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Abstract

In recent years, many remarkable achievements have been made in the field of deep
machine learning in various data modalities, such as image processing and natural
language comprehension. Based on the good performance of deep neural networks
in single modalities, multi-modal tasks, which integrate data from different modal
domains, are becoming emerging research topics. Among the complex integrated
tasks, one particularly challenging and important task is Referring Expression Seg-
mentation (RES), which aims to generate a segmentation mask for a target object
in a given image as described by a given natural language query expression, involv-
ing both computer vision and natural language processing. This thesis addresses
the problem of RES from multiple angles to investigate the topic of this complex

multi-modal task.

Firstly, we propose an efficient, instance-specific framework that optimizes the
traditional CNN-RNN pipeline. Traditional RES methods usually either use an
FCN-like network that directly generates the segmentation mask from the image or
first extract all instances using a standalone network and then select the target from
targets. We combine the strengths of both kinds of methods and propose a novel
framework that can analyze the relationship among instances while maintaining

the efficiency of the FCN-like network.

Secondly, we employ an attention-based network to model long-range dependencies
in both image and language modalities. In CNN networks, the large receptive field
is achieved by stacking multiple small-kernel convolutional layers, which is indirect
and lacks efficiency when exchanging long-distance features. From this point, we
utilize the Transformer-based network that can model long-range dependencies in
a more efficient way. Next, based on this work, we find that the generic attention
mechanism used in the classic Transformer is designed for processing single-modal
data. We further enhance the mechanism of generic attention with feature-fusing

capabilities, achieving denser feature fusion.

xi
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Lastly, to accommodate multi-object and no-object expressions, we introduce a
novel task called Generalized Referring Expression Segmentation (GRES). To fa-
cilitate research in this field, we also construct a large-scale dataset for GRES
and design a baseline method, namely ReLA. The proposed method implicitly di-
vides the image into regions and explicitly analyzes the relationship among them,

achieving state-of-the-art performance on both RES and GRES datasets.

Our proposed approach advances the state-of-the-art in referring segmentation,
and further generalizes the conventional RES to Generalized RES, providing new

insights, methods and topics for further research in this field.
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Chapter 1

Introduction

1.1 Overview and Backgrounds

Deep machine learning is a subset of artificial intelligence that focuses on training
algorithms to hierarchically learn complex data representations from a number of
samples, starting from shallow to deep [6, 7]. By utilizing neural networks with
multiple layers, it enables computers to process and identify complex patterns. Its
applications span many domains, including image classification [8-11], semantic
segmentation [12, 13|, natural language processing [14], video processing [15], etc..
In recent years, the research community has made remarkable progress in many
specific tasks using data from different modalities, such as semantic segmentation
and object detection in images, machine translation and sentence classification in
natural language processing. We have witnessed the practical application of these
tasks in various industries. However, the extensive exploration of deep machine
learning in more complex multi-modal tasks that involve the integration or combi-
nation of two or more data modalities into a single model, e.g. combining computer
vision (CV) and natural language processing (NLP), is still an ongoing challenge.
There are numerous significant challenges in this field, including effectively fusing
information data from different modalities, designing a robust and efficient network

architecture, and modeling the long-range dependencies of data, and so on.

One representative task of this kind is Referring Ezpression Segmentation (RES), or
referring segmentation for short. Figure 1.1 gives a brief introduction of this task.

In referring segmentation, given an image and a natural language expression that

1



2 1.1. Overview and Backgrounds

Output

Model ::
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FIGURE 1.1: A demonstration of Referring Expression Segmentation
(RES). Given an image and an language expression, the model is expected to
identify and locate the target object, and output a segmentation mask for it.

describes a specific object in the image, the goal is to identify and locate the target
object by generating a segmentation mask for it. This task naturally combines
two of the most important data modalities in data science: vision and language.
Besides, this complex task also implicitly involves many single modal sub-tasks.
For example, the model needs to analyze the image to gather information, such as
the semantic class of candidate objects and generating segmentation masks, similar
to the task of semantic segmentation; and also needs to understand the language
expression and locate the target object, which involves language comprehension
and object detection. Therefore, RES serves as an excellent case for investigating
the challenges and opportunities in the field of complex multi-modal deep learning
tasks.

In this thesis, our main focus will be on the task of referring segmentation. This task
requires the development of an integrated approach that combines both computer
vision and natural language processing techniques. Our objective is to propose and
evaluate novel deep learning architectures and methodologies to create a robust and
efficient multi-modal framework, and meanwhile enhance and generalize the task
of referring segmentation to maximize its practical value. Our frameworks should
effectively address the challenges associated with referring segmentation and also
have the potential to expand and generalize to other multi-modal tasks. Through
rigorous experimentation and analysis, our goal is to bridge the gap between single-
modal and multi-modal deep learning tasks and ultimately pave the way for further

advancements in the field of artificial intelligence.
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1.2 Challenges and Proposed Methods

Referring Expression Segmentation (RES) is a complex task that requires the inte-
gration of image processing and natural language understanding capabilities into
the model. This task presents several challenges that need to be addressed, such
as the need for a robust method that can understand the language expression
and establish connections between the language expression and the image. In this
thesis, we concentrate on addressing four representative challenges by developing
appropriate models. The following list outlines the challenges we focus on and the

corresponding models we design to tackle them:

1. For the problem of referring segmentation, there are typically two types of
existing CNN methods: one-stage methods and two-stage methods. Most
current works employ one-stage methods [16-18], which directly fuse visual
and linguistic features, conducting pixel-level classification on the combined
features to produce segmentation masks. These methods are straightfor-
ward and efficient; however, their referring capability is limited due to their
instance-agnostic nature and difficulty in analyzing relationships among in-
stances in the image. In contrast, two-stage methods initially detect and
generate masks for all instances as proposals using an off-the-shelf instance
segmentation model and subsequently select the best match among them.
These methods directly model interactions among instances and can generate
high-quality masks. However, in this type of approach, linguistic information
is only utilized in the matching stage for selecting existing instance masks,
without influencing the segmentation stage. As a result, two-stage methods
are heavily dependent on the off-the-shelf instance segmentation network,

and their performance is constrained by the candidate instances.

From this point, we propose a novel framework that simultaneously detects
the target-of-interest via feature propagation and generates a fine-grained
segmentation mask. In our framework, each instance is represented by an
Instance-Specific Feature, and the target-of-referring is identified by exchang-
ing information among all Instance-Specific Features using our proposed Fea-
ture Propagation Module. Our instance-aware approach learns the relation-

ship among all objects, which helps to better locate the target-of-interest
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compared to one-stage methods. Comparing to two-stage methods, our ap-
proach collaboratively and interactively utilizes both vision and language

information for synchronous identification and segmentation.

. In the previous work, we tried to optimize the usage of a CNN architecture.
For referring segmentation, the query expression typically indicates the tar-
get object by describing its relationship with others. Therefore, to find the
target object among all instances in the image, the model must have a holis-
tic understanding of the whole image, especially considering the long-range
dependencies inside the image. However, achieving this with conventional
CNN-based methods is challenging due to their small receptive fields. Addi-
tionally, in practice, there are usually many different ways to understand the
emphasis of a language expression. However, most existing methods do not
consider this point, which makes it difficult to cope with the randomness and

huge diversity of language expressions.

To address these challenges, we propose a different approach. Instead of using
the conventional CNN pipeline that treats referring segmentation as a pixel-
level classification problem similar to semantic segmentation, we reformulate
the task as an attention problem: finding the region in the image where
the query language expression receives the most attention. We introduce
transformers and multi-head attention to build a network that “queries” the
image using the language expression. Furthermore, we propose a Query Gen-
eration Module that produces multiple sets of queries with different attention
weights, representing diversified comprehensions of the language expression
from different aspects. Moreover, to determine the best way to utilize these
diversified comprehensions based on visual clues, we propose a Query Balance
Module to adaptively select the output features of these queries for better

mask generation.

. In the previous work, we utilized the generic dot-product attention mech-
anism to implement the Transformer for referring segmentation. However,
the generic attention mechanism only uses the language input for attention
weight calculation, which limits the effective fusion of language features in
its output. As a result, the output feature is dominated by visual informa-

tion, hindering the model’s comprehensive understanding of the multi-modal
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information and introducing uncertainty for the subsequent mask decoder in

extracting the output mask.

To address this issue, we propose Multi-Modal Mutual Attention (M?Att) and
Multi-Modal Mutual Decoder (M3Dec) that better fuse information from the
two input modalities. Based on M3Dec, we further propose Iterative Multi-
modal Interaction (IMI) to allow continuous and in-depth interactions be-
tween language and vision features. Furthermore, we introduce Language
Feature Reconstruction (LFR) to prevent the language information from be-

ing lost or distorted in the extracted feature.

4. The existing classic datasets and methodologies for RES are primarily geared
toward single-target expressions, in which one expression is used to refer to
one target object, while expressions that do not have a valid target and
multi-target expressions are not accommodated. This limitation hinders the
practical utility of RES in real-world scenarios. Specifically, the lack of no-
target expressions that do not have a target implies that the operation of
existing RES methods remains undefined in instances where the target object
is not present in the input image, necessitating that the input expression
correspond to an object in the image to prevent complications. Additionally,
the failure to support multi-target expressions requires multiple individual
inputs for searching multiple target instances, leading to inefficiencies and

impracticalities in real-world applications.

To this end, we introduce a new benchmark called Generalized Referring
Expression Segmentation (GRES), which extends the classic RES to allow
expressions to refer to an arbitrary number of target objects. Towards this
goal, we construct the first large-scale GRES dataset called gRefCOCO that
contains multi-target, no-target, and single-target expressions. GRES and
gRefCOCO are designed to be well-compatible with RES, facilitating exten-
sive experiments to study the performance gap of the existing RES methods
on the GRES task. In the experimental study, we find that one challenge of
GRES is complex relationship modeling. Based on this finding, we propose a
region-based GRES baseline called ReLA that adaptively divides the image
into regions with sub-instance clues and explicitly models the region-region

and region-language dependencies.
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1.3 Contributions and the Outline of the Thesis

The primary focus of this thesis is to address the multi-modal complex problem
Referring Expression Segmentation (RES). Utilizing deep machine learning tech-
niques, we aim to develop models that can effectively segment the target-of-interest
from an image using a referring expression. Additionally, we propose an expansion
of the classic RES problem, known as Generalized Referring Expression Segmen-
tation (GRES), which allows expressions to refer to multiple target objects. The

contributions of this thesis are as follows:

e Chapter 2 provides a comprehensive literature review and introduces the
preliminary knowledge relevant to this thesis. The chapter also gives a brief
overview of the related tasks, methods, and datasets, providing a solid foun-

dation for the subsequent chapters.

e Chapter 3 introduces a novel framework that simultaneously detects the
target-of-interest and generates a fine-grained segmentation mask. The pro-
posed instance-aware approach learns the relationship among all objects,
leading to better localization of the target-of-interest compared to one-stage
methods. The approach collaboratively and interactively utilizes both vision
and language information for synchronous identification and segmentation.

The chapter is mainly based on our publication in [19].

e Chapter 4 proposes the utilization of the Transformer model to address the
referring segmentation problem. The chapter reformulates the problem from
the perspective of attention and introduces a transformer-based model called
VLT, along with a Query Generation Module (QGM) to facilitate the model.
The QGM generates vectors that can query the input image using the input
language expression in different ways of understanding, providing a holistic
understanding of the multi-modal information. The chapter is mainly based

on our publications in [20] and [21].

e Chapter 5 focuses on optimizing the generic attention mechanism in the
regular Transformer model to better suit multi-modal tasks. The chapter
proposes Multi-Modal Mutual Attention (M?Att) and Multi-Modal Mutual
Decoder (M3Dec) to fuse information from the two input modalities more ef-

fectively. The M?Attmodels two attention pathways simultaneously, offering
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a dense and efficient approach to fuse features from the two modalities. The

chapter is mainly based on our publication in [22].

e Chapter 6 extends the classic referring segmentation task to a more general-
ized setting called Generalized Referring Expression Segmentation (GRES),
which allows expressions to refer to any number of target objects. We also in-
troduce the first large-scale GRES dataset, gRefCOCO, which includes multi-
target, no-target, and single-target expressions. Based on this dataset, the
chapter proposes a region-based GRES baseline called RelLA, which adap-
tively divides the image into regions with sub-instance clues and explicitly
models the region-region and region-language dependencies. The chapter is

mainly based on our publication in [23].

e Chapter 7 concludes this thesis and discusses the remaining challenges in the
field of RES and GRES. The chapter also explores potential future research
directions, providing insights into how the proposed methods can be further

improved or extended.






Chapter 2

Literature Review

This chapter provides an extensive review of the Referring Expression Segmenta-
tion (RES) literature, covering various research topics. To provide the necessary
context, this chapter also introduces background and closely related information
on Deep Neural Network (DNN), semantic segmentation, object detection, and

Referring Expression Comprehension (REC).

2.1 Deep Neural Network (DNN)

Deep Neural Network (DNN) is a type of artificial neural network that uses mul-
tiple layers to learn the features of data. DNNs have been successfully applied to
various fields, including computer vision, speech recognition, and natural language
processing. In recent years, two specific types of DNNs have emerged as leading ar-
chitectures for many tasks including image processing and multi-modal information
processing: Convolutional Neural Network (CNN) and Attention-based Network.
CNN have been proposed eariler, and are commonly used for image and video
processing tasks, e.g., semantic segmentation, while Transformers have initially
shown remarkable success in Natural Language Processing (NLP) tasks and are

also showing great potential in computer vision tasks.
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2.1.1 Convolutional Neural Network (CNN)

Convolutional Neural Network (CNN) is one of the most well-known DNN ar-
chitectures, and has been widely used in computer vision tasks, such as image

classification [8-11], semantic segmentation [12, 13], instance segmentation [1, 24].

Prior to the deep learning era, there have already existed works on the topic of
convolutional networks, for example LeNet[25]. However, due to many limitations
like hardwares, the performance of these networks are not satisfactory at that mo-
ment. AlexNet [26] is usually considered to be the first breakthrough of CNN. It
consists of 5 stacked convolutional layers that are distributed in 2 GPUs, achieving
the best perofrmance in the ImageNet Large Scale Visual Recognition Challenge
(ILSVRC) 2012 [27]. The remarkable success of AlexNet can be attributed to two
main factors: the use of more layers to achieve a deeper network depth, and the
use of GPU to accelerate the training process. As a result of this understanding,
numerous CNN architectures have emerged afterwards. Researchers and practi-
tioners have developed a wide range of CNN models, each with its own unique
architectural designs. For example, VGG [28] further increased the network depth
to 19, achieving better performance on the ImageNet dataset. U-Net [29] is a
CNN architecture designed for biomedical image segmentation, which consists of
a contracting path and an expansive path. Another major breakthrough of CNN
is ResNet [9], which won the ILSVRC 2015. ResNet is a CNN architecture that
uses “residual blocks” to solve the problem of vanishing gradient. The principle
of residue is that rather than simply stack convolution layers together, it use the
identity mapping to let the network learn the residual of the input. With resid-
ual blocks, ResNet can achieve a depth of 152 layers, which is much deeper than

previous CNN architectures.

Furthermore, specialized convolutional neural networks (CNNs) such as MobileNet
[30-32] and ShuffleNet [33, 34] have been developed for mobile devices. These CNNs
are particularly noteworthy due to their lightweight nature, offering improved ef-
ficiency compared to conventional CNNs. MobileNet achieves this by utilizing
depthwise separable convolution to decrease the parameter count, and ShuffleNet
employs group convolution and channel shuffle techniques to effectively reduce
computational costs. Most recently though, attention-based network achieves bet-
ter performance with more network parameters, there are still many works that

are based on CNNs, and achieve competitive performance with higher speeds, e.g.
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ConvNext [35]. CNN is still an essential architecture for computer vision research

and application.

2.1.2 Attention-based Network

FC
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FiGURE 2.1: A simplified architecture of the Transformer. The Trans-
former consists of a stack of “encoder” and “decoder” layers. FC: Fully-
connected layer. FFN: Feed-forward Network that consists multiple FC layers.

The first fully attention-based network is defined by Vaswani et al. [36]. They
proposed a novel architecture called Transformer. Unlike CNN which initially
proposed for computer vision tasks, Transformer is initially proposed for sequence-
to-sequence tasks, such as machine translation. As shown in Figure 2.1, a typical
Transformer network consists a stack of “encoder” and “decoder” layers, but the
core of both of them is the attention mechanism. Regular Transformer network

utilizes dot-product attention mechanism, which is used to capture the relationship
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FiGure 2.2: A simplified diagram of the dot-product attention.

between different elements in the input sequence. The computation flow of the
dot-product attention is shown in Figure 2.2. It takes three inputs: the query
@, the key K, and the value V. The dot-product attention first computes the
similarity between the query and the key, and then uses the similarity as the
weight to compute the weighted sum of the value. The dot-product attention can

be formulated as [36]:

. QKT
Attention(Q, K, V') = softmax V, (2.1)

Vi
where dj, is the dimension of the key K, and +/d}, serves as a scaling factor. The
Transformer network further employ a multi-head mechanism on the regular at-

tention to attend to different information in different heads [36]:

MultiHead(Q, K, V) = Concat(head, ..., head,)W?, (2.2)

2.2 DNN in Computer Vision

Though the basic version of the aforementioned networks are usually trained for
some basic tasks like image classification, the features learned by these networks
are usually not task-specific. After modifying and fine-tuning, a network that is
pretrained on one task can also be used for many other tasks. Therefore, they can

be seen as “base” of many tasks. In this section, we introduce the most commonly
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used networks in computer vision (CV), for semantic segmentation and object

detection.

2.2.1 Semantic Segmentation

Semantic Segmentation is one of the most important tasks in computer vision.
Given an image, the aim of semantic segmentation is to assign a semantic label
to each pixel in an image. In other words, it is a pixel-level classification task. It
has applications in many areas, such as autonomous driving, medical image analy-
sis, and video surveillance. The Fully Convolutional Network (FCN) [13] marked a
critical milestone in the field. Developed on top of the VGG-16 architecture. As its
name indicates, FCN is fully-convolution based and is able to perform end-to-end
training and inference. Following FCN, there are a lot of works have been pro-
posed. PSPNet [37] use feature pyramids to achieve a feature aggregation among
local features and global features, and deeplab introduces dilated convolution into
semantic segmentation to enlarge the receptive field of the network. Most recently,
attention-based networks also show impressive performance on semantic segmen-
tation. For example, networks based on Swin-Transformer [38] surpass its previous
semantic segmentation methods with large margins on ADE20k dataset. In re-
ferring segmentation, many works utilize the pipeline of FCN and formulate the

problem as a pixel-level classification task, similar with semantic segmentation.

2.2.2 Object Detection and Instance Segmentation

Object Detection is a task of detecting and classifing all objects inside an image
by outputting a bounding box for each detected object. In this area, Region Based
Convolution Neural Network (R-CNN) series is one of the most classic series of
models. The core of R-CNN is to extract “region proposals”. The first model of R-
CNN is proposed by Girshick et al. [39], which is a two-stage model. Tt first extracts
region proposals using selective search, and then extracts features from each region
proposal using CNN. These region features are further processed to generate the
detection and classification results. Following R-CNN, Fast R-CNN [40] and Faster
R-CNN [41] are proposed to improve the speed and performance of the original R~
CNN model. Fast R-CNN proposes the region of interest (Rol) pooling layer to



14 2.3. DNN in Natural Language and Multi-Modal Processing

extract a fixed-length features from the region proposals, and Faster R-CNN uses a
region proposal network (RPN) to generate Region of Interests (Rols). YOLO [42-
44] is another model series for object detection. The main idea of YOLO is to
divide the image into grids, and find objects within these grids. Compared with R-
CNN series, YOLO is a one-stage model, which is much faster than R-CNN series.
Another closely related task is mask segmentation. Similar with object detection, it
also needs to detect all instances that appear in an image, but requires the model
to output segmentation masks for each detected instances instead of bounding
boxes. One well-known work is Mask R-CNN [24], which is proposed to extend
Faster R-CNN to instance segmentation. In referring segmentation, some works

uses instance segmentation methods for generating candidate proposals.

2.3 DNN in Natural Language and Multi-Modal

Processing

Besides computer vision (CV) which focuses on processing images or videos, Natu-
ral Language Processing (NLP) is another important field of artificial intelligence.
It focuses on processing natural language, such as English, Chinese, and French.
Eariler works usually utilizes the Recurrent Neural Network (RNN), such as Long-
Short Term Memory (LSTM), to process the language. RNNs uses a network to
process the input sequence one by one, and the output of the previous step is
used as the input of the next step, which can handle sequences of arbitrary length
and is suitable for processing natural language. Recently, with the development of
deep learning, the attention-based methods, i.e. Transformers, have shown great
potential in NLP tasks. BERT [45] is one of the most influential Transformer-
based models, which is pre-trained on a large corpus and can be fine-tuned for
various NLP tasks, such as machine translation, semantic role labeling and sen-
tence classification. The BERT model utilizes the regular unmodified Transformer
architecture, while its training involves two large text corpora: BookCorpus and
English Wikipedia, encompassing over 3 billion words. During training, BERT’s

objective is to predict randomly masked words within the input sequence.

The Generative Pre-trained Transformer (GPT) family is another series of famous
large-scale pretrained language model. GPT-1 [46] and GPT-2 [47] are the earilest
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models in this series. Being trained by 40GB text data, GPT-2 proves the poten-
tial of unsupervised learning of language models. GPT-3[48] utilizes significantly
larger training datasets that contains 570GB text data and larger model sizes of
up to 175 billion parameters, and produces remarkable generative results [48]. Fur-
ther, its improved version, GPT-3.5 and GPT-4 (or ChatGPT), is trained on even
more data. Tests shows that GPT-3.5 and GPT-4 can pass many academic and
professional exams, such as Graduate Record Examination (GRE) and Medical

Knowledge Self-Assessment Program [49].

Most recently, multi-modal processing, which involves more than one data modal-
ities in one single model, has become a hot topic. One of the most popular ar-
eas is Vision+Language tasks which combines both CV and NLP. Contrastive
Language-Image Pre-Training (CLIP) [50] is a representative work that utilizes
self-supervision techniques to train a model on 400 million image-text pairs, and
achieve state-of-the-art on over many tasks such as action recognition in videos,
geo-localization and vision questioning-answering. The aforementioned GPT-4 also

have general multi-modalities information processing ability.

