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Abstract

Information Systems Technology and Design
Doctor of Philosophy

Towards Data Efficient and Continual Semantic Segmentation

by Lanyun ZHU

Semantic segmentation is a fundamental and important task in computer vision,
which aims to classify each pixel in an image. The rapid development of deep learning
has significantly advanced semantic segmentation and improved the accuracy, promot-
ing its application in fields with high accuracy requirements for pixel-level prediction,
such as autonomous driving and medical diagnosis.

Current works for semantic segmentation are typically based on a standard setup
that all data is accessible beforehand and can be learned simultaneously. However, in
many real-world applications, due to the ongoing and dynamic nature of data genera-
tion process and the need for business scalability, training data is often not available all
at once but is instead provided incrementally across multiple stages. This setup intro-
duces two main issues: first, in the early stages, the limited number of available training
samples—due to the incomplete dataset—makes effective model training difficult; sec-
ond, after training on data from new stages, the model may suffer from catastrophic
forgetting, losing previously learned knowledge from earlier data. Addressing these
challenges is crucial for developing high-performance segmentation algorithms under
multi-stage training conditions.

This thesis aims to address the above challenges by focusing on continual learn-
ing and data-efficient few-shot learning for semantic segmentation. First, we propose a
novel method for training segmentation models with limited data, in which we identify
and resolve the issue of context bias caused by the varying backgrounds among differ-
ent images. Next, we introduce the first large language model (LLM)-based approach
for few-shot semantic segmentation, leveraging the extensive knowledge within LLMs
to compensate for the limited information provided by few-shot training samples. Fi-
nally, we propose a novel sample selection mechanism using reinforcement learning,
which automatically selects a small number of samples from past stages for replay in
future training stages, thus effectively mitigating the problem of catastrophic forget-
ting. Experiments on multiple datasets and scenarios demonstrate that the proposed
methods can enable effective data-efficient and continual semantic segmentation.
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Chapter 1

Introduction

1.1 Problem Background

1.1.1 Semantic Segmentation

Semantic segmentation refers to the task of classifying each pixel in an image. It is a
fundamental task in computer vision and serves as the foundation for many other vi-
sual technologies. It is also widely used in various industrial applications. For example,
image segmentation is essential for autonomous driving as it enables precise identifica-
tion and differentiation of objects, such as vehicles, pedestrians, and road boundaries,
ensuring accurate scene understanding of the car’s nearby environments for making
the safe decision. Medical diagnostics need to employ segmentation techniques for
the precise identification and delineation of anatomical structures, tumors, and lesions,
enabling accurate analysis and supporting early disease detection and treatment plan-
ning. Semantic segmentation is also widely used in industrial defect detection systems,
as it enables precise localization and classification of low-quality regions on products,
ensuring accurate quality control and improving manufacturing efficiency. Traditional
semantic segmentation algorithms, such as the watershed algorithm [8] and thresh-
old algorithm [3], are typically based on hand-crafted features followed by manually
designed post-processing strategies. While these methods have achieved some suc-
cess, hand-crafted features have inherent limitations, as it is challenging to ensure they
are optimal for the segmentation task. As a result, traditional algorithms often fail
to achieve satisfactory performance. In recent years, the rapid development of deep
learning has led to significant breakthroughs in semantic segmentation. Convolutional
networks, such as FCN [93] and UNet [117], have introduced an innovative paradigm
for semantic segmentation based on deep neural networks. More recently, transformer
networks, exemplified by MaskFormer [31], have further advanced semantic segmen-
tation and achieved unprecedented accuracy.

Segmentation
Model

Image Segmentation Result

FIGURE 1.1: An example of semantic segmentation for self-driving im-
ages.
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1.1.2 Multi-Stage Training

Just like other deep-learning-based methods, the success of DNN-based segmenta-
tion models heavily relies on training with large amounts of annotated data. Conse-
quently, widely used segmentation datasets for academic research, such as Cityscapes
[35], ADE20K [180], and Pascal VOC [39], typically contain tens or even hundreds of
thousands of labeled images. Extensive training on these large datasets is crucial for
DNN-based models to develop powerful feature extraction and segmentation capabil-
ities, enabling them to perform robust and high-performance inference on diverse test
images. However, in real-world applications, it is often infeasible to train models in a
single step using complete, large-scale datasets. This is because training data is typi-
cally not available all at once but is instead provided incrementally in batches due to
the ongoing and dynamic nature of data generation process. For example, autonomous
vehicles continuously gather new data under diverse conditions such as fluctuating
traffic volumes, vehicle behaviors, weather, and road usage, necessitating ongoing up-
dates to segmentation models to adapt to an expanding range of traffic scenarios. Ad-
ditionally, evolving business requirements can also drive the need for incremental data.
For example, an e-commerce platform might expand from selling clothing to electron-
ics, requiring new data to train models to recognize and segment electronic products.
Moreover, the costs associated with data collection and annotation also enhances the
necessity for multi-stage training. A notable example is in medical imaging analysis,
where obtaining and annotating extensive sets of medical images, like MRI or CT scans,
requires significant time and expense due to the need for annotation from radiology ex-
perts. Consequently, development teams, constrained by budget, resources, and time,
may only be able to acquire and annotate small portions of data at a time, training the
model in several stages to gradually optimize performance. These practical constraints
in resources and the necessity for business scalability result in data often being pro-
vided incrementally in many real-world applications, necessitating multi-stage model
training to continuously integrate new data. Developing effective and efficient image
segmentation models for these multi-data and multi-training-stage scenarios is an im-
portant research problem.

1.1.3 Challenge

Compared to the single-stage training mode where all data is accessed and trained si-
multaneously, the aforementioned multi-stage approach presents two key challenges.
First, since data is provided incrementally, the dataset is often incomplete in the early
phases, making the amount of data available for training in these stages very limited.
This scarcity of data can lead to poor model performance and inadequate generaliza-
tion. However, there is often a pressing need to train and deploy the model at these
early stages to meet urgent business requirements or to provide preliminary function-
alities, which poses significant challenges. Second, when new batches of data are ac-
quired and incorporated, the model needs to be trained on it to improve its ability to
recognize and segment new categories in the new data. However, traditional train-
ing methods may cause the model to forget previously learned information from older
data after learning new ones—a phenomenon known as “catastrophic forgetting.” This



Chapter 1. Introduction 3

[ Multi-Stage Segmentation Training
|

¥ ¥
Propert Training Data in different stages may The amount of training images in the early
perty contain images for different classes stages may be limited
2 v
(CERSTELINE O e: el ey Difficult Training: training with a limited
Challenge information is forgotten after new ; ]
amount of data is challenging

information is learned
] ¥

Research . N
Objective Overcome Forgetting ] Train with Less Data ]
‘ Re:i?(;‘:h ’ Continual Learning ] ‘ Few-shot Learning / In-Context Learning J
i
I . LLM for Seg
Published Automatic Sample Selection (CVPR'23) Adc!re55| ng antext (CVPR'24 & TPAMI
Work Bias (CVPR24) Submission)

FIGURE 1.2: An overall structure of this thesis.

forgetting can affect the model’s performance on older classes, compromising its re-
liability and stability. Given these challenges, we argue that it is critical to develop
data-efficient training methods that can work with small sample sizes, and to design
approaches that can preserve the model’s memory of previously learned information
after training on new samples of new classes. These techniques are essential for ensur-
ing the high performance of the aforementioned multi-stage segmentation methods.

1.2 Motivation

Based on the above discussion, this thesis focuses on two research directions: (1) few-
shot segmentation (FSS) [188, 182, 189, 161, 159], which aims to enable the model to
grasp the ability to segment a class with very few or even just one training sample, and
(2) continual semantic segmentation (CSS) [186, 192], which addresses the challenge
of preventing the model from forgetting its ability to segment old classes after learning
new ones. These two research directions respectively aim to address the aforemen-
tioned two issues: the low performance resulting from insufficient training data, and
the problem of catastrophic forgetting where previously learned knowledge is often
lost.

Several past methods have been proposed to address few-shot segmentation and
continual semantic segmentation. However, these methods frequently exhibit signifi-
cant limitations that lead to unsatisfactory performance. In the following sections, we
respectively discuss the issues with existing few-shot and continual semantic segmen-
tation methods, which are the motivations of our novel approaches proposed in this
thesis.

1.2.1 Few-shot Segmentation

Traditional approaches in few-shot segmentation typically employ a support-feature-
guided mechanism, where class features are extracted from a few labeled images, named
as support images, to aid in segmenting an unlabeled image, known as the query im-
age. However, we have identified two primary issues with this mechanism. First, there
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is often a lack of similarity or alignment in class features between support and query
images. This misalignment can occur as background elements within an image may
affect its foreground class features due to the large receptive field of the backbone net-
work. Consequently, varying backgrounds in the support and query images can lead to
different influences, resulting in their divergent class features that impairs the effective-
ness of the support-feature-guidance paradigm. A similar problem has been reported
in other research domains such as person re-identification [128], but to the best of our
knowledge, it has not been explicitly emphasized and addressed by researchers in the
task of few-shot segmentation. Consequently, it remains a critical yet unresolved chal-
lenge that requires attention. Secondly, segmenting the query image based solely on
features from a limited set of support images presents challenges, since the few-shot
samples can only provide a narrow, incomplete, and possibly biased set of informa-
tion. Consequently, frameworks that depend exclusively on such restricted data are
inherently constrained by informational limitations, making it difficult to achieve suf-
ficiently high accuracy. Therefore, the further advancement of few-shot segmentation
urgently requires an entirely new framework, which should be capable of utilizing
richer and more comprehensive information, thereby breaking through the existing
framework’s bottlenecks to reach better results.

1.2.2 Continual Semantic Segmentation

For the task of continual semantic segmentation, which aims to adapt a previously
learned model to accommodate newly added categories without forgetting old ones,
a key challenge is identified and needs to be addressed. A straightforward approach
to implementing continual semantic segmentation is to directly incorporate the sam-
ples of all past categories into the new training stages. However, due to privacy con-
cerns and storage limitations, this approach is often impractical. A feasible solution,
known as exemplar replay, involves storing only a small subset of samples from previ-
ous classes in a memory, which are then used during future training stages to improve
the model’s ability to handle old classes and reduce catastrophic forgetting. However,
the capacity of this memory is typically limited, allowing only a few selected samples
to be stored. Therefore, the careful selection of the most suitable samples for replay
becomes crucial, and is a key focus of this thesis. While a lot of past studies have pro-
posed various strategies for sample selection in continual semantic segmentation, such
approaches have inherent limitations because most of them are manually designed and
consider very few influence factors. However, the impact of a replay sample on mit-
igating catastrophic forgetting can be influenced by numerous factors, thus manually
designing an optimal strategy that effectively accounts for these complex factors is very
challenging and nearly impossible. Consequently, we argue that a more intelligent ap-
proach to memory sample selection is necessary—one that can consider a broader spec-
trum of factors and their intricate interdependencies, which remains an open problem
and is crucial for the development of continual semantic segmentation.

1.3 Thesis Outline

This thesis is organized as follows:
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¢ Chapter 2 introduces the previous work relevant to this thesis, including pre-
vious research about image segmentation, few-shot image segmentation, large
language models for segmentation, and continual semantic segmentation.

¢ Chapter 3 presents our work of addressing background context bias in few-shot
segmentation through iterative modulation. In this chapter, we first investigate
the background context bias problem in FSS, which we find is a critical yet unre-
solved issue. To address this problem, we introduce a novel iterative approach,
with each iteration containing a query prediction step followed by an innova-
tively proposed support modulation step and information cleansing step.

¢ Chapter 4 presents our work of leveraging large language models (LLMs) to ad-
dress few-shot segmentation. In this chapter, we propose the first LLM frame-
work specifically designed for few-shot segmentation, incorporating several novel
components including a fine-grained instruction and a pseudo-sample-based train-
ing method to significantly enhance the LLM’s capability for this task.

¢ Chapter 5 presents our work of a novel automatic sample selection method for
continual semantic segmentation. In this chapter, we innovatively train an agent
network using reinforcement learning to select appropriate samples for replay
training in continual semantic segmentation tasks. A task-tailored state represen-
tation and action space are designed for the reinforcement learning mechanism
in our method, making it better adapt to this task.

¢ Chapter 6 summarizes the contributions of this thesis and discusses potential fu-
ture research directions.

1.4 Contributions

* We analyze the background context bias problem in few-shot segmentation for
the first time, and introduce a novel iterative approach to address this critical
problem. Each iteration of our method involves a query prediction step for query
segmentation, a support modulation step to enhance the guidance effectiveness
of support features, and an information cleansing step to prevent the accumula-
tion of noisy information. Extensive experiments on multiple datasets demon-
strate the high effectiveness of our method for few-shot segmentation.

¢ We propose LLaFS++, the first framework to address few-shot segmentation us-
ing large language models. In this framework, we introduce various innovative
designs to make better use of LLMs in few-shot segmentation, including a task-
tailored instruction, a fine-grained in-context instruction serving as multi-modal
guidance, a pseudo-sample-based curriculum pretraining mechanism, and a novel
inference method to mitigate prediction mistakes. We conduct comprehensive ex-
periments and the results demonstrate that our approach achieves state-of-the-art
performance with significant advantages. Furthermore, the applicability of our
method is assessed across various tasks beyond few-shot segmentation such as
few-shot object detection. The excellent performance across diverse tasks further
demonstrates the generalization of LLaFS++.
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¢ We formulate the sample selection operation of continual semantic segmenta-
tion as a Markov Decision Process, and introduce a novel and effective auto-
matic paradigm for replay sample selection in continual semantic segmentation
through reinforcement learning. This paradigm is enhanced by our proposed
novel state representations containing multiple factors that can guide the selec-
tion decision, and a dual-stage action space to select samples and boost their re-
play effectiveness. Extensive experiments demonstrate that our automatic paradigm
for sample replay can effectively alleviate the catastrophic forgetting issue in con-
tinual semantic segmentation and achieve state-of-the-art performance.



Chapter 2

Literature Review

2.1 Image Segmentation

Image segmentation is a fundamental task in the field of computer vision. Over the
last decade, deep learning has brought significant advancements to this field, with tech-
niques based on neural networks showcasing outstanding achievements across various
sub-domains, such as semantic segmentation [19, 156, 187, 30, 24, 179, 76, 4, 183, 145,
28,92, 190, 170, 60, 27], instance segmentation [51, 73, 23, 191, 17, 67, 144, 155, 60, 25],
and panoptic segmentation [129, 68, 32, 21, 29, 100, 80].

2.1.1 CNN-Based Methods

Convolution neural networks (CNN) are the first to drive advancements in image seg-
mentation during the deep learning era. A notable example of CNN-based segmenta-
tion methods is the Deeplab series [20, 18, 19], which employs atrous convolution to
increase the size of the receptive field, enabling richer semantic information to be cap-
tured and preserving the high-resolution of feature maps to avoid boundary blurring.
Similarly, PSPNet [179] employs a pyramid pooling module to aggregate global and lo-
cal features at different scales, enhancing segmentation accuracy especially in complex
scenes. UNet [117] is a another classical CNN architecture for the image segmentation
task, particularly in biomedical imaging. It employs an effective and efficient encoder-
decoder structure with the “U” shape, where the encoder captures context by down-
sampling the input image, while the decoder reconstructs the image with fine-grained
details through upsampling. Skip connections link the encoder and decoder layers,
allowing the model to retain important spatial information. STLNet [187] proposes
the first module to extract texture features for enhancing segmentation performance.
Some CNN-based methods focus on reducing the computational cost of segmentation
models to improve efficiency. For example, BiseNet [166] and its extension [40] propose
efficient semantic segmentation models designed to balance accuracy and speed. It em-
ploys a dual-branch architecture, combining a spatial path for high-resolution spatial
details and a context path for rich semantic information, enabling real-time segmenta-
tion while maintaining strong performance.

2.1.2 Transformer-Based Methods

More recently, transformer-based approaches [156, 31, 30, 59, 184, 111] have pushed
the boundaries of segmentation performance even further. For instance, SegFormer



Chapter 2. Literature Review 8

[156] introduces an innovative pipeline that combines a hierarchical transformer en-
coder with an MLP-based decoder. MaskFormer [30] propose a transformer-based
model designed for unified image segmentation, capable of handling instance, seman-
tic, and panoptic segmentation within a single framework. Instead of predicting pixel
labels directly, MaskFormer employs a novel paradigm that generates a set of mask
embeddings to represent different regions in the image and achieves enhanced per-
formance. Mask2Former [31] further improves MaskFormer, employing masked at-
tention to achieve faster convergence by constraining cross-attention within predicted
mask regions. The segment anything model (SAM) [69] introduces a general method
that is trained on a large and diverse dataset, allowing users to segment objects in
an image by providing different types of prompts, such as points, boxes, or masks.
SAM2 [114] further extends the general segmentation capabilities of SAM from static
images to video data. It leverages temporal information to achieve consistent and ac-
curate segmentation across video frames, significantly enhancing SAM’s applicability
to dynamic scenes. Despite its effectiveness, SAM has been observed to perform sub-
optimally in certain domains, such as medical and remote sensing images. To address
this issue, SAM-adapter [26, 27] leverages transformer-based adapter techniques to ef-
ficiently finetune SAM for specific tasks or specific image domains.

2.1.3 Challenge

Existing segmentation methods typically require training on large datasets and of-
ten suffer from catastrophic forgetting during multi-stage training, where previously
learned information is often lost after new knowledge is acquired. To address these is-
sues, in this thesis, unlike the previously discussed conventional methods, we focus on
the tasks of few-shot segmentation and continual semantic segmentation, which enable
the segmentation of a query image for a novel class using only a very small number of
annotated support images, and build the capability to retain performance on old classes
after training on new data and classes. This research avoids the high costs associated
with extensive data collection and annotation, allowing for high-performance segmen-
tation models trained with only a small amount of data. In addition, it mitigates the
issue of catastrophic forgetting, enabling the model to retain its ability to handle data
and classes from all stages after multi-stage training.

2.2 Few-shot Segmentation

2.21 Conventional Few-shot Segmentation Methods

Few-shot segmentation (FSS) [140, 163, 85, 64, 89, 10, 72, 106, 71, 33, 131, 94, 182, 159]
has gained significant attention in recent years due to its ability to work well with only
limited data, which is highly practical in real-world applications. [119] proposes the
pioneering method in this field, where a feature is extracted from the labeled support
images to generate a head that is then used to segment unlabeled query images. Build-
ing upon this framework, many existing methods [41, 72, 163, 103, 74, 57, 33, 169, 146]
adopt a prototype-guided strategy. These techniques employ masked average pooling
(MAP) to derive global or local average prototypes from support image features, which
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then guide the segmentation of query images through various approaches such as fea-
ture fusion [74, 72, 90], distance measurement [98, 52], or attention-based mechanisms
[109]. To avoid information loss caused by the prototype generation process, some
more recent methods [175, 174, 137, 56, 157, 148] do not compress features into proto-
types but instead retain the complete feature maps for per-pixel processing. For exam-
ple, [160] proposes a self-calibrated cross-attention network with pixel-wise correlation
extraction to solve the background mismatch and foreground-background entangle-
ment issues. Other approaches [98, 121, 52, 63] try to extract the relationship between
support and query image features in even greater detail by capturing 4D correlations.
For instance, [98] proposes a hypercorrelation squeeze network that leverages efficient
4D convolutions to extract multi-level feature correlations.

While these methods have achieved some success, they still have two significant is-
sues. First, the previous methods typically suffer from misalignment of foreground fea-
tures caused by the different backgrounds. In this thesis, we propose the first method
to address this problem by extracting background context to modulate support fore-
ground features. Some other few-shot segmentation methods [41, 163, 91] also take
background into consideration. However, they either employ background prototypes
to eliminate background regions in query predictions [91], or segment interfering ob-
jects belonging to other categories in the background [163], without further consid-
ering how background context affects foreground features and the resultant issue of
misaligned features. In few-shot segmentation, we design the first method to address
this problem. Second, the most existing methods can only leverage a limited amount
of information extracted from a very small number of support images. Such a con-
straint may lead to suboptimal performance and decreased robustness. In this thesis,
we are the first to employ large language models (LLMs) to achieve few-shot segmen-
tation by using our carefully designed instructions, which offer a more comprehensive
and effective multimodal guidance system. This novel method introduces a brand-new
paradigm for few-shot segmentation, exploring new possibilities for using LLMs in this
research domain.

2.2.2 Few-Shot Segmentation with Foundation Models

Some recent studies explore the use of foundation models to enhance the performance
of few-shot segmentation. Several approaches leverage the powerful general segmen-
tation capabilities of the Segment Anything Model (SAM) to improve few-shot seg-
mentation tasks. For example, VRP-SAM [127] extends SAM [69] to few-shot segmen-
tation by introducing a visual reference prompt encoder, allowing annotated reference
images to serve as prompts for segmentation. Additionally, [171] applies graph anal-
ysis to strengthen SAM’s few-shot segmentation performance by dynamically select-
ing point prompts through a positive-negative alignment module and incorporating a
point-mask clustering module to align mask and point granularities, further boosting
segmentation accuracy. Other methods explore to use language models for few-shot
segmentation. For example, [164] employs word embeddings from Word2Vec as a more
comprehensive and general source of class information to aid in segmentation. [139]
leverages the semantic alignment capabilities of the CLIP model [112] to generate more
accurate prior information for few-shot segmentation tasks. However, despite some
improvements, these approaches remain limited by the relatively weak capabilities of
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small language models and lacks an in-depth exploration of how to combine textual in-
formation with support image information more effectively for the improved guidance.
In contrast, this thesis pioneers the exploration of large language models (LLMs) in the
task of few-shot segmentation, which is more effective than the previously used small
language models such as CLIP. Moreover, we propose a better approach to integrat-
ing textual information from language models with visual information from few-shot
annotated images, which brings significant performance enhancement.

2.3 Large Language Models and their Applications in Image
Segmentation

2.3.1 Large Language Models

The advent of large language models (LLMs) such as GPT [11] and Llama [134] has
marked the beginning of a new era in artificial intelligence. Thanks to their signifi-
cantly increased model parameters and training data, these LLMs contain rich prior
knowledge and can be efficiently finetuned for specific tasks or application require-
ments through methods such as prompts [86], adapters [54] and LoRA [55]. Recently,
researchers have started exploring visual large language models [75, 83, 141, 126, 5,
181, 62, 185] to establish a unified framework for multimodal data processing, aiming
to override the restriction of LLMs being solely applicable to language data. For ex-
ample, BLIP-2 [75] proposes a large vision-language model designed to bridge the gap
between image and text understanding. It employs a Q-former to condense image fea-
tures into visual tokens, and leverages a two-stage training process that aligns visual
and textual representations, enabling efficient cross-modal learning. LLaVA [83] intro-
duces an alternative, more streamlined framework for large vision-language models,
where the Q-Former in BLIP-2 is omitted, allowing visual features to be directly fed
into the LLM without the need for complex transformer networks for further process-
ing. This simplified architecture improves efficiency and facilitates joint image-text
understanding. MiniGPT-4 [181] proposes a more data-efficient training approach for
large vision-language models, in which only 3500 image-text pairs are used to per-
form instruction tuning on the LLM, enabling significantly enhanced multimodal un-
derstanding capability with only very minimal data requirements and computational
cost. However, despite significant success, most of these methods can only handle
image-level understanding tasks, such as image captioning, visual question answer-
ing, etc., but are incapable of performing the more fine-grained segmentation tasks.

