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Abstract

Low-shot Learning based on Pre-trained Model

by ZIQIN ZHOU

In the field of computer vision, deep learning has demonstrated remarkable ac-
complishments. However, the dependence on extensive annotated datasets poses sig-
nificant challenges, particularly when such data is scarce, costly, or ethically sensi-
tive. This thesis addresses the crucial issue of low-shot learning by aiming to equip
learning models with the capability to generalize effectively from limited examples.
It explores various low-supervision methodologies, including self-supervised, unsu-
pervised, semi-supervised, and active learning, with the goal of reducing the reliance
on labeled data.

One potential solution to this challenge is leveraging pre-trained models trained
on large-scale datasets and transferring them to downstream tasks and unknown
classes. Nevertheless, directly applying pre-trained models in a frozen state often
fails to meet the requirements of specific tasks. Fine-tuning these models on base
classes with limited training samples and then transferring them to novel domains
presents obstacles, as it may disrupt the general knowledge encoded in the model,
leading to overfitting on the base classes and suboptimal performance on unseen cat-
egories.

The central focus of this research is to fully exploit the knowledge encoded in
large pre-trained models and enhance their capacity to transfer to novel classes. This
thesis introduces a systematic approach to balance generalization and task-specific
adaptation, ensuring that fine-tuning preserves pre-trained knowledge while effec-
tively adapting to new data. These models encapsulate extensive knowledge from
diverse data sources, enabling swift adaptation to new tasks and classes with min-
imal additional training. The downstream tasks investigated in this doctoral work
range from the low-shot problem for few-shot image classification to more intricate
endeavors such as zero-shot and few-shot pixel-level semantic segmentation. The
exploration encompasses various pre-trained model architectures, including convo-
lutional and transformer-based models, spanning both pure vision and cross-modal
vision-language paradigms.

By harnessing the representational capabilities of state-of-the-art pre-trained mod-
els, this research aims to push the boundaries of what is achievable with limited data.
The novel methodologies proposed strive to maximize performance, maintain gen-
eralization across domains, and improve inference efficiency, paving the way for
broader adoption in low-data scenarios.
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Chapter 1

Introduction

1.1 Problem Statement and Research Motivation

Recent years, deep learning methods have demonstrated remarkable performance
across various computer vision tasks, especially when there are large amounts of
annotated training data. However, this dependency on large datasets is not always
practical or feasible, highlighting the importance of exploring data-efficient learning
strategies. In scenarios where data are scarce, expensive to label, or require special-
st knowledge, these approaches are indispensable. They enable models to generalize
from limited examples, drawing on previously acquired knowledge, and making in-
telligent inferences about new, unseen data. This is particularly crucial for tasks
where rapid model deployment is necessary or when dealing with rare events or cat-
egories that inherently lack extensive data. The pervasive challenges of label scarcity
and the substantial costs associated with data annotation necessitate the creation of
lean models that retain efficacy with limited data. Such models are not only eco-
nomically and operationally advantageous but also essential for applications in fields
where data collection is limited by practical or ethical constraints.

The demand for low-shot learning is driven by the need to develop models that
can quickly adapt to new tasks or classes with only a minimal number of training
samples. Addressing this challenge involves a variety of low-supervised settings,
such as self-supervised [5, 19, 116], unsupervised [131, 140, 170], semi-supervised
[169, 212], and active learning [49, 157], which aim to leverage the innate structure
of data without heavy reliance on labels.

Within computer vision, downstream tasks are categorized into per-image evalua-
tions, such as classification [28, 193] and retrieval [12, 208], and per-pixel prediction
tasks, including semantic segmentation [95, 189], object detection [213, 223], track-
ing [50, 126] and etc. This thesis began with few-shot learning on image-level classi-
fication challenge, subsequently broadening to the zero-shot and few-shot pixel-level
segmentation domains. By leveraging the impressive representational capabilities of
state-of-the-art pre-trained models, this research aims to significantly advance the
field of data-efficient learning and transfer to novel classes. This involves a mul-
tifaceted exploration of various settings and downstream applications, investigating
how pre-trained models can be effectively utilized with limited annotated on base
samples, a question that is currently under-explored.

Thanks to the pre-trained large model showing strong ability, leveraging the
knowledge of pre-trained model and transfer the capability to novel classes or down-
stream tasks provide another solution. There is growing interest in the potential of
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pre-trained models on large datasets to bolster transfer learning, thus enabling ef-
fective adaptation to downstream tasks and cross-domain datasets. Despite the clear
importance of this research, the journey toward creating highly performative models
under tight data constraints is replete with challenges and has yet to be fully explored.
A common barrier to data-efficient learning is the tendency of models to overfit on
seen categories, which compromises their ability to generalize to new classes in the
open world.

This thesis focus on the exceptional abilities of large pre-trained models being
harnessed to tackle the issue of limited data. These models have been trained on a
vast array of data and have learned to identify a wide range of features. By using
what these pre-trained models already know, we can apply their understanding to
new classes or different tasks without needing a lot of additional data. This method
of knowledge transfer allows us to make the most of the complex patterns the models
have already learned, making it easier to adapt to new situations where data is scarce.
This thesis investigates how we can make the best use of these pre-trained models
when we only have a few or even none examples to learn from, as well as alleviate
the overbias problem on base classes while transferring. The goal is to find ways to
use the power of these models to improve our ability to learn from small amounts of
data, opening up possibilities for using Al in areas where collecting large datasets is
difficult or impossible.

1.2 Thesis Organization and Contributions

To explore low-shot learning problem based on pre-trained model, this thesis con-
duct experiments on few-shot and zero-shot setting on image-level classification task
and pixel-level segmentation task. This research topics include different downstream
tasks, different setting and different pre-trained models inspecting of architecture
and objective loss function. The following thesis first introduce the related works
in Chapter 2, then demonstrate three low-supervised learning tasks based on pre-
trained models and conduct under these topics: few-shot classification in Chapter 3,
zero-shot semantic segmentation in Chapter 4, and few-shot semantic segmentation
in Chapter 5. The detailed research topic and related techniques are organized in
Figure 1.1.

This figure outlines the hierarchical structure of the research problems addressed
in this thesis, focusing on low-shot learning strategies based on pre-trained mod-
els. The diagram begins with the categorization of low-shot learning approaches,
which include N-way K-shot tasks (e.g., image-level few-shot classification, pixel-
level zero-shot, and few-shot semantic segmentation) and cross-domain tasks (e.g.,
cross-dataset classification and open vocabulary semantic segmentation). The sec-
ond branch highlights the role of pre-trained models, further divided into pure vision
pre-trained models (trained solely on vision tasks) and vision-language pre-trained
models (jointly trained on vision and language tasks). Key methods for utilizing pre-
trained models include classification pretraining, masked prediction pretraining, and
self-supervised pretraining, as well as cross-modal strategies like image-text match-
ing and contrastive learning. The figure also introduces tuning methods applied
to pre-trained models, which are categorized into fine-tuning, partial-based tuning
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(modifying specific layers or components while freezing others), and addition-based
tuning (adding task-specific modules without altering the pre-trained parameters).
The contributions of each work can be summarized as follows:

* In the realm of few-shot learning on classification, the objective is to archi-
tect models that can discern novel classes from a limited compendium of sam-
ples. Conventional meta-learning strategies, while previously prevalent, are
now recognized as suboptimal, particularly when compared with methods that
directly train feature extractors fortified by data augmentation techniques. This
dissertation proposes an integrated approach that combines the core principles
of meta-learning with direct training methods. This fusion is realized through
the innovative application of distribution prediction, which forges a closed-
form linkage between the support set exemplars and the anticipated behavior
of classifiers derived from the distribution. By employing Ridge Regression
(RR) coupled with Gaussian distribution modeling, the proposed model mit-
igates the overfitting tendencies endemic to FSL and demonstrably elevates
classification performance.

* In another vein, this research has pioneered the application of zero-shot se-
mantic segmentation based on pre-trained vision-language model CLIP, de-
veloping an simple but efficient one-stage framework named ZegCLIP. It pro-
posed three designs to signigicantly elliviate the overbias problem on seen
classes: Use deep prompt tuning for efficient tuning on CLIP image encoder,
apple non-mutually Exclusive Loss to generate the posterior probability of one
class independently and design a relationship descriptor (RD) module to in-
corporate the image-level prior into text embedding before predicting semantic
masks. It demonstrates superior performance, outperforming the state-of-the-
art methods by a large margin under both “inductive” and “transductive” zero-
shot settings and achieves a speedup of about 5 times faster compared with
previous two-stage methods during inference.

* Furthermore, this thesis conduct experiments on few-shot semantic segmen-
tation the advent of pre-trained vision transformers. This thesis explores to
harnesses this emergent feature to tackle few-shot semantic segmentation, a
task focused on classifying pixels in a test image with a few example data.
As our main discovery, we find that the concept of “relationship descriptors",
initially conceived for enhancing the CLIP model for zero-shot semantic seg-
mentation, offers a potential solution. We adapt and refine this concept to craft
a relationship descriptor construction tailored for few-shot semantic segmenta-
tion, extending its application across multiple layers to enhance performance.
This work demonstrates a clear advantage of our method in diverse few-shot
semantic segmentation scenarios, and a range of pre-trained vision transformer
models. The findings clearly show that our method significantly outperforms
current state-of-the-art techniques, highlighting the effectiveness of harnessing
the emerging capabilities of vision transformers for few-shot semantic segmen-
tation.
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Chapter 2

Literature Review on Exploring
Low-shot Learning via Pre-trained
Model

2.1 Introduction

The field of deep learning [90] has seen remarkable progress in recent years, with
applications ranging from computer vision [186] to natural language processing [29].
However, a common challenge persists: the need for large amounts of labeled data
to train effective models [2]. Traditional machine learning approaches often struggle
in scenarios where data is scarce, which is a common situation in many practical
applications. In numerous real-world scenarios, the collection of extensive datasets
is either impractical or prohibitively expensive. This limitation has spurred interest in
low-shot learning [168, 175], a paradigm that aims to enable models to perform well
with limited training examples. It is a challenging research topic aimed at enabling
models to perform well even when only a small number of training examples are
available.
Exploring low-shot learning is essential for several reasons:

* Addressing Data Scarcity: Helps develop models that generalize well from
limited data.

* Enhancing Model Efficiency: Reduces the dependency on large datasets, low-
ering computational costs and accelerating model development.

* Improving Generalization Capabilities: Encourages the creation of adaptable
and robust models for new tasks, crucial for applications like autonomous driv-
ing.

* Advancing Transfer Learning: Pushes the boundaries of utilizing pre-trained
models in low-data scenarios.

* Facilitating Interdisciplinary Research: Applicable across various fields, fos-
tering innovation and collaboration.

* Promoting Ethical and Inclusive Al: Reduces biases and ethical concerns in
data collection, leading to more equitable Al systems.
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Although important and practically, low-shot is difficult due to the limited train-
ing data, high variability within the data, susceptibility to overfitting, lack of rep-
resentational diversity, complexity in adapting models to new tasks, class imbal-
ance, challenges in reliable evaluation, domain-specific issues, and the sophisticated,
resource-intensive algorithms required to effectively generalize from few examples.
Fortunately, in recent developments, the use of pre-trained models [51] for low-shot
learning has emerged as a promising strategy. Pre-trained models are initially trained
on large datasets with fundamental objectives, inherently incorporating powerful and
generalizable knowledge. These models have shown impressive performance im-
provements in various downstream applications. The key idea is to transfer the gen-
eral knowledge acquired during the pre-training phase to new, specific tasks domain
with limited training data and extend this capability from known classes to unknown
categories, thereby facilitating low-shot learning.

This literature review chapter aims to provide a comprehensive overview of the
current state of research on low-shot learning via pre-trained models. The follow-
ing sections will delve into the fundamental concepts of low-shot learning, explore
key methodologies in low-shot classification and semantic segmentation, and discuss
the role of pre-trained models in enhancing low-shot learning performance. By syn-
thesizing existing research, this review seeks to identify gaps in the literature and
highlight promising directions for future research in this rapidly evolving field.

This thesis introduces the previous works related to my three research topics fol-
lowing the organization map as shown in Figure 1.1. More specifically, in this chap-
ter, I first introduce the problem definition of low-shot learning in Subsection 2.2
and then describe the downstream tasks includes few-shot classification in Subsec-
tion 2.3, and few-supervised segmentation in Subsection 2.4. Then I introduce polu-
lar pre-trained models in Subsection 2.5 and demonstrate traditional methods related
to low-shot learning on pre-trained model in Subsection 2.5.3.

2.2 Concepts and Preliminaries of Low-shot Learning

The motivation behind low-shot learning (LSL) stems from the limitations of con-
ventional deep learning models, which typically require extensive labeled datasets to
achieve robust performance. In many practical applications, such as medical diagno-
sis, rare species identification, and personalized recommendation systems, acquiring
large-scale labeled data is either impractical or prohibitively expensive. This con-
straint necessitates the development of models capable of learning and generalizing
from a limited number of examples, thereby broadening the applicability of machine
learning to diverse and resource-constrained domains.

Low-shot learning draws inspiration from the human cognitive ability to learn
new concepts with minimal examples. Humans can generalize from a few instances,
adapting quickly to new tasks with limited data. Replicating this capability in ma-
chine learning models is not only a theoretical challenge but also carries significant
practical implications, including reducing the costs associated with data collection
and labeling, enhancing model robustness, and enabling rapid adaptation to new, un-
seen tasks.

Wang et al. [191] provided a comprehensive definition of LSL from the dimen-
sions of experience, task, and performance in machine learning. According to this
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definition, if the performance of a computer program improves on task 7' as mea-
sured by performance metric P through experience £, then the program is said to
have learned some class of tasks 7" and performance metric P from experience E.
Importantly, in the context of LSL, F is significantly limited, highlighting the neces-
sity for models to operate effectively with minimal data.

For a deeper understanding of low-shot learning, it is crucial to introduce two
fundamental concepts: N-way K-shot problem and cross-domain low-shot learning.

* N-way K-shot is a widely-used framework to describe particular low-shot
learning scenarios, including few-shot, one-shot, and zero-shot learning. Few-
shot learning aims to enable models to perform well on new tasks with only a
few labeled examples. Formally, FSL can be defined as the task of learning a
function f : X — Y that generalizes well from a limited number of training
examples {x;,y;} from the target domain. A typical FSL setup involves two
datasets: a base dataset Dy,s. With abundant labeled data and a target dataset
D, 00 With very few labeled examples, known as the "support set."

In this framework, the support set is a small dataset used during the training
phase to provide reference information. The query set, on the other hand,
contains the tasks that the model is required to predict, with the stipulation that
the classes in the query set are not present in the support set. In N-way K-shot
learning, "N" refers to the number of classes, and "K" refers to the number of
examples per class in the support set. For example, in a 5-way-5-shot learning
scenario, the model is provided with 5 classes, and for each class, there are 5
examples in the support set. The support set would thus contain a total of 25
examples (5 classes x 5 examples per class). The goal of the model is to use
this limited support set to correctly classify new, unseen examples in the query
set. Few-shot learning generally refers to scenarios where K is small, such as
5 or 10. While One-shot learning is a special case of few-shot learning where
K is exactly 1.

Zero-shot learning was first introduced in [87] and it differs from the typi-
cal N-way K-shot framework, as it involves predicting classes that were not
seen during training by using auxiliary information like semantic embeddings
or descriptions. The model must predict classes that it has never encountered
during training. This is achieved by leveraging high-dimensional semantic
features instead of relying on low-dimensional raw data. Techniques such as
embedding representations and autoencoders are utilized to create intermedi-
ate semantic spaces that capture attributes more comprehensively defining the
categories. This semantic approach allows the model to discern previously un-
observed categories, making zero-shot learning one of the closest methods to
human intelligence in recognizing new classes. Essentially, one-shot learning
and few-shot learning can be viewed as specific instances of zero-shot learning,
where the model’s ability to generalize from sparse data is put to the test.

Overall, the N-way K-shot framework is fundamental in few-shot learning as it
provides a structured way to test the model’s ability to generalize from a small
number of examples to new, unseen data.

* Cross-domain problem is heightened by combining the complexities of trans-
fer learning and few-shot learning. Typically, in transfer learning, the target
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domain classes have a sufficient number of samples. However, when there is
a significant domain shift between the source and target domains, transferring
knowledge becomes particularly difficult. In cross-domain few-shot learning,
there is the additional challenge of very limited samples per class in the tar-
get domain, with no class overlap between source and target domains. This
makes it exceptionally difficult for the model to generalize effectively using
only the source domain data. Current research in this area focuses on adapting
feature transformations and constructing auxiliary datasets to bridge domain
gaps, recognizing cross-domain few-shot learning as one of the most challeng-
ing settings in the field of few-shot learning today.

Low-shot learning is applicable across various downstream tasks, particularly in
the field of computer vision, spanning both high-level tasks like classification and
low-level tasks such as semantic segmentation. High-level vision tasks aim to clas-
sify images into predefined categories with only a few examples per category, pre-
senting a challenge in leveraging limited labeled data effectively. Conversely, low-
level tasks like semantic segmentation involve delineating objects within an image,
a process that becomes particularly demanding when only a small number of anno-
tated examples are available. This thesis conducts a detailed review of the methods
employed in low-shot learning for these downstream tasks in Subsections 2.3 and
2.4. The techniques reviewed in these subsections aim to maximize the utility of lim-
ited data, enabling models to generalize effectively from sparse examples to unseen,
real-world scenarios.

Another promising approach related to LSL is low-resource learning, which of-
fers a complementary solution by leveraging learning from synthetic data. This
approach addresses the scarcity of labeled examples by generating artificial data for
training. Synthetic data generation methods utilize techniques such as generative
adversarial networks (GANSs) [55], variational autoencoders (VAEs) [82], and diffu-
sion models [68] to create diverse and realistic datasets. These methods have found
successful applications in areas such as medical imaging [16], autonomous driving
[40], and rare species classification [8]. By augmenting real-world data with syn-
thetic examples, models can improve their generalization and robustness in low-shot
learning scenarios. Additionally, synthetic data provides the opportunity to gener-
ate controlled variations and edge-case scenarios that are often underrepresented in
real-world datasets, enhancing the model’s ability to handle a broader range of tasks.
Combining synthetic and real data offers a practical solution for overcoming data
scarcity and enriching the training process. However, synthetic data also presents
challenges, such as ensuring data realism and mitigating biases introduced during
generation. In this thesis, the focus is on exploring the knowledge encapsulated in
well pre-trained models to address the challenges of low-supervised learning.

2.3 Few-shot Classification

With the development of deep learning, neural networks have achieved significant
performance through fully supervised training in a large amounts of labeled samples.
However, there is still a huge gap between machine and human beings when train-
ing samples are limited. Few-shot learning (FSL) is a challenging topic that requires
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target models to adapt to novel classes very quickly. It includes various tasks, such
as NLP [9, 79, 216], classification [31, 117, 193], segmentation [38, 114, 189], de-
tection [80, 213, 222], 3D point cloud [190][230] etc. In this work, we focus on
the fundamental task, classification, to explore the possibility and effectiveness of
handling few-shot learning problem via distribution learning. In this section, we re-
strain the review to the few-shot classification approaches and augmentation methods
closely related to this work. More specifically, we summarize two paradigms of few-
shot classification into episodic meta-training strategy described and representation
learning with a simple meta-classifier strategy.

2.3.1 Episodic meta-training

Many researchers address the few-shot learning problem by generating amounts of
episodic few-shot tasks from the base dataset. Episodic-based methods simulate
meta-testing in the training phase that can encourage the target model to quickly
adapt to novel tasks after updating each iteration on base samples.