2.4 Referring Expression Segmentation (RES)

2.4.1 Problem Definition

Referring Expression Segmentation (RES), or referring segmentation, is one of the
most fundamental while challenging multi-modal tasks, involving both language
and vision information. Given an image, a referring expressions is an expression
written in natural language that describes one certain object in this image. The
goal of the referring expression segmentation is to comprehensively understand
the image, the expression, and the relationship between them, and generate a
segmentation mask for the target object. The input language expression is called a
“referring expression” of the input image. In conventional RES and related tasks,
the content of the referring expression is unconstrained, except for that it should
be written in natural language, and should be umambiguously point to the target
object. The RES is naturally a multi-modal task, involving both language and

vision information.
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2.4.2 Previous Works

Being defined by Hu et al. [16], Referring Expression Segmentation (RES) comes
from a similar task, Referring Expression Comprehension (REC) [51-57] that out-
puts a bounding box for the target. Hu et al. [16] concatenates the linguistic
features extracted by Long Short-Term Memory (LSTM) networks and the vi-
sual features extracted by Convolutional Neural Networks (CNN). Then, the fused
vision-language features are inputted to a fully convolutional network (FCN) [13]
to generate the target segmentation mask. In [58], in order to better utilize the in-
formation of each word in the language expression, Liu et al. propose a multimodal
LSTM (mLSTM), which models each word in every recurrent stage to fuse the
word feature with vision features. Li et al. [59] utilize features from different levels
in the backbone progressively, which further improves the performance. To better
utilize the language information, Edgar et al. [60] propose a method that uses the
features of each word in the language expression when extracting language features,
not just the final state of the RNN. Chen et al. [61] employ a caption generation
network to produce a caption sentence that describes the target object, and enforce
the caption to be consistent with the input expression. In [17], Luo et al. propose
a multi-task framework to jointly learn referring expression comprehension and
segmentation. They build a network that contains a referring expression compre-
hension branch and a referring expression segmentation branch, each of which can
reinforce the other during training. Jing et al. [62] decouple the referring segmen-
tation to localization and segmentation and propose a Locate-Then-Segment (LT'S)
scheme to locate the target object first and then generate a fine-grained segmen-
tation mask. Feng et al. [63] propose to utilize the language feature earlier in the
encoder stage. Hui et al. [64] introduce a linguistic structure-guided context mod-
eling to analyze the linguistic structure for better language understanding. Yang
et al. [65] propose a Bottom-Up Shift (BUS) to progressively locate the target

object with hierarchical reasoning on the given expression.

With the introduction of attention-based methods [36, 66], researchers have found
that the attention mechanism is suitable for the formulation of referring segmen-
tation. For example, Ye et al. propose the Cross-Modal Self-Attention (CMSA)
model [18] to dynamically find the most important words in the language sentence
and the informative image region. Hu et al. [67] propose a bi-directional atten-

tion module to further utilize the features of words. Most of these works are built
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on FCN-like networks and only use the attention as auxiliary modules. Our con-
current work MDETR [68] employs DETR [1] to build an end-to-end modulated
detector and reason jointly over language and image. After the proposed VLT [69],
transformer-based referring segmentation architectures receive more attention [70—
74]. MalL [70] follows the transformer architecture ViLT [75] and utilizes instance
mask predicted by Mask R-CNN [24] as additional input. Yang et al. [71] propose
Language-Aware Vision Transformer (LAVT) to conduct multi-modal fusion at in-
termediate levels of the network. CRIS [72] employs CLIP [50] pretrained on 400M
image text pairs and transfers CLIP from text-to-image matching to text-to-pixel

matching.

2.4.3 Framework Taxonomy

Most of the previous RES works can be roughly categorized into two categories:

one-stage methods and two-stage methods.

One-stage methods, or top-down methods [16, 17, 58-65] are more like seman-
tic segmentation methods, which directly outputs the desired target mask using
a segmentation network. As shown in Figure 2.3, the architecture of one-stage
methods is very intuitive and simple. Firstly, the model extracts the visual fea-
tures of the input image and the language features of the input expression using
two backbones, then fuse them to generate the target mask. Next, a Fully Con-
volutional Network (FCN) [13] like network is used to generate the target mask.
Some recent works [17, 62, 63| propose to inject the language information into the
image backbone or FCN to achieve a denser fusion of multi-modal features, but the
basic architecture of them are still consistent. The one-stage methods are simple
and efficient, but they lack the intepretebility of the intermediate features and the

ability to reason over the language and image.

Two-stage methods, or bottom-up methods [19, 76] need to employ an ex-
tra standalone out-of-the-box instance segmentation network such as Mask R-
CNN [24]. As shown in Figure 2.4, the first stage of the two-stage methods is
to generate a mask for each instance that appears in the image, as instance pro-

posals, or candidates. The aforementioned instance segmentation network is used
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FIGURE 2.3: One stage methods utilizes a FCN-like network on the fused
features.

in this step. Then, the model extracts the language feature of the input referring
expression, and give a “matching” score of each instance candidate indicating how
likely it is the target object. Finally, the instance with the highest matching score
is selected as the target instance, and its corresponding mask generated by the in-
stance segmentation network is outputted. As two stage networks can explicitly get
information of each instance in the image, it is easier and more convenient for them
to analyze the relationship among instances. However, the two-stage methods are
more complex and time-consuming, and the performance of the instance segmen-
tation network will directly affect the performance of the referring segmentation

network.
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FIGURE 2.4: Two-stage methods need to employ a standalone instance seg-
mentation network.

2.4.4 Datasets and Benchmarks

Referlt [2] is the first large-scale dataset for referring segmentation. It contains

130,525 referring expressions for 96,654 objects in 19,894 images from ImageCLEF
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dataset [77]. Referlt introduces a game-based annotation methods for collecting
the referring expressions, called ReferltGame. In this game, annotators are divide
into two groups. One group is called the speaker, who is given an image and a target
object, and is asked to describe the target object with a language expression. The
other group is called the listener, who is given the same image but without the
target object, and is asked to find the target object according to the language
expression. If the listener can find the target object, this expression is considered
to be a valid referring expression and both players get scores as rewards. The
ReferltGame is designed to simulate the real-world referring scenarios, where the
speaker and listener are separated and cannot communicate with each other. This
method is also adopted by many later referring segmentation datasets such as

RefCOCO and G-Ref.

RefCOCO & RefCOCO+ [3] are two of the largest and well-known datasets
for referring segmentation. They are also called UNC & UNC+ datasets in some lit-
erature. 142,209 referring language expressions describing 50,000 objects in 19,992
images are collected in the RefCOCO dataset, and 141,564 referring language
expressions for 49,856 objects in 19,992 images are collected in the RefCOCO-+
dataset. The difference between two datasets is that the RefCOCO+ restricts the
expression ways for the language sentences. For example, descriptions about abso-
lute locations, e.q., “leftmost”, are forbidden in the RefCOCO+ dataset. Therefore,
RefCOCO+ is usually considered to be harder. As they are based on the famous
MS COCO [78] dataset for image source, they are available for both RES and REC
tasks.

G-Ref [4, 79] Also called RefCOCOg, it is another well recognized referring
segmentation dataset. Like RefCOCO, it is also based on MS COCO [78] dataset.
104,560 referring language expressions for 54,822 objects in 26,711 images are used
in G-Ref. Unlike RefCOCO & RefCOCO+, the language usage in the G-Ref is
more casual but complex, and the sentence lengths of G-Ref are also longer in
average. Notably, G-Ref has two versions: one is called UMD split [79], the other
is called Google split [4]. The UMD split has both validation and testing set
publicly available, but the Google split only makes its validation set public.
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More related datasets Most recently, as referring expression related tasks are
getting more and more popular in the research community, there are many new
datasets proposed. For example, PhraseCut [5] is a large-scale referring expressions
based on the Visual-Genome [80]. It contains 77,262 images and 345,486 expres-
sions, including multi-target expressions. However, its expressions are generated
in templates so the language are not as natural as free-form language datasets like
RefCOCO. There are more datasets for more visual modalities other than 2D im-
age. For referring expressions in videos, firstly, A2D [81, 82] and JHMDB [83] are
designed for understanding actor’s actions in videos. Next, Ref-DAVIS [84] extends
them into general referring expressions that can refer to any objects in videos. It
contains 1,544 expressions in 90 videos in its 2017 version. Later, Refer-Youtube-
VOS (RVOS) [85] provides a larger dataset that contains 27,000+ expressions in
3,900+ videos. For 3D objects, ScanRefer [86] provides 51,583 expressions for
11,046 objects in 800 ScanNet [87] scenes. Moreover, PhraseClick [88] proposes to
combine referring expression segmentation with interactive segmentation together,
and provides a new dataset for this task. These datasets further enlarges the range

of applications of referring expression related tasks.

2.5 Referring Expression Comprehension (REC)

Referring Expression Comprehension (REC), or referring comprehension, is a highly
relevant task to referring segmentation. Referring comprehension also takes an im-
age and a language expression as inputs and identifies the target object referred
by the language expression. However, while referring segmentation aims to output
a segmentation mask for the target object, the referring comprehension outputs
a grounding box. In this thesis, we will focus more on RES methods, but we
also briefly introduce some recent works on REC. Unlike the FCN-like pipeline of
referring segmentation, most earlier referring comprehension works are based on
the multi-stage pipeline[53-55, 89-91]. Like RES, in these works, often an out-
of-the-box instance segmentation network, e.g., Mask R-CNN [24], is first applied
to the image and generates a set of instance proposals, regardless of the language
input. Next, the candidate proposals are compared with the language expression,
to find the best match. For example, Yu et al. [76] propose a two-stage method
that first extracts all instances in the image using Mask R-CNN [24], then employs
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a modular network to match and select the target object from all the instances
detected by Mask R-CNN. In recent years, one-stage methods [57, 92, 93] have
also been increasingly adopted in the referring comprehension area, e.g., Sadhu
et al. propose a “Zero-Shot Grounding” network for referring comprehension [94],
and Yang et al. design a recursive sub-query construction framework to gradually

reason between the image and query language [56].

2.6 Chapter Summary

In this chapter, we have introduced the background on Referring Expression Seg-
mentaion (RES). Starting from the preliminary knowledge of Deep Neural Net-
works (DNN), we introduced two kinds of DNN architectures: Convolutional Neu-
ral Networks (CNN) and attention-based networks. Then, we discuss some of
most common DNN applications, including semantic segmentation, object detec-
tion, instance segmentation and natural language processing. Next, we introduce
the concepts of RES, including the problem definition, existing works and taxon-
omy. We also lists the related datasets and benchmarks for RES, and introduces
a highly related task: and Referring Expression Comprehension (REC). Starting
from the next chapter, we will introduce our proposed methods for referring seg-
mentation, and our exploration on expanding and generalizing the conventional

referring segmentation task.






Chapter 3

Instance-Specific Feature

Propagation

3.1 Introduction

Identification Branch Feature Propagation

Input

""Person on right"

Sx§ maslb

Channel: ijxS+j;

(2 J2)

""Person on right"

Outpit

%

\

Segmentation Branch

FiGure 3.1: Illustration of our method. We spatially divide the image into
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learns an Instance-Specific Feature for each grid as the representation of the cor-
responding instance, identifies the target and generates the mask simultaneously.

In order to select the target instance from all instances in the image, one of the
most challenging problems is to model the interaction among all candidates. For

example, given an image of several persons standing and a query expression saying
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“the rightmost person”, the model must do comparison among all instances of
“person” before determining which is the “rightmost”. Most of the current works
use one-stage methods [16-18], which directly fuse the vision and language features
together and perform pixel-level classification on the fused features to generate
the segmentation mask. This kind of methods are direct and efficient, but their
referring capability is limited as they are instance-agnostic. Without explicitly
detected instances, it is hard to directly model and represent the “interaction”
among them. Thus, this kind of method often does not work as expected in the
scenario where the layout of the object is tangled or the input language expression

describes a complicated relationship among different instances.

To alleviate this issue, MattNet [76] proposes two-stage methods, which first detect
and generate masks for all instances as proposals with an off-the-shelf instance
segmentation method, e.g., Mask R-CNN [24], then select the best match among
them. They directly model the interaction among instances and can generate high-
quality masks with the help of the instance segmentation network. However, in this
kind of method, the language information is only used in the matching stage for
selecting the existing instance masks, and has no influence on the segmentation
stage. Therefore, two-stage methods rely heavily on the off-the-shelf instance seg-

mentation network and their performance is limited by the candidate instances.

In this chapter, we aim to achieve two goals: first, we would like the network to
be instance-aware so that to inspect and model the interaction among instances
directly, and second, to be an integrated one-stage method where the instance
selection process and mask generating process is simultaneous and collaborative.
Inspired by previous works [42-44, 95], in this work, we use grid boxes to represent
instances and identify the target by building interaction among them. We employ
both vision and language features to generate segmentation masks and identify the

right one simultaneously.

In our work, as shown in Figure 3.1, we have an Identification Branch that evenly
divides the image spatially into S x .S grids. We let each gird represent the specific
instance whose center is located at it. Accordingly, we generate a feature vector for
each grid, called an Instance-Specific Feature (ISF). One ISF contains all informa-
tion about the specific instance, such as size, texture, and shape. ISFs are spatially
organized with regard to the spatial location of their corresponding instances into

a feature map. This enables the interaction among instances.
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To model the interactions among instances, some two-stage methods like Mat-
tNet [76] first select a few instances using pre-defined rules, e.g., 5 instances from
the same semantic category, and then model the relationship within selected items.
Although such hand-crafted and rule-based selection is reasonable for some cases,
it sometimes may not well fit the referring expression. We propose a method that
globally models the relationship among all instances. To this end, a bi-directional
propagation process is employed to model the “comparison” relationship among
different instances. During the propagation, the ISF of each instance is exchanged

with all other instances, and finally, the target instance is highlighted.

Simultaneously, we have a Segmentation Branch, which generates a mask for every
grid. We inject the language features in the mask generation process to enhance
the features of the target object. Finally, the mask corresponding to the target grid
location is selected as the output mask. The mask generation part can work alone
as a one-stage method with limited performance, and our experiment show that
its performance can be greatly enhanced with the awareness of other instances and
the interaction modeling among instances. Furthermore, we propose a refinement

module that refines the coarse mask to generate a more detailed mask prediction.

In summary, the major contribution or our work can be listed as follows:

e We propose a novel referring segmentation framework that generates segmen-
tation masks and identifies the target-of-interest simultaneously and collab-
oratively by modeling the relationship among all explicitly-defined instances

in the image.

e We propose a propagation based Relationship Analysis Module (RAM) and
a Refinement Module to enhance the performance of the framework for both

identification and segmentation.

e Experiments show that the proposed approach outperforms other methods
and achieves the new start-of-the-art consistently on all three RefCOCO series

datasets.
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FIGURE 3.2: Overview of the proposed framework. The framework contains four main components: Backbone to extract
vision and language features and fuse them together; Instance Extraction Module to extract Instance-Specific Features (ISFs) and
generate a mask for each grid; Relationship Analyze Module to determine the location of the target in grid; Mask Refinement Module

to refine the coarse mask generated by the Segmentation Branch.
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3.2 Methodology

An overview of our method is shown in Figure 3.2. A training sample consists of
an image [ € RT*W>3_ 4 referring expression T' = {w; };—1.; with the length of ¢,

and a segmentation mask of the target object M.

3.2.1 Backbone

First, the Backbone extracts features from I and 7" and fuses them to a set of fused

vision-language feature F'.

Vision feature. In order to enhance the multi-scale performance, the Feature
Pyramid Network (FPN) [96] is employed to extract the basic vision features. We
utilize features from the last three blocks of the FPN and denote them, from higher
resolution to lower resolution, as: Fy;, F,,, F,s with sizes of H; x W; x C,, H,, X
W,, x C, and Hy x W, x C,, respectively. C, is the number of vision feature

channels.

Language feature. We first utilize the GIoVE [97] to generate embeddings E for
all words in the input referring expression. Then a bi-directional GRU [14] module
is applied on F to extract the language features. Suppose the hidden states of all
words are F,, € R™% where C; is the number of language feature channels. A set
of attention weights W, € R**! is derived using a self-attention module [11] to
measure the importance of each word in the expression. The final linguistic feature
F; is the weighted sum of all hidden state outputs of the GRU, i.e., F; = WL F,.

Feature fusion. Next, we generate the fused vision and language features F'. We
use a dense multiplication operation for fusion. We first apply a linear layer on
language feature F; and a 1 x 1 convolutional layer on each of the 3 FPN layers to
transform them to the same channel depth, then do the element-wise multiplication.
Let the f49 € R denote the feature vector at spatial position (i, j) of Fy, Fym
and F,,. The fused feature at the pixel (4, 7), f* is derived as:

o = (fH9W,) * (F,W;) (3.1)

where W, € R*Cr W, € RO*Cs are learnable parameters, C} is the number of

fused feature channels and * denotes element-wise multiplication. The same fusing
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process is done on all the three FPN layers Fy,;, F,,,, and F,s. As the length of the
referring expression is usually not very long, the computation cost of the process
is acceptable, while the operation can densely fuse the language information into

the vision features.

In referring segmentation, it is essential to consider the interaction among different
objects, including objects of different sizes. Thus, we further fuse feature from all
FPN layers together to enable features exchange across FPN layers. We use two
pathway directions based on the lateral connection [96] for processing features: a
downsampling pathway generating a distilled semantic information output Fjg4. of
size H, x W, for the Identification Branch and an upsampling pathway generating

a higher resolution feature map Fi., of size H; x W, for Segmentation Branch.

3.2.2 Instance Extraction Module

y 7 77 Ay

v

Fseg

Backbone

Segmentation

tation B h
Segmentation Branc Outputs

[1Conv Fide i >

ASPP .
Identification Branch Instance-specific
Features

FIGURE 3.3: Architecture of the Instance Extraction Module. The mod-
ule consists of two branches: an Identification Branch outputting the Instance-
Specific Feature (ISF) map where each grid represents an instance and a Seg-
mentation Branch generating masks for each instance.

The Instance Extraction Module has two branches: Identification Branch and Seg-
mentation Branch. The structure of this module is concise and direct, as shown in

Figure 3.3.

Identification Branch divides the image into grids and link each instance in the
image to its nearest gird. Inspired by [42, 95], we divide the image into S x S grid,
and each grid is responsible for detecting a possible object centered at its location.

Accordingly, the Identification Branch outputs an Instance-Specific Feature (ISF)
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map Fi,s € RSC or F,, = {f;”}i j=01. 5-1, where C'is the number of instance

Z7J
ins

feature channels. Since each specifies the characteristics of an object centered

at location (4, 5), we call each f/ ISF vector.

ins

The branch takes as input Fj, from the backbone, and resize its spatial size to
S x S using bilinear interpolation to match the spatial correspondence between
feature map and grids. The body is formed by four 3 x 3 stacked convolutional
layers, generating the ISF map Fj,,, where each position corresponds to one grid

in the image.

Segmentation Branch takes Fy., as input, and generates one binary mask for
each grid, leading to a H x W x S? output. To ensure that each ISF vector is
uniquely associated with one specific object, we designate a fixed mapping rela-
tionship between the spatial location of the grid and the channel location of the
target mask: for the grid at the i-th row and j-th column, the channel number ¢
of its mask will be i x S+ j, where 0 < 4,7 < S —1,0< ¢ < 5% —1.

This branch has a concise architecture. Its main body is formed by four 3 x 3
convolutional layers. Then we use an ASPP [12] module to enhance its multi-scale
performance. At last, we use a convolutional layer with S? output channels to

generate a mask for every grid.

3.2.3 Relationship Analyze Module (RAM)

As mentioned before, given an image, a natural way to point an instance out is by
“comparison”. To model this relationship, we propose a global modeling method,
Relationship Analyze Module (RAM), that lets each instance be aware of all other

stances.

The RAM is a recurrent based method, which has four propagation directions:
DR\, DL/, UR_#, ULN_ (U, D, L, R: Up, Down, Left, Right) like Figure 3.4b.
For each pixel in one direction, information about the current pixel and the past
pixels are fused together, producing a hidden state feature. Then, this feature is

sent to the next pixel, as the information about past pixels.

In detail, firstly, feature of each pixels are initialized with its Instance-Specific

Features (ISFs). Since each ISF represents one specific instance in the image, it is
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FIGURE 3.4: The Relationship Analyze Module. (a): Structure of the four
bidirectional paths. The module has four paths, each of which consists of two
opposite directions. (b): The detailed propagation process of the DR, (Down,
Right) direction. (c):The propagation order in the DR direction.

convenient to model the interactions among them. For each direction, the hidden
state of one pixel is derived from itself and at most 3 past pixels: row, column,
diagonal, like shown in Figure 3.4c. The hidden state of the pixel on i-th row and

J-th column Fj; is calculated as:

incoming

Fij=Wipij+alWy Z Fon (3.2)

m,n

where p; ; is the ISF of this pixel, Wy, Wy € R *C are learnable weights, o is a
constant to control the forget rate. A non-linear activation function is applied on

the derived F; ;. For example, in the DR, direction, when ¢ = j = 1:

Fiy = Wipii+aWs (Fou + Fio + Fop) (3.3)

In order to model the “comparison” relationship, we combine each direction with
its opposite direction as a bidirectional path, as shown in Figure 3.4a. E.g., in the
DR - ULN_direction, assume that there are two instances in the image: A located
on the top left corner and B on the bottom right. In the first direction (DRY),
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B gets information about A. Then in the reversed direction (ULN), A gets a
second-order knowledge that contains information of B itself and B’s information

of A. In such a way, the relationship of “comparison” is modeled.

To maintain the instance correspondence property, we sum up the final state from
all paths, as well as the input ISFs together. The result is finally processed by
a 1 x 1 convolutional layer, generating a S x S x 1 Identifying Map. This map

indicates the probability of the instance in different grids being the target instance.