2.3.2 LLMs for Image Segmentation

Some more recent research [70, 116, 178, 141, 168, 113] has begun exploring how to
extend the capabilities of LLMs to the field of image segmentation. For example, LISA
[70] proposes a large language instructed segmentation assistant to produce segmenta-
tion masks by incorporating an additional segmentation token into the existing vocab-
ulary. GSVA [152] addresses the shortcomings of LISA by employing multiple [SEG]
tokens for multi-target segmentation and a [RE]J] token to reject empty targets. [116]
proposes an LLM-based segmentation model with a lightweight pixel decoder and a
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comprehensive segmentation codebook. [178] introduces a novel framework to han-
dle unified segmentation by first generating mask proposals and then using LLMs to
classify them. In our approach, we follow the strategy proposed by VisionLLM [141],
which empowers LLMs to produce segmentation masks by generating the vertices of
enclosing polygons. While all of the above methods are capable of performing image
segmentation, our method differs from them significantly since none of them are de-
signed specifically for few-shot segmentation. In contrast, in this thesis, we propose
a novel framework namely LLaFS++, which is the first LLM-based few-shot segmen-
tation framework with several novel and task-tailored designs including: (a) LLM’s
inputs. Two novel instructions serving as LLM’s inputs are proposed to extract rich in-
formation from the annotated support images in few-shot scenarios. (b) Training data.
A novel method for synthesizing pseudo samples is proposed to solve the insufficient
training data issue in few-shot segmentation. (c) Optimization approaches. A curriculum
learning strategy is implemented to overcome slow convergence challenges. Incor-
porating these novel designs, LLaFS++ constitutes a brand-new framework that can
effectively leverage information from both the annotated images and language priors
to achieve high-quality few-shot segmentation.

2.4 Continual Semantic Segmentation

2.4.1 Continual Semantic Segmentation Methods

Continual semantic segmentation overcomes the limitations of traditional segmenta-
tion algorithms by allowing different classes to be learned at different stages. To ad-
dress the biggest challenge in this task—catastrophic forgetting—some methods [15, 96,
22,110, 105, 138, 167] adopt knowledge distillation techniques that enable the model to
review knowledge from previous stages during the learning process of new stages. For
example, MIB [15] addresses the challenge of semantic shift in the background class by
proposing a novel weight initialization method and distillation loss. SDR [96] proposes
a novel distillation-based preservation technique based on prototype matching, con-
trastive learning, and feature sparsity. CSW-KD [110] selectively revises the knowledge
of old classes that are likely to be forgotten through distillation by focusing on those
that are visually similar to the new classes. Other methods [37, 177, 82, 133] address the
forgetting problem by annotating the new stage’s data with pseudo-labels for the old
stage’s classes. For example, PLOP [37] employs a pseudo-labeling mechanism based
on prediction confidence to improve continual learning performance. CoinSeg [177] in-
troduces a contrastive-learning-based distillation to enhance both inter-class and intra-
class representations with the guidance of pseudo-labels. Some methods [172, 153, 34]
use weight fusion to combine model parameters from both new and old stages to re-
tain previous knowledge. For example, EWF [153] fuses models from different stages
by taking the weighted average of their corresponding parameters. Cs2K [34] further
improves the model fusion method by selectively integrating different model param-
eters through weight-guided selective consolidation. Another effective approach to
addressing catastrophic forgetting is to employ a portion of past data for replay. For
example, some methods [16, 162] use a memory buffer to store replay exemplars, but
the samples are selected either randomly or based on heuristic rules. [95] derives richer
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replay exemplars through a generative adversarial network, but this approach comes
with high computational costs and requires additional web-crawled images. In this
thesis, we propose a new method that also adopts a memory replay mechanism but
with a different and entirely new pipeline, in which we introduce a novel automatic
sample selection mechanism and propose a new, effective replay training method to
utilize memory samples better. Some more recent works [120, 107, 14, 46] are designed
based on transformer networks. We have also conducted experiments to compare with
these methods and achieved superior results.

2.4.2 Memory Sample Selection

As an important approach to addressing catastrophic forgetting in continual learning,
the effectiveness of replay-based methods relies on the careful selection of memory
samples. Most of the previous selection methods are designed based on hand-crafted
heuristic rules. For example, some methods [1, 165, 65, 7] consider sample diversity as
a key factor in determining replay effectiveness and select samples accordingly. [122]
uses adversarial Shapley value for sample selection to preserve latent decision bound-
aries for previously observed classes. [115] proposes selecting a fixed number of repre-
sentative samples that best capture the feature distribution of each class. Despite some
success, such hand-crafted methods are difficult to be optimal due to the complex in-
terplay between different factors that can affect selection performance. In contrast, our
method proposed in this thesis explores a novel direction by enabling the selection
policy to be automatically learned through a carefully designed RL mechanism, which
achieves better performance than previous selection methods as demonstrated by the
experimental results presented in this thesis.

2.4.3 Reinforcement Learning

Reinforcement learning (RL) is a technique that has achieved remarkable success in
many decision-making tasks, such as game intelligence [124], robot control [125], and
large language models [6]. It has also been applied to computer vision in various ar-
eas such as active learning [45], pose estimation [49], model compression [2], and per-
son re-identification [151]. In this thesis, we introduce a novel and effective automatic
paradigm for replay sample selection in continual semantic segmentation through re-
inforcement learning. A previous work related to our method is [88], which uses RL
for exemplar length management but operates with a completely different mechanism
from ours. Instead of employing RL to control class-level memory length while still
relying on a random selection process as in [88], our method is end-to-end and can
directly select specific samples in a fully automated, single step. In addition to the se-
lection method, we also propose a novel approach to better utilize the samples selected
by the RL policy. By incorporating these designs, our method in this thesis introduces
a brand-new RL-based replay pipeline for continual semantic segmentation.
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Chapter 3

Addressing Background Context
Bias in Few-Shot Segmentation
through Iterative Modulation

In this chapter, we propose a novel network to address the problem of background bias
in few-shot segmentation as illustrated in Chapter 1. Specifically, existing few-shot
segmentation methods usually extract foreground prototypes from support images to
guide query image segmentation. However, different background contexts of support
and query images can cause their foreground features to be misaligned. This phe-
nomenon, known as background context bias, can hinder the effectiveness of support
prototypes in guiding query image segmentation. In this work, we propose a novel
framework with an iterative structure to address this problem. In each iteration of the
framework, we first generate a query prediction based on a support foreground fea-
ture. Next, we extract background context from the query image to modulate the sup-
port foreground feature, thus eliminating the foreground feature misalignment caused
by the different backgrounds. After that, we design a confidence-biased attention to
eliminate noise and cleanse information. By integrating these components through
an iterative structure, we create a novel network that can leverage the synergies be-
tween different modules to improve their performance in a mutually reinforcing man-
ner. Through these carefully designed components and structures, our network can ef-
fectively eliminate background context bias in few-shot segmentation, thus achieving
outstanding performance. We conduct extensive experiments on the PASCAL-5' and
COCO-20° datasets and achieve state-of-the-art (SOTA) results, which demonstrate the
effectiveness of our approach.

3.1 Introduction

Image segmentation [20, 18, 42, 187, 19, 179, 193, 31, 156, 145, 183, 43, 26] is a crucial
task in computer vision. In recent years, significant progresses have been made in this
field, which are primarily attributed to the development of deep learning models [93,
187,19, 179] trained on large-scale datasets [35, 180]. However, obtaining sufficient la-
beled data to train a segmentation model is time-consuming and labor-intensive, since
it usually takes more than 10 minutes to annotate only one image for getting its ground
truth label. To address this issue, Few-Shot Segmentation (FSS) has been proposed as
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FIGURE 3.1: An example of background context bias in few-shot seg-

mentation. When the query image shares the same background as the

support image (Query Image I), the segmentation is high-quality; but

when the query image has a different background (Query Image II), the
segmentation is undesirable.

an alternative solution, which aims to segment a class using a very small number of
annotated images, thus reducing the need for costly data labeling.

Currently, the prevailing methods for few-shot segmentation [10, 123, 140, 85, 89,
163, 188] typically use the meta-learning and episodic training strategies, in which the
model is trained to segment a query image based on a few support images and their
ground truth maps in the target class. To extract useful information that can represent
the general properties of a class, these methods usually extract one [72, 41, 103] or
a few [74, 163] prototypes from the foreground region of the support images. These
prototypes are then used to segment query images based on feature concatenation [72,
74] or distance calculation [98, 52]. For this paradigm to be successful, it is necessary
to assume that support and query images posses the similar or aligned foreground
features. Only when this assumption holds true, the support prototypes can capture the
query foreground properties accurately, thus enabling them to guide the segmentation
process effectively.

However, we contend that this assumption may not always be true, since differ-
ent backgrounds between support and query images may cause misalignment of their
foreground features. Specifically, the prototypes for few-shot segmentation are typi-
cally derived from CNN or transformer features, which have a large receptive field
that allows background context to be transmitted into foreground. As a result, differ-
ent backgrounds can affect support and query foreground features differently, leading
to feature misalignment that limits support prototypes” ability to guide query image
segmentation.

Figure 3.1 shows an example of this problem. In our experiment, even though the
support and query images contain the identical foreground object, the query image’s
segmentation results become undesired when the object is placed in different environ-
ments in support and query images. A similar problem of background context bias has
been reported in other domains such as person RelD [128], but to the best of our knowl-
edge, it has not been explicitly emphasized and addressed by researchers in the task of
few-shot segmentation. Consequently, it remains a critical yet unresolved challenge
that requires attention.
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To mitigate the research gap, in this chapter, we propose a novel network for few-
shot segmentation, which can effectively alleviate background context bias and demon-
strate improved performance. Specifically, in our method, we employ query context to
modulate support features. Through this modulation, query background information
that influences the query foreground can be incorporated into the support prototypes,
aligning them more closely with the query foreground features and therefore improv-
ing their ability to guide query image segmentation. To ensure the effectiveness of this
modulation, we further investigate how to extract background context with stronger
representation ability. Concretely, to ensure that the extracted context can adequately
capture the influence of the background on the foreground, we model the input-to-
output evolution of query foreground features within a deep network, and utilize this
evolution as a basis for extracting context that is used in the modulation process. We
also propose an information cleansing method to prevent noise from accumulating
during the modulation process. By integrating these components through an iterative
structure, we create a novel network that can leverage the synergies between differ-
ent modules to improve their performance in a mutually reinforcing manner. Through
these carefully designed components and structures, our network can effectively elim-
inate background context bias in few-shot segmentation, thus achieving outstanding
performance as demonstrated by experiments.

We perform extensive experiments on common datasets including PASCAL-5' and
COCO-20¢ and report state-of-the-art (SOTA) performance. Our contributions can be
summarized as follows: (1) Firstly, we investigate the background context bias problem
in FSS, which we find is a critical yet unresolved issue. (2) Secondly, we introduce an
iterative approach to address context bias. Each iteration of our method involves a
query prediction step for query segmentation, a support modulation step to enhance
the guidance effectiveness of support features, and an information cleansing step to
prevent the accumulation of noisy information. (3) Thirdly, our proposed approach
achieves state-of-the-art (SOTA) performance on few-shot segmentation.

3.2 Task Definition

FSS seeks to perform segmentation given only a small number of annotated images.
The target is to train an FSS model on the training set Dy,4», and evaluate it on the
test set Dicsr, where the two datasets are disjoint with respect to object classes. To
achieve this, we follow previous works [41, 74] under the meta-learning setting and
execute episodic training to optimize our FSS model. Specifically, each set is partitioned
into multiple episodes, where each episode consists of a support set {I*, GF}X | and a
query set {I,, G}, with I* € RE>XW>3 and G* € RE*W representing the image and the
corresponding ground truth respectively. G* is a binary mask indicating pixels within
the target class, which, for convenience, are denoted as foreground in the subsequent
sections, and other pixels outside the target class are denoted as background. During
training, we iteratively sample an episodic from D;,;y, to train a model that predicts G,
based on {IF, G’;}szl and /. Once the training is completed, the model is evaluated on
Diest- For the convenience of introduction, in the following sections, we describe our
method under the 1-shot setting where only one support image is available (K=1). In
Section 3.3.6, we elaborate on how to extend the method to the K-shot setting.
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FIGURE 3.2: Overall structure and different components of our network.
First, the backbone generates f, and f, for the support image and query
image respectively. Next, an iterative structure is designed to fully uti-
lize the features for segmentation, which consists of 7' iterations, with
each iteration containing three successive steps: (a) Query Prediction, (b)
Support Modulation, and (c) Information Cleansing. The output from
the Information Cleansing step is input into the Query Prediction step
of the subsequent iteration. Segmentation result from the Query Predic-
tion step in the last iteration serves as the final prediction at the inference
stage. The structure of the confidence-biased ATT in (c) is shown in Fig-
ure 3.4.

3.3 Method

3.3.1 Overview

Figure 3.2 provides an overview of our method. First, a backbone network produces
features f; and f, for support and query images respectively. Next, an iterative struc-
ture is designed to fully utilize the features for segmentation, which consists of 7 it-
erations, with each iteration containing three successive steps: Query Prediction (QP),
Support Modulation (SM), and Information Cleansing (IC). Considering the ¢-th iter-
ation of the structure, the operation is performed as follows. Firstly, in the QP step,
query images are segmented under the guidance of a support foreground feature S¢,p
Then, in the SM step, query context is extracted and used to enhance S¢,p’s effective-
ness for guiding query segmentation. The enhanced Sk, is obtained in this step. After
that, in the IC step, a biased attention adjusts Sk,, from the SM step to cleanse infor-
mation, getting the processed S{.. The three steps are performed iteratively, where the
updated S from the previous iteration guides the QP step in the subsequent itera-
tion (StJrl + S!). Query segmentation result from the last iteration serves as the final
predlctlon at the inference stage.

The motivation to design an iterative manner is based on our observation that each
of the three steps can have an influence on one another, so by successively updating the
feature at each step, the network can be forced to refine itself towards an optimal so-
lution in a recurrent optimization manner. Specifically, in every iteration, an improved
support foreground feature SEQP (Sf&l), which is modulated from the SM and IC steps
of the previous iteration, can guide the generation of a more accurate query prediction
in the QP step. By using this query prediction with higher accuracy, the subsequent
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SM and IC steps can perform better, thus resulting in an improved Si.. S!, is further
utilized for query prediction in the following iteration (Sg},1 + Sio). In this way, a
recurrent optimization scheme is created that can utilize the iterative structure to con-
tinuously refine the query prediction results. In the subsequent sections, we describe
each step of our method in detail.

3.3.2 Query Prediction Step

As shown in Figure 3.2 (a), in this step, query images are segmented under the guid-
ance of a support foreground feature Sqp. In the first iteration, Sqp is initialized using
the support backbone features f,. Specifically, each foreground pixel’s feature in fs is
treated as a token, and these tokens are aggregated to obtain Sqp. As a combination of
features from all foreground pixels, Sqp can reflect the general properties of support
foreground, making it possible to guide the segmentation of query foreground belong-
ing to the same category. For the remaining iterations, Sqp is updated as the output
from the IC step of the previous iteration. Given Sqp and the query backbone features
fq, query segmentation is carried out with the process as follows:

P = ¢, (CAT (AVG (Sqp) , f,)) (3.1)

where AVG denotes the average over all tokens in Sqp, CAT refers to the channel-wise
concatenation, ¢, is a two-layered 1 x 1 convolutions that generates the prediction P.

3.3.3 Support Modulation Step

As a result of background context bias between support and query images, their fore-
ground features are misaligned, which makes the QP step alone insufficient to ensure
accurate query image segmentation. To address this problem, we propose a support
modulation (SM) step, which uses background context from the query image to modu-
late Sqp, thereby minimizing the feature gap and increasing its effectiveness in guiding
query image segmentation. Specifically, we denote the number of foreground pixels
and background pixels in the query image by N; and IV}, and as shown in Fig. 4.1
(b), we implement the SM step as follows. Firstly, we extract an evolution feature
E € RY7XC that reflects how the query foreground representation changes from in-
put to output layers within the backbone network (details are illustrated below). Sub-
sequently, we concatenate the features of all background pixels! in f, to generate a
background representation B € R, By correlating E with B, we then capture
background context C by:

C = ATT (Qg,Kg, VE), (3.2)

where ATT is a cross-attention module in a QKV manner. Finally, we use query context
to modulate Sqp through another cross-attention:

Sem = SQP + ATT (QSQP,KC, VC) . (3.3)

To generate B, the background region of the query image is estimated from the prediction P of the
QP step.
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FIGURE 3.3: Generation of the structure-wise evolution feature E®.

The resulted Sgy is the output of the SM step. This step includes an innovative de-
sign that extracts background context via the evolution feature E, which has not been
used previously but has demonstrated success in our experiments. E is a feature that
describes how foreground features change from the input layer to the output layer.
Using it is motivated by the analysis of network inputs and outputs. Specifically, in a
deep neural network, the input image is context-independent, so its foreground con-
tains no background information; on the other hand, the output features are heavily
influenced by long-range context due to the network’s high-receptive-field property,
so its foreground contains substantial background context. Consequently, by modeling
the change from input to output, E can capture the influence of the background on the
foreground within the network, thus enabling it to perform modulation effectively. To
capture rich and multi-level information for the effective context extraction, we sum
two types of evolution features to obtain E, namely pixel-wise evolution feature EP
and structure-wise evolution feature E* as follow:

Pixel-wise Evolution Feature

First, we extract EP, which provides the evolution information for each pixel in the
query foreground. For this, we pass the input query image and its backbone output
features through two individual 1 x 1 convolutions. Through this process, we get
a context-independent input representation F; and a context-influenced output rep-
resentation Fp, respectively. After that, by identifying the query foreground region
using P generated by the QP step, we generate foreground tokens F; € RYs*¢ and
Fo € RV*¢ which aggregate the features of all foreground pixels in F; and Fp, re-
spectively. Fr and Fo are concatenated along the channel dimension and are passed
through a two-layered MLP to produce a feature matrix E? € RY/*C. In this way,
by modeling the interaction between the context-independent input image and the
context-influenced output feature, EP extracts pixel-wise evolution features that can
be used to model query context.

Structure-wise Evolution Feature

As shown in Figure 3.3, in addition to EP, motivated by the demonstrated impor-
tance of structural information in the segmentation task [61, 81], we further intro-
duce a Structure-wise Evolution Feature denoted by E®. Firstly, We aggregate all fore-
ground pixels from the query image I, and its backbone output f,, getting input tokens
T; € RY7*3 and output tokens Tp € RY7* respectively. Next, we calculate pixel-wise
distances in T; and Ty to get affinity maps A; € RN/*Ns and Ay € RM7*Ns. Specif-
ically, each item A%’ on A; is computed as the cosine similarity between T?% and T,
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where TZIL refers to the i-th pixel on T;. A is produced from T similarly. We flatten

A and Ap to the shape RN 7 , and then introduce histogram features H; < RE and
Ho € RE to capture statistical information from them. For this, the continuous range
[0,1] is subdivided into L discrete bins {I;}* | with I, = [(l — 1)/L,/L], then each di-
mension HlI on Hj is calculated as the total number of dimensions in A; with values
falling into the interval [;. Formally,

2
f
1-1 o
H =) 1(—<Al<—),1le]0,L—1]. (3.4)
L I~r

i=1

For 1 to be differentiable, we use a spire-shaped judge function. Specifically, to facilitate
expression, we use a to represent ‘7! and b to represent +. In this way, this spire-shape
function can be formulated as:

a+b

1—|AL -

4 j <AL <b
1(a< Al <b) = ‘ i e<Ai (3.5)

0 else

By doing so, the gradients can be propagated successfully, allowing the network to be
end-to-end trained in optimization. Using the same approach, we can get Hp from Ap.
Finally, we normalize and concatenate H; and Ho, followed by a two-layered MLP to
get the Structure-wise Evolution Feature E* € RY.

In the end, E € RV7*C is generated by adding E* € R to each pixel of the pixel-
wise evolution feature EP € RYs*¢, which can then be used to modulate S through Eq.
3.2 and Eq. 3.3.

Discussion: Why to Use Affinity Maps and Histograms

To generate E°, we employ affinity maps followed by histograms to extract structural
information. Using affinity maps is motivated by their strong ability to represent im-
age structures [87, 72]. Histograms are used for two reasons. Firstly, histograms can
capture structural information like contrast and smoothness [47], so they are helpful
for representing the structure features of the foreground region at a particular net-
work layer. Secondly, histograms facilitate the extraction of features from affinity maps
A; e RN#*Nr and Ap € RV7*Ns  which are unfixed in size due to the variable number
of foreground pixels () in different images. Using histograms, A; and Ao can be
converted into fixed-shaped representations, thus making it possible to extract evolu-
tion features from them through linear layers that require a fixed number of input and
output channels.

3.3.4 Information Cleansing Step

To extract context, in the SM step, we use the prediction P from the QP step as a
foreground-background indicator to create features like B in Eq.3.2. However, P is
a coarse prediction with some incorrectly segmented pixels, so using it directly can
introduce noise into these features. Consequently, through the processes of the SM
step, this noise can be propagated to the output Sgys, finally impeding its effectiveness
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FIGURE 3.4: Illustration figure of the confidence-biased attention used

in the Information Cleansing Step. P, P and f, are flattened along the
spatial dimension before the attention.

in guiding query prediction. To overcome this issue, we propose an additional step
called Information Cleansing (IC), which removes the noise from Sgy;, thus producing
a cleaner Sic that can guide query image segmentation more effectively. The structure
of this step is shown in Fig. 3.2 (c). Firstly, we introduce a confidence-biased attention
as shown in Figure 3.4 to capture the accumulated noisy information, which is inspired
by recent semi-supervised learning study [149] demonstrating that noisy information
can lead to lower prediction certainty. Specifically, we replace Sqp in Eq. 3.1 with Squ
and perform the QP step. By doing so, in addition to prediction P from Sqp, we get
an intermediate prediction P from Sgy. Next, we calculate the entropy confidence for
each pixel on P and P, resulting in confidence maps C' and C with the same shape as
P and P. A confidence variance map V is then calculated as the difference between C
and C,i.e., V = C — C. We use V as a bias term, adding it to the softmax matrix of a
vanilla attention to derive a modified attention that is formulated as:

N = softmax (Qgisqp 50y Ky, + V) Vi (3.6)

where ¢[Sqp, Ssm| denotes passing the concatenation of Sqp and Sgy through a two-
layered MLP. The feature produced by this operation reflects the evolution from Sqp to
Ssm through the SM step. V' and f, are flatten along the spatial dimension before the
attention. For a pixel (i, j) on V, a higher value of V*/ indicates a sharper decline in its
prediction confidence, and vice versa. By adding V' to the softmax matrix, the attention
is encouraged to focus on pixels with reduced confidences. In this way, the attention
can capture noisy information N accumulated by the SM step. Eventually, we remove
the noisy information from Sgy by:

Sic = Ssm — ¢ (N), (3.7)

where ¢ is a linear layer. The generated Sic is the output of the IC step, and also the
input for the QP step in the next iteration (Sgrp1 + Sia).
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3.3.5 Optimization

We optimize the model with the following loss function:

T T-1
L= Low (P, Gy + Ay Leow (PuGy) (3.8)
t=1 t=1

where T refers to the number of iterations. G, is the ground truth of the query image.
P, denotes the query prediction from the QP step in the t-th iteration. P; denotes the
intermediate prediction from the IC step in the ¢-th iteration. Lcg refers to the cross-
entropy loss function. ) is a hyper-parameter.

3.3.6 Extension to K-shot Setting

In the aforementioned sections, we describe our method under the 1-shot setting where
only one support image is available (KX = 1). Our method can be easily extended
to K-shot setting by solely modifying the initialization approach of S(lgP for the first
iteration in the iterative framework. Specifically in the K-shot setting, for each support
image I¥ k € [1, K], we first extract a feature f* from the backbone network. Then,
to initialize S}QP for the QP step of the first iteration, we concatenate the features of
all foreground pixels across {f*}/£ | from all K support images. The subsequent steps
remain the same as in the 1-shot setting.

3.4 Experiments

3.4.1 Datasets

We evaluate our method on two widely-used datasets: PASCAL-5" and COCO-20".
The PASCAL-5' dataset contains images from PASCAL VOC 2012, with annotations
extended from the SDS to include 20 categories. The COCO-20¢ dataset is based on the
MSCOCO dataset and includes 80 categories. To be consistent with previous works,
we divided the overall categories into four folds and conduct experiments in a cross-
validation manner, i.e., to use three folds for training and the remaining one for testing.

