
©Copyright 2024

Jie Mei



Continual Learning of Object Classification in the Real World

Jie Mei

A dissertation

submitted in partial fulfillment of the

requirements for

Doctor of Philosophy

University of Washington

2024

Reading Committee:

Jenq-Neng Hwang, Chair

Radha Poovendran

Rania Hussein

Program Authorized to Offer Degree:

Electrical and Computer Engineering



University of Washington

Abstract

Continual Learning of Object Classification in the Real World

Jie Mei

Chair of the Supervisory Committee:
Jenq-Neng Hwang

Electrical and Computer Engineering

Technological advances in deep learning have brought remarkable performance in the object clas-

sification task but only when all the training data of classes to be learned are available at the same

time. However, real-world data continually evolve through time, resulting in ever-changing learn-

ing configurations, e.g., new classes are added continuously. When a deep learning model loses

access to previously trained classes data (e.g., due to privacy issues, storage limitations, or data

transfer difficulties) and can only be fine-tuned based on new classes data, it could overfit on new

classes and catastrophically forget the previously trained classes due to the end-to-end training

strategy. Therefore, a class incremental learning (CIL) model should be able to learn more and

more new classes over time from a stream of continuously arriving data, i.e., only the training data

for a small number of classes have to be present at the beginning of training and new classes can

be added progressively.

Traditional object classification models based on deep learning have a fixed number of output

classes from the final softmax layer, which requires the total number of training classes at the be-

ginning of training. This is impractical in the real-world CIL scenario because we can not know

how many classes are going to be added in the future. Another feature of traditional image recog-

nition models based on deep learning is the flat classification outputs from the standard softmax

layer, i.e., all training classes are on the same level and the summation of confidence scores over

all classes equals to one. Therefore, traditional image recognition models are not able to perform



the hierarchical classification task. For example, ‘Dog’ class and ‘Golden Retriever’ class could

be in the dataset at the same time and both confidence scores should be one for a ‘Golden Re-

triever’ input image. Thus, a hierarchical classifier should be able to predict all confidence scores

at different levels in the hierarchical data structure. One obvious advantage is that if the confidence

score of a sample is too low at the fine level but very high at the coarse level, then we can use

the coarse-level prediction to be the final prediction. In contrast, flat classifiers have no alternative

ways if the confidence score is too low at the final prediction. To this end, we construct a hierarchi-

cal dataset and propose a CNN-based hierarchical classification architecture, which enforces the

hierarchical data structure and introduces an efficient training and inference strategy. Furthermore,

taking advantages from both class incremental learning and hierarchical classifier, we first propose

a Hierarchical Class Incremental Learning model (HCIL) [101], for continual learning of object

classification in the real world.

Most works in class incremental learning (CIL) assume disjoint sets of classes as tasks. Al-

though a few works deal with overlapped sets of classes, they either assume a balanced data dis-

tribution or assume a mild imbalanced distribution. Instead, we further explore one of the under-

studied real-world CIL settings where (1) different tasks can share some classes but with new data

samples, and (2) the training data of each task follows a long-tail distribution. We call this setting

CIL-LT. We hypothesize that previously trained classification heads possess prototype knowledge

of seen classes and thus could help learn the new model. Therefore, we propose a method, i.e.,

Expert-and-Samples-Aware (ESA) incremental learning under longtail distribution [98], with the

multi-expert idea and a dynamic weighting technique to deal with the exacerbated forgetting in-

troduced by the long-tail distribution. Experiments show that the proposed method effectively

improves the accuracy in the CIL-LT setup on MNIST, CIFAR10, and CIFAR100.

From the multimodal perspective, text-prompt-based approaches for continual learning lever-

age pre-trained text encoders and learnable prompts to encode textual features for sequentially

arrived classes over time. A common challenge encountered by existing works is how to learn



fine-grained text prompts, which implicitly carry semantic information of new classes, so that

the textual features of newly arrived classes do not overlap with those of trained classes, thereby

mitigating the catastrophic forgetting problem. To address this challenge, we propose a novel ap-

proach Prototype-guided Text Prompt Selection (ProTPS) to intentionally increase the training

flexibility thus enforcing learning fine-grained text prompts. Specifically, our ProTPS aggregates

the image and text encoders to learn class-specific vision prototypes and text prompts. Vision pro-

totypes guide the selection and learning of text prompts that encode exclusive fine-grained textual

features of each class. We evaluate our ProTPS in both class incremental (CI) setting and cross-

datasets continual (CDC) learning setting. Since our ProTPS achieves performance close to the

upper bounds, we further collect a real-world marine species dataset, named Marine112, to bring

new challenges to the community. Marine112 is a fine-grained dataset with long-tail distribution

and is naturally suited for the class and domain incremental (CDI) learning setting. The results un-

der three continual learning settings show that our approach performs favorably against the recent

state-of-the-art methods.

The expected contributions of this proposal for continual learning of object classification in the

real world can be concluded as follows:

• We propose the HCIL framework, with the ability to jointly perform the hierarchical clas-

sification task and class incremental learning without catastrophically forgetting previously

trained classes.

• We propose the ESA framework with the multi-expert idea and a dynamic weighting tech-

nique, for one of the understudied real-world CIL settings where (1) different tasks can share

some classes but with new data samples, and (2) the training data of each task follows a

long-tail distribution.

• We propose a multimodal transformer-based framework, ProTPS, to intentionally increase

the training flexibility thus enforcing learning fine-grained text prompts so that the textual



features of newly arrived classes do not overlap with those of trained classes. ProTPS is

shown to be effective under three real-world continual learning settings, i.e., class incre-

mental (CI) setting, cross-datasets continual (CDC) learning setting, and class and domain

incremental (CDI) learning setting.

• From the dataset perspective, we collect a new hierarchical dataset for continual learning,

three under-studied CIL-LT datasets, and a real-world marine species dataset, named Ma-

rine112, to bring new challenges to the continual learning community. Marine112 is a fine-

grained dataset with long-tail distribution and is naturally suited for the class and domain

incremental (CDI) learning setting.

• The proposed and collected datasets present novel real-world challenges to the continual

learning community, and the proposed frameworks represent significant advancements to-

ward achieving continual learning of object classification in real-world scenarios.
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Chapter 1

INTRODUCTION

1.1 Class Incremental Learning of Image Recognition

In a supervised image classification task, deep neural networks have been shown to achieve re-

markable performances, but only when all the training data of classes to be learned are available

at the same time. However, real-world data continually evolve through time, resulting in ever-

changing learning configurations, e.g., new classes are added continuously. A class incremental

learning (CIL) model should be able to learn more and more new classes over time from a stream of

continuously arriving data. When a deep learning model loses access to previous classes data (e.g.,

due to privacy issues, storage limitations, or data transfer difficulties) and can only be fine-tuned

based on new classes data, it could catastrophically forget the old classes, the so-called catastrophic

forgetting problem [18, 39, 41, 55, 55, 69, 101, 114, 163, 166]. The main issue behind this problem

is due to overfitting the most recent trained classes.

A growing amount of works have emerged to tackle the catastrophic forgetting problem from

the rehearsal perspective. Most continual learning strategies [18,41,55,114,118] applied on large-

scale datasets allow storing a fixed number of data from previously trained classes. More specif-

ically, when training the model on new classes, the model can still have access to the stored raw

data [18, 22, 114] or compressed data [49, 61] of previously trained classes, which are referred to

as memory in the CIL scenario. These methods aim at limiting the changes in the model when

new classes are learned by applying loss constraints such as knowledge distiallation [53] on the

model’s predictions for the memory data. However, neither the memory selection strategy nor the

data imbalance between the memory and new classes data gets enough attention in these methods.

This inevitably leads to classification heads overfitting and further causes the overfitting of the fea-

ture extraction backbone through the back-propagation in the end-to-end training. Our proposed
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efficient regularization method overcomes the data imbalance problem, along with a proposed

comprehensive memory selection module, to mitigate the classification heads overfitting. Besides,

thanks to the easy access to large public datasets such as ImageNet-22k [33], we can freeze a

pre-trained backbone to completely avoid the feature extraction backbone overfitting.

From the dynamic architecture perspective, recent CIL works [43, 45, 60, 80, 125, 169] dynam-

ically expand classification heads (and feature extraction backbones) for different training tasks,

where training classes available at the same time are defined as one ‘task’. Unfortunately at infer-

ence time, they require a task identifier, i.e., need to know the task to which the test image belongs,

to use parameters of the corresponding architecture branch. This is impractical in the real-world

class incremental learning scenario. More recently, DyToX [41], DER [166] and Simple-DER [83]

avoid the need for this task identifier. DyTox [41] expands an independent classifier for each new

task and chooses the output with maximum confidence score as the prediction during inference, on

the other hand, DER [166] and Simple-DER [83] learn a single classifier based on the concatena-

tion of all produced embeddings by different subsets of parameters. Yet, previous methods except

DyTox [41] encounter dramatic memory overhead when dealing with a large number of tasks and

thus need complex pruning as post-processing. Our proposed method is also a dynamic framework,

which does not need the task-identifier nor any complex pruning during the inference time. Unlike

the previous methods, our proposed scheme expands an independent binary classification head for

each new class, which can be easily incorporated with the proposed efficient regularization in the

training to mitigate the classification heads overfitting.

1.2 Hierarchical Class Incremental Learning

In the real-world image recognition, hierarchical classifiers are more beneficial than flat classifiers.

For example, in electronic monitoring (EM) of longline fishing, the goal is to monitor the fish catch-

ing activities on fishing vessels, either for the regulatory compliance or catch counting. Hierarchi-

cal classification based on videos allows for inexpensive and efficient fish species identification of

catches from longline fishing, where fishes are under severe deformation and self-occlusion during

the catching process. More importantly, the flexibility of hierarchical classification mitigates the
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laborious efforts of human reviews by providing confidence scores in different hierarchical levels.

Some related works either use cascaded models for hierarchical classification or make predictions

per image or predict one overlapping hierarchical data structure of the dataset in advance. How-

ever, with a known non-overlapping hierarchical data structure provided by fisheries scientists, our

method in this proposal enforces the hierarchical data structure and introduces an efficient training

and inference strategy for video-based fisheries data.

Automated imagery analysis techniques have drawn increasing attention in fisheries science

and industry [23, 24, 46, 58, 59, 146, 158, 159, 186], because they are more scalable and deployable

than conventional manual survey and monitoring approaches. Especially in the EM systems, a

hierarchical classifier is more meaningful for the fisheries than a flat classifier with the standard

softmax output layer. The hierarchical classifier can predict coarse-level groups and fine-level

species at the same time. If the system predicts some images with high confidence in one coarse-

level group but with low confidence in the corresponding fine-level species, then a hierarchical

classifier stops predictions of those images at the correct coarse-level group and allows fisheries

personnel to assign corresponding experts to review those images and get the correct fine-level

labels.

To address the hierarchical classification needs, in this proposal, we construct a hierarchical

dataset for the longline fishing monitoring, where fish are caught are caught on hooks and viewed

as they are pulled up from the sea and over the rail of the fishing vessel as shown in Fig.1.1. Also,

we propose a video-based hierarchical species classification system. The main contributions for

hierarchical classification as summarized as follows:

1) A proposed CNN architecture for hierarchical classification task enforces an effective hier-

archical data structure with multi-level classification heads and a shared feature extraction

backbone. We also construct a dataset with hierarchical data structure.