3.2.4 Refinement Module

Once the target probability map is derived, the segmentation mask that corre-
sponds to the grid position of the maximum value is selected as the target mask.
However, because the output spatial size of the Segmentation Branch is limited
due to the limitation of computational resources, and the vision features used in
our network are from higher-level layers of the vision backbone, the output directly
taken from the Segmentation Branch is coarse. It is desired to introduce low-level
and high-solution features to enhance the spatial details of predicted mask. Thus,
we concatenate the original image and the resized predicted mask together, as the
input to the refinement module. The refinement module consists of three 3 x 3 con-
volution layers with upsampling layers in between and outputs a 1-channel predic-
tion map. This output map is then added with the upsampled coarse segmentation

map from the Segmentation Branch to form the final prediction.

3.2.5 Loss Functions

In the proposed network, there are three loss terms to guide the network training;:
identifying loss l;q., segmentation loss ls,, and refinement loss l..;. The places
where these losses are applied are shown in Figure 3.2. The whole loss function is

formed by the weighted sum of all loss terms:

[ = widelide + wseglseg + wreflref (34)

Identifying loss. The ground-truth of identifying loss is a S x S x 1 grid map,

indicating the grid location of the target instance. We first calculate the gravity
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center G of the target instance, then label the grid that G falls into and its 8
neighborhood grids by 1, called positive grids Gp,s. All other grids are annotated
as negative grids with 0. Compared with assigning all grids in the mask as positive,
this setting gives all objects the same number of grids, which allows the network to
equally treat every objects, despite of their sizes. The Binary Cross Entropy (BCE)
is used to measure the difference between the predictions and ground-truths. We

use BCE in all three loss terms.

Segmentation Loss. The Segmentation Branch outputs S? masks, each of which
corresponds to one grid of the Identification Branch. The ground-truth correspond-
ing to the positive grid is the ground-truth instance mask. Notably, in referring
segmentation, we only have one mask for each training sample: the mask of the
instance that is referred to by the referring expression. Thus, we set the loss for

negative grids to be zero and do not use them in training.

Refinement Loss. The refinement loss is the BCE of the ground-truth mask and
the predicted mask. In the early stage of training, the output of the Identification
Branch will be very inaccurate. Since the gradient of the refinement branch can
be propagated back, selecting the wrong channel in the Segmentation Branch will
be harmful to the whole network. Thus, we use an adaptive training strategy in
this module. During training, after the coarse segmentation map is selected from
the Segmentation Branch output, we evaluate its loU with the ground-truth. If
the coarse IoU is greater than a threshold 6, it is considered to be a successful
identification. Otherwise, we consider the channel selection is wrong and set the
refinement loss as 0.
TABLE 3.1: Ablation study results on the validation set of the RefCOCO. (IEM:

Instance Extraction Module, RAM: Relationship Analyze Module, RM: Refine-
ment Module)

Model | Pr@0.5 | Pr@0.6| Pr@0.7| Pr@0.8[Pr@0.9| IoU
Baseline 59.83 | 50.64 | 38.70 | 20.68 [ 3.36 [52.40
Baseline+IEM 74.53 | 67.80 | 58.09 | 35.58 | 5.73 |61.47
Bascline+IEM+RAM 76.23 | 70.87 | 61.03 | 36.99 | 6.33 | 62.48

Baseline+IEM+RAM-+RM]| 77.18 | 73.43 | 66.59 | 53.01 | 18.85 |66.19
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TABLE 3.2: Performance gap of replacing the output of each branch with the
Ground-Truth. The experiments reveal the great potential of our new frame-

work.

(A) Replacing the output of Identification Branch with GT

\ GT Location \ Predicted Location \ Gap

val 76.32 66.19 —10.13
testA 78.23 68.45 —9.78
testB 73.35 62.73 —10.62

(B) Replacing the output of Segmentation Branch with GT

\ GT Mask \ Predicted Mask \ Gap
val 80.41 66.19 —14.22
testA 82.48 68.45 —14.03
testB 77.22 62.73 —14.49

3.3 Experiments

3.3.1 Implementation Details

We train and test the proposed approach on three widely-used referring segmenta-
tion datasets: RefCOCO [3], RefCOCO+ [3] and RefCOCOg [4, 79]. We strictly
follow the experiment settings in the pervious works [17, 76], e.g. all test/val
images in three RefCOCO datasets are excluded when training the Darknet back-
bone. We also follow prior work [17, 98] and adopt the GloVe word embeddings
[97] on Common Crawl 840B tokens. We use Adam with the base learning rate
of 0.001 for optimization. Images are resized to 416 x 416 before sending to the
network, and the network outputs a 8x downsampled mask to save memory usage
in our implementation. All convolutional layers, except for the output layer of each
module, are followed with a Leaky ReLLU activation function and batch normaliza-
tion. We set wige = 10.0, wseq = 0.03, wyer = 0.5 and € = 0.3, and grid number
S xS =13 x 13 =169 in our settings. The network is trained for 55 epochs with
a batch size of 12.

3.3.2 Ablation Study

In this section, we report the ablation study results of our framework. Besides
the regular IoU, we also use another widely-used metric: Precision@X, to better
demonstrate the function of each module in our framework. The Precision@X

represents the percentage of images whose prediction IoU is above threshold X. The
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TABLE 3.3: Experimental results of the IoU metric, and comparison of other
methods with ours. *: Google split.

RefCOCO RefCOCO+ RefCOCOg

Model val \ testA \ testB | wval \ testA \ testB | wval \ test \ val*
DMN [60] 49.78 | 54.83 | 45.13 | 38.88 | 44.22 | 32.29 - - 36.76
RRN [59] 55.33 | 57.26 | 53.93 | 39.75 | 42.15 | 36.11 - - 36.45
MAttNet [76]| 56.51 | 62.37 | 51.70 | 46.67 | 52.39 | 40.08 | 47.64 | 48.61 -

CMSA [18] 58.32 | 60.61 | 55.09 | 43.76 | 47.60 | 37.89 - - 39.98
BRINet [67] 60.98 | 62.99 | 59.21 | 48.17 | 52.32 | 42.11 - - 48.04
CMPC [98] [60.98 | 62.99 | 59.21 | 48.17 | 52.32 | 42.11 - - 39.98
LSCM [64] 61.47 | 64.99 | 59.55 | 49.34 | 53.12 | 43.50 - - 48.05
MCN [17] 62.44 | 64.20 | 59.71 | 50.62 | 54.99 | 44.69 | 49.22 | 49.40 -

CGAN [99] 64.86 | 68.04 | 62.07 | 51.03 | 55.51 | 44.06 | 51.01 | 51.69 | 46.54

Ours (66.19/68.45(62.73[52.70|56.77]46.39|52.67|53.00(50.08

value of low-threshold precisions reflects the percentage of successfully identified
instances, which correspond to the identifying ability of the model. The value of
high-threshold precisions reflects the quality of output masks, corresponding to the
model’s segmentation ability. Following [17, 67, 98], we compare the precision from
threshold 0.5 to 0.9, on the validation set of the RefCOCO dataset. The results

are shown in Table 3.1.

For our baseline model, we remove the Identification Branch, and change the num-
ber output channels of the Segmentation Branch to 1, i.e., let the Segmentation
Branch directly output the mask of the target instance, which is the same as
one-stage methods. From Table 3.1, we can see that our baseline, with the Seg-
mentation Branch only, works well as a one-stage method and achieves acceptable
results. However, its precision at low-threshold is not high, which indicates its

defects in identification.

For the “Baseline+IEM” model, we recover the Identification Branch and Segmen-
tation Branch in the Instance Extraction Module (IEM), making network instance-
aware, but replace the Relationship Analyze Module (RAM) with a convolutional
layer. It can be seen that the performance is significantly increased, especially at
lower thresholds, which shows that the IEM greatly enhances the identifying ability

of the network.

Next, we test the proposed RAM. The proposed RAM further improves the IoU
performance by enhancing the identification ability. The improvements brought

by RAM shows that it can further enhance prediction by reasoning relationships
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Image (a) "big cow" "small cow” Image (b) "top donut" "second from top"

" " N
 Tcenter lemon that . "apple in front" "pear on right" orange on the ”g};t "banana in the back" ™
is on top of the apple bottom of pears"

Image (c) "left orange"

FIGURE 3.5: Qualitative examples of the proposed approach. The seg-
mented part is highlighted in orange. (*: The datasets do not provide referring
expressions for these two instances. We create phrases for them as user study.)

among instances in the input image. Also, from the last row of Table 3.1, we can
see that the Refinement Module (RM) enhances the network’s performance more
significantly at higher thresholds, which demonstrates the effectiveness of the RM

on segmentation quality.

Compared to the baseline, the overall performance of the proposed framework is
13.79% better in terms of IoU and 17.30% better in terms of Pr@0.5. This demon-
strates the superiority of our method and shows that our method significantly
enhances the referring segmentation from different aspects, i.e., identification, and

segmentation.

3.3.3 Branch Performance

In this section, we analyze the detailed performance of each branch in Table 3.2,
by using the ground-truth to take over its output. The gap between the resulting
performance and the original performance shows the areas for continued develop-
ment of this branch. Notably, RAM is included in the Identification Branch in

experiments in this section.

Identification Branch: Prediction v.s. GT. We disable the Identification
Branch and use the ground-truth identify map to substitute for its output. This

makes the model always find the right grid location of the target instance, which
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represents the upper limit of the identifying ability of our model. Results are

reported in Table 3.2a.

Segmentation Branch: Prediction v.s. GT. In the experiment, we replace all
the output masks of Segmentation Branch with the corresponding ground-truth
masks. In other words, the network always outputs the ground-truth mask of the
object selected by the Segmentation Branch, whether this selection is correct or
not. We get higher results with the ground-truth mask (see Table 3.2b), which

demonstrate the effectiveness of the Identification Branch.

Comparing the two experiments, it is shown that replacing the outputs of Segmen-
tation Branch with the ground-truth gives more performance gain. This is because
the scale of the Segmentation Branch in our approach is small and the architecture

is straightforward, suggesting the potential of our network.

3.3.4 Results on Benchmarks

Here we compare the proposed approach with previous state-of-the-art methods
on three public referring segmentation benchmarks, RefCOCO, RefCOCO+, and
RefCOCOg. We report the IoU results of the proposed approach against other
methods in Table 3.3. It can be seen that our approach outperforms previous
state-of-the-art methods on three datasets by ~ 1% in term of IoU. As mentioned
previously, the Output Stride (OS) of our network is set to 8 to save memory

resources. The performance of our network can be further enhanced by reducing

the OS.

3.3.5 Visualizations

Example Results of our method are shown in Figure 3.5. To demonstrate the
ability of our method of analyzing the relationships among instances, we report
the segmentation results of different referring expressions on each image. The first
row in Figure 3.5 is a comparison between two objects. In image (a) our method is
aware of the spatial sizes of instances and in image (b) we show more complicated
cases where exist numbered relationships, e.g., “second from top”. From the figure,

we can see that our method successfully targets the instance with an expression
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Prediction Identifying Map Prediction Identifying Map

Image (a) “computer on right side” “laptop next to cat”

Prediction Identifying Map Prediction Identifying Map

Image (b) “left sandwich” “sandwich on right”

Prediction Identifying Map Prediction Identifying Map

\r:ﬂ\v

Image (c) “girl in purple” “woman in shorts”

FIGURE 3.6: Visualization of the Identification Branch. The “Identifying
Map” shows the output of the FPM.

that describes only the relative locations without the help of other information
such as attributes. This shows that our method has a strong ability on modeling
the relative relationship among objects. The image (c) is the most difficult case
where multiple instances of different semantic categories are tangled together in
a complex layout. Notably, the dataset only provides referring expressions for at
most four instances in the image, so we add two more expressions of the rest of
the instances in the last of the figure for a complete demonstration. Our method
makes accurate identification of all instances in the image. It can be seen that our
method can handle the relationship among objects of different semantic categories,
e.g. center lemon that is on top of the apple, and can identify objects of different

sizes, e.g. the big banana in the back, as well as small oranges in the front.

Identification Branch. Figure 3.6 displays the Identifying Map, i.e., the output
of the RAM module. It is shown that the RAM does not output segmentation
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FIGURE 3.7: Visualization of the output of the Segmentation Branch.
The linguistic feature helps the Segmentation Branch to focus on generating
fine-grained segmentation masks for instances that are more possible to be the
target, but still aware of other instances.

masks, but only highlights the grids that corresponding to the target instance.

Segmentation Branch. As we mentioned previously, we inject the language
features to the Segmentation Branch to enhance the features of the target object.
Thus, to illustrate the effectiveness of the Segmentation Branch and demonstrate
the influence of language features on it, we visualize the output of the Segmentation
Branch in Figure 3.7. From the figure, it can be seen that the output of the
Segmentation Branch is influenced by language features. However, the model is
still aware of other non-target objects, only the segmentation quality is influenced
in different input expressions. Since the Segmentation Branch has a small network
scale that only consists of a few convolutional layers but has a hard task to generate
S? masks, this setting can help the network focus on outputting fine-grained masks
for instances that are more possible to be the target. This also shows that though
we only use one instance mask for each sample in training, our network still aware

of other non-target instances.



Chapter 3. ISFP 39

3.4 Chapter Summary

In this chapter, we address the challenging task of referring segmentation. To
inherit the merits and overcome the limitations of the previous one-stage and two-
stage methods, we propose a new framework that simultaneously and collabora-
tively segments instances in the image and builds the interactions among them for
identification. We propose a feature propagation module to model the comparison
relationships among all instances. In addition, we propose a refinement module
that introduces low-level and high-resolution features to enhance the spatial de-
tails of the predicted segmentation mask. Experiments show that our approach
enhances both the targeting performance and the mask quality. Without bells and
whistles, we achieve new state-of-the-art results on three referring segmentation

datasets, which demonstrates the effectiveness of our proposed approach.






Chapter 4

VLT: Vision-Language
Transformer and Query

(Generation

4.1 Introduction

In referring segmentation, while the query expression implies the target object by
describing its attributes and its relationships with other objects, objects in images
relate to each other in a complex manner. Therefore, a holistic understanding of
the image and language expression is desired. Another challenge is that the diverse
objects/images and the unconstrained language expressions bring a high level of
randomness, which requires the model high generalization ability in understanding
different kinds of images and language expressions. In the previous section, our
method proposes an identification branch, which is a downsampled feature with
smaller spatial sizes. While this helps to address the holistic understanding issue,
it still has many limitations due to the local nature of the CNN. Besides, the
language understanding problem is not well-discussed in the last method. In this

chapter, we will dive deeper into the two unsolved issues.

Firstly, to address the challenge of complicated correlations in the input image and
query expression, we propose to enhance the holistic understanding of multi-modal
information by designing a framework with global operations, in which direct inter-

actions are built among all elements, e.g., word-word, pixel-pixel, and pixel-word.

41
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The Fully Convolutional Network (FCN)-like framework [13] is commonly used in
existing referring segmentation methods [16, 60]. They usually perform convolution
operations on the fused, e.g., concatenated or multiplied, vision-language features
to predict the segmentation mask for the target object. However, the long-range
dependency modeling is intractable by regular convolution operation as its large
receptive field is achieved by stacking many small-kernel convolutions. This oblique
process makes the information interaction between long-distance pixels/words inef-
ficient [66], thus is undesirable for the referring segmentation model to understand
the global context expressed by the input image and language [18]. In recent
years, attention mechanism has gained considerable popularity in the computer
vision community thanks to its advantage in building direct interaction among all
elements, which greatly helps the model in capturing global semantic information.
There have been some previous referring segmentation works that use attention to
alleviate the long-range dependency issues, e.g., [18, 67, 100]. However, most of
them rely on FCN-like pipelines and only use the attention mechanism as auxiliary
modules, which limits their ability to model the global context. In this work, we
reformulate the referring segmentation problem as a direct attention problem and
re-construct the current FCN-like framework using Transformer [36]. We generate
a set of query vectors from language features using vision-guided attention, and
use these vectors to “query” the given image and predict the segmentation mask
from the query responses, as shown in Figure 4.1. This attention-based framework
enables us to implement global operation among multi-modal features in each com-
putation stage and enhances the network’s ability to capture the global context of

both vision and language information.

Vision-Guide
Attention
Input: ; Query Vectors

Q1" elephant on the " Resp. 1/0.6 —
Q2 "SMALL ELEPHANT on the lefr" | |Resp. 210.7—

| "Small elephant on the left" |

Q3 "small ELEPHANT on the LEFT" | | Resp. 3 0.3 —|

FIGURE 4.1: The proposed method dynamically produces multiple sets of
input-specific query vectors to represent the diverse comprehensions of language
expression. Queries are derived from language feautres, and different queries may
emphasize different words by weighting, as indicated by the capitalized words in
“Query Vectors”.
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Secondly, in order to handle the randomness caused by the various objects/images
and the unrestricted language expressions, we propose to understand the input
language expression in different ways incorporating vision features. In many ex-
isting referring segmentation methods, such as [17, 76], the language self-attention
is often used to extract the most informative part and emphasized word(s) in the
language expression. However, for these methods, their language understanding
is derived solely from the language expression itself without interacting with the
vision information. As a result, when the text prompt is complex and contains
multiple aspects of description (e.g. multiple adjectives for one subject), they
cannot distinguish which one will be more suitable and effective that can fit the
image better. For example, solely given an expression “The large balloon on the
left”, it is hard to determine whether the word “large” or the word “right” will
be more helpful to find the target object. Hence, their detected emphases might
be inaccurate or inefficient, as we will further discuss in Figure 4.5. On the other
hand, in most existing vision-transformer works [1], the queries of the transformer
decoder are a set of fixed and learned vectors, each of which predicts an object.
However, experiments show that each query vector has its own operating modes,
and is specifically targeted at certain kinds of objects [1], e.g., specifically targeted
at objects of a certain type or located in a certain area. The fixed queries in these
works implicitly assume that the objects in the input image are distributed under
some certain statistical rules, which does not consider well the randomness and
huge diversity of the referring segmentation, especially the randomness brought by
unconstrained language expressions. Also, the learnable queries are designed for
detecting all the objects in the whole image instead of focusing on the target object
indicated by the language expression, thus cannot efficiently extract informative

representation that contains the clues to the target object.

To address these issues, we propose to generate input-specific queries that could
focus on the clues related to the referred target object. We herein propose a Query
Generation Module (QGM), which dynamically produces multiple query vectors
based on the input language expression and the vision features. Each query vector
represents a specific comprehension of the language expression and queries the vi-
sion features with different emphases. As shown in Figure 4.1, three queries focus
on different information, respectively. These generated query vectors produce a
set of corresponding masks in the transformer decoder though we only need one

mask selected from them. Besides, we also hope to choose a more reasonable and
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better comprehension way from these query vectors. Therefore, we further propose
a Query Balance Module (QBM), which assigns each query vector a confidence
measure to control its impact on mask decoding, and then adaptively selects the
output features of these queries to better generate the final mask. The proposed
QGM dynamically produces input-specific queries that focus on different informa-
tive clues related to the target object, while the proposed QBM selectively fuses
the corresponding responses by these queries. These two modules work together
to improve the different ways to understand the image and query language and

enhance the network’s robustness towards highly random inputs.

Thirdly, we introduce masked contrastive representation learning to further en-
hance the model’s generalization ability and robustness to unconstrained language
expressions. With the proposed Query Generation Module and Query Balance
Module, we provide different understandings of a given expression, which can be
viewed as a kind of intral-sample learning. Here we further consider inter-sample
learning to explicitly endow the model with knowledge of different language ex-
pressions to one object. For the same target object, there are multiple ways to
describe it. However, the final representations that predict the target mask should
be the same. In other words, the output features of the Query Balance Module by
different expressions for the same object should be the same. To this end, we utilize
contrastive learning to narrow down the features of different expressions for a same
target object, while distinguishing the features of different objects. What’s more,
we observe that the model tends to overly rely on specific words that provide the
most discriminative clues or frequently occur in training samples, while ignoring
other complementary information. The excessive reliance on specific words will
damage the model’s generalization ability, for instance, the model may not well
understand testing expressions that do not contain common discriminative clues in
the training samples. To address this issue, we introduce masked language expres-
sions in contrastive representation learning, which randomly erases some specific
words from the original language expression. The masked language expression and
the original expression refer to the same target object, they are considered as a
positive pair in the contrastive representation learning to be close to each other and
reach the same representation. The masked contrastive representation learning sig-
nificantly enhances the model’s ability in dealing with diverse language expressions
in the wild.
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The proposed approach builds deep interactions between language and vision in-
formation at different levels, which greatly enhances the utilization and fusion of
multi-modal features. In addition, the proposed network is lightweight and its pa-
rameter scale is roughly equivalent to just seven convolution layers. In summary,

our main contributions are listed as follows:

e We design a Vision-Language Transformer (VLT) framework to facilitate deep
interactions among multi-modal information and enhance the holistic under-

standing of vision-language features.

e We propose a Query Generation Module (QGM) that dynamically produces
multiple input-specific queries representing different comprehensions of the
language, and a Query Balance Module (QBM) to selectively fuse the corre-

sponding responses by these queries.

e We introduce a masked contrastive representation learning to enhance the
model’s generalization ability and robustness to deal with the unconstrained

language expressions by learning inter-sample relationships.

e The proposed approach is lightweight and achieves new state-of-the-art per-
formance consistently on three referring image segmentation datasets, Re-
fCOCO, RefCOCO+, G-Ref, and two referring video object segmentation
datasets, YouTube-RVOS and Ref-DAVIS17.

4.2 Methodology

The overall architecture of the proposed Vision-Language Transformer (VLT) is
shown in Figure 4.2. The network takes a language expression and an image as
inputs. First, the input image and language expression are projected into the lin-
guistic and visual feature spaces, respectively. Then, vision and language features
are inputted to the proposed Query Generation Module (QGM) to generate a set
of input-specific query vectors, which represent different aspects of the language
expression under the guidance of visual clues. At the same time, vision and lan-
guage features are fused to multi-modal feature by the proposed Spatial Dynamic
Fusion (SDF), and the multi-modal feature is sent to the transformer encoder to

produce a group of memory features. The query vectors in QQ generated by our



4.2. Methodology

46

Image Input

"Small elephant
on the left"

Language Input
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and language expression are projected into visual and linguistic feature spaces, respectively. A Spatial Dynamic Fusion module
is then employed to fuse vision and language features, generating multi-modal feature inputted to the transformer encoder. The
proposed Query Generation Module generates a set of input-specific queries according to the vision and language features. These
input-specific queries are sent to the decoder, producing corresponding query responses. These resulting responses are selected by
the Query Balance Module and then decoded to output the target mask by a Mask Decoder. “Pos. Emb.”: Positional Embeddings.