3.4.2 Implementation Details

We employ ResNet50 and ResNet101 pretrained on ImageNet as the network backbone
with the structure in [98] to enhance feature effectiveness, followed a correlation mod-
ules in [109] to fuse information. L discrete bins is used to generate histograms for the
structure-wise evolution feature, where L is set to 16. 1" indicating the number of itera-
tions for the iterative structure is 3. The model is trained for 250 epochs on PASCAL-5'
and 70 epochs on COCO-20%. X in Eq. 3.8 is set to 0.2. We use SGD as the optimizer
with momentum and weight decay set to 0.9 and 0.0001, respectively. We set the ini-
tial learning rate to 0.002 and batch size to 16 for PASCAL-5, and 0.005 with batch
size 8 for COCO-20°. We adopt ‘poly’ policy as the learning rate decay strategy, where

) 0.9
iter
max_titer )

the learning rate for each iteration equals to initial rate multiplied by (1 -
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1-shot 5-shot
Backbone Method — Conference |16 k014 Fold-2 Fold-3 Mean|Fold=0 Fold-T Fold-2 Fold-3 Mean
NTRENet CVPR202Z | 654 723 594 598 632 662 728 617 622 657
BAM CVPR2022 | 690 736 675 611 678 | 706 751 708 672 709
AAFormer ECCV2022 | 691 733 591 592 652 | 725 747 620 613 67.6
SSP ECCV2022 | 605 678 664 510 614 | 675 723 752 621 693
IPMT NeurlPS2022| 72.8 737 592 616 668 | 731 T7A7 616 634 682

ResNetS0 ApcNet  CVPR2023 | 688 734 623 595 660 | 717 742 654 67.0 69.6

HDMNet CVPR2023 71.0 754 689 621 694|713 762 713 685 718
MIANet CVPR2023 685 758 675 632 687|702 774 700 688 717
MSI ICCV2023 71.0 725 638 659 685|730 742 705 666 711
SCCAN ICCV2023 683 725 668 598 668 | 723 741 691 656 703
ABCB (Ours) CVPR2024 729 760 695 640 70.6| 744 78.0 739 683 73.6
NTRENet  CVPR2022 655 71.8 59.1 583 637|679 732 60.1 668 67.0
DCAMA ECCV2022 625 708 645 564 635|700 738 668 650 689

VAT ECCV2022 68.1 717 648 633 670|726 741 695 695 714
ResNet101 ABCNet CVPR2023 653 729 650 593 656|714 750 682 631 694
MSI ICCVv2023 731 739 647 688 701 | 736 761 680 713 722

SCCAN ICCV2023 709 739 668 617 683|731 764 703 661 715
ABCB (Ours) CVPR2024 730 760 69.7 692 720 | 748 785 736 726 749

TABLE 3.1: Performance comparison with other methods on PASCAL-
5.

For the input images, we employ random scaling and horizontal flipping for data aug-
mentation, and then crop images to the size 473 x 473 for PASCAL-5 and 641 x 641
for COCO-20¢ to get the training samples. The experiments are implemented using
Pytorch on NVIDIA Tesla V100 GPUs.

3.4.3 Comparison to State-of-the-art

To evaluate the effectiveness of our method, we compare it with other state-of-the-
art methods under different backbones, including ResNet50 and ResNet101, and on a
variety of few-shot settings, including 1-shot and 5-shot. For each setting, we report
the results of using different folds as the test set as well as their mean result. All the
compared methods are published in the past 2 years.

The results on PASCAL-5’ are shown in Table 4.1. Under both 1-shot and 5-shot
settings, our method can significantly outperform existing methods for both ResNet50
and ResNet101 backbones. To be specific, for the ResNet101 backbone, our method
achieves 72.0% and 74.9% mloUs on the 1-shot and 5-shot settings, outperforming the
second-place method by 1.9% and 2.7%, respectively. The results demonstrate that our
method can work well and achieve outstanding performance for both 1-shot and multi-
shot segmentation. It is worth noting that some of the compared methods [41, 72, 160]
also make use of image background information. Our method differs from them by
addressing the problem of background context bias for the first time, thus achieving
the best performance.

The results on COCO-20¢ are shown in Table 3.2. Based on ResNet101, our approach
performs better than the second-place method by 1.7% and 1.8%, reaching 51.5% and
58.8% mloUs on the 1-shot and 5-shot settings respectively. Compared to PASCAL-5’,
COCO-20! is more challenging due to its more complicated backgrounds. Despite these
challenges, our method still shows significant advantages benefiting from the context-
based modulation, as demonstrated by the excellent results in various settings.
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1-shot 5-shot
Backbone Method — Conference |16 10147 Fold-2 Fold-3 Mean|Fold-0 Fold-T Fold-2 Fold-3 Mean
NTRENet CVPR202Z | 368 426 399 379 393 | 382 441 404 384 403
BAM CVPR2022 | 434 506 475 434 462 | 493 542 516 496 512
SSP ECCV2022 | 355 396 379 367 474 | 406 470 451 439 441

MM-Former NeurIPS2022| 40.5 47.7 452 433 442 | 440 524 474 500 484
ResNet50 ABCNet CVPR2023 423 462 460 420 441 | 455 517 526 464 491
MIANet CVPR2023 425 530 478 474 477 | 458 582 513 519 517
MSI ICCV2023 424 492 494 461 468 | 471 549 541 519 520
SCCAN ICCV2023 404 497 496 456 463 | 472 572 592 521 539
ABCB (Ours) CVPR2024 442 540 521 498 500 | 505 591 570 53.6 55.1
NTRENet  CVPR2022 383 404 395 381 39.1| 423 444 442 417 432

ssp ECCV2022 39.1 451 427 412 420 | 474 545 504 496 50.2
IPMT NeurIPS2022| 40.5 457 448 393 426 | 451 503 493 468 479
ResNet101 ABCNet CVPR2023 365 357 347 314 346 | 401 401 39.0 359 388
MSI ICCV2023 448 542 523 480 498 | 493 580 561 527 540

SCCAN ICCV2023 426 514 50.0 488 482 | 494 617 619 55:0 57.0
ABCB (Ours) CVPR2024 460 563 543 513 515 | 51.6 635 628 572 58.8

TABLE 3.2: Performance comparison with other methods on COCO-20".

3.4.4 Ablation Study

We conduct several ablation studies to verify the effectiveness of our designs. The ex-
periments in this section are performed on PASCAL-5' fold-0 with the ResNet50 back-
bone.

Ablation of Different Components

Our method is structured as an iterative process with three successive steps: Query Pre-
diction (QP), Support Modulation (SM), and Information Cleansing (IC). We conduct
experiments to evaluate the effectiveness of each component, and the results are shown
in Table 3.3. A network only comprising a backbone and a QP step is used as the base-
line, which achieves 61.48% mloU. Incorporating the SM step on the baseline results in
a performance boost, achieving a mlIoU of 68.20%, 6.72% higher than the baseline. The
further usage of IC step improves mloU to 72.92%. The results demonstrate that each
component can contribute to performance improvement in our method.

Method ‘ mloU
Baseline (Backbone + QP) ‘ 61.48
Baseline + SM 68.20
Baseline + SM + IC 72.92

TABLE 3.3: Ablation of different components in our method.

Ablation of Support Modulation step

To improve the effectiveness of support foreground features, we use context informa-
tion extracted from query images for modulation. To capture a comprehensive con-
text, we generate two query evolution features: pixel-wise evolution feature E” and
structure-wise evolution feature E®, which capture the evolution of pixels and global
structures respectively. To verify the necessity of these representations, we conduct ex-
periments and present the results in Table 3.4. By removing E? and E*, performance is
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decreased by 4.07% and 2.63% respectively. These results suggest that both features are
important to capture a comprehensive evolution feature, which is crucial for ensuring
an effective context extraction.

Method ‘ mloU
Ours | 7292
Oursw/o EP 68.85
Oursw/o E? 70.29

TABLE 3.4: Ablation of E” and E® used in support modulation step

Ablation of Number of Iterations

An iterative structure is employed in our method with 7 iterations. We perform exper-
iments to determine the best choice for the hyperparameter 7" and present the results
in Table 3.5, which shows the mloUs and MACs for different settings. As shown in
the table, the mIoU improves from 61.48% to 72.92% as T increases from 1 to 3. When
T is higher than 3, further increasing 7" does not significantly improve performance,
but rather increases computation burden. Therefore, we choose T' = 3 as the optimal
number of iterations.

Number of Iterations (7°) ‘mIoU MACs (G)

1 61.48  225.8
2 69.82 2413
3 7292  257.0
4 7299 2727
5 73.05 2882

TABLE 3.5: Ablation for the number of iterations.

Ablation of Bin Number

The generation of histograms used for structure-wise evolution feature E® involves a
step that equally subdivides the continuous range [0, 1] into L bins, with the I-th one
denoting the interval [({ — 1)/L,1/L] (refer to Sec 4.3 of the main paper for details). In
Figure 3.5, we present the validation results of using different numbers of bins. The
experiments are conducted on PASCAL-5' fold-0 with the ResNet50 backbone. It is ob-
served that when L is greater than 12 and less than 24, the mIoU remains stable. When
L is too small, the histogram is coarse, resulting in less effective structure information
extraction and lower validation accuracy. Conversely, when L is too large, overfit-
ting may occur to hinder the model’s effectiveness. Based on experimental results, we
choose 16 as the setting of L.

Ablation of Information Cleansing

In the information cleansing (IC) step, we propose a confidence-biased attention to ex-
tract the accumulated noisy information, in which the softmax matrix in an attention
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FIGURE 3.5: mloUs when setting L to different values. We choose L=16
as our final setting.

is summed with the confidence variance V. To validate the effectiveness of this key
design, we remove the bias term V in Eq.5, transferring the confidence-biased atten-
tion into a normal one. The results are shown in Table 3.6. This modification decreases
mloU from 72.92% to 68.53%. Compared to the method without the IC step, which
yields 68.20% mloU, using IC step without the bias term V' almost brings no improve-
ment. This demonstrates that the improvement of IC step is not from the increase in
the number of parameters, but due to the removement of noisy information that is
extracted by our proposed novel attention mechanism.

Method ‘ mloU
Ours ‘ 72.92

Ours w/o using V in Eq.5 of main paper | 68.53
Ours w/o IC step 68.20

TABLE 3.6: Ablation study of information cleansing step. Removing V in
Eq.5 significantly decreases performance, demonstrating the importance
of the proposed confidence-biased attention.

3.4.5 Predictions at Different Iterations

To gain a deeper evaluation of our iterative structure, we analyze the segmentation
results from different iterations. The total number of iterations 7" is set to 3. The results
are presented in Table 3.7, which shows the mIoUs of predictions generated at different
iterations (¢=1,2,3). As t increases, the segmentation results continue to improve. In
the first iteration, we obtain suboptimal predictions because the feature misalignment
is caused by the different backgrounds, which results in the low mloU scores. By using
the iterative structure, the performance is improved significantly, resulting in a 9.84%
increase in mloU from the first to the final iteration.

Iteration (t) ‘ mloU
1 63.08
2 70.76
3 72.92

TABLE 3.7: The mloUs of predictions from different iterations.
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3.4.6 Mitigation of the Feature Misalignment

To demonstrate that our method can eliminate foreground feature misalignment caused
by background context bias, for all episodes of the test set, we compute the cosine dis-
tance between foreground average features of support and query images. This eval-
uation is conducted on both the baseline and our method for comparison. The dis-
tribution of these distance values is shown in Figure 3.6, where the horizontal axis
represents different distance intervals, and the vertical axis indicates the proportion
of episodes falling into each interval. Compared to the baseline, when our method is
used, there are more episodes with lower foreground feature distances. This shows
that our method can effectively narrow foreground feature distances between support
and query images, thereby enhancing the effectiveness of support foreground features
in guiding query segmentation.
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Our Method
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FIGURE 3.6: Statistical distribution of distances between the support
foreground features and query foreground features across all episodes.
Baseline refers to backbone with a single QP step.

3.4.7 Visualizations

In order to illustrate the effectiveness and advantages of our method, in Figure 3.7,
Figure 3.8 and Figure 3.9, we present the following three types of visualizations:

Visualization Comparisons with SOTA methods

In Figure 3.7, we provide prediction visualizations of different methods when the sup-
port and query images have significantly different backgrounds. The compared meth-
ods include CANet [173], SSP [41], and IPMT [90]. Under this challenging scenario, all
the compared methods encounter the background context bias issue, which results in
unsatisfactory predictions. In contrast, our method effectively addresses this issue and
produces significantly better predictions. These results demonstrate that our method
can achieve robust results when support and query images have different backgrounds
and outperforms the other methods.

Prediction Visualizations of Using Features After Each Step

In Figure 3.8, we present the prediction results by using the support features Sqp, Ssm
and Sic after each of the QP, SM, and IC steps in an iteration as the guidance feature



Chapter 3. Addressing Background Context Bias in Few-Shot Segmentation H‘lrouglé7
Iterative Modulation

-
-

(a) Support Image (b) Query Image  (c) Ground Truth (d) Ours (e) CANet (f) SSP (g) IPMT

FIGURE 3.7: Prediction visualizations of different methods when the
support and query images have significantly different backgrounds.

() Support Image (b) Query Image (c) Ground Truth (d) After QP Step (e) After SM Step (f) After IC Step

FIGURE 3.8: Prediction visualizations by using the output features after
each of the QP, SM, and IC steps in an iteration for query guidance.

used in Eq.3.1. It can be observed that the prediction gradually refines after each step,
which demonstrates the benefit of using each step proposed in our method.

visualization from Different Iterations

We further present more visualization results of our method in Figure 3.9, which shows
the segmentation predictions generated from different iterations in our framework
(t = 1,2,3). Due to the feature misalignment resulting from the different background
contexts, the predictions from the first iteration are suboptimal. Our iterative structure
remarkably improves the performance, resulting in gradually refined segmentation re-
sults from the first to the final iteration.

3.4.8 Computation Cost and Parameter Number

Our method is both effective and efficient. Compared to the baseline, which com-
prises a backbone network followed by a single QP step, our methods only increase
computation and memory usage slightly. Specifically, on the PASCAL-5' dataset with
the ResNet50 backbone, the baseline consumes 210.3G MACs of computation, requir-
ing 27.6M parameters. Our method consumes 257.0G MACs of computation, requir-
ing 33.5M parameters. Compared to the baseline, our method significantly improves
mloU (+16.50%) while only increasing computation and memory by 22.2% and 21.4%,
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(a) Image (b) GT (c)t=1 (d)zt=2 (e)t=3

FIGURE 3.9: Visualizations of predictions from different iterations t of
our iterative structure.

respectively. We also calculate the parameter usage of each step in our method. Specif-
ically, the QP step, SM step, and IC step require 0.6M, 3.9M, and 2.0M parameters,
respectively. It is worth noting that different iterations share the same parameters, thus
avoiding the huge memory cost caused by the iterative structure.

3.5 Conclusion

This chapter presents a novel method to address background context bias in few-shot
segmentation. In this method, we employ an iterative structure involving three suc-
cessive steps: Query Prediction, Support Modulation, and Information Cleansing. This
structure can address the misalignment of foreground features and reduce the noise
accumulation, creating a recurrent optimization scheme that can continuously refine
the segmentation results. Experiments on PASCAL-5' and COCO-20" demonstrate the
high effectiveness of our method in achieving SOTA segmentation results. We believe
that our research provides valuable insights and advancements in the field of few-shot
segmentation, which can contribute to the development of segmentation algorithms
with higher accuracy and robustness.
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Chapter 4

LLaFS++: Few-Shot Image
Segmentation with Large Language
Models

In this chapter, we also focus on the problem of few-shot segmentation (FSS) as the
previous Chapter 3. Despite the rapid advancements in FSS, most of existing meth-
ods in this domain, such the one we introduced in Chapter 3, are hampered by their
reliance on the limited and biased information from only a small number of labeled
samples. This limitation inherently restricts their capability to achieve sufficiently high
levels of performance. To address this issue, in this chapter, we propose a pioneering
framework named LLaFS++, which, for the first time, applies large language mod-
els (LLMs) into FSS and achieves notable success. LLaFS++ leverages the extensive
prior knowledge embedded by LLMs to guide the segmentation process, effectively
compensating for the limited information contained in the few-shot labeled samples
and thereby achieving superior results. To enhance the effectiveness of the text-based
LLMs in FSS scenarios, we present several innovative and task-specific designs within
the LLaFS++ framework. Specifically, we introduce an input instruction that allows the
LLM to directly produce segmentation results represented as polygons, and propose a
region-attribute corresponding table to simulate the human visual system and provide
multi-modal guidance. We also synthesize pseudo samples and use curriculum learn-
ing for pretraining to augment data and achieve better optimization, and propose a
novel inference method to mitigate potential oversegmentation hallucinations caused
by the regional guidance information. Incorporating these designs, LLaFS++ consti-
tutes an effective framework that achieves state-of-the-art results on multiple datasets
including PASCAL-5', COCO-20?, and FSS-1000. Our superior performance showcases
the remarkable potential of applying LLMs to process few-shot vision tasks.

4.1 Introduction

Image segmentation is a fundamental task in computer vision with broad applications.
The advent of deep learning algorithms trained by expansive datasets has brought sig-
nificant progress to this domain. However, annotating pixel-level segmentation labels
on a large scale is extremely resource-intensive. Consequently, few-shot segmentation,
a more source-efficient learning paradigm that requires fewer annotated samples, has
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garnered increasing interest within the academic community and holds immense prac-
tical value.

In few-shot segmentation (FSS), a model is required to recognize and segment a
novel class based on very few annotated examples, known as the support images. Mo-
tivated by the success of few-shot classification, the majority of FSS approaches typi-
cally adopt a support-feature-guided mechanism. This mechanism involves extracting
representative features from the support images to assist in segmenting an unlabeled
image, referred to as the query image. Several methods have been proposed to boost
the effectiveness of this mechanism, focusing on enhancing the extraction method of
support features [74, 106, 98] or improving how these features assist in segmenting the
query images [57, 147, 160]. Although these methods have made some incremental
improvements, their segmentation performance is still far from satisfactory. A critical
factor contributing to this underperformance issue is their heavy dependence on a very
limited set of support images, which can only provide a narrow, incomplete, and pos-
sibly biased set of information. Consequently, frameworks that depend exclusively on
such restricted data are inherently limited by informational constraints, thus incapable
of achieving sufficiently high accuracy. In light of these limitations, we believe that the
further advancement of FSS requires the development of an entirely new framework.
Such a framework should be capable of utilizing a richer and more comprehensive set
of information, thus breaking through the bottlenecks of the existing paradigms to en-
able superior performance.

In the chapter, we delved into the large language models (LLMs) and found them to
be an effective foundation for developing such a brand-new framework with more in-
formation gotten involved. Specifically, we identified two properties of LLMs that mo-
tivated us to leverage them as a few-shot segmenter: (1) LLMs’ extensive pretraining
on broad textual corpora equips them with a vast amount of prior knowledge, which
can effectively supplement the insufficient information in support images, thus provid-
ing enhanced guidance. (2) Furthermore, LLMs have been demonstrated to be effective
few-shot learners in NLP [11]. This success naturally inspires us to further extend their
capabilities to few-shot tasks in other modalities. Drawing on these motivations, in
[188], we introduced LLaFS, an innovative framework that pioneered applying LLMs
to FSS and achieved SOTA results. Unlike some previous FSS methods that also use
language models (LMs) but only for auxiliary purposes, such as utilizing LMs to ex-
tract text features [164, 139], our LLaFS is the first to leverage the more powerful large
language models and directly employs LMs to generate segmentation results. This
approach elevates LMs from a supportive position to a central role, making them no
longer work as only auxiliary tools but unlocking their complete potential to perform
complex vision tasks in an end-to-end manner. In this way, we provide a pioneering
exploration towards creating a generalized framework that empowers LLMs to address
few-shot learning challenges in other modalities beyond NLP.

In the research, we find that utilizing LLMs for FSS presents a lot of significant, non-
trivial challenges that must be overcome. A primary issue is how to adapt LLMs, which
are designed to produce text-based outputs, to the requirements of image segmentation
that demands to output pixel-level binary masks. Drawing inspiration from previous
work [141], we tackle this challenge by representing segmentation results as the vertices
of 16-sided polygons and crafting an instruction within the LLM’s input to explicitly
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define this format. This approach provides LLM with a clear hint about the task’s def-
inition and requirements, thereby prompting it to handle image segmentation more
effectively and robustly. Another crucial challenge lies in how to effectively combine
the visual information from support images with the textual information from LLMs to
guide the segmentation of query images. Leveraging the LLMs’ strong capacity for in-
context learning, we treat support images as demonstration exemplars and introduce
a region-attribute corresponding table as a more fine-grained multi-modal guidance.
This table details specific attributes of the target class alongside their corresponding
regions on the support image, thereby instructing the LLM to execute segmentation in
a more fine-grained and human-like manner. Moreover, we notice the issue of training
difficulty caused by the limited data and propose a pseudo-sample generation strategy
to tackle it with a curriculum learning mechanism to facilitate optimization. By incor-
porating these innovative designs, our proposed LLaFS framework presents excellent
effectiveness in handling few-shot segmentation.

While the LLaFS framework has demonstrated impressive performance, we still
identified some limitations, which we also aim to address in this chapter. A primary
concern arises from the proposed region-attribute corresponding table, which is de-
signed to align local regions in the support image with specific class attributes to form
a fine-grained guidance. The existing approach for aligning region-attributes in LLaFS,
which requires cropping images from local regions before extracting their CLIP fea-
tures, could potentially diminish the model’s effectiveness, since the act of image crop-
ping may eliminate crucial global context information, possibly leading to imprecise
alignment and, consequently, undermining the effectiveness of the corresponding ta-
ble. To overcome this challenge, we introduce a simpler yet more effective technique to
construct the region-attribute corresponding table. This method not only yields supe-
rior results but also reduces the computational cost required by the alignment process.
Another issue of the region-attribute table is that it contains many features describing
local areas of a class, such as the black eyes of a panda. These locally-focused fea-
tures could potentially mislead the LLM into focusing on segmenting only local regions
rather than the entire object of the target class, thus resulting in the reduced segmenta-
tion performance. To mitigate this issue, we introduce a novel inference method within
this paper, employing a contrastive prediction strategy designed to exclude incorrectly
predicted local regions. By incorporating these two enhancements into the existing
framework, We propose LLaFS++, a more robust and effective FSS framework with
higher performance.

We conduct extensive experiments across multiple datasets, and the results vali-
date the outstanding performance of LLaFS and LLaFS++. On PASCAL-5¢, COCO-20¢,
and FSS-1000, LLaFS++ achieves improvements of 7.0%, 8.3%, and 3.1% respectively
compared to the previously reported best results. We also carry out comprehensive
ablation studies to demonstrate the effectiveness and rationality of each module and
design within our LLaFS++ framework. In summary, the main contributions of this
chapter are as follows:

* We propose LLaFS (and its extension LLaFS++), the first framework to address
few-shot segmentation using large language models.

* We propose various innovative designs to make better use of LLMs in few-shot
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FIGURE 4.1: Overview of LLaFS++. The image encoder and Q-former
extract image features and generate a set of visual tokens. Subsequently,
a segmentation task instruction and fine-grained in-context introduc-
tion are introduced to provide detailed and comprehensive information.
These two instructions are integrated and fed into the LLM along with a
set of polygon embeddings {P,,})_; to produce the vertices coordinates
of polygons that enclose the target object. The segmentation mask rep-
resented by this polygon is processed by a refinement network to get the
final result.

segmentation, including a task-tailored instruction, a fine-grained in-context in-
struction serving as multi-modal guidance, a pseudo-sample-based curriculum
pretraining mechanism, and a novel inference method to mitigate prediction mis-
takes.

® QOur approach achieves state-of-the-art performance on multiple datasets, with
extensive experiments demonstrating the effectiveness of our designs.

