aims to interpret a video as
a temporally-evolving graph structure by representing video objects as nodes and their
relations as edges. Existing approaches predominantly follow a multi-step scheme, in-
cluding frame-level object detection, relation recognition and temporal association. Al-
though effective, these approaches neglect the mutual interactions between independent
steps, resulting in a sub-optimal solution. We present a novel end-to-end framework for
video scene graph generation, which naturally unifies object detection, object tracking,
and relation recognition via a new Transformer structure, namely Temporal Propa-
gation Transformer (TPT). Particularly, TPT extends the existing Transformer-based
object detector (e.g., DETR) along the temporal dimension by involving a query prop-
agation module, which can additionally associate the detected instances by identities
across frames. A temporal dynamics encoder is then leveraged to dynamically enrich
the features of the detected instances for relation recognition by attending to their his-
toric states in previous frames. Meanwhile, the relation propagation strategy is devised
to emphasize the temporal consistency of relation recognition results among adjacent
frames. Extensive experiments conducted on VidHOI and Action Genome benchmarks
demonstrate the superior performance of the proposed TPT over the state-of-the-art
methods.

6.1 Introduction

Scene graph generation (SGG) is one of the fundamental problems in multimedia and
computer vision fields, which aims to describe unstructured natural images/videos in
the form of abstract graph structure (namely scene graph). Each node in the scene

YYong Zhang, Yingwei Pan, Ting Yao, Rui Huang, Tao Mei, and Chang-Wen Chen. “End-to-
End Video Scene Graph Generation with Temporal Propagation Transformer.", IEEE Transactions
on Multimedia (TMM), 2025.
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graph denotes a target object instance, while an edge between two nodes reflects their
visual relations. Recent advances in deep learning have successfully pushed the limits
of SGG in images (i.e., image SGG) [12, 62, 63, T4, , , ]. The learned
high-quality scene graphs in images benefit a series of downstream vision applications,
ranging from image retrieval [1], image captioning |9, 10], visual question answering
[16, 38] to image generation [95]. Nevertheless, the extension of such SGG from image
to video is not trivial, since a video is an information-intensive media with complexities
along both spatial and temporal dimensions, not to mention that the object instances
might suffer from motion blur or occlusions. For the task of video SGG, a fundamental
problem is how to exploit the spatio-temporal coherence across frames to boost the
generation of a temporally-evolving graph structure.

Compared to image SGG, the task of video SGG is still far less explored by the
research community. One straightforward way to tackle this task is to directly employ
image-based SGG techniques [12, 62, (3, | over individual frames, as benchmarked
in [54]|. Nevertheless, this way neglects temporal context information among adjacent
frames, which is crucial for relation recognition in videos. To alleviate this limitation,

recent studies [100, , , , , , , , 247] specifically focus on how to
exploit the spatio-temporal context within videos to boost video SGG. These methods
can be categorized into two main directions, i.e., 3D-based methods [100, | and
spatio-temporal contextualization methods [102, , , |. Generally, both direc-

tions are framed in a multi-step scheme. That is, they first perform frame-wise object
detection by using an off-the-shelf pre-trained object detector (e.g., Faster R-CNN [21]).
Next, the 3D-based methods [15], [16] (Figure 6.1 (a)) associate the detected instances
corresponding to the identical visual target via tracking algorithms, and extract the
pooled visual features along the trajectories for each target via a pre-trained 3D CNN
backbone (e.g., I3D [218]). The relation recognition is then performed pair-wisely over
the detected instances inside each frame. The video scene graph is finally generated
based on the estimated relations. In contrast, the spatio-temporal contextualization
methods (Figure 6.1 (b)) devise deliberate architectures like spatial-temporal Trans-
formers [102, : | or graph neural networks [105] over the detected instances,
to trigger the context mining both inside a single frame and across multiple consec-
utive frames. Moreover, a post-processing of object tracking is required to construct
instance-level temporal associations. However, most of the existing techniques utilize
specialized modules for object detection, relation recognition and instance temporal
association independently, resulting in a separate training scheme. This inevitably
breaks the cooperative interactions among these modules for different sub-tasks, and
thus leads to a sub-optimal solution.

In this work, we propose a unified video SGG architecture (Figure 6.1 (c)), namely
Temporal Propagation Transformer (TPT), which elegantly exploits crucial spatio-
temporal contexts in videos for boosting video SGG in an end-to-end fashion. This
design jointly tackles the three sub-tasks of object detection, instance temporal associa-
tion and relation recognition in video SGG through a novel monolithic spatio-temporal
Transformer architecture. Specifically, we firstly extend an off-the-shelf Transformer-
based object detector (e.g., DETR [22, 21]) along the temporal dimension by equipping
it with a shared query propagation module (QPM). QPM upgrades vanilla latent ob-
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Figure 6.1: Comparison between existing video SGG techniques and our end-to-
end solution. (a) 3D-based methods typically obtain object detections via an off-
the-shelf detector, and then associate detection results into trajectories via tracking.
The temporal-aware visual features are thus extracted through 3D CNN backbones for
relation recognition. (b) Spatio-temporal contextualization methods first achieve
detection results similarly, and then construct a graph structure to mine contextual cues
along both spatial and temporal dimensions to boost relation recognition. A post-
processing of object tracking is further employed to associate instances temporally. (c)
Our end-to-end approach directly predicts a temporally-evolving scene graph from
the input video, by unifying object detection, tracking, and relation recognition into a
monolithic framework.

ject queries and makes them aware of previous detection outputs, thereby enabling
the joint detection and tracking of visual targets within a video. Next, conditioned on
predicted object instances on each frame, a relation recognition module is designed in
a classic two-stage paradigm, i.e., first producing relation proposals (i.e., the probably
interactive object pairs) and then performing relation classification. More importantly,
thanks to the inherently established temporal associations, TPT can easily explore the
spatio-temporal coherence within videos to facilitate video SGG. Particularly, we de-
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vise a temporal dynamics encoder (TDE) to enrich object representations with their
historic representations in previous frames via an attention mechanism. Moreover, we
employ the relation propagation (RP) strategy to augment the set of current relation
proposals with previous relation recognition results. The whole architecture of TPT
can be jointly optimized in an end-to-end manner.

In summary, we have made the following contributions: (1) As far as we know, the
proposed TPT is the first end-to-end Transformer-based framework for video SGG;
(2) TPT elegantly associates video targets across frames via the latent object queries,
which significantly ease the exploitation of spatio-temporal coherence in videos for
facilitating video SGG; (3) We fully validate the effectiveness of TPT through extensive
experiments on VidHOI and Action Genome datasets, and TPT has achieved state-of-
the-art video SGG performances.