“MCL”: Masked Contrastive Learning.
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proposed QGM are employed to “query” K and V derived from memory features
in transformer decoder, i.e., Attention(Q, K, V) = softmax(Q—\/Ig)V, where d}, is the
dimensionality of K. The resulting responses from transformer decoder are then
selected by a Query Balance Module (QBM) with different confidence weights. Fi-
nally, the mask decoder takes the weighted responses from QBM and the output
feature from transformer encoder as inputs and outputs a mask for the target ob-
ject. Masked Contrastive Learning (MCL) is used to supervise the features in Mask
Decoder to narrow down the features of different expressions for the same target
object while distinguishing the features of different objects. Positional embeddings
are used to supplement the pixel position information in the permutation-invariant

transformer architecture.
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cally copied to every position across the H x W map.
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FIGURE 4.4: An illustration of the proposed Spatial-Dynamic Fusion
(SDF). Different from the conventional “tile-and-concatenate” fusion, the pro-
posed SDF finds a word attention set and derives a tailored language feature
vector for each pixel in the image feature.
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4.2.1 Spatial-Dynamic Multi-Modal Fusion

After backbone features for language and image are extracted, the first step is to
preliminarily fuse them together and generate a multi-modal feature. For refer-
ring segmentation, effective multi-modal information fusion is critical and chal-
lenging because the unconstrained expression of natural language and the diver-
sity of objects in scene images bring huge uncertainty to the understanding and
fusion of multi-modal features. However, as far as our knowledge, most of the
previous approaches conduct multi-modal feature fusion simply by either concate-
nation [16, 18, 58, 67| or point-wise multiplication [17, 62, 69] of vision feature
and language feature. The language feature, which is a 1D vector, is usually tiled
to every position of the vision feature [16, 18], as shown in Figure 4.3. Under
the “tile-and-concatenate” operation, the language feature is identically copied to

every position across the H x W map.

Although such kinds of fusion techniques are simple and have achieved reasonable
performance, there are a few drawbacks. Firstly, the features of individual single
words are not fully utilized in this step. Secondly, the tiled language feature will be
identical for all pixels across the image feature, which weakens the location infor-
mation carried by the correlation between the language information and the visual
information. Due to the diversity of objects in the input image, an image usu-
ally contains diverse information that can be very complex, where different regions
may contain different semantic information. Meanwhile, the language expression
can be interpreted with different emphases from different perspectives. We here
emphasize the differences among pixels/objects, i.e., the vision information across
the image varies from place to place. Therefore, the informative words in a given
sentence are different from pixel to pixel. The way of tiling ignores such differences
and simply assigns the same language feature vector to every pixel, resulting in
some confusion. It is better to make tailored feature fusion specifically for each
individual pixel. In this work, we propose a Spatial-Dynamic Fusion (SDF) mod-
ule, which produces different language feature vectors for different positions of the
image feature according to the interaction between language information and cor-
responding pixel information. Each position selects its interested words and pays

more attention to these words during multi-modal fusion.

An illustration of the proposed Spatial-Dynamic Fusion (SDF) module is shown
in Figure 4.4. The proposed SDF module takes language features F;, including
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features of each word and the whole sentence, and image features F,, as inputs.
We first use language features and vision features to generate the Spatial-Dynamic

Attention matrix by:

Aq = softmax(LConv(Fm,)Conv(Ft)T), (4.1)

VG

where C' is feature channel number and \% is the scaling factor. Ayq is with the
shape of H x W x Ny, where H and W are height and width respectively, and NV;
is the number of language feature vectors in F;. In this section, unless specified
otherwise, Conv denotes 3 x 3 convolution operation with ReLU activation and
batch normalization. Softmax normalization is applied along the N, axis of the
attention matrix Ag. FEach position of the spatial-dynamic attention Agq is a
weighting vector that indicates different importance of the N; language features at

this position. Therefore, a spatial dynamic language feature Fyq is generated by:
Fsdl = ASdCOHV<Ft), (42)

where Fyq is in the shape of H x W x (', each vector of F,4 across H x W is the
language feature vector weighted by its correlation to the image context at a pixel

position. The fused multi-modal feature F,q is generated by:
Fhused = Conv(Fqi©F,r), (4.3)

where (C) denotes concatenation. Following previous transformer works [1, 101], we
employ fixed sine spatial positional embeddings to supplement the pixel position
information in the permutation-invariant transformer. The fused multi-modal fea-
ture and the positional embeddings are inputted to the transformer encoder (see
Figure 4.2).

4.2.2 Query Generation Module

In most existing Vision Transformer works, e.g., [1, 102-104], queries for the trans-
former decoder are usually a set of fixed learned vectors, each of which is used to
predict one object and has its own operating mode, e.g., specifying objects of a
certain kind or located in a certain region. These works with fixed queries have

an implicit assumption that objects in the input image are distributed under some
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Input: “The large balloon on the left”

FIGURE 4.5: An example of one sentence with different emphasis. For
different images, the informative degree of words “large” and “left” are different.

statistic rules. However, such an assumption does not consider the huge diversity
of the referring segmentation. The learnable queries are designed for detecting all
objects in the whole image instead of focusing on the target object indicated by
the language expression, thus cannot effectively extract informative representation

that contains clues of the target object.
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FIGURE 4.6: Query Generation Module (QGM). The QGM takes sequen-
tial vision feature F,, and language features F; as inputs and generates a group

of input-specific query vectors Fy, which are then sent to the transformer decoder
of our VLT.
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For referring segmentation, the target object described by the given expression can
be any part of the image. One feature of referring segmentation is that both the
input image and language expression are unconstrained, and for different objects
in different samples, users may give very different expressions that describes the
object in different ways. For example, sometimes users may refer an object using
its size and shape, and sometimes using its color and texture. In other words, the
stochasticity of the target object’s properties is significantly high. Therefore, fixed
query vectors, like in most existing ViT works, cannot well represent the proper-
ties of the target object. Instead, the properties of the target object are hidden
in the input language expression, e.g., keywords like “blue/yellow”, “small/large”,
“right/left”, etc. To capture the informative clues and address the high stochas-
ticity in referring segmentation, we propose a Query Generation Module (QGM)
to adaptively generate the input-specified query vectors online according to the
given image and language expression. Also, it is well known that for a language
expression, the importance of different words is different. Some existing works ad-
dress this issue by measuring the importance of each word. For example, [17] gives
each word a weight and [76, 98] defines a set of groups, e.g., location, attribute,
entity, and finds the degree of each word belonging to different groups. Most works
derive the weights by the language self-attention, which does not utilize the in-
formation in the image and only outputs one set of weights. But in practice, the
same sentence may have different understanding perspectives and emphasis, and
the most suitable and effective emphasis can only be known with the help of the
image. We give an intuitive example in Figure 4.5. For the same input sentence
“The large balloon on the left”, the word “left” is more informative for the first
image while the word “large” is more useful for the second image. In this case,
language self-attention cannot differentiate the importance between “large” and
“left”, making the attention process less effective. In order to let the network learn
different aspects of information and enhance the robustness of the queries, we gen-
erate multiple queries with the help of visual information, though there is only
one target instance. Each query represents a specific comprehension of the given

language expression with different emphasized word(s).

The architecture of the Query Generation Module is shown in Figure 4.6. It takes
language feature F;, € RM*¢ and raw vision feature F,, € RF*WXC a5 inputs. In
F;, the i-th vector is the feature vector of the word w;, which is the i-th word

in the input language expression. N, denotes the sentence length and is fixed
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FIGURE 4.7: The preparation process of the sequential vision features for
our Query Generation Module.
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FIGURE 4.8: Query Balance Module (QBM). For each query vector, a con-
fidence measure parameter Cy is computed to reflect how much it fits the predic-
tion and the context of the image. The transformer responses F;. is weighted by
the corresponding confidences Cj; to control the influence of each query vector,
generating balanced responses Fj.

over all inputs by zero-padding. This module aims to output IV, query vectors,
each of which is a language feature with different attention weights guided by the
vision information. Specifically, the vision features are firstly prepared as shown in
Figure 4.7. We reduce the feature channel dimension size of the raw vision feature
F,, to query number N, by three convolution layers, resulting in NV, feature maps.
Each of them will participate in the generation of one query vector. The feature
maps are then flattened in the spatial domain, forming a feature matrix F,, of size
Ny x (HW), i.e.,

F,, = Flatten(Conv(F,,))". (4.4)

Next, we comprehend the language expression from multiple aspects incorporating
the image, forming IV, queries from language. We derive the attention weights for

language features F} by incorporating the vision features F,

Ay — softmax(%J(quWU)J(FtWa)T), (4.5)



Chapter 4. VLT 53

where Ay € RNo*M is query-dynamic attention matrix, containing N, different
attention vectors to F,. W, € REWIXC and W, € R*C are learnable parame-
ters, o is activation function Rectified Linear Unit (ReLU). The softmax function
is applied across all words for each query as normalization. Like the Transformer
architecture, the attention matrix A.q is token-wise, each of the N, vectors consists
of a set of attention weights for different words. Different queries attend to dif-
ferent parts of the language expression. Thus, N, query vectors focus on different
emphasis or different comprehension ways of the language expression. Notably,
after this step, for longer sentences, we randomly mask one of the most important
words to enhance the generalization ability of the network. The details are shown
in Section 4.2.5.

Next, the derived attention weights are applied to the language features:
F, = Ao (FW,) + o(Fy, W), (4.6)

where W, € RE*¢ and W, are learnable parameters, F, € R¥*% contains N, query
vectors {Fy1, ..., Fon, ...Fyn, }. We add a residual connection from vision feature £,
to enrich the information in query vectors. Each Fj, is an attended language
feature vector guided by vision information and serves as one query vector to the

transformer decoder.

4.2.3 Query Balance Module

We get N, different query vectors from the proposed Query Generation Module.
Each query represents a specific comprehension of the input language expression
under the interactive guidance of the input image information. As we discussed
before, both the input image and language expression are of high arbitrariness.
Thus, it is desired to adaptively select the better comprehension and let the network
focus on the more reasonable and suitable comprehension. On the other hand, as
the independence of each query vector is kept in the transformer decoder [1] but we
only need one mask output, it is desired to balance the influence of different queries
on the final output. Therefore, we propose a Query Balance Module (QBM) to
dynamically assign each query vector a confidence measure that reflects how much

it fits the prediction and the context of the image.
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The architecture of the proposed QBM is shown in Figure 4.8. Specifically, the
inputs of Query Balance Module are the query vectors Fj, from the Query Gener-
ation Module and its corresponding responses from the transformer decoder, F;,
which is of the same size as F,. In the Query Balance Module, the query vec-
tors after going through a linear layer and their corresponding responses are first
concatenated together. The linear layers are employed to derive confidence levels
according to the query vectors F, and their corresponding responses F,.. Then, a
set of query confidence levels Uy, in the shape of N, x 1, are generated by two

consecutive linear layers. Sigmoid, S(x) = is employed after the the last

linear layer as an activation function to control the output range. Let F}, and
Cyn denote the corresponding response and query confidence to the n-th query
F,,, respectively. Each scalar Cg, shows how much the query Fy, fits the context
of its prediction, and controls the influence of its response F), to the mask de-
coding. Each response F}, is multiplied with the corresponding query confidence
Cyn, i-€., Fy, = F,Cqn. The balanced responses Fy = {Fy, ..., Fyn, ..., Fyn, } are
sent for mask decoding. The proposed QGM dynamically produces input-specific
queries that focus on different informative clues related to the target object, while
the proposed QBM selectively fuses the corresponding responses to these queries.
These two modules work together to prominently boost the diversity to understand

the image and query language, and enhance the model’s robustness towards highly

stochastic inputs.

4.2.4 Mask Decoder

The output of the Query Balance Module Fy, with the size of N, x C'is sent to the
mask decoder, as shown in Figure 4.9. In the mask decoder module, F} is utilized
as a set of mask generation kernel to process the vision-dominated feature F,,. from

the transformer encoder, to produce mask feature F,,, i.e.,
F, = F,.F, (4.7)

where F,. is with size of HW x C so that F,, has size of HW x N,. Then we
reshape F),, to H x W x N, for the final mask generation. We use three stacked
3 x 3 convolution layers for decoding followed by one 1 x 1 convolution layer for

outputting the final predicted segmentation mask. To control the output size and
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generate a higher-resolution mask, upsampling layers are placed after each of the
three 3 x 3 convolution layers. To better demonstrate the effectiveness of the
proposed transformer module, the Mask Decoding Module in our implementation
does not utilize any backbone CNN features. We employ the Binary Cross-Entropy

loss on the predicted masks to supervise the network training.

( A Training Batch

ryg (0N B B4
B e e

Sinit Sso Spo Spr
. T ,f 1 J
Same Image Same Image

Different Image

Same Object Different Object
Initial Image

FIGURE 4.11: One training batch in inter-sample learning.

4.2.5 Masked Contrastive Learning

Here we further consider inter-sample learning to explicitly endow the model with
the knowledge of different language expressions to one object. The given expression
in natural language is unconstrained. There are multiple ways to describe the same
target object, which brings challenges in understanding these expressions. Given an
image I that contains No objects {Oy, ..., O;, ...,On, }, every object O; in I can be
referred by Ny different expressions {E}, ..., Ef, vy EZNE} A sample S(I, O, EZJ) of
referring segmentation defines a mapping from an expression to the target object:
{E7 — O;|I}. Based on the original definition of referring segmentation [16],
one referring expression can only have one unambiguous target, so the mappings
between F; and O; are in general many-to-one. An object in the image can be
described by many different language expressions, but one language expression
should unambiguously point to one and only one instance. Thus, no matter what
kind of expressions are given for the target object, the final mask is the same, i.e.,
the feature F), in Eq. (4.7) for generating the final mask is the same. Motivated
by this, here we introduce contrastive learning that forces the network to narrow

the distance of features of different expressions for the same target object while
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enlarging the distance of features for different objects. Furthermore, to provide
more positive pairs and enhance the model’s generalization ability to the input
language, we randomly mask some specific words in the language expression and

add these masked expressions to the positive samples of the original expression.

To sample the training pairs for contrastive learning, we summarize the inter-
sample relationships into three categories: 1) Different Image (DI), 2) Same Image
Different Object (SIDO), 3) Same Image Same Object (SISO), as shown in Fig-
ure 4.10. Unlike existing methods that construct the training batches in a fully
random manner, we intend to let one batch have all kinds of inter-sample relation-
ships. Firstly we randomly choose an initial sample S;,;;, as shown in Figure 4.11.
We denote its SISO images as Sgo, whose image I and object O; are the same as
Sinit but expressions EZ] are different from S;,;;, and denote its SIDO images as
Spo, which has the same image I as the initial sample but different target object
O;. When constructing a mini-batch, we first put the initial sample into it. Next
we intentionally put at most Ngo samples from Sso, and at most Npo samples
from Spo. The rest of the batch is filled with the randomly chosen DI samples.
Under this mechanism, every training batch will contain all kinds of inter-sample

relationships, as shown in Figure 4.11.

As we mentioned earlier, the features of SISO samples for generating the final
mask should be the same. In contrast, for SIDO items, though they share the
same input image so the output feature of the transformer may tend to be similar,
the features for generating the mask prediction should be different because their
target outputs are different. From this point, we introduce contrastive learning as
feature-level supervision. In our approach, the Mask Decoder module plays the
role in generating the output mask, hence we add the contrastive learning on the
feature F,,, see Eq. (4.7), of the Mask Decoder module. Inspired by the InfoNCE

loss [105], our loss is defined as follows:

—_L €xp (% <f5+7f5init>)
£CL_ Nso Z log Z exp(% <fS’fSinit>)7

S5+€950  gespo.54

(4.8)

where S, denotes a SISO sample of the initial sample, 7 is a temperature constant,
fs is the feature F, in the Mask Decoder module, and (,) denotes the cosine

similarity function. This loss function forces that the mask feature of the initial
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sample to be closer to its SISO samples that are supposed to have the identical
output feature and mask, and force it to be away from its SIDO samples, which

are supposed to have a non-overlap mask with it.

What’s more, a sentence usually has more than one informative clue. However,
the network tends to capture the most discriminative, or easiest clues to reach
the training objective, resulting in underrating, even ignoring, other information.
For example, given the image in Figure 4.10 and an expression “man in green
on left”, we have experimentally observed that the network is over-influenced by
the word “left” since it is more common in the dataset. We argue that overly
relying on discriminative/common words harms the model’s generalization ability.
To address this issue, we propose to randomly mask some prominent words in
the language expression and add these masked samples, as SISO samples, to our
contrastive learning. Specifically, we measure the importance of each word when
evaluating the language attention in the QGM, as mentioned in Eq. (4.5). For
language expression that are longer than N, words, we sum up the word attention
vectors of all the N, queries to generate a global attention weight for every word:
a; = 27]2[11 Qni, Where a,; € Aqq represents the attention weight of the i-th word
in attention vector for the n-th query, a; denotes the global attention weight for
i-th word. The global attention weights {a1, as, ..., ay,} reveal the importance of
each word. To enhance the diversity of the training samples, words are chosen to

be masked with a probability p,,, where the probability p,, is determined by the

N¢
Jj=1

global attention weights by p,,; = e* /> . e%. This probability-guided random
setting lets more important words have higher masking chances while keeping the
diversity of the training sentences, avoiding the network to be over-fitted by the
masked samples. If a word is masked, its corresponding feature in F; is changed.
Thus, we apply a softmax function in Eq. (4.5) again to re-normalize it. As a
consequence, a new set of query vectors and query responses are generated. The
feature for Mask Decoder by this erased sentence is trained to be close to the
original one by adding it as a positive sample S, in Eq. (4.8). In such a way, the
network is encouraged to extract the information from words that are harder or
not so discriminative rather than always relying on some high-frequency keywords,

which could enhance the network’s versatility in practical usage.
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4.2.6 Network Architecture

Feature Extractor. We train two versions of VLT: one CNN backbone version
and one Transformer backbone version. For the CNN version, since the transformer
architecture only accepts sequential inputs, the original image, and language input
must be transformed into feature space before sending to the transformer. For
vision features, following [1], we use a CNN backbone for image encoding. We take
the features of the last three layers in the backbone as the input for our encoder.
By resizing the three sets of feature maps to the same size and summing them
together, we get the raw vision feature F,, € RT*WxC where H,W is the spatial
size of features, and C'is the feature channel number. For language features, we
first use a lookup table to convert each word into word embeddings [106], and then
utilize an RNN module to achieve contextual understanding of the input sentence
and convert the word embedding to the same number of channels as the vision
feature, resulting in a set of language features F, € RV*¢  F_ and F, are then
sent to the Spatial Dynamic Fusion module and the Query Generation module as
vision and language features. For the Transformer backbone version, we employ
Swin-Transformer [38] and BERT [45] as vision and language backbone feature
extractor.

TABLE 4.1: Comparison with Convolutional Networks, containing seven 3x3
Conv layers, in terms of parameter size and performance.

Type ‘#params‘ IoU Pr@0.5 Pr@0.6 Pr@0.7 Pr@0.8 Pr@0.9

7 Conv Layers | ~ 16.6M | 60.42 66.44 61.86 53.22 44.72 17.27
Transformer ~ 17.5M | 65.24 73.39 68.01 60.83 47.99 20.07

Transformer Module. We use a complete but shallow transformer to apply the
attention operations on input features. The network has a transformer encoder
and a decoder, each of which has two layers. We use the standard Transformer
architecture as defined by Vaswani et al. [36], in which each encoder layer con-
sists of one multi-head attention module and one feed-forward network (FFN), and
each decoder layer consists of two multi-head attention modules and one FFN. We
flatten the spatial domain of the fused multi-modal feature F',,.q into a sequence,
forming the multi-modal feature F7%, ., € RNex¢ N, = HW. The transformer
encoder takes F}, 4 as input, deriving the memory features about vision informa-
tion Flem € RM*C. Before sending it to the encoder, we add a fixed sine spatial

positional embedding on F' ]’cused. Fem 18 then sent to the transformer decoder as
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keys and values, together with N, query vectors produced by the Query Genera-
tion Module. The decoder queries the vision memory feature with language query

vectors and outputs N, responses for mask decoding.

4.3 Experiments

We conducted extensive experiments to demonstrate the effectiveness of our pro-
posed Vision-Language Transformer (VLT) for referring segmentation. In this sec-
tion, we introduce implementation details of our approach, benchmarks we used
in the experiments, and report both the quantitative and qualitative results of our

proposed approach compared with other state-of-the-art methods.

4.3.1 Implementation Details

Experiment Settings. Following previous works [17, 76], we use the same ex-
periment settings. Our framework utilizes Darknet-53 [42] pretrained on partial
MSCOCO as the visual CNN backbone. Images form the validation and test set
of the RefCOCO series are excluded in the pretraining. We use bi-GRU [14] as the
RNN implementation and the Glove Common Crawl 840B [97] for word embed-
ding. The training image size is set to 416 x 416 pixels. Each Transformer block
has eight heads, and the hidden layer size in all heads is set to 256. For RefCOCO
and RefCOCO+, we set the maximum word number to 15, and for G-Ref, we set
it to 20 as there are more long sentences. The Adam optimizer is used to train the
network for 50 epochs, and the learning rate is set to A=0.001. The batch size is
32 on one 32G V100 GPU.

Metrics. We use two metrics in our experiments: mask Intersection-over-Union
(IoU) and Precision with thresholds (Pr@X). The mask IoU demonstrates the
mask quality, which emphasizes the model’s overall performance and reveals both
targeting and segmenting abilities. The Pr@X metric computes the ratio of suc-
cessfully predicted samples using different IoU thresholds. Low threshold precision
like Pr@0.5 reflects the identification performance of the method, and high thresh-
old precision like Pr@(.9 reveals the ability of generating high-quality masks.
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TABLE 4.2: Comparison of the proposed Query Generation Module (QGM) with
other kinds of query generation ways. “F;”: directly use the language features
F; as query vectors. “Learnt”: learnable parameter-queries that are fixed in
testing, similar with [1].