2) An efficient training strategy with multi-level loss functions applied on multi-level classifi-

cation heads’ outputs. Plus, two robust video-based hierarchical inference schemes based on

average confidence scores and majority vote respectively.
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Figure 1.1: Longline Fishing: Each row is a sequence of an individual fish caught on a longline

hook, as it is being pulled up from the sea and over the rail of the fishing vessel.

3) The proposed hierarchical classifier allows coarse-level prediction to be the final output if

fine-level confidence score is too low and achieves higher accuracy on tail-class species

when training data follows a long-tail (imbalanced) distribution than a flat classifier.

4) Taking advantages from both class incremental learning and hierarchical classifier, we fur-

ther propose a Hierarchical Class Incremental Learning model (HCIL), with the ability to

jointly perform hierarchical classification task and class incremental learning without catas-

trophically forgetting previously trained classes.

1.3 Class Incremental Learning Under Longtail Distribution

In a supervised image classification task, deep neural networks have been shown to achieve re-

markable performances. However, real-world data continually evolve through time, resulting in

ever-changing learning configurations, e.g., new classes are added incrementally. When a deep

learning model loses access to previous classes data (e.g., due to privacy issues, storage limitations,

or data transfer difficulties) and can mainly be fine-tuned based on new classes data, it could catas-
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Figure 1.2: CIFAR100 split under CIL-LT: Each task includes 10 novel classes and 30% of

seen classes that are randomly selected. Within each task, the training data follows a long-tail

distribution. The maximum imbalance factor (IF) is 250, which is defined as the number of training

samples in the largest class divided by that of the smallest. Thus, we call this split CIFAR100-

Overlap30-IF250. Note that: We use 3 different seeds to generate 3 different class orders for

evaluation purposes.

trophically forget the old classes, the so-called catastrophic forgetting problem [69, 101, 114, 163].

The main issue behind this problem is overfitting the most recently trained classes. In the real

world, this problem can be exacerbated by the long-tail distribution [14, 16] of training data.

Class incremental learning (CIL) has been widely studied under the setting of end-to-end train-

ing from scratch, i.e., incrementally learning informative features. However, most works for class

incremental learning assume disjoint sets of classes as tasks, i.e., disjoint-CIL, where there are no

overlapped classes between different training tasks. Thus a new task only includes novel class

training data, e.g. [88]. Even though [12] proposes the setting of blurry-CIL where different

training tasks share some classes, it assumes a balanced distribution of overlapped classes. A few

recent works [10,104] start to consider overlapped classes and imbalanced distribution in CIL, i.e.,

general-CIL, but their maximum imbalance factor is around 20. But in the real world, training data

may follow a longtail distribution where the imbalance factor can be larger than 50 [16]. Thus,

we propose the setting, i.e., CIL-LT as shown in Fig. 1.2, where (1) different tasks can share some

classes but with new data samples, (2) the training data of each task follows a long-tail distribution
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with the imbalance factor in a wide range.

1.4 Prototype-Guided Text Prompt Selection for Continual Learning

Figure 1.3: An example of our motivation for proposing learnable text prompt selection. Prior

work [180] built upon CLIP [111] proposes learnable class-specific prompts to replace predefined

prompt templates. Our work introduces a novel text prompt selection approach that enables se-

mantic prompts of each class to interact with other class names. By intentionally increasing the

training flexibility, we encourage our text prompts to capture exclusive fine-grained textual features

of each class. Note that three big gray circles in the feature space represent all possible textual fea-

tures for each class.

In supervised image classification, deep neural networks have consistently demonstrated im-

pressive results. Yet, the dynamic nature of real-world data, with its constant evolution and shifting

paradigms, such as the incremental addition of new classes, poses significant challenges. When a

model’s access to historical training data is constrained, due to privacy considerations, data storage

and transfer limitations, or energy efficiency concerns, it can only be primarily updated with new

data. This scenario lead to a deep learning model’s “catastrophic forgetting” of previously learned

knowledge, a critical problem documented in seminal works [65, 69, 82, 101, 114, 149, 154, 163] in
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the area of continual learning.

To mitigate the catastrophic forgetting problem, recent text-prompt-based methods [133, 149,

151, 180] leverage frozen Contrastive Language-Image Pre-training (CLIP) [111] to achieve out-

standing performance. In these methods, text prompts are concatenated with class names as input

to the frozen pre-trained CLIP [111] text encoder to get textual features of each class, which then

serve as weights of the linear classifier as proposed in the original CLIP [111]. These methods

use learnable prompts or predefined prompt templates to encode textual features for sequentially

arrived classes over time. However, a common challenge encountered by existing works is how

to learn text prompts encoded with fine-grained semantic features of different classes so that the

textual features of newly arrived classes do not overlap with those of trained classes.

To address this challenge, we propose a novel approach Prototype-guided Text Prompt Selec-

tion (ProTPS). Our motivation is to intentionally increase the training flexibility thus enforcing the

text prompts to encode fine-grained textual features of each class. For example in Fig. 1.3, given

an input image of the golden retriever in training, the text prompt belonging to “golden retriever”,

i.e., P3, can only interact with “golden retriever” in the prior work, while our ProTPS selects P3

to concatenate with all class names, increasing the training flexibility. By doing so, our prompts

“P3-labrador retriever” and “P3-golden retriever” are closer in the feature space at the beginning of

training, compared with “P1-labrador retriever” and “P3-golden retriever” in the prior work. Then

using textual features of our prompts as the linear classifier weights results in a bigger training loss.

By minimizing the loss, P3 is encouraged to capture the exclusive textual features of “golden re-

triever”, thus our text prompts have to learn more fine-grained features of each class. After training,

our class-specific text prompts can be more distinct in the feature space as illustrated in Fig. 1.3.

Why use vision prototypes as guidance? Different from existing text-prompts-based works

which have a single classifier derived from the text encoder as proposed in the CLIP [111], our

ProTPS has an additional linear classifier whose weights are initialized with visual features, i.e.,

prototypes, of each class, computed from the pre-trained image encoder. At the beginning of

training, this linear classifier can provide a reasonable initial prediction. Thus our ProTPS pairs

the vision prototype of each class with a text prompt to facilitate learning fine-grained semantic
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features. Our motivation for using prototypes as guidance for text prompt selection stems from

the hypothesis that vision prototypes and text prompts can be complementary features, i.e., vision

prototypes can be good at globally distinct categories, such as cows and birds; on the other hand,

text prompts can be trained to capture exclusive semantic features corresponding to regional image

details in fine-grained categories, such as different dog breeds.

The experimental configurations for existing continual learning methods are idealistic, typi-

cally partitioning a single dataset into multiple non-overlapped and data-balanced tasks, i.e., class

incremental (CI) learning, or combining two datasets into a long-sequence domain-shift task, i.e.,

cross-datasets continual (CDC) learning. To handle a more realistic scenario, we collect a real-

world challenging dataset, named Marine112, covering 112 fine-grained classes of marine animal

species across 6 years. We believe Marine112 is of great importance to the continual learning com-

munity, for the following reasons: (1) it features overlapped fine-grained classes among different

tasks with varied imaging qualities, i.e., domain shift; (2) it reflects the longtail [91] (imbalanced)

distribution observed in nature; and (3) it is naturally suited for the class and domain incremental

(CDI) learning. Our contributions are summarized as follows:

• We propose a novel approach ProTPS to continually learn fine-grained text prompts so that

the textual features of newly arrived classes do not overlap with those of trained classes,

thereby mitigating “catastrophic forgetting”.

• Our novel ProTPS learns global image-level vision prototypes to guide the selection and

learning of text prompts that attend to region-level image details. We also propose a novel

contrastive loss to align and enhance text prompts and vision prototypes, bringing further

boost to the performance.

• In class incremental learning setup, ProTPS attains +1.9% and +10.6% gains on CIFAR100

and ImageNet100 respectively over the current state-of-the-art methods. In cross-datasets

continual learning setup, ProTPS secures +2.1% and +7.3% on “ImageNet2CIFAR” and

“ImageNet+CIFAR” respectively.
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• We collect a real-world fine-grained dataset, Marine112, with long-tail distribution and nat-

urally suited for class and domain incremental (CDI) learning. It brings new challenges to

the continual learning community.
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Chapter 2

RELATED WORK

2.1 Class Incremental Learning

2.1.1 Rehearsal-based Approaches

Class incremental learning models tackle the catastrophic forgetting of previously trained classes [135].

Rehearsal learning has been used in most incremental learning strategies [18, 41, 55, 114, 118] ap-

plied on large-scale datasets, i.e., a fixed amount of the training data of previously trained classes

is kept as a memory. The memory can be raw images (pixels) [18, 22, 114], compressed im-

ages [49,61] or trimmed data [38] to reduce memory overhead. Another branch of rehearsal-based

methods is generative reply [67, 78, 126], which only stores a model to generate new samples of

previously trained classes. Most rehearsal approaches use memory data to constrain the changes

in the model when new classes are being learned. These constraints can be applied on the model

weights [1,20,69,171], feature maps [36,39,55], predicted probabilities [18,19,82,114], or on the

gradients [21, 93].

2.1.2 Incremental Dynamic Networks

In contrast, dynamic frameworks best handle a growing-class learning configuration [80, 178] by

dynamically creating an independent binary classification head for each new class, while other

dynamic works [43, 45, 60, 122, 157] in CIL create sub-branches, where each is specialized in

one specific task that contains more than one class. Unfortunately, these previous approaches

often require the task identifier during inference time to use the corresponding branch. Recently,

DER [166] avoids the need for the task identifier by adding a new feature extraction backbone

per task. During inference, all backbones’ embeddings are concatenated and fed into a unified
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classification head. To limit the growing number of parameters in the whole model, it uses the

‘Hard Attention to the Task’ (HAT) [80] procedure to prune each model. But the pruning is very

sensitive to hyperparameters and DER also requires the total number of training classes in advance,

which is impractical in the real-world CIL scenario.

DyTox [41] adopts a task-dynamic strategy and keeps a fixed-size memory similar to rehearsal-

based methods but without complex pruning. It uses a shared backbone for all tasks and only

dynamically expands an independent classification head for each task.

2.2 Long-tail Recognition

Common methods for long-tail recognition are the readjustment of the data distribution during

training, e.g., under-sampling of the majority classes, over-sampling of the minority classes, and

re-weighting of the loss function based on the frequency or importance of the samples [17, 31, 62,

84, 179]. Another trend to address the long-tailed issue is the use of multi-expert or multi-branch

networks, which also show strong performance gains by treating the relatively balanced sub-groups

separately. BBN [179] proposes a shared backbone by two branches with normal and reversed

sampling, respectively. LFME [165], RIDE [150], and ACE [16] are multi-expert architectures that

learn diverse classifiers in parallel, combined with knowledge distillation and distribution-aware

expert selection. Their major difference lies in the data split for different experts and optimization

strategies.