The objective of episodic meta-training can be formulated as follows:

0 = argmin ET ~ p(T) [LT(fy)]. 2.1)

where 0 represents the model parameters to be optimized, 7 denotes a task sampled
from the task distribution p(7"), and L7 is the loss function associated with task 7.
The goal is to find the optimal model parameters #* that minimize the expected loss
over the distribution of tasks. By training the model on a variety of tasks, the model
learns to generalize and perform well on new, unseen tasks.

Optimization-based methods design more suitable optimizers for few-shot learn-
ing. Ravi [154] introduced a meta-learner to optimize training hyper-parameters
while the base learner updates network weights for training tasks. MAML [46] at-
tempted to learn good initialized weights which can be adapted to novel tasks after
several gradient updates. Similarly, Reptile [139] proposed a simpler approximation
of MAML and dramatically saved computation and memory cost. MetaOptNet [91]
followed MAML and formulated an end-to-end architecture by introducing differen-
tiable Quadratic Programming (QP) and Support Vector Machine (SVM).

Metric-based approaches [70, 143, 219] tend to embed samples of different cat-
egories into discriminative feature space. Koch [84] developed a siamese network
to extract distinguished features. Matching Network [185] applied Long Short-Term
Memory (LSTM) with attention kernel and augmented with memory to match con-
ditions between support and query samples rapidly. Prototypical Network [168] cre-
atively represented each class by prototype and retrieved classification results by
Bregman divergence. Sung [175] formulated Relation Network to concatenate sup-
port features and each query feature to compare the similarity between each category.

Model-based methods aim to quickly adapt to limited data by designing bet-
ter architecture. Inspired by Neural Turing Machines (NTMs) [56], Santoro [162]
investigated memory-augmented neural networks to remember and predict the data
that only appear once. Munkhdalai [134] proposed a novel Meta-learning network to
improve the ability of rapid generalization via fast parametrization.
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2.3.2 Representation learning

Recently, many works propose that learning a good feature representation in training

stage and generating augmented support set in meta-testing stage can improve per-

formance significantly. Beyond that, feature extraction and selection are important

for model convergence and improve the robustness while transferring [177][178].
The objective of representation learning can be formulated as:

0" = arg mein E(z,y) ~ ptrain [L(fo(z),y)], (2.2)

where 0 represents the model parameters, (z,y) denotes the input-output pair sam-
pled from the training distribution pg.;,, and £ is the loss function that measures
the discrepancy between the predicted and true labels. The aim is to learn model
parameters 6* that minimize the expected loss over the training data distribution.

Furthermore, the learned representation can be utilized to generate an augmented
support set in the meta-testing stage, thereby improving the model’s ability to gener-
alize to new tasks. This process can be mathematically expressed as:

S = g4(5), (2.3)

where § is the original support set, g, is the augmentation function parameterized by
¢, and S is the augmented support set.

By combining these objectives, representation learning aims to achieve robust
and transferable feature representations that facilitate better performance on few-shot
learning tasks. Related works are summarised as:

Representation learning based methods replace traditional episodic meta-training
strategy by fully supervised training on base dataset to pre-train a good feature extract
which can be transfer to unseen classes directly. [20] shown that a deeper backbone
leads to a slight performance gap between previous representative methods. Indeed,
the baseline model with fine-tuning can achieve significant performance. Tian [179]
also found that learning a good embedding module is crucial in few-shot learning
problem. In addition, then applied self-distillation operation to further improve per-
formance.

Hallucination based methods become more and more popular recently. As we
know that, the basic problem of few-shot learning is limited training samples, hal-
lucination based methods are similar to data augmentation but propose to learn how
to synthesize support features [63]. Yang [210] utilized the similarity of mean and
variance between base classes and novel classes to calibrate the distributions of un-
seen categories. After that, sufficient support features can be sampled randomly to
enrich the training set. Lazarou [89] firstly generated support feature tensors instead
of vectors with prototypical classification by a tensor feature hallucinator.

Self-supervised learning (SSL) methods have achieved reasonable success re-
cently. Predicting image rotation [54] is a simple but effective pretext task to encour-
age target model capture semantic information and has been widely used in few-shot
learning [127]. Rizve [158] proposed a novel architecture to predict transforma-
tion style on training tasks to learn equivariance or invariance jointly. Contrastive
learning is widely used in few-shot learning, Gao [51] proposed a novel CPLAE by
combining augmented rotated embeddings and contrastive prototype learning. Liu
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[107] proposed a novel info-patch as noise and trained the embedding with InfoNCE
loss function. In this way, they attempted to exploit the local relationship between
samples and improve the representative ability of the target model.

2.4 Low-shot Semantic Segmentation

2.4.1 Semantic Segmentation

Semantic segmentation is a fundamental dense prediction task in computer vision
that involves annotating each pixel of an input image with a class label. This task is
crucial for various applications, such as autonomous driving, medical imaging, and
scene understanding. Previous work in semantic segmentation generally follows two
main principles:

* Per-pixel Classification Per-pixel classification treats semantic segmentation
as a pixel-wise classification task. Models predict the probability distribution
over all possible categories for every pixel in an image, where the distribution
lies within a K-dimensional probability simplex. The per-pixel classification
can be formally expressed as:

y = {pilp; € AKYDW (2.4)

where H x IV is the image size, and p; denotes the probability distribution for
pixel ¢ across K classes. The model is trained using the ground truth category
labels y9' = {yft ZH:X1W and applies a per-pixel cross-entropy loss:

HxW
Epixel—cls(yvygt> = Z - logpi(ygt)a (25)

i=1

* Mask Classification Formulation Mask classification splits the segmentation
task into two main parts: 1) partitioning the image into /N regions represented
with binary masks {m;|m; € [0, 1]#7>*W}¥  "and 2) associating each region as
a whole with a distribution over K categories. The approach can be formulated
as finding the probability-mask pairs z = {(p;, m;)},. Unlike per-pixel class
probability prediction, this method includes an auxiliary "no object" label (0)).

To train a mask classification model, a matching o is required between the set
of predicted masks and the set of ground truth segments 29 = {(c7, m?")|c!" €
{1,...,K},m € {0,1}*WINY where " is the ground truth class of the
i1th segment. The matching involves a bipartite assignment that allows for han-
dling different numbers of predicted and ground truth segments.

The loss function for mask classification, £ askcls, 1S @ combination of a cross-
entropy classification loss and a binary mask loss, formulated as:

N
Emask-cls(za th) - Z [_ logpo(j>(cft) + ]]-c%‘;é(])ﬁmask(mcr(jL mft) ) (26)

j=1
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where L5 1S @ binary mask loss, and 1 is an indicator function.

Both methods have shown remarkable advancements with a pre-defined closed
set of semantic classes. However, in few-shot learning scenarios, the challenge lies
in adapting these techniques to handle new, previously unseen classes with limited
annotated examples. This requires innovative strategies to transfer learned knowl-
edge from base classes to novel classes efficiently, ensuring robust segmentation per-
formance even in the presence of sparse data.

2.4.2 Zero-shot Semantic segmentation

Zero-shot Semantic Segmentation remains an important but challenging task due to
the inevitable imbalance problem in seen classes. The target model is required to
segment unseen classes after training on seen classes with annotated labels. Previous
works like SPNet[197], ZS3[10], CaGNet[59], SIGN[27], Joint[3] and STRICT[146]
follow the strategy that improves the generalization ability of semantic mapping from
seen classes to unseen classes.

As the popular pre-trained vision-language model CLIP shows the powerful abil-
ity of zero-shot classification, it has been also applied in zero-shot semantic seg-
mentation recently. Zegformer[36] and zsseg[207] develop an extensive proposal
generator and use CLIP to classify each region and then ensemble the predicting
results. Although it remains CLIP’s zero-shot ability at the image level, the compu-
tational cost increases inevitably due to classifying each proposal. MaskCLIP+[232]
creatively applies CLIP to generate pseudo annotations on novel classes (“transduc-
tive”) for self-training. It has achieved competitive performance but will be invalid
in “inductive” setting where the names of unseen classes in inference are unavailable
while training.

Self-training in Zero-shot Segmentation introduces another setting of zero-shot
semantic segmentation called “transductive”. Unlike the traditional “inductive” set-
ting where the novel class names and annotations are both unavailable in the training
stage, [146] proposed that self-training via pseudo labels on unlabeled pixels benefits
solving the imbalance problem. In such a “transductive” situation, both the ground
truth of the seen classes, as well as the pseudo labels of unseen classes, will be used
to supervise the target model for self-training [59, 207, 232] that can achieve better
performance.

2.4.3 Open Vocabulary Semantic segmentation

Open Vocabulary Semantic segmentation is very related to the zero-shot setting but
further increases the requirements for improving the generalization ability of pre-
trained models. LSeg+ [93] developed a language-driven semantic segmentation
model based on CLIP and per-pixel segmentation results are generated by match-
ing the text and image features. OpenSeg [52] predicted the semantic masks by
generating class-agnostic regions while learning the visual-semantic alignment re-
lationships to implement region-word grounding by introducing class-agnostic seg-
mentation loss. OvSeg [102] also proposed a two-stage method and introduced mask
prompt tuning for adapting CLIP for identifying masked regions and retaining its
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generalization ability. Similarly, two-stage method MaskCLIP [37] introduced learn-
able mask class tokens and designed Relative Mask Attention (RMA) modules be-
side the CLIP image encoder to classify the class-agnostic proposals. SAN [205]
modified the two-stage zero-shot semantic segmentation method SimSeg [206] into
a one-stage way via applying side-adapter networks and fusing the patch embeddings
extracted from CLIP to avoid extensive encoding on cropped proposals.

2.4.4 Few-shot Semantic segmentation

Binary Few-shot Semantic Segmentation (FSS) was initially proposed in the work [ 189,
221] which designed a two-branch architecture to provide a classifier from support
to query. Subsequent class-wise prototype methods [180, 189, 221, 229], influenced
by [168], notably improved performance. To further improve performance, democ-
ratized graph attention mechanisms have been introduced in [188, 220], while [211]
applied a multi-scale correlation module, and ASGNet [95] proposed a superpixel-
guided clustering approach. Recent work by Lang et al. [88] leveraged the base
learner to refine semantic masks of novel classes, while MSANet [74] developed a
similarity and attention module to generate visual correspondence information be-
tween support and query. The latest developments by [88] and [74] focus on refin-
ing semantic masks and enhancing visual correspondence in few-shot segmentation.
Despite these advances, previous methods mainly focus on recognizing the novel
objects from the corresponding support set after manual selection but fail to handle
the more practical situation where both base and novel classes need to be segmented
simultaneously.

Generalized Few-shot Semantic Segmentation (GFSS) introduced in [181], seg-
ments images of both base and novel classes without prior inference knowledge to
overcome the limitation of the FSS setting. Since previous binary FSS methods failed
on few-shot multiple dense predictions, they proposed context-aware prototype learn-
ing (CAPL) to enrich contextual classifiers from novel support images dynamically
but performed poorly on novel classes. FineTune [136] claimed that a test-time fine-
tuning approach on classifier is the key to GFSS and then introduced triplet loss to
improve the performance on novel classes extremely. CCA [113] proposed a new-
class contrastive loss to further consider the relationship between base and novel
categories while updating the novel prototypes. DIaM [60] inspired by InfoMax
principle that maximized the mutual information to optimize the novel classes clas-
sifier updating processing and introduced knowledge distillation to retain the ability
on base classes. POP [112] introduced orthogonal constrain to improve the general-
ized ability and proposed enrichment strategy delicately to alleviate the unbalanced
problem of base and novel classes during test-time fine-tuning.

2.5 Popular Pre-trained Models

This section explores several of the most popular and widly used pre-trained mod-
els in deep learning as well as few-shot learning, which have significantly advanced
the field by providing robust foundations for various downstream tasks. We cate-
gorize these models based on their underlying architectures—namely, Convolutional
Neural Networks (CNNs) and Transformer-based models—and further classify them
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according to the specific pre-training tasks they were designed for. In addition, this
section discuss different tuning methods on pre-trained model.

2.5.1 CNN-based Pre-trained Models

Convolutional Neural Networks (CNNs) [101] have been a cornerstone in the field
of computer vision, excelling in tasks such as image classification, object detection,
and segmentation. CNNs are designed with convolutional layers that are adept at
capturing spatial hierarchies in images. The fundamental operation in a CNN is the
convolution, which produces feature maps as follows:

Feature Map = f(W % X +b), (2.7)

where W represents the filter or kernel, X is the input image or feature map from the
previous layer, b is the bias term, f is a non-linear activation function (e.g., ReLU), x
denotes the convolution operation. The layers in a CNN typically consist of convo-
lutional layers, pooling layers, and fully connected layers, forming a deep network
that captures both local and global patterns in the data. Below are some of the most
influential CNN-based pre-trained models:

AlexNet [86]: Introduced by Krizhevsky et al., AlexNet was groundbreaking for its
performance in the ImageNet Large Scale Visual Recognition Challenge (ILSVRC)
2012. It demonstrated the efficacy of deep CNNs and the importance of GPU accel-
eration.

VGGNet [167]: Developed by the Visual Geometry Group at Oxford, VGGNet is
known for its simplicity and depth, using 16-19 layers of convolutional networks. It
achieved top results in ILSVRC 2014 and is widely used for transfer learning.
ResNet [66]: The Residual Network (ResNet) introduced by He et al. introduced
the concept of residual learning, allowing networks to be trained with much greater
depth (up to 152 layers). ResNet has become a go-to model for various vision tasks
due to its robustness and ease of optimization.

GooglLeNet [176]: Developed by Google, the Inception architecture employs a mod-
ule that approximates sparse networks with dense components, allowing for more
efficient computation. It won the ILSVRC 2014 competition.

DenseNet [72]: The Dense Convolutional Network (DenseNet) connects each layer
to every other layer in a feed-forward fashion, which mitigates the vanishing gradient
problem and encourages feature reuse, leading to more compact and efficient models.

2.5.2 Transformer-based Pre-trained Models

Transformer [184] is originally designed for natural language processing, have been
adapted for vision tasks. They rely on self-attention mechanisms, allowing them
to model long-range dependencies in the data. The self-attention mechanism in a
Transformer is described by:

Attention(Q, K, V') = softmax (QKT> V. (2.8)
? Y \/d_k ) *

where () (Query), K (Key), and V' (Value) are matrices derived from the input, d
is the dimension of the key vectors, the softmax function normalizes the output. In
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vision transformer architecture, an image is divided into patches, which are linearly
embedded and combined with positional encodings before being fed into the Trans-
former model.

Pre-trained Vision Transformer has been highly valued in the research commu-
nity due to its scalability [39] which is being fully supervised on ImageNet-21K [32]
and exceptional feature representation capabilities [137]. Various downstream tasks
have benefited from building upon pre-trained vision transformers for better perfor-
mances, such as object detection [100, 171] and image segmentation [24, 99, 234].
For the few-shot semantic segmentation task, multiple works [123, 163, 226] have
achieved great performance gain through using a pre-trained vision transformer back-
bone. These models can be categorized based on the self-supervised tasks performed
during training. The MAE [64] and BEIiT family [4, 148] reconstruct the missing
region from masked images, while the MOCO family [22, 65] and SimCLR [18] ap-
ply different augmentation operations to conduct unsupervised contrastive learning.
DINO [11] simplifies self-supervised learning by introducing self-distillation with-
out any label. Moreover, it has been discovered that pre-trained vision transformers
have demonstrated the property of grouping regions with the same semantic together.
This can be observed by examining the similarity between embeddings or from the
attention map. Such observations indicate that pre-trained vision transformers can
be used for semantic segmentation tasks by employing a decoder network on top
of the transformer output. In this work, we further investigate the semantic group-
ing capability of the pre-trained vision transformer and introduce it to the few-shot
segmentation task for better novel class generalization.

Pre-trained Vision Language Models [76, 96, 152, 172] which connects the image
representation with text embedding have achieved significant performance on various
downstream tasks, like image retrieval [119], dense prediction [153], visual referring
expression [192], visual question answering [78] and so on. It can be categorized by
cross-modal pre-training tasks. Cross-modal Masked Language Modeling (MLM)
inspired by BERT [34] model. ViLT [81] proposed the Whole Word Masking strat-
egy and InterBERT [103] further makes the predictions more difficult by masking
consecutive text tokens. Cross-modal Masked Region Prediction (MRP) is similar to
MLM but leverages Rol features to predict other image tokens. SOHO [73] proposed
a method to predicted grid-based tokens based on surrouding features. Image-Text
Matching (ITM) aligns language and vision tokens with amounts of text-image pairs
[23, 94]. Cross-modal Contrastive Learning (CMCL) presents one of the most popu-
lar pre-training task in vision-language models. ALIGN [76] calculate the large-scale
image-text similarity for zero-shot classification.

Similarly, the Contrastive Language—Image Pre-training (CLIP) [152] model is a
state-of-the-art framework designed to bridge vision and language tasks. Developed
by OpenAl, CLIP utilizes large-scale datasets consisting of image and text pairs to
learn a unified embedding space. This shared space allows for the alignment of vi-
sual and textual information, enabling robust zero-shot learning capabilities across a
wide range of visual classification tasks. CLIP is trained using a contrastive learning
approach, which is central to its ability to link images with relevant textual descrip-
tions. The core idea is to learn image and text embeddings that are close to each
other if they correspond to the same content, and far apart if they do not. The model
achieves this through the following contrastive loss function:
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+log —x . :
> exp(sim(z;, 1) /7) > j—1 exp(sim(z;, t;)/7)
(2.9)
where 2; and ¢; are the embeddings for the i-th image and its corresponding text,
respectively. sim(z;, ;) represents the cosine similarity between the image and text

embeddings, calculated as:

i eXp (sim(z;,t;)/7) exp(sim(z;,t;)/7)

Zi tz
zallllE:0°
where 7 is a temperature parameter that controls the concentration of the softmax
distribution. This loss function is computed over a batch of N image-text pairs. It
comprises two symmetrical terms: the first term aligns each image with its corre-
sponding text, and the second term aligns each text with its corresponding image.
By maximizing the cosine similarity for matching pairs and minimizing it for non-
matching pairs, the model learns a joint embedding space that facilitates effective
cross-modal retrieval and zero-shot transfer learning.

sim(z;, t;) = (2.10)

2.5.3 Tuning Methods on Pre-trained Models

Adapting pre-trained models to downstream tasks, especially in few-shot learn-
ing scenarios, necessitates meticulous tuning to fully exploit the rich representations
these foundational models offer and alleviate the overfitting problem. This tuning
process is vital for improving the model’s performance on specific tasks with limited
data. Various methods are employed to update the parameters of pre-trained mod-
els when adapting them to new tasks, each presenting distinct trade-offs in terms of
computational efficiency, flexibility, and performance.

Intuitively, fine-tuning [67, 187] the whole mooel is able to achieve significant
performance in fully supervised learning tasks but is challenged by transfer learn-
ing. Recently, parameters-efficient tuning methods can be divided into partial-based
tuning and addition-based tuning. Partial-based approaches only tune a part of pre-
trained parameters. For example, Linear Probe [85] adjust the linear layers, Adapter-
Bias [48] only refine the bias weights, and LoRA [71] modify the output of attention
layer. Addition-based approaches include introduce extra learnable parameters, like
using adapter modules [17, 145], side-by networks [24, 224] and deep prompts [77].
Among them, prompting tuning that freezes the pre-trained model while introducing
a set of learnable prompts [9] provides an alternative way. It has achieved satisfied
performance in both NLP tasks [97, 115, 151] and CV tasks [201, 214, 233]. Visual
prompt tuning [77] proposed an effective solution that inserts trainable parameters
in each layer of the transformer and yielded notable gains, especially in zero-shot
learning tasks [164, 235].
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Chapter 3

Exploring Few-shot Classification via
Distribution Prediction

3.1 Introduction

Few-shot learning (FSL) remains an important but challenging task in machine learn-
ing. In FSL, the target model is required to learn how to classify based on a small
number of support set samples. In this situation, the model tends to over-fit the sam-
pled support images and underperform on the query set. Meta-learning used to be the
most popular scheme to handle this problem by learning to learn from a large number
of episodic tasks in the meta-training phase. Meanwhile, several recent works show
that directly training a feature extractor from the base class samples with data aug-
mentation can achieve competitive performance. In this work, we propose a method
that unifies both ideas. The key to our approach is distribution prediction, which
directly predicts the distribution parameters from the support set samples rather than
relying on domain-specific input augmentation or challenging sample feature gener-
ation. By adopting the Ridge Regression (RR) as the classifier and Gaussian distribu-
tion to model the feature distribution, we establish a closed-form connection from the
support set sample to the expectation of classifiers learned from samples drawn from
the predicted distribution. We further leverage this formulation by developing loss
functions from the perspective of distribution prediction and meta-classifier train-
ing. Training jointly with those two objectives, our final model achieves competitive
performance over the existing solutions.