No. ‘ Query Type‘ IoU Pr@0.5 Pr@0.6 Pr@0.7 Pr@0.8 Pr@0.9

1 Iy 60.26  69.88 64.61 56.70 43.62 18.06
Learnt 58.60 67.84 99.98 53.23 44.60 16.33
3 | QGM (ours) | 65.24  73.39 68.01 60.83 47.99 20.07

TABLE 4.3: Ablation study of Query Numbers N,. I: without Query Balance
Module (QBM).

N, | IoU Pr@0.5 Pr@0.6 Pr@0.7 Pr@0.8 Pr@0.9
15734 67.04 6011 5203  40.82  10.28
26078 70.18  63.50 5541 4420  16.03
4] 61.58 7092 6433  56.02  44.23  15.22
8| 6435 7261 6698 58.83 4698  19.63
16 | 65.24 73.39 68.01 60.83 47.99  20.07
32| 6512 7321 6759  60.13 48.03  18.64
16" | 6380 7196 6746 59.73 4722  19.71

4.3.2 Ablation Study

In this section, we conduct ablation studies on the test B of RefCOCO to demon-
strate the effectiveness of the proposed modules in our Vision-Language Trans-

former framework.

Transformer v.s. ConvNet. To demonstrate the scale of our proposed network
and verify the effectiveness of the transformer module, we compare our method
with a regular ConvNet in terms of the performance and parameter size in Ta-
ble 4.1. In the experiment, we replace the whole transformer-based modules, in-
cluding the transformer encoder-decoder, the Query Generation Module, and the
Query Balance Module with seven stacked 3 x 3 Conv layers that have similar pa-
rameters size to our transformer-based modules. It shows that the parameter size
of our transformer-based module achieves a much superior performance while is
only nearly equal to 7 convolutional layers. The transformer module outperforms
the 7 Conv module with ~5% margin in terms of IoU, and ~7% margin in terms of

Precision@(.5. This proves the effectiveness of the proposed transformer module.

Query Generation. In Table 4.2, we compare different kinds of query genera-

tion methods, including our proposed Query Generation Module (QGM), language



62 4.3. Experiments

features F} as queries, and learned parameters as queries. The Query Generation
Module outperforms the other two methods with a large margin at about 5% -
7% in terms of IoU and 4% - 6% in terms of Pr@0.5. Firstly, we directly utilize
the language features F; as query vectors and send them into the transformer de-
coder. In detail, the given language expression is processed by an RNN network,
then the output for every word, and the output for the whole sentence, are used
as query vectors. It can be seen in Table 4.2 that the performance of F}; as queries
is ~5% worse than QGM, which is because the information between words is not
sufficiently exchanged and the understanding of language is derived from language
itself, as we discussed in Section 4.2.2. The proposed Query Generation Module
has a much superior performance to the “F;” as queries. This demonstrates that
the proposed QGM effectively understands the language expressions and produces

valid attended language features under the guidance of visual information.

We set 16 query vectors that are initialized with uniform distribution at the begin-
ning of the training in our experiment, and train these query-parameters together
with the network. As the “learnt” in Table 4.2, the performance of these learned
fixed query vectors is not satisfying, only 58.50%, which shows that such learned
query-parameters cannot represent the target object as effectively as online gener-

ated input-specific queries by the proposed QGM.
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FIGURE 4.12: Performance gain by increasing the query number N,.

Query Number N,. To demonstrate the influence of the query number NV, on the
results, we evaluate the network’s results with different numbers of query vectors.
As we can see in Table 4.3 and Figure 4.12, though only one segmentation mask is
required in the final prediction, multiple queries are desired for providing diverse
clues and can achieve better results than a single query. As shown in Table 4.3 and
Figure 4.12, by increasing the query number N,, the performance gradually gets

higher, and a significant performance gain of about 8% is achieved from 1 query
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TABLE 4.4: Ablation study of Multi-Modal Fusion.

Type ‘ IoU Pr@0.5 Pr@0.6 Pr@0.7 Pr@0.8 Pr@0.9

Tile 64.40 72.16 66.82 5833 47.20 20.03
Tile + Convx4|64.45 72.19 66.63 ©58.23 47.40 20.01
SDF 65.24 73.39 68.01 60.83 47.99 20.07

to 16 queries. The performance gain slows down after the query number N, is
larger than 8, therefore we select IV, = 16 as the default setting. The performance
gain achieved by larger N, verifies that multiple input-specific queries produced by
the proposed QGM dynamically represent the diverse comprehensions of language
expression. When the Query Balance Module (QBM) is discarded, marked with
T in Table 4.3, a performance drop of 1.44% IoU is observed, which proves the
advantage of the proposed QBM.

Tile v.s. Spatial-Dynamic Fusion. In Table 4.4, we compare the “tile-and-
concatenate” fusion and our proposed Spatial-Dynamic Fusion (SDF). As we dis-
cussed in Section 4.2.1, the “tile” operation does not consider the difference of
each pixel but uses an identical sentence feature for all pixels across the image. In
contrast, the proposed spatial-dynamic fusion customizes a unique language fea-
ture for every pixel according to the interaction between language information and
corresponding pixel information. As shown in Table 4.4, compared with “Tile”,
the SDF module brings a performance gain of 0.84% IoU and 1.23% Pr@0.5. The
proposed SDF emphasizes the differences among pixels/objects and allows each
position to select the more informative words, enhancing the multi-modal fusion
and producing better multi-modal features. “Tile + Convx4” in Table 4.4, which
has the same number of parameters as the proposed SDF, does not bring better
performance than “Tile” because our network already has a sequential convolution

layers after the feature fusion.

Inter-Sample Learning. Here we demonstrate the effectiveness of our proposed
inter-sample learning approach, Masked Contrastive Learning (MCL). The results
are shown in Table 4.5. Firstly, we add Contrastive Learning (CL) in the training
of our network. The CL does not contain masked sentences as SISO samples. From
Table 4.5a, on the original testing set, the CL brings a performance gain of 1.27%
in terms of IoU and 1.04% in terms of Pr@0.5, which demonstrates that the inter-
sample learning does enhance the model’s performance. Further, we introduce the

samples with masked sentences as SISO samples, i.e., positive pairs in contrastive
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TABLE 4.5: Ablation study of Inter-Sample Learning.

(A) Experiments on original dataset and masked dataset

ToU Pr@0.5
Original Masked Gap | Original Masked Gap

w/o CL | 63.43 59.53 -3.90| 71.84 67.02 -4.82
w/ CL| 64.70 61.02 -3.68| 72.88 68.45 -4.43
w/ MCL | 65.24 64.20 -1.04| 73.39 72.19 -1.20

Type

(B) Cross dataset validation

Type | IoU Pr@0.5 Pr@0.6 Pr@0.7 Pr@0.8 Pr@0.9

w/o CLT[49.16 56.06 50.13 41.87 34.11 12.26
w/ CL'[49.92 57.01 5125 4213 3554 1281
w/ MCLT |52.35 60.41 55.12 49.80 39.35 14.76
Native 56.30 66.03 61.53 56.20 41.22  13.09

TABLE 4.6: Ablation study of word selection mechanism in MCL.

Select. Type‘ IoU Pr@0.5 Pr@0.6 Pr@0.7 Pr@0.8 Pr@0.9

None 49.92 57.01 51.256 4213 3554 1281
Random | 50.08 57.33 51.30 43.02 35.72 12.60
Threshold 6 | 51.57 59.08 52.04 46.13 37.57 13.99

Pm 52.35 60.41 55.12 49.80 39.35 14.76
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FIGURE 4.13: Ablation study of the percentage of Npp in MCL.

learning. Compared with w/o CL, MCL brings a large performance gain of 1.81%
IoU on the original dataset. Compared with CL, MCL further brings a perfor-
mance gain of 0.54% in terms of IoU and 0.51% in terms of Pr@0.5, which shows
the benefits brought by introducing samples with masked expressions in training.
To better demonstrate the model’s ability in dealing with unconstrained and di-
verse language expressions in the wild, we do another two testings: 1) erase some
informative words of the given language expressions in these testing samples, see

“Masked” in Table 4.5a; 2) cross datasets validation between two datasets that have
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different common clues, i.e., training on RefCOCO while testing on the validation
set of RefCOCO+, marked with w/o CLT, etc. in Table 4.5b. Firstly, as shown in
Table 4.5a, compared with the original dataset, w/o CL drops 3.9% in terms of IoU
and 4.82% in terms of Pr@0.5 on the Masked testing samples. The result shows
that the w/o CL model overly relies on common keywords and is heavily affected by
the missing of these common clues. While for w/ MCL, the performance drop on
the Masked validation is 1.04% and is much less than the performance drop of w/o
CL, which verifies the model’s robustness and generalization ability brought by in-
troducing masked contrastive learning. Next, we do the cross-dataset validation on
RefCOCO and RefCOCO+ in Table 4.5b. In RefCOCO, a large number of samples
use absolute location (e.g., “the left”, “on the right”, etc.) for describing the target
object, but such kinds of expressions are not allowed in the RefCOCO+. Therefore,
the cross datasets validation provides a good simulation of a practical scenario, in
which the training information and testing are inconsistent, and only partial clues
are available for testing. As shown in Table 4.5b, w/ MCLT outperforms w/o CLT
3.19% in terms of IoU and 4.35% in terms of Pr@0.5, which verifies the model’s
robustness and generalization ability in dealing with diverse language expressions
that are different from training samples. “Native” in Table 4.5b denotes training
& testing on RefCOCO+. As w/ MCLT v.5. “Native”, we can see that the model
trained on RefCOCO with MCL achieves competitive results on the validation set
of RefCOCO+ compared to the model trained on RefCOCO+, proving that the
proposed masked contrastive learning enhances the model’s generalizability under

open-world practical scenarios.

Next we do an ablation study about the word selection mechanism in our masked
constrastive learning. Apart from the baseline model that disables MCL, we test
three mask-word selection methods: 1) randomly choose a word to mask, 2) ran-
domly choose a word with the weight a; greater than a threshold 6 to mask, 3) the
proposed method that words are masked based on the probability p,,. Table 4.6

shows that our method outperforms other mask word selection mechanisms.

For the setting of Npp in MCL, the ablation study in Figure 4.13 shows that the
performance of the network reaches the peak when Npo is set to 10% of the batch
size. For Ngp, as the average number of expressions for an object is around 3, we

can include all available Same Object (SO) samples in most cases.
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(c). "Man in blaek coat", . (d). "Man in blaek coat",
w/o MCL w/ MCL

FIGURE 4.14: Example results of the Masked Contrastive Learning.

In Figure 4.14, we provide qualitative examples to show the effectiveness of the
Masked Contrastive Learning. The original input language expression contains
information in two aspects: color ( “black”) and attribute ( “coat”). The model
without MCL overly relies on the more obvious color information ( “black”), so it
fails to predict when the word is erased. In contrast, the model with MCL success-
fully finds the target with partial information, showing that the MCL enhances the

model’s generalization ability to various language expressions.

We further test the training efficiency of our mask contrastive learning approach.
We train the network with and without the MCL and report the GPU memory
usage during training and the training speed of two runs with batch size set to
16. With MCL enabled, the GPU memory usage and average training speed are
18496MB and 0.479s/iter, respectively. Without MCL, they are 17842MB and
0.471s/iter, respectively. The increased training memory and time by MCL are
less than 4% and 2%, respectively.
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4.3.3 Comparison with State-of-the-art Methods

Here we compare the proposed Vision-Language Transformer (VLT) framework
with previous state-of-the-art methods on three commonly-used benchmarks, Re-
fCOCO, RefCOCO+, and G-Ref. The results are reported in Table 4.7. It can
be seen that the proposed VLT outperforms previous state-of-the-art methods on
all three benchmarks. On RefCOCO, the IoU performance of the proposed VLT
is better than other methods, e.g., LTS [62], with ~2% gain on three different
testing splits. Then on RefCOCO+, the proposed VLT achieves new state-of-the-
art result and is around 2% better than previous state-of-the-art method. On the
hard benchmark G-Ref that has longer language expressions, the proposed VLT
consistently achieves new state-of-the-art referring segmentation performance with
an IoU improvement of about 0.5%-3%, which demonstrates that the proposed
VLT has good abilities to deal with hard cases and long expressions. We assume
the reason is that, on the one hand, long and complex expressions usually con-
tain more clues and more emphasis, and our proposed Query Generation Module
and Query Balance Module can produce multiple comprehensions with different
emphases and find the more suitable ones. On the other hand, harder cases also
contain complex scenarios that need a holistic view and understanding of the given
language expression and image, and the multi-head attention is more appropri-
ate for such complex scenarios as a global operator. We also compared with other
methods with stronger backbones, e.g., DeepLab-R101 [12], MaskRCNN-R101 [24],
ResNet101 [9], our backbone Darknet53 and our proposed modules are lightweight.

To compare with methods using stronger backbones, we further provide results
with stronger visual and textual encoders in Table 4.7. We use the popular vi-
sion transformer backbone Swin-B [38] as visual encoder and BERT [45] as textual
encoder to replace the Darknet53 [42] and bi-GRU [14], respectively. For this ver-
sion, we do not specifically fine-tune Swin or BERT before training, but trained
the whole network end-to-end. Methods pretrained on large-scale vision-language
datasets are marked with f, e.g., MalL [70] adopts ViLT [75] pre-trained on four
large-scale vision-language pretraining datasets and CRIS [72] employs CLIP [50]
pretrained on 400M image-text pairs. As shown in Table 4.7, the proposed ap-
proach outperforms Mall. and CRIS by around 2% ~4% IoU without using large-
scale vision-language datasets in pretraining, which demonstrates the effectiveness

of our proposed modules with stronger visual and textual encoders. Especially,
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the proposed approach VLT achieves higher performance gain on more difficult
dataset G-Ref that has a longer average sentence length and more complex and
diverse word usages, e.g., VLT is ~4% IoU better than MalL [70] and LAVT [71] on
test(uy) of G-Ref. It demonstrates the proposed model’s good ability in dealing with
long and complex expressions with large diversities, which is mainly attributed to
input-conditional query generation and selection that well cope with the diverse
words/expressions, and masked contrastive learning that enhances the model’s gen-

eralization ability.

4.3.4 Qualitative Results and Visualization

Fq3 Fg2 Fgl FqO

"white bowl on corner"

(B)

FIGURE 4.15: Visualizations of: (a) the attention map of point P in the trans-
former encoder; (b) different query vectors Fy,.

In Figure 4.15a, we extract and visualize an attention map for a position “P”
from the 2nd layer of our transformer encoder. It shows that in a single layer
of the transformer, the attention of one output pixel globally extends to other
input pixels far away. We also see that pixel on one instance attends to other
instances, showing our network is able to capture long-range interactions between
instances. In Figure 4.15b, we visualize four query vectors F, (see Figure 4.6
and Eq. (4.6)). The four query vectors differ from each other and have different
distributions of response peaks, which demonstrates the diversity of these input-

specific query vectors.

Then, we visualize some qualitative examples of the proposed VLT in Figure 4.16.
To demonstrate the identifying ability of our VLT, we show the mask predictions of
two different input language expressions for every example. Image (a) and (c) are
two typical examples that the language expression directly provides the location
or color clues of the target object. In the second expression of Image (c), “lighter

color cat”, it can be seen that the proposed VLT is able to handle the expressions
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that indicate the target object by providing a comparison of it with other objects,
e.g., “lighter”. The examples of image (b) and (d) demonstrate the model’s ability
on understanding the attribute words, e.g., “stripes”, and relatively rarer words,
e.g., “floral”. In the second expression of image (e), our VLT successfully identifies
the target object referred by expression describing the relationships between ob-
jects, i.e., “Elephant with rider”. Image (f) contains a group of people, where all
instances distribute densely in a complicated layout. The proposed method man-
ages to identify the target instance with difficult language expressions that contain
multiple aspects of clues, such as direction ( “9 o’clock”), attributes ( “white coat”

& “gray suit”), and posture ( “kneeling”).

Image (a) "White bowl on corner"  "Bowl of carrots"

Tmage (c) "Black cat" "Lighter color cat" Image (d) "Floral pattern" "Green shirt"

"woman at 9 o'clock with "Man kneeling
white coat" in gray suit"

Image (e) "Curled tail" "Elephant with rider" Image (f)

FIGURE 4.16: Qualitative examples of the proposed VLT. For each ex-
ample, the first image is the input image, and captions under the second and
third images are the given language expressions.

4.3.5 Results on Referring Video Object Segmentation

Our proposed approach can also be applied to referring video object segmentation
(RVOS) task with minor adaptation. We apply our model on each individual
frame of the input video clip. We use the average vision features of all frames of
a video clip as the vision features in the QGM (F,, in Figure 4.6). This enables
the query input to be kept identical for all frames in a video clip, achieving a
temporal consistency across frames. When performing the contrastive learning on

video data, we sample different objects Spo in the +2 adjacent frames of the initial
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object. As adjacent frames shares similar image structure with the original frame,
we can enlarge the number of negative samples while keeping a similar behavior
with our image model. According to the experiments, when only sampling Spo
in the same video frame, the J&F performance is 63.5 while it increases to 63.8

when adding the +2 adjacent frames.

TABLE 4.8: Results on Referring Video Object Segmentation.

YouTube-RVOS| Ref-DAVIS17
Methods Backbone I&F T F \I&F T F
CMSA [18] ResNetb0 | 36.4 34.8 38.1| 40.2 36.9 43.5
URVOS [85] ResNet50 | 47.2 45.3 49.2| 51.5 47.3 56.0
PMINet [109] ResNeSt101| 53.0 51.5 54.5| - - -
CITD [110] Ensemble | 61.4 60.0 62.7| - - -
ReferFormer [111]| V-Swin-B | 62.9 61.3 64.6| 61.1 58.1 64.1
VLT (ours) V-Swin-B | 63.8 61.9 65.6/ 61.6 58.9 64.3

In Table 4.8, we report the quantitative results of the proposed VLT on the val-
idation set of the YouTube-RVOS [85] dataset and Ref-DAVIS17 [84] dataset.
YouTube-RVOS is a large-scale referring video object segmentation benchmark,
containing 3,978 video clips with around 15K language expressions. Ref-DAVIS17,
building based on DAVIS17 [112], contains 90 video clips. The results are reported
with three standard evaluation metrics: region similarity 7, contour accuracy F,

as well as the mean value of the two metrics J&F = (J + F)/2.

To ensure a fair comparison, we use the Base model of Video Swin Transformer
(V-Swin-B) [38, 113] as the backbone, the same as ReferFormer [111] (V-Swin-B
version). “Ensemble” denotes visual encoder ensemble of three backbones, includ-
ing ResNet101 [9], HRNet [114], and ResNeSt101 [115]. As shown in Table 4.8,
although we do not design specific modules and training losses for RVOS like in
ReferFormer [111], the proposed VLT achieves new state-of-the-art RVOS results
consistently on both the YouTube-RVOS and Ref-DAVIS17, which demonstrate

the effectiveness of the proposed VLT on referring video object segmentation.

4.4 Chapter Summary

In this chapter, we address the challenging multi-modal task of referring segmenta-

tion by introducing transformer to facilitate the long-range information exchange
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that is difficult to achieve in conventional convolutional networks. We reformu-
late referring segmentation as a direct attention problem and propose a Vision-
Language Transformer (VLT) framework that exploits the transformer to perform
attention operations. To emphasize the differences among pixels/objects, we intro-
duce a spatial-dynamic multi-modal fusion to produce a specific language feature
vector for each position of the image feature according to the interaction between
language information and corresponding pixel information. To solve the problem
of ambiguous referring expressions because of the unknown emphasis, we propose
a Query Generation Module and a Query Balance Module to comprehend the re-
ferring sentence better with the help of the referred image information. These
two modules work together to prominently improve the diversity of ways to un-
derstand the image and query language. We further consider inter-sample learning
to explicitly endow the model with knowledge of understanding different language
expressions of one object. Masked contrastive representation learning is proposed
to narrow down the features of different expressions for the same target object
while distinguishing the features of different objects, which significantly enhances
the model’s ability in dealing with diverse language expressions in the wild. The
proposed model is lightweight and achieves new state-of-the-art performance on
three public referring image segmentation datasets and two referring video object

segmentation datasets.
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Multi-Modal Mutual Attention

and Iterative Interaction

Another one of the biggest challenges in referring segmentation is that this task
requires the reasoning of multiple types of information like vision and language,
but the unconstrained expression of natural language and the diversity of objects
in scene images bring huge uncertainty to the understanding and fusion of multi-

modal features.

In the previous chapter, we propose VLT, which introduces the Transformer for
referring segmentation, which has shown to be helpful to model the long-range
dependencies in the image. However, the VLT, as well as most previous works [20,
62, 71] utilize the generic attention mechanism to model the relationship between
language and vision information. The generic attention mechanism highlights the
most relevant image region for each word in the language input, as shown in the
right part of Figure 5.1 (a). By aggregating the input vision features according to
the generated attention weights, as shown in the blue path in Figure 5.1 (b), the
derived feature can describe each word using the combination of vision features.
As the language feature is only used for calculating the attention weights, we call

it language-attended wvision feature (LAV).

The aforementioned attention mechanism is useful for processing vision informa-
tion. However, since the referring segmentation is a multi-modal task, the language
information is also essential. Thus, for processing the language information, a nat-

ural way is to introduce another type of attention that outputs language features.

73
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(b). Multi-Modal Mutual Attention (M3Att)

FIGURE 5.1: An illustration of two attention types in referring segmentation
and our proposed Multi-Modal Mutual Attention (M3Att).

For each pixel in the image, we can find the words that are most relevant to it, as
shown in the left part of Figure 5.1 (a). By aggregating the features of these words
together according to the attention weights, a set of vision-attended language fea-
tures (VAL) for each image pixel can be derived. In contrast to LAV which is a set
of vision features, VAL describes each pixel using language features. However, both
VAL and LAV have limitations: they are both essentially single-modal features and
only represent a part of the multi-modal information. For example, VAL is a set
of language features for describing pixels, but the inherent vision feature of each
pixel itself is not preserved. We argue that a holistic and better understanding of
multi-modal information can be get by fusing features of two modalities together.

However, this is not achievable in the generic single-modal attention mechanism.

Motivated by this, we empower the generic attention mechanism with feature fus-
ing functionality, and design a Multi-Modal Mutual Attention (M3Att) mechanism.
It integrates two types of attention into one module, as shown in Figure 5.1 (b).