6.2 Related Work

Image Scene Graph Generation. The concept of scene graph representation is

first introduced in [4]. Next, a series of innovations [12, 62, 63, 74, : : , 249]
have been proposed for image SGG task. Most studies adopt a two-stage paradigm
[42, 62, 63, , , | that decouples this task into sequential object detection and

relation recognition. The sub-task of object detection is usually implemented with an
off-the-shelf detector such as Faster R-CNN [21]. For relation recognition sub-task,
they commonly exploit spatial context through message passing [12, 62, 63, , |,
or leverage external knowledge [250], contrastive loss [01] or casual inference [213], to
strengthen relation recognition results. More recently, one-stage image SGG models
[71, 77] based on Transformer structure are devised to pursue a joint optimization of
object detection and relation recognition through an end-to-end learning philosophy.
However, the extension of the end-to-end Transformer structure in an image to a video
is very challenging due to the complex spatio-temporal context.

Video Scene Graph Generation. The task of video SGG is first proposed by
[541], which has constructed a human-annotated dataset (i.e., Action Genome) for this
task. Recently, a more challenging dataset (named VidHOI [100]) is built with dense
spatio-temporal scene graph annotations by covering more diverse object and predi-
cate categories. The videos in VidHOI are naturally captured in daily life that mainly
focus on human actions. Existing video SGG techniques [100, , , , ,

, , , | generally follow a multi-stage pipeline that sequentially performs
frame-wise object detection, tracking, and relation recognition. Since the former two
sub-tasks are usually tackled via pre-trained modules, these works often pay more at-
tention on improving relation recognition. Therefore the solutions of the video SGG
task share a similar spirit with the approaches in video relation detection [251, |
and video human-object interaction detection [100), , , |. Specifically, Ji et.al
[54] benchmark video SGG by directly migrating image SGG techniques. To addition-
ally exploit temporal information for relation recognition in videos, TRACE [101] and
ST-HOI [100] propose to extract visual features from temporal-aware 3D CNNs, and
ST-HOI [100] leverages extra human pose features. Similar to the practice in image
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SGG task of mining semantic context via message passing, spatio-temporal Transform-

ers [102, , | and graph neural networks [105, | are utilized to strengthen
relation representations by fusing spatio-temporal context. Different from existing
spatio-temporal Transformer methods [102, , | that only employ Transformer

networks to refine relation feature in relation recognition sub-task, our TPT presents
a principled end-to-end framework that capitalizes on a unified Transformer structure
to perform each sub-task (i.e., object detection, tracking, and relation recognition)
throughout the whole pipeline.

Transformer in Vision. In recent years, Transformer structure [10] has achieved
revolutionary success in various computer vision tasks, such as image classification
[50, 202], object detection [22, 24|, human-object interaction detection |30, 132], video
object tracking [254, 255, 256] and segmentation [28, 29]. Particularly, DETR [22, 2]
presents an elegant end-to-end object detection approach that eliminates burdensome
hand-designed components (e.g., anchor boxes, non-maximum suppression), by directly
mapping learnable object queries to set predictions. Such a new object detection
paradigm has inspired high-quality Transformer-based object tracking methods, rather
than hinging on previous dominating tracking-by-detection paradigm [257, |. For
example, Trackformer [250] and MOTR [254] extend object query mechanism in DETR
along the temporal dimension, in which existing tracks are propagated frame-by-frame
as additional track queries for tracking objects in a video. Similarly, here we also
trigger instance temporal associations through latent object queries. However, instead
of constructing additional track queries during propagation |25, |, we maintain a
fixed size of object queries, and make each query continuously track an object once it
has detected the object. This leads to a simple yet effective way to exploit temporal
consistency across frames for relation recognition.

6.3 Approach

In this chapter, we present a new unified video SGG framework, named Temporal
Propagation Transformer (TPT), to jointly performs object detection, tracking and
relation recognition in an end-to-end fashion. Such design targets for elegantly ex-
ploiting spatio-temporal context in videos to facilitate video SGG. As shown in Figure
6.2, the whole framework extends a Transformer-based object detector (e.g., DETR
[22, 24]) along both spatial and temporal dimensions. Specifically, given the first frame
of input video, an off-the-shelf Transformer-based object detector (consisting of a CNN
backbone, Transformer encoder and instance decoder) is utilized to map a set of ob-
ject queries into object predictions. Next, along the temporal dimension, the following
video frames are fed into the shared object detector one by one, but the corresponding
object queries are progressively constructed via the devised query propagation module
(QPM). This way naturally triggers temporal associations of object instances by their
identities. Meanwhile, with regard to the spatial dimension for each frame, we adopt
a two-stage pipeline for relation recognition. That is, we first employ the relation pro-
posal network to select the most interactive object pairs based on the detection results
of each frame, and then enhance their representations via the relation decoder for re-
lation classification. Most specifically, since the second frame, we devise a temporal
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Figure 6.2: An overview of our Temporal Propagation Transformer (TPT), which
extends upon a Transformer-based object detector (i.e., DETR [22]) along both spatial
and temporal dimensions. Given a sequence of video frames, the Transformer encoder
in DETR first extracts frame-wise features. (a) Next, a shared instance decoder in
DETR maps object queries into detection results. Note that since the second frame,
the input object queries of each frame are constructed by the query propagation module,
which upgrades vanilla learnable object queries with previous detection outputs. (b)
Based on the detection results of each frame, a relation proposal network is further
utilized to select the most interactive object pairs, and the object pair representations
are enhanced through the relation decoder for relation classification. Particularly, since
the second frame, the temporal dynamics encoder and the relation propagation strategy
are devised to enhance object and relation representations with video temporal context
for boosting relation recognition. Finally, a sequence of frame-level scene graphs is
generated as the output video scene graph.

dynamics encoder (TDE) and the relation propagation (RP) strategy to fully exploit
video temporal context to boost relation recognition. Finally, a sequence of frame-level
scene graphs with learned temporal associations is produced as the output video scene
graph.

6.3.1 Preliminary: DETR

The vanilla Transformer-based object detector, i.e., DETR [22, 2], frames the task of
object detection in a still image as a direct set prediction problem. Given the image
features extracted by a CNN and Transformer encoder, an instance decoder transforms
a fixed set of learnable object queries Q@ = {q,...,qu} into object predictions Yy =
{th = (ZH, I;l), e = (Zm, I;M)} in parallel, where [; and b; denote the predicted object
label and bounding box coordinates of each object respectively. During training, the
optimal assignment 7(-) between M object predictions and N ground truth objects
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Figure 6.3: An illustration of Query Propagation Module (QPM). QPM constructs an
object query g! by jointly exploiting the initial prototypical query g} and the detection
output representation o! ' in the previous frame.

Y=Ay1 = (l4;,b1),....,yn = (In,by)} is achieved using Hungarian bipartite matching
algorithm, and =(i) € {1,..., M} represents the index of assigned prediction for the
ground truth object y;. Then, depending on all the matched pairs, Hungarian loss is
computed by combining the negative log-likelihood for class prediction and a box loss
for coordinates prediction.