3.2 Background

Deep neural networks achieve significant performance on various tasks especially
training on a large number of annotated samples. However, unlike human learners,
networks usually fail to cope with the problem of few-shot learning (FSL). It remains
challenging for the train meta-classifier for unseen classes that may only have only
1 or 5 samples. The major difficulty for FSL is that a few support samples can not
represent the true feature distributions. It will lead to a sampling bias problem and
could induce incorrect decision boundaries, as shown in Figure 3.1-(a). Thus training
with limited labeled data often results in poor performance on the test set.

To fill this gap, many previous FSL methods recourse to meta-learning. In meta-
learning, a large number of episodic tasks are sampled from a meta-training dataset
with many base classes, simulating the few-shot learning scenario at the test stage.
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(a) Classifier trained with a few randomly (b) Classifier trained with support features
sampled support features after class-wise distribution prediction

FIGURE 3.1. A toy illustration of our proposed method which can
solve sampling over-bias problem via class-wise distribution predic-
tion and refinement.

A model is trained to excel on those episodic tasks and is expected to generalize
to unseen tasks. More recently, several works [138, 180, 210] argue that a good
feature extractor with augmented support samples is very effective for few-shot clas-
sification and can achieve excellent performances even without meta-training. Tian
[180] introduced a simple yet competitive baseline, illustrated in Figure 3.2-(a). This
approach utilizes standard supervised learning on the base dataset to train a back-
bone, which is then reused as a fixed feature extractor during the meta-testing phase.
In this phase, a Logistic Regression (LR) classifier is employed to learn from the
support set samples. To enhance the effectiveness of the support set, data augmenta-
tion techniques can be applied, providing additional diversity and improving overall
performance. However, traditional data augmentation operations may not be able
to create samples distinguishing from the original samples and provide limited ex-
tra information. Another way is learning to synthesize training samples through an
additional learning process. Inspired by Generative Adversarial Networks (GANs)
[55], previous methods has developed generators to create image-level augmenta-
tions [227] or feature-level [89, 125, 196, 225] augmentations. Such methods can be
summarized and illustrated as Figure 3.2-(b).

Nevertheless, synthesizing samples from a generative model is a nontrivial task.
Not only the quality of the generated samples but also the diversity and distribution
of the generated samples have a significant impact on the few-shot learning perfor-
mance. An alternative solution is to directly model the data distribution rather than
generating individual samples. Recently, Yang [210] observed that similar classes
tend to exhibit similar feature distributions. They proposed modeling each class’s
feature distribution as a Gaussian, characterized by a mean vector and a covariance
matrix. Building on this assumption, they calibrated the distributions of novel classes
by leveraging the distributions of similar base classes. This distribution calibration
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Base dataset Novel tasks Base dataset Novel tasks
Represegtatlon Fixed backbone Represegtatlon Fixed backbone
learning l learning |
Traditional Augmented Synthesis augmented
augmentation data generator support samples

Meta-classifier

(a) Representation learning as baseline

Meta-classifier

(b) Baseline with data generation

Base dataset Novel tasks Base dataset Novel tasks
Represegtaﬂon Fixed backbone Represegtatlon Fixed backbone
learning l learning l
Calculated and Generate samples via Calculated and

calibrated distributions save distributions Fixed predictor

| |

Meta-classifier Meta-classifier

save distributions

(¢) Baseline with distribution calibration (d) Baseline with distribution learning (ours)

FIGURE 3.2. Briefly comparison with very related works. (a) rep-
resents few-shot classification baseline with traditional augmenta-
tion operations, it includes representation learning in fully-supervised
training phase on base dataset and meta-classifier developing in meta-
testing phase on novel dataset; (b) demonstrates introducing genera-
tive model to process data augmentation in (a); (c) describes applying
distribution calibration algorithm guided by seen classes to sample
sufficient support images in novel tasks. Our proposed methods (d)
is not modelling data augmentation but class-wise distribution to im-
prove the adaptation ability in novel meta-classifier.

process is shown in Figure 3.2-(c). Motivated by their work, we step further to pro-
pose distribution learning: we adopt an additional training process to learn the map-
ping function from a sample to its class-wise feature distribution, as demonstrated in
Figure 3.1-(b).

Two issues need to be solved to realize this idea: (1) how to learn the distribution
estimator and (2) how to use the estimated distribution for few-shot learning. We
solve those two issues by taking the Gaussian distribution assumption of the normal-
ized features and modifying a ridge regressor to seamlessly incorporate the mean and
covariance estimated from the distribution estimator, making the mapping from the
support set samples to the final classifier a differentiable process. This design allows
us learn the distribution estimator from two objectives: (1) fitting base-class samples
to their associated class-wise statistics (2) ensuring the resulted classifier performs
well on the unseen data, which could be cast as a standard meta-training process.
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More specifically, we made the following key contributions in this work:

* Instead of modeling data generation, we explored the possibility of few-shot
classification via learning a class-wise distribution estimator.

* We experiment with two formulations for the class-wise feature distribution,
i.e., complete and simplified versions, and introduce novel objective functions
to train the distribution estimator.

* We extend the Ridge Regression classifier to seamlessly incorporate distribu-
tion estimation results, resulting in a closed-form mapping function from sam-
ples to the meta-testing classifier.

* We conduct extensive experiments on four benchmark datasets and achieve
competitive performance.

3.3 Method

In this section, we first give a brief introduction to the problem formulation of few-
shot classification in Subsection 3.3.1; then, we describe our method in multiple
stages: “training stage 17 aims to learn the feature representation, which is described
in Subsection 3.3.2; our extension to Ridge Regression classifier is introduced in
Subsection 3.3.3, which will be subsequently used in our method; next, we describe
the details of how to train the distribution estimator as “training stage 2” in Subsec-
tion 3.3.4; finally, we present meta-testing process on novel classes in Subsection
3.3.5. The overall of our proposed method is illustrated in Figure 3.3.

3.3.1 Problem Formulation

Our proposed method follows the typical few-shot classification setting shown in
Figure 3.4. The dataset D := {(z;,7;)}} consists of data-label pairs, where x; is
the jth input image and g; denotes its class label. A set of base class samples D,
forms a meta-training set that could be used to either train the feature extractor or the
meta-classifier. Once trained, the model can be applied to the meta-testing stage. For
meta-testing, a classifier is generated from the support set S with novel classes. The
generated classifier is evaluated on the query set. More specifically, we randomly
select N classes and K images per class as support set (/N-way K-shot problem)
S = {(z;,9;)}¥*¥ while Q images per class as query set Q := {z;}}"*“.

3.3.2 Training stage 1: Representation learning

Recent works [210] demonstrate that a good embedding is a competitive baseline
for few-shot classification. Motivated by this observation, we pre-train the feature
extractor F on base dataset [J;, with the standard supervised training strategy instead
of using the episodic training strategy as in meta-learning approaches. Besides the
classification loss, we add the rotation prediction [33, 45] as an auxiliary task, which
has shown to be effective in improving the quality of the feature representation. More
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(a) Two-stage supervised training strategy (b) Meta-testing strategy

FIGURE 3.3. Overall of our proposed method. The training strategy
consists of two stages: (1) Stage 1 - Representation Learning: We
follow related works to pre-train a feature extractor as backbone with
fully supervised learning with classification and rotation prediction
tasks on base dataset. (2) Stage 2 - Distribution Learning: We explore
the ability to predict feature distribution from limited samples. We
fix the parameters in feature extractor and develop an Approximated
Ridge Regression (ARR) as meta-classifier with different objective
functions to train distribution predictor. In the meta-testing phase, we
compute the solution of ARR based on the features of support set and
apply the solution as weights to predict classification results on query
samples. Note that, both feature extractor and distribution predictor
are frozen while testing.

specifically, each sample in D, will be rotated with 0, 90, 180, and 270 degrees and
annotated with rotation label . Therefore, the format of training dataset can be rep-
resented as Dy, := {(z;,7;,7;)}}, where §; € {Cy},7; € {0,1,2,3}. We develop
two fully connected layers as classifier denoted as { f.s, frot} to predict the classi-
fication results {y}/ and rotation degree {r}! respectively. To train our proposed
model, we apply cross entropy Lo to measure the discrepancy between prediction
and groundtruth (class label or rotation angle). The overall loss function is:

'Cl :LCE(P(ylx)7g)+aECE(P(T|ZL.)772)7 (31)

where P(y|x) and P(r|x) are posterior probability estimation for class label and
rotation label. « is the hyper-parameter to balance those two terms. The parameters
of feature extractor F will be fixed once the first training stage is done.
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support

(a) representation learning (b) meta- trlanlng/testlng

FIGURE 3.4. Illustration of the few-shot classification problem for-

mulation. We follow typical setting which includes (a) pretraining

feature extractor via fully supervised representation learning on base

dataset and (b) meta-training on base tasks and then meta-testing on
novel tasks.

3.3.3 Extension of Ridge Regression to Incorporate Sample Dis-
tribution Estimate

Ridge Regression (RR) is a classic linear regression model which can also be used
for multi-class classification. By properly encoding class label information into ¢
dimensional label vector y;, e.g., y;x = 1, if dimension k& corresponds to the true
class label, otherwise y;; = —1. Denoting a set of samples X = {x1,xXs,...,X,}
as X € R™? and their associated class labels as Y € R"*¢, Ridge Regression
Classifier learns a linear classifier W € R%*“ by optimizing the following problem:

Jw = min{[[XW — Y[ + A[|[W][*}, (3.2)

where A is a hyper-parameter to balance the mean square error and the regularization
item. One benefit of using RR for classification is that the solution can be obtained
via a closed-form:

W= (X"X+ )XY, (3.3)

This closed-form solution makes the mapping from the training samples {X, Y'}
to the classifier W differentiable. This property has been explored in the recent few-
shot learning work [180, 193].

This paper aims to estimate the data distribution directly from a sample by tak-
ing the assumption that the distribution follows the Gaussian distribution. Formally,
suppose the mean and covariance estimated for the j-th sample are {u(x;), X(x;)},
then the expectation of X "X can be calculated as

n

E(XTX) = Z B(x] x;) Z(/L(Xi)ﬂ(xi)—r +3(x;)), (3.4)
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Algorithm 1: Two-stage supervised training
Input: base dataset D,
Input: feature extractor F, classifier { fus, frot
Input: distribution predictor {¢,,, ¢,2 }
Output: fixed pre-trained F and {¢,,, 9,2}
Stage 1 - Representation learning;
while not done do
Sample a mini-batch images from base dataset Dy;
Obtain prediction of classification and rotation of each sample;
Update parameters of F by Equation 3.1;
end
Save features {z;}, j € D, of base samples;
Calculate real distribution {/i;, 62}, € Cj as ground truth of training stage
2;
9 Stage 2 - Distribution meta-learning;
10 while not done do
11 | Sample meta-training tasks 7, = {S, Q} from {z;},j € D;
12 Generate the specific meta-classifier via predicting class-wise
distributions of S;
13 Calculate the classification results on Q and update the parameters of
{¢., 92} by objective function Equation 3.15;

0 N AN N AW N =

14 end

similarly, we can calculate the expectation of XY and this gives us the following
equation to calculating W:

n

W= () (ulx)p(x)) "+ 2(x5)) + M)*l(z () "y, 3.5)

J

3.3.4 'Training stage 2: Distribution Learning

As aforementioned, our method aims to estimate the same-class distribution param-
eters from a feature instance directly. There are two treatments chosen in our ap-
proach. First, we apply a data preprocessing step to make the feature distributed
more similar to a Guassian distribution. Second, we take an assumption that the fea-
ture dimensions are uncorrelated with each other, and therefore the covariance matrix
is a diagonal matrix. Empirically, we find such an approximation can alleviate the
difficulty of estimating the covariance matrix that might contain too many parameters
and will not compromise the final classification performance. More specifically, the
details about distribution learning are elaborated as follows:

Data preprocessing: We apply Tukey’s Ladder of Powers [47] transformation
on extracted features x to change the shape of a skewed distribution and make it
nearly normal:
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x” ifr7>0
z =4 log(z) ifr=0 (3.6)
—(z7) ifr <O,

where 7 is the hyper-parameter to adjust the shape of a skewed distribution. We set
7 = 0.5 as the same as [210].

Prediction targets: At the training stage, the class-wise distribution parameters
of each sample can be directly estimated from the training set, such as:

N;
n Zj:l Xj
/’LZ Nl
1 N .
07 = (% = 1) © (% = fui), (3.7)
where © denotes the element-wise product.
First, we calculate the ground distributions of each base class denoted as {/i;, 67},1 €
Cy. More specifically, we obtain embeddings of base dataset by fixed feature ex-
tractor and calculate the ground feature distribution of each base class. The target
class-wise feature distribution can be calculated as:

. Z?L <j
i = Ti’ (3.8)

67 = E[(Z; — [u)], (3.9)

where N; is the number of training samples Z; of base class ¢, z; is the feature vector
of j-th sample extractor by backbone F and Tukey’s Ladder of Power Transform.

To improve the generalization ability of distribution prediction model, amounts
of meta-training tasks are generated from base features and donated as 7, = {S, Q}.
More specifically, for each episodic while training, we randomly sample N classes
with K samples as support set S to generate class-wise distributions. While selecting
other () features per class to evaluation the classification performance as query set Q.
The feature embeddings of support and query set are denoted as { Zs, Zo } separately.

Model design: As shown in Figure C.1, a dedicated network with two branches
is proposed to predict the distribution of each sample. Since the value of variance
should be greater than zero, we predict log(c?) instead. Each branch is MLP-like
architecture combined with several fully connected layers and ReLLU activation func-
tions. The output of distribution predictor of jth sample can be formulated as:

i = du(x;), (3.10)
log(0?) =s2(x;), (3.11)

where x; represents the features of support set.
Objective Function: To train our proposed distribution predictor, we introduce
different loss items to measure the discrepancy between prediction and ground truth.
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For mean vectors, we use Mean Squared Error (MSE) as:

1 NK
Ly= s 21 = 13)%, (3.12)

J

where N K is the number of support samples. To compute the loss of variance, we
apply exponential operation on log(oj?) to obtain 032-, similarly, the loss function of

variance is:
2

| MK o
Eﬂ_ﬁz}'&_g_”’ (3.13)

The predicted distribution parameters will be used to learn the classifier from
the support set features. Therefore, in addition to requiring them to be close to the
parameters estimated from the training set, we also hope their estimation can lead
to better few-shot learning performance. This motivates us to use meta-learning to
further regularize the parameter estimators. Specifically, we follow the convention
of few-shot learning to sample few-shot learning tasks that consist of a support set
S and a query set Q. For each S, we use the Equation 3.5 to calculate the classifier.
Then classifier will incur losses on the query set as an indication of the quality of the
estimated classifier. Formally, this leads to the following loss function

L.y = Lop(WsXo,Yo; 1, 0% Zs), (3.14)

where Wy is the solution of support, YQ is target class-labels of query features X o
and {y, 02} represents the predicted class-wise distribution from support features
Xs-

Since the relationship between the distribution parameter estimator and the clas-
sifier is differentiable, backpropagation can be directly applied to optimize the pa-
rameters within the distribution predictor. Combining all the above loss terms with
proper balancing parameters (1, J2), we arrive at the following overall objective
function:

£2 :Eu—i_ﬁl '£0'2 +62 "Crm (315)

3.3.5 Meta-testing on novel classes

After two-stage training, we obtain the feature extractor F and the distribution pre-
dictor {¢,, ¢,2} whose parameters are frozen in the meta-testing stage. For each
meta-testing task 7,, = {S, Q} of novel classes, we first perform data preprocessing
on features extracted from the support set S and query set Q, denoted as Xs and Xo.
Next, we feed support features X into distribution predictor {¢,,, ¢,2} to generate
distribution parameters for each sample. Then, we calculate Wg by Equation 3.5 and
obtain the classification results on the query set. The detailed steps of meta-testing
are illustrated on the right of Figure C.1-(b) and Algorithm 2.
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Algorithm 2: Meta-testing
Input: novel support set images S and labels Vs
Input: novel query set images Q
Input: fixed feature extractor F
Input: fixed distribution predictor {¢,,, ¢,2}
Output: classification prediction of query set Py
1 Obtain features of support and query samples:
Xs = trans(F(S)), Xg = trans(F(Q));

2 Get distributions from support samples: us = ¢,(Xs),log(0%) =d,2(Xs);
3 Calculate the approximated solution of Ridge Regression Classifier via
predicted distribution: Ws = ((usus + diag(c2)) + M) ' usYs;

4 Apply coefficient matrix Ws on query features: Po = WsZg;

3.4 Experiments

3.4.1 Implementation Details

In order to demonstrate the effectiveness of our proposed method, we conduct exper-
iments on four public datasets: CIFAR-FS, FC100, minilmageNet, and tieredIma-
genet. We first introduce the experimental setups, including the details of benchmark
datasets in Subsection 3.4.2 and then evaluation metrics we used in Subsection 3.4.3.
Finally, we present the implementation details of our proposed method in Subsection
344,

3.4.2 Datasets

CIFAR-FS [6] and FC100 [143] are both derived from CIFAR-100 but split in dif-
ferent ways. CIFAR-FS dataset consists of 64 classes for training, 16 for validation,
and 20 for testing. While FC100 dataset has 60 classes for training, 20 for validation,
and 20 for testing. Each class has 600 samples and the image size is 32 x 32 x 3.

The minilmageNet [ 185] and tieredImageNet dataset [ 156] are subsets of ILSVRC-
2012 dataset (ImageNet) [160]. The minilmageNet dataset consists of 100 classes
and 64 classes for meta-training , 16 for meta-validation and 20 for meta-testing.
The tieredImageNet dataset is much larger than minilmageNet which consists of 608
classes and belongs to 34 higher-level categories. It has 351 classes for meta-training,
97 classes for validation and 160 classes for meta-testing. Each class has 600 samples
and the image size is 84 x 84 x 3.

Same as previous works, we train our proposed model on base classes and con-
duct meta-testing on novel classes. To make a fair comparison with previous work,
we drop all validation subsets.

3.4.3 Evaluation Metric

Following the state-of-the-arts [179][89], we conduct experiments with mean top-1
accuracy and 95% confidence interval over 2,000 meta-testing tasks. Each N-way K-
shot classification task consists of /N unseen classes and each class randomly samples
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(a) t-SNE visualization of the sampling bias and the weakness of using traditional augmentation operations.
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(b) t-SNE visualization of the effectiveness of our class-wise distribution prediction.