Similarly, our ESA framework also adopts the multi-expert idea and re-weighting the loss func-

tion to the universal-CIL scenario. However, it is non-trivial and challenging to decide on an expert

expansion rule to make sure an expert can maintain good ability at certain sub-groups since ma-

jority classes may become minority classes in the incoming tasks under the continual learning

scenario. Therefore, we propose one expert for one task in the universal-CIL scenario to make

each expert relatively good at novel class recognition in its task. To maintain each expert’s ability

in the continual learning scenario, we present an expert-aware (EA) loss and a samples-aware (SA)

loss with a dynamic weighting technique.
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2.3 Significance of Pre-trained Backbones

The full ImageNet-22k dataset [33] consists of 14,197,122 images, divided into 21,841 classes.

ImageNet-1k, which contains 1,000 mutually exclusive classes, is created by selecting a subset

of 1.2M images from ImageNet-22k. Tal et al., 2021 [116] show that ImageNet-22k dataset is

underestimated of its significance compared to standard ImageNet-1k pre-training. Their results

also show that different models, including small mobile-oriented models, significantly benefit from

ImageNet-22k pretraining on numerous other datasets and downstream tasks. Li et al., 2021 [79]

takes advantages of a vision backbone (Swin-Transformer [89]) pre-trained on ImageNet-22k and

a language backbone (BERT [35]) pre-trained on BooksCorpus [185] and English Wikipedia for

the zero-shot object detection task. Given the easy access of large public datasets, more and more

recent works [35, 37, 63, 79, 89, 90, 116, 138] start to take advantage of pre-trained backbones,

which can then be fine-tuned on various downstream tasks. Besides, the most recent work [140]

even shows that a frozen classifier-initialized backbone used to perform object detection task can

achieve better performance for many many different detection models.

We can treat the class incremental learning as a downstream task as well. However, the nature

of CIL is different from the traditional supervised tasks where all the training data are available at

the same time. As a result, in the CIL scenario, fine-tuning a pre-trained model in an end-to-end

training scheme on the imbalanced data of new classes and memory inevitably incurs the classifi-

cation head overfitting and backbone overfitting, resulting in the so-called catastrophic forgetting

problem.

2.4 Hierarchical Classification

2.4.1 Traditional Flat Classifiers

We use ‘flat classifiers’ to represent all deep learning classification systems with softmax as the

final layer to normalize the outputs of all classes, without introducing any hierarchical level of

prediction. AlexNet [73] is the first CNN-based winner in 2012 ImageNet Large Scale Visual

Recognition Challenge (ILSVRC), which introduces the 1000-way softmax layer for classifying
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the 1000 classes of objects. The subsequent ILSVRC winners, VGGNet [128], GoogLeNet [130],

and ResNet [51] continue to use softmax as the final layer to achieve good performance. Until

now, flat classifiers with softmax operations as the final layer are the dominant design structure for

classification tasks.

2.4.2 Hierarchical Classifiers

A hierarchical classifier means the system can output all confidence scores at different levels in the

hierarchical data structure. One obvious advantage is that if the confidence score of a sample is too

low at the fine level but very high at coarse level, then we can use the coarse-level prediction to be

the final prediction. In contrast, flat classifiers have no alternative ways if the confidence score is

too low at the final prediction.

Hand-crafted features are used in [57] for hierarchical fish species classification. Hierarchical

medical image classification [71] and text classification [70] use cascaded flat classifiers to be their

hierarchical classifiers, which use only one flat classifier for each level’s prediction. They stack

CNN-based models with flat classifiers without considering any hierarchical architecture design

and increased computational complexity. HDCNN [167] introduces confidence-score multiplica-

tion operations to enforce hierarchical data structure but the model uses the same feature maps

for both coarse level and fine level, resulting in learning an overlapping hierarchy of training data.

B-CNN [184] uses different feature maps for different levels’ predictions without enforcing any

hierarchical data structure in the architecture. Deep RTC [161] adopts hierarchical classification to

deal with long-tailed recognition, resulting in improved accuracy of tail classes. It adopts a simple

confidence-score thresholding method, which is also adopted in our approach, to decide to output

fine-level prediction or coarse-level prediction. But Deep RTC predicts an overapping hierarchical

data structure in the first place, which is different with our situation. In contrast to all previous

works, our proposed CNN based hierarchical classifier uses different level features for different

level prediction and share the same backbone for all levels instead of cascading multiple flat clas-

sifier. Furthermore, we propose a a Hierarchical Class Incremental Learning model (HCIL), with

the ability to jointly perform hierarchical classification task and class incremental learning.
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2.5 Prompt-based Methods For Continual Learning

2.5.1 Classic Methods.

Rehearsal-based continual learning [18, 41, 55, 114, 118] is highly effective by keeping a fixed

amount of previously trained data as a memory. Yet, with potential privacy issues [127], they also

tend to underperform as the size or quality of the rehearsal memory decreases. Dynamic architec-

tures [43, 45, 60, 80, 125, 162, 169] expand classification heads and/or backbones for new training

tasks. Unfortunately, at inference time, some dynamic architectures need complex pruning [45] as

post-processing or require an impractical task identifier [43, 60, 125].

2.5.2 Text-prompt-based Methods.

Continual-CLIP [133] directly applies the pre-trained frozen CLIP [111] to the continual learning

scenario by concatenating class names with a single text prompt template, , “a bad photo of a

{ }”, to derive the classifier. Thus, without new parameters, its performance is capped by the

pre-trained CLIP [111]. To replace predefined templates, CoOP [180], built upon CLIP [111],

proposes learnable class-specific prompts but its prompts cannot interact among different classes.

AttriCLIP [149] boosts the performance with an attribute word bank which is shared for all classes,

and is continually trained on newly arrived classes. Inevitably its word bank may overfit attributes

of newly arrived classes. In contrast, our novel ProTPS continually encourages text prompts to

capture class-specific fine-grained features so that the textual features of newly arrived classes do

not overlap with those of trained classes.

2.5.3 Visual-prompt-based Methods.

Recent visual prompt tuning works [81, 129, 131, 147, 153, 154], built upon a pre-trained image

encoder, employ a dynamic query mechanism based on key-value pairs to learn instance-specific

prompts tailored to the context. The L2P framework [154] pioneers the amalgamation of visual

prompts with continual learning by advocating for a universal prompt repository to facilitate task



15

adaptation. DualPrompt [153] further innovates by affixing task-invariant and task-specific visual

prompts to the pre-trained image encoder. CODA-P [129] introduces decomposed and expanded

visual prompts that can be optimized in an end-to-end fashion. HiDe-Prompt [147] explicitly

optimizes three hierarchical components for visual prompt tuning. However, unlike text-prompt-

based methods, these methods only benefit from pre-trained image encoders.

2.5.4 Prototype Learning.

Prototype learning aims to learn prototype vectors to represent each class. Classic continual learn-

ing methods like iCaRL [114], LUCIR [55], PODnet [39] and DER [166] rely on the nearest-

prototype classifier [103,155]. Recent methods [137,181,183] use prototypes to generate synthetic

samples of trained classes or use synthetic samples to calculate prototypes [144]. In contrast, we

hypothesize that prototypes derived from the image encoder are mainly global image-level repre-

sentations. Thus, we propose to jointly learn fine-grained text prompts capturing exclusive seman-

tic features of each class.

2.5.5 Contrastive Learning.

Recently, the contrastive learning field has shown notable progress within self-supervised represen-

tation learning [52, 54, 106, 136, 164]. The shared concept across these studies involves attracting

an anchor to a single “positive” sample within the feature space while concurrently repelling the

anchor from numerous “negative” samples. SupCon [68] extends the self-supervised batch con-

trastive approach to the supervised setting, allowing the model to leverage label information to

construct many positives per anchor in addition to many negatives. CLIP [111] applies supervised

contrastive learning between images and text pairs to align image and text to a common feature

space. These methods are designed to enhance the feature extraction ability of encoders. In con-

trast, we propose a novel prompt-prototype contrastive loss to align and enhance text prompts and

vision prototypes for continual learning scenarios.
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Chapter 3

HIERARCHICAL CLASS INCREMENTAL LEARNING FOR
LONGLINE FISHING VISUAL MONITORING

In the real-world image recognition, hierarchical classifiers are more beneficial than flat clas-

sifiers. For example, in electronic monitoring (EM) of longline fishing, the goal is to monitor

the fish catching activities on fishing vessels, either for the regulatory compliance or catch count-

ing. Hierarchical classification based on videos allows for inexpensive and efficient fish species

identification of catches from longline fishing, where fishes are under severe deformation and self-

occlusion during the catching process. More importantly, the flexibility of hierarchical classifica-

tion mitigates the laborious efforts of human reviews by providing confidence scores in different

hierarchical levels. Some related works either use cascaded models for hierarchical classification

or make predictions per image or predict one overlapping hierarchical data structure of the dataset

in advance. However, with a known non-overlapping hierarchical data structure provided by fish-

eries scientists, our method enforces the hierarchical data structure and introduces an efficient

training and inference strategy for video-based fisheries data. Our experiments show that the pro-

posed method outperforms the classic flat classification system significantly and our ablation study

justifies our contributions in CNN model design, training strategy, and the video-based inference

schemes for the hierarchical fish species classification task. Furthermore, we propose Hierarchical

Class Incremental Learning model (HCIL), with the ability to jointly perform hierarchical classi-

fication task and class incremental learning without catastrophically forgetting previously trained

classes. Our experiments show that the proposed HCIL achieves better performance under class

incremental learning scenario than the above proposed hierarchical classifier.
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Figure 3.1: Hierarchical Data Structure: The dataset, labeled and provided by NOAA fisheries

scientists, includes frames and corresponding labels which are bounding box location, start and

end frames’ IDs of each individual fish, coarse-level group ground truth, and fine-level species

ground truth. The sample images shown here are randomly chosen from the dataset.

3.1 Hierarchical Classification Framework

3.1.1 Hierarchical Dataset

The hierarchical dataset utilized for training our system is professionally labeled and provided by

the Fisheries Monitoring and Analysis (FMA) Division, Alaska Fisheries Science Center (AFSC)

of NOAA, researchers can contact AFSC directly about getting permission to access this dataset

and the corresponding hierarchical data structure.

To construct the dataset used for our system, we use labels of bounding box location to crop

objects from raw videos and use labeled start and end frames’ IDs for each individual fish to divide
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(a) Image-Species Distribution (b) Track-Species Distribution

Figure 3.2: Dataset Distribution: The left column black numbers in both figures are the number

of images or tracks for training while the green numbers are for evaluation. There is a 0.5 in (b)

because of only one track in the whole dataset, therefore we have to split it into 2 tracks and denote

each as 0.5 track. ‘SRB Rockfish’ represents Shortraker/Rougheye/BlackSpotted Rockfish. Our

dataset follows a long-tail (imbalanced) distribution.
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raw videos into individual tracks (video clips). There are 6 coarse-level groups and 31 fine-level

species in this hierarchical dataset (see Fig. 3.1). Our dataset is challenging because some fine-level

species are very similar to one another. The total number of frames is 186,592 (see Fig. 3.2(a)). The

total number of video clips/tracks is 3,021 (see Fig. 3.2(b)). Each video clip contains one individual

fish pulled up from sea surface to the fishing vessel during the longline fishing activities.