6.3.2 Object Detection with Instance Temporal Association

In an effort to associate object instances across consecutive video frames that share
the same identity, we extend a Transformer-based detector DETR with a new query
propagation module along the temporal dimension. Such design upgrades DETR as
an autoregressive model that can jointly detect and track multiple visual targets in a
video.

Query Propagation Module (QPM). Each object query of the Transformer-
based object detector can be regarded as a ‘prototype’ that learns to specialize in
detecting objects with certain traits [22|, e.g., large objects on the left of the im-
age. However, simply applying this Transformer-based object detector over individ-
ual frames will neglect the rich temporal context information among adjacent frames,
thereby might resulting in temporal discontinuity of detection results across frames.
To alleviate this issue, we design Query Propagation Module (QPM) to augment the
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initial prototypical query with the detection results of previous frames, aiming to pur-
sue the temporal coherence of detection results within videos. Figure 6.3 illustrates
the detailed architecture of QPM.

Formally, let video = [f%, f%, ..., f1] denote the input video, where the super-
scripts represent the frame index. For the first frame f!, QPM detects objects from
scratch, and we denote the corresponding initial /prototypical object queries as Q' =
{q},...,qi;}. Please note that a query consists of a feature vector fov! and position
encoding post: q! = (fv},pos!). Next, since the second frame (¢ > 2), depending
on the detection outputs of the Transformer decoder on the previous frame f'=! (i.e.,
O = {07!, ..., 0;'}), we construct each object query ¢! = (fv!, post) for current
frame f! as:

g1 = 1{o!™" predicts an object}

B Il{g)f_l matches ground truth}, at training (6.1)
Il{score(yf_l) > Odet } at inference ’
fvt—(l—ﬁ)-f’vl—i—ﬂ-FFN (o™ (6.2)
T 2 i 2 fv ) ) :
t gfil 1 9271 t—1
pos; = (1 — T) - pos; + 5 FFN,s(0;). (6.3)

In Eq. (6.1), 1{-} denotes the indicator function, and we set it as 1 if o}~ predicts
an object (the corresponding prediction 7/~ is matched with a ground-truth object at
training; or the detection confidence score score(gji ') is greater than a threshold o4
at inference), otherwise 0. Eq. (6.2) and Eq. (6.3) achieve the constructed query g} by
fusing the prototypical query g} and its detection result in the previous frame via gate
structure. Here we implement F'F'Ny, and FFN,s as 2-layer feed-forward networks
(FFN) with ReLU activations.

Adapted bipartite matching. Following DETR [22], the optimal bipartite as-
signment j = 7'(¢) (i.e., from ground truth g/ to prediction g in frame f' ) is de-
termined by the Hungarian algorithm, and we adopt the same pairwise costs between
ground truths and predictions. Since the second frame, in order to force queries track-
ing particular objects, the bipartite assignment 7(7) for f* is obtained by:

‘G =Y IDy1(i)), if object y! exists in fi1,
T\l) =
using Hungarian algorithm, otherwise,

(6.4)

where 7'71(+) is the assignment for f'~' and I D, ; (i) is set as the index of the object
in f'=1 sharing the same identity as y! in ff. For the case of ‘otherwise’ (i.e., newly
appeared objects), we perform the Hungarian algorithm over unassigned predictions
to search for the minimum cost assignment. An illustration of the adapted bipartite
matching is shown in Figure 6.4.

6.3.3 Relation Recognition

After detecting the objects in each frame, the task of video SGG needs to further
estimate the visual relations/interactions between detected objects. For each frame,
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Figure 6.4: An illustration of the adapted bipartite matching. To obtain the optimal
bipartite assignment 7'(-) for frame f*, for objects that exist in the previous frame (A
& B), 7'(-) inherits the assignments in 7*~!(-); for newly appeared objects (C & D),
the Hungarian algorithm is performed over unassigned predictions (grey squares) to
search for the minimum cost assignment.

conditioned on the detected object instances, we adopt a two-stage design for relation
recognition, i.e., first producing relation proposals, and then performing relation clas-
sification. Moreover, we integrate the two-stage design with two new modules, i.e.,
Temporal Dynamics Encoder (TDE) and Relation Propagation strategy (RP), that
additionally exploit the inherent dynamics and consistency across frames to strengthen
relation recognition.

Temporal Dynamics Encoder (TDE). For each frame f!, we denote its final
detection outputs derived from instance decoder as O' = {ol,...,0%,} (o} € R*%).
As shown in Figure 6.5, TDE enriches each output instance representation by attend-
ing over its historic representations along the established trajectory. In this way, we
measure the strengthened instance representation 6! via attention mechanism:

~t t,7 T
09; = E Q; 04, (6.5)
T=max(1,t—Th;s)
where T}, € N is the max timespan for retrieving historic representations. The atten-
t, 7T T
e, gz

tion weight a/” is normalized with Softmax: o/ = R where ¢7 is obtained by

Eq. (6.1) to mask empty detections in trajectory, and the primary attention weight

[
e, 1s measured as:

e (Wi o)T(Ws o 4 PE(t— 1) .
’ V dhidden ’ .

where PE is the relative position encodings [241] of R(This*1)=256 t5 encode time in-
terval information, dj;44en, = 256 is the hidden dimension, and W7, W5 are parametric

matrices. In practice, TDE is simply implemented as a standard 2-layer Transformer
encoder [10].

Relation Proposal Network. Next, we construct all possible subject-object
pairs based on the detection results. Suppose Ny object instances are detected in a
video frame, there would be Ny * (Nger — 1) subject-object pairs in total. Each pair
is represented as the concatenation of the representations of two involved instances:

pair,_,; = cat[o}, 65] € R*?. Taking the subject-object pair pair],; as inputs, the
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Figure 6.5: An illustration of Temporal Dynamics Encoder (TDE). Before predicting
the relations of ‘person i’ (purple box) to ‘person j’ (yellow box) in frame ¢, TDE
enriches each instance representation (i.e., of and o}) by attending over their historic
states. Next, we perform relation recognition based on the enhanced instance repre-
sentations (6] and 65).

relation proposal network predicts an interactiveness score 2! ;€ 0, 1], which indicates
the possibility that relations exist in this pair. We implement this relation proposal
network as a 2-layer FFN with Sigmoid output activation. During training, for each
frame, we sample at most K pairs, including both positive and negative training sam-
ples. Note that if both IoUs (intersection over union) of predicted bounding boxes with
regard to ground truths are larger than 0.5, we consider such pair as positive, otherwise

it is negative. We optimize this module with focal loss [120] (FL):

Npair
Lrelip’rop = NL Z FL(2n7 Zn)7 (67)
pair n—1
where Ny, is the number of sampled pairs in a training batch, and z, € {0,1} is the
ground truth label. At inference, only the top-K subject-object pairs of each frame
with the highest interactiveness scores are retained as candidate proposals for further
relation classification.