FIGURE 3.5. t-SNE visualization of few-shot classification with tra-
ditional augmentation operations and our proposed distribution pre-
diction. Different colors represent different classes. ‘X’ denotes the
extracted features of limited support set and their augmented counter-
parts, while translucent ‘@’ denotes the large amounts of query set.
‘A’ in (b) represents the predicted class-wise mean vectors. (a) il-
lustrates the sampling bias on randomly sampled support set and the
weakness of using augmentation operations. (b) proves that our pro-
posed method can alleviate over-bias by predicting class-wise distri-
bution. Note that, we only show the predicted mean vector of each
class. ‘=’ represents moving from the sampled support feature which
is close to class boundary to our predicted class-wise mean as centre.

K images as support set S while other () images as query set Q. We follow previous
works and set N = 5, K = {1,5} and ) = 15 in all experiments.

3.4.4 Implementation Details

Our proposed method is implemented based on open-source Pytorch 1.2.0 toolbox
with the python 3.6 platform.

Data augmentation: As the same as previous work [179], we follow traditional
data augmentation operations in public open-source code. More specifically, we ran-
domly apply cropping, color jittering, and horizontal flipping on input mini-batch
images.



28 Chapter 3. Exploring Few-shot Classification via Distribution Prediction

Architecture of feature extractor: For a fair comparison with other methods,
we develop ResNetl2 and ResNetl8 as backbone for all four datasets and addi-
tional WRN-28-10 network for minilmageNet and tieredImageNet. ResNetl2 and
ResNetl8 consist of 4 residual blocks, a global average pooling with ReLLU activa-
tion function, a fully connected (FC) layer to predict classification and an auxiliary
FC branch to predict rotation degree. WRN-28-10 is a wide ResNet network with 28
layers and a width factor of 10. Previous works [149][35][210] shown that WRN-
28-10 performances better on the minilmageNet and tieredImageNet. Note that the
feature dimension is set to 640 in all above backbone architectures.

Architecture of distribution predictor: We develop a very simple but effective
MLP-like network to learn distribution from base features. As shown in Figure C.1,
the mean branch consists of 3 FC layers with ReLU activation functions, while the
var branch has similar architecture but drops the last activation layer to satisfy the
range of values of the log function.

Training hyperparameters: While in the training stage 1, representation learn-
ing, we apply SGD optimizer with a momentum of 0.9 and the initial learning rate
is 0.05 and set the maximum epoch is 90 for CIFAR-FS and FC100. While we use
Adam optimizer [83] with an initial learning rate is 0.001 and set the maximum epoch
as 100 for minilmageNet and 60 for tieredlmageNet. The setting of more training
hyper-parameters refers to the open-source in [179, 210].

In the training stage 2, distribution learning, the maximum iteration is set to 2,000
for CIFAR-FS, FC100 while 3,000 for minilmageNet and 5,000 for tieredImageNet.
The initial learning rate is set to 0.1 and will decay with a factor of 0.75 every 100,
150, 250 iterations for CIFAR-FS/FC100,s minilmageNet and tieredImageNet sep-
arately . The hyper-parameters of Equation 3.15 is set to {5 = 1,8, = 0.01}.
Note that, we save the feature embeddings of base samples and calculate the ground
class-wise distributions for each base class after stage 1.

3.4.5 Comparison with State-of-the-art methods

In this section, we present results from various experimental evaluations. The first
evaluation is to verify our argument that the classifier obtained from ridge regression
with the proposed simple-wise distribution estimation is beneficial in 3.4.6. Then, we
investigate the relationship between distribution prediction and data augmentation in
3.4.7. After that, we systematically compare the proposed method with state-of-the-
art approaches on four benchmark datasets CIFAR-FS, FC100, minilmagenNet, and
tieredImageNet in Subsection 3.4.8 and 3.4.9.

3.4.6 The advantage of the proposed classifier

To compare our method with traditional deep learning and popular machine learning
methods, we conduct extensive experiments on different meta-classifiers [179][182],
including support vector machines (SVM), MLP-based classifier (MLP), Logistic
Regression (LR), Prototypes-based classifier (Proto), Cosine similarity (Cosine) and
Ridge Regression (RR) described as follows:
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SVM: Support Vector Machines can be implemented via scikit-learn toolkit
while the default setting of kernel is “linear”, gamma is set to “auto” and
penalty C' = 1.

MLP: MLP based meta-classifier contains two fully connected layers with
ReLU activation function. For each novel task, we train the target model on
support set with Cross Entropy loss function and update the parameters 100
times. The optimizer is SGD, and the learning rate for initialization is 0.1
while decreases with factor 0.1 every 50 iterations.

LR: Similar to Linear Regression, Logistic Regression models the data via
the sigmoid function and it can also be simply implemented via scikit-learn
toolkit. The default setting of penalty is L2 Norm, the solver is “lbfgs”, while
the maximum iteration is 1,000.

Proto: Considering the mean vectors of support set as the class-wise proto-
types and generating the classification results via computing the Euclidean
Distance between query samples and all prototypes.

NN: In Nearest Neighbour meta-classier, each query sample is assigned to the
class of its nearest support sample.

Cosine: Cosine meta-classifier calculates the cosine similarity between sup-
port features and query samples after unified normalization.

RR: We fit the traditional Ridge Regression meta-classifier on support set and
test on query samples. It can also be implemented via scikit-learn toolkit and
the default v is set to 1.0 while solver is “auto”.

Ours: For our proposed method, we compute the approximated close-form so-
lution of RR via predicted class-wise distributions from support set and apply
the solution to predict classification of query.

TABLE 3.1. Comparison with different traditional meta-classifiers on
minilmageNet with WRN-28-10 as feature extractor.

n method 5-way 1-shot 5-way S-shot
1 SVM 5737+045 8245+0.62
2 MLP 65.11+£045 83.05+0.30
3 LR 66.40 £ 0.44 83.78 £0.30
4 Proto 65.11+£045 83.51+£0.30
5 NN 65.26 £0.45 77.86 £0.35
5 Cosine 65.02+0.46 78.45+0.33
6 RR 66.56 £ 0.44  83.03£0.30
7 Ours 69.06 +0.54 85.58 +0.42
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The results are reported in Table 3.1. Note that, for fair comparison, all meta-
classifiers have the same feature embeddings of base classes as training data. It shows
that applying “SVM” as meta-classifier failed to handle the over-bias problem, while
“NN” and “Cosine” underperform in 5-way 5-shot few-shot setting with an obvious
disparity, some machine learning based methods like “LR” and “RR” tends to achieve
stable classification performance. By calibrating class-wise feature distributions, our
proposed method achieves significant performance.

3.4.7 Comparison to related classifier combined augmentation
methods

To further illustrate the effectiveness of our proposed method, we evaluate our method
with different combinations of related augmentation operations with competitive
meta-classifiers as shown in Table 3.2. For a fair comparison, we apply the same
pre-trained backbone ResNet-12 as feature extractor on CIFAR-FS.

TABLE 3.2. Comparison with different combinations of augmentation
operations and competitive meta-classifiers.

n method S-way 1-shot 5-way S-shot
1 LR 72.04 +£0.85 85.93+0.62
2 Aug + LR 72.13+£090 86.26 £ 0.67
3 RR 7223 +£0.86 85.28 £0.66
4 Aug + RR 7321 £0.94 85.66 £0.68
5 DC + Sampling w/cov + LR 73.34 +£0.95  85.25 £ 0.63
6 DC + Sampling w/cov+ RR  73.53 £0.88 85.66 + 0.61
7 DC + Sampling w/var + LR~ 72.71 £0.91 84.68 + 0.65
8 DC + Sampling w/var + RR ~ 73.65+0.92 85.45+0.59
9 DP + RR w/var(ours) 75.72 £ 0.68 86.53 £ 0.49

Method 1 and 2 are implemented as the baseline [179]. They demonstrate that
even traditional augmentation operations can improve performance to some extent.
Method 3 and 4 are similar to Methods 1 and 2 but use Ridge Regression as the
meta-classifier instead of Logistic Regression. It proves that the improvement of our
method does not rely on the different meta-classifier. The reason why we choose RR
is that we hope to obtain the solution of meta-classifier via support set and apply it
to query set instead of modeling data generation. Method 5 is the implementation of
distribution calibration [210] with sampling hundreds of augmented features driven
by the base dataset. Method 6 is similar to 5 but uses RR as meta-classifier. It
shows that calibrated class-wise distribution can replace augmented data sampling
operation.

To evaluate the impact of covariance and variance while describing class-wise
feature distribution, we conduct simplified distribution in methods 5-6 and report the
results in 7-8. 7 shows that synthesizing augmented features method requires the
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complete Gaussian-like representation. However, 8 demonstrates that biased estima-
tion classifier RR focuses more on main feature components and can perform better
when sampling synthetic features via variance.

This observation supports our assumption and also provides the possibility of
approximated implementation of RR. The last item 9 is our proposed method which
applies a pre-trained distribution predictor and can outperform other methods.

3.4.8 Evaluation on CIFAR-FS and FC100 dataset

For a fair comparison, we conducted extensive experiments with different backbones
and reported the 5-way 1-shot and 5-way 5-shot classification results in Table 3.3
and Table 3.4. It shows that our proposed approach achieves superior classifica-
tion performance on both datasets while using ResNet-12 and ResNet-18 as feature
backbone. Note that the parameters in pre-trained model are fixed in the whole meta-
testing stage.

The results shows that our method has achieved significant improvement, espe-
cially in 5-way 1-shot learning setting which is the worst-case scenario. In this situa-
tion, it is more likely to encounter the problem of over-bias once randomly selecting
the support sample which is located at the edge of the belonging class distribution.
Unlike traditional augmentation operations, our method calibrate the class-wise fea-
ture distributions via predicting model and shows a strong generalization ability in
novel classes.

In addition to quantitative results, we also visualize the predicted mean vectors of
meta-testing tasks to compare the qualitative performance with traditional augmen-
tation operations as shown in Figure 4.5. From where we can see in Figure 4.5-(a),
there is a model collapse problem that augmented samples are almost overlapping.
However, our predicted mean vectors are much closer to the center of feature dis-
tribution as shown in Figure 4.5-(b). Meanwhile, the variance will further describe
the class-wise distribution. Although GANs or contrastive learning can synthesize
augmented samples with discriminative features, it need extensive computation. Our
work solves the problem in another way, and shows the probability and effectiveness
of modeling data distribution instead of data generation.

3.4.9 Evaluation on minilmageNet and tieredImageNet dataset

We conduct the similar meta-testing evaluation experiments on minilmageNet and
tieredImageNet datasets. The results are reported in Table 3.5. For a fair compari-
son, we use ResNet-12, ResNet-18 and a larger model WRN-28-10 as the backbone
to get feature embeddings. It shows that our proposed approach achieves superior
performance than the state-of-the-arts on minilmageNet based on different backbone
networks. However it underperformed on tieredIlmageNet slightly when compared
with the competitive method DC w/Sampling [210]. We suppose that since tiered-
ImageNet contains much more categories compared with the other three datasets,
the base dataset may have very complicated class-wise distribution in feature space
which affect the effectiveness of distribution learning further. Even though, our work
can still outperform most of previous works.
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TABLE 3.3. Comparison to prior work on CIFAR-FS.

method backbone CIFAR-FS
S-way 1-shot 5-way 5-shot
MAML[46] 32-32-32-32 589+1.9 71.5+1.0
PrototypicalNet[168] 64-64-64-64 55.5+£0.7 72.0£0.6
RelationNet[175] 64-64-128-256 550+£1.0 69.3 £0.8
R2D2[6] 96-192-384-512  65.3+0.2 794 £0.1
Shot-Free[155] ResNet-12 69.2 £ N/A 84.7 £ N/A
TEWAM[150] ResNet-12 70.4 £ N/A 81.3 + N/A
PrototypicalNet[ 168] ResNet-12 722 +0.7 83.5+£0.5
MetaOptNet[91] ResNet-12 72.6 £0.7 84.3+0.5
Distillation[179] ResNet-12 73.9+£0.8 86.9 £0.5
TFH w/ Finetune[89] ResNet-18 747+09 86.8 £0.6
DP (ours) ResNet-12 75.7+0.7 86.5+0.5
DP (ours) ResNet-18 76.1 £ 0.6 87.1+£0.5
TABLE 3.4. Comparison to prior work on FC100.
method backbone FC100
5-way 1-shot 5-way 5-shot

PrototypicalNet[168] 64-64-64-64  35.3+0.6 48.6 £ 0.6

TADAM][ 143] ResNet-12 40.1£04 56.1+£04

PrototypicalNet[168]  ResNet-12 37.5+0.6 52.5+0.6

MetaOptNet[91] ResNet-12 41.1+£0.6 55.5+0.6

Distillation[179] ResNet-12 44.6 £ 0.7 60.9 £ 0.6

DP (ours) ResNet-12 449 + 0.6 60.6 £ 0.6

DP (ours) ResNet-18 454 + 0.6 60.9 = 0.6
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TABLE 3.5. Comparison to prior work on minilmageNet and tiered-
ImageNet.

method backbone minilmageNet tieredImageNet

S5-way 1-shot 5-way 5-shot 5-way 1-shot 5-way 5-shot
MAML][46] 32-32-32-32 4870+ 1.84 63.11+0.92 51.67+1.81 70.30+1.75
MatchingNet[185] 64-64-64-64 4356 +£0.84 55.31+£0.73 - -
IMP[1] 64-64-64-64 49.20+£0.70 64.70 +0.70 - -
PrototypicalNet[168] 64-64-64-64 4942 +0.78 68.20+0.66 53.31+0.89 72.69+0.74
TAML[75] 64-64-64-64  51.77+1.86 66.05+0.85 - -
SAML][61] 64-64-64-64 5222 + N/A  66.49 + N/A - -
GCR[92] 64-64-64-64 5321+£0.80 72.34+0.64 - -
KTNI[147] 64-64-64-64 54.61 £0.80 71.21 £0.66 - -
PARN[195] 64-64-64-64 5522 +0.84 71.55%0.66 - -
Dynamic[53] 64-64-128-128 56.20+0.86 73.00 £ 0.64 - -
RelationNet[175] 64-64-128-256 5044 +£0.82 65.32+0.70 5448+0.93 71.32+0.78
R2D2[6] 96-192-384-512 51.20+£0.60 68.80+0.10 - -
SNAIL[132] ResNet-12 5571 £0.99 68.88 +0.92 - -
AdaResNet[135] ResNet-12 56.88 £0.62 71.94 +£0.57 - -
TADAM[143] ResNet-12 58.50 +£0.30 76.70 £0.30 - -
Shot-Free[155] ResNet-12 59.04 £ N/A T77.64+N/A 63.52+£N/A 8259 +N/A
TEWAM][150] ResNet-12 60.07 £+ N/A  75.90 £ N/A - -
MTL[173] ResNet-12 61.20+1.80 75.50 £0.80 - -
AM3[106] ResNet-12 6521 +£049 7520+£036 67.23+0.34 78.95+0.22
Neg-Cosine[200] ResNet-12 63.85+0.81 81.57+0.56 - -
Variation FSL[225] ResNet-12 61.23+0.26 77.69+0.17 - -
MetaOptNet[91] ResNet-12 62.64+£0.61 78.63+046 6599+0.72 81.56+0.53
Diversity[41] ResNet-18 59.48 £0.65 75.62+0.48 - -
Fine-tuning[35] WRN-28-10 57.73+0.62 78.17+£049 66.58+£0.70 85.55+0.48
LEO-trainval[161] WRN-28-10 61.76 £0.08 77.59+0.12 66.33+£0.05 81.44+0.09
Distillation[179] ResNet-12 64.82+0.60 82.14+043 71.52+0.69 86.03 £0.49
DSN-MR[166] ResNet-12 64.60+£0.72 79.51£050 67.39+0.82 82.85+0.56
DeepEMD[219] ResNet-12 6591 +£0.82 8241+£056 71.16+0.87 86.03 +0.58
FEAT[215] ResNet-12 66.78 £0.20 82.05+0.14 70.80+0.23 84.79+0.16
TFH w/ Finetune[89] ResNet-18 65.07+0.82 80.81 £0.61 - -
DC w/ Sampling[210] WRN-28-10 68.57+0.55 82.88+042 78.19+0.25 89.90 +0.41
CPLAE[51] ResNet-12 67.46+044 83.22+029 7223+0.50 87.35+0.34
DP (ours) ResNet-12 67.82+0.65 82.83+046 7537+0.52 87.45+045
DP (ours) ResNet-18 68.04 £0.60 83.17+0.48 75.86+0.55 88.04+0.49
DP (ours) WRN-28-10 69.06 +0.54 83.58+0.42 76.62+0.54 89.36+0.48
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3.4.10 Ablation Study

In this subsection, we conduct more experiments to further analyse our method
with very related methods and evaluate the effects of different modules and hyper-
parameters setting in our method. For fair comparison, the following results are all
evaluated on novel tasks sampled from minilmageNet dataset, while the pre-trained
backbone is WRN-28-10 network with rotation prediction as auxiliary task. It is
believed that, the other CNN backbones share similar performance trend.

A. Effect of hyper-parameter /N while training:

As we mentioned above, to further improve the performance on novel classes,
we adapt meta-learning strategy to train the distribution predictor. More specificity,
we randomly sample NN, base classes for training and select N = 5 classes from
novel dataset to evaluation the few-shot ability of proposed model. The number of
N, in each training episodic can effect the final results as we shown in Table 3.6.
We find that 25-way training episodes for 5-way 1-shot setting and 20-way training
episodes for 5-way 5-shot setting can achieve better performances. As it shown that
training with harder classification tasks could be helpful to force the target model to
learn to distinguish more complex categories boundaries which can further improve
both generalization and discriminative ability while testing on novel classes. We
figure that different combinations of base classes can encourage our model to update
parameters with a more general direction, however, too many categories contain both
more information and noise may hinder the model to find a local solution in each
episodic.

TABLE 3.6. Comparison with different combined meta-classifiers.

N, 5-way 1-shot 5-way S-shot

5 6574+£0.66 85.03+042
10 66.83+0.60 85.26+0.44
15 67.03+0.56 85.38+0.41
20 6791 +0.55 85.58+0.42
25 69.06+0.54 8549+041
30 69.03+0.54 85.53+0.44

B. Effect of using average function while obtaining class-wise feature distribu-
tions: To further improve the classification performance, we combine our methods
with traditional augmentation operations, such as color jittering, flip, clip, as pre-
vious works did. Therefore, we have two options to obtain class-wise distribution
while calculating the solution of our approximated ridge regression classifier. The
details are as follows:

I. Calculate the solution W via each predicted distributions from all training sam-
ples directly:

Wa = (5 20 () ()" + diag(o®(a;)) + AL) ™!

(), (@), oo, p(xn )] 7Y, (3.16)
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where N K is the number of samples in support set while training.
I1. Before calculating the solution of approximated meta-classifier, applying av-
erage function on mean and variant vectors at first:

1 ;
i = EZ%’ (3.17)

K
1
52 = = > (67);. (3.18)
J
Then the VW can be formulated as:

Wp = (& 327 (A + diag(67%) + )~

L _ (3.19)
[,ula H2, ey ,UC]TK

where /V is the number of categories in each meta-task. The comparison of using W;
and W5 has reported in Table 3.7. It shows that considering each sample individually
can achieve improvement slightly especially in 1-shot situation due to it can provide
more information and benefits the target model adapt to various representations of
each class.

TABLE 3.7. Quantitative comparison of computing W via different
ways

option 5-way 1-shot 5-way 5-shot
I 69.06 £ 0.54 86.58 £+ 0.42
II 68.18 £0.49 86.45+0.40

C. Effect of hyper-parameter 3, of objective function : Table 3.8 shows that
adding the last classification loss item in Equation 3.15 with an appropriate weight is
helpful to better generalize to novel classes. It constrains the meta-classifier should
not only regress truth class-wise distribution but also complete few-shot learning task
and focus on categorize correctly. However, a large weight 5, = 0.1 encourages to
recognize base samples while training but hinders the convergence on real mean an
variance. Note that we set 51 = 1 due to ensure that mean loss and variance loss are
of the same order of magnitude.