4.2 Method

4.2.1 Overview

In this chapter, we aim to construct an LLM-based framework for few-shot segmen-
tation, i.e., to segment a query image I, based on N, support images {I, ;‘}27;1 and
their ground truth maps {G"},*,.! As shown in Figure 4.1, the overall framework of
LLaFS++ can be divided into three key components: (1) a feature extractor that extracts
image features and generates visual tokens; (2) a task-tailored instruction that com-
bines visual tokens, target categories, and task requirements to provide task-related
information and support guidance; and (3) an LLM that predicts segmentation masks
based on the input instruction and segmentation embeddings, followed by a refine-
ment network to optimize the results. For the feature extractor, we adopt the approach
in Blip2 [75] by using an image encoder followed by a Q-former and a fully-connected
layer to generate a set of visual tokens. We use ResNet as the image encoder and keep
it frozen during training. For the instruction, we carefully design it as the combination
of two parts: segmentation task instruction (Sec.4.2.2) and fine-grained in-context in-
struction (Sec.4.2.3) to provide comprehensive and detailed guidance. The instruction

!For simplify of illustration, we introduce LLaFS++ under the one-shot setting. Appendix presents
how to extend LLaFS++ to the multi-shot setting.
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is concatenated with a set of learnable segmentation embeddings {P,,}Y_, (Sec.4.2.4)
for inputting into the LLM. For the LLM, we employ CodeLlama [118] with 7 billion
parameters that have been finetuned through instruction tuning. Note that compared
to vanilla Llama, we empirically find that CodeLlama finetuned with code generation
datasets exhibits higher accuracy and stability in generating structured information
like the segmentation result in our task. We equip CodeLlama with LoRA for finetun-
ing. All these components work together within the LLaFS++ framework to achieve
high-quality few-shot segmentation.

As the input of LLM, the instruction is the most crucial component in our frame-
work that makes LLM possible to handle few-shot segmentation. To provide compre-
hensive information, we design two instructions, namely segmentation task instruction
and fine-grained in-context instruction, to respectively provide the LLM with detailed
task definitions and fine-grained multi-modal guidance. These two instructions are in-
tegrated to formulate the complete instruction as shown in Figure 4.1. In the following
Sec.4.2.2 and Sec.4.2.3, we introduce these two instructions in detail.

4.2.2 Segmentation Task Instruction

The LLMs trained on massive text contents have gained strong reasoning capabilities
and a vast amount of world knowledge. Language instructions have shown to be a
powerful tool for leveraging this knowledge and capability to handle complex tasks
[108]. To achieve better results, the instructions need to be sufficiently clear and de-
tailed, whereas those using only simple terminologies such as ‘performing image seg-
mentation” are too abstract for LLMs to comprehend. Thus, we design a structured
instruction to explicitly provide more task details such as the expected input and out-
put formats of few-shot segmentation. Specifically, in our instruction, we follow [141]
by representing the pixel-wise segmentation output as a set of 16-sided polygons that
enclose the target objects [84]. Note that it is hard for LLMs to directly generate pixel-
wise segmentation masks due to LLM’s limited number of output tokens. Our alter-
native solution of generating polygon vertices provides a token-efficient method for
using LLMs to achieve pixel-level segmentation.

Furthermore, the language-focused design of LLMs poses a challenge for their pre-
cise interpretation of visual information. This issue is particularly severe in few-shot
image segmentation, where the availability of training images is extremely limited. To
address this problem, inspired by the success of in-context learning in NLP [99, 44], we
propose a novel strategy that encodes the support image along with its ground truth
as a visual demonstration example. This example is then incorporated into the instruc-
tion, providing the LLM with a clear and intuitive reference that instructs the LLM on
how to accurately segment a specific class within an image.

By incorporating these designs, we write our segmentation task instruction as: “For
each object within the class [class] in an image, output coordinates of a 16-sided polygon that
encloses the object. These points should be arranged in a clockwise direction. The output should
be a tuple in the format of (c1, c2, ..., cn), where cn is the coordinates for the n-th object and
its format should be ((x1,y1),(x2,y2),...,(x16,y16)). The coordinate value should be within [im-
age size]. For example, for image [support image], the output should be [support ground
truth]”. Here, [support image] is the visual tokens from the support image, [support
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ground truth] denotes the vertex coordinates of 16-sided polygons that enclose the sup-
port foreground regions.

4.2.3 Fine-grained In-context Instruction
Motivation

The above task instruction makes segmenting a class possible by leveraging LLM’s
knowledge of the class. In the instruction, the class to be segmented is indicated by
the [class] token, which is typically a single noun. However, considering that LLMs
are language-based models mainly trained on text corpus, it is challenging for them
to directly align this abstract noun with an image region that may possess a complex
internal structure. To address this issue, we drew inspiration from human brains and
found that when classifying an unseen new class, the human cognitive system follows
a mechanism of ‘from general to detailed, from abstract to concrete’ [150, 102]. Specifically,
given an unseen class represented by a general noun, the human brain first decomposes
it into detailed attributes based on the acquired knowledge. For example, in the case
of an unseen class “‘panda’, a person can first gather information from references to
learn about the panda’s attributes such as ‘black and white fur” and ‘black ears’. Subse-
quently, it can search the image for concrete regions that match these abstract attributes
to determine the presence of the class.

Motivated from the above discussion, we propose a fine-grained in-context instruc-
tion that leverages support images to simulate such a human cognitive mechanism.
Specifically, we first instruct the LLM to extract detailed attributes of the target class
(Sec.4.2.3). Subsequently, we locate regions within support images that match these
attributes and create a corresponding table accordingly (Sec.4.2.3). This table, together
with the extracted attributes, constitutes an in-context instruction (Sec.4.2.3), which is
then fed into the LLM to serve as a demonstration example that guides the LLM on how
to recognize image classes in a more human-like and fine-grained manner. This ap-
proach effectively mitigates the limitations of LLMs in performing segmentation tasks
based solely on generic class names. Furthermore, we also present an LLM-checking
framework to refine the produced instructions (Sec.4.2.3). In the following sections, we
introduce the method for generating and refining the instruction in detail.

Attributes Extraction

We first simulate the step of ‘from general to detailed’ to extract class attributes. Specif-
ically, as shown in Figure 4.2(a), we construct a prompt ‘What does a [class] look like?
Please answer in the format of: A [class] has A, B, C,..., where A, B, and C are noun phrases to
describe a [class].”, and instruct the LLM in LLaFS++ to extract phrases-based attributes
that describe the fine-grained details of this class. These attributes are denoted as [at-
tributes] = {[att]i}fv:“l. For each [att];, we utilize “A photo of [att];” as a prompt to ex-

tract an embedding ¢; from the CLIP’s text encoder. In this way, we get {ti}f-v:“l from
([attli}.
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What does a panda look like? Please answer in the format of: A panda has A,
B, C,...,where A,B and C are noun phrases to describe a panda.

@8

e U

A panda has round black ears, a stout body, a white face, a bushy tail.

[att];: round black ears [att],:a stout body [att];:a white face

)
| )
[[att]4: a bushy tail ]

)

)

)

(a) Class Attributes Generation

Except for panda, which classes also have (round black ears, a stout body, a
white face, a bushy tail)?

@

) [ Raccoon, Skunk, Polar Bear.

[a-class];: Raccoon [a-class],: Skunk [a-class]s;: Polar Bear

(b) Ambiguity Detection

[ What does panda look different from (Raccoon, Skunk, Polar Bear)?

a' [A panda has black and white fur, black patches around eyes. ]

[[d—att]1: black and white fur [d-att],: black patches around eyes ]

(c) Discriminative Attributes Generation

FIGURE 4.2: Examples of using LLM for (a) class attributes generation,
(b) ambiguity detection and (c) discriminative attributes generation.

Region-attribute Corresponding Table

Considering that many attributes describe the locally regional characteristics of a cat-
egory, for example, ‘black ear’ for ‘panda’, to obtain a more refined support guid-
ance, we further simulate the second step of ‘from abstract to concrete’ by identifying
specific local regions within the support image that can be aligned with these class
attributes, and then employing the alignments to construct a fine-grained in-context
demonstration example. To implement this alignment, we introduce a simple yet ef-
fective method. Specifically, we first feed the support image into an enhanced CLIP
image encoder proposed by [101] to produce a feature map f € R¥>*WxC where H, W
and C represent the height, width, and channel number of f, respectively. Benefiting
from its patch-level contrastive pretraining [101], this enhanced CLIP encoder excels in
aligning text with specific local image regions. We then compute the cosine similarity
between each pixel f7 within f and each attribute embedding ¢; to produce a similarity
map M; € RT*W . As shown in Figure 4.3(a), it is encouraging to observe that this
similarity map, although derived through a simple and straightforward method with-
out complex post-processing, already exhibits a good level of attribute awareness, with
regions corresponding to the attribute typically exhibiting higher similarities than the
other areas. We further observe that some attributes, such as ‘black and white fur’ for
‘panda’, describe the wide-level properties of a class rather than specific details in local
regions. In this case, M; can still capture the presence of such attributes effectively, with
a wide range of pixels across the entire foreground showing a high degree of similarity.

The next challenge involves how to encode the attribute-corresponding region cap-
tured by M; into a format that the LLM can receive as input. To tackle this issue, we
introduce a lightweight region encoding network (REN) designed to convert M; into
an implicit feature. As shown in Figure 4.3(b), the REN is structured with three serial
transformer layers, with the input being the concatenation of the similarity map M;
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FIGURE 4.3: (a) Examples of similarity maps M; computed from the sup-
port image and class attributes. (b) Illustration of how to construct the
region-attribute corresponding table for the i-th attribute [att];. s f refers
to all pixels in support foreground. Note that the spatial shape of f and
M, shown in this figure is 2 x 2. This is only for the simplification of
illustration but not the actual size H x W used in practice.

and a learnable region embedding e,. e,’s hidden state r; at the output of the trans-
former is utilized as a feature to represent [att];’s corresponding region in the support
image. Note that in the transformer, we employ masked attention [31] rather than the
vanilla self-attention to focus REN on the support foreground area that belongs to the
target class. During the training process, REN is optimized end-to-end in sync with
the LLM. We also notice that not every attribute extracted through Sec.4.2.3 can find
a corresponding region on the support foreground, mainly due to the variations in
camera angles and instances of occlusion. To prevent introducing misleading infor-
mation, we use a simple thresholding approach to filter out feature r calculated from
these support-non-corresponding attributes. In this way, we establish region-attribute
correspondence [cor]; for each attribute [att]; by:

[cor], = None if max M/ <« else 1y, 4.1)

where M ZJ denotes the j-th pixel on M; and s f refers to all pixels in support foreground.
« is a pre-defined threshold. The obtained [cor]; represents regions in support image
that align with the i-th attribute. In this way, we get {[cor]i}f\[:"1 from {[att]i}f\;ﬂ, which
serves as a region-attribute corresponding table that can provide fine-grained multi-
modal reference.

It is crucial to highlight that the aforementioned technique for creating the region-
attribute corresponding table is simpler yet more effective than the method utilized
in the conference version LLaFS. As shown in Figure 4.4, in the method proposed in
LLaFS, we first divide the support foreground into multiple local regions. Specifically,
for each object in the support image within the target class, we employ the method in
selective search [135] to generate a set of superpixels {s;}.\", with different scales in an
unsupervised manner. Each s; aggregates pixels that are close in position and similar in
features, so it can represent a local region with a specific semantic meaning. Based on
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FIGURE 4.4: Illustration of how to construct the region-attribute corre-
sponding table used in the fine-grained in-context instruction in LLaFS.

each s;, a masked image is generated and passed through CLIP’s image encoder to pro-
duce a feature f;. We calculate the cosine similarity between f; and the embedding ¢;
for each attribute [att];, and utilize a thresholding process to establish region-attribute
correspondence. This process is formulated as:

[cor]; = |[att]; for j € [1,N,] if cos(fi,t;) > oz] 4.2)

where cos refers to cosine similarity followed by a softmax operation among the re-
gion’s similarities with all attributes, « is a pre-defined threshold. The obtained [cor];
contains attributes that align with s;. In this way, we get {[cor];} f-V:"l from {si}ﬁ\i‘l, which
serves as an attribute-region corresponding table that can provide the fine-grained
multi-modal reference. As mentioned in Sec.4.1, this approach requires the extraction
of CLIP features from cropped images, which compromises the region-attribute align-
ment accuracy due to the loss of context information. In contrast, the improved ap-
proach presented in this chapter eliminates this need for image cropping and achieves
better performance as demonstrated by the experimental results shown in Table 4.6.

Instruction Construction

We integrate the class attributes {[att]i}ﬁ\ill and corresponding table {[cor]l-}fvzal, and
write the fine-grained in-context instruction as: “To accomplish this task, you can refer
to the following properties of [class]: The [class] has [attributes]. For example, in [support
image], the output should be [support ground truth], because in these regions, [cor]; is
[att];, [cor]s is [att], ..., [cor]n, is [att]n, ”. Note that to prevent introducing misleading
information, only non-empty [cor]; will be included in this instruction. By using the
instruction as input, we provide the LLM with a detailed reference regarding the at-
tributes of the target class and their corresponding regions in the support image. This
creates a demonstration example that simulates how the human cognitive mechanism
recognizes the support foreground as the target class. With such an example as ref-
erence, the LLM can be taught how to understand and segment an image class in a
fine-grained and human-like manner.
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Instruction Refinement

The above instruction, which is constructed by the extracted attributes {[att];}*, and
table {[cor]i}fv:“l, can be directly fed into LLM for guidance. However, we have identi-
fied potential issues that directly combining the attributes derived from Sec.4.2.3 may
introduce class ambiguities due to the shared attributes across different classes. For ex-
ample, the combination of attributes ‘wheels, windows, doors” might be extracted for
the ‘train’ class but could also refer to other classes such as “bus’ and ‘car’. Furthermore,
since attributes not corresponding to the support image have been filtered out through
Eq.4.1, the generated table {[cor];}*, may represent regions for only a subset of at-
tributes within {[att];}}*,. The combination of these partial attributes is consequently
more susceptible to class ambiguities, and thus making the resultant instruction to be
confusing and misleading.

To alleviate the aforementioned issue, we propose an LLM-checking framework to
refine the instruction. This framework identifies potential ambiguous classes for the
existing attributes, and subsequently extracts additional attributes with higher class
discrimination ability to mitigate the ambiguity problem. Specifically, the instruction
refinement is implemented through the following three steps: 1) Ambiguity Detec-
tion. As shown in Figure 4.2(b), we instruct the LLM to identify potential ambiguous
classes in the obtained table {[cor]i}f\ill. Specifically, we denote the set of all attributes
with a non-empty [cor]; as [valid-att] and ask the LLM “Except for [class], which classes
also have [valid-att]?” In this way, we obtain a set of ambiguous classes denoted as
[a-classes]={ [a-class]i}fV:“f from LLM’s feedback. 2) Discriminative Attributes Genera-
tion. As shown in Figure 4.2(c), to avoid being misled by these ambiguous classes, we
use ‘What does [class] look different from [a-classes]?” as a text prompt, enabling the LLM
to generate attributes that are more discriminative from the ambiguous classes. The
obtained attributes {[d—at’c]i}f\fz‘i1 are added to [attributes] for updating. 3) Table and In-
struction Refinement. Finally, using the updated attributes, we generate a refined table
by reperforming Eq.4.1. The updated attributes and table are reassembled through the
way in Sec.4.2.3 to obtain a refined instruction.

We found that a single execution of the three steps already resolves ambiguities in
over 92% of the instructions. While for the residual 8%, the class ambiguities remain,
resulting in a still-ambiguous instruction after refinement. To address this problem,
we apply the three steps iteratively until the ambiguity is completely eliminated. To
achieve this goal, from the second iteration onwards, we replace the text prompt in
the discriminative attributes generation step with “Apart from [all-d-att], tell me more
differences in appearance between [class] and [a-classes]’, where [all-d-att] refers to the
discriminative attributes [d-att]; obtained from all previous iterations. This modifi-
cation enables our iterative framework to continuously discover more discriminative
attributes and refine the instruction accordingly. We end the iteration process when ei-
ther of two conditions is met: the LLM cannot find any ambiguous class, or the number
of iterations reaches our predefined maximum. For efficiency, we set this maximum to
3, in which we found 98% of the ambiguities have been entirely eradicated.
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FIGURE 4.5: Structure of the refinement network. This network is
lightweight, comprising only 6 convolution layers and 3 attention lay-
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4.2.4 Segmentation Prediction

We integrate segmentation task instruction and fine-grained in-context instruction to
formulate the complete instruction as shown in Figure 4.1. With this instruction as in-
put, the LLM can predict the vertex coordinates of 16-sided polygons that surround the
target objects. Specifically, as shown in Figure 4.1, inspired by MaskFormer, we intro-
duce N sets of polygon embeddings {P,,}_,, which are concatenated with the instruc-
tion and fed into the LLM. Each P,, consists of 33 learnable embeddings (x., ., x2,y?2,
.y X6 y16 v,,), where the LLM’s outputs of the first 32 embeddings determine the x-
and y-coordinates of the polygon’s 16 vertices, and the final embedding v, after being
processed by the LLM, is fed into a fully-connected layer f, to yield a validity score
vy,. This score reflects the likelihood that the polygon produced by P,, can accurately
represent the target object in the query image. Consequently, we filter out the polygons
with v,, < 0 and regard the regions enclosed by the remaining polygons as the segmen-
tation prediction result. We use 1 to fill the area enclosed by the valid polygons and 0
for the area outside these polygons, resulting in a binary segmentation mask denoted
as M.

Moreover, to rectify the imprecision caused by the polygon representation of object
edges, we introduce a refinement network that comprises a pixel decoder and a mask
transformer to generate a refined segmentation mask by using these polygons as the
initial masks. As shown in Figure 4.5, this refinement network has a structure similar to
Mask2Former [31], comprising a pixel decoder that progressively increases the sizes of
query image feature maps and a masked transformer decoder for refining the queries.
M is used as the mask for masked attention in the transformer decoder. Readers can
refer to Sec.3.21 of [31] for more details of masked attention. Note that, compared to
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the vanilla Mask2Former, our method does not employ a heavy transformer to con-
struct the pixel decoder; instead, we use a simple structure composed of a small num-
ber of convolution and bilinear upsampling layers. Moreover, our approach uses the
transformer decoder only once, rather than applying it iteratively. These modifications
reduce the computational complexity, resulting in a highly lightweight refinement net-
work with just six convolution layers and three attention layers. Given that the output
from the LLM is already quite effective, this lightweight network is entirely adequate
for the refinement purpose. Also note that this refinement network is only an optional
component that can further improve performance. Excluding it from LLaFS++ and di-
rectly using the LLM-generated polygons as the final segmentation mask is completely
acceptable, and it can still achieve the SOTA performance.

4.2.5 Curriculum Pretraining with Pseudo Samples
Motivation

After carefully designing the model structure and instruction format, the next chal-
lenge is how to train LLaFS effectively to achieve high-quality segmentation results.
Previous work [83] has highlighted that the success of LLMs typically relies on the
training on extensive data. However, due to the challenge of acquiring pixel-annotated
labels, the datasets for training in segmentation often have a limited number of images.
To mitigate this limitation, we propose an innovative solution that generates pseudo
support-query pairs for pretraining the LLM. The LLM’s ability to handle few-shot
segmentation can thus be enhanced by seeing more visual samples with segmentation
annotations.

Pseudo Sample Generation

Specifically, we propose a method to generate pseudo support-query pairs with the fol-
lowing steps:

Step 1: Support foreground-background partition. We first generate a random con-
tour within a black image. The area surrounded by this contour is considered as the
foreground within the target class, while the regions outside the contour are treated as
the background. To mimic the variety of backgrounds found in real-world images, we
divide the background into multiple subregions using random contours. The number
of these subregions is randomly determined, ranging from one to five.

Step 2: Support noise filling. We randomly generate an array ms; € R? within the
value range [0, 255] and use it as the RGB mean to create Gaussian noise that fills the
support foreground region. For each subregion of the support background, we gen-
erate another array mg, € R? as the mean for producing Gaussian noise to fill that
subregion. The random generation space of mg, is constrained so that the distance
llms — mss|| € [a,b], where a,b are two adjustable parameters. By modifying a and
b, we can control the difference between the foreground and background in each syn-
thetic image. The following section will illustrate how to adjust these parameters in
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different pretraining steps.

Step3: Query foreground-background partition by adjusting from support. To en-
sure that the support and query foregrounds share similar shapes and thus represent
the same category, the contour used to generate the query foreground is adjusted based
on that used for generating the support foreground. Specifically, we first add standard
Gaussian noise to the ten control points that define the support foreground contour.
This results in a noised contour, which is then further adjusted by random rotation
and scaling between [0.5, 1.5]. Subsequently, we randomly place the resulting contour
within a black image, and the area it encloses is regarded as the query foreground.
Finally, we employ the same method used for the support background to divide the
query background into subregions.

Step4: Query noise filling by adjusting from support. Using the same method as
for the support generation, we randomly generate arrays m,; € R® and my, € R? as
RGB means to produce Gaussian noises, which fill the query foreground and each sub-
region of the query background. To ensure that the support and query foregrounds
share similar internal features and thus reflecting the same category, we constrain the
random generation space of m,s so that the distance satisfies ||[mqr — ms¢|| € [c,d],
where ¢ and d are adjustable parameters. For the background’s mg, we apply two
constraints to determine its random generation space: (1) similar to the support back-
ground, we maintain the difference between the query background and query fore-
ground within the range [a, b]; (2) to ensure the query foreground is the most similar
region to the support foreground in the query image, we also enforce that the difference
between the query background and the support foreground is greater than the differ-
ence between the query foreground and the support foreground. This is expressed as
[|mgp — msyr|| > ||mgr — msy||. Under these constraints, m,s and mg, are randomly
generated and used as the means of Gaussian noises that fill the query foreground and
background, respectively, creating the pseudo query image.

Curriculum Pretraining

The synthetic support-query pairs can be directly used for pretraining. However, this
straightforward method is observed to yield a slow rate of convergence. One poten-
tial explanation for this issue is that the LLM, given its language-based nature, may
face difficulties in optimizing for a complex image processing task. To address this
issue, we propose a progressive pretraining approach inspired by the success of cur-
riculum learning [143], in which we initiate the model’s pretraining with a simple task
and gradually increase the task’s difficulty until it ultimately reaches the requirements
of segmentation. Experimental results show that this curriculum learning approach
allows the model to converge better and achieve higher results.

Specifically, as show in Figure 4.6, during pretraining, we incrementally raise the
task’s difficulty from the following two aspects:

(1) Image understanding. During pretraining, by controlling the difference between
mean values of different filled noise, we gradually increase the difference in foreground
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FIGURE 4.6: Examples of pseudo samples generated at different pre-
training stages. Foreground regions are marked by white contours.
As pretraining progresses, pseudo images have reduced intra-image
foreground-background differences and greater support-query fore-
ground differences. Meanwhile, the number of polygon vertex coordi-
nates provided in the instruction decreases, while the predicted vertex
count increases. These changes gradually increase the pretraining diffi-
culty. (Best viewed in color)

between the synthetic support and query, while reducing the internal difference be-
tween foreground and background within each image. This strategy incrementally
increases the challenge for the LLM to execute few-shot guidance and distinguish be-
tween foreground and background areas as pretraining progresses.

Specifically, the interval [a, b] controls the difference between the foreground and
background in an image. During the pretraining process, to decrease this difference,
we gradually reduce the values of and a, b, with a eventually decreasing to 0. Denoting
the total number of pretraining steps as IV, (IV, = 60K in our experiments), the values
of a,, and b, at step n are formulated as:

n.aop
an =00 — 57>

Np (4.3)
bnzan+b0_a07

where ag and by are the hyper-parameters that define the initial values of @ and b in the
first step of pretraining.

The interval [c, d] regulates the difference between the support foreground and
query foreground. During the pretraining process, to enlarge this difference, we grad-
ually increase the values of c and d, making c to be increased from 0 to cy, as the step
progresses from 0 to N,. In this way, the values of ¢, and d,, at step n are formulated
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as:
’fl.CNp

Ny’ (4.4)
dn = ¢ + de — CNp»

Cp =

where cy, and dy, are the hyper-parameters that define the final values of a and b in
the last step of pretraining.

In this approach, ag, bo, ¢, and dy, are predefined hyper-parameters, which are
respectively set to 100, 150, 50, and 100 in our framework. Note that, our experi-
ments demonstrate that the performance of LLaFS++ is NOT sensitive to these hyper-
parameters. See Sec.4.3.4 and Table.4.11 for details.