Our M3Att has two attention pathways. One pathway (orange path) processes and
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outputs the vision-attended language feature, while the other one (blue path) pro-
cesses and outputs language-attended wision feature. Two sets of features are then
densely fused together, generating a real multi-modal feature with in-depth interac-
tion of vision and language information. Using this M?Att mechanism, we further
design a Multi-Modal Mutual Decoder (M?Dec) as an optimized feature fuser and
extractor for multi-modal information, which greatly enhances the performance of

the model for referring segmentation.

Next, we address the modal imbalance issue in the attention-based network. Due
to the characteristic of the Transformer’s decoder architecture, in M3Dec as well
as most attention-based works [20, 62|, the language feature is only once inputted
into the decoder at the first layer. In contrast, vision information is inputted to
every decoder layer. This implies a modal imbalance issue: the network will tend to
focus more on the vision information, and the language information may be faded
away during the information propagation along the network. This issue will limit
the strong feature fusing ability because of the lack of direct language input. From
this point, we propose Iterative Multi-modal Interaction (IMI), which continuously
transforms the language feature and enhances the significance of language infor-
mation in the multi-modal feature at each layer of the M3Dec, to fully leverage its

fusing ability.

Furthermore, since the ground-truth segmentation mask is the only supervision,
it cannot give direct and effective feedback to encourage the model to keep the
language information from being lost. Also, as the IMI has a function of trans-
forming the language feature, it is helpful to protect the integrity of the language
information in the multi-modal information, and prevent them from being lost and
distorted. We hence propose the Language Feature Reconstruction (LFR), which
protects the validity of language information in the multi-modal features in M®Dec.
A language reconstruction loss is then introduced to supervise the multi-modal fea-

tures directly.
Overall, the contributions of this work can be summarized as follows:
e We propose Multi-Modal Mutual Attention (M?Att) and Multi-Modal Mu-

tual Decoder (M3Dec) for better processing and fusing multi-modal informa-

tion, and build a referring segmentation framework based on it.



76 5.1. Methodology

e We propose two modules: Iterative Multi-Modal Interaction (IMI) and Lan-
guage Feature Reconstruction (LFR), to further promote an in-depth multi-

modal interaction in M3Dec.

e The proposed approach achieves new state-of-the-art referring image segmen-

tation performance on RefCOCO series datasets consistently.

Language Feature

' Multi-Modal Mutual Decoder (M3Dec) y Language Feature —» Image Feature
"White bull i 1 Reconstruction {—» Multi-modal Feature |
on left" i ; Lige { ;
1 3 3 1
Language Features : I\L/I Dec E ]\E Dec g : L
ayer — |»| Layer =
Output Mask
i #1 E #2 E : P e
Vision Features : : A
1 A A 1
e ettt ettt F---~ y Mask -

Decoder
Transformer Encoder

FiGUuRrE 5.2: The overall architecture of the proposed approach. We
propose Multi-Modal Mutual Decoder (M3Dec) to fuse and process the multi-
modal information from two inputs.

5.1 Methodology

The overview architecture of our proposed approach is shown in Figure 5.2. The
network’s inputs include an image I, and a language expression T containing N;
words. Following previous works [16, 17, 20], we first extract two sets of input
backbone features: image feature F;; from I using a CNN backbone, and language
feature F; and F} from T using a bi-directional LSTM. The image feature, F,;s has
the shape of H x W x C, where H and W denote height and width respectively,
C' is the number of channels. For the language feature, the hidden states of the
LSTM F, € RM*C represent the feature for each word, while the final state output
F] is used as the representation of the whole sentence. The channel number of

language features is also C' for the ease of fusion.

Then we send vision feature to a transformer encoder with N,,. layers to obtain
deep vision information F,,.. Next, we input F,,. into our proposed Multi-Modal
Mutual Decoder (M?Dec) and Iterative Multi-modal Interaction (IMI), which give
an in-depth interaction for the multi-modal information. Finally, the Mask Decoder

takes the output from both transformer encoder and M3*Dec, and generates the



Chapter 5. M3Att 7

output mask. Moreover, we propose a Language Feature Reconstruction (LFR)
module to encourage language usage in the M3Dec, and prevent that the language
information from being lost at the rear layers of the network. The details of each

part will be introduced in the following sections.

5.1.1 Multi-Modal Mutual Attention

As mentioned above, most previous works use the generic attention mechanism
for processing multi-modal information. Figure 5.3 (a) gives an example of such
kind of mechanism, similar to [20]. Features from two modalities (query and key)
are used to derive an attention matrix, that is then used to aggregate the vision
feature for each word. In this process, the language feature is only used to gen-
erate the attention weights that indicate the significances of regions in the vision
feature. Hence, language information is not directly involved in the output so
that the output can be viewed as a reorganized single-modal vision feature. Even
worse, this single-modal vision output is used alone as a query in the successive
transformer decoder, dominating information in decoder. As a result, language in-
formation will be dramatically lost in the decoder. Thus we argue that the generic
attention mechanism is good for processing features from the value input, but it
lacks the ability of fusing features from two modalities. So, if it is used to process
multi-modal information, the query input is not fully utilized, and features of two

modalities are not densely fused and interacted.

To address this issue, we propose a Multi-Modal Mutual Attention (M?Att), as
shown in Figure 5.3 (b). M3Att takes inputs from two modalities, and transforms
each of them into two roles: key and value. This enables us to equally treat
features from both modalities and fuse them together. Herein we use language
feature F; € R™M*¢ and vision feature from the output of the transformer encoder
Fope € REWXC a5 inputs to illustrate the architecture of M?Att. Firstly, we use
linear layers to project the language features into keys FF and values F}, and
similarly project the vision features into FJ; and F%. Next, we use the two keys
from two modalities to generate the mutual attention matrix:

A = = FEE)T, (51)

Ve
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which is a multi-modal attention matrix with shape of N, x HW describing the
relationship strength from all elements of one modality to all elements of the other
modality. \%C is the scaling factor [36]. Then unlike the generic attention that only
applies the attention matrix on one modality, we normalize the mutual attention

matrix in both axes and apply it on features from the both modalities:

F{ = softmax (A ) Fy, (5.2a)
Ff = softmax (A, ) Fy. (5.2b)

Language-attended vision feature (LAV), F{: : Softmax normalization is
applied along each HW x 1 axis of the mutual attention matrix A,,., as in
Eq. (5.2a), which is then applied on the vision feature Fy to get the language-
attended vision feature F2 € RM*C. There are N, feature vectors in F%, where
each vector represents one attended vision feature corresponding to one element
(word) in the language input. In other words, each vector is the vision feature
weighted by a word based on its interpretation to the image. It is similar to the
output of the generic attention mechanism. As the language features only partici-

pate in the attention matrix, the output is essentially still a single-modal feature.

Vision-attended language feature (VAL), F? . Another softmax normal-
ization is applied on the transposed mutual attention matrix, A", along the
N; x 1 axis, as in Eq. (5.2b). By applying the attention matrix on the language
feature FY, we get the vision-attended language feature F¢ € REW*C . F¢ contains
HW feature vectors, where each vector represents one attended language feature
corresponding to one pixel in the vision feature. In other words, F} is a spatial-
dynamic language feature, each vector of F} is the language feature weighted based

on a pixel’s interpretation of the sentence.

Fusing of multi-modal attended features. Next, we use both attended vision
and language features to generate the output. We treat each of the attended vision
features in F{% as a dynamic kernel of a linear layer applied on Fi: F,,,, = F¢(F#)T.
Thus, the result is a true multi-modal feature Fl,,; € R¥*HW where N, is the
sequence length of query and HW is the channel number. Finally, a linear layer

is used to project the channel number back to C, and generates the output of
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this M?Att module. Notably, the mutual attention matrix A,,,; for two softmax
functions in Eq. (5.2a) and Eq. (5.2b) is default to be shared, but it can also be
independently computed. More details will be discussed in the experiments. It is
also worth noting that our M3Att is not limited to deal with language and vision

features but can accept and fuse any two modalities.

Based on M3Att, we build a Multi-Modal Mutual Decoder (M?Dec). M?Dec has
Nyee stacked layers , as shown in Figure 5.3. (c) for one layer. Each layer has the
same architecture and takes two inputs: encoded feature and query. Here we use
the first M?Dec layer in our network to illustrate the layer architecture, in which the
language feature F; is taken as the query input, and transformer encoder output
F.,. is taken as the encoded feature. Inside the layer, firstly a multi-head self-
attention layer is applied on the query input, outputting a set of query features Fj.
Next, a M?Att module is used to fuse two sets of features: one is the query feature
that is derived from the language feature and other is the transformer encoder
output that has rich vision clues. The resulting multi-modal feature is further
queried again by the query feature using Multi-Head Cross Attention, generating
the output of this decoder layer. In this step, we use the multi-modal feature as
value input, so that the output can keep its property as a multi-modal feature.
The output of each M?Att layer is used as the query input to its successive layer,
replacing the language feature of the first layer. The output of the final layer is

sent to the Mask Decoder to generate the output mask.

5.1.2 Iterative Multi-Modal Interaction

Due to the characteristic of the attention-based network, as discussed above, in
M3Dec, the output of the previous layer is used as the query input to the next layer.
Thus, from the second layer onwards, the layer input will be the encoded feature
F.,. and the output of its previous layer. In other words, vision information F,,. is
directly inputted into every layer since the beginning, but in contrast, the language
feature is only inputted once at the first decoder layer, as shown in Figure 5.2. This
leads to a modal imbalance issue, and may cause the language information to fade
away in the rear stage of the network. This issue also exists in many previous
transformer-based works [20, 62]. Although M?Att addresses this issue by fusing

the language and vision information in the first layer using its strong multi-modal
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Iterative Multi-Modal Interaction (IMI)
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FIGURE 5.4: The architecture of one block of the Iterative Multi-Modal Inter-
action (IMI) module.

fusing ability, without language information inputted in the later stages, its feature
fusing potential is not fully leveraged. From this point, we propose to inject the

language information into M3Dec at every layer.

Besides, as features are propagated to higher layers, the model’s understanding of
language information becomes deeper. This also causes that different layers will
focus on different types of information. For example, features from lower layers
do not have a contextual understanding of the relationship between language and
image so that they desire more specific clues, while features from higher layers need
more holistic information as they already have a better understanding of image and
language. Therefore, it is desired to transform the language features along with

the processing of the multi-modal feature.

Combining the above two points, we propose an Iterative Multi-Modal Interaction
(IMI) module, which provides an opportunity for multi-modal features at different
layers to query about their desired language information, and continuously inject
them into the decoder. The IMI blocks are inserted between each two successive
M?3Dec layers. For the n'" IMI block, as shown in Figure 5.4, it takes two inputs:
the output of the n'™ M?Dec layer F7

dec

€ RM*C and the output of the previous
IMI layer Fl"_1 € RNtxC, Fl”_1 is firstly transformed with a linear layer, generating
the language feature of the current layer, F}". The language input for the first IMI
block is the word feature F;. With each IMI block connected to the previous one,
we create a dedicated pathway for processing the language information, parallel

with the process of multi-modal information.
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Next, we project the multi-modal feature using a linear layer, and compute an

attention matrix for reorganizing the language features:
" = softmax(ReLU[EFL W (F")T), (5.3)

The attention matrix A} is then used to reform a new language feature: F]" =
A} F/™, where F/" = ReLU[FW/"], as shown in Figure 5.4. The resulting feature
F!" is then injected back into the M3Dec layer output F7_ under the control of
i.e., Fi'. = BN(F}, + wikF"), where BN denotes batch

a learnable scalar w e e
normalization. Using the learnable weight allows the network to determine how

ci)

much information is needed by itself, and also makes the language feature more
adaptable to the multi-modal feature. The output F/? is sent to the next M*Dec

layer as the query input.

5.1.3 Language Feature Reconstruction

Language Feature Reconstruction (LFR)
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FIGURE 5.5: The Language Feature Reconstruction (LFR) module.
Pos.Emb: Positional Embedding.

In most referring segmentation methods, the network is only supervised by the
output mask loss. This implies a hypothesis: as long as the output mask matches
the target object, we consider that the model has successfully understood the
language information. However, this is not always true in real-world scenarios. For
example, it is assumed in most datasets that there is always one and only one object
in the ground-truth segmentation mask for each training sample. The network can

easily learn such kind of data bias and always output one object. Therefore, for
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some training samples, if the network happens to “guess” the correct target even
if the language information has been lost during the propagation, these training
samples may not properly contribute to the training of the network, or even be

harmful to the network to generalize.

To encourage the network to be better generalized in learning from samples and
improve its resistance to the language information lost, we propose a Language
Feature Reconstruction (LFR) module, located at the end of the last M3Dec layer
in Figure 5.2. The proposed LFR module tries to reconstruct the language feature
from the last M®Dec output. So it ensures that the language information is well
preserved through the whole multi-modal feature processing procedure. The archi-
tecture is shown in Figure 5.5. It takes language features F; € RM*Y [/ € R,
and the output of the last M®Dec layer Fj.. € RV*C as inputs. The language fea-
tures Fy, F} and the multi-modal feature Fj.. are projected into the same feature

space for comparison.

Fooj = ﬁ 3 ReLU([(Ft +e) © F;]mej>, (5.4)

where (© is concatenation. The both © and Y are conducted along the sequence
length dimension (i.e., [(F; +¢) © F}] € RMFI*Y) ¢ denotes the cosine posi-
tional embedding, which adds information about the order of words in the sen-
tence. Wp,.; € RE*C is learnable parameters for projection, and N, is the length

of the sentence for normalization.

Next, language information is reconstructed from the final multi-modal feature. As
shown in Figure 5.5, we first apply three stacked linear layers on the M®Dec output
Fyee, then use an average pooling layer to shrink the sequence length dimension,
producing the reconstructed language feature F,... The Language Feature Re-
construction loss is derived by minimizing the distance between the reconstructed
language feature F. that is comparable with F,,,; and the project language feature

F,.,; using the Mean Squared Error Loss.

5.1.4 Mask Decoder and Loss Function

The last step of our framework is to extract the output mask from the multi-

modal features. In our framework, since we have a dense multi-modal interaction
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in the M*Dec, we would like the decoder to focus more on understanding the
semantic clues in the inputs, and use a more vision-dominated feature to focus on
the fine-grained vision details. Therefore, we choose to use both encoder output
Fope € REXWXC and M2Dec output Fy. € RM*C to generate the segmentation
mask as shown in Figure 5.6. The Mask Decoder firstly processes Fy.. with a self
attention module. Next, the processed decoder feature serves as kernels of a 1 x 1
convolutional layer. With F,,. as input, N; feature maps are generated by this
convolutional layer. Finally, we use four stacked convolutional layers to output
the prediction mask. Upsampling layers are inserted between convolution layers to

recover the spatial size of the mask.

The output mask is supervised by the Binary Cross Entropy Loss. The final loss
function is defined as:
L= wmaskﬁmask + wrecﬁrew (55)

where .51 18 the weight for the mask loss L,,.sx and w,... is the weight for the
Language Feature Reconstruction loss L,... The proposed LFR only guides the
model during training, and does not participate in the mask prediction and is
computationally free during inference. It can work as a plug-in module to any

existing referring segmentation methods.

Unsampling Unit

%’% Multi-Head , ‘
Self-Attention : :

NexC i xiConv ) !

1 x2

Kernel | N;xC i - 1
 J ! 2x Upsampling !

SAT Output
Output Mask
Upsampling
Unit
Transformer

Encoder *3
FEHC }

FIGURE 5.6: The Mask Decoder takes the output of the Mutual Attention
Decoder (M3Dec) and the output of the Transformer encoder to form the output
mask.
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5.2 Experiments

In this section, we report the experimental results of our method in comparison
with previous state-of-the-art methods, and the ablation studies that verify the
effectiveness of our proposed modules. We evaluate the performance by two com-
monly used metrics: the IoU score measures the rate of Intersection over the Union
between the model’s output mask and the ground-truth mask, and the Precision@X
score built on IoU. Given a threshold X, the Precision@X score computes the per-

centage of successful predictions that have IoU scores higher than X.

5.2.1 Implementation Details

We train and evaluate the proposed approach on three commonly-used referring im-
age segmentation datasets: RefCOCO [3], RefCOCO+ [3], and RefCOCOg [4]. Fol-
lowing previous works [17, 20, 62], the image features are extracted by a Darknet-53
backbone [42] pretrained on MSCOCO [78] dataset and language embeddings are
generated by GloVE [97]. Language expressions are padded to 15 words for Ref-
COCO/RefCOCO+ and 20 words for RefCOCOg. Images from the validation set
and test set of the referring segmentation datasets are excluded when training the
backbone. Images are resized to 416x416 for CNN backbone following [17, 20, 76]
and 480x480 for Transformer backbone following [21, 71]. Channel number C' is
fixed to 256 for the transformers and 512 for the mask decoder. The network has
2 encoder layers. The head number is 8 for all transformer layers. The weight for
mask loss wy,qsk 1S set to 1 and the Language Feature Reconstruction loss wy.. is
set to 0.1. All linear layers and convolutions layers are followed by a Batch Nor-
malization and ReLLU function unless otherwise noticed. The network is trained
for 50 epochs with the batch size set to 48, using the Adam [116] optimizer. The
learning rate is set to 0.005 with a step decay schedule. We use 4 NVIDIA V100
GPUs for training and testing.

5.2.2 Ablation Study

We do several ablation experiments to show the effectiveness of each proposed

module in our framework. The results are reported in Table 5.1 and Table 5.2.
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TABLE 5.1: Ablation results of number of layers of M3Dec in different settings
on the validation set of RefCOCO.

Layers Shared Independent | Generic (LAV only)
IoU Pr@0.5 | IoU Pr@0.5 | IoU Pr@0.5
1] 60.57 7247 |62.36 74.00 | 55.42 70.02
2] 66.30 78.01 |66.32 78.55 | 64.12 75.33
3|67.88 79.01 | 67.80 78.94 | 64.40 75.81
4| 67.82 7895 | 67.76 78.99 | 64.42 75.79

TABLE 5.2: Ablation study of components on the validation set of RefCOCO.

No. | Model | IoU  Pr@o.5
#0 | Baseline (Generic LAV) 62.04 73.52
#1 | Baseline (M3Att) 65.56 76.66
#2 Baseline 4+ IMI 66.70 77.62
#3 | DBaseline + IMI* 65.92 76.80
#4 Ours 67.88 79.01

TABLE 5.3: Ablation study of settings of the Mask Decoder on the validation
set of RefCOCO.

Model | IoU Pr@0.5  Pr@0.9
VLT|[20] 66.05 78.64 13.81
Concate 66.58 78.90 15.55
Ours 67.88 79.01 17.70

M3Att, VAL and LAV. As mentioned in Section 5.1.1, the attention matrix
A for two attended features in the M2Att can be computed in two ways: shared
or independent. We report the results of the two M3Att settings over the generic
attention mechanism in Table 5.1. For the shared setup, two A, in Eq. (5.2b)
and Eq. (5.2a) are identical. For the independent setup, the attention module has
two extra linear project layers applied on two inputs, generating two A,,.;, one
for LAV and the other for VAL. As shown in Table 5.1, when the layer numbers
are lower, the independent setup performs better than the shared setup. However,
with the increase of the layer numbers, the performance of two settings gradually
gets similar. When there are 3 decoder layers, the shared setup even slightly out-
performs the independent setup. We presume that this is because the independent
setup has extra parameters, thus there is a performance gap when the layer num-
bers are smaller and the parameter numbers are not enough. We use the Shared
M3Att with 3 decoders as the default setup of our network.

To prove the importance of the feature fusing ability of our transformer, we compare
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the performance of M3Att with the generic transformer, which can only generate
single-modal features. Firstly, we test the generic-attention base transformer that
only use the LAV feature, i.e., word features serve as the query input and vision
features serve as key and value input, similar as the transformer architecture in
VLT [20]. The results are reported in the “Generic (LAV)” column. It can be
seen that our module greatly enhances the performance, showing that multi-modal
features are essential for understanding the vision and language inputs. Finally,
because VAL feature are single modal language feature that are not feasible for gen-
erating masks alone, the transformer with only VAL features, i.e., using language
features as key/value input and using vision feature as query, fails to converge.
Above two experiments show that VAL feature is a great assistance to the LAV

feature.

IMI and LFR. The ablation results of IMI and LFR are reported in Table 5.2.
In the baseline model, both IMI and LFR are removed. In Model #1, we validate
the effectiveness of the IMI. It brings a performance gain of 1.14% in terms of
IoU and 0.96% in terms of Pr@0.5. In Model #2, we verify our motivation that
different layers in the M3Dec need different language information. We simplify
the transforming function of the IMI by replacing the F* in Figure 5.4 with the
language feature F;. This makes all M3Dec layers receive the same language feature.
This method only gives a very slight performance improvement of 0.36% IoU over
baseline, showing that by constructing the transformation pathway for language
information, the IMI successfully extracts appropriate information for different
feature processing stages. Finally, we add the Language Feature Reconstruction
(LFR) module. Compared with Model #1, it brings an improvement on the IoU
by 1.18%. Totally, the IMI and LFR bring over 2% improvement in terms of the
both IoU and Pr@Q.5.

Mask Decoder. In Table 5.3, we report the performance of our Mask Decoder
against other variants. In the first model, we use the Mask Decoder from VLT [20],
which utilizes only the output of the decoder. In the second model, rather than
using the M3Dec output as the convolution kernel, we sum and concatenate them
with the transformer encoder output. By comparing the precision metrics, our
Mask Decoder increases the Pr@0.9 metric by 3.89% from the baseline model and
2.15% from the concatenating method, showing that both the encoder and decoder
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information are essential to the performance, and our mask decoder can better

preserve the fine-grained image details while not losing the targeting ability.

Image Baseline Ours Image Baseline Ours

(A) man with his back away from us in a (B) the suitcase that isn’t red
blue and white striped shirt eating

FIGURE 5.7: Qualitative comparison with the baseline model. The pro-
posed approach is able to solve the hard cases that cannot be handled by the
baseline model.

(a) The cake that has b‘een "The cake with cherries"
almost half eaten"

FIGURE 5.8: More examples showing our method finding different targets in
a same image.