Relation Propagation Strategy (RP). Considering that video events (e.g.,
the visual relations between two objects) are temporally consistent across consecutive
frames, we further design the relation propagation strategy to explicitly mine the tem-
poral context of relations from previous frames. Concretely, since the second frame, we
supplement the outputs of the relation proposal network with the predicted top-Kgrp
interactive object pairs from the previous frame (Krp = K/2 in our implementation).
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Formally, the complete set of relation proposals in the current frame (P*) is the union
of two sets:
P! = P UP(triplets' [: Krp)), (6.8)

where P! is the output set of the relation proposal network (i.e., top-K subject-object
pairs with the highest interactiveness scores in the current frame), and P (triplets'!|:
Krp]) represents the set of object pairs among top- K gp output relation triplets (ranked
by triplet scores, see Section 6.3.4) in the previous frame. This way directly constructs
a complete set of relation proposals by fully preserving prior information, which is
denoted as P' = {pairi,...,pairt,}, K' < K + Kgp.

Relation Decoder (RD). Before relation classification, we employ a relation de-
coder as in the standard Transformer-based decoder [10], targeting for enhancing K’
object pair representations P* = {pairi, ..., pairt.} via attention mechanism. Specif-
ically, the pair representations are firstly transformed by a fully-connected (FC) layer
(R5127256) " They are further fed into the self-attention layer to perform relational rea-
soning among object pairs, leading to context-aware intermediate pair representations
Pt = {pdiri, ey pdir - Next, a cross-attention layer enriches each pair representa-

~.t . . . . . .
tion patr, by attending over primary image features, which are shared with the object
detector. Finally, the relation decoder produces the enhanced pair representations
~ ~ ~,t
Pt = {pair,, ..., pair;}.

Relation Classifier. Given the output pair representations from relation decoder
~ ot . . .. . . .
pair , the sub-task of relation classification is formulated as a multi-label classification

problem. We implement the relation classifier as a 2-layer FFN with final Sigmoid
activation. The objective of the relation classifier is measured by focal loss:

Npair Crel
1
Lyei s = —F+— FL 77’1'0,7"1'0 ) 6.9
L= N X Y L (69)
where C,.; is the number of relation/predicate categories, r;. € {0, 1} indicates whether
the i-th pair has the c-th ground truth relation, and 7;. is the predicted probability.

6.3.4 Training and Inference

Training. At the training stage, we adopt a 4-step training scheme to optimize our
TPT progressively, which shares a similar spirit of curriculum learning [259].

(i) In the first step, we train a Transformer-based detector for object detection
in individual video frames. It is initialized from a COCO-pre-trained model and
fine-tuned using frame-level box annotations. The objective is measured as Ly, =
ZZ].V”S Loy; aet(fi), where Nys denotes batch size, and Lyp; 4et(-) denotes the Hungarian
loss [22] for a single image f; of the Transformer-based detector.

(ii) In the second step, we fine-tune the Transformer-based detector together with
the QPM module, to further build temporal associations of detected instances. The
learning rate of the Transformer-based detector is set as 1/10 of the one of QPM for
stable learning. This step is trained with sampled video clips of length T, and
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the training loss is measured as Ly = # ZtTj{p Lobj aet(f') under the bipartite
clip —_

matching described in Section 6.3.2.

(4i) In the third step, we freeze all parameters of the architecture learned in the
previous step, and only optimize the modules for relation recognition. This step is also
trained with video clips, and the objective is the integration of the relation proposal
loss in Eq. (6.7) and relation classification loss in Eq. (6.9): Lsteps = Lrei prop+Lrer_cis-

(iv) In the final step, we jointly fine-tune the whole framework with the overall loss
(Lsteps = Listepa + Listeps), which learns to generate video scene graphs from raw videos
in an end-to-end fashion.

Inference. At inference, each video frame is fed into the proposed video SGG
model one by one, and we produce the frame-level scene graphs in an online fashion.
Specifically, the object predictions are retained if their confidence scores are greater
than a threshold (0.5), and two objects in consecutive frames are temporally associated
if they are predicted by the same object query slot. For relation recognition on each
frame, we compute the ranking score for each (subject-predicate-object) relation triplet
aS Striplet = Ssubject * Spredicate * Sobject where Ssubject; Spredicate and Sobject represent the
confidence scores for subject, predicate and object respectively.

6.4 Experiments

We evaluate our proposed TPT on two video SGG benchmarks: VidHOI [100] and
Action Genome [51]. Both datasets focus on recognizing human-object /human-human
relations, which are pivotal for human-centric scene understanding.

Implementation Details. We adopt Deformable-DETR [21] as the Transformer-
based object detector, and leverage the same standard data augmentation pipeline.
The CNN backbone of Deformable-DETR is ResNet-50 [39], and it uses M = 300
object queries. The whole architecture is trained over 8 Nvidia 2080ti GPUs with
the AdamW optimizer. Initial learning rates are set as 10~* for parameters trained
from scratch, and 107> for other parameters initialized from pre-trained models. The
maximum training epoch number is 10, with learning rates dropping by 10 times after 6
epochs. In experiments, we set video clip length T};;, = 3 and T},;s = 2 for the temporal
dynamics encoder due to GPU memory limit. Moreover, we select top-16 (i.e., K=16)
object pairs from the relation proposal network for final relation recognition.

6.4.1 Experiments on VidHOI

We comprehensively evaluate our approach on the VidHOI benchmark [100] for the
video SGG task. This dataset is constructed upon VidOR [260] by sampling keyframes
at 1FPS frequency. Slightly different from [100], we keep intermediate video keyframes
even though no relations are annotated, in order to avoid inconsistent temporal jittery.
The resulting VidHOI consists of 6,366 videos with 208,686 keyframes for training, and
756 videos with 24,667 keyframes for testing. The whole dataset has ~1.5M annotated
relation triplets, covering 78 object categories and 50 predicate categories. Specifically,
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Detection (mAP Oracle (mAP

Method RDQPMTDE  RP Full Temporzgl Sp)atial Full Tempcgral %patial
Base - - - - |70 2.9 94 27.9 9.9 38.9
Base” v - - |72 3.1 9.7 30.4 12.2 41.2
+TDE v - v - |72 3.2 9.7 30.7 12.7 41.2
+QPM v v - - | 73 3.2 9.8 30.8 12.8 41.4
+QPM+TDE v v v - |75 3.4 9.9 31.1 13.3 41.6
+QPM+RP v v - v |75 3.2 10.0 31.0 13.2 41.5
TPT (w/o jointly fine-tune) | v v v v TT 3.4 10.2 314 13.6 41.9
TPT v v v v | 7.9 3.5 104 - - -

Table 6.1: Ablation studies on VidHOI. Note that the Detection mode uses predicted
object trajectories, while the Oracle mode uses ground truth trajectories. TPT perfor-
mance under Oracle is omitted since there is no need to fine-tune with detection and
tracking when the ground truth trajectories are provided. (RD: relation decoder, QPM:
query propagation module, TDE: temporal dynamics encoder, RP: relation propaga-
tion)

the predicate categories include 25 temporal predicates (e.g., pull, lift, occupying ~5%
of the dataset) and 25 spatial predicates (e.g., next to, behind).