(2) Polygon generation. Generating a polygon represented by a combination of ver-
tex coordinates is observed to be another challenge for the LLM. Therefore, we also
apply a progressive strategy to this aspect. Specifically, during the pretraining stage,
we randomly provide the coordinates of K vertices and task the LLM with predicting
the coordinates of the remaining 16 — K vertices. K is decreased by 1 every N,/30
steps over the first half of the pretraining process (N,/2 steps). This gradual reduc-
tion of K from 15 to 0 means the model receives fewer hints and is required to predict
more vertex coordinates as pretraining progresses. Consequently, the pretraining diffi-
culty gradually increases, ultimately reaching the task of predicting all 16 vertices for
segmentation. In the second half of the pretraining process (IV,,/2 steps), we maintain
K =0.

Ultimately, the model is trained on the realistic few-shot segmentation dataset af-
ter completing the aforementioned pretraining process. We will illustrate the detailed
training procedures in the following section.

4.2.6 Training and Inference

After introducing our innovative designs within the LLaFS++ framework, in this sec-
tion, we further elaborate on the complete process of model training and inference
methods. Specifically, we follow previous works by using a multi-stage training strat-
egy, and propose a novel inference method to address potential hallucination issues
when executing the LLaFS++ framework.

Training

Following the method of Blip2 [75], which commences by training the Q-former inde-
pendently before jointly training it with the LLM, we train the LLaFS++ framework
using three stages, with distinct components targeted at each stage. In the first stage,
we freeze the LLM, pretrain the Q-former and fully-connected layers for 100K steps us-
ing the image captioning datasets? and methods in Blip2 [75], with the aim of enabling
the LLM to acquire the capability to process visual images. Note that incorporating im-
age captioning datasets into the training process is a strategy widely adopted by a lot of
LLM-based segmentation methods such as LISA [70] and VisionLLM [141]. Thus, we
employ the same method as well. Another important point worth mentioning is that

2COCO is excluded from the pretraining set to avoid test data leakage.
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FIGURE 4.7: Examples of augmented image captioning data and tem-
plates to extend captions.

we found models trained directly with the original image captioning dataset exhibit
poor spatial locality awareness, which is detrimental to image segmentation. To ad-
dress this issue, we employ a simple data augmentation method based on noise filling.
Specifically, as shown in Figure 4.7, we inject Gaussian noise into a randomly chosen
rectangular area of each training image. Note that to maintain the integrity of the im-
age’s overall content, the dimensions of this rectangle are constrained to no more than
1/8 of the image’s size. We then update the image caption to reflect the location of
this noisy region. Concretely, to enrich the diversity of the augmented captions, we
employ ChatGPT to reformulate the sentence “A noise is at [position]" to 100 variant
templates, where [position] is a tuple containing the center coordinates, height, and
width of the noisy rectangle. Some of these templates are shown in the right part of
Figure 4.7. For each noise-augmented image, one of these templates is randomly se-
lected and appended after its original caption. Our experimental results, detailed in
Sec.4.3.4 and Table 4.12, demonstrate that pretraining with such noise-augmented data
helps to enhance the model’s segmentation performance.

In the second stage, we freeze the Q-former, equip the LLM with LoRA, and pretrain
the fully-connected layers, LLM and refinement network using the pseudo-sample-
based curriculum learning method (Sec.4.2.5) for 60k steps. In the third stage, we train
the fully-connected layers, LLM and refinement network on the realistic few-shot seg-
mentation dataset (25 epochs for PASCAL-5' and FSS-1000, 3 epochs for COCO-20).
Note that using the vertex coordinates generated by the LLM to construct a binary
mask as input for the refinement network is a non-differentiable process. Therefore, we
employ two separate loss functions to train the refinement network and the remaining
components of LLaFS++, respectively. In this way, the overall loss can be written as:

L= Ellm + ['refa (45)

where Ly;,,, denotes the loss for training fully-connected layers and LLM, L,y denotes
the loss for training the refinement network. For L;;,,,, we first use bipartite matching
to align the LLM-predicted polygons with each object in the ground truth, then we use
cross-entropy loss to compute Ly,,. This process is just similar to the loss functions
adopted in DETR [13] and MaskFormer [31], with the validity score for each polygon
serving as the role of classification score used in [13, 31] for bipartite matching. For
L,cr, we use cross-entropy loss with online hard examples mining (OHEM) strategy to
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compute it. Note that to compute the loss Ly, it is essential to obtain instance-wise
ground truth objects for bipartite matching. There exist two methods to acquire this
object ground truth: (1) Utilizing the instance segmentation annotations provided by
the Pascal VOC and COCO datasets directly, or (2) Considering each connected com-
ponent within the semantic segmentation ground truth mask as a separate instance
object. Given the constraints of few-shot segmentation, where only semantic-level
ground truth is accessible while instance-level annotations are not, we adopt the latter
approach. Although this method of deriving object ground truth may introduce some
inaccuracies, it is observed to already yield sufficiently satisfactory training results. If
we can use the more accurate instance-level annotations for training, LLaFS++’s 1-shot
performance on PASCAL-5" and COCO-20° could be further improved by 1.3% and
0.8%, respectively.

Inference with Hallucination Mitigation

During the inference stage, we treat the annotated image of a new class as the sup-
port image and the test image to be segmented as the query image. These images are
fed into the LLaFS++ framework as shown in Figure 4.1 to generate the segmentation
results. While this straightforward method typically produces satisfactory outcomes,
as shown in Figure 4.8(a), we occasionally face a hallucination issue where the model
incorrectly segments incomplete local regions of the target object rather than capturing
its entirety. This problem may arise from the utilization of the fine-grained in-context
instruction as described in Sec.4.2.3, where some locally regional characteristics of the
target class and their corresponding local regions within the support image are input
into the LLM for guidance, which could potentially mislead the LLM to focus on seg-
menting only local regions of the target class, thus resulting in the hallucination issue.
To address this problem, we introduce a contrastive prediction approach for model in-
ference. Specifically, consider the LLM ¢ with L layers; denote the first L — 1 layers of
the LLM as ¢[1.,—1] and the final layer as ¢[z). Within ¢(;;, we use self-attention masks
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to block all hidden states of [class] tokens and [support ground truth] tokens, thereby
preventing other tokens from seeing these tokens describing the target class’s global
information. In this way, we create a locally-biased layer denoted as d;[ 1]- For the n-
th polygon embedding P,,, we denote its validity score (refer to Sec.4.2.4 for details)
computed from [¢(1.; 1), )] as v, and that from [¢p..—1), gﬁ[L]] as 0. In the training
stage, as illustrated in Sec.4.2.4, we directly use v, to verify the validity of the polygon;
whereas in the inference stage, we calculate another score v,, for this verification by:

Up = Up + (U — V) = 20y, — V. (4.6)

Subsequently, polygons with v,, < 0 are excluded. This procedure incorporates a con-
trastive element (v, — ©0,,) during the inference phase, a strategy drawing inspiration
from the success of contrastive decoding [78] in NLP. Specifically, within the LLM’s in-
put instructions, the [class] tokens denote the class name, while the [support ground
truth] tokens describe the entire area belonging to the target class within the support
image. These tokens collectively represent the holistic or global information of the
target class. When such global tokens are masked out within q;[ 1), the remaining infor-
mation is primarily related to the localized attributes of the target class. Relying solely
on such locally-focused information inherently increases the validity scores of the pre-
dicted local regions, while reducing those for polygons that enclose the entire target
object. Therefore, a higher contrastive value (v, — ©,,) can reflect a greater possibility
that the n-th polygon represents the entire object. By combining this contrastive ele-
ment with v, and using the combined score v,, to assess the polygons, we can filter out
those that represent just local regions of the target object, thus mitigating the aforemen-
tioned hallucination problem. The score distributions shown in Figure 4.8 demonstrate
the effectiveness of v,,, which shows that compared to v, a greater number of v,, for the
incorrectly predicted local regions fall below 0. Conversely, for the correctly predicted
complete objects, the distribution exhibits an opposite trend. Note that our inference
method does not require adding any extra parameters; it only necessitates a slight 3%
increase in computational cost for an additional run of the LLM’s last layer. Therefore,
our approach can enhance performance at almost zero cost, as demonstrated by the
experimental results presented in Table 4.6.

4.2.7 Extension to Multi-shot Setting

In the above sections, we introduce LLaFS++ under the one-shot setting. The method
for the multi-shot setting can be easily extended from the one-shot method. Specifi-
cally, for each support image, we extract a set of visual tokens and a region-attribute
corresponding table using the method illustrated in the main paper. These pieces of in-
formation from all N, support images are then incorporated into the following instruc-
tion for feeding into the LLM: For each object within the class [class] in an image, output
coordinates of a 16-sided polygon that encloses the object. These points should be arranged in a
clockwise direction. The output should be a tuple in the format of (c1, c2, ..., cn), where cn is
the coordinates for the n-th object and its format should be ((x1,y1),(x2,y2),...,(x16,y16)). The
coordinate value should be within [image size]. To accomplish this task, you can refer to the fol-
lowing properties of [class]: [class] has [attributes]. For example, for image [support image
1], the output should be [support ground truth 1], because in these regions, [cor] is [att]q,
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[cor]y is [att]y, ... , [cor]n, is [att]n,;...; for image [support image N,], the output should
be [support ground truth N;], because in these regions, [cor]; is [att];, [cor]s is [att]s, ...,
[cor]n, is [att]n,. For image [query image], what is the output?

4.3 Experiments

4.3.1 Datasets and Metrics

We evaluate our method on three commonly used datasets: PASCAL-5 [119], COCO-
20° [103], and FSS-1000 [77]. The PASCAL-5' dataset is comprised of images sourced
from the PASCAL VOC 2012 dataset with annotations extended by the SDS dataset.
COCO-20" is proposed in [103] and built based on MSCOCO. Following previous work
[188, 160, 94, 33], we employ a cross-validation strategy for our experiments. Specif-
ically, we divide the total classes of each dataset into four equal subsets, using three
subsets for training and the remaining one subset for testing in each experiment. In
this way, for PASCAL-5', we have 15 classes for training and 5 classes for testing, and
for COCO-20¢, we have 60 classes for training and 20 classes for testing in each experi-
ment. This approach results in four sets of experimental results along with their mean
result for each dataset. The FSS-1000 dataset contains images of 1000 classes, of which
486 classes are new classes not present in previous benchmarks. The overall classes in
FSS-1000 are divided into 520, 240, and 240 classes for training, validation, and testing,
respectively. Following previous methods [94], we report the results on the test set.
We use two widely-adopted metrics for evaluation, including mean intersection-over-
union (mloU) and foreground-background IoU (FB-IoU).

4.3.2 Implementation Details

We set the threshold « in Eq.4.1 to 0.22, and the number N of polygon embedding
P,, to 15. The ground truth of polygon vertices is obtained in polar coordinates [154].
Specifically, starting from the object center, 16 rays are uniformly emitted at equal an-
gular intervals Af = 22.5°. The points of intersection between these rays and the object
contour are taken as the ground truth of the polygon vertices. AdamW is used as the
optimizer with the cosine annealing schedule and an initial learning rate of 0.0002. The
model is trained on A100 GPUs. ResNet50 and ResNet101 from the CLIP are used as
the image encoder. In ResNet, the output features from stage 3 and stage 4 are resized
to 1/8 of the input size and concatenated with the output features from stage 2. This
combined feature is used as the input for the Q-former and the pixel decoder in the
refinement network. The Q-former has 8 layers with the dimension of 384. The num-
ber of queries in the Q-former is set to 100. The input for the text transformer in the
Q-former is ‘a photo of [class].”. Feature dimension in the region encoding network and
refinement network is 128. The batch size is 32 and the input image size is (384, 384).
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1-shot 5-shot
Backbone  Method  Venue Fold0 Fold-T Fold2 Fold-3 Mean FB-ToU Fold0 Fold-T Fold2 Fold-3 Mean FB-ToU
NTRENet CVPR2Z | 654 723 594 598 632 770 | 662 728 617 622 657 784

BAM CVPR"22 690 736 675 611 678 797 706 751 708 672 709 822
AAFormer ECCV’22 69.1 733  59.1 592 652 738 72.5 747 620 613 676 762
SSP ECCV"22 605 678 664 510 614 67.5 723 752 621 693

IPMT NeurIPS22| 728 737 592 616 668 77.1 73.1 747 616 634 682 814
ABCNet CVPR’23 688 734 623 595 660 76.0 717 742 654 670 69.6  80.0
HDMNet CVPR'23 71.0 754 689 621 694 - 713 762 713 685 718 -

MIANet CVPR23 685 758 675 632 687 795 702 774 700 688 717 822

ResNet50 MSI ICCV"23 71.0 725 638 659 683 79.1 730 742  66.6 705 711 81.2
SCCAN ICCV"23 683 725 668 598 668 777 72.3 74.1 69.1 65.6 703 818
AMFormer NeurlPS23| 71.1 759 697 637 70.1 - 732 778 732 687 732 -
HPA T-PAMI'23 | 675 724 652 567 654 764 712 739 688 638 694 811
BAM-final T-PAMI23 | 69.2 747 678 617 683 803 71.8 757 720 675 718 831
PFENet++ T-PAMI'24 | 633 710 659 596 649 768 66.1 750 741 643 699 811
LLaFS CVPR"24 742 788 723 685 735 848 75.9 80.1 75.8 707 756 853
LLaFS++ - 77.8 821 758 729 772  86.7 79.7 836 779 738 788 877
NTRENet CVPR22 655 71.8 59.1 583 637 753 67.9 732  60.1 668 670 782
DCAMA  ECCV22 654 714 632 583 646 776 707 737 668 619 683 808
VAT ECCV"22 700 725 648 642 679 796 75.0 68.4  69.5 720 832
ABCNet CVPR23 653 729 650 593 65.6 785 714 750 682 631 694 808
MSI ICCV"23 73.1 739 647 688 70.1 82.3 73.6  76.1 68.0 713 722 823

ResNet101 SCCAN ICCv23 709 739 668 617 683 785 73.1 764 703 661 715 821

AMFormer NeurlPS23| 713 767 707 639 707 - 744 785 743 672 73.6 -

HPA T-PAMI'23 | 672 731 643 598 66.1 76.6 68.3 752 664 678 694 804
BAM-final T-PAMI'23 | 699 754  67.1 621 686 802 726 771 70.7 698 725 841
PFENet++ T-PAMI'24 | 63.1 724 634 622 653 755 672 761 755 672 715 827
LLaFS CVPR"24 750 793 729 694 741 85.1 77.0 81.1 76.5 721 767 858
LLaFS++ - 788 824 762 732 777 872 805 844 787 748 796 884

TABLE 4.1: Performance comparison with other methods on PASCAL-
5¢.

4.3.3 Main Results
Comparison with Few-shot Segmentation methods

In this section, we compare our method with existing state-of-the-art few-shot seg-
mentation techniques on three datasets: PASCAL-5‘, COCO-20¢, and FSS-1000, with
the results presented in Table 4.1, Table 4.2, and Table 4.3, respectively. To evaluate
the generalization capabilities of our approach, we report comparative results utilizing
two different backbone scales: ResNet50 and ResNet101. All the compared methods
are advanced approaches published at top conferences (CVPR, ICCV, NeurIPS, etc.) or
in top journals (T-PAMI) within the recent two years. Our method displays superior
performance across all datasets and experimental settings, consistently outperform-
ing the existing approaches and showing a significant enhancement over the previous
state-of-the-art results. For instance, using the ResNet50 backbone on the PASCAL-5"
dataset, our conference version, LLaFS [188], achieves an mIoU of 73.5% and an FB-IoU
of 84.8%, significantly surpassing the runner-up by 3.4% and 4.5%, respectively. In this
chapter, we introduce LLaFS++, which incorporates additional improvements and thus
achieving an even higher mloU of 77.1% and FB-IoU of 86.7% in the 1-shot scenario,
which surpasses LLaFS by 3.6% and 1.9%, and outperforms the previous best results
by 7.0% and 6.4%, respectively. Considering the more demanding COCO-20° dataset,
which presents a bigger challenge due to a greater number of classes and more di-
verse images, our method shows even higher advantages, outperforming the previous
state-of-the-art techniques by 8.3% in mIoU and 9.3% in FB-IoU for the 1-shot scenario
using the ResNet101 backbone. It is worth noting that MIANet [164], a method we
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1-shot 5-shot
Backbone Method — Venue Fold-0 Fold-T Fold-2 Fold-3 Mean FB-IoU | Fold0 Fold-1 Fold2 Fold3 Mean FB-IoU
NTRENet CVPR2Z2 | 368 426 399 379 393 685 | 382 441 404 384 403 692

BAM CVPR"22 434 506 475 434 462 674 493 542 516 496 512 719
SSP ECCV'22 355 396 379 367 474 - 40.6 470 451 439 441 -
AAFormer ECCV’22 398 446 406 414 416 677 429 501 455 492 469 682
MM-Former NeurIPS'22| 405 477 452 433 442 - 440 524 474 500 484 -
IPMT NeurIPS22 | 414 451 456 40.0 43.0 435 497 487 479 475

ABCNet CVPR23 423 462 460 420 441 69.9 455 517 526 464 491 72.7
HDMNet CVPR23 438 553 516 494 500 722 50.6 616 557 560 560 777
ResNet50 MIANet CVPR23 425 53.0 478 474 477 715 458 582 513 519 51.7 731
MSI ICCv'23 424 492 494 461 468 - 47.1 549 541 51.9 520 -
SCCAN ICCVv23 404 497 496 456 463 699 472 572 592 521 539 74.2
AMFormer NeurIPS23| 449 558 527 506 51.0 729 520 619 574 579 573 788
HPA T-PAMI'23 | 41.0 469 443 432 438 68.3 462 562 492 504 505 714
BAM-final T-PAMI'23 | 439 514 479 445 469 723 498 554 523 502 519 74.7
PFENet++ T-PAMI'24 | 409 460 423 401 423 657 475 533 473 464 486 703

LLaFS CVPR24 475 588 562 53.0 539 752 532 638 631 60.0 60.0 795
LLaFS++ - 50.8 62.7 602 564 57.5 788 539 649 638 611 609 79.9
NTRENet  CVPR'22 383 404 395 381 391 67.5 423 444 442 417 432  69.6
SSP ECCV'22 39.1 451 427 412 420 - 474 545 504 496 502 -
IPMT NeurIPS22| 405 457 448 393 426 - 45.1 503 493 468 479 -
ABCNet CVPR23 36.5 357 347 314 346 592 401 401 39.0 359 388 628
MsSI ICCV"23 448 542 523 480 498 493 580 56.1 527  54.0

SCCAN ICCv’23 426 514 500 488 482 697 494 617 619 550 570 748
AMFormer NeurIPS23| 405 457 448 393 426 - 451 503 493 468 479 -

HPA T-PAMI'23 | 432 505 455 462 463  68.8 494 584 525 509 528 744
BAM-final T-PAMI'23 | 452 551 487 450 485 69.9 483 584 527 514 527 741
PFENet++ T-PAMI'24 | 420 441 410 394 416 654 473 551 50.1 501 50.7 709
LLaFS CVPR"24 48.1 593 565 536 544 756 532 641 633 602 602 79.6
LLaFS++ - 511 63.0 614 569 581 792 542 652 639 613 611 80.0

ResNet101

TABLE 4.2: Performance comparison with other methods on COCO-20".

compare against, also employs a language model (word2vec) to facilitate few-shot seg-
mentation. Our method, different from MIANet, leverages the more powerful large
language model (LLM) complemented by several innovative and task-specific designs
that enhance the LLM’s capability in addressing the few-shot segmentation problem.
Particularly, our fine-grained in-context instruction delves deeper into how to better
integrate textual and visual information from language models and annotated images
for getting a better multimodal guidance. With these novel designs, our method signif-
icantly outperforms MIANet by 8.5% mloU on PASCAL-5'. These results demonstrate
the excellent performance of our LLaFS++ and highlight the huge potentiality of using
LLMs to tackle few-shot segmentation.

Backbone Method Venue 1-shot  5-shot
MSI [CCV'23 900 906
PFENet++ TPAMI24 | 886  89.1

ResNet30 77 rg CVPR24 923 928
LLaFS++ - 93.2 93.5
MSI ICCV'23 906 910
PFENet++ T-PAMI24 | 886 892

ResNetl01 —77rg CVPR24 927 930
LLaFS++ - 934 938

TABLE 4.3: Performance comparison on FSS-1000.

Comparison with LLM-based Segmentation Methods

We further compare our method with other LLM-based segmentation techniques to
highlight the superior advantages of our LLaFS++ framework. We choose two recently
published advanced algorithms from CVPR 2024 for this comparison: LiSA [70] and
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PixelLM [116] and the comparative results are shown in Table 4.4. Given that these
methods are not originally designed for few-shot segmentation tasks, we perform some
minor adjustments to their model structures to better suit the task. Specifically, on top
of their existing textual input, we include support image features and support ground
truth features as additional inputs for the language models. The support image features
are obtained directly from the CLIP encoder, while the support ground truth features
are acquired through SAM’s [69] prompt encoder. After incorporating these changes,
we retrain the altered models on few-shot segmentation datasets, allowing us to fairly
evaluate their performance against our LLaFS++ framework. As shown in Table 4.4,
we note that although LiSA and PixelLM also employ LLMs with a 7B parameter size,
their performance on all three datasets is significantly worse than that of LLaFS++.
This is because our LLaFS++ contains several task-tailored designs such as the novel
instructions and pseudo-sample-based pretraining mechanisms, which enable the LLM
to handle few-shot segmentation more effectively. The results demonstrate the excel-
lent performance of LLaFS++ in comparison to other LLM-based segmentation meth-
ods. It also suggests that the superior performance of LLaFS++ is NOT attributable
only to the use of an LLM, but is also a result of our carefully designed, innovative, and
task-tailored methods that enhance the LLM’s ability to process few-shot segmentation.

Method  Ven PASCAL-5 COCO-20° FSS-1000
etho enue 1-shot 5-shot | 1-shot 5-shot | 1-shot 5-shot
LISA CVPR24 70.2 73.7 51.9 58.0 90.5 91.1

PixelLM CVPR24 | 69.5 73.2 51.0 57.2 90.0 90.5
LLaFS CVPR24 | 74.1 76.7 54.4 60.2 92.7 93.0
LLaFS++ - 77.7 79.6 58.1 61.1 93.4 93.8

TABLE 4.4: Comparison with LLM-based segmentation methods.

4.3.4 Ablation Study

In this section, we perform several ablation studies to verify the effectiveness of the
proposed designs and components in our LLaFS++. The experiments are conducted
on PASCAL-5' Fold-0 with the ResNet50 backbone and 1-shot scenario.

Effectiveness of Key Components

To enhance the LLM’s capability in handling few-shot segmentation, we propose sev-
eral novel designs in this work including (1) the segmentation task instruction, (2) the
fine-grained in-context instruction, (3) the refinement network, and (4) the pseudo-
sample-based curriculum pretraining. These innovative designs work together within
our LLaFS++ framework to achieve high-performance few-shot segmentation. To eval-
uate the contribution of each component, we conduct a series of ablation experiments
with the results presented in Table 4.5. We observe that replacing the detailed seg-
mentation task instruction with an abstract summary ‘perform image segmentation’
decreases the mIoU by 6.5%. Not using the other components can also lead to a signif-
icant drop in performance, demonstrating their importance and effectiveness. It is im-
portant to note that even without the refinement network, directly using the polygons
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outputted by the LLM as the final segmentation results still yields quite good perfor-
mance (74.3% mloU) that outperforms previous SOTA (71.1% mloU) significantly.

Method |mloU FB-IoU
LLaFS++ | 778 871
LLaFS++ w/o segmentation task instruction w/ abstract summary| 73.9  84.9
LLaFS++ w/o fine-grained in-context instruction 702 80.6
LLaFS++ w/o refinement network 743 848
LLaFS++ w/o pseudo-sample-based curriculum pretraining 675 772

TABLE 4.5: Effectiveness of different components in the LLaFS frame-
work.