3.1.2 Hierarchical Architecture

Instead of using cascaded flat classifiers in our species identification in the longline fishing, as

inspired by the success of Mask-RCNN [50], which feeds shared feature maps extracted from the

backbone to different heads for object classification and instance segmentation at the same time,

our proposed architecture is also an end-to-end training network including two parts: a backbone

and several hierarchical classification heads (see Fig. 3.3). Inspired by B-CNN [184], we use

ResNet101 as our backbone to extract shallow feature maps from images for ’Head-1’ and shared

deeper feature maps for the other 6 classification heads. We use Head-1 for coarse-level (6 groups)

classification and Head-2 to Head-7 for fine-level (31 species in total) predictions.

3.1.3 Enforcing Hierarchical Data Structure

We use confidence-score multiplication operations to enforce the hierarchical data structure in our

system. The final confidence score of one specific species is the product of the confidence score in

the corresponding coarse group and the confidence score in that specific (fine) species as shown in

the following equation, i.e.,

P ′
j,i = P1,j−1 · Pj,i, j ∈ [2, 7], (3.1)

where P1,j−1 represents the confidence score in the (j − 1)th group in coarse level, Pj,i represents

the confidence score in the ith species of the (j − 1)th group, P ′
j,i represents the final confidence

score in the ith species of the (j − 1)th group. As a result, the final confidence score, P ′
j,i, includes

both scores from coarse level and fine level so that this CNN architecture enforces a hierarchical
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Figure 3.3: Hierarchical Architecture [100]: We call our 7 classification heads ’Hierarchical

Heads’. Head-1 is for 6 groups in coarse-level and uses shallower feature maps extracted from

the backbone for predictions, while the rest of 6 heads are for fine levels, i.e., Head-2 for ’Skates’

group, Head-3 for ’Sharks’ group, Head-4 for ’Roundfish’ group, Head-5 for ’Flatfishes’ group,

Head-6 for ’Rockfishes’ group, and Head-7 for ’Invertebrates’ group, respectively. All fine-level

heads use the shared deeper feature maps from the same backbone for predictions. Head-1 has

two fully connected layers followed by a sofmax layer. The rest 6 fine-level heads have one fully

connected layer followed by a sofmax layer.
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data structure when using the final confidence score product to calculate the training loss. Training

loss is meaningful when using P ′
j,i because the final layers in all heads are softmax outputs, which

satisfy the following equations:


∑

i Pj,i = 1,∑7
j=2

∑
i P

′
j,i = 1.

(3.2)

3.1.4 Efficient Training Strategy

During the image-based training, one input image has both labeled coarse-level ground truth as

well as fine-level ground truth. For our architecture, there are two options experimented about how

to use these two ground truths.

The first option is training the ’Head-1’ and the fine-level head corresponding to the ground

truth coarse-level group. Since the corresponding fine-level head is picked by coarse-level group

ground truth, therefore the losses are only calculated based on these two heads.

Loss1 = −
∑
i

y1,i · log(P1,i)−
∑
i

y2,i · log(P ′
j,i), (3.3)

where the first summation is the cross entropy loss in the ’Head-1’ and y1,i is coarse-level ground

truth. The second summation is the cross entropy loss in the corresponding fine-level head using

final predictions, P ′
j,i, after confidence-score multiplication operations. Note that y2,i is the ground-

truth among species within this fine-level head. This regular loss does not involve P ′
ji from other

heads, therefore, it does not fully enforce hierarchical data structure during training and only trains

two heads each time.

The second option is training the ’Head-1’ and all the other fine-level heads using final pre-

dictions P ′
ji after confidence-score multiplication operations, resulting in a more efficient training

strategy because it enables confidence-score multiplication operations to fully enforce hierarchical

data structure during training and all heads can be trained simultaneously.

Loss2 = −
∑
i

y1,i · log(P1,i)−
7∑

j=2

∑
i

y′2,i · log(P ′
j,i), (3.4)



22

where y′2,i denotes the ground-truth among 31 species. The reason why given one input image we

can calculate cross entropy on all final predictions, P ′
j,i, is that after the confidence-score multipli-

cation operations, summation of these products is still 1.

3.1.5 Video-based Inference Schemes

Although we use image-based training, where training loss is calculated on each individual input

image, two video-based (track-based) inference methods are implemented and compared. Since

for each input image frame, our system outputs confidence scores of 31 species, P ′
j,i, therefore the

first way is to pick the species with the maximum average confidence score of all frames in each

track to be the prediction for each track.

The second way is to pick the species with maximum confidence score for every frame in

each track, then uses majority vote to select one species as the prediction for that track. Finally,

we calculate the average confidence scores among frames corresponding to the selected species.

We report performance under these two video-based inference schemes and calculate their aver-

age confidence scores with image-based confidence scores in the following section. These two

inference schemes can be summarized into the following equations:

 p1,i = 1/T ·
∑

t P
′
1,i,t,

p2,i = 1/T ·
∑

t P
′
j,i,t, j ∈ [2, 7],

(3.5)

where t is frame index. P ′
j,i,t is P ′

j,i at the tth frame. In the first way, T is the total number of

frames in one video clip (a track from the start-frame to the end-frame of one catching), while in

the second way, it is the total number of frames corresponding to the selected species in one video

clip. As a result, p1,i is video-based average confidence scores in 6 groups and p2,i is video-based

average confidence scores in 31 species.
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3.2 Experiments on Hierarchical Classifier

3.2.1 Data Split

We use the video-based data split, i.e., each short video clip (a track) is associated with one indi-

vidual fish and all frames from 80% of all tracks are used as training data for image-based training.

All frames from the rest 20% tracks are the evaluation data (see Fig. 3.2). As a result, images for

training and evaluation are totally from tracks of different individual fishes. All hyper-parameters

like training epochs, learning rate, data augmentation, and so on are kept the same in the following

different competing approaches.

3.2.2 Baseline

The dominant species classification architecture is extracting deep features using CNN followed

by a flat classifier. As a result, for the baseline, we use ResNet101 as the backbone and two fully

connected layers followed by a 31-way softmax layer as the flat classifier head, which is a classic

deep learning classification architecture. During training, we only use fine-level ground truth to

calculate the cross-entropy loss based on the flat classifier output confidence scores in 31 species

without any coarse-level predictions. From Table 3.1, we can see the accuracy of the baseline is

far below our hierarchical method.

3.2.3 Evaluation Methods and Quantitative Results

Using all frames from the rest 20% tracks for evaluation, we try the following evaluation methods,

where we calculate both image-based accuracy as well as video-based (track-based) accuracy, de-

noted in the ’Unit’ column in Table 3.1. We also calculate classification accuracy on the coarse

level based on coarse-level ground truth, denoted as ’Level-1’ in Table 3.1.

Moreover, with confidence scores in the coarse level as well as the fine level, we can pick the

species with maximum fine-level confidence score under the group with maximum coarse-level

confidence score as the final prediction, which is denoted as ’Level-2 A’ in Table 3.1. While,
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with final confidence scores in 31 species, we can directly pick the species with the maximum

confidence score product of coarse and fine levels as the final prediction, which is denoted as

’Level-2 B’ in Table 3.1. For these two metrics (’Level-2 A’ and ’Level-2 B’) in video-based

schemes, we further use either maximum average confidence score (denoted as ’video’) or majority

vote (denoted as ’video∗’) to report the performance, as discussed in the ’Video-based Inference

Schemes’ in Section 3.1.5.

Finally, with these final confidence scores, P ′
j,i, j ∈ [2, 7], in 31 species, for image-based

inference, we can also decide to go back to the coarse level if the maximum confidence score

product is below a threshold and calculate the accuracy on the coarse level for that input, otherwise

stay at the fine level and calculate the accuracy for that input. For video-based inference methods,

we compare the average confidence score mentioned in ’Video-based Inference Scheme’ section

with the threshold. This metric, being able to stay at a coarse level, is denoted as ’Level-2 C’

in Table 3.1. Theoretically, the ceiling limit of ’Level-2 C’ is ’Level-1’ if all samples stop at the

coarse level. Therefore we use the greedy search to find a threshold for each scheme in Table 3.1

to make sure that after stopping at the coarse level, the overall video-based inference accuracy will

not degrade. We fix these thresholds in image-based inference for every competing scheme.

From Table 3.1, we can see video-based inference is always better than image-based inference

in all competing schemes. And these two video-based inference methods, average confidence and

majority vote, are comparable with each other.

Scheme-3 is our full system demonstrated in Fig. 3.3, which includes confidence-score mul-

tiplication operations to enforce hierarchical data structure and uses the efficient training strategy

(Loss2). Scheme-2 only removes the efficient training strategy and uses Loss1 instead. Scheme-1

removes confidence-score multiplication operations in the architecture but keeps 7 heads. It also

removes the efficient training strategy and instead uses standard cross-entropy losses on ’Head-1’

and the fine-level head corresponding to the ground truth coarse-level group. Scheme-1 shares

the same architecture as B-CNN [184]. When evaluating under ’Level-2 B’ and ’Level-2 C’ for

Scheme-1, we have to multiply the coarse-level confidence scores with the fine-level confidence

score in advance to get the final confidence scores.
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Model Unit Level-1 Level-2 A Level-2 B Level-2 C

Baseline img - - 78.3 -

Scheme-1

img 86.3 77.4 77.4 82.0 (8567, 27393)

video∗ 93.2 86.5 86.6 93.2 (298, 319)

video 93.4 86.5 86.8 93.4 (293, 324)

Scheme-2

img 88.4 79.9 80.0 84.6 (8660, 27300)

video∗ 94.3 88.6 88.9 94.3 (329, 288)

video 94.9 88.9 88.8 94.9 (328, 289)

Scheme-3

img 91.0 82.3 82.3 86.3 (5830, 30130)

video∗ 96.3 90.6 90.3 96.3 (286, 331)

video 96.4 90.9 90.9 96.4 (293, 324)

Table 3.1: Comparison with Flat Classifier and Ablation Study: ’video’ denotes video-based infer-

ence by using average confidence score among 31 species to pick one predicted species for each

track. ’video∗’ denotes video-based inference through majority vote to pick one species for each

track. Two numbers under ’Level-2 C’ column following the accuracy value are total number of

stopping at coarse-level and total number of proceeding to fine-level respectively.
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Detailed accuracy on the coarse level and fine level of Scheme-3 (our proposed complete sys-

tem), based on the maximum average confidence score (denoted as ’video’ in Table 3.1) is in Fig.

3.4.

3.2.4 Ablation Study

Scheme-1 and Scheme-2 are experimented mainly for ablation study purposes. Comparing Scheme-

1 with Scheme-2 from Table 3.1, we can see confidence-score multiplication operations can effec-

tively enforce hierarchical data structure and improve the performance even when Scheme-2 only

trains two heads each time. Comparing Scheme-2 with Scheme-3, we can see our efficient training

strategy (Loss2) improves the performance by fully enforcing hierarchical data structure during

training.

Under ’Level-2 C’, the completing systems’ final predictions can stop at a coarse level if the fi-

nal confidence score is lower than the greedy-searched threshold mentioned in the previous section.

We call ’Level-2 C’ as hierarchical prediction, which is one big advantage of the hierarchical classi-

fier over flat classifiers, which allows fisheries managers to assign corresponding experts to review

those images in a certain group and get the correct fine-level labels. Besides, from Fig. 3.4(d),

we can see most tail-class species identification stop at a coarse level, resulting in a significantly

higher overall accuracy in ’Level-2 C’ over that of ’Level-2 B’ in Table 3.1. Also, our full system,

Scheme-3, has the greatest number of images or tracks proceeding to fine level and at the same

time achieves the best performance.