Evaluation Metrics. Following [100], we compute mean Average Precision (mAP)
as evaluation metrics over five relation triplet sets, i.e., Full (all 557 triplet categories),
Temporal (207 triplet categories with temporal predicates), Spatial (350 triplet cat-
egories with spatial predicates), Non-rare (242 triplet categories with no less than
25 instances) and Rare (315 triplet categories with less than 25 instances). Simi-
larly, we report results under two evaluation modes: the Oracle mode which assumes
ground truth trajectories known at inference, and the Detection mode which uses
predicted trajectories instead. Note that, we implement the Oracle mode by obtaining
the optimally matched predictions from the instance decoder as ground truth object
representations.

Ablation Studies. We conduct ablation studies by comparing different variants
of our proposed model. The results are shown in Table 6.1. The Base model sim-
ply stacks a relation proposal network plus the relation classifier over a pre-trained
DETR. We also provide a stronger baseline (Base”), which exploits the relation de-
coder to enhance the relation feature by attending on low-level image features. The
performance improvements (e.g., the Full/Temporal/Spatial mAP is increased from
7.0/2.9/9.4 to 7.2/3.1/9.7 in Detection mode) show that such feature enhancement
can benefit both spatial and temporal relation recognition. Particularly, we add the
TDE module over Base”, i.e., +TDE, which requires additional trackers to construct
temporal associations at inference. The obtained performance boost over Base” is triv-
ial, perhaps because the used non-differentiable tracker is not jointly trained with the
whole framework.

Both of the two baselines (Base and Base’) learn video scene graphs from static
frames without considering any temporal information, and they also require a poten-
tial tracking algorithm to build instance temporal associations. Instead, we propose to
build temporal associations by extending the pre-trained DETR with a query propa-
gation module. In this way, +QPM slightly boosts up the performances of Base” by
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. . Detection (mAP Oracle (mAP
Method Backbone Size Time Full  Temporal Spa‘cia(l No)n-Ra.re Rare Full  Temporal Spaiial 2]011—Rare Rare
2D model [201] ResNet-50 76.0M - 2.6 1.5 2.7 4.7 1.7 14.1 8.3 18.6 22,9 11.3
3D model [100] ResNet-50 92.5M - 2.6 1.6 2.9 4.9 1.9 14.4 7.7 20.9 23.0 12.6
ST-HOI [100] ResNet-50 155.5M - 3.1 1.9 3.3 5.9 2.1 17.6 14.4 25.0 27.2 17.3
SERVO-HOI [217] ResNeXt-101 - - 4.8 - - 6.8 4.1 21.1 - - 29.2 19.5
TUTOR [216] ResNet-50 - - - - - - - 26.9 21.3 32.2 37.1 23.5
STTran [262] ResNet-50 5L1IM  91.8ms 7.2 2.8 9.8 12.6 2.9 30.9 13.2 41.4 43.8 21.1
Base” ResNet-50 472M  162.5ms 7.2 3.1 9.7 13.3 2.3 30.4 12.2 41.2 43.7 20.4
TPT ResNet-50 50.2M  213.2ms 7.9 3.5 10.4 13.9 2.6 31.4 13.6 41.9 44.3 21.5

Table 6.2: Comparison with state-of-the-art video SGG methods on VidHOI. Please
note that the Detection mode uses predicted object trajectories, while the Oracle mode
uses ground truth trajectories. We report the model sizes (i.e., number of parameters)
and inference time of our implemented models and some previous models with open-
sourced codes.
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Figure 6.6: Predicate-level AP comparison among STTran, Base™ and the proposed
TPT. The predicates of VidHOI can be divided into two groups [100]: Spatial predicates
(play(instrument) — kiss) and Temporal predicates (get on — close).

jointly unifying object detection, tracking and relation recognition. More importantly,
such a unified framework provides a fertile ground to exploit cooperative interactions
among these sub-tasks for boosting video SGG. Concretely, by additionally employ-
ing the relation propagation strategy (+QPM+RP) or encoding instance temporal
dynamics (+QPM+TDE), the upgraded model leads to significant performance im-
provements respectively. These results clearly highlight the effectiveness of our RP
and TDE, which manage to exploit video temporal consistency and dynamics for fa-
cilitating relation recognition. When RP and TDE are leveraged together (i.e., TPT
without jointly fine-tuning), we attain the performance improvements as expected. Fi-
nally, after jointly fine-tuning the whole framework (i.e., the full TPT, the highest
performances are attained. These observations basically validate the merits of our pro-
posed unified framework that enables flexible spatio-temporal modeling for pursuing
high-quality video SGG.

Comparison with State-of-the-arts. Table 6.2 presents the performance com-
parison in terms of mAP metrics under both Oracle and Detection modes. Specifically,
we compare TPT with several existing video SGG methods, including: i) the basic 2D
model [261] that extracts visual features from a single target frame; ii) the 3D model
[100] that leverages temporal-aware features from a 3D backbone; iii) ST-HOI [100]
that uses improved temporal feature pooling and additional human pose knowledge;
iv) the concurrent SERVO-HOI [2417] model that particularly addresses the long-tail
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distribution issue; v) the concurrent TUTOR [216] model that structurizes a video
into tubelet tokens for learning spatio-temporal visual semantics. Overall, we observe
that our proposed TPT clearly outperforms these methods over most metrics. This is
partially due to a weaker object detector and a feature backbone trained from scratch
in the 2D model, 3D model and ST-HOI (implementation details of these models can
be found here?). Moreover, all these methods adopt pre-trained object detectors and
optional feature backbones for trajectory feature pooling, and their independent opti-
mization may also lead to sub-optimal solutions. It is worth noting that ST-HOI and
TUTOR surpass TPT in recognizing temporal predicates in the Oracle mode. This is
because they have leveraged additional human pose information or the detailed object
ground truth trajectories around the target frame.

To make the comparison fairer, here we additionally report the results of our Base”
model using the same underlying detector (with AP5;=26.5 on VidHOI). We also im-
plement STTran [262], a recent state-of-the-art spatio-temporal contextualization video
SGG method that employs Transformer architecture over Faster R-CNN detection re-
sults (AP5p=26.6). In general, the results under the same backbone (ResNet-50) show
that our proposed TPT exhibits better performances than existing methods across dif-
ferent evaluation modes consistently. Thanks to our unified design that flexibly incor-
porates temporal information, both performances for predicting spatial and temporal
relation triplets are improved. This demonstrates the outstanding spatial-temporal
modeling ability of our TPT for the video SGG task.