TABLE 3.8. Quantitative comparison of the effect of 35

B1 B2 S-way l-shot 5-way S-shot
1 0 74.15+0.81 8543+0.54
1 0.01 75.72+0.68 86.53 +0.49
I 01 7262+£0.70 84.46+0.48

D. Effect of hyper-parameter A when solving the closed-form of Ridge Regres-
sion Classifier: As we described in Subsection 3.3.3, there is a weighted identity
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FIGURE 3.6. Quantitative comparison of the effect of A in the Ridge

Regression classifier during the training and meta-testing stages. Note

that )\’ in the legend represents the value set during the distribution
learning stage. The symbol * denotes the best performance.

matrix when deriving the solution. It plays an important role in both training stage
and meta-testing stage. Figure 3.6 detailed illustrates the impact of hyper-parameters
A setting. As result, it performances best when the value is set to 1.
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3.5 Conclusion

In this section, we propose a novel paradigm to generalize class-wise distribution
learning instead of modeling data generation from base classes to novel classes and
develop a simple but strong baseline. In addition, we redefine a simplified distri-
bution format and propose the mathematical approximated implementation of Ridge
Regression as meta-classifier. To evaluate the effectiveness of our proposed method,
we conduct extensive quantitative comparisons with state-of-the-arts and recombine
closely related methods. To display our improvement intuitively, we further plot t-
SNE visualization results that show our work can refine data distribution effectively,
especially at the 1-shot situation.

The future work can be improved from many respects: (1) Exploring specific net-
work architecture and objective function to generalize distribution more effectively.
(2) In this work, we predict distribution via images including target and background,
will distribution learning performs better only via the pixels of correlated objects?
(3) Investigating distribution learning from a larger pre-trained networks even cross-
domain models. Our method is an exploration of few-shot classification via distri-
bution learning, we believe that it will be a potential solution in further study and
transfer to other few-shot tasks, like segmentation, detection and semi-supervised
learning setting tasks.
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Chapter 4

Towards Adapting CLIP for
Zero-shot Semantic Segmentation

4.1 Introduction

In recent advancements, CLIP has been applied to pixel-level zero-shot learning tasks
through a two-stage scheme. This approach involves generating class-agnostic region
proposals and then feeding the cropped regions into CLIP to leverage its image-level
zero-shot classification capabilities. While effective, this method necessitates two
image encoders—one for proposal generation and another for CLIP—resulting in a
complex pipeline and increased computational cost.

To address these challenges, we propose a simpler and more efficient one-stage
solution that extends CLIP’s zero-shot prediction capability directly from image to
pixel level. Our baseline approach generates semantic masks by comparing the simi-
larity between text and patch embeddings extracted from CLIP. However, this method
tends to overfit seen classes, hindering generalization to unseen classes.

To mitigate this issue, we introduce three key designs:

Deep Prompt Tuning (DPT): Instead of fine-tuning the entire CLIP model, we em-
ploy prompt tuning, which adjusts only the input prompts while keeping the model
parameters fixed. This strategy preserves CLIP’s inherent zero-shot capabilities and
enhances generalization to unseen classes.

Non-mutually Exclusive Loss (NEL): Traditional cross-entropy loss assumes mu-
tually exclusive classes, which can be restrictive in zero-shot settings. NEL allows
for overlapping class probabilities, enabling the model to better handle ambiguous or
novel classes.

Relationship Descriptor (RD): We incorporate additional textual descriptors that
capture relationships between classes. This provides contextual information, aiding
the model in distinguishing between similar classes and improving segmentation ac-
curacy.

Integrating these designs results in ZegCLIP, an efficient zero-shot semantic seg-
mentation system. Extensive experiments on three public benchmarks demonstrate
that ZegCLIP outperforms state-of-the-art methods by a significant margin in both
"inductive" and "transductive" zero-shot settings. Moreover, compared to the two-
stage approach, our one-stage ZegCLIP achieves approximately five times faster in-
ference speed.
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4.2 Background

Semantic segmentation is one of the fundamental tasks in the computer vision field,
which aims to predict the category of each pixel of an image [21, 44, 128, 183]. Ex-
tensive works have been proposed [25, 108, 121], e.g., Fully Convolutional Networks
[120], U-net [159], DeepLab family [13—15] and more recently Vision Transformer
based methods [58, 228, 236]. However, the success of the deep semantic segmenta-
tion models heavily relies on the availability of a large amount of annotated training
images, which involves a substantial amount of labor. This gives rise to a surging in-
terest in low-supervision-based semantic segmentation approaches, including semi-
supervised [21], weakly-supervised [204], few-shot [198], and zero-shot semantic
segmentation[10, 146, 197].

Among them, zero-shot semantic segmentation is particularly challenging and
attractive since it is required to directly produce the semantic segmentation results
based on the semantic description of a given class. Recently, the pre-trained vision-
language model CLIP [152] has been adopted into various dense prediction tasks,
such as referring segmentation [192], semantic segmentation [144], and detection
[42]. It also offers a new paradigm and has made a breakthrough for zero-shot se-
mantic segmentation. Initially built for matching text and images, CLIP has demon-
strated a remarkable capability for image-level zero-shot classification.

However, zsseg [207] and Zegformer[36] follow the common strategy that needs
two-stage processing that first generates region proposals and then feeds the cropped
regions to CLIP for zero-shot classification. Such a strategy requires two image en-
coding processes, one for generating proposals and one for encoding each proposal
via CLIP. This design creates additional computational overhead and cannot lever-
age the knowledge of the CLIP encoder at the proposal generation stage. Besides,
MaskCLIP+[232] utilizes CLIP to generate pseudo labels of novel classes for self-
training but will be invalid if the unseen class names in inference are unknown in the
training stage (“inductive” zero-shot setting).

This paper pursues simplifying the pipeline by directly extending the zero-shot
capability of CLIP from image-level to pixel-level. The basic idea of our method is
straightforward: we use a lightweight decoder to match the text prompts against the
local embeddings extracted from CLIP, which could be achieved via the self-attention
mechanism in a transformer-based structure. We train the vanilla decoder and fix or
fine-tune the CLIP image encoder on a dataset containing pixel-level annotations
from a limited number of classes, expecting the text-patch matching capability can
generalize to unseen classes. Unfortunately, this basic version tends to overfit the
training set: while the segmentation results for seen classes generally improve, the
model fails to produce reasonable segments on unseen classes. Surprisingly, we
discover such an overfitting issue can be dramatically alleviated by incorporating
three modified design choices and report the quantitative improvements in Figure 4.1.
The key designs in our proposed method include: using deep prompt tuning (DPT),
applying non-mutually exclusive loss (NEL) and introducing relationship descriptor
(RD).

The motivation behind these designs is to address specific limitations observed in
the baseline approach. DPT aims to prevent overfitting to seen classes by maintain-
ing the model’s zero-shot capabilities, thereby improving generalization to unseen
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TABLE 4.1. Differences between our approach and related zero-shot
semantic segmentation methods based on CLIP.
Need an extra  CLIP as animage  Can do
Methods image encoder?  -level classifier?  inductive?
zsseg[207] v v v
ZegFormer[36] v v v
MaskCLIP+[232] v X X
ZegCLIP (Ours) X X v
100 | = Seen Unseen| 89.9 91.9
80 g4 76.5 75.9 77.8
g 60
)
2 4 40.4
S 28.3
20 16.3 13.8
0 Fix A\ 'l 1'd 'l
ine- e- oD S\ oD
Base\‘“ el geln gl g\ 1P)
X

FIGURE 4.1. Quantitative improvements achieved by our proposed
designs on VOC dataset. (1)(2) represents our one-stage Baseline
model of different versions (Fix or Fine-Tune CLIP image encoder),
while (3)-(5) shows the effectiveness of applying our proposed de-
signs, i.e., Deep Prompt Tuning (DPT), Non-mutually Exclusive
Loss (NEL), Relationship Descriptor (RD), on baseline model step
by step. We highlight that our designs can dramatically increase the
segmentation performance on unseen classes.

classes. NEL addresses the restrictive nature of traditional loss functions in zero-
shot settings, allowing the model to accommodate overlapping class probabilities
and better handle novel classes. RD provides contextual information that helps the
model distinguish between similar classes, enhancing segmentation accuracy.

By incorporating those three designs into our one-stage baseline, we create a
simple-but-effective zero-shot semantic segmentation model named ZegCLIP. Ta-
ble 4.1 summarizes the differences between our proposed method and existing ap-
proaches based on CLIP. More details can be found in Appendix. We conduct exten-
sive experiments on three public datasets and show that our method outperforms the
state-of-the-art methods by a large margin in both the “inductive” and “transductive”
settings.
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4.3 Method

4.3.1 Problem Formulation

Our proposed method follows the generalized zero-shot semantic segmentation (GZLSS)
[197], which requires to segment both seen classes C* and unseen classes C* after
only training on a dataset with pixel-annotations of seen part. In the training stage,
the model generates per-pixel classification results from the semantic description of

all seen classes. In the testing stage, the model is expected to produce segmentation
results for both known and novel classes. Note that C* N C* = © and the labels

of C* are unavailable while training. The key problem of zero-shot segmentation is
that merely training on seen classes inevitably leads to overbias on known categories
while inference.

Annotations of seen classes
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FIGURE 4.2. Overall of our proposed ZegCLIP. Our method modi-
fies a One-Stage Baseline framework of matching text and patch em-
beddings from CLIP to generate semantic masks. The key contribu-
tion of our work is three simple-but-effective designs (labeled as the
red circles 1,2,3 in the figure). Incorporating these three designs into
our proposed one-stage baseline framework can upgrade the poorly
performed baseline method to a strong zero-shot segmentation model.

This naturally corresponds to the “inductive” zero-shot segmentation setting, in
which both unseen class names and images are not accessible during training. Be-
sides “inductive” zero-shot segmentation, there is a “transductive” zero-shot learning
setting, which assumes that the names of unseen classes are known before the testing
stage. They [59, 232] suppose that the training images include the unseen objects,
and only ground truth masks for these regions are not available. Our method can
easily be extended to both settings and achieve excellent performance.
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4.3.2 Baseline: One-stage Text-Patch Matching

As the large-scale pre-trained model CLIP shows impressive zero-shot classification
ability, recent methods explore applying CLIP to zero-shot segmentation by propos-
ing a two-stage paradigm. In stage 1, they train a class-agnostic generator and then
leverage CLIP as a zero-shot image-level classifier by matching the similarity be-
tween text embeddings and [cls] token of each proposal in stage 2. While effective,
such a design requires two image encoding processes and brings expensive compu-
tational overhead.

To simplify the two-stage pipeline when adapting CLIP to zero-shot semantic
segmentation, in this work, we aim to cope with the critical problem that how to
transfer CLIP’s powerful generalization capability from image to pixel level classi-
fication effectively. Motivated by the observation of recent work [232] that the text
embedding can be implicitly matchable to patch-level image embeddings, we build a
one-stage baseline by adding a vanilla light-weight transformer as a decoder inspired
by [39, 218]. Then we formulate semantic segmentation as a matching problem be-
tween a representative class query and the image patch features.

Formally, let’s denote the C' class embeddings as T = [t!,t2,...,t¢] € RE*,
with d is the feature dimension of CLIP model, t’ representing the ith class, and the
N patch tokens of an image as H = [hy, hy, ..., hy] € RV*? with h; denoting the
jth patch.

Then we apply linear projections ¢ to generate Q(query), K(key) and V (value)

- Q = ¢,(T) € R
K = ¢,.(H) €e RV*V = ¢, (H) € RV*4,

The semantic masks could be calculated by the scaled dot-product attention which is
the intermediate product of the multi-head attention model (MHA):

QK"
Vi

where 1/d}, is the dimension of the keys as a scaling factor, and the final segmentation
results are obtained by applying the Argmax operation on the class dimension of
Masks. The detailed architecture of the decoder has been shown on the right of
Figure 4.3, which consists of three layers of transformers.

How to update the CLIP image encoder: The patch feature representation is gen-
erated by the CLIP image encode. How to update the CLIP image encoder, e.g., how
to calculate H, is an important factor. In our baseline approaches, we consider H
is obtained from a parameter fixed CLIP or a parameter tunable CLIP, denoted as
Baseline-Fix and Baseline-FT separately. Later in SubSection 4.3.3, we will discuss
Deep Prompt Tuning (DPT), which turns out to be a better way to adapt the CLIP for
zero-shot segmentation.

How to train the segmentation model: To properly train the decoder and (option-
ally) the CLIP model, we apply the commonly used softmax operator to convert the
logits calculate from Equation 5.10 to the posterior probability. Exclusive Loss (EL)
like Cross-entropy is then used as the objective function. Later in SubSection 4.3.4,
we will point out this seemly straightforward strategy can be potentially harmful for
generalization.

(4.1)

Masks = e ROV, (4.2)
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FIGURE 4.3. The detailed architecture of text-path matching decoder.

Design of query embedding T: The query embeddings T are the key to our ap-
proach. In our baseline model, we use the embeddings from the CLIP text encoder.
However, as will be pointed out in SubSection 4.4.6, such a choice might cause se-
vere overfitting and we propose a relationship descriptor by using the relationship
between text and image token as class queries. In SubSection 4.4.6-A, we further
explore other choices of T'. Please refer to the relevant sections for more details.

As shown in Figure 4.1-(1)(2), Table 4.6 and Table 4.7, our baseline model turns
out to perform poorly in practice, especially for the unseen classes. It seems that
the model overfits severely to the seen classes and forgets the zero-shot learning ca-
pability of CLIP during training. Fortunately, we identify three simple-but-effective
designs that can dramatically alleviate this issue, as will be described in the subse-
quent sections.

4.3.3 Design 1: Deep Prompt Tuning (DPT)

The first design modification is to use deep prompt tuning (DPT) [233] for the CLIP
backbone rather than fine-tuning CLIP. Prompt tuning [201] is a recently proposed
scheme for adapting a pre-trained transformer model to a target domain. It has be-
come a competitive alternative to fine-tuning in the transfer learning setting [77]. In
this work, we explore deep prompt tuning to adapt CLIP for zero-shot image seg-
mentation. Prompt tuning fixes the original parameters of CLIP and adds learnable
prompt tokens as additional input for each layer. Since the zero-shot segmentation
model is trained on a limited number of seen classes, directly fine-tuning the model
tends to overfit the seen classes as the model parameters are adjusted to optimize the
loss only for the seen classes. Consequently, knowledge learned for vision concepts
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FIGURE 4.4. The architecture of deep prompt tuning.

unseen from the training set might be discarded in fine-tuning. Prompt tuning could
potentially alleviate this issue since the original parameters are intact during training.

Formally, we denote the input embeddings from the [-th MHA module of the ViT-
based image encoder in CLIP as {g’, h}, h},--- h%}, where g denotes the [CLS]
token embedding and H' = {h}, h},---  h’ } denotes the image patch embeddings.
Deep prompt tuning appends learnable tokens P! = {p},pl,--- ,p},} to the above
token sequence in each ViT layer of CLIP image encoder. Then the [-th MHA module
process the input token as:

', _ H = Layer'([g"", P"", H"™), (4.3)
where the output embeddings of {p}, - - , pl,} are discarded (denoted as _) and will
not feed into the next layer. Therefore, {p},p},- - ,ph,} merely act as a set of

learnable parameters to adapt the MHA model.

As shown in Figure 4.1-(3), Table 4.6 and Table 4.7, compared with fine-tuning,
deep prompt tuning on CLIP image encoder can achieve similar performance on seen
classes but improve the segmentation results on unseen significantly.

4.3.4 Design 2: Non-mutually Exclusive Loss (NEL)

The general practice of semantic segmentation models treats it as a per-pixel multi-
way classification problem, and Softmax operation is used to calculate the posterior
probability, followed by using mutually Exclusive Loss (EL) like Cross Entropy as
the loss function. However, Softmax essentially assumes a mutually exclusive re-
lationship between the to-be-classified classes: a pixel has to belong to one of the
classes of interest. Thus only the relative strength of logits, i.e., the ratio of logits,
matters for posterior probability calculation. However, when applying the model to
unseen classes, the class space will be different from the training scenario, making
the logit of an unseen class poorly calibrated with the other unseen classes.

To handle this issue, we suggest avoiding the mutual-exclusive mechanism dur-
ing training time and using Non-mutually Exclusive Loss (NEL), more specifically,
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Sigmoid and Binary Cross Entropy (BCE) loss to ensure the segmentation result for
each class is independently generated. In addition, we use the focal loss [104] vari-
ation of the BCE loss and combine it with an extra dice loss [129, 231] as previous
work [26]:

1 hw

Lrocr = —7— ) (1= 4:)" x glog(ys) + 7 x (1= G)log(1 =), (44)
=1
2 1J1
Laen =1 - 2 U0 = 4.5)
Zz lyz +Zz 1 7
L=a-Leocar + B : Ldice7 (4.6)

where v = 2 balances hard and easy samples and {«, 5} are coefficients to com-
bine focal loss and dice loss. As shown in Figure 4.1-(4), Table 4.6 and Table 4.7,
compared with CE, BCE performs better on unseen classes, and the focal loss and
dice loss on BCE [26] boost the performance furthermore as demonstrated in Sub-
Section 4.4.6-C.

4.3.5 Design 3: Relationship Descriptor (RD)

In the above design, the class embeddings extracted from the CLIP text encoder will
match against the patch embeddings from the CLIP image encoder in the decoder
head. While being quite intuitive, we find this design could lead to severe overfitting.
We postulate that this is because the matching capability between the text query and
image patterns is only trained on the seen-class datasets.

This motivates us to incorporate the matching capability learned from the origi-
nal CLIP training into the transformer decoder. Specifically, we noticed that CLIP
calculates the matching score between a text prompt and an image by

d d
t¢lg = szgj = Z 7S, 4.7)
J J

where t© € R? denotes a text embedding for the cth class and ¢; is its j-th di-
mension; g is the image embedding ([cls] token); ri = t5g;. We postulate that
r¢ = [r§,r5,- -+, 9] characterizes how the image and text, i.e., the text prompt for
representing class c, are matched, and call it text-image Relationship Descriptor
(RD) denoted as R € R®*? for all C classes in this work. Then we concatenate
RDs with the original text embedding T € R®*¢ as image-specific text queries
T = {£!,%2, ..., £} € RO for the transformer decoder. Specifically, with this
scheme, the input text query of transformer decoder for each class becomes:

t = concat[r, t] = concat[t © g, t], (4.8)

where © is the Hadamard product. Note that we apply learnable linear projection
layers on both T and H to make them have the same feature dimension.
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We compare the effectiveness of applying the relationship description shown in
Figure 4.1-(5) as well as in Table 4.6 and Table 4.7. As seen, it can dramatically
improve the segmentation results on both seen and unseen categories. In SubSec-
tion 4.4.6-A, we further discuss the effect of using different combination formats of
element-wise operations for text-image matching in the relationship descriptor and
text queries T.

4.4 Experiments

4.4.1 Datasets

To evaluate the effectiveness of our proposed method, we conducted extensive exper-
iments on three public benchmark datasets, including PASCAL VOC 2012, COCO-
Stuff 164K, and PASCAL Context. The unseen classes of each dataset are shown in
the Appendix A according to previous works [36, 59, 207, 232]. The details of the
datasets are elaborated as follows:

PASCAL VOC 2012 contains 10,582 augmented images for training and 1,449 for
validation. We also ignore the “background” category and use 15 classes as the seen
part and 5 classes as the unseen part.

COCO-Stuff 164K is a large-scale dataset that contains 171 categories with 118,287
images for training and 5,000 for testing. The whole dataset is divided into 156 seen
classes and 15 unseen classes.