3.3 Hierarchical Class Incremental Learning Framework

Hierarchical predictions allow images that cannot be confidently classified at the fine level to be

confidently classified at a coarse level for experts future examination, which especially improve

overall accuracy on tail-class species identification significantly by stopping at coarse-level pre-

dictions. Although the hierarchical classification mitigates the laborious efforts of human reviews

by providing confidence scores in different hierarchical levels, its performance drops dramatically
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(a) Precision at Level-1 (b) Precision at Level-2 A

(c) Precision at Level-2 B (d) Percentage of Stopping at Level-1

Figure 3.4: Detailed Accuracy on Coarse Level and Fine Level of the complete proposed system:

The orange bar is image-based inference and the blue bar is video-based inference. (d) is under

’Level-2 C’ evaluation method. We can see most tail species stop at coarse-level prediction, which

makes 5.5% improvement in overall video-based accuracy showed in Table 3.1.
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Figure 3.5: HCIL: New classes’ feature maps from the fixed pre-trained backbone and old classes’

feature maps from CIL memory are used to train coarse-level group SVMs and corresponding fine-

level SVMs. After SVMs training, based on the distance between SVMs’ decision boundary and

each training data, CIL memory keeps adding new classes’ features, i.e., hard cases, and adding

positive exemplars from new classes based on herding [156]. During inference, the extracted

feature map first goes into Coarse-SVMs. And based on the coarse-level group prediction, the

extracted feature map goes into corresponding Fine-SVMs for species classification.
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under the class incremental learning (CIL) scenario. In this section, we introduce a Hierarchical

Class Incremental Learning (HCIL) model, which can jointly perform hierarchical classification

and class incremental learning without catastrophically forgetting previously trained classes.

Our hierarchical class incremental learning (HCIL) method consists of a fixed pre-trained fea-

ture extraction backbone, a comprehensive memory selection module, regularization losses and

hierarchical dynamic support vector machines (SVMs), i.e., SVMs are continually added with ap-

pearing of newly acquired classes as shown in Fig. 3.5. Since the first three parts are exactly

same as MSDHR framework in Chapter 4, we only discuss hierarchical dynamic support vector

machines (SVMs) in the following.

Hierarchical Dynamic SVMs Expansion During the training of a class incremental learning

scenario, the total number of seen classes is increasing. Only the training data for a small number

of classes have to be present at the beginning and new classes are added progressively. Thus,

the growing-class classifier can be used in the incremental learning models. Our Coarse-SVMs

consist of six SVMs for group-level prediction because there are six groups in the fish dataset

as shown in Fig. 3.1. We use one-vs-all training strategy, where for each SVM only one group

data are treated as positive and all rest of groups data are treated as negative. Each Coarse-SVM

has its own corresponding Fine-SVMs. For example, the Coarse-SVM for the ‘Sharks’ group has

four corresponding Fine-SVMs. And these four Fine-SVMs are added into the model sequentially

with the availability of newly acquired shark species, which is called ‘hierarchical dynamic SVMs

expansion’ in this section. During the inference, based on the Coarse-SVMs prediction, the feature

map goes to corresponding Fine-SVMs for species classification so that the model can provide

hierarchical predictions as shown in Fig. 3.5.

3.4 Experiments on HCIL

We compare our method with the above propose hierarchical classifier on NOAA’s dataset under

both ‘hierarchical classification setting’ and ‘hierarchical class incremental learning setting’.
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3.4.1 Hierarchical Classification Setting

This setting serves as a baseline for the next hierarchical class incremental learning setting. More

specifically, in this setting, all training data for all classes are available at the same time, i.e., no

incremental learning scenario is assumed. Training and testing data split is the same as Sec 3.1,

where each individual fish has its own video data. Training and testing fish are totally different

individual fish.

In this setting, our proposed HCIL model directly uses the fixed ResNet-101 backbone pre-

trained on ImageNet-1k as the feature extractor and only trains our SVMs on NOAA’s dataset. No

CIL memory is involved, thus noted as ‘HCIL w/o m’ in Table 3.2. As mentioned in Section 3.3,

during inference, based on the Coarse-SVMs prediction, the feature map goes to corresponding

Fine-SVMs for species classification so that the model can provide hierarchical predictions.

For a fair comparison, we allow the proposed hierarchical classifier in Sec 3.1 to utilize the

same pre-trained ResNet-101 as the initial backbone, which is also further finetuned along with its

classifier heads on NOAA’s hierarchical fish dataset. In Table 3.2, we report image-based accuracy

and video-based accuracy, noted as img and video respectively, on both coarse (group) level and

fine (species) level, noted as subscript C and F respectively.

Results are in Table. 3.2. Even though our proposed ‘HCIL w/o m’ method fixes the pre-trained

backbone, which is not finetuned by the NOAA’s fish dataset, the performance is still comparable

with the proposed hierarchical classifier in Sec 3.1, that allows updating the backbone and calcu-

lating cross-entropy loss functions on both levels. This shows the backbone pre-trained on large

public datasets without finetuning can indeed possess the strong ability to extract discriminative

features even on new classes or datasets.

3.4.2 Hierarchical Class Incremental Learning Setting

In this setting, both our method, HCIL, and the proposed hierarchical classifier in Sec 3.1 still

utilize ResNet-101 [51] backbone pre-trained on ImageNet-1k. Testing data are still the same as

the previous setting and cover all species. However, training data are divided into three tasks. The
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Table 3.2: Hierarchical Classification Setting

Method imgC imgF videoC videoF

[97] 92.0 82.9 96.5 91.2

HCIL w/o m 91.8 81.2 95.9 90.7

Table 3.3: Hierarchical Class Incremental Learning Setting

Method imgC imgF videoC videoF

[97] w/ m 80.5 65.7 81.1 70.4

HCIL w/o m 82.8 69.9 86.2 75.3

HCIL 91.0 80.4 92.1 82.8

HCIL w/ Swin 92.6 83.5 93.2 84.3

first task includes one-third of the species within each group. The second task includes another

one-third of the species within each group. The third task includes the rest species’ data. There are

no overlapping classes between the three tasks. However, the ‘Skates’ and ‘Flatfish’ groups have

only two species each so one Fine-SVM for each group is enough. As a result, all data from these

two groups are included in the first task.

When training our HCIL model, on the first task data, the feature maps from the fixed pre-

trained backbone are used to train six Coarse-SVMs and corresponding Fine-SVMs. Based on

SVMs confidence scores and the comprehensive memory selection introduced in Section ??, HCIL

constructs the memory. Next, when training on the following tasks, the memory’s feature maps are

also used to train Coarse-SVMs and newly added Fine-SVMs. We set the total number of hard

cases n to 200, and the total number of positive exemplars m to 1800 so that the memory size

won’t increase as the incremental learning goes.
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The proposed hierarchical classifier in Sec 3.1 does not have memory selection or classifiers

expansion. For a fair comparison, when finetuning both pre-trained backbone and classifiers of

the proposed hierarchical classifier in Sec 3.1 on later two tasks, we allow it to use the same

size memory but randomly sampled from previously trained classes, denoted as ‘ [97] w/ m’ in

Table 3.3. When training on each task, its classifiers always output predictions over 31 species and

calculate loss functions. We evaluate the final trained models on all testing data.

Results are in Table. 3.3. Compared with the proposed hierarchical classifier in Sec 3.1 which is

not designed for incremental learning, our HCIL model achieves better performance. For the com-

prehensive memory ablation study, we replace it with random selection, noted as ‘HCIL w/o m’ in

Table 3.3, and the performance drops dramatically but is still better than the proposed hierarchical

classifier in Sec 3.1 with randomly sampled memory. This ablation study shows the benefits of the

comprehensive memory module. It also tells that under incremental learning setting, updating the

backbone and classifiers even with some randomly sampled memory, makes the deep model suffer

from catastrophic forgetting. For the backbone ablation study, we replace ResNet-101 [51] with

Swin-Transformer [89], noted as ‘HCIL w/ Swin’, and get the best performance.

3.5 Summary

We construct a hierarchical dataset and propose an efficient Hierarchical Classifier to enforce hi-

erarchical data structure for fish species identification, combined with an efficient training strategy,

and two video-based inference schemes. Our experiments show that the integrated use of these

three main strategies in our hierarchical classifier indeed achieves higher accuracy than the base-

line method, a flat classifier. Additionally, hierarchical predictions allow images that cannot be

confidently classified at the fine level to be confidently classified at a coarse level for experts future

examination, which especially improve overall accuracy on tail-class species identification signifi-

cantly by stopping at coarse-level predictions. Furthermore, our proposed HCIL model can jointly

perform hierarchical classification and class incremental learning. The proposed HCIL achieves

better performance under class incremental learning scenario than the above proposed hierarchical

classifier, without catastrophically forgetting previously trained classes.
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Chapter 4

EXPERT-AND-SAMPLES-AWARE INCREMENTAL LEARNING UNDER
LONGTAIL DISTRIBUTION

Most works in class incremental learning (CIL) assume disjoint sets of classes as tasks. Al-

though a few works deal with overlapped sets of classes, they either assume a balanced data dis-

tribution or assume a mild imbalanced distribution. Instead, in this section, we explore one of

the understudied real-world CIL settings where (1) different tasks can share some classes but with

new data samples, and (2) the training data of each task follows a long-tail distribution. We call

this setting CIL-LT. We hypothesize that previously trained classification heads possess prototype

knowledge of seen classes and thus could help learn the new model. Therefore, we propose a

method with the multi-expert idea and a dynamic weighting technique to deal with the exacerbated

forgetting introduced by the long-tail distribution. Experiments show that the proposed method

effectively improves the accuracy in the CIL-LT setup on MNIST, CIFAR10, and CIFAR100.

4.1 Proposed Method

4.1.1 Motivation

Most previous works reinitialize classification heads when new tasks come in while some work

such as [41] concatenate logits from non-overlapped heads to keep a unified classification head.

However, we hypothesize that previously trained classification heads possess prototype knowledge

of seen classes and will help the continual learning of the new model. In general, our proposed

model dynamically creates an overlapped expert, i.e., a light-weight linear head, for each task

as shown in Fig. 4.1. The remaining questions are (1) how to merge their decisions to get a final

prediction for each sample, and (2) how to maintain their expertise as more novel classes come in

and more seen classes wither away.
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Figure 4.1: Pipeline: When training a model on a new task, our model first expands a new expert,

i.e., a linear classification head, which covers all seen classes and novel classes in the new task. To

utilize previously learned prototypes of seen classes saved as the weights in previous experts, all the

training data are also inferred by previous experts and get corresponding logits (before softmax).

To fairly merge logits from different experts, we propose the rescaling of group average to integrate

logits among overlapped classes. Finally, the proposed experts-and-samples-aware (ESA) loss is

applied to find the balance between the number of experts and the number of training samples.

Note that: the inference flow is exactly the same as the training flow of the last task. This ensures

consistency between the training targets and testing evaluation.