In addition, the proposed TPT performs very well in recognizing Non-rare cate-
gories, which surpasses all existing methods. In terms of Rare categories, TPT out-
performs previous baseline methods (i.e., 2D model, 3D model, ST-HOI, STTran and
Base*), while some concurrent methods (e.g., SERVO-HOI [217], TUTOR [216]) can
achieve even better results. This is because these latest methods might have particular
designs to tackle the long-tail distribution issue, e.g., class-weighted training objective
in SERVO-HOI. Please note that TPT could also apply these techniques to improve
the recognition of Rare categories. We show the detailed performance comparison on
predicate-level APs (computed by averaging APs of all triplets of the same predicate)
in Figure 6.6. The proposed TPT is better at recognizing spatial relations such as
lean_ on, above, and temporal predicates such as get on, lift, pull. However, the im-
balanced distribution of predicates has actually made the video SGG task even more
challenging. All three methods show large performance variances in recognizing differ-
ent relations, and they still fail to recognize infrequent temporal predicates such as lick
and close.

Evaluation of Temporal Association. We also evaluate the temporal associ-
ation quality in video SGG, which is often neglected in prior works. We think the
high-quality temporal associations of video scene graphs are also essential, especially
when applying the generated video scene graphs for downstream tasks that need spatio-
temporal reasoning. For example, given two successive relation triplets ‘human hold
basketball” and ‘human throw basketball’, whether the two mentioned ‘human’ are the
same player or not reflects different video events (i.e., assisting or shooting).

Zhttps://github.com /coldmanck/VidHOI
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Video SGG model Tracker IDF1 (1) IDs ({)
IOUTracker 53.0 6407
STTran [262] SORT [258] 52.3 4239
BYTE [257]  53.8 3061
IOUTracker 52.3 7184
Base” SORT [259] 54.3 4343
BYTE [257]  54.3 2670
TPT - 59.9 2586

Table 6.3: Evaluation of temporal association quality in video SGG.

Here we follow the traditional multi-object tracking task [263, | and leverage the
IDF1 (i.e., identity F'1 score) and IDs (i.e., number of identity switches) metrics to eval-
uate the temporal association quality of video scene graphs. Specifically, we compare
our TPT with STTran [262] and the Base” model. We adopt three popular tracking
algorithms, i.e., [OUTracker, SORT [258] and BYTE [257], to construct temporal as-
sociations for STTran [262] and Base” model in post-processing. I0UTracker greedily
associates a detection result to the existing trajectory that has the same category label
and the maximum IoU overlapping score. In contrast, SORT utilizes the Hungarian
algorithm for optimal bipartite matching between detections and trajectories. It also
employs the Kalman filter [265] to incorporate motion prediction. BYTE is a recent
state-of-the-art multi-object tracking algorithm. Instead of neglecting low-confidence
detections, BYTE associates all detection results to extend trajectories. This makes
BYTE exhibit superiority in eliminating object missing and fragmented trajectories
issues.

Table 6.3 summarizes the performance comparison on temporal association quality.
In particular, the basic IOUTracker results in relatively large IDs. This is due to its
greedy association strategy which is sensitive to object overlapping and fast-moving
issues. SORT and BYTE trackers that employ the Hungarian algorithm for data
association can effectively mitigate these limitations. Hence, they achieve lower IDs
and better IDF1. In our TPT, temporal associations are inherently determined by
query propagation. This enables each object query continually to search for a particular
visual object, eliminating hand-designed components such as Hungarian matching, and
Kalman filtering. The results show the proposed TPT has achieved the best IDF1 and
IDs scores. Such superior performances validate the effectiveness of the end-to-end
philosophy for constructing temporal associations in video SGG.

Analysis of Inference Time. To analyze inference time, we evaluate video SGG
models on a single NVIDIA RTX 2080Ti GPU. The results are shown in Table 6.2.
Specifically, since STTran processes multiple video frames in a batch, it achieves the
highest inference speed (i.e., 91.8ms per frame). Though both Base” and TPT process
videos in a frame-by-frame manner, TPT has temporal propagation modules to achieve
unified object detection, tracking and relation recognition. Hence, TPT requires rela-
tively more inference time. Please note that we sample keyframes in videos at 1FPS
frequency. TPT’s inference speed (i.e., 213.2ms / 4.7FPS) is sufficient for real-time
prediction. The inference times of previous methods are unavailable since they are not
open-sourced or use pre-computed detection boxes.
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SGDET PREDCLS
Method RD - QPMTDE RP mar6—1G90 Ras0. Ra10 Ra20 Raso
Base T - - - | 293 371 1714 6 98 999
Base” v - - - | 305 382 489 852 971 99.9
TDE y - v - [ 305 31 400 853 97.3 99.9
QPM v v - - | 307 378 497 853 973 99.9
QPM | TDE v v v - |30 383 507 %5 974 99.9
~QPM-RP v v - v | 307 380 501 854 973 99.9
TPT (w/0 jointly fine-tune) | v v v v | 3.1 386  51.2 85.6 97.4 99.9
TPT v v Ve v 32.0 39.6 51.5 - - -

Table 6.4: Ablation studies on Action Genome. Please note that the SGDET mode
uses predicted objects, while the PREDCLS mode uses ground truth object labels and
locations. TPT performance under PREDCLS is omitted since there is no need to fine-
tune with detection and tracking when the ground truth object labels and locations
are provided. (RD: relation decoder, QPM: query propagation module, TDE: temporal
dynamics encoder, RP: relation propagation)

. SGDET PREDCLS
Method Backbone  Size  APs a5 Ras0 Raso. Ral0 RG20 Ra50
GPNN [ ] ResNet-101 - 20.7 - 32.2 421 - 62.3 68.1
HORT [103]  ResNet-101 - 207 - 372 4738 T 762
VRD [11] ResNet-101 - 24.6 1901 9288 405  59.6 785 992
Motif Freq [02] ResNet-101 - 246 228 343 464 734 924 996
MSDN [137]  ResNet-101 - 246 231 347 465 749 927 990
VCTREE [13] ResNet-101 - 246 239 353 468 755 929 993
RelDN [61]  ResNet-101 - 246 241 354 468 757 930  99.0
GPS-Net [(%]  ResNet-101 - 246 244 357 473 760 936 995
STTran [ ] ResNet-101  70.0M 24.6 24.6 36.2 48.8 77.9 94.2 99.1
Lietal [215] ResNet101 - 246 257 37.9 500 785 051  99.2
TPT ResNet50 502M 266 206 373 492 %55 973 99.9
TPT ResNet-101 69.1M 27.6 32.0 39.6 515  85.6 97.4 99.9

Table 6.5: Comparison with state-of-the-art video SGG methods on Action Genome.
Please note that the SGDET mode uses predicted objects, while the PREDCLS mode
uses ground truth object labels and locations. Results of previous methods are mainly
from [103, |. We report model sizes for those with open-sourced implementation.
(Most of the previous models are originally designed for image SGG, while their mod-
ified versions by [103, 262| for video SGG on Action Genome are not open-sourced.)