PASCAL Context includes 60 classes with 4,996 for training and 5,104 for testing.
The dataset is divided into 50 known classes (including “background”) and the rest
10 classes as used as unseen classes in the test set.

4.4.2 Evaluation Metrics

Following previous works, we measure pixel-wise classification accuracy (pAcc)
and the mean of class-wise intersection over union (mloU) on both seen and un-
seen classes, denoted as mIoU(S) and mIoU (U), respectively. We also evaluate the
harmonic mean IoU (h/oU) among seen and unseen classes, which is formulated as:

2« mlIoU(S) * mloU(U)
mlIoU(S)+mloU(U) ’

hIoU = (4.9)

4.4.3 Implementation Details

Our proposed method is implemented based on the open-source toolbox MMSeg-
mentation[30] with PyTorch 1.10.1. All experiments we provided are based on the
pre-trained CLIP ViT-B/16 model and conducted on 4 Tesla V100 GPUs, and the
batch size is set to 16 with 512x512 as the resolution of images. For “inductive”
zero-shot learning, the total training iterations are 20K for PASCAL VOC 2012, 40K
for PASCAL Context, and 80K for COCO-Stuff 164K. In the “transductive” setting,
we train our ZegCLIP model on seen classes in the first half of training iterations
and then apply self-training via generating pseudo labels in the rest of iterations. The
optimizer is set to AdamW with the default training schedule in the MMSeg toolbox.
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4.4.4 Comparison with State-of-the-art methods

To demonstrate the effectiveness of our method, the evaluation results compared with
previous state-of-the-art methods are reported in Table 4.2. We also provide the fully
supervised learning results as the upper bound to show the performance gap between
fully-supervised segmentation and zero-shot segmentation results on unseen classes.
The qualitative results on COCO-Stuff 164K are shown in Figure 4.5 and more visu-
alization results are provided in Appendix C. The detailed difference between previ-
ous two-stage and one-stage are demonstrated in Appendix D.
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TABLE 4.3. Efficiency comparison with different metrics. All models
are evaluated on a single 1080Ti GPU. #Params represents the number
of learnable parameters in the whole framework.

Datasets Methods #Params(M) | Flops(G) | FPS 1
VOC ZegFormer[36] 60.3 1829.3 1.7
ZegCLIP 13.8 1104 9.0
ZegFormer[36] 60.3 1875.1 1.5
COco ZegCLIP 14.6 123.9 6.7

From Table 4.2, we can see that our proposed method achieves significant perfor-
mance under the “inductive” setting and outperforms previous works, especially for
unseen classes. This clearly demonstrates the superior generalization capability of
our method over the previous approaches. In addition, we also find our approach ex-
cels in the “transductive” setting, although our method is not specifically designed for
that setting. As seen, our model dramatically improves the performance on unseen
classes while maintaining excellent performance on seen part after self-training.

Figure 4.5 shows the segmentation results of the Baseline-Fix version and our
proposed ZegCLIP on seen and unseen classes. After applying our designs, Zeg-
CLIP shows impressive segmentation ability on both seen and unseen classes and
can clearly distinguish similar unseen categories, for example, the unseen “tree”,
“grass” and “playingfield” categories in (1).

In addition, to demonstrate the efficiency of our proposed method, we com-
pare the number of learnable parameters and inference speed between our one-stage
ZegCLIP and typical two-stage method Zegformer[36] in Table 4.3. Our proposed
method achieves significant performance while only requiring approximately 14M
learnable parameters with 117 Flops(G) on average which is only 23% and 6% of
[36], respectively. In terms of frames Per Second (FPS), our method can achieve a
speedup of about 5 times faster during inference compared with two-stage method.

4.4.5 Transfer Zero-shot model to Open-Vocabulary Semantic Seg-
mentation

To further demonstrate the effectiveness of our method, we also conduct our zero-
shot method in a similar open-vocabulary setting where the model is pre-trained on
COCO-Stuff with 171 classes and then conducted extensive experiments on five pub-
lic benchmark datasets, and the details are elaborated as follows:

PASCAL VOC 2012 contains 10,582 augmented images for training and 1,449 for
validation. Following previous works [52, 102], we also ignore the “background”
category.

PASCAL Context-59 includes 59 classes (exclude “background” category) with
4,996 images for training and 5,104 for testing.

PASCAL Context-459 is a challenging dataset for open-vocabulary segmentation
which has the same training and testing images as PASCAL Context-59 but annotated
with fine-grained 459 classes.

ADE20K-150 is also widely used in open-vocabulary that contains 150 categories
with 20,210 images for training and 2,000 for testing.
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FIGURE 4.5. Qualitative results on COCO-Stuff 164K. (a) are the
original testing images; (b) represent the performance of our proposed
one-stage baseline (fine-tuning the image encoder); (c) are the visu-
alization results of our proposed ZegCLIP; (d) are the ground truths
of each image. Note that the white and tags represent seen and

unseen classes separately.

ADE20K-847 is the most challenging open-vocabulary dataset that has the same
images as ADE20K-150K but has 847 annotated categories.

We apply the pre-trained model of the source dataset via supervised learning on

seen classes and evaluate the segmentation results on both seen and unseen classes
of target datasets. Our method shows better cross-domain generalization capability
compared with previous methods. From Table 4.4 we can see that our proposed
method can also achieve impressive improvement. We also provide the visualization
results on the most challenging open-vocabulary dataset ADE20k with 847 classes
in Figures 4.6.
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4.4.6 Ablation Study

A. Effect of different formats of text query t

In this work, we propose an important design called Relationship Descriptor (RD)
as described in SubSection 4.3.5. In this module, we combine the queried text em-
beddings T with image [cls] token g extract from CLIP to generate text-image de-
scription T before feeding the queries into the segment decoder. Such image-specific
queries can dramatically improve the zero-shot segmentation performance on unseen
classes. To further explore the effect of different element-wise operations in the rela-
tionship descriptor, we conduct various formats of T on VOC and report the results
in Table 4.5. For the image-specific text query of each class t, it can be formulated
as shown in the second column.

We can see, the dot product and the absolute difference between text embed-
ding t and [cls] token g can provide more general information, but the sum and
concatenate operations perform poorly on both seen and unseen classes. This is un-
derstandable since dot product and absolute difference characterize the relationship
between the image and text encoding, which is in line with the interpretation made
in SubSection 4.3.5. The red line in Table 4.5 is the format of t we finally chose in
our ZegCLIP model.

TABLE 4.5. Effect of different formats of text queries £.

dim format of t | pAcc mloU(S) mloU(U) hloU
t 86.8 89.5 33.7 49.0

tog 93.1 90.2 68.4 77.8

512 It-gl 92.4 90.6 64.2 75.1
t-g 88.7 87.9 46.5 60.8

t+g 82.2 89.9 13.9 24.1

[t, g] 88.9 88.8 39.3 54.5

[tog, t] 94.6 91.9 77.8 84.3

512%2 [It-gl, t] 90.9 91.5 54.2 68.1
[tog, t+g] 88.3 90.0 38.0 534

[t+g, t] 82.8 89.4 20.7 33.6

[tog, It-gl] 94.1 91.2 73.9 81.6

512*%3 | [tog, It-gl, t] | 93.4 91.6 67.3 77.6

B. Detailed results of applying designs on baseline

To demonstrate the effectiveness of our proposed designs, we further report the
improvements of applying designs on our Baseline model in Table 4.6 and Table 4.7.
It shows that fixed CLIP (Baseline-Fix) with a learnable segment decoder fails to
achieve satisfactory performance on both seen and unseen classes due to weak image
representation for the dense prediction task. Meanwhile, fine-tuning CLIP (Baseline-
FT) performs better on seen classes but deteriorates on unseen classes dramatically. It
seems that the zero-shot transfer learning ability of CLIP is destroyed after updating
on seen classes.

Changing objective functions from mutual exclusive into Non-mutually Exclu-
sive Loss (NEL, Design 2) also leads to significant performance boost both in seen
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TABLE 4.6. Quantitative results on PASCAL VOC 2012 dataset to
demonstrate the effectiveness of our proposed three designs.

method PASCAL VOC 2012
pAcc mloU(S) mloU(U) hloU
Baseline-Fix 69.3 71.1 16.3 26.5
Baseline-Fix + NEL 85.5 85.2 36.6 51.2
Baseline-Fix + RD 86.0 82.5 46.6 59.6
Baseline-Fix + NEL + RD 89.6 83.3 66.4 73.9
Baseline-FT 77.3 76.5 13.8 23.4
Baseline-FT + NEL 83.8 84.1 27.5 41.4
Baseline-FT + RD 79.4 77.8 20.7 32.7
Baseline-FT + NEL + RD 89.6 90.2 42.4 57.7
Baseline-DPT 76.2 75.9 28.3 41.2
Baseline-DPT + NEL 89.2 89.9 40.4 55.7
Baseline-DPT + RD 85.5 81.0 55.2 65.7
Baseline-DPT + NEL + RD (ZegCLIP) | 94.6 91.9 77.8 84.3

and unseen scenarios. The most dramatic improvement comes from Relationship
Descriptor (RD, Design 3) which almost doubles the unseen performance in many
cases.

Finally, we noticed that Deep Prompt Tuning (DPT, Design 1) works well with
NEL (Design 2) and RD (Design 3). If we replace DPT by fine-tuning CLIP and
combine it with NEL and RD, the issue of overfitting seen classes remain.

In conclusion, our proposed method can ensure semantic segmentation perfor-
mance while maintaining the powerful ability of CLIP and achieving excellent per-
formance on seen and unseen classes simultaneously.

C. Effect of advanced loss function

As we described in Subsec 4.3.4, we propose that applying non-mutually exclu-
sive objective functions like using binary cross entropy (BCE) with sigmoid performs
better on zero-shot semantic segmentation. To better handle the imbalance problem
among categories, we further combine BCE with focal loss[104] and dice loss[98]
according to [26, 218] as Equation 4.6, and the results of applying such two versions
of the loss function, denoted as “plain” and “plus”, are reported separately in Ta-
ble 4.8. We can see that the “plus” loss function achieves better performance on both
seen and unseen classes on VOC, COCO, and Context datasets.

D. Generalization ability to other datasets

To further explore the generalization ability of our proposed method, we conduct
extra experiments in Table 4.9. We apply the pre-trained model of the source dataset
via supervised learning on seen classes and evaluate the segmentation results on both
seen and unseen classes of target datasets. Our method shows better cross-domain
generalization capability compared with the latest related work Zegformer which is
also based on the CLIP model.
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TABLE 4.7. Quantitative results on COCO dataset to demonstrate the
effectiveness of our proposed three designs.

method COCO-Stuff 164K
pAcc mloU(S) mlIoU(U) hloU
Baseline-Fix 333 17.1 154 16.2
Baseline-Fix + NEL 52.4 31.7 20.8 25.1
Baseline-Fix + RD 41.0 23.3 234 23.3
Baseline-Fix + NEL + RD 53.7 32.3 32.5 324
Baseline-FT 48.4 324 17.5 22.7
Baseline-FT + NEL 56.5 399 254 31.0
Baseline-FT + RD 54.0 39.6 22.4 28.6
Baseline-FT + NEL + RD 60.2 42.7 22.3 29.3
Baseline-DPT 39.0 22.5 17.5 19.7
Baseline-DPT + NEL 58.5 38.0 274 31.8
Baseline-DPT + RD 46.4 28.4 27.8 28.1
Baseline-DPT + NEL + RD (ZegCLIP) | 62.0 40.2 41.4 40.8

TABLE 4.8. Comparison of introducing advanced loss function. Note
that “plain” represents merely Binary Cross Entropy (BCE), while
“plus” means adding focal loss on BCE and dice loss

dataset | loss | pAcc mloU(S) mloU(U) hloU
plain | 93.4 89.7 73.6 80.9

voc plus | 94.6 91.9 77.8 84.3
plain | 59.8 38.8 39.0 38.9

coco plus | 62.0 40.2 41.4 40.8
Context plain | 75.3 43.5 50.0 46.5
plus | 76.2 46.0 54.6 49.9

E. Effect of the number of deep prompt tokens

We figure out that the best number of deep prompt tokens varies for different
datasets and the detailed results are shown in Figure 4.8. For the PASCAL VOC 2012
dataset (VOC) which contains fewer training samples and categories, 10 tokens are
enough to obtain significant performance on both seen and unseen classes. However,
for large-scale datasets, more deep prompts, i.e., 100 for COCO-Stuff 164K (COCO)
and 35 for PASCAL Context (Context), are beneficial to achieve better segmentation
performance. In general, the best number of deep prompt tokens increases with the
scale of the dataset and the complexity of the per-pixel classification task increases.
Meanwhile, using too many visual prompts may be detrimental to our model instead.

F. Effect of the depth of deep prompt tokens

Except that the number of deep prompt tokens can impact the performance of
zero-shot semantic segmentation, we also conduct extensive experiments on PAS-
CAL VOC 2012 (VOC) to explore the effect of inserting the learnable prompts in
different layers of the CLIP image encoder. The quantitative results are reported
in Table 4.10. For a better explanation, we number the total 12 vision transformer
layers in the CLIP image encoder from 1 (“bottom") to 12 (“top") and the layers of
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TABLE 4.9. Generalization ability to other datasets.

source | target method pAcc mloU mAcc
Zegformer[36] 56.8 36.1 64.0
Context ZegCLIP 609 412 684

*ZegCLIP+ST | 684  45.8 70.9
Zegformer[36] 92.8 85.6 92.7
vOC ZegCLIP 969 936 96.4
*ZegCLIP+ST | 97.2 94.1 96.7

COCO

TABLE 4.10. Effect of the depth of deep prompt tuning on VOC.

layer | pAcc mloU(S) mloU(U) hloU
1 914 87.5 67.8 76.4
1—3 91.7 86.7 70.2 77.6
1—6 92.7 87.8 75.3 81.1
1—9 933 88.9 72.4 79.8
1—-12 | 94.6 91.9 77.8 84.3
10—12 | 92.5 88.3 70.9 78.6
7—12 | 92.5 89.0 68.0 77.1
4—12 | 93.6 91.5 66.9 77.3

inserting prompts are as denoted in the first column of Table 4.10. We figure out
that adding prompt tokens on “bottom" layers generally tends to perform better than
on “top" layers. Meanwhile, inserting learnable prompt tokens in each ViT layer
(layer=1—12) achieves the best performance which is also the default setting in our
experiments.

G. Effect of single and multiple text templates

Following the training details of CLIP, we apply a single template “A photo of a
{}" on PASCAL VOC 2012 (VOC) and multiple templates (more details provided in
Appendix B) on large-scale datasets, i.e., COCO-Stuff 164K (COCO) and PASCAL
Context (Context), when obtaining the class embeddings from CLIP text encoder.
We provide the quantitative results of using single and multiple templates in Table
4.11 where we can see that multiple descriptions achieve reasonable improvements
on both two datasets.

TABLE 4.11. Comparison of using single and multiple templates on
COCO-Stuff 164K and PASCAL Context datasets.

dataset | template | pAcc mloU(S) mloU(U) hloU
single 614 39.5 40.6 40.0

coco multiple | 62.0 40.2 41.4 40.8
Context single 75.8 45.1 52.1 48.3
multiple | 76.2 46.0 54.6 49.9
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4.5 Conclusion

In this work, we propose an efficient one-stage straightforward zero-shot seman-
tic segmentation method based on the pre-trained vision-language CLIP. To transfer
the image-wise classification ability to dense prediction tasks while maintaining the
advanced zero-shot knowledge, we figure out three designs to achieve competitive
results on seen classes while extremely improving the performance on novel classes.
Our proposed method relay on text embeddings as queries that are very flexible to
cope with both “inductive” and “transductive” zero-shot settings. To demonstrate
the effectiveness of our method, we conduct extensive performance on three public
benchmark datasets and outperform previous state-of-the-art methods. Meanwhile,
our one-stage framework shows about 5 times faster compared with two-stage meth-
ods while inference. In general, our work explores how to leverage the pre-trained
vision-language model CLIP into semantic segmentation and successfully utilize its
zero-shot knowledge in downstream tasks which may provide inspiration for future
research.
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FIGURE 4.6. Visualization results of open-vocabulary segmentation
on the most challenging dataset ADE20k with 847 categories.
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FIGURE 4.7. Detailed performance on unseen classes of COCO
datasets. Note that “ST” represents self-training in “transductive” set-
ting.
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Chapter 5

Unlocking the Potential of
Pre-trained Vision Transformers for
Few-Shot Semantic Segmentation
through Relationship Descriptors

5.1 Introduction

The emergence of pre-trained vision transformers constitutes a pivotal advancement
within the computer vision field. The pioneering model ViT [39] demonstrated com-
petitive performance on various image classification tasks. Subsequent studies [11,
64, 142] introduced different pre-training tasks to improve the perception ability fur-
ther and widely applied on various downstream tasks. Unlike pre-trained ResNet
models [66] which are based on conventional convolutional neural networks, vision
transformers employ self-attention mechanisms to model global dependencies in im-
ages, affording them the capacity to hierarchically group semantically related visual
concepts [11]. This means that they can learn to recognize and understand complex
visual patterns by associating meaningful concepts within the image and enabling
the potential for dense semantic prediction. As shown in Figure 5.1, we visualize
that without further learning, the pre-trained transformer already has the capability
of group patches with similar semantic meanings together, which could be a valuable
property for segmentation tasks.

Few-shot semantic segmentation task aims to achieve precise segmentation of
novel classes with a limited number of examples. A common paradigm involves uti-
lizing a dedicated training dataset to acquire this capability. A pivotal obstacle in
this learning process lies in ensuring that the few-shot segmentation capability ex-
tends effectively to classes that were not encountered in the training set. Utilizing
pre-trained models, specifically pre-trained vision transformers, presents a promis-
ing avenue for mitigating this challenge. This is due to the fact that these pre-trained
models are typically trained on large-scale datasets, encompassing a diverse array of
visual concepts, even though their training is not specifically tailored for segmen-
tation tasks. Consequently, one might anticipate that by employing a segmentation
training dataset consisting of some base classes, it becomes possible for the few-shot
segmentation capability to generalize effectively to classes that were not included in
the training set.
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FIGURE 5.1. Visualized hidden (1) intra- and (2) cross- image match-
ing capability of pre-trained ViT-B/16 and ResNet50 based on Ima-
geNet. < p, H > denotes the cosine similarity between class-wise
prototypes p and local feature H of Image. Prototypes p represent the
average of embeddings belonging to the object-of-interest for each
image, for example, the “people” and “bicycle” object of the Image
in (1). It illuminates that the pre-trained transformer model has cer-
tain semantic grouping capabilities which may be helpful for few-shot
semantic segmentation.

Nonetheless, fine-tuning a pre-trained transformer directly with a decoder for
segmentation often results in significant overfitting to the base classes. This oc-
curs because the parameters introduced in the decoder, initially designed to produce
optimal segmentation results for base classes, tend to be solely optimized for base
class segmentation performance. This can lead to valuable knowledge about unseen
classes learned from the pre-trained transformer being overlooked during the train-
ing process. To mitigate this issue, our approach draws inspiration from the recently
introduced concept of a relationship descriptor (RD), originally developed for ex-
tending the CLIP model for zero-shot semantic segmentation. We adapt and refine
the design of the relationship descriptor construction to tailor it specifically for few-
shot semantic segmentation. Furthermore, we extend the construction of the RD to
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incorporate information from multiple layers. Building upon these adaptations, we
propose a few-shot semantic segmentation framework that is not only easy to im-
plement and train but also exhibits effective scalability with the number of support
examples and categories.
We carried out extensive experiments on two well-known datasets, namely PASCAL-

5% and COCO-20¢, to evaluate the effectiveness of our proposed method. The re-
sults demonstrate that our method successfully tackles the issue of overfitting to base
classes, and exhibits superior performance compared to state-of-the-art methods in
various settings: generalized (GFSS) and binary (FSS) few-shot semantic segmenta-
tion.