Effectiveness of Extension Compared to LLaFS

Our LLaFS++ proposed in this chapter extends its conference version of LLaFS in
two significant aspects: (1) a better method for aligning image regions with class at-
tributes to build the region-attribute corresponding table, and (2) a contrastive predic-
tion method for inference to mitigate hallucinations. As presented in Table 4.6, dis-
carding these enhancements and reverting to the original methods used in LLaFS re-
sults in a significant decrease in performance, which validates the high effectiveness of
our extended approaches. Also note that the region-attribute alignment method used
in LLaFS++ (including the process of region encoding network REN) reduces compu-
tational load by over 85% compared to LLaFS, since it no longer requires extracting a
CLIP feature for every cropped image. Furthermore, we conduct a more detailed evalu-
ation. Specifically, we randomly select 500 images from the PASCAL-5' test set, and use
the methods in LLaFS and LLaFS++ to extract the alignment results between image re-
gions (cropped image in LLaFS and similarity map M in LLaFS++) and class attributes.
It is challenging to directly assess these results” quality since we do not have ground
truth for such alignment. Thus, we instead conduct a user study by inviting six volun-
teers, who are completely unrelated to this research, to rate each test image’s alignment
result as ‘bad’, ‘medium’, or ‘good’. The average results of the six raters are presented
in Figure 4.9, which indicates the significant advantages of LLaFS++ proposed in this
paper. Additionally, we also calculate the frequency of oversegmentation hallucination
occurring in all the test images of the PASCAL-5' dataset in both LLaFS and LLaFS++.
Oversegmentation hallucination refers to the issue where the model incorrectly seg-
ments multiple local regions of the target object instead of capturing it as a whole (See
Sec.4.2.6 for details). As shown in Table 4.6, using the inference method in LLaFS++
reduces this frequency (FH) from 11.8% to 3.9%, demonstrating the effectiveness of our
approach.

Effectiveness of Large Language Models

With extensive prior knowledge and powerful few-shot capabilities, the large language
model (LLM) contributes significantly to the high effectiveness of our LLaFS++ frame-
work. To validate the importance of the LLM within our model, we conduct an exper-
iment by excluding the LLM from LLaFS++ and evaluate the performance of a modi-
fied model that is composed of the remaining parts of LLaFS++. More specifically, in
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Method |mloU GFLOPs ~Method | mloU  FH
RAA of LLaFS++| 778 66 INof LLaFS++ | 778  3.9%
RAAOf LLaFS | 758 485 N of LLaFS 750 11.8%

TABLE 4.6: Effectiveness of extension compared to LLaFS. ‘RAA™:

region-attribute alignment method; GFLOPs represent the computations

for the RAA process; ‘IN”: inference method; ‘FH’: the frequency of over-
segmentation hallucinations occurring in all test images.

Bad l [ Region-Attribute Alignment Result of LLaFS
] [ Region-Attribute Alignment Result of LLaFS++

Medi |

Good ‘

10 20 30 . 40 50 60 70
Proportion (%)

FIGURE 4.9: Six volunteers’ average scores regarding the quality of the
region-attribute alignment results for 500 randomly sampled images.

constructing this model ‘LLaFS++ w/o LLM’, we perform the following alterations to
ensure that few-shot segmentation could be executed solely with the remaining com-
ponents: (1) In the process of utilizing the Q-former to extract visual tokens from the
support image, we replace the vanilla cross-attention that interacts the learned queries
with support image features by the masked attention as in [31]. This modification guar-
antees that the derived support image tokens are only associated with the foreground
area where the target category is located. (2) Subsequent to the Q-former, we introduce
an additional cross-attention step to enable interactions between support image tokens
and query image tokens, thereby allowing the query image tokens to incorporate refer-
ence information from the support foreground. The query image tokens resultant from
this step are then leveraged as input query embeddings for the transformer decoder in
the refinement network, which produces the segmentation result. As shown in Table
4.7, removing LLM significantly decreases mloU by 15.5% compared to the complete
LLaFS++, demonstrating the crucial role of the LLM in ensuring the high performance
of our framework. In our method, we employ CodeLlama instead of the vanilla Llama
as the large language model. This is because CodeLlama finetuned with code genera-
tion datasets is more killed in generating structured information like the segmentation
result in our task. This is demonstrated by the result presented in Table 4.7, which
shows that the performance of using CodeLlama is 4.4% better than Llama.

Method | mloU  FB-IoU
LLaFS++ 77.8 87.1
LLaFS++ w/o0 LLM 62.3 73.7
LLaFS++ (CodeLlama) 77.8 87.1
LLaFS++ (Llama2) 74.3 84.5

TABLE 4.7: Effectiveness of large language model.
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Effectiveness of Support Images

Based on the task setting of few-shot segmentation, we leverage a small number of
annotated images, called support images, to provide visual reference information for
guiding the segmentation process. In fact, LLM-based segmentation models can also
perform segmentation in an open-vocabulary manner, that is, to segment a category
by solely utilizing its class name but without the need to apply any annotated sup-
port image. To evaluate the impact of support images on enhancing the model’s ef-
fectiveness, we conduct experiments to compare with such an open-vocabulary and
support-image-free method, with the results presented in Table 4.8. When we keep the
training schema unchanged yet removing the support image and its ground truth mask
from the input during inference, there is an observed decrease in the model’s mloU by
14.3%. If these elements are also excluded from the training phase, this gap can be re-
duced to 12.2% since the training and inference inputs become aligned, but the result
is still significantly worse than the original LLaFS++. These results demonstrate that
our LLaFS++ benefits not solely from LLM’s prior knowledge in an open-vocabulary
manner but indeed gains further improvement from the provided few-shot samples.
Moreover, we investigate a scenario within an in-vocabulary setting, where the cate-
gories in testing are the same as the categories in training. Concretely, we employ all
20 classes in PASCAL-5' for training and also apply all these classes for testing. In
this scenario, LLaFS++ still significantly outperforms the methods that do not leverage
support images, indicating that incorporating a small number of annotated samples
during evaluation can effectively enhance model performance, even for categories that
have already been well trained with extensive training data. Such results demonstrate
the crucial role of support images within our few-shot segmentation framework.

Trw/SI Inw/SI In-vocab | mloU FB-loU

v v 77.8 87.1
v 63.5 75.0
65.6 77.3

v v 4 91.2 94.6
v 89.1 93.0

TABLE 4.8: Effectiveness of support images. “Tr’: training; ‘In”: infer-
ence; ‘SI": support images. ‘In-vocab’: the scenario where the categories
in testing are the same as the categories in training.

Ablation of Fine-grained In-context Instruction

The fine-grained in-context instruction constitutes a crucial component of our LLaFS++
framework, which combines visual information from support images with textual cues
from the LLM’s pretrained knowledge to form a comprehensive reference that can
guide the segmentation of query images effectively. We conduct a thorough evalua-
tion of various components and designs within this instruction and present the results
in Table 4.9. As illustrated in Sec.4.2.3, the fine-grained in-context instruction is pri-
marily made up of two parts: attributes of the target class and a region-attribute corre-
sponding table derived from the support image. Table 4.9 shows that excluding these
components can respectively decrease the mloU by 3.6% and 5.5%, demonstrating the
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importance of these reference information in guiding the segmentation of query im-
ages. We also evaluate the detailed designs within this instruction, including (1) the
thresholding procedure (Eq.4.1) to exclude support-non-matching attributes, (2) the in-
struction refinement framework to resolve class ambiguities (Sec.4.2.3), and (3) the iter-
ative execution of this refinement. Table 4.9 shows that removing any of these designs
will cause a significant reduction in performance, thus demonstrating their important
contributions to enhancing model effectiveness.

Method | mloU  FB-IoU
LLaFS++ | 778 871
LLaFS++ w/o class attributes 742 8438
LLaFS++ w/o region-attribute corresponding table | 72.3 829

LLaFS++ w/o instruction refinement 74.5 85.0

LLaFS++ w/o thresholding procedure in Eq.4.1 739 84.7
LLaFS++ w/o iterative refinement 75.8 85.7

TABLE 4.9: Ablation study of fine-grained in-context instruction.

Ablation of Pseudo-sample-based Curriculum Pretraining

In Sec.4.2.5, we present a method for creating pseudo support-query pairs to expand
the training dataset for few-shot segmentation. Additionally, we propose a curriculum
learning-based strategy to address difficulties in model training convergence. To vali-
date the effectiveness of these methods, we conduct several ablation study experiments
and present the results in Table 4.10. For pseudo sample synthesis, we investigate two
crucial aspects: (1) When the pseudo-sample-based pretraining is excluded, we ob-
serve an mloU drop of 10.3%. (2) When generating pseudo support-query samples, to
ensure that the support and query can reflect the same category, the contour and the
mean value of foreground noise used to generate the query image are adjusted based on
those used for generating the support image. When this strategy is not employed and
random generation is used instead, the mIoU decreases by 9.0%. We also evaluate the
proposed curriculum pretraining strategy that progressively increases the pretraining
tasks’ difficulty in the following aspects: (1) image understanding, (2) polygon gener-
ation, in which the difficulty increase of image understanding is implemented by (a)
increasing the difference between support foreground and query foreground, and (b)
reducing the difference between foreground and background within each image. Ex-
cluding either of these methodologies would cause a significant performance decline,
demonstrating their importance and necessity in our framework. Beyond applying
curriculum-based polygon generation to synthetic images during the pretraining stage,
we also examine its further application to realistic data during the training phase. We
observe that such an extension does not significantly improve performance. A pos-
sible explanation is that the model has already acquired sufficient ability to generate
16-vertex coordinates through curriculum pretraining with pseudo samples, so it no
longer requires the continued application of this curriculum method in the subsequent
training stage. Therefore, we only use this strategy during pretraining.
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Method ‘ mloU FB-IoU
LLaFS++ | 778 871
LLaFS++ w/o pseudo samples 675 772
LLaFS++ w/ random pseudo query generation 679 772
LLaFS++ w/o curriculum strategy 716 820

LLaFS++ w/o curriculum strategy in image understanding | 75.0  85.2
LLaFS++ w/o curriculum strategy in polygon generation 732 835

LLaFS++ w/o increasing SF-QF difference 759 85.6
LLaFS++ w/o reducing F-B difference 756 858
LLaFS++ + curriculum polygon generation in training ‘ 78.0 871

TABLE 4.10: Ablation study of pseudo-sample-based curriculum pre-
training. ‘SF’, ‘QF’, ‘F’, ‘B’ respectively refer to support foreground,
query foreground, foreground, background.

Settings of Hyper-parameter o

As illustrated in Sec.4.2.3, it is observed that not every attribute extracted for the target
class can find a corresponding region in the support foreground. To prevent the intro-
duction of misleading information due to this issue, we use a thresholding method to
exclude the regional features calculated from attributes that do not correspond with the
support. As illustrated in Eq.4.1, this process is made possible by a predefined thresh-
old a. We experiment with different values for « to find the optimal choice and present
the results in Figure 4.10. It is observed that both excessively small and large values for
« can decrease the mloU. This might be due to the fact that an excessively small value
of a could lead to a false positive problem, where non-matching attributes may be er-
roneously classified as matching; while an excessively large value of o could lead to a
false negative issue, where matching attributes are incorrectly deemed non-matching.
Both conditions can adversely affect the quality of the generated region-attribute cor-
responding table. Based on the results shown in Figure 4.10, we choose a = 0.22 as the
threshold setting in our framework.

78 -

mloU

76 -

0.16 018 020 022 024 026 0.8
a

FIGURE 4.10: Performance of using different values for the threshold o
in Eq.1

Number of Polygon’s Sides

In our framework, we represent the segmentation output mask as a region enclosed
by a polygon with 16 sides. We find that the number of polygon’s sides, denoted as
P, can have an impact on the model’s performance. To determine the optimal setting
for the number of polygon sides, we evaluate the relationship between mloU and P
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and present the results in Figure 4.11. We observe that when P is small, the model’s
performance is suboptimal. This is because polygons with a too small number of sides
cannot accurately describe object edges so the enclosed region is not precise enough. As
P increases from 8 to 16, the mIoU gradually improves from 72.1% to 77.8%. However,
when P exceeds 16, we observe a slight decrease in performance when P continues to
increase. This could be because a larger P increases the task’s complexity for LLM to
tackle. Based on the results, we chose P = 16 as our setting.

2
[ %)

8 12 16 20 24
Number of Polygon Sides P

FIGURE 4.11: Ablation for the number of polygons’ sides.

Number of Polygon Embeddings

We vary the number N of polygon embeddings P,, from 5 to 25 to investigate its impact
on segmentation performance. As presented in Figure 4.12, the model consistently
achieves stable and excellent performance when N > 15. The results demonstrate the
high robustness of our method.

3
[

5 10 15 20 25
Number of Polygon Embeddings

FIGURE 4.12: Ablation for the number of polygon embeddings.

Hyper-parameter Settings for Pseudo-sample-based Curriculum Pretraining

As discussed in detail in Sec.4.2.5, our proposed pseudo-sample-based curriculum pre-
training involves four hyper-parameters (a, bo, cn,, dn, ). The results for different com-
binations of these hyper-parameters are presented in Table 4.11. It can be observed
that our method can consistently achieve excellent and similar results across different
(ao,bo, cN,, dn, ) settings. These results demonstrate that the performance of LLaFS++is
NOT sensitive to these hyper-parameters, showing the high robustness of our method.
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(ao,bo,ch,de) ‘ mloU
(100, 150, 50, 100) 77.8
(75, 125, 75, 125) 77.5
(125, 175, 25, 75) 78.0
(100, 150, 75, 125) 77.7
(75,125, 50, 100) 77.5

TABLE 4.11: Different settings for hyper-parameters (ao, bo, cn,,, dn, )

Effectiveness of Noise-enabled Augmentation

As discussed in the method sections, we adopt a noise-enabled augmentation method
to enhance the pretraining effectiveness. As presented in Table 4.7, compared to using
the original image captioning dataset, training with data augmented by this method re-
sults in an increase of 3.8% in mloU, demonstrating its high effectiveness in enhancing
segmentation performance.

Method | mloU
w/oNA 74.0
w/ NA 77.8

TABLE 4.12: Effectiveness of noise-enabled augmentation Method. ‘NA”:
the noise-enabled augmentation method.

4.3.5 Loss Curves

In Sec.4.2.5, we introduce a curriculum-learning-based method to accelerate the opti-
mization convergence of our model. To evaluate the effectiveness of this approach, we
compare the loss curves for models pretrained with and without this curriculum learn-
ing strategy. The results presented in Figure 4.13(a) indicate that without the use of cur-
riculum learning, the pretraining task becomes excessively challenging, which causes
the model optimization to quickly reach a bottleneck with difficulties in the further
convergence. After utilizing curriculum learning, this issue is significantly alleviated
and the model can continuously converge. In Figure 4.13(b), we further present a com-
parison of the loss reduction conditions during the training phase after using different
pretraining methods: pretraining with curriculum learning, pretraining without cur-
riculum learning, and no pretraining at all. The model that has not undergone any pre-
training is observed to have the lowest convergence rate, while the model pretrained
with the curriculum learning strategy shows the swiftest convergence in the training
phase, which demonstrates the effectiveness of our proposed curriculum-based pre-
training method. In Sec.4.2.5, we introduce a curriculum-learning-based method to
accelerate the optimization convergence of our model. To evaluate the effectiveness
of this approach, we compare the loss curves for models pretrained with and with-
out this curriculum learning strategy. The results presented in Figure 4.13(a) indicate
that without the use of curriculum learning, the pretraining task becomes excessively
challenging, which causes the model optimization to quickly reach a bottleneck with
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difficulties in the further convergence. After utilizing curriculum learning, this issue
is significantly alleviated and the model can continuously converge. In Figure 4.13(b),
we further present a comparison of the loss reduction conditions during the training
phase after using different pretraining methods: pretraining with curriculum learning,
pretraining without curriculum learning, and no pretraining at all. The model that has
not undergone any pretraining is observed to have the lowest convergence rate, while
the model pretrained with the curriculum learning strategy shows the swiftest con-
vergence in the training phase, which demonstrates the effectiveness of our proposed
curriculum-based pretraining method.
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FIGURE 4.13: Pretraining (a) and training (b) loss curves in different set-
tings. Curriculum pretraining results in the best convergence in both
pretraining and training stages. (Best viewed in color)

4.3.6 Visualizations of Segmentation Results

To provide an intuitive demonstration of our method’s high performance and to illus-
trate the progress we have made in this extended work, we present visualizations of
segmentation results generated by LLaFS++ and compare them with those from the
conference version of our method, LLaFS [188]. These visualization results are pre-
sented in Figure 4.14, with each row from left to right showcasing the query image,
the query ground truth, the segmentation result from LLaFS, the segmentation result
from LLaFS++’s LLM, and the segmentation result from LLaFS++’s refinement net-
work, respectively. A frequent error observed in the original LLaFS is its tendency to-
ward oversegmentation hallucination, which refers to the model’s mistake to segment
only partial regions rather than the entirety of the target object in the query image
(illustrated in detail in Sec.4.2.6). LLaFS++, the extended version in this chapter with
several improvements and new designs, shows stronger segmentation capabilities with
the more accurate segmentation outputs compared to LLaFS. Furthermore, the issue
of oversegmentation hallucination is also significantly mitigated benefiting from our
newly proposed inference method. It is noteworthy that the polygons produced by the
LLaFS++’s LLM already exhibit strong segmentation results, while the results output
from the refinement network are further refined and more precise, particularly at the
object edges. Another important observation is that in cases where an image consists of
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(a) Image (b) Ground Truth (c) Result from (d) Result from (e) Result from LLaFS++’s
LLaFS LLaFS++’s LLM refinement network

FIGURE 4.14: Visualization of segmentation results for LLaFS and
LLaFS++.

multiple objects, our method still demonstrates robust performance by accurately pre-
dicting multiple polygons to enclose different objects. These results demonstrate the
excellent performance of our LLaFS++, showcasing its high effectiveness in handling
the task of few-shot segmentation.

4.3.7 More Visualizations of Region-attribute Similarity Maps

In Figure 4.15, we showcase additional examples of the similarity map M; generated
based on the support image and each class attribute (see Sec.4.2.3 for details). It is
promising to note that this similarity map demonstrates a notable attribute sensitivity,
where regions associated with a given attribute often display higher similarities com-
pared to other areas. This demonstrates the map’s high effectiveness in aligning im-
age regions with class attributes—a fundamental step in the formulation of the region-
attribute correspondence table within our LLaFS++ framework.
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[class]: cow [att]1: a thick coat of fur [att]o: curved horns

[att]s: intelligent eyes [att]2: large ears [att]s: tusks

-

L

[class]: airplane [att]+: a tail [att]2: large wings [att]o: wheels

FIGURE 4.15: More examples of similarity maps M; computed from the
support image and class attributes.

4.3.8 Extended Experiments

In this section, we conduct a series of extended experiments to explore the applica-
bility of our approach to several other tasks, including generalized few-shot segmen-
tation, cross-domain few-shot segmentation, weak-label few-shot segmentation, and
few-shot object detection. To ensure a fair comparison with previous methods, we use
the ResNet50 backbone for generalized few-shot segmentation, cross-domain few-shot
segmentation and weak-label few-shot segmentation; and for few-shot object detection,
we use the ResNet101 backbone.

Generalized Few-Shot Segmentation

Compared to the setup adopted in this work, generalized few-shot segmentation is a
more challenging task with greater real-world application value. It requires the trained
model to not only segment new classes with annotated samples but also segment all
the base classes that have been seen during the training phase. To adapt our LLaFS++
for this task, we introduce some minor modifications. Specifically, in its original form,
LLaFS++ utilizes a set of learnable polygon embeddings as LLM’s inputs to produce
segmentation results. To address the generalized few-shot segmentation task, we split
these polygon embeddings into two groups, denoted as {P,,} and {P, }. {P,,} is tasked
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with producing segmentation results for the particular class corresponding to the sup-
port image, whereas {P,,} is responsible for segmenting all classes that can be seen dur-
ing the training phase. At the testing stage, we accomplish generalized few-shot seg-
mentation by using {P,,} for segmenting the novel class and {P,,} for segmenting all
seen base classes. This modified model is retrained on the PASCAL-5' dataset and the
results are presented in Table 4.13. We compare our method with other advanced cross-
domain few-shot segmentation methods, including CAPL [130], DIaM [50] and VP [53].
Following previous works, we utilize three metrics—mlIoUy,, mIoU,, and mloU,,—to
quantify the mIoU scores for base classes, novel classes, and the mean of mIoU}, and
mloU,, respectively. The comparative results show that LLaFS++ achieves the best per-
formance on all three metrics. Another important finding is that in comparison with
other approaches, the issue of bias towards the base classes is less pronounced in our
method, as indicated by the narrower margins between metrics mIoU, and mIoUy,. This
mitigation of bias may be due to our employment of a large number of class-agnostic
synthetic pseudo samples for pretraining, which allows the model to learn a more gen-
eral segmentation capability rather than overfitting to the trained categories.

1-shot 5-shot
mloUp, mloU, mloU,, | mloU, mloU, mloU,,
CAPL CVPR22 | 655 18.9 42.2 66.1 22.4 443
DIaM CVPR23 | 70.9 35.1 53.0 70.9 55.3 63.1

Method  Venue

VP CVPR24 | 764 39.8 58.1 76.4 56.1 66.3
PixelLM CVPR24 | 78.6 53.5 66.1 79.1 62.6 70.9
LLaFS++ - 79.8 62.7 71.3 80.2 71.4 75.8

TABLE 4.13: Experimental results on generalized few-shot segmentation

Cross-Domain Few-Shot Segmentation

The recently proposed task of cross-domain few-shot segmentation focuses on address-
ing the challenging domain shift problem within few-shot segmentation. This task not
only needs to segment new, previously unseen classes as the normal few-shot segmen-
tation, but also requires the model to be able to process testing images in the differ-
ent domains from the training images. Following previous works, we conduct experi-
ments in the COCO-to-PASCAL setting, where the model is trained using the COCO-
20 dataset and tested on the PASCAL-5' dataset. Results presented in Table 4.14 in-
dicate that LLaFS++ achieves the best performance. Note that we do not make any
changes to the model structure or the training method of LLaFS++ in this experiment,
yet it still outperforms all comparative methods, including some designed specifically
for cross-domain few-shot segmentation [142, 104]. This could be attributed to the rich
and general pretrained knowledge of LLM, which enables our framework to handle
different domains effectively. These results indicate that LLaFS++ can achieve excel-
lent performance even in the presence of domain shifts, thus demonstrating its high
robustness and effectiveness.
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Method Venue ‘ 1-shot  5-shot
Meta-Memory  CVPR’22 65.6 70.1
BAM-final T-PAMI'23 69.0 71.7
IFA CVPR’24 71.0 80.9
LLaFS++ - 79.6 84.3

TABLE 4.14: Results on cross-domain few-shot segmentation.

Weak-Label Few-shot Segmentation

Annotating pixel-level segmentation ground truth is time-consuming and labor-intensive,
whereas a weaker annotation, such as the bounding box, is much easier to obtain. To
this end, we evaluate the effectiveness of utilizing bounding boxes as support images’
labels in our framework. Specifically, we consider the space inside the bounding box
as the foreground region, generating a corresponding binary mask which is then input
into the LLaFS++ framework to serve as the support ground truth mask. The results
in Table 4.15 indicate that the original LLaFS++ model, which is trained on the pixel-
level ground truth mask, can still maintain good performance when evaluated using
bounding-box-based support ground truth, with only a minor drop in mloU by 3.5%
compared to testing using the pixel-level support ground truth. Moreover, this perfor-
mance gap can be further reduced to 1.3% when LLaFS++ is retrained using bound-
ing boxes as the support ground truth. These results demonstrate the robustness of
LLaFS++ against annotation noise, indicating that LLaFS++ can work well even when
provided with only bounding-box-level annotations. Such adaptability is valuable for
real-world applications, offering a practical solution to reduce the burden of detailed
annotation.

Training  Testing ‘ mloU

PM PM | 778
PM BB 75.3
BB BB 76.5

TABLE 4.15: Experimental results on weak labels. ‘PM’: pixel-level
mask; ‘BB”: bounding box.