6.4.2 Experiments on Action Genome

In addition, we evaluate our TPT on the Action Genome dataset [51]. This dataset
provides frame-level scene graph labels for Charades videos [206], including 234,253
sampled keyframes derived from ~10K videos for training and testing. The number of
total annotated relation triplets is ~1.7M, covering 35 object categories and 25 predi-
cate categories. However, as pointed out in [100], this dataset suffers from limitations
such as incomplete /incorrect labels, and the annotated visual relations only focus on a
single “actor" even though other people may exist. Please also note that the keyframes
in this dataset are non-uniformly sampled, and the ground truth object trajectories are
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unavailable. In practice, considering that at most one instance is annotated in almost
all video frames for each object category, we simply associate instances of the same
category as the ground truth trajectories.

Evaluation Metrics. Following previous works [54, , , |, we compute
Recalls among top predictions (i.e., R@10/20/50) for evaluation, since relations are
sparsely annotated in Action Genome. Moreover, we report recall metrics without
constraining each subject-object pair to predict only one predicate, since we consider
relation recognition as a multi-label classification problem. Particularly, we adopt
two evaluation protocols: the predicate classification (PREDCLS) mode and the scene
graph detection (SGDET) mode. PREDCLS assumes that the object information
(i.e., bounding boxes and labels) is given, and it only evaluates the relation recognition
between subject-object pairs. Instead, SGDET generates scene graphs from raw video
frames using detected objects.

Ablation Studies. We conduct ablation studies on Action Genome to validate
the effectiveness of each design in our TPT by comparing different variants (i.e., Base,
Base®, +TDE, +QPM, +QPM+TDE, + QPM+RP), as defined in Section 6.4.1.
The results are summarized in Table 6.4. Similar to the observations on VidHOI, the
performance boosts of each component on Action Genome are attained. This again
validates the efficacy of our devised modules or strategies for achieving high-quality

video SGG.

Comparing to State-of-the-arts. Next, we compare our results with state-of-
the-art video SGG approaches on Action Genome. The results are summarized in Table
6.5. By using a weaker backbone ResNet-50, the proposed TPT has already achieved
impressive performances that surpass most existing methods across both SGDET and
PREDCLS modes. When upgrading with the stronger ResNet-101 backbone as in ex-
isting methods, our TPT achieves better detection performances (APsq score from 26.6
to 27.6). Clear performance boosts on relation recognition are obtained in SGDET
mode. While in terms of PREDCLS which uses given object information, the perfor-
mance gains also increase a bit because of better instance representations. These results
generally demonstrate the superiority of the proposed TPT over existing approaches.

6.4.3 Qualitative Analysis

In this section, we analyze video SGG models by visualizing the prediction results.
Figure 6.7 showcases video scene graphs generated via STTran, our Base®™ (without
using tracking algorithms for temporal association) and the proposed TPT model. We
take one VidHOI test video (Figure 6.7 (a)) and one Action Genome test video (Figure
6.7 (b)) for demonstration. Please note that only the top-10 predicted relation triplets
and their involved objects are shown in each frame-level scene graph.

Firstly, we see that visual targets are well tracked by object query indices in our
TPT. Note that the numbers after bounding box category names in Figure 6.7 are the
indices of queries that predict the objects. While in Base”, the same visual targets
across frames are usually predicted by different object queries especially when video
content changes drastically. As such, detected instances of Base™ require potential
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tracking algorithms for associating like ST'Tran.

A very important finding here is that, compared with ST Tran and Base”, the topolo-
gies of the temporally-evolving frame-level scene graphs via TPT are much more con-
sistent. That is, TPT seems to focus on several salient objects (i.e., ‘person 269’
‘person_ 251’ ‘sofa_ 1877, ‘table 166’ in Figure 6.7 (a), and ‘person_ 271", ‘bed 139’
‘laptop_ 50" in Figure 6.7 (b)), and continuously monitors how their interactions change
over time. In contrast, the set of involved objects in top predicted relations of STTran
and Base” exhibit much more variations over time. We attribute such topology con-
sistency property to the devised query and relation propagation mechanisms. These
mechanisms inherently enforce dependencies of objects and their pairwise interactions
across consecutive frames. We think this property aligns with human’s visual per-
ception, and will be advantageous for supporting downstream video spatio-temporal
reasoning.

Moreover, the proposed TPT demonstrates excellent performance in recognizing
object relations. Note that green relation predicates on edges in Figure 6.7 indicate
correct predictions. For example, when examining relations between ‘person 251’
and ‘table 166’ in Figure 6.7 (a), except for correctly predicting a spatial predicate
‘next_to’, the model also manages to recognize ‘person_ 251 towards table 166 before
frame t+2 and ‘person_ 251 away table 166’ thereafter. This indicates that the pro-
posed TPT can effectively exploit temporal context for predicting challenging temporal
relations.

Finally, we summarize patterns for failure cases: 1) Wrongly or low-quality de-
tection results, e.g., ‘guitar 39’ in frame ¢ of Figure 6.7 (a), and ‘person 271’ with
incomplete bounding boxes in frame ¢ and ¢+1 of Figure 6.7 (b). We believe improv-
ing underlying object detection can lead to higher-quality video SGG. 2) Ambiguous
predicates prediction. For example, we tend to use more accurate ‘sit-on’ instead of
‘in_front of” to describe the relations between ‘person 269’ and ‘sofa 187" in the
video of Figure 6.7 (a). For this issue, we believe incorporating human pose knowledge
can help, since the orientation and pose of the person provide crucial cues for describing
human-object interactions.

6.5 Conclusion

In this chapter, we have presented TPT, a novel end-to-end Transformer-based archi-
tecture to generate temporally-evolving graph structure for videos. Particularly, we
first upgrade a Transformer-based detector with devised query propagation mechanism
to jointly perform object detection and tracking. Over such a flexible framework, we
devise the temporal dynamics encoder and the relation propagation strategy to fully
exploit video spatio-temporal context for boosting relation recognition. We validate
the proposed approach on two challenging benchmarks, and have achieved superior
performance improvements against existing video SGG methods that adopt separate
stage-by-stage designs.
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Figure 6.7: Video scene graphs generated via STTran, our Base” and TPT model,
from the input video clip in the topmost row of (a) & (b). Only top-10 relation
triplets and involved objects are shown. Predicates (on connection edges by order)
matched with ground truths are highlighted in bold green. Particularly, for Base™ and
TPT, query indices that predict the objects are presented after category names, e.g.,
‘person_ 251°. (Better viewed in color.)