Image Prediction Ground-Truth Image Prediction Ground-Truth

/ 7 A.“‘*
on b
(A) matress pink and yellow in color and (B) a man with short hair and a grey shirt
on the blue spread holding up a wii remote looking to the side

M

(C) the bed that a woman and cat are (D) a woman with a grey shirt holding a
laying on cake with a man

FIGURE 5.9: Qualitative referring segmentation examples. The caption
for each set of images is the input language expression.

Figure 5.7 displays some example results produced by the baseline model compared
with our full model. In the baseline model, we replace the M?Dec with generic
transformer and remove the IMI and the LFR. The language expression of the first
image is long, and the baseline model fails in comprehending this complex sentence.

The second example in Figure 5.7 (b) shows a more tricky case, which uses a
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negative sentence to target the object. The baseline model is distracted by the
word “red” and gives wrong results, while our model successfully understands the
sentence and finds the right object. From the examples, the language understanding
ability of our approach is greatly enhanced compared with the baseline. This shows
that the three proposed modules enable our approach to solve the hard and complex

cases that the baseline model cannot handle.

5.2.3 Visualizations

In this section, we visualize some sample outputs of our model in Figure 5.9. To
show the superior language understanding performance of our method, we use
images and language expressions from the RefCOCOg dataset, of which language
expressions are more natural and complex than other datasets. All examples in
Figure 5.9 have long sentences with more than 10 words, and with more than
two instances appearing in the text. Example (a) has a difficult sentence and a
complicated layout where three mattresses are crowded in a small room. Our model
has a good context understanding of the key words “matress”, “pink and yellow”,
“blue”, and their relations, and is not distracted by other mattresses and blue
objects. Example (b) has a very long sentence, but most of the information is not
discriminative for identifying the target, e.g., both people in the image have short
hair and are looking to the side. Our model detects the informative part of the
sentence and targets the right object. Example (c) shows that our model can not
only identify foreground objects but is also able to detect in the backgrounds. In
the language expression of example (d), three objects are mentioned: “a woman”,
“a cake”, and “a man”. Our model still managed to find the subject from the
difficult sentence and target the instance in the image. In Figure 5.8, we show
extra examples of using multiple language expressions to refer to different objects
in one image. In example (a), it can be seen that our method successfully handles
complex relationships and attributes such as “has been almost half eaten” and
“with cherry on it”. In example (b) our method can retrieve the correct object
from a complex scene. The first expression tells “standing lady” while there are
two ladies in the image. Our method found the correct one. The second expression
says “man in red sitting”. There are three information in this expression: “man”,
“in red”, “sitting”. From the image we can see that all of the three points are

necessary to find the target, i.e., the target cannot be determined without any
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one of the information points. The network have to understand and combine all
the information in the expression. This example indicates that our network shows

impressive performance on establishing the pixel-language correspondence.

5.2.4 Comparison with State-of-the-Art Methods

We report the experimental results of our method on three datasets, RefCOCO (3],
RefCOCO+ [3], and RefCOCOg [4], to compare with previous state-of-the-art
methods in Table 5.4. There are two data splitting types for the RefCOCOg
dataset. One is referred to as the UMD split and the other is the Google split.
The UMD split has both validation set and test set available, while the Google
split only has validation set publicly available. We do experiments and report
the results on both kinds of splitting. From Table 5.4, it can be seen that our
method achieves superior performance on all datasets and outperforms previous
state-of-the-art methods. On RefCOCO dataset, our method is 1.5% — 2% better
than the previous SOTA, including VLT [20] and LTS [62]. On the other two
datasets, our methods also have a consistent improvement of about 1.5% compared
with the previous state-of-the-art methods. Also, for a fair comparison, we also
implement our model with the stronger backbone Swin-Transformer[38]. It can be
seen that our model with Swin-Transformer backbone also achieves a significant
improvement of around 1% across most of the datasets. Especially for RefCOCO+,
our model with Swin-Transformer backbone achieves about 2% improvement over
the previous SOTA method VLT+[21]. This shows that our model is robust to

different backbones and can achieve better performance with stronger backbones.

We also compare the Precision@X scores of the RefCOCO validation set against
other methods that have data available, and the results are shown in Table 5.5.
From the Pr@0.5 row, it can be seen that our model achieves the highest score.
Compared with the VLT [20] that also utilizes the transformer model as prediction
head, our method has an over 2% higher result in terms of Pr@0.5. The previous
state-of-the-art method on the Pr@0.5 metric, MCN [17], utilizes data from both
referring segmentation datasets (segmentation masks) and referring comprehension
datasets (bounding boxes) in training for better locating the target, while our model
only uses the segmentation mask as ground-truth. But our method achieves better

targeting scores on Pr@0.5 with a large margin of 2.41%. We attribute this to
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TABLE 5.5: Results of the Precision metric on the val set of the RefCOCO.

Model Pr@0.5 Pr@0.6 Pr@0.7 Pr@o0.8 Pr@o0.9
LSCM [64] 70.84 63.82 53.67 38.69 12.06
CMPC [98] 71.27 64.44 55.03 39.28 12.89
MCN [17] 76.60 70.33 58.39 33.68 5.26
LTS [62] 75.16 69.51 60.74 45.17 14.41
VLT [20] 76.20 - - - -
Ours 79.01 74.94 68.16 51.21 17.70

the better understanding of the language expression and the denser interaction of
the information between the features from two modalities. This shows that our
proposed modules leverage the information in the given language expression more

effectively, and better fuse them with the vision information.

5.2.5 Failure Cases

We examine two typical categories of failure cases: (1) instances where the input
expression refers to uncommon or unexpected areas. For instance, in example (a),
the expression asks us to locate a “gap between newspaper and sandwich,” which,
in reality, was a part of the table. Such expressions are atypical and complex.
(2) Instances where the expression is ambiguous or seeks an excessive amount of
detail. In example (b), the expression “man using oven” was used. From the
picture, it was apparent that both men were operating machines in the kitchen,
and both machines resembled an oven. As a result, our model highlighted both
individuals. Nonetheless, if we look very carefully, the machine on top also seems
like a microwave. In such cases, the expression is rather ambiguous, and the model
is unable to handle them. Dealing with such situations could be an interesting

topic for future research.

Ground-Truth

Failure Case Image Ground-Truth  Failure Case

i »

Gap between newspaper and sandwich (b) Man using oven

FIGURE 5.10: Visualization of representative failure cases of our method.
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5.3 Chapter Summary

In this chapter, we address the referring image segmentation problem by design-
ing a framework that enhances the multi-modal fusion performance. Towards this,
we propose a Multi-Modal Mutual Attention (M?Att) mechanism and Multi-Modal
Mutual Decoder (M3Dec) optimized for processing multi-modal information. More-
over, we design an Iterative Multi-Modal Interaction (IMI) scheme to further boost
the feature fusing ability in the M®Dec, and introduce a Language Feature Recon-
struction (LFR) module to ensure that the language information is not distorted
in the network. Extensive experiments show that the proposed modules can ef-
fectively promote the interactions between the language and vision information,
leading the model to achieve new state-of-the-art performance on referring image

segmentation.






Chapter 6

GRES: Generalized Referring

Expression Segmentation

6.1 Introduction

"The kid in red"” "Adults" "All people”

RES GRES|v

"The kid in blue"

RES |¥| GRES v

RES [%] GRES[v

"The left kid and "Everyone except
the left adult” the kid in white"

RES GRES| v RES GRES|v’ RES GRES| v’

FIGURE 6.1: Classic Referring Expression Segmentation (RES) only supports
expressions that indicate a single target object, e.g., the top-left sample. Com-
pared with classic RES, the proposed Generalized Referring Expression
Segmentation (GRES) supports expressions indicating an arbitrary num-
ber of target objects, for example, no-target expressions like the bottom-right
sample and multi-target expressions like other samples.
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In previous chapters, we discussed the task of classic Referring Expression Segmen-
tation (RES). However, most classic RES methods have some strong pre-defined
constraints to the task. First, the classic RES does not consider no-target expres-
sions that do not match any object in the image. This means that the behavior
of the existing RES methods is undefined if the target does not exist in the input
image. When it comes to practical applications under such constraint, the input
expression has to match an object in the image, otherwise problems inevitably
occur. Second, most existing datasets, e.g., the most popular RefCOCO [3, 4], do
not contain multi-target expressions that point to multiple instances. This means
that multiple inputs are needed to search objects one by one. F.g., in Figure 6.1,
four distinct expressions with four times of model calls are required to segment
“All people”. Our experiments show that classic RES methods trained on existing

datasets cannot be well-generalized to these scenarios.

TABLE 6.1: Comparison among different referring expression data-sets, includ-
ing ReferIt[2], RefCOCO(g)[3, 4], PhraseCut[5], and our proposed gRefCOCO.
Multi-target: expression that specifies multiple objects in the image. No-target:
expression that does not touch on any object in the image.

Referlt  RefCOCO(g) PhraseCut gRefCOCO
Image Source ~ CLEF[117] COCO[78] VG[80]  COCO[78]

Multi-target (fallback) v
No-target v
Expression type free free templated free

In this chapter, we propose a new benchmark, called Generalized Referring Fx-
pression Segmentation (GRES), which allows expressions indicating any number of
target objects. GRES takes an image and a referring expression as input, the same
as classic RES. Different from classic RES, as shown in Figure 6.1, GRES further
supports multi-target expression that specifies multiple target objects in a single
expression, e.g., “Fveryone except the kid in white”, and no-target expression that
does not touch on any object in the image, e.g., “the kid in blue”. This provides
much more flexibility for input expression, making referring expression segmen-
tation more useful and robust in practice. However, existing referring expression
datasets [2-4] do not contain multi-target expression nor no-target samples, but
only have single-target expression samples, as shown in Table 6.1. To facilitate re-
search efforts on realistic referring segmentation, we build a new dataset for GRES,
called gRefCOCO. It complements RefCOCO with two kinds of samples: multi-

target samples, in which the expression points to two or more target instances in
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the image, and no-target samples, in which the expression does not match any

object in the image.

A baseline method. Moreover, we design a baseline method based on the objec-
tives of the GRES task. It is known that modeling relationships, e.g., region-region
interactions, plays a crucial role in RES [76]. However, classic RES methods only
have one target to detect so that many methods can achieve good performance
without explicit region-region interaction modeling. But in GRES, as multi-target
expressions involve multiple objects in one expression, it is more challenging and
essential to model the long-range region-region dependencies. From this point,
we propose a region-based method for GRES that explicitly model the interaction
among regions with sub-instance clues. We design a network that splits the image
into regions and makes them explicitly interact with each other. Moreover, unlike
previous works where regions come from a simple hard-split of the input image,
our network soft-collates features for each region, achieving more flexibility. We
do extensive experiments on our proposed methods against other RES methods,
showing that the explicit modeling of interaction and flexible region features greatly

contributes to the performance of GRES.

In summary, our contributions of this chapter are listed as follows:

e We propose a benchmark of Generalized Referring Expression Segmentation
(GRES), making RES more flexible and practical in real-world scenarios, by

adding support to multi-target expressions and no-target expressions.

e We propose a large-scale GRES dataset gRefCOCO. To the best of our knowl-
edge, this is the first referring expression dataset that supports expressions

indicating an arbitrary number of target objects.

e We propose a solid baseline method ReLA for GRES to model complex
ReLAtionships among objects, which achieves the new state-of-the-art per-

formance on both classic RES and newly proposed GRES tasks.

e We do extensive experiments and comparisons of the proposed baseline method
and other existing RES methods on the GRES, and analyze the possible

causes of the performance gap and new challenges in GRES.
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GRES Desired Output
1 One Single -
) Forward Process

"two players on left"

Classic RES

"player
in center” | Process #1

Target

Classic RES

(B) No-target: Retrieving images that contain the object.

FIGURE 6.2: More applications of GRES brought by supporting multi-target
and no-target expressions compared to classic RES.

6.2 Task Setting and Dataset

6.2.1 GRES Settings

Revisit of RES. Classic Referring Expression Segmentation (RES) takes an
image and an expression as inputs. The desired output is a segmentation mask of
the target region that is referred by the input expression. The current RES does
not consider no-target expressions, and all samples in current datasets only have
single-target expressions. Thus, existing models are likely to output an instance
incorrectly if the input expression refers to nothing or multiple targets in the input

image.

Generalized RES. To address these limitations in classic RES, we propose a
benchmark called Generalized Referring Expression Segmentation (GRES) that
allows expressions indicating arbitrary number of target objects. A GRES data
sample contains four items: an image I, a language expression 7', a ground-truth

segmentation mask Mgy that covers pixels of all targets referred by T, and a
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binary no-target label Egr that indicates whether 7' is a no-target expression.
The number of instances in 7' is not limited. GRES models take I and T as inputs

and predict a mask M. For no-target expressions, M should be all negative.

The applications of multi-target and no-target expressions are not only finding
multiple targets and rejecting inappropriate expressions matching nothing, but also
bringing referring segmentation into more realistic scenarios with advanced usages.
For example, with the support of multi-target expressions, we can use expressions
like “all people” and “two players on left” as input to select multiple objects in a
single forward process (see Figure 6.2a), or use expressions like “foreground” and
“kids” to achieve user-defined open vocabulary segmentation. With the support
of no-target expressions, users can apply the same expression on a set of images
to identify which images contain the object(s) in the language expression, as in
Figure 6.2b. This is useful if users want to find and matte something in a group of
images, similar to image retrieval but more specific and flexible. What’s more, al-
lowing multi-target and no-target expressions enhances the model’s reliability and
robustness to realistic scenarios where any type of expression can occur unexpect-

edly, for example, users may accidentally or intentionally mistype a sentence.

Evaluation. To encourage the diversity of GRES methods, we do not force GRES
methods to differentiate different instances in the expression though our dataset
gRefCOCO provides, enabling popular one-stage methods to participate in GRES.
Besides the regular RES performance metric cumulative IoU (cloU) and Preci-
sion@X, we further propose a new metric called generalized IoU (gloU), which
extends the mean IoU to all samples including no-target ones. Moreover, No-
target performance is also separately evaluated by computing No-target-accuracy

(N-acc.) and Target-accuracy (T-acc.). Details are given in Section 6.4.1.

6.2.2 gRefCOCO: A Large-scale GRES Dataset

To perform the GRES task, we construct the gRefCOCO dataset. It contains
278,232 expressions, including 80,022 multi-target and 32,202 no-target expres-
sions, referring to 60,287 distinct instances in 19,994 images. Masks and bounding
boxes for all target instances are given. Part of single-target expressions are in-

herited from RefCOCO. We developed an online annotation tool to find images,
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passengers on it" passengers and its driver"

Image (b)

FIGURE 6.3: Examples of the proposed gRefCOCO dataset.

select instances, write expressions, and verify the results. The basic annotation
procedure follows Referlt [2] to ensure the annotation quality. The data split is
also kept the same as the UNC partition of RefCOCO [3]. We compare the pro-
posed gRefCOCO with RefCOCO and list some unique and significant features of

our dataset as follows.

Multi-target samples. In practice, users usually cluster multiple targets of an
image by describing their logical relationships or similarities. From this point, we
let annotators select target instances rather than randomly assembling them. Then
annotators write an unambiguous referring expression for the selected instances.

There are four major features and challenges brought by multi-target samples:

1. Usage of counting expressions, e.g., “The two people on the far left” in
Figure 6.3(a). As the original RefCOCO already has ordinal word numbers
like “the second person from left”, the model must be able to differentiate
cardinal numbers from ordinal numbers. Explicit or implicit object-counting

ability is desired to address such expressions.

2. Compound sentence structures without geometrical relation, like
compound sentences “A and B”, “A except B”, and “A with B or C”, as
shown in Figure 6.3. This raises higher requirements for models to understand

the long-range dependencies of both the image and the sentence.
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3. Domain of attributes. When there are multiple targets in an expression,
different targets may share attributes or have different attributes, e.g., “the
right lady in blue and kid in white”. Some attributes may be shared, e.g.,
“right”, and others may not, e.g., “blue” and “white”. This requires the
model to have a deeper understanding of all the attributes and map the

relationship of these attributes to their corresponding objects.

4. More complex relationships. Since a multi-target expression involves
more than one target, relationship descriptions appear more frequently and
are more complicated than in sing-target ones. Figure 6.3(b) gives an exam-
ple. Two similar expressions are applied on the same image. Both expressions
have the conjunction word “and”, and “two passengers” as an attribute to
the target “bike”. But the two expressions refer to two different sets of targets
as shown in Figure 6.3(b). Thus in GRES, relationships are not only used to
describe the target but also indicate the number of targets. This requires the
model to have a deep understanding of all instances and their interactions in

the image and expression.

No-target samples. During the annotation, we found that if we do not set
any constraints for no-target expressions, annotators tend to write a lot of simple
or general expressions that are quite different from other expressions with valid
targets. F.g., annotators may write duplicated “dog” for all images without dogs.
To avoid these undesirable and purposeless samples in the dataset, we set two rules

for no-target expressions:

1. The expression cannot be totally irrelevant to the image. For exam-
ple, given the image in Figure 6.3(a), “The kid in blue” is acceptable as there
do exist kids in the image, but none of them is in blue. But expressions like

7

“dog”, “car”, “river” etc. are unacceptable as they are totally irrelevant to

anything in this image.

2. The annotators could choose a deceptive expression drawn from other
images in RefCOCQ’s same data split, if an expression required by in 1. is

hard to come up with

These rules greatly improve the diversity of no-target expressions and keep our

dataset at a reasonable difficulty.
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Dataset Partitioning. gRefCOCO follows the UNC splitting of RefCOCO [3]
and have four non-overlapped sub-sets: train, val, testA, testB. The train set is
a superset of the train set of RefCOCO, with new images from the training set
of MSCOCO added. Images for validation and testing (val, testA and testB) are
strictly identical with RefCOCO, to avoid the risk of data leakage.

| Goto sample id: Go |[ Random | Current id:

Not Saved |
Image box RefCOCO | usarmame |
reference
+ Mask0
left bike
left motor
left bike behind the man on left
* Mask 1
motorcycle on right
cycle to the right
motorcyle to the right of picture.
* Mask 2
o owy
left guy
+ Mask 3
man on right
right man
[ pason motorece |
Instance bisia:
P I
Selector \‘ [ ]
01123
No-target
Input Panel —.hm BT T T Suggestion

No Target Suggestion: Refresh
Ifront right giraffe, ~Ibus in very bottom lefi, IBaby zebra Next

(A) Annotation tool

"Two motorcycles" ‘_L Expression

to Validate

ntance Solector Gloar Instance
P Selector
ofj112(3 A
Submit or
T [~ | Reject

(B) Validation tool

FIGURE 6.4: The screenshots of the developed annotation system used for build-
ing gRefCOCO.

Annotation Procedure and Tool. Following Referlt [2], the gRefCOCO is con-

structed in a game-like interactive manner, in which annotations and validations
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are done alternatively by two players: one annotator and one validator. We de-
veloped a web-based annotation system to facilitate the annotation and validation
work. The system contains two parts: an annotation tool and a validation tool.

Screenshots are shown in Figure 6.4.

Annotation. As shown in Figure 6.4a, the annotation tool can randomly draw
an image from the COCO dataset, load all object masks of this image, and display
them in the Image Box. The annotator is required to select a set of targets from the
image using the Instance Selector, and write the referring expression in the Input
Panel. The annotator is allowed to check the RefCOCQ’s referring expressions of
this image for reference if possible. Finally, after the annotator clicks the submit

button, the annotated sample will be automatically sent to the validation side.

As we mentioned in Sec. 3.2 in the main paper, our system can generate no-
target expression suggestions by randomly drawing expressions of other images
in RefCOCO. Annotators can either write no-target expressions by themselves or
select a deceptive expression from the suggestions. All suggested expressions are
drawn from the same split as the current annotating split to avoid data leakage,
e.g., if the annotator is annotating the train set of gRefCOCOQO, all suggestions will
come from the train set of RefCOCO.

Validation. Figure 6.4b shows a screenshot of the validation tool. After the val-
idation side receives a sample from the annotation side, it displays the sample’s
image and expression on the top of the page, then asks the validator to select and
submit the targets referred by this expression. The annotator’s selected targets
will not be shown to the validator, so the validator needs to find targets indepen-
dently. After the validator submits their selection, the backend system compares
the targets found by the validator with the annotation submitted by the annotator.
If they are identical, i.e., the validator and the annotator independently selected
the same targets, this sample is accepted as a valid gRefCOCO sample. Other-
wise, this sample will be sent to another validator for a second check. Then if the
second validator still fails to target this sample, it will be discarded. Validators
can also directly reject samples that are inappropriate or do not meet the quality

requirements. For no-target samples, the validator also needs to do a submission
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without instance selection to confirm. They are also required to reject no-target

expressions that are totally irrelevant to the image.

6.3 The Proposed Method for GRES

As discussed earlier, the relationship and attribute descriptions are more complex
in multi-target expressions. Compared with classic RES, it is more challenging
and important for GRES to model the complex interaction among regions in the
image, and capture fine-grained attributes for all objects. We propose to explicitly
interact different parts of image and different words in expression to analyze their

dependencies.

6.3.1 Architecture Overview

The overview of our framework is shown in Figure 6.5. The input image is pro-
cessed by a transformer encoder based on Swin [38] to extract vision features
F, € REXWXC "in which H, W are the spatial size and C is the channel dimen-
sions. The input language expression is processed by BERT [45], producing the
language feature F; € RM*C where N, is the number of words in the expression.
Next, F; is sent to a pixel decoder to obtain the mask feature F;, for mask predic-
tion. Meantime, F; and F}; are sent to our proposed ReL Ationship modeling block
(see Section 6.3.2 for details), which divides the feature maps into P x P = P2
regions, and models the interaction among them. These “regions” correspond to
the image’s P x P patches like VIiT [118]. However, the shape and sizes of their
spatial areas are not predefined but found by ReLA dynamically, which is different
from previous works using hard-split [74, 103, 118, 119]. ReL A generates two sets
of features: region feature F, = {f"}!”, and region filter F}y = {fF}1”,. For the
n-th region, its region feature f is used to find a scalar z;' that indicates its prob-
ability of containing targets, and its region filter f}' is multiplied with the mask
feature F),, generating its regional segmentation mask M" € R7*W that indicates
the area of this region. We get the predicted mask by weighted aggregating these

masks:
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M= (xrM]). (6.1)

n

Outputs and Loss. The predicted mask M is supervised by the ground-truth
target mask Mgr. The P x P probability map x, is supervised by a “minimap”
downsampled from M7, so that we can link each region with its corresponding
patch in the image. We also take the global average of all region features F;. to
predict a no-target label E. In inference, if F is predicted to be positive, the output
mask M will be set to empty. M, z, and E are guided by the cross-entropy loss.