Few-Shot Object Detection

To validate the generalizability of LLaFS++, we expand our experiments to include
tasks beyond segmentation, specifically, few-shot object detection. Similar to few-shot
segmentation, few-shot object detection aims to detect the objects within a new cate-
gory using only a small number of annotated images for this class. To tailor LLaFS++
for this task, we modify the model’s output from the vertex coordinates of 16-polygons
to the sizes and center coordinates of bounding boxes. Descriptions in the instruction
about the output format are also accordingly modified, while the rest of the model’s
structure remains unchanged. We carry out the experiments using the PASCAL VOC
dataset and report the performance based on the AP50 metric. The results shown in
Table 4.16 indicate that LLaFS++ achieves the best results compared to other methods
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1-shot 5-shot
Method Venue Set-1 Set-2 Set-3 | Set-1 Set-2 Set-3
KFSOD CVPR22 | 446 378 348 | 609 481 527
Pseudo CVPR22 | 545 328 484 | 632 498 596

FS-DETR ICCVv23 | 450 373 438 | 527 46.6 521
o-Adaptive ICCV’23 | 523 427 478 | 659 548 603
LLaFS++ - 60.8 462 561 | 698 595 64.5

TABLE 4.16: Experimental results on few-shot detection. Following pre-

vious methods [176, 158]. the entire PASCAL VOC dataset is divided

into three different splits, namely ‘Set-1", ‘Set-2" and ‘Set-3’, each consist-
ing of 15 base and 5 novel classes. Results for all 3 splits are reported.

that are specifically designed for few-shot object detection (including KFSOD [176],
Pseudo [66], FS-DETR [12], and o-Adaptive [38]), demonstrating that LLaFS++ is a
highly generalizable model with the ability to process different tasks. These experi-
ments provide us with insights that LLMs have great potential to be applied in more
few-shot computer vision tasks beyond segmentation, which will be a direction for our
future research.

4.3.9 More Discussions About Region-attribute Corresponding Table

As detailed in the method sections, we introduce a region-attribute corresponding table
as a fine-grained multi-modal guidance. This table outlines specific attributes of the
target class and their aligned regions on the support image, thereby instructing the
LLM to carry out segmentation in a more fine-grained and human-like manner. To
achieve this alignment, we utilize the enhanced CLIP proposed by [101] to compute the
similarity between attribute text features and image features. We find that the similarity
map obtained in this manner can effectively reflect the corresponding regions of the
attributes. Please refer to the main paper for more details.

The effectiveness of our region-attribute alighment technique is greatly attributed
to the advanced pixel-level image-text matching capabilities of the enhanced CLIP. This
naturally leads to the question of whether one could directly employ the similarity map
Sy, calculated from text features of the class name and the visual features of the query
image via the enhanced CLIP, as the final segmentation outcome. Experimental re-
sults indicate that although this method yields some positive outcomes, the resultant
68.1% mloU on PASCAL-5' fold-0 and 33.5% mloU on COCO-20¢ fold-0 are substan-
tially lower than those attained by our superior method LLaFS++ (77.8% on PASCAL-5'
fold-0 and 50.8% on COCO-20¢ fold-0). We further experiment with incorporating S, as
an additional input to the LLM within our LLaFS++ framework. However, this adjust-
ment does not yield significant improvement over the original LLaFS++ (77.9% mIoU
for this method and 77.8% for LLaFS++ on PASCAL-5’ fold-0). This lack of enhance-
ment may be attributed to the fact that LLaFS++ already exhibits a powerful ability to
perform high-quality segmentation. Thus, further providing a coarse and imprecise
preliminary segmentation result of the query image cannot contribute more valuable
new information that could further refine the segmentation accuracy.
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Another notable point is that our region-attribute corresponding table is generated
using the support image (denoted as the support-based table). We have also experi-
mented with creating this table from the query image instead (denoted as the query-
based table) and investigated its impact when introduced into the LLaFS++ framework.
Our results indicate that replacing the support-based table with the query-based one
(73.6% mloU on PASCAL-5'), or adding the query-based table as an additional source
of information while maintaining the support-based table (75.8% mloU), cannot im-
prove and may even reduce segmentation accuracy compared to the original LLaFS++
(77.8% mloU). We attribute this reduced performance to two primary factors: Firstly,
the query-based table is inherently noisy due to the unavailability of ground truth for
the query image, which hinders the use of masked attention in the Region Encoding
Network (REN). Without the ability to isolate foreground regions through masked at-
tention, the REN inadvertently captures a substantial amount of noise from the query
image’s background, which could potentially mislead the LLM. Secondly, the support-
based table, in conjunction with the class name, class attributes, and ground truth of
the support image, establishes a comprehensive and logical guidance system that sim-
ulates the human cognitive mechanism of ‘from general to detailed, from abstract to
concrete’. Every component is indispensable for the construction of such a structured
guidance. Replacing the support-based table with the query-based one disrupts this
guidance due to the absence of a crucial part within this structured information, i.e.,
query ground truth, thus compromising the LLM’s ability to execute segmentation in
a human-like and fine-grained manner. Both of the aforementioned two limitations
can be attributed to the lack of ground truth data for the query images. If we use the
preliminary segmentation result mentioned in the previous paragraph as a substitute
for query ground truth to implement masked attention in the REN and to complete the
guidance information, the obtained performance of 76.5% mloU is still lower than the
original LLaFS++ (77.8% mloU). This suboptimal result may be attributed to the coarse
and imprecise nature of the preliminary query segmentation, which likely introduces
considerable noise and thus impairs the LLaFS++’s ability to segment query images.

In summary, using a preliminary query segmentation result or a query-image-derived
region-attribute corresponding table as LLM’s additional inputs cannot enhance LLaFS++'s
effectiveness. Hence, the framework detailed in thi chapter stands as the optimal de-
sign for our proposed method.

4.4 Conclusion

This chapter introduces LLaFS++, a pioneering framework that, for the first time, uti-
lizes large language models (LLMs) for tackling few-shot segmentation and achieves
significant success. To adapt LLMs for this visual task, we introduce a segmentation
task instruction to provide detailed task definitions, and propose a fine-grained in-
context instruction to simulate human cognitive mechanisms and provide fine-grained
multimodal reference information. We also propose a pseudo-sample-based curricu-
lum pretraining mechanism to augment the training samples required for instruction
tuning, and introduce a novel inference method to mitigate potential oversegmenta-
tion hallucinations caused by the regional guidance information. Our thorough exper-
iments validate the effectiveness of LLaFS++, showcasing its capability to consistently
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surpass existing state-of-the-art methods across various datasets and scenarios. We
consider LLaFS++ as a significant step forward in exploring how LLM frameworks
can be effectively leveraged for addressing few-shot challenges within the domain of
computer vision.
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Chapter 5

Continual Semantic Segmentation
with Automatic Memory Sample
Selection

In this chapter, we tackle the problem of Continual Semantic Segmentation (CSS), which
extends static semantic segmentation by incrementally introducing new classes for
training. To alleviate the catastrophic forgetting issue in CSS, a memory buffer that
stores a small number of samples from the previous classes is constructed for replay.
However, existing methods select the memory samples either randomly or based on
a single-factor-driven hand-crafted strategy, which has no guarantee to be optimal. In
this work, we propose a novel memory sample selection mechanism that selects in-
formative samples for effective replay in a fully automatic way by considering com-
prehensive factors including sample diversity and class performance. Our mechanism
regards the selection operation as a decision-making process and learns an optimal
selection policy that directly maximizes the validation performance on a reward set.
To facilitate the selection decision, we design a novel state representation and a dual-
stage action space. Our extensive experiments on Pascal-VOC 2012 and ADE 20K
datasets demonstrate the effectiveness of our approach with state-of-the-art (SOTA)
performance achieved, outperforming the second-place one by 12.54% for the 6-stage
setting on Pascal-VOC 2012.

5.1 Introduction

Semantic segmentation is an important task with a lot of applications. The rapid de-
velopment of algorithms [19, 79, 187, 48, 43] and the growing number of publicly avail-
able large datasets [35, 180] have led to great success in the field. However, in many
scenarios, the static model cannot always meet real-world demands, as the constantly
changing environment calls for the model to be constantly updated to deal with new
data, sometimes with new classes.

A naive solution is to apply continual learning by incrementally adding new classes
to train the model. However, it is not simple as it looks — almost every time, since the
previous classes are inaccessible in the new stage, the model forgets the information of
them after training for the new classes. This phenomenon, namely catastrophic forget-
ting, has been a long-standing issue in the field. Furthermore, the issue is especially
severe in dense prediction tasks like semantic segmentation.
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Facing the issue, existing works [132, 115, 9, 58, 1, 65, 7, 37, 16] propose to perform
exemplar replay by introducing a memory buffer to store some samples from previous
classes. By doing so, the model can be trained with samples from both current and
previous classes, resulting in better generalization. However, since the number of se-
lected samples in the memory is much smaller than those within the new classes, the
selected samples are easy to be ignored or cause overfitting when training due to the
small number. Careful selection of the samples is required, which naturally brings the
question: How to select the best samples for replay?

Some attempts have been made to answer the question, aiming to seek the most ef-
fective samples for replay. Researchers propose different criteria that are mostly man-
ually designed based on some heuristic factors like diversity [132, 115, 9, 58, 1, 65, 7].
For example, [97] selects the most common samples with the lowest diversity for replay,
believing that the most representative samples will elevate the effectiveness of replay.
However, the most common samples may not always be the samples being forgotten in
later stages. [7] proposes to save both the low-diversity samples near the distribution
center and high-diversity samples near the classification boundaries. However, new
challenges arise since the memory length is limited, so it is challenging to find the opti-
mal quotas for the two kinds of samples to promote replay effectiveness to the greatest
extent. Moreover, most of the existing methods are designed based on a single factor,
the selection performance, however, can be influenced by many factors with compli-
cated relationships. For example, besides diversity, memory sample selection should
also be class-dependent because the hard classes need more samples to replay in order
to alleviate the more severe catastrophic forgetting issue. Therefore, we argue that it is
necessary to select memory samples in a more intelligent way by considering the more
comprehensive factors and their complicated relationships.

Witnessing the challenge, in this chapter, we propose a novel automatic sample
selection mechanism for CSS. Our key insight is that selecting memory samples can
be regarded as a decision-making task in different training stages, so we formulate
the sample selection process as a Markov Decision Process, and we propose to solve it
automatically with a reinforcement learning (RL) framework. Specifically, we employ
an agent network to make the selection decision, which receives the state representation
as the input and selects optimal samples for replay. To help the agent make wiser
decisions, we construct a novel and comprehensive state combined with the sample
diversity and class performance features. In the process of state computation, the inter-
sample similarity needs to be measured. We found the naive similarity measurement
by computing the prototype distance is ineffective in segmentation, as the prototype
losses the local structure details that are important for making pixel-level predictions.
Therefore, we propose a novel similarity measured in a multi-structure graph space to
get a more informative state. We further propose a dual-stage action space, in which
the agent not only selects the most appropriate samples to update the memory, but also
enhances the selected samples to have better replay effectiveness in a gradient manner.
All the careful designs allow the RL mechanism to be effective in solving the sample
selection problem for CSS.

We perform extensive experiments on Pascal-VOC 2012 and ADE 20K datasets,
which demonstrate the effectiveness of our proposed novel paradigm for CSS. Bene-
fiting from the reward-driven optimization, the automatically learned policy can help
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FIGURE 5.1: The overall scheme of our automatic memory sample se-
lection mechanism for CSS. (a) Given the memory M and current-stage
dataset D;, we first extract the state representation for each sample in
MUD,, which is consisted of the sample diversity and class performance
features. (b) Given the state representations, the agent ¢ produces a score
for each candidate sample. Based on the scores, we select several sam-
ples and enhance them in a gradient-based manner. The memory M is
updated by these samples. (c) The segmentation model 6., is trained
using the updated M and D, ;. We then validate the updated 6., on a
reward set, resulting in the reward ¢ that is used to optimize agent q.

select the more effective samples, thus resulting in better performance than the previ-
ous strategies. On both datasets, our method achieves state-of-the-art (SOTA) perfor-
mance. To summarize, our contributions are as follows:

¢ We formulate the sample selection of CSS as a Markov Decision Process, and
introduce a novel and effective automatic paradigm for sample replay in CSS
enabled by reinforcement learning.

¢ We design an effective RL paradigm tailored for CSS, with novel state represen-
tations containing multiple factors that can guide the selection decision, and a
dual-stage action space to select samples and boost their replay effectiveness.

¢ Extensive experiments demonstrate our automatic paradigm for sample replay
can effectively alleviate the catastrophic forgetting issue with state-of-the-art (SOTA)
performance achieved.

5.2 Preliminaries

Continual semantic segmentation (CSS) aims to train a segmentation model in 7" stages
continuously without forgetting. In each stage ¢, a training dataset D; can be utilized,
where only pixels within the current classes C; are labeled, leaving pixels within others
classes (including previous classes C1.;—1 and future classes C;;1.7) as the background
class. The goal is to allow the model to be able to predict all classes C;.7 after complet-
ing all 7" stages. To alleviate the catastrophic forgetting problem in CSS, an exemplar
memory M that contains a small number of sampled data from the previous classes
can be used for replay, so that both M and D; are involved for training.

In the training process, M is updated once a training stage is completed. This
means M will be refilled by new samples from M U D; after the stage ¢ with the learn-
ing on D; completed. It is obvious that the careful selection of samples for M could
greatly affect the performance, which is also the focus of this chapter.
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5.3 Method

5.3.1 Overall

Considering the memory M with L samples and D; with N; samples, the target of this
work is to learn an optimal policy that automatically selects L samples from M U D,
and put them into M for the next stage training, driven by maximizing the designed
reward reflecting the performance improvement.

The selection decision is made by an agent network that is a three-layered MLP. It
converts the CSS to become a decision-making process with the following procedure:
1) Obtaining the state s by assessing the properties of samples that can measure its
contribution for replay. 2) Based on s, using the agent ¢ to make an action a that selects
L samples to update the memory M. 3) Training the segmentation network with the
updated M. 4) Computing the reward r based on the validation performance of the
updated segmentation network. 5) Repeating the above steps until completing all T
stages. 6) Optimizing agent ¢ based on r from all stages.

As shown in Figure 5.1, in this chapter, we solve the above problem under a rein-
forcement learning (RL) framework, in which the agent ¢ scores each state s and makes
an action a based on the score. Benefiting from the task-specific state representations, a
novel selection-enhancement dual-stage action space and the reward-driven optimiza-
tion, we can optimize the agent to learn an effective selection policy. In the following
parts of this section, we illustrate the details of how these components are designed.

5.3.2 State Representation

The state representation s is the key to making the automatic selection decision process
possible, as it is the input to and serves as the decision support of the agent network.
Designing the state should consider the requirements of the selection policy. Intuitively,
an optimal policy should make a selection decision by estimating the potential replay
contribution of each sample, and allocate different quotas to different classes as the
hard classes suffer from the more severe catastrophic forgetting issue and need more
samples to replay. Based on these intuitions, we propose to combine two kinds of cues
including sample diversity and class performance for constructing state. For an image
within class ¢, sample diversity div measures its novelty, which can reflect the poten-
tial replay effectiveness as indicated by previous works [7, 115]. A higher div indicates
the sample differs more from other images within the same class c. We calculate it by
computing and averaging the inter-sample similarities. The class performance is con-
structed as the combination of two metrics: 1) accuracy and 2) forgetfulness. We derive
accuracy by computing the training IoU I. for each class c. The hard classes that are
trained to the worse performance have the lower IoUs. However, as the IoU measures
the current training accuracy, it cannot reflect whether a class is easily forgotten in the
future, which is critical for CSS but difficult to measure directly since the future per-
formance is unknown. We thus estimate forgetfulness g. by measuring the similarities
between c with all other classes, motivated by the previous finding that classes that are
more similar to other classes are more likely to be forgotten [110]. Eventually, given an
image, on all C' classes in it, we compute their diversities {div.}<_, accuracy {I.}< ;
and forgetfulness {g.}_,, resulting in three groups of features. Then, we calculate the
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FIGURE 5.2: Illustration of how the graph for computing sample diver-

sity is constructed. In the figure, 7; and r; denote two superpixels. F;

and F; refer to the average features for all pixels within them. (Z;,7;)

and (Z;,7,) denote the centroid coordinates of r; and r; respectively. dZ?

and di; refer to the semantic distance and spatial distance. The gener-
ated graph G will be used to compute the sample diversity.

average values of the three groups over different classes, and concatenate them to get
the state representation s of the image.

Measuring Similarity in Multi-structure Space

Motivation. Both the sample diversity div and forgetfulness g. introduced above need
to compute the similarity. In previous works, the similarity is mainly measured in the
prototype-level space [115] or pixel-level space [137]. The former condenses the sample into
a single prototype feature and then calculates the feature distance. It is computationally
efficient, but drops the spatial information and structural details, which leads to errors.
For example, two images with completely different local structures or object postures
may have similar prototype features, since the prototypes are computed by the aver-
age features of all pixels, concealing the differences between local details. Such errors
caused by the lack of local details are detrimental to the segmentation task, where local
structural information is important for making pixel-level predictions [187]. As a re-
sult, the state constructed by the prototype-level similarity leads to poor performance
when employed to CSS. The pixel-level one retains the local information, however, it
requires an unacceptable computation cost due to the pixel-wise distance calculation
and may cause overfitting [74]. Thus, to obtain a more informative similarity, a novel
representation space is needed, which should not only retain the spatial and structural
information but also be condensed for a reasonable computation cost. Based on the dis-
cussion, we propose a novel method that first maps each sample into a multi-structure
graph space and then measures the inter-sample similarity based on the graph match-
ing. Each vertex of the graph represents a semantic structure, and the edge represents
the spatial and semantic correlations, thus a fine-grained similarity can be measured
by utilizing the comprehensive information.

Multi-structure Graph. Considering an image with the class ¢, we represent the re-
gion R within c as a graph G through the way illustrated by Fig. 5.2. To get the local
structural representation, we first use the method as in [74] to generate M superpixels
{rm}%zl (r1 Ura U...Urpy = R). The motivation for using superpixels is that, accord-
ing to the construction mechanism of superpixels, each 7, can represent a meaningful
semantic structure such as the head of a bird, and condenses the pixel-level represen-
tation enabled by clustering pixels with similar features and adjacent positions. Each
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vertex [, is then computed as the average feature for all pixels within r,,. We represent
the edge of G as a distance map D € RM*M where the element D%/ denotes the dis-
tance between the i-th and j-th vertices. To simultaneously consider the context-aware
high-level semantic information and low-level spatial correlation, we combine both the
semantic distance and spatial distance for getting D. Concretely, the semantic distance dZ/
is the L2 distance between F; and F}; the spatial distance dé’g denotes the Euclidean
distance between the two centroid coordinates ! of the superpixels r; and r;, reflecting
their relative positions. We normalize d%/ and d%J to [0, 1] and derive D™ = d/ + d)

Such a graph can capture comprehensive representations such as local structure details
and spatial information, which are lost in the prototype space but are crucial for mea-
suring a fine-grained similarity.

Inter-graph Similarity. After mapping images into the graph space, we use the match-

ing algorithm to measure the similarities. For two graphs §; and G;, the Sinkhorn al-

gorithm [36] is applied for aligning them, in which the transport cost tc is obtained by

solving the optimal transport problem. Specifically, considering a graph G = {F,,,, {D™"}M M
we first generate a single-vector representation for each vertex by aggregating other

vertices. The aggregation is achieved through weighted sum written as:

F = WonnFo, (5.1)
S
Where the weight W), ,, is formulated by:
Winn =exp (=D™"). (5.2)

In this way, G is represented as {E,}YM_, . For simplify, we denote G; for the i-th image
as {F! }M_ . Next, we match G; and g] by solving an optimal transport (OT) task:

N&}n Zb Aa,bMa,ba (53)

where A is the transportation plan that implies the alignment information and M is the
cost matrix. M, ; measures the transport cost from the a-th vertex F}; in G; to the b-th

vertex F: bj in G;, which is written as:
My =1 - Cos (FL ), (5.4)

where Cos denotes the cosine similarity. The unique solution A* can be calculated
through Sinkhorn’s algorithm:

A* = diag (u) Kdiag (v), (5.5)

!Considering a sugerplxel r = {(zs,y:)}iL,, the centroid coordinate (%,7) is computed as: T =
N —
Jif =1 Ti, Y = N i=1 Yi.
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where the vectors u and v are obtained through the above iterations:
vi=0 — Lm
1
v 1 (5.6)
tH1 t+l _ _ An
A
we set the iteration number to be 5. Finally, the transport cost tc is computed as:
te=Y  Af Mg, (5.7)

a,b

which measures the similarity between G; and G;. A higher tc represents the lower
similarity of the two graphs. The details for this step are presented in supplementary
materials. As the edge distance D%/ is computed with both the semantic and spatial
distance, the computed tc after matching can reflect both the semantic and spatial simi-
larity. For example, considering two regions for the “person’ class, we can measure both
whether they wear similar clothes (semantic similarity) and whether they are with the
same body posture (spatial similarity), capturing the comprehensive fine-grained rep-
resentations.

Representation Computation. We use the above-mentioned similarity measurement
to compute the sample diversity div and forgetfulness g in state representations. For an
image with the c-th class, let G be its graph. We introduce a support set S, = {gg}fvgl to
contain several graphs for other images within the same class c. For each previous class
in C1.4—1, we construct S, as the set of all images saved in the memory. For each current
class in C; that has a larger number of samples, to relieve the computation burden, we
randomly sample 10% from all images to form S.. We will show in supplementary
material that div computed from a sampled set can be effective enough. A diverse and
novel sample is likely to have low similarities compared to other samples within the
same class. We thus get div by computing the average similarities by:

1
|Sel

div =

> Sim(G.G;), (5:8)

GieS.

where Sim refers to the inter-graph similarity measurement introduced above. To get

the forgetfulness g. for each class ¢, we first construct a representative set S, = {Gi} 2,
containing the top 10% samples in S. with the lowest diversity scores. These samples
are most similar to other samples in ¢ so they can represent the class-level properties.
Then forgetfulness g. is gotten as the class-wise similarity computed by:

R < S SR N B o Yt
ge = S| gz&:g ICre| — 1 Z 3 Z Slm( c,gj). (5.9)

jecuie 1271 ghes,

Eventually, the obtained div and g are combined with the accuracy I, generating the
state representations that can help make a wiser selection decision.
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5.3.3 Dual-stage Action with Sample Selection and Enhancement

After getting the state information s’ for each sample, we use an agent network ¢ to
produce a score ¢(s') by taking s’ as the input. A higher score indicates the sample
is more suitable for replay. Thus, we regard agent score as the replay effectiveness
indicator, and utilize it to drive a novel action space for the RL mechanism that has two
stages: sample selection and sample enhancement.

Concretely, we first select memory samples by L ones with the highest agent scores,
which is written as:

a= TopL ¢ (3’) . (5.10)
i€[1,L+Ny]

After that, instead of directly using the static selected samples for training in the
next stage, we further propose an enhancement operation that edits each sample to
be more effective for replay. This is motivated by our observation of the agent scores
for the selected samples. We notice that, only 10% of the selected samples have agent
scores exceeding 0.8 (the theoretical maximum score is 1). The phenomenon shows
that such samples are the best possible choice from the imperfect candidates, but not
the ideally perfect samples for replay. Thus, despite achieving better performance by
selecting the most adequate samples, there is still room to further improve the replay
effectiveness if we can enhance the samples to reach higher scores. We thus implement
enhancement through a gradient-based manner by maximizing the agent score. Con-
cretely, we regard the state s” as a feature computed from input image x along with
M and D; under the segmentation network parameters 6,., with the state computing
function fs, which is formulated as:

s = fs (x; M, Dy, Oseq) - (5.11)

Then the agent score is generated by ¢(s*). We perform a gradient update on z so that
the agent score ¢(s*) moves towards the larger direction reflecting the better replay
effectiveness, which is written as:

¥ =z + eVyq(s7)

5.12
:x+€VCEQ(fS (JU;MaDta@seg))a ( )

where € is a hyper-parameter to control an adequate updating rate so that the image
label remains unchanged. With the higher agent score, the resulted z’ can be more
effective and is stored into M for replay.