Chapter 7

Conclusion and Outlook

7.1 Dissertation Summary

Making computers perceive, understand and utilize immense unstructured visual data
is highly needed in building next-generation human-like AI. Human’s visual cognition
system is highly structured — we identify objects from raw perceptual input and un-
derstand visual scenes in terms of their composition as objects and relations. In this
thesis, we seek to enable computers to construct visual intelligence like humans. To this
end, we envision an intermediate system to first transform visual data into structured
representations that are ready for use in intelligent applications. In such a way, visual
data can be perceived, understood and fused into the intelligence-building process.

Concretely, we adopt the scene graph for structured visual representation, which
describes complex visual semantics by encoding objects as nodes and their relations as
edges into a symbolic graph structure. Scene graphs have various advantages including
alignment with human visual perception, bridging multi-modal / multi-source infor-
mation, and could be easily inspected and interpreted. However, the current state of
research is not capable of generating scene representations for visual data with prac-
tical accuracy and efficiency. In this dissertation, we have presented novel algorithms
and approaches for pursuing high-quality structured visual parsing, mainly on scene
graph generation (SGG). We have explored highlighting salient elements in scene graphs
(Chapter 3), pursuing language-supervised and open-vocabulary SGG (Chapter 4), im-
proving human-centered visual structure parsing using Transformer (Chapter 5), and
tackling the challenging video SGG task through a monolithic spatio-temporal Trans-
former (Chapter 6). These technologies have been validated to be effective through
extensive experiments and applied in downstream applications (Chapter 3). Overall,
our work in this thesis has strongly promoted the research for semantic representation,
comprehension and applications of visual data in a structural way.

7.2 Open Problems in Future Work

The generation and application of structured visual representation in terms of scene
graphs is still an area of active research. Many directions demand further research
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in future work. To utilize scene graph representations in life-critical fields like au-
tonomous driving and healthcare, it is essential to guarantee that the SGG technology
is sufficiently developed and robust to function with a manageable error rate. For other
applications such as robotics and augmented reality, models must encompass a wider
array of object/relation concepts and exhibit unbiased performance across unbalanced
distributions [3]. They are also more likely to involve generating scene graphs from
3D visual data (e.g., point clouds from LIDAR) and video sequences. In applications
demanding deeper reasoning, such as multimedia dialogue and visual question answer-
ing, we may need more comprehensive structured visual representation (e.g., including
additional object attributes, high-order interactions and events) and develop more reli-
able symbolic reasoning methods. Here, we discuss a few particularly interesting future
research directions in more detail.

3D SGG. 3D visual data (i.e., point clouds, RGB-D images) can greatly enhance
the understanding and interpretation of complex, real-world scenes. Scene graphs gen-
erated from 3D data can capture more accurate object positions, sizes, orientations
and spatial relationships between objects, enabling more accurate and comprehensive
understanding of the scene’s structure and layout. This is particularly important for
tasks such as autonomous navigation, robotic manipulation, or human-robot interac-
tion, where understanding the context is crucial. However, the task of 3D SGG intro-
duces several challenges that are unique to 3D data compared to 2D images or video
frames. First, 3D data require methods capable of handling 3D geometry and topology
for tasks like object recognition, segmentation, and relationship modeling. Developing
algorithms that can efficiently process 3D data and capture complex geometric and
topological relationships is challenging. Moreover, 3D data like point clouds often have
sparse and irregular structures, with varying point densities across different areas of
the scene. This sparsity and irregularity can make it challenging to detect objects and
relationships accurately and consistently. Finally, processing large-scale 3D data can be
computationally intensive, which makes it difficult to generate scene graphs efficiently,
especially for real-time applications. Increasingly more works [55, 50, , | focus
on this field, but more research efforts are required to tackle aforementioned challenges.

Video SGG. In real-world deployments, such as autonomous driving and robotics
planning, temporal information across continually-collected visual frames is essential
and non-negligible. Hence, the analysis of spatio-temporal scene graphs from videos
offers a wider range of application scenarios. Video SGG begins to attract more and
more attention in recent years, such as |7, , , , , , , , , 108]
and our work in Chapter 6. There are still various open challenges in this field. Firstly,
existing works suffer from the seriously long-tailed distribution, such that the pre-
dicted video scene graphs bias to recognize simple uninformative relations. Secondly,
videos involve more complex semantic interactions that have not been explored in pre-
vious research, such as action-action relations (e.g., causality), object-object temporal
co-references and high-order events, which require more complex graphical structures
and extraction mechanisms [3]. In addition, developing efficient video SGG algorithms
that can meet real-time inference requirements using limited computing resources (i.e.,
embedded systems in edge computing and robotics) is also an important research di-
rection.
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Open-world SGG. In real-world scenarios, we encounter open-world concepts
such as unbounded types of objects and relations. Nevertheless, most developed SGG
approaches are restricted to recognizing limited objects and relations pre-defined in
training datasets. Though recent works [190, , | attempt to address this chal-
lenge by exploiting pre-training knowledge from open-world training corpora. The de-
veloped methods can achieve open-world object detection, but they are still incapable
of recognizing open-vocabulary relations in the open world. This is because objects
usually have explicit visual presentations that exhibit relatively small intra-class varia-
tion, while relations are more ambiguous. For example, the relation “on” can represent
different meanings such as “above with surface touching”, “wearing” or “being carried
by somebody”. Even if some pre-trained models have seen a large corpus, it is still
challenging for them to distinguish relation concepts. Inspired by the amazingly good
multi-modal large model like GPT-4 [26%]|, we can expect that this challenge can be
solved by these large models.

Reasoning over scene graphs. This refers to the process of drawing inferences,
making decisions, or solving problems using a structured, abstract representation of a
visual scene. Since scene graphs are symbolic, we naturally ask whether conventional
symbolic reasoning (e.g., first-order logic [147, 269]) could be used. Symbolic reasoning
operates on scene graphs makes sense of the visual information and performs high-level
tasks, which can be potentially applied in tasks like video anomaly detection, video
event extraction, knowledge discovery over cross-media knowledge bases etc. The merit
of symbolic reasoning is to align with human cognition, as humans tend to reason
about the world using symbols and relationships. Such alignment can facilitate human-
computer interaction and help make Al systems more interpretable and user-friendly.
Challenges in symbolic reasoning over scene graphs include: 1) accurate and robust
scene graph generation is a prerequisite for effective symbolic reasoning. This imposes
higher demands for SGG techniques, and symbolic reasoning must be able to make
reasonable inferences despite the imperfections in the scene graph (e.g., incomplete or
ambiguous information about the scene). 2) Symbolic reasoning can become intractable
within large-scale scene graphs due to combinatorial explosion. 3) Effective symbolic
reasoning often requires integrating commonsense knowledge about the world, while
it is an ongoing challenge to incorporate such knowledge. Neural-symbolic methods
[16, , , | — the combination of symbolic methods with deep-learning methods,
is also a trending research direction for scene graph reasoning.
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