6.3.2 ReLAtionship Modeling

The proposed ReLAtionship modeling has two main modules, Region-Image Cross
Attention (RIA) and Region-Language Cross Attention (RLA). The RIA flexibly
collects region image features. The RLA captures the region-region and region-

language dependency relationships.

Region-Image Cross Attention (RIA). RIA takes the vision feature F; and
P? learnable Region-based Queries Q, as input. Supervised by the minimap shown
in Figure 6.5, each query corresponds to a spatial region in the image and is re-
sponsible for feature decoding of the region. The architecture is shown in Fig-
ure 6.6a. First, the attention between image feature F; and P? query embeddings

Q, €RP <0 g performed to generate P? attention maps:
A,; = softmax(Q,.o(F;Wy,)T), (6.2)

where Wy, are C'x C' learnable parameters and ¢ is GeLU [120]. The resulting
A,; € RP*xHW gives each query a HxW attention map indicating its corresponding
spatial areas in the image. Next, we get the region features from their correspond-
ing areas using these attention maps: F! = A,;0(F;W;,)T, where W;, modalities
C x C' learnable parameters. In such a way, the features of each region modalities
dynamically collected from their relevant positions. Compared to hard-splitting
the image into patches, this method gives more flexibility. An instance may be

represented by multiple regions in the minimap (see Figure 6.5), making regions
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represent more fine-grained attributes at the sub-instance level, e.g., the head and
upper body of a person. Such sub-instance representations are desired for address-
ing the complex relationship and attribute descriptions in GRES. A region filter F
containing region clues is obtained based on F! for mask prediction. F is further

fed into RLA for region-region and region-word interaction modeling.

E .......................... - i Reglon Features F .............................
: _»... lReglon : l" l
T B A . Image Features : F', E
E PZ <HW Pz:.; ........... :
: @47 5 1 FV] I”
! Ao AR IR I £ USROS
Region-Image Ay ! l l l ' l ' l
5 Attention 5
: Self Attentlon Cross Attent1on
CF | omwxc . * Q* *K fV
y P2 xC [ rocooosusnsod booesenoonoons
e | g g 0008 000-0
; Features I "Region Image  Language Features
Region-based Queries Features F", F,

(A) RIA (B) RLA

FIGURE 6.6: Architectures of Region-Image Cross Attention (RIA) and Region-
Language Cross Attention (RLA).

Region-Language Cross Attention (RLA). Region image features F come
from collating image features that do not contain relationship between regions and
language information. We propose RLA module to model the region-region and
region-language interactions. As in Figure 6.6b, RLA consists of a self-attention
for region image features F' and a multi-modal cross attention. The self-attention
models the region-region dependency relationships. It computes the attention
matrix by interacting one region feature with all other regions and outputs the
relationship-aware region feature F,;. The cross attention takes language feature
F; as Value and Key input, and region image feature F! as Query input. This

firstly models the relationship between each word and each region:

Ay = softmax(a(E/W, ) o (E,Wi)"), (6.3)
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where 4; € RFP**N Then it forms the language-aware region features using the
derived word-region attention: F,, = A;F;. Finally, the interaction-aware region
feature F,1, language-aware region feature F,.,, and region image features F) are
added together, and a MLP further fuses the three sets of features: F, = MLP(F+
Fy+ Fo).

6.4 Experiments and Discussion

6.4.1 FEvaluation Metrics

Besides the widely-used RES metrics cumulative IoU (cloU) and Precision@X
(Pr@X), we further introduce No-target accuracy (N-acc.), Target accuracy (T-
acc.), and generalized IoU (gloU) for GRES.

cloU and Pr@X. cloU calculates the total intersection pixels over total union
pixels, and Pr@X counts the percentage of samples with IoU higher than the thresh-
old X. Notably, no-target samples are excluded in Pr@X. And as multi-target
samples have larger foreground areas, models are easier to get higher cloU scores.
Thus, we raise the starting threshold to 0.7 for Pr@X.

N-acc. and T-acc. evaluates the model’s performance on no-target identifica-
tion. For a mno-target sample, prediction without any foreground pixels is true

positive (TP), otherwise false negative (F'N). Then, N-acc. measures the model’s

_TIP
TP+FN "

much the generalization on no-target affects the performance on target samples,

performance on identifying no-target samples: N-acc. = T-acc. reflects how

i.e. how many samples that have targets are misclassified as no-target: T-acc. =

TN
TN+FP-®

gloU. It is known that cloU favors larger objects [5, 71]. As multi-target samples
have larger foreground areas in GRES, we introduce generalized ToU (gloU)! that

!Disambiguition: Not the Generalized Intersection over Union (GIoU) [121] proposed by
Rezatofighi et al. .
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treats all samples equally. Like mean IoU, gloU calculates the mean value of per-
image IoU over all samples. For no-target samples, the IoU values of true positive
no-target samples are regarded as 1, while IoU values of false negative samples are

treated as 0.

RefCOCO gRefCOCO

Image

( No Target)

Image (b) "the bed with red sheet"

FIGURE 6.7: Example predictions of the same model being trained on RefCOCO
vs. gRefCOCO.

6.4.2 Ablation Study

Dataset necessity. To show the necessity and validity of gRefCOCO on the task
of GRES, we compare the results of the same model trained on RefCOCO and gRe-
fCOCO. As shown in Figure 6.7, image (a) is a multi-target sample using a shared
attribute ( “in black jacket”) to find “two guys”. The model trained on RefCOCO
only finds one, even though the expression explicitly points out that there are two
target objects. Image (b) gives a no-target expression, and the RefCOCO-trained
model outputs a meaningless mask. The results demonstrate that models trained
only on single-target referring expression datasets, e.g., RefCOCQO, cannot be well
generalized to GRES. In contrast, the newly built gRefCOCO can effectively enable

the model to handle expressions indicating an arbitrary number of objects.

Design options of RIA. In Table 6.2, we investigate the performance gain
brought by RIA. In model #1, we follow previous methods [74, 118] and rigidly
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TABLE 6.2: Ablation study of RIA design options.

# | Methods P@0.7 P@0.8 P@0.9 cloU gloU
#1 | Hard split, input 63.02 59.81 19.26 54.43 55.34
#2 | Hard split, decoder | 70.34 65.23 21.47 60.08 60.93
#3 | w/o minimap 72.19 66.02 21.07 61.30 62.06
#4 | ReLA (ours) 74.20 68.33 24.68 62.42 63.60

split the image into P x P patches before sending them into the encoder. Table 6.2
shows that this method is not suitable for our ReLA framework, because it makes
the global image information less pronounced due to compromised integrity. In
model #2, RIA is replaced by average pooling the image feature into P x P. The
gloU gets a significant gain of 5.59% from model #1, showing the importance of
global context in visual feature encoding. Then, another 2.67% gloU gain can be
got by adding our proposed dynamic region feature aggregation for each query
(Eq. (6.2)), showing the effectiveness of the proposed adaptive region assigning.
Moreover, we study the importance of linking queries with actual image regions.
In model #3, we removed the minimap supervision so that the region-based queries
@, become plain learnable queries, resulting in a 1.54% gloU drop. This shows that
explicit correspondence between queries and spatial image regions is beneficial to

our network.

TABLE 6.3: Ablation study of RLA design options.

# | Methods P@0.7 P@0.8 P@0.9 cloU gloU
#1 | Baseline 69.94 61.10 19.38 57.24 58.53
#2 | + language att. | 72.03 65.42 21.04 59.86 60.53
#3 | + region att. 73.52 67.01 2343 61.00 62.38
#4 | ReLA (ours) 74.20 68.33 24.68 62.42 63.60

Design options of RLA. Table 6.3 shows the importance of dependency mod-
eling to GRES. In the baseline model, RLA is replaced by point-wise multiplying
region features and globally averaged language features, to achieve a basic feature
fusion like previous works [17, 69]. In model #2, the language cross attention
is added onto the baseline model, which brings a gloU gain of 2%. This shows
the validity of region-word interaction modeling. Then we further add the region
self-attention to investigate the importance of the region-region relationship. The
region-region relationship modeling brings a performance gain of 3.85% gloU. The
region-region and region-word relationship modeling together bring a significant

improvement of 5.07% gloU.
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TABLE 6.4: Ablation study of Number of Regions

# Regions | P@0.7 P@0.8 P@0.9 cloU gloU
4 x4 68.48 60.25 20.33 56.57 57.01
8x 8 72.36 66.85 23.56 59.74 61.23

10 x 10 74.20 68.33 24.68 62.42 63.60
12 x 12 74.14 67.56 23.90 62.02 63.50

2
f

"All three lunch boxes" Predicted Minimap

FIGURE 6.8: Visualization of the predicted minimap & region masks.

Number of regions P. Smaller P leads to coarser regions, which is not good for
capturing fine-grained attributes, while larger P costs more resources and decreases
the area of each region, making relationship learning difficult. We do experiments
on the selection of P in Table 6.4 to find the optimized P. The model’s performance
improves as P increases until 10, which is selected as our setting. In Figure 6.8, we
visualize the predicted minimap z, and region maps M,. x, displays a rough target
probability of each region, showing the effectiveness of minimap supervision. We
also see that the region masks capture the spatial correlation of the corresponding
regions. With flexible region size and shape, each region mask contains not only
the instance of this region but also other instances with strong relationships. For
example, region #4 is located inside the bottom lunch box, but as the input ex-
pression tells that all three boxes are targets, the top two also cause some responses

in the output mask of region #4.

TABLE 6.5: Comparison on gRefCOCO dataset.

val testA testB
cloU gloU cloU gloU cloU gloU

MattNet [76] | 47.51 48.24 | 58.66 59.30 | 45.33 46.14

Methods

LTS [62] 52.30 52.70 | 61.87 62.64 | 49.96 50.42
VLT [69] 52.51 52.00 | 62.19 63.20 | 50.52 50.88
CRIS [72] 55.34 56.27 | 63.82 63.42 | 51.04 51.79
LAVT [71] 57.64 58.40 | 65.32 6590 | 55.04 55.83

VLT+ReLA 58.60 59.43 | 66.60 65.35 | 56.22 57.36
LAVT+ReLA | 61.23 61.32 | 67.54 66.40 | 58.24 59.83
ReLA (ours) | 62.42 63.60 | 69.26 70.03 | 59.88 61.02
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TABLE 6.6: No-target results comparison on gRefCOCO dataset.

val testA testB
N-acc. T-acc. | N-acc. T-acc. | N-acc. T-acc.

Methods

MattNet [76] | 41.15 96.13 | 44.04 97.56 | 41.32 95.32
VLT [69] 47.17  95.72 | 48.74 95.86 | 47.82 94.66
LAVT [71] 49.32  96.18 | 49.25 95.08 | 48.46 95.34
ReLA-50pix | 49.96 96.28 | 51.36 96.35 | 49.24 95.02
ReLA 56.37 96.32 | 59.02 97.68 | 58.40 95.44

6.4.3 Results on GRES

Comparison with state-of-the-art RES methods. In Table 6.5, we report
the results of classic RES methods on gRefCOCO. We re-implement these methods
using the same backbone as our model and train them on gRefCOCO. For one-stage
networks, output masks with less than 50 positive pixels are cleared to all-negative,
for better no-target identification. For the two-stage network MattNet [76], we let
the model predict a binary label for each instance that indicates whether this
candidate is a target, then merge all target instances. As shown in Table 6.5, these
classic RES methods do not perform well on gRefCOCO that contains multi-target
and no-target samples. Furthermore, to better verify the effectiveness of explicit
modeling, we add our ReLA on VLT [69] and LAVT [71] to replace the decoder
part of them. From Table 6.5, our explicit relationship modeling greatly enhances
model’s performance. FE.g., adding ReLLA improves the cloU performance of the
LAVT by more than 4% on the val set.

In Table 6.6, we test the no-target identification performance. As shown in the
table, T-acc. of all methods are mostly higher than 95%, showing that our gRef-
COCO does not significantly affect the model’s targeting performance while being
generalized to no-target samples. But from N-acc. of classic RES methods, we see
that even being trained with no-target samples, it is not satisfactory to identify
no-target samples solely based on the output mask. We also tested our model with
the no-target classifier disabled and only use the positive pixel count in the output
mask to identify no-target samples (“ReLLA-50pix” in Table 6.6). The performance
is similar to other methods. This shows that a dedicated no-target classifier is
desired. However, although our N-acc. is higher than RES methods, there are still
around 40% of no-target samples are missed. We speculate that this is because
many no-target expressions are very deceptive and similar with real instances in
the image. Given the current suboptimal performance, coupled with the broad po-

tential applications of no-target sample detection — as illustrated but not limited
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to those shown in Figure 6.2b — we believe that no-target identification will be

one of our key focus on the future research for the GRES task.

Qualitative results. Some qualitative examples of our model on the val set of
gRefCOCO are shown in Figure 6.9. In Image (a), our model can detect and
precisely segment multiple targets of the same category ( “girls”) or different cat-
egories ( “girls and the dog”), showing the strong generalization ability. Image (b)
uses counting words ( “two bowls”) and shared attributes ( “on right”) to describe
a set of targets. Image (c) has a compound sentence showing that our model can
understand the excluding relationship: “except the blurry guy” and makes a good

prediction.

Image (c) "Everyone" "Everyone except the blurry guy"

FIGURE 6.9: Example results of our method on gRefCOCO dataset.

Failure cases & discussion. We show some failure cases of our method in
Figure 6.10. Image (a) introduces a possession relationship: “left girl and her
laptop”. This is a very deceptive case. In the image, the laptop in center is more
dominant and closer to the left girl than the left one, so the model highlighted the

center laptop as “her laptop”. Such a challenging case requires the model to have
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a profound understanding of all objects, and a contextual comprehension of the
image and expression. In the second case, the expression is a no-target expression,
referring to “man in gray shirt sitting on bed”. In the image, there is indeed a
sitting person in grey shirt, but he is sitting on a black chair very close to the bed.
This further requires the model to look into the fine-grained details of all objects,

and understand those details with image context.

Ground-Truth Failure case

"left girl and her laptop”

( No Target)

"man in grey shirt sitting on bed"

FIGURE 6.10: Failure cases of our method on gRefCOCO dataset.

6.4.4 Results on Classic RES

We also evaluate our method on the classic RES task and report the results in
Table 6.7. In this experiment, our model strictly follows the setting of previous
methods [69, 71] and is only trained on the RES datasets. As shown in Table 6.7,
the proposed approach ReLA outperforms other methods on classic RES. Our per-
formance is consistently higher than the state-of-the-art LAVT [71] with a margin of
1%~4% on three datasets. Although the performance gain of our proposed method
over other methods on classic RES is lower than that on GRES, the results show

that the explicit relationship modeling is also beneficial to classic RES.
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6.5 Chapter Summary

We analyze and address the limitations of the classic RES task, i.e., it cannot han-
dle multi-target and no-target expressions. Based on that, a new benchmark, called
Generalized Referring Expression Segmentation (GRES), is defined to allow an ar-
bitrary number of targets in the expressions. To support the research on GRES, we
construct a large-scale dataset gRefCOCQO. We propose a baseline method ReLA
for GRES to explicitly model the relationship between different image regions and
words, which consistently achieves new state-of-the-art results on the both classic
RES and newly proposed GRES tasks. The proposed GRES greatly reduces the
constraint to the natural language inputs, increases the application scope to the
cases of multiple instances and no right objects in image, and opens possible new

applications such as image retrieval.



Chapter 7

Conclusion and Future Works

7.1 Conclusion

In this thesis, we investigate the task of Referring Expression Segmentation (RES).
We found four major challenges for the task. For CNN-based frameworks, we found
that both one-stage and two-stage methods have their own limitations. A new
framework is needed to be designed to achieve better performance. Next, we argue
that the way that CNN achieves large receptive fields is not perfect for modeling
long-range dependencies. and it is worth to try to change CNN with new meta-
architecture. We found that for attention-based models, the generic dot-product
attention mechanism is not optimized for fusing multi-modal features, which is
also not desirable for the performance of attention-based RES models. Finally, the
“single-target only” constraint for classic RES also limits the practical usages of
classic RES models.

From these challenges and gaps, we propose four new models and a new task to
address these issues. In the first model, we combine the one-stage and two-stage
RES methods together, making it possible to analyse the relationship among in-
stances without introducing an extra instance segmentation network. Secondly, We
propose to employ the attention-based Transformer to replace the CNN prediction
head, achieving better performance. Further, in the third model, we propose to
empower the generic dot-product attention with multi-modal feature fusing func-

tionality, making it more suitable for the RES task. Finally, we propose a new
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benchmark called GRES, which add supports to multi-target and no-target ex-

pressions, making the RES task more practical.

Based on the challenges and motivations discussed in this thesis, we summarize
and conclude the contributions of this thesis and the four works that have been

proposed as follows:

1. In the first model, we have tackled the challenging task of referring segmen-
tation. We have introduced a new framework that addresses the limitations
of previous methods while incorporating their strengths. Our approach si-
multaneously segments instances in the image and establishes interactions
among them for identification. We have introduced a feature propagation
module to capture the comparison relationships between instances. Addi-
tionally, we have proposed a refinement module that leverages low-level and
high-resolution features to enhance the spatial details of the predicted seg-
mentation mask. The experimental results demonstrate that our approach
significantly improves both the targeting performance and the quality of the
segmentation mask. By focusing on effectiveness rather than unnecessary
complexity, we have achieved new state-of-the-art results on three referring

segmentation datasets. This confirms the efficacy of our proposed approach.

2. In the second model, we have addressed the challenging task of referring
segmentation using a multi-modal approach. We have introduced the trans-
former to facilitate long-range information exchange, overcoming the limi-
tations of traditional convolutional networks. Our Vision-Language Trans-
former (VLT) framework formulates referring segmentation as a direct at-
tention problem, incorporating spatial-dynamic multi-modal fusion to em-
phasize pixel/object differences. To handle ambiguous referring expressions,
we propose the Query Generation Module and Query Balance Module, im-
proving understanding through the referred image information. Additionally,
inter-sample learning enhances comprehension of different language expres-
sions for one object, while masked contrastive representation learning en-
ables distinguishing features for the same object and different objects. The
lightweight VLT model achieves new state-of-the-art performance on three
referring image segmentation datasets and two referring video object seg-

mentation datasets.
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3. In the third model, our focus is on improving referring image segmentation
by introducing a framework that enhances the performance of multi-modal
fusion. To achieve this, we propose two key components: the Multi-Modal
Mutual Attention (M3?Att) mechanism and the Multi-Modal Mutual Decoder
(M?Dec), both specifically designed to handle multi-modal information. Ad-
ditionally, we propose an Iterative Multi-Modal Interaction (IMI) scheme
to further enhance the feature fusion capability of the M?Dec. To ensure
the integrity of the language information, we introduce a Language Feature
Reconstruction (LFR) module. Through extensive experiments, we demon-
strate the effectiveness of these modules in promoting interactions between
language and vision information. As a result, our proposed approach achieves

new state-of-the-art performance in referring image segmentation.

4. Moreover, we analyze and address the limitations of the classic Referring Ex-
pression Segmentation (RES) task, which lacks the ability to handle multi-
target and no-target expressions effectively. To overcome these limitations,
we introduce the Generalized Referring Expression Segmentation (GRES)
benchmark, allowing for arbitrary numbers of targets in expressions. Ad-
ditionally, we construct a large-scale dataset called gRefCOCO to support
research on GRES. We propose ReLLA, a baseline method for GRES that
explicitly models the relationship between image regions and words, achiev-
ing consistently improved results in both the classic RES and GRES tasks.
The introduction of GRES reduces constraints on natural language inputs,
expands application possibilities to cases with multiple instances and no cor-

rect objects, and opens up new potential applications such as image retrieval.

7.2 Future Works

Alghouth a lot of work has been done in this thesis, there are still a lot of things to
do in the future. We will discuss the future works and the potential improvements

of our proposed models in the following aspects:

e Weakly or self-supervised referring segmentation. Current RES task
is fully supervised, and heavily relys on the annotations of the dataset. How-

ever, the annotation process is very expensive, especially for RES tasks that
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requires both segmentation mask and referring expressions as annotations.
Therefore, it would be very useful if we can train the model with weakly
supervised data, or develop self-supervised models for the RES task. Re-
cent works have shown potential on contrastive learning [122-124] and self-
supervised learning [49], but most of them learn from general data, which is
not suitable for training RES models. One possible way is that we may com-
bine the task of referring expression generation and segmentation together,
but this is still an open question. We will investigate the possibilities of this

direction in the future.

Generative referring expression processing. The task of RES is a typi-
cal discriminative task, which means that the model is trained to predict the
segmentation mask given the referring expression and the image. However,
it would be more interesting if the model can generate referring instructions,
such as “replace the person on the right with a dog”. This would be a great
enhancement on the functionality of the RES task, and it would be very
useful for many applications, such as image editing. With the recent devel-
opment of generative models such as the Latent Diffusion model [125], we

believe that this is a promising direction for the RES task.

Intergrating RES with other tasks. The RES task is an integrated
task of semantic segmentation and object detection. However, it is still a
standalone task. We believe that the RES task can be integrated with other
tasks, such as image matting and image retrieval. For example, we can use
the RES model to generate the segmentation mask of the image, and then
use image matting techniques to find an accurate alpha matte of the object,
or we can use a referring expression to search objects in a large database.

This would be a very interesting direction to explore.

Utilizing Large Language Models (LLM) and multi-modal models.
Thanks to models like Swin Transformer and BERT, we have already wit-
nessed a performance boost in the RES task by using larger models. This
shows that the scale backbone model is very important for the performance
of RES. However, most recently, multi-modal models and “large models”,
such as CLIP [50] and GPT-4 [49], have been proposed. These models are
trained on much larger datasets, and have achieved impressive performance

on many tasks and some of them are believed to have human’s “common
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knowledge” [49]. We already seen CLIP has been utilized in the RES task
[72], however, its performance does not significantly surpass other regular
transformer based works. This shows that how to utilize these large models
in the RES task is still an open question. We believe that the performance

of RES models can be further improved by utilizing these large models.
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