5.2 Background

5.2.1 Few-shot Semantic Segmentation

Few-shot Semantic Segmentation task aims to segment the object-of-interest in a
query image using only a few user-provided examples, where each example con-
sists of an image paired with its corresponding object mask. The ability to perform
few-shot segmentation is typically learned from a training set with well-annotated
examples from a set of “base” classes, denoted as CB. The challenge of few-shot
segmentation is how to ensure the model learned from “base” classes can be general-
ized to the novel classes during the test time. In the literature, there are two primary
settings for few-shot segmentation:

Binary Few-shot Semantic Segmentation (FSS): This conventional setting evalu-
ates the model exclusively on novel classes (C*, where C¥ N C? = ()) and often
focuses on object-background segmentation. The object mask only contains binary
values indicating the object’s presence.

Generalized Few-shot Semantic Segmentation (GFSS): The generalized setting
extends beyond the standard framework to better mirror real-world scenarios, neces-
sitating the recognition of both base and novel classes (C” U CV) as well as back-
ground within the same image. Also, this setting considers multiple object classes in
the support examples, which requires the FSS method to scale well with the number
of object categories.

5.2.2 Relationship Descriptor (RD) in ZegCLIP [234]

Recently, researchers have shown interest in adapting the image-level zero-shot clas-
sification ability of CLIP [152] model to the per-pixel prediction task, e.g., zero-shot
semantic segmentation [36, 207]. One work ZegCLIP [234] proposed a novel rela-
tionship descriptor module (RD) to sufficiently utilize the text-image matching ca-
pability learned during the CLIP pretraining stage and effectively alleviate the base
class overfitting problem. Specifically, the RD is the element-wise product between
the image encoder embedding from the [CLS] token and the text embedding from the
text encoder. Essentially, such a mechanism encodes the dimension-wise contribu-
tion to the image-text matching score calculated from a pre-trained CLIP model. It’s
important to note that the RD calculation takes place before applying any transforma-
tions to the text and image embeddings using newly introduced decoder parameters.
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FIGURE 5.2. Overall training framework of our proposed few-shot
semantic segmentation method.

This ensures that the matching capability of these embeddings is preserved, even for
classes that are not part of the base classes. Therefore, using RDs can potentially
alleviate the issue of overfitting to the based classes.

Our work is motivated by its effectiveness of leveraging the inherent matching
capability of CLIP to alleviate the overfiting-to-base-class issue, despite our method
not trying to leverage any text-image matching capability and needs a further adap-
tion and extension of the idea of RD for few-shot segmentation.

5.2.3 Semantic Grouping Capability in Pre-trained Vision Trans-
formers

Akin to the text-image matching capability of CLIP, the inherent capability we are in-
terested in utilizing is the semantic grouping capability in a pre-trained vision trans-
former. This capability is well demonstrated in Figure 5.1. We can see that even
before any fine-tuning, the patch embedding extracted from a pew-trained visual
transformer is similar to patches sharing the same semantic concept, i.e., the “per-
son” riding bicycle or the “bicycle”. In particular, we find this semantic grouping
capability is quite prominent for vision transformers than CNNs. This motivates us
to explore pre-trained vision transformers for few-shot segmentation tasks. The key
research problem in this work is thus how to extend the idea of RD to fully leverage
this semantic grouping capability to improve generalization.

5.3 Method

5.3.1 Few-shot Segmentation via Prototype Embeddings and Re-
lationship Descriptors
Without loss of generality, we can express a Few-shot Semantic Segmentation model

in the form of F'(I,,S), where I, represents the query image and S denotes the sup-
port set examples. To make the few-shot segmentation model scalable to the number
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Generator module.

of the classes and support set examples, recent work [181] advocates representing
each support example as a prototype embedding vector, with one vector per object
category. Specifically for one support image, we calculate the prototype embedding
for class c as:

¢ M°[i, j 5.1
p Z”MC”Z [i, j1H 5, (5.1)

where H; ; € R? is the patch embedding extracted from a pre-trained vision trans-
former and located at the (7, j) grid of the support image. MF€[s, j] is the value at
the corresponding mask for object category c. It can be either “1”” or “0”, indicating
foreground and background respectively. When there is more than one support ex-
ample, we simply average the prototype across all examples. Once support examples
are represented by P = [p!, p?, - - - , p°], predicting semantic masks is performed by
using a decoder F'(I,, P).

A straightforward idea to design F'(I,, P) is to use a matching function to com-
pare p© against patch embedding H; ;, producing how likely patch (¢, j) is compati-
ble with object category c and thus achieving semantic segmentation. However, this
naive idea often leads to overfitting the base classes in the training set.

As mentioned in [234], the matching function inevitably introduces new param-
eters for achieving good matching quality'. However, those newly introduced pa-
rameters are optimized solely for the existing base classes, potentially disregarding
valuable knowledge gained during the earlier transformer pretraining stage that could
be beneficial for novel classes. In our experiments, we indeed observe this issue if
we directly use prototypes to match patch embedding as shown in Table 5.3 and
Table 5.4. Thus motivated by [234], we use an RD-augmented decoder to perform
few-shot segmentation.

More specifically, the decoder consists of three transformer layers with a multi-
head cross-attention model. The overall architecture is shown in Figure C.1. The
transformer takes two types of inputs. The first one is the patch embedding from a
pre-trained vision transformer, denoted as H; and the second one is the concatena-
tion of the prototypes P and the relationship descriptor R which is derived from the
prototypes. The former will be used to produce the key and value vectors of the trans-
former and the latter will be used for producing the query vectors of the transformer.

'Note that in ZegCLIP, the matching process is between text embedding and patch embedding,
while in our case is matching between prototype and patch embedding.
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The final layer of attention, between the query for a given class and the patch embed-
dings, is then used to produce the segmentation mask for that particular class. The
high-level calculation can be written as M asks = Trans(¢([P, R]), p(H)), where
-] denotes concatenation and {¢, ¢} represent the projection layers on class queries
and patch features respectively. Please refer to [234] and Chapter 4 for more details
about the decoder design. For better comprehension, the complete pseudo code de-
tailing the training and inference processes of our unified framework is presented in
Appendix E.

5.3.2 Relationship Descriptors Design for Few-shot Segmentation

Unlike the ZegCLIP [234] model, which utilizes the inherent matching ability be-
tween image and text embeddings, the inherent matching capability we wish to lever-
age is on the matching between patch embeddings. This could further boil down to
the matching between a class prototype and patch embeddings in a query image.

First, we define a relationship descriptor for each patch that can be done by per-
forming an element-wise multiplication between a patch embedding and the class
prototype. Considering the potentially large number of patch embeddings and the
need to scale the method across multiple classes, it’s more efficient to consolidate
these relationship descriptors into a single descriptor per class. This consolidation
can be effectively done by placing greater emphasis on descriptors whose corre-
sponding patch embedding shows a higher matching score with the class prototype.
The approach to achieve this involves a weighted summation method, which priori-
tizes descriptors based on their matching scores:

exp(H{;p°/7)
2 XP(H, /7))

= Z o jH; ; ©p°, Qjj = (52)
.

where 7 is a temperature hyperparameter and is set to 0.1. H, ; ® p° € R? with
® denoting the elementwise product. HI ;P¢ is the inner product (a scalar) between
H, ; and p°, indicating how H, ; is related to class c. The final class-query procedure
based on relationship descriptor generation is detailed presented in Figure 5.3 and

the collection of relationship descriptor can be formulated as R = [r!, r? -+ 1.

5.3.3 Multi-layer Relationship Descriptors

Since semantic grouping capability exists in different layers of a vision transformer,
it is possible to extend the relationship descriptor definitions to multiple layers. We
use the [;th layer patch embeddings of query and support images to perform the
calculation in Equation 5.2. Similar augmentation can be made to patch embeddings
and prototypes. Specifically when multi-layer relationship descriptors are used, the
enriched class query of the decoder transformers are [P'', R, P2, Rl .. .] and the
mask is calculated via:
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tors from different transformer layers.

Masks = Trans (¢([P",R", P2, R>,..])

; (5.3)
@([Hh?HZQ’ o ]))

5.3.4 Training and Inference

Training algorithm: The aim of the training is to empower the network with the ca-
pability to conduct Few-Shot Semantic Segmentation using class prototypes derived
from the support examples. In this work, we adopt a simple yet effective training
procedure to learn the few-shot semantic segmentation capability from the training
set. Specifically, our method maintains C' prototypes for all objects that appear in the
training set and updates the prototype dynamically using a momentum-style update
equation:

p‘ <+ (1 —n) *pj +n*p°, (5.4)

where p© is the prototype embedding for the object in class c and p{ is the prototype
embedding calculated from the i-th image. n € [0, 1) is the momentum coefficient to
update parameters smoothly instead of learning linear classifiers as class-wise proto-
types in the previous GFSS methods [181]. Following [57, 65], we initialize 1 with
a relatively large value of 0.996 and increase 1 gradually with iteration up to 1.0.

At every training step, we utilize the up-to-date prototypes to compute RDs and
generate queries for the decoder transformer. It’s worth noting that because p° is
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dynamically updated, it effectively introduces variations in the prototypes since p°
will differ at each iteration.

Training loss: Following previous works [218, 234], we apply the combination of
the focal loss and dice loss to train the network, namely,

Emask =X Efocal(My Mgt) + B : ﬁdice(Ma Mgt)a (55)

where {\, 5} is set to 20.0 and 1.0 to balance two loss items.

Our training method avoids the episodic training strategy of traditional few-shot
learning and a pre-calculated prototype will be supplied at each training step, which
is akin to the standard fully-supervised semantic segmentation at each training step.
As shown in our experimental study, this method successfully adapts to both gener-
alized and traditional binary few-shot segmentation settings.

Learnable parameters: Following ZegCLIP [234], we fix the parameters of the
backbone vision transformer and introduce a few deep prompt tokens to make it adapt
to the segmentation task. So the to-be-trained parameters are only those learnable
deep prompts and the parameters in the transformer decoder.

Inference: In the context of Generalized Few-Shot Semantic Segmentation (GFSS),
the class-wise prototypes are momentum-updated by using the training samples from
the base classes. Meanwhile, we determine the prototypes for novel classes based on
the examples in the support set. In the binary FSS setting that focuses on distin-
guishing foreground from background, the representation of the background can be
achieved using prototypes from the designated background class, as well as proto-
types from base classes. This approach is adopted because, during the inference stage
in conventional FSS settings, base classes are treated as part of the background. More
details are provided in the Appendix.

It’s important to highlight that, in contrast to the techniques outlined in [60, 112,
113, 136], our approach has the capability to directly execute Generalized Few-Shot
Semantic Segmentation using the support set examples, without requiring any ad-
ditional fine-tuning on those examples. For a fair comparison, we also provide the
results after a fast update on learnable parameters on the few annotated novel support
set to further improve the performance.

5.4 Experiments

5.4.1 Datasets and Setup

To evaluate the effectiveness of our proposed method, we conducted extensive exper-
iments on two public benchmark datasets for GFSS and FSS settings: PASCAL-5'
and COCO-20°. The PASCAL-5' dataset is created from PASCAL VOC 2012 [43]
with additional annotations from SDS [62] and contains a total of 20 classes with an
extra “background" category. COCO-20° dataset is more difficult which is derived
from MSCOCO [105] and includes 80 categories with “background".

For a fair comparison, we followed the evaluation protocol used in [60, 112] and
divided the classes of each dataset into four non-overlapping folds. For each fold,
we considered the selected classes as the novel part (5 classes for PASCAL-5' and
20 classes for COCO-20%), while the remaining classes (15 for PASCAL-5¢ and 60
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for COCO-20%) were considered as base categories. In the training stage, we learn
the segmentation ability on the base dataset, and then randomly selected either 1 or
5 samples as support sets for each novel class. In the testing stage, we used the
original testing set which contains both base and novel classes for evaluation without
any pair-wise input in the generalized few-shot segmentation task. We randomly
selected different samples as the novel support set several times by controlling the
seeds, as done in [181]. The averaged results of each fold are provided in this work.

5.4.2 Evaluation Metrics

Following previous works, we measure pixel-wise classification accuracy (pAcc)
and the mean of class-wise intersection over union (mloU) on both base and novel
classes, denoted as mloU (B) and mIoU(N) respectively. We also evaluate the har-
monic mean of the IoU (hIoU) among base and novel classes which is formulated
as:

2« mlIoU(B)*mIoU(N)
mloU(B) + mlIoU(N)

hlioU = (5.6)

5.4.3 Implementation Details

Our proposed method is implemented based on the open-source toolbox MMSeg-
mentation [30] with PyTorch 1.10.1. All experiments we provided are based on the
pre-trained vision transformers with the ViT-B/16 architecture and conducted on 4
Tesla V100 GPUs. The batch size is set to 16 with 512x512 as the resolution of im-
ages. The total training iterations on base datasets are 10K for PASCAL-5° and 40K
for COCO-20%. The number of prompt tokens is set to 10 and 50 for PASCAL-5' and
COCO-20° according to [234]. During the testing stage, similar to prior works [60,
112], we perform quick adaptation by fine-tuning the learned parameters for 100 iter-
ations on PASCAL-5' and 400 iterations on COCO-20¢, respectively. The optimizer
is set to AdamW with the default training schedule in the MMSeg toolbox. Similar
to the architecture proposed in [218, 234], we employ three plain vision transformer
layers serving as the lightweight decoder network.
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TABLE 5.2. Qualitative results on COCO-20° datasets under GFSS

setting in terms of mIoU(%) on base and novel classes and hloU(%).

Note that the rows with gray background represent the results obtained
after test-time finetuning on novel classes.

Method \ mloUN) FO FlI F2 F3 mloU(B) hloU
1-shot
CAPL [181] 7.6 53 92 69 9.1 44.4 13.0
CAPL-VIT [181] 9.7 6.5 10.8 11.2 10.2 46.1 16.0
Ours-single 17.2 13.4 18.5 22.0 14.7 46.5 25.1
Ours-multiple 21.1 17.1 213 252 209 49.5 29.6
FineTune [136] 9.2 - - - - 43.6 15.2
CCA [113] 8.8 6.6 100 93 94 46.9 14.1
DIaM [60] 17.2 159 195 169 16.6 48.3 25.4
POP [112] 15.3 - - - - 54.7 23.9
Ours-single 20.6 176 21.8 24.1 19.0 48.4 28.9
Ours-multiple 23.2 203 223 275 227 49.6 31.5
5-shot
CAPL [181] 11.0 6.5 14.0 106 13.0 44.9 17.7
CAPL-ViT [181] 11.9 7.2 135 141 129 46.9 19.0
Ours-single 22.0 194 226 257 205 47.2 30.0
Ours-multiple 27.0 226 283 304 265 50.1 351
FineTune [136] 28.8 - - - - 46.6 35.6
CCA[113] 12.7 9.2 153 121 14.1 47.1 20.0
DIaM [60] 28.7 249 339 272 290 48.4 36.0
POP [112] 30.0 - - - - 54.9 38.8
Ours-single 25.1 253 254 26.6 23.1 49.6 333
Ours-multiple 33.1 32.1 369 342 293 50.2 39.9

5.4.4 Comparison with Existing GFSS Methods

We first compare our methods against existing ones in Table 5.1 and Table 5.2. Quan-
titative improvements achieved by our proposed are shown in Fig 5.5. We consider
using single-layer RDs (our-single) and multi-layer RDs (our-multiple). In addition
to the inference approaches mentioned previously, we also explore using the test-
tuning strategy, that is, fine-tuning the model several iterations on the novel support
examples, to achieve a fair comparison to methods [60, 112, 113, 136]. The results
obtained are marked in gray background . As seen from Table 5.1 and Table 5.2, our
method shows a clear advantage over existing methods when no test-tuning strategy
is used. In particular, using multi-layer RDs leads to consistent improvement over
single layer RDs, achieving state-of-the-art performance in GFSS. After test-tuning,
our methods gains further improve and outperform the comparable methods.
Moreover, we reported the results by replacing the pre-trained ResNet backbone
with ViT-B/16 in CAPL [181] and using the same decoder in our proposed method.
The results (CAPL-ViT) demonstrate that even though the CAPL method with ViT
achieved better segmentation performance on base classes, it still fails to generalize
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TABLE 5.3. Using an alternative design for relationship descriptor
(RD) on the PASCAL -5° dataset. [CLS] indicates a design that di-
rectly calculates RD via the [CLS] and the prototype embedding, as
directly borrowed from ZegCLIP [234]. Our method achieves better
performance especially on novel classes, highlighting the contribution
of our customized RD.
PASCAL -5
RD format 1-shot 5-shot
mloU(N) mlIoUB) hloU mlIoUN) mloU(B) hloU
N/A - 15.9 68.6 25.8 16.1 71.0 26.2
single [cls] 41.9 73.8 53.5 48.8 74.2 58.9
ours 45.4 74.2 56.3 51.2 74.5 60.7
3.5(D 047) @81 (241 0.31)  (1.87)
multiple [cls] 48.6 74.6 58.9 53.9 75.3 62.8
ours 51.0 76.3 61.1 55.3 76.5 64.2
(2.47) a7 @21 1.4 (1.27) (.47
TABLE 5.4. Using an alternative design for relationship descriptor
(RD) on the COCO -20° dataset. [CLS] indicates a design that di-
rectly calculates RD via the [CLS] and the prototype embedding, as
directly borrowed from ZegCLIP [234]. Our method achieves better
performance especially on novel classes, highlighting the contribution
of our customized RD.
COCO -20°
RD format 1-shot 5-shot
mloU(N) mloU(B) hloU mlIoUN) mloU(B) hloU
N/A - 7.2 42.8 12.3 7.8 43.4 13.2
single [cls] 13.7 45.4 21.0 16.8 46.5 24.7
ours 17.2 46.5 25.1 22.0 47.2 30.0
(3.57) aip @1 G217 ©0.77)  G.31
multiple [cls] 17.5 49.9 25.9 20.6 50.2 29.2
ours 21.1 49.5 29.6 27.0 50.1 35.1
(3.67) 04)) @71 (647 0.1d)  (5.97)

to novel categories. It validates that the competitive performance of our proposed
method is not coming from the use of ViT, but the effectiveness of using relationship
descriptor. Besides, the visualization in Figure 5.6 indicates that enriched multiple
RDs further improve the generalized recognition ability while achieving better seg-
mentation boundaries.

5.4.5 Apply Our Pre-trained Model to FSS Setting

In accordance with previous studies, we evaluated the binary Few-Shot Semantic
Segmentation (FSS) performance on novel pair-wise support-query sets. Although
our model was not specifically designed for binary segmentation, it demonstrated
remarkable results on PASCAL-5" and COCO-20?, as reported in Table 5.5 and qual-
itative performance is presented in Figure 5.6.
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(a) Image (b) CAPL-ViT  (c) Ours-ViT (d) FT (e) POP (f) Ours-ViT (g) Ground Truth

FIGURE 5.5. Visualization results on PASCAL-5' compared with

other methods on GFSS setting. Note that (b)-(c) are the methods

without test-time tuning, while (d)-(f) are the methods with test-time
tuning on novel support images.

5.4.6 Ablation study

A. How about the results without applying RD?

RD (relationship descriptor) was first proposed in ZegCLIP [234] to unleash the la-
tent matching potential of the pre-trained transformer. By design, it only applies
to the CLIP model that matches text and image modalities and it does not support
the multiple layers design as [CLS] from other layers do not match across modal-
ities in the pre-trained CLIP model. In fact, how to generalize the idea of RD to
other domain or alternative construction of RD are not clear before this work. To
experimentally verify this argument, we devised a baseline approach that exclusively
employed class-wise prototypes without RDs as queries for the segment decoder.
The results are shown in the first row of Table 5.3 and Table 5.4. Evidently, when
RD is not utilized, a significant performance drop is observed. This outcome clearly
shows the indispensable role played by RD in our method for mitigating overfitting
to the training set.