4.1.2 Multi-Expert Strategy

To tackle the first question, we make our experts output their knowledge, i.e., logits (before soft-

max), on all novel classes and classes seen so far as shown in Fig. 4.1. Thus, overlapped classes

among different tasks have corresponding outputs from different experts which gives experts the

opportunity to communicate with each other via the proposed rescaling-group-average operation

as shown in the right of Fig. 4.1. This is similar to the aggregation method in [16] but our method

deals with dynamically expanded experts. Specifically, we denote task ID as i = 1...T , where T

is the current training task ID and denote logits from expert Ei as zi ∈ R|Ci|, where Ci is the total

number of classes learned so far after task i. Since each logit in logits zi ∈ R|Ci| is from the same

expert, they are comparable with each other. Thus, we only need to scale logits from different

experts. To fairly merge the logits zi ∈ R|Ci| from different experts Ei, we first scale all logits into
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a comparable range with the norm of learned weights:

ẑi =
∥w1,1∥2

∥wi,1∥2
· zi, (4.1)

where wi,1 are the weights of expert Ei for class 1.

Furthermore, we use group average to get the merged logit mT,c of each class c for each sample

in the current task T , i.e.,

mT,c =
1

|Sc|
∑
i∈Sc

ẑi,c, (4.2)

where Sc is the set of expert IDs that have been trained with class c and ẑi,c is the cth entry in logits

ẑi from expert Ei as shown in Fig. 4.1. Finally, the softmax operation is applied on the vector mT

to get the probability scores in task − T .

Figure. 4.1 shows how to merge logits when training the model on task − 1, task − 2, and

task − 3. Our inference flow is exactly the same as the last training flow.

To tackle the second question, i.e., how to maintain experts’ expertise as more novel classes

come in and more seen classes wither away, we propose to apply an experts-and-samples-aware

(ESA) loss to the merged logits, i.e., mT , in each task.

4.1.3 Experts-Aware Loss

We first use the expert-aware (EA) cross-entropy loss as the classification loss on task T :

LT
EA = −

∑
j

y log (σ (mT )) , (4.3)

where σ(·) is the softmax operation, y is the ground-truth one-hot vector, j represents the jth

sample in the current task. Since this loss is applied on the merged logits mT , the gradient will

back-propagate via all experts to the backbone. The trained weights of previous experts can be

treated as feature prototypes of each seen class. Thus, we give previous experts a smaller learning

rate than the newly expanded expert and the backbone to mitigate forgetting of seen classes. This
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is because when the backbone gets updated, the seen classes’ features will change and maybe drift

away from the learned prototypes, i.e., previous experts’ weights, causing a big loss to limit the

change of backbone.

4.1.4 Samples-Aware Loss

Besides, long-tail distribution in the CIL-LT scenario exacerbates the forgetting by overfitting the

majority classes, which have the most training samples. This difference between traditional long-

tail recognition and CIL-LT also makes it challenging to find an optimal re-weighting technique

for the CIL-LT scenario. Thus, we further propose the following sample-aware (SA) cross-entropy

loss with a dynamic weighting technique to give more emphasis on samples of minority classes.

LT
SA = −

∑
j∗T

y log (σ (mT )) · wT,cj∗
T
,

wT,cj∗
T
= log

(
NT,cj∗

T
· PT

MT,cj∗
T

+ 1

)
+ 1,

(4.4)

where j∗T represents the jth samples of seen classes before task T , cj∗T is the corresponding class,

NT,cj∗
T

is the total number of experts before task T covering class cj∗T , and MT,cj∗
T

is the total

number of training samples of class cj∗T in task T , PT is the total number of samples in task T .

As the number of tasks increases, the seen classes have fewer and fewer samples for training thus

MT,cj∗
T

becomes smaller and smaller; but more and more expanded experts cover seen classes thus

NT,cj∗
T

becomes bigger and bigger, causing the weight wT,cj∗
T

bigger and bigger. Thus, this dynamic

weighting can give more emphasis on seen class samples with more tasks coming in by considering

both the number of experts and the number of samples.

Finally, our experts-and-samples-aware (ESA) loss on task T is as follows:

LT
ESA = LT

EA + LT
SA. (4.5)
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4.2 Experiments

We empirically validate the efficacy of our proposed ESA method by comparing it with the state-

of-arts under the CIL-LT scenario. For each of MNIST [34], CIFAR10 [72], and CIFAR100 [72]

benchmarks, we create three random data splits, i.e., random class order under the CIL-LT scenario.

Table 4.1: Comparison with two metrics (A{5, 10} and I{5, 10}: %) in MNIST-Overlap50-IF100,

CIFAR10-Overlap50-IF100, and CIFAR100-Overlap30-IF250 under CIL-LT setup. K represents

memory size.

MNIST10 (K=200) CIFAR10 (K=200) CIFAR100 (K=2,000)

Methods A5(↑) I5(↓) A5(↑) I5(↓) A10(↑) I10(↓)

Joint 88.49 - 91.40 - 62.16 -

EWC [69] 39.23±0.98 49.26±0.84 63.16±1.02 28.24±0.78 27.67±0.85 34.49±0.54

Rwalk [20] 39.73±0.88 48.76±0.69 64.38±0.87 27.02±0.98 32.56±0.99 29.60±0.77

iCaRL [114] 59.78±0.73 28.71±0.63 52.16±0.78 39.24±0.83 33.74±0.84 28.42±1.33

GDumb [110] 41.71±0.71 46.78±0.62 37.22±0.63 55.18±0.65 28.33±0.68 33.83±1.45

BiC [163] 33.38±0.77 55.11±0.59 64.23±0.66 27.17±0.76 37.68±0.69 24.48±0.99

DER++ [15] 84.55±0.56 3.94±0.55 65.10±0.54 26.30±0.89 35.57±0.56 26.59±1.52

RM [12] 86.50±0.43 1.99±0.49 65.97±0.33 25.43±0.56 40.53±0.49 21.63±0.76

CLS-ER [10] 86.08±0.40 2.41±0.37 66.88±0.35 24.52±0.62 41.52±0.61 20.64±0.51

ESA (ours)ESA (ours)ESA (ours) 88.5188.5188.51±0.31 −0.02−0.02−0.02±0.23 71.3271.3271.32±0.44 20.0820.0820.08±0.32 44.2144.2144.21±0.68 17.9517.9517.95±0.54

4.2.1 Experimental Setup

Benchmark CIL-LT Setup. As the naming format mentioned in Fig. 1.2, we create MNIST-

Overlap50-IF100, CIFAR10-Overlap50-IF100, CIFAR100-Overlap20-IF250, CIFAR100-Overlap30-

IF250, and CIFAR100-Overlap50-IF250. For each of them, we create three random class orders.

For MNIST and CIFAR10, we use 5 tasks (2 major novel classes per task). For CIFAR100, we use



38

10 tasks (10 major novel classes per task). Our split also makes sure the samples of seen classes

in the new task are different from samples in any previous tasks. Our experimental results are the

average values on three random data splits. We consider an offline learning setup where a model

can be updated multiple times.

4.2.2 Evaluation Metrics.

We use two popular metrics in this work: Last Accuracy (A5) and Intransigence (I5) used in [12].

‘Last’ means the metric is calculated after all tasks are trained and ‘5’ represents 5 tasks in MNIST

and CIFAR10. Accordingly, the metrics are denoted as ‘A10’ and ‘I10’ for CIFAR100. Finally,

we use various memory sizes for different datasets denoted as K in each table. Please note that we

repeat each experiment three times on different class orders to report means and standard deviations

for both metrics.

4.2.3 Baselines and Implementation Details.

We compare our proposed ESA with classic and state-of-the-art methods including EWC [69],

Rwalk [20], iCaRL [114], BiC [163], GDumb [110], DER++ [15], RM [12], CLS-ER [10]. Note

that CLS-ER [10] is designed for general continual learning and does not make any assumption

about the distribution of the data. RM [12] and GDumb [110] are specifically designed for blurry-

CIL setup. All methods in the table use the same MLP400, ResNet18, and ResNet32 as their

feature extraction backbones for MNIST, CIFAR10, and CIFAR100, respectively, and are trained

from scratch.

Following [12], for the training hyperparameters on MNIST and CIFAR10/100, we use 32 as

batch size, 256 epochs, and a cosine annealing learning rate scheduler ranging from 0.05 to 0.0005.

We use CutMix [170] and AutoAug [30] as data augmentation for all methods. We use 0.1 as a

factor on the learning rate of previous experts in the new tasks. EWC [69] and Rwalk [20] don’t

consider any memory but for fair comparison, following [12], we use an episodic memory, which

is updated through reservoir sampling [117]. We also report ‘Joint’ training in our experiments,
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where all data from different tasks are available at the same time for training. For all other methods,

we use uncertainty-based memory selection proposed by RM [12].

4.2.4 Quantitative Results

We compare the proposed ESA to other methods in the CIL-LT setup. As shown in Table 4.1, the

proposed ESA method outperforms all other methods on MNIST10, CIFAR10, and CIFAR100.

We outperform CLS-ER [10], which was originally designed for general-CIL setup. Interestingly,

we also noticed on MNIST, that joint training no longer serves as the ceiling performance under

the CIL-LT setup. This is because the data distribution is also imbalanced even in joint training and

it also suffers from long-tail distribution but our ESA method achieves even better performance.

Table 4.2: Ablation Study on each proposed component, i.e., multi-expert architecture, rescaling

group average, and dynamic weighting for ESA loss in CIFAR10-Overlap50-IF100. Note: Stan-

dard deviations are omitted due to space limitations.

Methods Memory Multi-Expert Experts Scaling Dynamic-Weighting Regularization
CIFAR10 (K=200)

A5(↑) I5(↓)

Ablation

rainbow [12] 66.62 24.98

rainbow [12] ✓ 65.93 25.67

rainbow [12] ✓ ✓ 67.96 23.64

rainbow [12] ✓ ✓ ✓ 65.96 26.64

rainbow [12] ✓ ✓ class-wise 66.46 25.14

rainbow [12] ✓ ✓ constant value, 1 69.96 21.64

herding [156] ✓ ✓ samples-aware 69.43 22.17

reservoir [117] ✓ ✓ samples-aware 68.92 22.68

ESA (ours)ESA (ours)ESA (ours) rainbow [12] ✓ ✓ samples-aware 71.3271.3271.32 20.0820.0820.08

4.2.5 Ablation Study

Table 4.2 shows when adding dynamically expanded experts without our proposed scaling method,

the performance drops. This is because logits from different experts have different scales and are
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not comparable with one another. We can also see the proposed dynamic weighting achieves better

performance than constant weighting and class-wise weighting. Table. 4.3 shows the comparison

of different methods on CIFAR100 under another two different overlap ratios, i.e., 20, and 50. We

can see ESA still achieves the best last accuracy in both setups.

Table 4.3: Comparison with two metrics (A{10} and I{10}: %) in CIFAR100 for another two

overlap ratios.