5.3.4 Reward and Optimization

Our selection policy aims to allow the segmentation model trained with the memory
M to achieve better performance. Therefore, the reward for optimizing agent should
reflect how much the memory samples derived by the agent policy can benefit the
CSS training. To implement the goal, we divide a subset from the training set to get
a reward set D"¥%4, and define reward r; at the t-th stage as the validation accuracy
on Dreward evaluated on the segmentation model that has completed the t-th stage.
With reward derived, following DQN algorithm [136], the agent is optimized by the
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Algorithm 1 Agent Training Algorithm.

1: Input: agent network ¢, segmentation network parameters 9569, dataset D;.

2: foryinl,....Y do

3:  Create a new task having 7, continual stages with class partitions {C;, }Z;yzl.

4 Partition D; to D{%" and Djeward

5. Initialize 0.4, initialize M as an empty set

6: fortyinl,.., T, do

7: Train e, on M U D'imm’ty

8: Compute state s; (Sec.5.3.2) and agent scores ¢(s;)

9: Select and enhance samples (Sec.5.3.3), update M
10: if t, > 1 then
11: Compute reward 74, (Sec.5.3.4)
12: end if
13:  end for
14:  Update ¢ by Eq. 5.13
15: end for
16: Return: ¢
temporal difference (TD) error formulated as:

= - L
TD (0, é) - 7 %t f
T—12 (Tt+1 + I ;(J< t+1
L | 9 (5.13)
—7 2.4 (st 9)) :
i=1

where §?§ refers to the state representation of the i-th selected sample in the ¢-th stage,
¢ and 0 refer to the agent’s policy and off-policy parameters respectively. Following
[136], 0 is periodically updated based on 6, aiming to save the learned Q-value.

5.3.5 Agent Training and Deployment

With the above-introduced RL mechanism for CSS, we then present the agent training
and deployment method in this section. We denote D; as the dataset for first-stage
training. According to CSS protocol [37], D; contains multiple classes (usually more
than half of the total). Thus, it can provide sufficient information for training an effec-
tive agent. The detailed training process is shown in Alg.1. We train the agent for Y
iterations. In each iteration, we randomly divide D; into the training set D’imi” and the
reward set D]*“%"4, and set a new CSS task by reallocating the classes observed in each
stage. This helps the agent to learn a more general policy with training from diverse
settings.

Once the agent training is completed, we can deploy it on the whole set D =
{D;}L_,, selecting and enhancing memory samples at the end of each stage and using
them for replay in the next stage.
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19-1(2 stages) 15-5(2 stages) 15-1(6 stages)

Method 0-19 20 all 0-15 16-20 all 0-15  16-20 all
Joint | 7945 7294 794 | 7977 7235 7743 | 7888 7263 7739
EWC 2690 14.00 2630 | 2430 3550 @ 27.10 0.30 430 1.30
LwE-MC 6440 1330 6190 | 5810 3500 52.30 6.40 8.40 6.90
ILT 67.75 10.88  65.05 | 67.08 3923 6045 8.75 7.99 8.56
MiB 7057 2282 6830 | 7530 48.68 6896 | 3947 1450  33.53
RCN - - - 78.80 52.00 7240 | 70.60 23.70  59.40
REMINDER | 76.48 3234 7438 | 7611 50.74 70.07 | 6830 2723 5852
SDR 6852 2329 6637 | 7521 4672  68.64 | 43.08 1931 37.42
PLOP 7535 3735 7354 | 7573 5171  70.09 | 6512 2111 54.64
Ours | 7940 4280 7766 | 7931 5588 7373 | 7854 50.82  71.94

TABLE 5.1: Comparison results on Pascal-VOC 2012.

5.4 Experiments

5.4.1 Implementation Details

Our method contains two phases: agent training and policy deployment. The first
phase trains the agent network to get the selection policy, while the latter phase em-
ploys the trained policy for the CSS training.

For the deployment phase, the hyper-parameters settings follow the previous work
[37]. Concretely, we adopt SGD as the optimizer, where the momentum value is 0.9 and
the initial learning rate is le-2 with the “poly” learning rate decay schedule. For each
continual stage, the network is trained for 30 epochs on Pascal VOC and 60 epochs for
ADE20K. The batch size is 24 for both datasets. Following [16], the memory length
| M| is 100 and 300 for Pascal-VOC 2012 and ADE20K, respectively. Following [74], the
superpixel number M for computing sample diversity is 5, € in Eq.5.12 is 0.1.

For the agent training phase, we use the different hyper-parameters settings to
speed up training. Concretely, in this phase, we use Deeplabv3 with ResNet18 back-
bone as the segmentation model. The training epochs Y in Alg.1 is 1000. We randomly
partition 10% of whole data into the training set and leave others as the reward set. For
each continual stage, the network is trained for 5 epochs on Pascal VOC and 8 epochs
for ADE20K. The segmentation network is optimized by SGD with the initial rate being
0.01, and the agent network is optimized by Monmentumn with the learning rate being
0.1.

5.4.2 Comparisons with the State-of-the-arts

We compare the segmentation performance of our method with other state-of-the-art
CSS methods on two datasets, including Pascal-VOC 2012 and ADE 20K. The perfor-
mance is evaluated with three metrics. The first one is the mIoU over the initial classes
C1, and the second one measures the mloU for all incremental classes Co.7. The third
metric (all) denotes the mIoU for all observed classes Ci.7. In experiments, We fol-
low previous works [37, 110] by using Deeplab-v3 with the ResNet-101 backbone as
the segmentation model. Following [16], the memory length | M| is 100 and 300 for
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100-50(2 stages) 100-10(6 stages) 100-5(11 stages) ‘
Method 0-100  101-150 all 0-100  101-150 all 0-100  101-150 all
Joint 4434 28.21 39.00 ‘ 4434 28.21 39.00 ‘ 4434 28.21 39.00
ILT 18.29 14.40 17.00 0.11 3.06 1.09 0.08 131 0.49
MiB 40.52 17.17 32.79 | 3821 11.12 29.24 | 36.01 5.66 25.96
SDR 37.40 24.80 3320 | 1213 28.94 3448 | 33.02 10.63 25.61
PLOP 41.87 14.89 3294 | 40.48 13.61 3159 | 35.72 12.18 27.93
REMINDER | 41.55 19.16 3414 | 38.96 21.28 33.11 | 36.06 16.38 29.54
Ours 44.06 24.96 37.74 | 43.88 25.14 37.67 | 4335 18.53 35.13

TABLE 5.2: Comparison results on ADE 20K.

Pascal-VOC 2012 and ADE20K, respectively. We adopt the widely-used pseudo label
mechanism for training the segmentation network.

Table 5.1 presents the performance on Pascal-VOC 2012 for three different settings
including 19-1 (2 stages), 15-5 (2 stages) and 15-1 (6 stages). Our method achieves state-
of-the-art performance. On the three settings, our method achieves 77.66%, 73.73%, and
71.94% mlIoUs on the ‘all” metric, outperforming the second-place method by 3.29%,
1.33%, and 12.54%, respectively. The improvement is especially significant for the 15-1
(6 stages) setting, which is quite challenging due to the more severe catastrophic forget-
ting issue caused by a larger number of continuous stages. Our method, with carefully
selecting and enhancing the replay samples, shows elevated effectiveness under such
a challenging scenario.

The comparison results with the ADE 20K are shown in Table 5.2. For 3 differ-
ent settings including 100-50 (2 stages), 100-10 (6 stages) and 100-5 (11 stages), our
method achieves 37.74%, 37.67% and 35.13% mloUs on the ‘all” metric, improving the
second-place one by 2.60%, 4.56% and 5.59% respectively, showing its effectiveness and
advantage.

5.4.3 Comparison with Other Sample Selection Strategies

To verify the effectiveness of our RL-driven automatic replay mechanism, we validate
and compare it with other sample selection methods in the CSS task. The experiments
are conducted on Pascal-VOC 2012 under the 15-1 (6 stages) setting. The results are
shown in Table.5.3. The compared methods include three types: 1) the random se-
lection strategy; 2) the previously-proposed hand-crafted strategies including iCaRL
[115], Rainbow [7], CBES [162] and SSUL [16]. Both iCaRL and Rainbow are diversity-
based selection criteria. CBES and SSUL are two class-balanced sample selection strate-
gies that are specially designed for CSS. Besides, to validate the effectiveness of the
automatic learning mechanism, we also design a new hand-crafted strategy using the
same factors as our method (sample diversity and class performance). The newly-
designed one is based on our visualization of the learned policy introduced in Sec.
5.4.5. It shows selecting the common samples is effective for the hard classes with bad
performance, while selecting the diverse samples is better for the simple classes with
good performance. Thus, we design a strategy where the most common samples with
the lowest diversity scores are selected for the top 50% low-performance classes, while
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the most diverse samples with the highest diversity scores are selected for other high-
performance classes. We denote the new-designed (N) hand-crafted (H) strategy (S) as
NHS. On the ‘all” metric, random selection achieves 63.15% mloU. By smartly select-
ing the appropriate samples based on heuristic rules, iCaRL, Rainbow CBES and SSUL
achieve 65.62%, 66.09% and 66.39% and 66.37% mloUs, respectively, and NHS further
improves it to 66.82% by considering more factors with the complicated relationship.
Considering these methods only select samples, for a fair comparison, we report the re-
sult of our method w/o the enhancement operation. It achieves 70.02% mlIoU, not only
outperforms the previously-proposed iCaRL, Rainbow, CBES and SSUL, showing the
elevated effectiveness of the novel selection approach; but also outperforms NHS using
the same set of factors, demonstrating the significant advantages of the reward-driven
automatic policy learning mechanism over the hand-crafted strategies.

Selection Strategy | 0-15 1620 all

Random Selection | 7282 3221 63.15
iCaRL [115] 7391 3911 65.62
Rainbow [7] 7403 4070  66.09
CBES [162] 7415 4157 66.39
SSUL [16] 7420 4133 6637
NHS | 7450 4225 66.82

Ours (w/o0 Enhancement) | 77.54 4598  70.02

TABLE 5.3: Comparison with other sample selection strategies. NHS de-

notes a new-designed hand-crafted strategy using the same factors as

our method (sample diversity and class performance). For a fair com-

parison, we report the result of our method w/o the enhancement oper-
ation.

5.4.4 Ablation Study

In this section, we perform ablation study to verify the effectiveness of different com-
ponents in our method. All experiments are conducted on Pascal-VOC 2012 under the
15-1 (6 stages) setting.

Ablation of Selection-enhancement Dual Stage Action

We conduct experiments to verify the effectiveness of the proposed selection-enhancement
dual-stage action paradigm, with results shown in Table 5.4. Our method with both the
sample selection and enhancement actions achieves 71.94% mloU on the “all’ metric. By
removing the enhancement operation, the performance decreases to 70.02%. By further
removing both enhancement and selection procedures so that the memory is randomly
filled, the performance is only 63.15%, 8.79% lower than our method. The results in-
dicate that both the selection and enhancement operations can effectively boost CSS
performance.
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Method | 0-15 1620 all
Ours | 7854 50.82 71.94
Ours w/o Enhancement 77.54 4598 70.02

Ours w/o Enhancement & Selection | 72.82 32.21 63.15

TABLE 5.4: Ablation results of the selection-enhancement dual-stage ac-
tion.

Ablation of State Representation Design

We then validate different components of the designed state representations and the
results are presented in Table 5.5. The state representation contains three parts: 1)
sample diversity div; 2) accuracy I and 3) forgetfulness g. The latter two constitute the
class performance feature. In addition to validating the three parts, we also test using
a common diversity metric instead of our novel one. Such a metric measures the inter-
sample similarity by directly computing the distance between their prototype features.
We name it as div_prototype. Using div shows significant performance improvement
(69.83% — 71.94%) to div_common, demonstrating the effectiveness of our novel graph-
based similarity.

Method | 0-15 1620 all
Ours | 7854 50.82 71.94
Ours w/o div 74.09 3333 64.39
Oursw/o I 76.50 42.08 68.30
Oursw/og 7779 4532 70.06
Ours w/o {I, g} 7618 36.03 66.68

Ours w/o div w/ div_prototype ‘ 7693 47.16 69.83

TABLE 5.5: Ablation results of the state representations.

Ablation of Memory Length.

In the results comparison section, for the fair comparison, we follow [16] by setting the
memory length M to 100 and 300 for Pascal-VOC 2012 and ADE20K, respectively. We
further validate the performance for the 15-1(6 stages) setting on Pascal-VOC 2012 by
using memories with different lengths ranging from 50 to 300. The results are shown
in Figure 5.3. We can observe that a larger memory brings better performance. As the
memory length increases from 50 to 300, the mIoU on the ‘all” metric increases from
63.56 to 75.33.

Ablation of Superpixel Number.

In order to compute the sample diversity, each region is divided into M superpixels for
constructing the graph. Here we perform experimenters to validate how M affects the
performance and present the results in Figure 5.4. As can be observed, the performance
keeps stable when M is larger than 3 and smaller than 9, while a too large M leads to
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FIGURE 5.3: Ablation results of memory length. As the memory length
increases from 50 to 300, the mIoU on the ‘all’ metric increases from 63.56
to 75.33.

the over segmenting that negatively affects the performance to some extent. Generally
speaking, our method is non-sensitive to the hyper-parameter M, demonstrating its
high robustness.
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FIGURE 5.4: Ablation results of superpixel number.

5.4.5 Analysis of the Learned Policy

We further analyze the learned sample selection policy both qualitatively and quanti-
tatively to offer more insights into how our method works. After analyzing the learned
policy, we can observe the following rules:

(1) Low-performance classes require more replay samples. As shown in Figure
5.5, on Pascal-VOC 2012 dataset, we count the number of selected samples for different
classes with different performances. From left to right, the horizontal axis represents
the classes from low to high performance. We can find the negative correlation between
class performance and the selected sample number. The low-performance classes are
less accurate or more easily to be forgotten, so more samples are required for replay to
alleviate the more severe catastrophic forgetting issue.

(2) Classes with different performances require different kinds of samples. We
further investigate the learned strategy for classes with different performances. We
visualize the diversity of the selected samples for three representative classes: ‘chair’,
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FIGURE 5.5: The numbers of selected samples for different classes. The
horizontal axis from left to right represents classes from poor to good
performance.

‘boat’, and ‘bird.” “chair’ is a hard class with a low class performance, ‘bird” is an easy
class with a high class performance, and ‘boat” has a medium class performance. The
results are shown in Figure 5.6, where the red triangles represent the selected sam-
ples, and the blue dots denote other samples that are not selected. Triangles or dots
closer to the center represent samples with lower diversity. As can be observed, for
the low-performance class ‘chair’, most red triangles are distributed in the center, indi-
cating the agent selects common samples with low diversity. On the contrary, for the
high-performance class ‘bird’, the high-diversity samples are selected. For the middle-
performance class ‘boat’, both the common and diverse samples are selected. We be-
lieve the different degrees of forgetfulness for different classes can explain the learned
policy. For hard classes where the catastrophic forgetting is more severe, most sam-
ples including both the high-diversity novel ones and low-diversity common ones are
forgotten after the model trains on new classes, so using the more common and repre-
sentative samples can learn a classification space covering most samples. On the con-
trary, for easy classes with relatively minor catastrophic forgetting issues, the common
samples can still be remembered in the next stage while the high-diversity samples are
easier to be forgotten. Thus, replay with high-diversity samples can be more effective.

(A) Chair (B) Boat (C) Bird

FIGURE 5.6: (Best viewed in color). Visualization of the diversity for the

selected samples of three classes including ‘chair’, ‘boat” and ‘bird’. The

red triangles represent the selected samples and the blue dots denote

other samples that are not selected. Triangles or dots closer to the center
represent samples with the lower diversity.
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(a) Original Image (b) Enhanced Image

FIGURE 5.7: Comparison between the original images and images after
enhancement.

5.4.6 Complexity Discussion

Training the agent network requires additional time. According to Alg. 1, the theo-
retically additional cost is O (Y') higher than the time for deployment. However, we
argue that agent training is an offline process and we can use a shallower segmenta-
tion network and a smaller dataset for training. With these simplifications, we get a
computation-efficient agent training process where the training time is 1.16 times that
of the deployment phase for the 15-5 (2 stages) setting on Pascal-VOC 2012. Also,
the agent trained on one dataset can be deployed on other datasets. Thus the agent
only needs to be trained once and can be deployed to different CSS tasks. Experi-
mental results demonstrate this capability. Specifically, for the ‘all’ metric, using the
agent trained on Pascal-VOC 2012 to deploy on the 100-50(2 stages) setting of ADE 20K
achieves 34.87% mloU, and using the agent trained on ADE 20K to deploy on 19-1(2
stages) setting of Pascal-VOC 2012 achieves 74.96% mloU, with both cases showing
good performance. The results demonstrate the high generalization of our method. In
realistic applications, the agent only needs to be trained once and then can be used on
several different CSS tasks without the extra computation cost for agent retraining.

5.4.7 Visualizations
Visualization of Sample Enhancement

Our method includes a novel enhancement action. It enables the selected samples to
have the better replay effectiveness by maximizing their agent scores through gradient-
based editing. We presents some comparison results between original images and the
enhanced images in Figure 5.7. We also provide a quantitative comparison in Figure 5.8
to show the agent score distributions for all selected samples before and after enhance-
ment, where the horizontal axis represents different score intervals, and the vertical
axis indicates the proportion of samples falling into each interval. We can observe that
after enhancement, there are more samples with high agent scores. This demonstrates
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FIGURE 5.8: Comparison of agent score distributions for all selected

samples before and after enhancement. The horizontal axis represents

different score intervals. The vertical axis indicates the proportion of
samples falling into each interval.

that the gradient-based enhancement effectively increases agent scores, thus promoting
the replay performance.

Visualization of Segmentation Results

In Figure 5.9, we present the segmentation results on the Pascal-VOC 2012 validation
set using the model trained in the CSS task. We compare our method with the replay
approach using the randomly selected samples. Thanks to the proposed mechanism
that automatically learns an optimal policy and uses it to select and enhance the most
adequate samples, our method can be more effective to alleviate the catastrophic for-
getting problem in CSS, thus achieving the better results.

5.5 Conclusion

In this chapter, we propose a novel and automatic memory selection paradigm. It sig-
nificantly facilitates alleviating the severe catastrophic forgetting issue through more
effective memory management in the Continual Semantic Segmentation (CSS) task. We
propose a novel learning-based approach with an agent network to automatically learn
the policy. The input representation to the agent network is tailored for the CSS task.
We also use the agent network to further perform a novel sample enhancement opera-
tion through a gradient-based approach to boost the effectiveness of selected samples.
This research work provides valuable insights into the memory selection of contin-
ual semantic segmentation and practical tools that is readily applicable. Our method
is effective and general, as shown by our extensive experiments with state-of-the-art
(SOTA) performance.
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FIGURE 5.9: The segmentation visualization comparison results be-
tween our method and random selection strategy.



84

Chapter 6

Conclusions and Future Work

In this thesis, we mainly focus on addressing two issues encountered in the multi-stage
segmentation training paradigms where data is provided incrementally rather than all
at once: (1) low performance due to insufficient training data in the incomplete dataset,
and (2) the problem of catastrophic forgetting where previously learned knowledge is
often lost after training on new data.

We first propose a novel method for few-shot segmentation, aimed at training new
classes with minimal samples. This research identifies the issue of background context
bias in existing few-shot segmentation approaches and introduces an innovative solu-
tion to mitigate this problem, leading to improved performance. The proposed method
employs an iterative framework consisting of three successive steps: Query Prediction,
Support Modulation, and Information Cleansing. This structure effectively addresses
foreground feature misalignment and reduces noise accumulation, establishing a re-
current optimization process that continuously refines segmentation results. Experi-
ments conducted on multiple datasets demonstrate the efficacy of our approach, which
achieves state-of-the-art (SOTA) segmentation performance. This work contributes
valuable insights and advancements to the field of few-shot segmentation, enhancing
the efficiency and effectiveness of segmentation model training.

While the first work presented in this thesis demonstrates notable improvements
and high effectiveness, it remains constrained by its reliance on the limited and poten-
tially biased information derived from a small number of labeled samples. This lim-
itation inherently restricts the segmentation model’s ability to achieve higher perfor-
mance. To address this challenge, we leverage the rich knowledge embedded in large
language models (LLMs) for few-shot segmentation, proposing a novel framework
named LLaFS++, which achieves significant advancements. To adapt LLMs for this
visual task, we introduce a segmentation task instruction to provide detailed task defi-
nitions, and propose a fine-grained in-context instruction to simulate human cognitive
mechanisms and provide fine-grained multimodal reference information. We also pro-
pose a pseudo-sample-based curriculum pretraining mechanism to augment the train-
ing samples required for instruction tuning, and introduce a novel inference method
to mitigate potential oversegmentation hallucinations caused by the regional guidance
information. Our thorough experiments validate the effectiveness of LLaFS++, show-
casing its capability to consistently surpass existing state-of-the-art methods across var-
ious datasets and scenarios. We consider LLaFS++ as a significant step forward in
exploring how LLM frameworks can be effectively leveraged for addressing few-shot
challenges within the domain of computer vision.

We also propose a new method for the task of continual semantic segmentation,
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focused on addressing the issue of catastrophic forgetting, enabling the model to retain
its ability to handle previous classes after training on new class data. In this method, we
propose an automatic selection mechanism through reinforcement learning, choosing
suitable samples from previous stages for replay in future stages and thus mitigating
catastrophic forgetting. Extensive experiments across multiple datasets and protocols
demonstrate the high effectiveness and generalization of this method, which achieves
state-of-the-art performance while utilizing only 1% of the total training data for replay.
We consider this work as an important method that can provide valuable insights into
memory selection in continual semantic segmentation, making the replay methods in
this research domain more effective and and the catastrophic forgetting problem to be
mitigated better.

In recent years, the rapid advancement of large vision-language models (LVLMs)
has opened up new possibilities for image segmentation. My future work will focus on
developing the more generalizable, reliable, and efficient LVLM-based segmentation
approaches with the following characteristics:

* (a) Higher Generalizability. To enhance the versatility and practical applica-
bility, the LVLM-based segmentation models are expected to exhibit robust gen-
eralization capabilities across various dimensions, including: (1) Domain gener-
alizability: The ability to handle inputs from diverse domains, such as medical
images, remote sensing images, and more. (2) Modality generalizability: The ca-
pacity to process segmentation tasks across different modalities, such as images,
videos, point clouds, and 3D scenes. (3) Task generalizability: The capability to
tackle a wide range of segmentation tasks, including semantic segmentation, in-
stance segmentation, panoptic segmentation, in-context segmentation, referring
segmentation, and reasoning-based segmentation. A highly generalizable model
offers greater utility in real-world applications, making it more valuable for prac-
tical deployment.

¢ (b) Enhanced Reliability. LVLMs are prone to hallucination, often generating
outputs entirely unrelated to the input. This issue also manifests in LVLM-based
segmentation methods, which frequently produce segmentation masks that are
not relevant to the input. To mitigate hallucination and improve the reliabil-
ity of LVLM-based segmentation methods, research efforts should be focused on
the following aspects: (1) Higher-quality datasets: Construct strictly curated, high-
quality segmentation datasets with less noise to minimize erroneous information.
(2) Improved training methods: Employ advanced techniques such as knowledge
augmentation and human preference learning to enhance training effectiveness
and improve model performance. (3) Better inference mechanisms: Incorporate
methods like verification mechanisms, self-reflection, and chain-of-thought rea-
soning during inference to enhance reliability.

* (c) Improved efficiency. Large models typically require substantial computa-
tional and data resources during both training and inference. Developing more
efficient LVLM-based segmentation methods is essential for facilitating their prac-
tical deployment. Specifically, attentions should be focused on the following as-
pects: (1) Training efficiency: Reduce the training time, the number of GPUs re-
quired, and the amount of training data needed for LVLM-based segmentation
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models. (2) Inference efficiency: Minimize the model’s parameter size to enable
more efficient deployment and faster inference speeds. Enhancing efficiency in
both training and inference stages will make LVLM-based segmentation meth-
ods more accessible and feasible for real-world applications.

Developing more generalizable, reliable, and efficient LVLM-based segmentation
methods can enhance model performance, improve safety, and reduce usage costs.
These advancements are crucial for enabling the practical application of such methods
in domains that demand stability, generalization, and computational efficiency, such
as autonomous driving and robotic control. Therefore, this will be a key focus of my
future research directions.
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