B. Effect of our proposed design of RD

ZegCLIP [234] constructed relationship descriptors based on [cls] token, leveraging
the inherent matching capability of [cls] tokens with CLIP text embedding. Our work
is based on the vision transformer and we propose to leverage the inherent semantic
grouping (matching) capability of patch tokens. Thus, we have a different design
of RD, as shown in Equation 5.2, than the one in ZegCLIP. Moreover, we propose
a multi-layer strategy and fuse RD from different layers in Equation 5.3. One al-
ternative solution is to straightforwardly borrow the approach of RD construction
from ZegCLIP by using the element-wise product between the [CLS] embedding
and prototype embedding. We investigate this variant (denoted as [cls]), and re-
port the results in Table 5.3 and Table 5.4. Interestingly, we find this approach can
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also achieve quite good performance than the baseline without using RDs. The sig-
nificantly lower performance compared to our RD design clearly demonstrates the
unique contribution of our customized RD approach.

(1) Generahzed Few-shot Semantic Segmentation (GFSS)

‘ ---
) ---

(2) Adapt to Binary Few-shot Semantic Segmentation (FSS)

(a) Image (b) Ours-single (c) Ours-multiple (d) Ground Truth

FIGURE 5.6. Quantitative results of (1) generalized and (2) binary

few-shot semantic segmentation. (a) are the testing images, (b) and

(c) are the results of our method with single and multiple relationship

descriptors, (d) denotes ground truths. After enriched RDs, (c) shows
better segmentation and recognition ability.

C. The choice of layers for multi-layer RDs

Our proposed multi-layer relationship descriptors (RDs) have exhibited a clear ad-
vantage over the use of single-layer RDs, as evident in Table 5.3 and Table 5.4 and
the quantitative enhancements demonstrated in Figure 5.6. To further investigate, we
conducted comparisons among various choices of layers for constructing multi-layer
RDs, with the experimental results presented in Figure 5.7. As seen, the incorpo-
ration of the last layer is a main factor for achieving competitive performance. In
addition to that, we identify the best combination from our investigation is utilizing
the last three layers.

In this supplementary material, we provide more details to complement the manuscript,

including the implementation details in Section 5.5 and additional experimental re-
sults in Section 5.5.
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FIGURE 5.7. Quantitative results on PASCAL VOC 2012 of fusing
relationship descriptors from different vision transformer layers.

5.5 Implementation Details

5.5.1 The detailed architecture of the decoder

In this work, we propose a unified framework to generate semantic predictions by
matching the class embeddings and visual embeddings in a vanilla transformer-based
decoder. In this section, we provide more details of the decoder architectur.

Specifically, there are two inputs for the transformer-based decoder: the one input
is [P,R] € RO where P € R®*? and R € R*? are class-wise prototype
embedding and our proposed relationship descriptor (RD) embeddings respectively,
and d is the feature dimension. The other input is H = [hy, hy, ..., hy] € R¥*4,
where NN is the number of patch tokens of an image and h; denoting the jth patch.
We can apply linear layers {1, ¢k, 1, } to generate Q, K, and V for query, key and
value embeddings, respectively

Q = ¢, (¢([P,R])) € R“, (5.7)
K = ¢ (o(H)) € RV*?, (5.8)
V = ¢, (p(H)) € RV* (5.9)

where {¢, p} are the projection layers. The semantic masks could be obtained by
calculating the scaled dot-product attention which is the intermediate product of the
multi-head attention model (MHA):
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QK"

Vg
where d, is the dimension of the keys as a scaling factor. The final semantic segmen-
tation results are obtained by applying Argmax operation on the class dimension of
Masks logits.

Masks = e ROV, (5.10)

5.5.2 Details of applying our trained GFSS model to (binary) FSS
setting

We have successfully demonstrated the application of our optimized model, origi-
nally developed for the Generalized Few-Shot Segmentation (GFSS) setting, to the
binary Few-Shot Segmentation (FSS) context. In this section, we offer further in-
sights into the methods and processes we employed to accomplish this. Specifically,
the binary FSS setting requires the model to segment out the target class objects and
treat all other pixels as non-target (background) for a given testing image.

Therefore, we first adapt our optimized model to the FSS task by creating the
novel class prototype from the target class objects in the support set and accumulat-
ing non-target-region features of the support set into the existing background class
prototype. Moreover, since our optimized model has accommodated the knowledge
for base classes, we propose to reinterpret predictions for these base classes as back-
ground class decisions in the binary FSS setting. This straightforward yet effective
modification enabled our model to deliver remarkable results in the binary FSS set-
ting. The complete results on both PASCAL-5' and COCO-20' datasets are provided
in Table 5.5.

5.5.3 Effect of various pre-trained vision transformer model for
FSS task

In this work, we demonstrate that our proposed relationship descriptor (RD) module
can unlock the potential of the supervised pre-trained ViT-B/16 model and improve
the generalization ability for FSS tasks. In this section, we further present the effec-
tiveness of the proposed method on the unsupervised pre-trained transformer model
DINO [11]. As shown in Table 5.6, our method can consistently achieve better per-
formance on both 1-shot and 5-shot settings.

5.6 Conclusion

This work presents a novel approach to few-shot semantic segmentation that lever-
ages the hidden matching capability of a pre-trained vision transformer. The pro-
posed method focuses on a more practical but challenging generalized few-shot seg-
mentation setting and addresses the potential overfitting to base classes in the seg-
mentation training set by using the relationship descriptor technique. In addition, our
work can handle arbitrary input to conduct both generalized and traditional settings
of the few-shot semantic segmentation tasks. We demonstrate the effectiveness and
simplicity of our approach through extensive experimentation on various pre-trained
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vision transformers, achieving superior generalization performance and providing in-
sights for choosing the appropriate transformer model. This work introduces a new
paradigm for designing few-shot dense prediction models and is expected to con-
tribute significantly to the research community.

Limitation Limited by the identification ability and resolution of ViT, similar ob-
jects may be misclassified and small objects may be ignored in complex scenes.
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TABLE 5.5. Comparison of our proposed method with the state-of-
the-art FSS methods. Note that our method has not been trained on
binary segmentation as well as test-time tuning on novel classes.

PASCAL-5’ COCO-20"

Method Backbone 1-shot 5-shot | 1-shot 5-shot
PANet [189] RN-50 48.1 55.7 20.9 29.7
PFENet [180] RN-50 60.1 614 324 37.4
SCL [217] RN-50 61.8 62.9 - -
RePri [7] RN-50 59.1 66.8 34.0 42.1
MMNet [194] RN-50 61.8 63.4 37.5 38.2
CMN [199] RN-50 62.8 63.7 39.3 43.1
DPCN [110] RN-50 66.7 69.9 43.0 49.8
BAM [88] RN-50 67.8 70.9 46.2 51.2
MSANet [74] RN-50 69.1 74.0 51.1 56.8
SVF [174] RN-50 69.0 72.3 48.5 53.9
SiGCN [111] RN-50 65.3 68.5 41.4 48.0

FECANet [109] RN-50 69.3 74.9 509 583

ASGNet [95] RN-101 59.3 63.9 345 425
SAGNN [198] RN-101 62.1 62.8 372 427

CWT [122] RN-101 58.0  64.7 324 420
Mining [209] RN-101 62.6  68.8 364 444
HSNet [130] RN-101 66.2 704 | 412 495
CAPL [181] RN-101 63.6 689 | 428 50.4
IPMT [118] RN-101 66.1 69.2 | 426 479
HM [133] RN-101 67.8 709 | 459 50.6
VAT [69] RN101 679 720 | 413 479
DACM [202] RN-101 69.1 73.3 43.0 492
CLIPSeg [123]  CLIP-ViT/B  52.3 - 33.2 -

CLIPSeg+ [123]  CLIP-ViT/B  59.3 - 33.2 -
PGMA-Net [165] CLIP-ViT/B  74.1 74.6 -
PGMA-Net [165] CLIP-RN50  74.1 75.2 54.3 57.1

PGMA-Net [165] CLIP-RN101  77.6 78.6 59.4 61.8

FPTrans [226] ViT-B/16 64.7 73.7 42.0 53.8
FPTrans [226] DeiT-B/16 68.8 78.0 47.0 58.9
HSNet [163] Swin-B 67.3 71.6 47.3 55.1
DCAMA [163] Swin-B 69.3 74.9 50.9 58.3
IPRNet [141] ResNet101  67.5 70.9 46.9 53.3

Ours-single VIiT-B/16 777 78.0 57.1 59.2
Ours-multiple ViT-B/16 789  80.3 60.1 61.2
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TABLE 5.6. Effectiveness of our approach with an unsupervised
pre-trained vision transformer model (i.e., ViT-B/16 pre-trained with
DINO) on the PASCAL-5 dataset. "Tuning" denotes the test-time
tuning on the novel support set before inference under the generalized

few-shot segmentation (GFSS) setting.

RD Tuning 1-shot 5-shot
mloU(N) mloUB) hloU mloUN) mloU(B) hloU
N/A X 14.2 68.2 23.5 16.5 68.3 26.6
single X 24.3 60.4 34.7 24.6 61.0 35.1
e 41.5 65.7 50.9 42.6 66.2 51.8
multiple X 34.4 69.4 46.0 37.1 70.3 48.6
v 47.8 68.8 56.4 49.0 69.6 57.5
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Chapter 6

Conclusions and Future Directions

In this section, I conclude methods proposed in this thesis about data-efficiency learn-
ing based on pre-trained model and present multiple potential research directions for
future exploration.

6.1 Conclusions

Chapter3 This work introduces a new approach to generalize class-wise distribution
learning, focusing on modeling data distribution across classes rather than individual
data generation. The authors propose a straightforward yet effective baseline and
redefine a simplified distribution format, implementing Ridge Regression as a meta-
classifier. Extensive quantitative comparisons with existing methods are conducted
to demonstrate the effectiveness of the proposed approach, including recombination
with closely related methods. Visualization results using t-SNE plots illustrate the
method’s ability to refine data distribution, particularly in 1-shot scenarios.
Chapter4 This study introduces a novel one-stage zero-shot semantic segmenta-
tion approach leveraging the pre-trained vision-language model CLIP. By transfer-
ring image-wise classification capabilities to dense prediction tasks while retaining
advanced zero-shot knowledge, the method achieves competitive results on known
classes and significantly improves performance on new classes. Text embeddings
serve as flexible queries adaptable to both "inductive" and "transductive" zero-shot
settings. Extensive evaluations on three benchmark datasets demonstrate superior
performance over previous state-of-the-art methods. Additionally, the one-stage frame-
work offers approximately five times faster inference compared to two-stage meth-
ods. Despite limitations such as misclassification of similar classes and overlooking
small objects in complex scenes, the study provides insights into integrating CLIP
into semantic segmentation, offering inspiration for future research endeavors.
ChapterS This work introduces an innovative approach to few-shot semantic seg-
mentation utilizing the latent matching capability of a pre-trained vision transformer.
Addressing the challenge of generalized few-shot segmentation, the method miti-
gates potential overfitting to base classes in the training set by employing the rela-
tionship descriptor technique. Notably, the proposed approach accommodates arbi-
trary inputs for both generalized and traditional few-shot segmentation tasks. Exten-
sive experimentation across diverse pre-trained vision transformers demonstrates the
effectiveness and simplicity of the method, achieving superior generalization per-
formance and providing guidance for selecting suitable transformer models. This
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research presents a new paradigm for developing few-shot dense prediction models,
poised to make significant contributions to the research community.

6.2 Future Directions

For future directions in low-shot downstream tasks, like semantic segmentation, it is
crucial to address existing weaknesses such as poor performance on the long-tailed
problem prevalent in real-world scenarios and model pretraining stage. Additionally,
exploring more challenging tasks like panoptic segmentation, which involves identi-
fying each instance and their corresponding categories, holds promise for advancing
the field.

Recent advancements, such as Segment Anything Model (SAM) and its vari-
ations incorporating semantics (e.g., SAM with an object detector), have gained
significant traction in the domain of semantic segmentation. These models offer
remarkable generalization capabilities and versatility across various segmentation
tasks. Future research could explore how SAM and similar approaches can be tai-
lored or extended for low-shot learning scenarios, enabling improved segmentation
performance with minimal data.

Another promising direction is cross-domain model adaptation. Developing meth-
ods to adapt segmentation models effectively across diverse domains (e.g., medical,
aerial, and autonomous driving imagery) by fine-tuning on minimal target-domain
data would address the growing need for generalized segmentation models. These
models must be robust and capable of performing in varied, real-world environments,
overcoming domain gaps and achieving high performance in data-scarce settings.

In conlusion, researchers should prioritize fully leveraging pre-trained models
and exploring the latest and most advanced pre-trained models available. By inte-
grating cross-domain adaptation techniques and innovations from models like SAM,
researchers can maximize the utility of pre-trained models and improve their ro-
bustness across tasks and domains. By maximizing the utilization of these models,
researchers can harness the extensive knowledge encoded within these models to
enhance performance across various tasks. Furthermore, staying abreast of advance-
ments in pre-trained models ensures that the field remains at the forefront of inno-
vation, enabling the development of more powerful and effective segmentation tech-
niques. This emphasis on leveraging and exploring cutting-edge pre-trained models
will be instrumental in driving continued progress and innovation in semantic seg-
mentation research.
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Appendix A

Detailed zero-shot settings

For fair comparison, here we provide the detailed unseen class names of PASCAL
VOC 2012 (VOC), COCO-Stuff 164K (COCO), and PASCAL Context (Context)
dataset in TableA.1.

TABLE A.1. The details of unseen class names.

Dataset The name of unseen classes

VOC pottedplant, sheep, sofa, train, tvmonitor

cow, giraffe, suitcase, frisbee, skateboard
COCO carrot, scissors, cardboard, clouds, grass
playingfield, river, road, tree, wall concrete

cow, motorbike, sofa, cat, boat, fence
Context . .
bird, tv monitor, keyboard, aeroplane
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Appendix B

Detailed augmented templates

The details of the 15 augmented templates we used on COCO-Stuff 164K and PAS-
CAL Context datasets are:

‘A photo of a {}

‘A photo of a small {}.

‘A photo of a medium {}.

‘A photo of a large {}.’

“This is a photo of a {}.

“This 1s a photo of a small {}.
“This is a photo of a medium {}.
“This is a photo of a large {}.
‘A {} in the scene.’

‘A photo of a {} in the scene.’
“There is a {} in the scene.’
‘There is the {} in the scene.’
“This is a {} in the scene.’
“This is the {} in the scene.’
“This is one {} in the scene.’
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Appendix C

Visualization of semantic masks of
different text query embeddings.

To further demonstrate the effectiveness of our designs on the one-stage baseline
(Baseline-FT version), we provide more visualizations including the predicted seg-
mentation results and the semantic masks of different class queries via decoder in
FigureC.1. Note that the class names in red are the novel categories.

We can see, after applying our proposed designs, the segmentation performance
of (b) ZegCLIP has improved on both seen and unseen classes compared with (a)
Baseline-FT. Meanwhile, similar unseen classes can be more clearly classified by
our ZegCLIP model as shown in the heat maps. For example, in the “COCO-
000000079188 testing image, although Baseline-FT can classify “grass” and “tree”
(both are unseen classes) correctly in the semantic masks, our ZegCLIP can distin-
guish these novel classes discriminatively.
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FIGURE C.1. Visualization of semantic masks of different text query
embeddings.
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Appendix D

Brief frameworks of related
Two-stage and our One-stage method

As we described above, previous zero-shot semantic segmentation methods based
on CLIP follow a two-stage paradigm as shown in Figure D.1-(a). In stage 1, they
need to generate abundant class-agnostic region proposals according to the learnable
queries. In stage 2, each cropped proposal region will be encoded via CLIP image
encoder to utilize its powerful image-level zero-shot classification capability. The
CLIP is still used as a zero-shot image-level classifier.

Instead, we propose a simpler-and-efficient one-stage solution as our baseline
that directly leverages the feature embedding from CLIP and extends CLIP from
image-level classification into pixel-level (or patch-level) as shown in Figure D.1-
(b). We introduce a light transformer-based decoder to generate semantic masks by
computing the similarities between text-wise and patch-wise embeddings extracted
from CLIP. In the baseline, the CLIP text encoder is frozen and the CLIP image
encoder can be fixed (Baseline-Fix) or fine-tuned (Baseline-FT).

However, our baseline model still faces the overfitting problem on seen classes.
To improve the generalization ability to unseen classes, we propose three important
designs on our baseline as shown in D.1-(c). After combining three designs, our
model ZegCLIP can transfer the zero-shot ability of CLIP from image-level to pixel-
level and achieve significant performance on both seen and unseen classes.

In conclusion, in the two-stage methods, /N cropped class-agnostic images will
be fed into CLIP for image-wise classification which may heavily increase the com-
putational cost. Our proposed one-stage paradigm is simple-but-efficient due to the
original image will be encoded only once. The inference speed has been compared
in Table3. Our one-stage method ZegCLIP can achieve a speedup of about 5 times
faster than the two-stage method in the inference stage.
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N quiries Image Class Names
Proposal CLIP Image  CLIP Text
Generator Encoder Encoder

tag Stage2

Proposal-level Classification

Semantic Masks Assembly
v

Loss Fix

(a) Related Two-Stage methods.

Image Class Names

CLIP Image  CLIP Text & Seen
Encoder Encoder % Unseen
Stagel
Text-patch

Matching Decoder

Fix or Fine-tune
Loss le

(b) Our Baseline: One-Stage method.

Image Class Names
® peep  CLIP Image CLIP Text
Prompts  Encoder Encoder

Relationship Descriptor (RD)O

Text-patch

; @ Seen
Matching Decoder
v & Unseen
(2} Non-mutually
Exclusive Loss @ designs

(c) ZegCLIP: Baseline with designs.

FIGURE D.1. Brief frameworks of related two-stage methods, our

one-stage baseline, and our proposed ZegCLIP model. The happy

face in (b)(c) means good performance in seen or unseen classes,

while the sad face in (b) represents that the baseline model achieves
poor performance in unseen classes.
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Appendix E

Pseudo code of our approach

For better comprehension, the complete pseudo code detailing the training and infer-
ence processes of our unified framework is presented as follows:
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Appendix E. Pseudo code of our approach

Algorithm 3: Pseudo code of our framework

// Train on base & background classes Cp

Input: Dataset Dg; Encoder with learnable prompts F, Decoder F', Relationship
Descriptor Generator G;

Input: Initialized base class prototypes P .

for sampled minibatch {I, M9}%* from Dp do

hcl37H = E(I)a
// Generate Relationship Descriptors
R =G(Pp,H);

M = sigmoid(F([Pg,R],H));

// Adamw update: FE,F

Updata parameters via L,,,q1 (M, M9);
for class c¢(c € Cp) in {M9¢}% do

// Momentum update: Pp

PC = sy Ly (MP)H P (1= n) « PC 415 PG

¢
?,J

end

end

// Register novel classes Cn, CpNCny=0
Input: K-shot novel support set Sy = {Is, Mgt}gN K
hds Hgs = E(Is);
for class c(c € C) in {M% }5v*K do
t
P?V—i_ = %Zi,]‘(;&?) ] Zz,J(M% )lz:,](HS)f,]

c
2]

end
P = concat[Pg,Pyl|;
/* If test-time tuning: */

Adamw Updata {E, F'} via L,nas(Ms, M%);
Momentum update: P;
/+* End if */

// Generalized segmentation on CgUCy
Input: Sampled testing image 1

hclsa H = E(I)s

M = argmaz(F(¢([P,G(P,H)]), ¢(H)));
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