Overlap20 Overlap50

Methods A10(↑) I10(↓) A10(↑) I10(↓)

Joint 64.05 - 64.71 -

EWC [69] 32.45±0.78 31.60±0.96 33.95±0.63 30.76±0.98

Rwalk [20] 36.22±0.67 27.83±0.69 38.05±0.96 26.66±0.65

iCaRL [114] 37.11±0.57 26.94±0.91 37.57±1.22 27.14±1.63

GDumb [110] 29.53±0.96 34.52±0.87 31.86±1.53 32.85±0.75

BiC [163] 42.08±0.88 21.97±0.82 43.51±0.63 21.20±0.68

RM [12] 45.52±0.56 18.53±0.58 48.01±0.78 16.70±0.57

CLS-ER [10] 45.86±0.51 18.19±0.68 47.57±0.54 17.14±0.72

ESA (ours)ESA (ours)ESA (ours) 47.2247.2247.22±0.50 16.8316.8316.83±0.53 50.0650.0650.06±0.53 14.6514.6514.65±0.65

4.3 Summary

In this section, we investigated an understudied CIL setting, called CIL-LT. Different from existing

CIL setups, in the CIL-LT,(1) different tasks can share a limited and random number of classes,

(2) the training data of each task follows a long-tail distribution with the imbalance factor in a

wide range. We propose a multi-expert architecture together with rescaling group average oper-

ation to fully utilize the learned prototypes saved in the trained weights of previous experts. The

model gathers ‘opinions’ from different light-weight experts before making the final prediction.
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We further present an experts-and-samples-aware (ESA) loss to deal with the exacerbated forget-

ting introduced by the long-tail distribution by giving more emphasis on seen classes with more

tasks coming in. The dynamic weighting in ESA is designed for the CIL-LT.
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Chapter 5

PROTOTYPE-GUIDED TEXT PROMPT SELECTION FOR CONTINUAL
LEARNING

Text-prompt-based approaches for continual learning leverage pre-trained text encoders and

learnable prompts to encode textual features for sequentially arrived classes over time. A common

challenge encountered by existing works is how to learn fine-grained text prompts, which implic-

itly carry semantic information of new classes, so that the textual features of newly arrived classes

do not overlap with those of trained classes, thereby mitigating the catastrophic forgetting problem.

To address this challenge, we propose a novel approach Prototype-guided Text Prompt Selection

(ProTPS) to intentionally increase the training flexibility thus enforcing learning fine-grained text

prompts. Specifically, our ProTPS aggregates the image and text encoders to learn class-specific

vision prototypes and text prompts. Vision prototypes guide the selection and learning of text

prompts that encode exclusive fine-grained textual features of each class. We evaluate our ProTPS

in both class incremental (CI) setting and cross-datasets continual (CDC) learning setting. Since

our ProTPS achieves performance close to the upper bounds, we further collect a real-world ma-

rine species dataset, named Marine112, to bring new challenges to the community. Marine112 is a

fine-grained dataset with long-tail distribution and is naturally suited for the class and domain in-

cremental (CDI) learning setting. The results under three settings show that our approach performs

favorably against the recent state-of-the-art methods.

5.1 Methodology

We start with a pilot study in Sec. 5.1.1, establishing the feasibility of using vision prototypes for

initial predictions in continual learning. These vision prototypes can then be used as guidance for

our text prompt selection in our ProTPS framework, which will be introduced in Sec. 5.1.2. We
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Table 5.1: Pilot Study. Comparison of different CLIP-based methods in the class incremental

(CI) setting on CIFAR100 [72] with ViT-L/14 [37] backbone. After learning each task T − i,

the accuracy on exposed classes from all the trained tasks (i.e., T − 1, 2, ..., i) is reported. The

upper-bound method is “Linear Probe CLIP” [111] using all tasks’ training data at the same time

to optimize a linear classifier. The column “Classifier” denotes the encoder from which the linear

classifier weights are derived.

Method Classifier T-1 T-2 T-3 T-4 T-5 T-6 T-7 T-8 T-9 T-10

Continual-CLIP [133] text 95.3 92.3 82.1 79.2 78.5 77.9 75.7 75.2 74.8 73.4

Zero-Shot CLIP [111] text 95.7 92.9 85.2 82.9 82.3 82.1 79.6 79.6 79.2 78.3

Prototypes-CLIP vision 97.6 92.8 88.1 85.3 84.3 84.3 81.9 81.9 81.2 80.0

Upper-bound - - - - - - - - - - 86.7

also detail the proposed prompt-prototype contrastive loss in Sec. 5.1.3 that can align and enhance

text prompts and vision prototypes.

5.1.1 Pilot study

Continual learning formulation. We define a sequence of T training tasks, denoted by D =

{D1, ..., DT}, with each task Dt = {(xt
i, y

t
i)}nt

i=1 comprising nt images xt
i and their respective

labels yti . Training on task Dt occurs without access to data from prior tasks {D1, ..., Dt−1}. In the

conventional class incremental learning scenario, each task contains non-overlapped classes.

In the pilot study, we first assess the performance of two methods that utilize frozen CLIP [111],

in the conventional class incremental learning scenarios, on CIFAR100 [72]. Tab. 5.1 shows

the setup of 10 training tasks in sequence (10 new classes per task). For each task, Continual-

CLIP [133] adopts a single unchanged prompt template, “a bad photo of a {CLS}.”, where {CLS}

is a placeholder for the class label name, to derive the classifier via the text encoder. Meanwhile,

for each task, zero-shot CLIP [111] predefines 18 text prompt templates and uses an ensemble
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strategy to construct the classifier through the text encoder. Both methods compute the visual and

textual similarities to perform the classification task. In Tab. 5.1, we can see in the continual learn-

ing scenario, that prompt engineering and ensembling can bring improvement over a single prompt

template.

We further apply the basic nearest-prototype classier to CLIP [111] denoted as Prototypes-CLIP

in Tab. 5.1. We characterize each class prototype by calculating the average image embedding for

that class via the frozen CLIP image encoder. These prototypes then function as the weights of

a linear classifier. As new tasks commence, we retain the prototypes from previous tasks and

calculate the new class prototypes to expand the classifier. We find this strategy achieves slightly

better performance than text prompt engineering and ensembling. This pilot study motivates us to

use prototypes as guidance for our prompt selection.

5.1.2 Framework of ProTPS

Our proposed novel Prototype-guided Text Prompt Selection (ProTPS) is built upon frozen CLIP [111].

In contrast to existing text-prompt-based methods [133,149,151,180], our ProTPS continually en-

courages text prompts to capture class-specific fine-grained semantic features.

Refinement of vision prototypes. Our pilot study inspires us to use the prototype Ii of class

i to initialize the weights of the classifier1 at the beginning of Task-1 as shown in Fig. 5.1,

which is referred to as ProTPS’s “vision classifier”. We can see vision prototypes as global image-

level representations of each class. Throughout the training of Task-1, we finetune these vision

prototypes for refinement. As new tasks commence, while the “vision classifier” is expanded with

prototypes of new classes, we ensure previously learned prototypes remain frozen to conserve the

integrity of earlier learned representations, as illustrated in Fig. 5.1.

Prototypes-guided text prompts selection. Each class prototype Ii is paired with a learnable

text prompt Pi. For a single image, ProTPS selects the text prompt that corresponds to the highest

cosine similarity score λi as indicated by vision prototypes, , λ1 in Task-1 of Fig. 5.1. Recog-

nizing that the “vision classifier” may not always yield accurate prediction, we scale the selected

text prompt by λi as shown in Fig. 5.1 and concatenate it at the embedding level with all class



45

Figure 5.1: ProTPS framework. In Task-1, we use the prototype Ii of class i to initialize the

weights of the linear classifier1, which is referred to as ProTPS’s “vision classifier”. We finetune

these vision prototypes for refinement. Each class prototype Ii is paired with a learnable text

prompt Pi. For a single input image, we select a text prompt to concatenate with all class names

in Task-1 to create classifier2, which is referred to as the “text classifier” of ProTPS. In Task-2,

prototypes and paired prompts are expanded. We freeze prototypes I1, ..., In and prompts P1, ..., Pn

trained in the previous task. We propose a sampling method to create sampled classifier2 to help

new text prompts capture exclusive fine-grained features for new classes. For the later tasks, the

expansion rule is the same as Task-2.
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names in Task-1. These combined textual inputs are processed through the text encoder to derive

classifier2, which is referred to as ProTPS’s “text classifier” and can be seen as fine-grained

semantic features of each class.

When new tasks start, we expand text prompts for new classes and ensure previously learned

prompts remain frozen to conserve the integrity of earlier learned fine-grained semantic features, as

depicted in Fig. 5.1. Besides new class names, we randomly sample a fixed number of class names

from previous classes before concatenating with the selected text prompt in the new task, yielding

sampled classifier2 in Fig. 5.1. This sampling strategy allows the newly expanded text prompts

to interact with previous class names during training to help new text prompts learn exclusive

fine-grained features for new classes while keeping a constant GPU memory usage.

One aggregated classifier. During inference, we also keep the proposed prompt selection and

ProTPS generates predictions by calculating the average cosine similarity score of each class from

the “vision classifier” and “text classifier”.

5.1.3 Optimization Objectives of ProTPS

Classification losses. Given one single image input of class i, we first compute two cross-entropy

losses respectively for dual classifiers of ProTPS based on the image feature z:

Lossc1 = − log
e⟨z, Ii⟩/τ∑k1

k=k0
e⟨z, Ik⟩/τ

, (5.1)

Lossc2 = − log
e⟨z, Ti⟩/τ∑k′1

k=k′0
e⟨z, Tk⟩/τ

, (5.2)

where τ is the temperature parameter learned by CLIP [111], ⟨·, ·⟩ denotes the cosine similarity,

k0 and k1 respectively represent the start and end indices of newly expanded prototypes by default

unless otherwise specified in experiments, , k0 = n+1 and k1 = m in Task-2 as depicted in Fig. 5.1.

This is to ensure that one of the newly expanded text prompts can be selected and optimized to learn

fine-grained features of new classes. k′
0 and k′

1 respectively represent the start and end indices of

weights vectors in the “text classifier”, , k′
0 = 1 and k′

1 = n in Task-1 and k′
0 = w and k′

1 = q in

Task-2 as depicted in Fig. 5.1.
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Prompt-prototype contrastive loss. Although vision prototypes and text prompts represent

respectively global image-level representations and fine-grained textual features of each class, we

propose a “prompt-prototype contrastive loss”, Losspp, to align and enhance text prompts and

vision prototypes, which further boosts the performance. It is different from the well-studied

contrastive loss, such as SupCon [68], in two aspects: (1) it refocuses the goal from improving

encoders to refining text prompts and vision prototypes, and (2) it is formulated using just a single

input image. Given one single image input of class i, the proposed “prompt-prototype contrastive

loss”, depicted in Fig. 5.1, is as follows:

Losspp = (1− ⟨Ti, Ii⟩) +
1

N

N∑
j ̸=i or k ̸=i

⟨Tj, Ik⟩, (5.3)

where ⟨·, ·⟩ denotes the cosine similarity. The first term is the cosine distance of the positive

pair (yellow colored grids in Fig. 5.1) between prototypes and weights of “text classifier”, given

the single input image of class i; the second term is the mean cosine similarity of negative pairs

(uncolored grids in Fig. 5.1) between prototypes and weights of “text classifier”. N is the total

number of negative pairs. With λpp as the balance factor, the whole optimization objective is:

Loss = Lossc1 + Lossc2 + λpp · Losspp, (5.4)

5.2 Experiments

In this section, we first detail the implementation in Sec. 5.2.1. We then compare the proposed

ProTPS with other popular methods in the class-incremental (CI) setting in Sec. 5.2.2 and the

cross-datasets continual (CDC) learning setting in Sec. 5.2.3. We also introduce a new fine-grained

dataset, Marine112, for class and domain incremental (CDI) learning setting in Sec. 5.2.4. Finally,

we present ablation studies to evaluate ProTPS’s individual components in Sec. 5.2.5.

5.2.1 Implementation Details

Datasets. Our experiments are conducted on ImageNet100, CIFAR100 [93], and Marine112. Im-

ageNet100 is a subset of ImageNet-1K [33], containing images sized 224x224 from 100 classes.
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We use the same 100 classes as AttriCLIP [149], with about 1,300 training and 50 testing images

per class. Details are provided in the Section 5.3.1. CIFAR100 has 100 classes with 500 training

and 100 testing images per class. Both CIFAR100 and ImageNet100 are split into 10 tasks with

10 classes in each task. Besides, we collect a real-world fine-grained Marine112 dataset, which

is naturally suited for the class and domain incremental (CDI) learning and reflects the long-tail

distribution [91] observed in nature. Its data covers 112 marine species in total across 6 different

years.

Metric. After learning each task T − i, the accuracy is evaluated on exposed classes of all

trained tasks (i.e., T − 1, 2, ..., i) [149], as detailed in Section 5.3.3.2.

Baselines. We compare the proposed ProTPS with (1) visual-prompt-based methods (L2P [154],

DualPrompt [153], CODA-P [129], and HiDe-Prompt [147]), and (2) text-prompt-based methods

(CoOp [180] with 1000 memory buffer, ContinualCLIP [133], Zero-Shot CLIP [111], and Attri-

CLIP [149]). Compared with AttriCLIP [149], our ProTPS introduces a negligible memory in-

crease of 105 KB, i.e., 0.006% of 1.71 GB full model size. The upper-bound method is the Linear

Probe CLIP from [111] by using all tasks’ training data at the same time to optimize a linear classi-

fier. We use the original CLIP pre-trained ViT-L/14 [37] as the image encoder for the upper-bound

method, our ProTPS and all baselines (explanation and training details are in Section 5.3.3.1).

5.2.2 Class-Incremental Learning

CIFAR100. The results are reported in Tab. 5.2, where text∗ denotes the selection and learning

of our text prompts are guided by our vision prototypes in ProTPS. Our ProTPS achieves the

best accuracy compared with recent state-of-the-art (SOTA) prompt-based methods. Specifically,

ProTPS without any data buffer outperforms CoOP [180] by +15.7% and beats the previous best

model AttriCLIP [149] by +1.9%. ProTPS is only 3.4% distance from the upper bound, indicating

the effectiveness of mitigating catastrophic forgetting.

ImageNet100. In Tab. 5.3, our ProTPS outperforms the previous SOTA AttriCLIP [149] by

+10.6% on ImageNet100. The accuracy of ProTPS is only 1.6% distance to the upper bound. We

further report the accuracy of different classifiers in Fig. 5.2 and Tab. 5.4. We can see that ProTPS’s
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Table 5.2: Accuracy of different continual learning methods on CIFAR100 [72] under CI setting.

Second-best results are underlined. T-i denotes Task-i.

Prompt Method T-1 T-2 T-3 T-4 T-5 T-6 T-7 T-8 T-9 T-10

visual

L2P [154] 60.1 47.8 45.9 47.1 48.9 48.9 49.4 49.0 50.0 49.4

DualPrompt [153] 73.9 60.2 56.4 55.3 54.5 53.3 53.4 53.1 53.5 54.0

CODA-P [129] 94.3 87.3 83.7 82.7 81.3 78.2 76.7 74.0 74.1 72.3

HiDe-Prompt [147] 95.4 93.6 90.7 89.5 87.9 85.5 84.0 82.0 82.2 81.0

text

CoOp [180] (1000) 95.8 90.7 85.2 83.4 80.8 75.8 74.7 71.7 71.3 67.6

Continual-CLIP [133] 95.3 92.3 82.1 79.2 78.5 77.9 75.7 75.2 74.8 73.4

Zero-Shot CLIP [111] 95.7 92.9 85.2 82.9 82.3 82.1 79.6 79.6 79.2 78.3

AttriCLIP [149] 97.8 93.7 91.0 87.5 84.7 82.5 82.3 81.9 81.7 81.4

text∗ ProTPS (ours) 97.8 94.5 91.6 90.6 89.1 87.3 85.5 84.3 84.2 83.3

Upper bound - - - - - - - - - 86.7

Figure 5.2: Accuracy evolution of ProTPS’s different classifiers on ImageNet100 [33] under CI

setting. The vision classifier and text classifier of ProTPS are well-aligned.
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Table 5.3: Accuracy of different continual learning methods on ImageNet100 [33] under CI setting.

Second-best results are underlined. T-i denotes Task-i.

Prompt Method T-1 T-2 T-3 T-4 T-5 T-6 T-7 T-8 T-9 T-10

visual

L2P [154] 60.9 53.5 49.8 48.6 47.2 48.1 49.5 49.7 48.1 48.3

DualPrompt [153] 72.5 60.8 55.7 54.3 53.2 53.6 53.8 53.3 52.8 52.6

CODA-P [129] 91.1 86.5 82.9 80.3 79.8 78.2 77.1 77.2 75.6 75.2

HiDe-Prompt [147] 92.3 90.1 89.8 87.5 85.5 85.9 84.5 85.9 83.5 82.9

text

CoOp [180] (1000) 89.2 83.2 76.7 79.8 79.9 82.3 79.7 80.1 80.3 79.3

Continual-CLIP [133] 93.3 87.6 83.1 81.7 80.5 80.2 79.3 78.5 76.9 75.4

Zero-Shot CLIP [111] 91.8 89.2 89.3 91.1 92.2 92.6 90.9 79.3 78.5 75.1

AttriCLIP [149] 95.4 89.4 84.5 86.7 84.4 86.6 85.9 85.6 86.9 83.3

text∗ ProTPS (ours) 95.5 93.4 93.7 94.0 94.7 95.3 94.7 94.2 93.8 93.9

Upper bound - - - - - - - - - 95.5
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Table 5.4: Last accuracy of vision, text, and aggregated classifiers in ProTPS on CIFAR100 [72]

and ImageNet100 [33] under CI setting.

Method Classifier CIFAR100 ImageNet100

CoOp [180] text 67.64 79.29

Continual-CLIP [133] text 73.42 75.43

Zero-Shot CLIP [111] text 78.28 75.12

AttriCLIP [149] text 81.38 83.30

ProTPS

(ours)

vision 83.16 93.78

text 83.26 93.82

aggregated 83.28 (+1.90) 93.92 (+10.62)

“vision classifier” and “text classifier” are well aligned. And the aggregated classifier achieves

the best performance. Besides, the performance of ProTPS’s “text classifier” is not capped by its

“vision classifier” although text prompts selection is guided by prototypes.

5.2.3 Cross-Datasets Continual Learning

AttriCLIP [149] proposes another continual learning scenario, i.e., combining two datasets into a

long-sequence domain-shift task, where continually training a model across different datasets is

used to evaluate the ability of knowledge transfer from the previous dataset to the new one.

ProTPS’s text prompts are transferable to a new dataset. The models are continually fine-

tuned on 10 tasks of CIFAR100 after being trained on 10 tasks of ImageNet100, and finally evalu-

ated on CIFAR100. This performance is denoted as “I2C” in Tab. 5.5. “FT” (forward transfer) is

defined as the accuracy of “I2C” minus the accuracy of training on CIFAR100 only. When finetun-

ing our ProTPS on CIFAR100, each class’s text prompt is initialized from the prompts learned from

ImageNet100 based on the highest cosine similarity between their paired prototypes. “{Method}-

1” and “{Method}-2” are schemes defined by AttriCLIP [149] on how to expand the classifier for a
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Table 5.5: Last accuracy of different methods on CIFAR100 [72] under CDC setting. The mod-

els are either trained on CIFAR100 only (C), or continually fine-tuned on CIFAR100 after being

trained on ImageNet100 [33] (I2C).

Prompt Method C I2C FT↑

visual

L2P-1 [154] 49.4 45.7 -3.7

DualPrompt-1 [153] 54.0 49.5 -4.5

CODA-P-1 [129] 72.3 66.9 -5.4

HiDe-Prompt-1 [147] 81.0 77.2 -3.8

text

CoOp-1 [180] (1000) 67.6 61.1 -6.5

Continual-CLIP [133] 73.4 73.4 0

Zero-Shot CLIP [111] 78.3 78.3 0

AttriCLIP [149] 81.4 82.3 +0.9

text∗ ProTPS (ours) 83.3 84.4 (+2.1) +1.1

new dataset (please refer to AttriCLIP [149] for more details). In Tab. 5.5, our ProTPS outperforms

the previous SOTA AttriCLIP [149] by +2.1% in the context of “I2C” and has the highest “FT”

score. This indicates that ProTPS learns transferable semantic features encoded in text prompts

that can help it to generalize better to a new dataset.

ProTPS is suitable for cross-datasets continual learning. In Tab. 5.6, models are evaluated

on both datasets. For ProTPS, when start fine-tuning on CIFAR100, we expand our classifier1 for

CIFAR100 classes, and each class’s text prompt is still initialized from the prompts learned from

ImageNet100 based on the same rule. ProTPS beats visual-prompt-based and text-prompt-based

methods, outperforming the previous SOTA AttriCLIP [149] by +7.3%.
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Table 5.6: Last accuracy of different methods on ImageNet100 + CIFAR100 (I+C) where each

model is continually trained on ImageNet100 and CIFAR100 in sequence under CDC setting.

Prompt Method I+C

visual

L2P-2 [154] 41.6

DualPrompt-2 [153] 45.8

CODA-P-2 [129] 62.7

HiDe-Prompt-2 [147] 75.3

text

CoOp-2 [180] (1000) 55.4

Continual-CLIP [133] 65.9

Zero-Shot CLIP [111] 68.7

AttriCLIP [149] 78.3

text∗ ProTPS (ours) 85.6 (+7.3)

Table 5.7: Accuracy on fine-grained Marine112 dataset under CDI setting.

Prompt Method 2015 2016 2019 2020 2021 2022

visual
CODA-P [129] 71.2 42.1 33.6 13.4 12.7 13.2

HiDe-Prompt [147] 73.4 50.8 45.2 22.2 22.3 22.5

text

Continual-CLIP [133] 12.7 11.8 10.2 9.6 10.1 9.5

Zero-Shot CLIP [111] 15.4 13.1 11.6 10.3 10.5 9.6

CoOp [180] (1000) 65.3 30.2 15.1 10.2 11.4 10.3

AttriCLIP [149] 76.1 48.3 34.8 11.9 13.6 13.9

text∗ ProTPS (ours) 76.6 70.5 61.5 59.7 58.1 55.6 (+33.1)

Upper bound - - - - - 78.2
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Figure 5.3: Marine112 distribution. The number of images per class is larger than 20.

5.2.4 Class-and-Domain Incremental Learning

Marine112. It contains 112 fine-grained classes across 6 years. Each year, some new classes data

are collected and new data of old classes brings domain shifts due to illumination, camera brands

and resolutions, etc. as shown in Fig. 5.3. It is naturally suited for class and domain incremental

(CDI) learning. Thus we keep k0 = 1 for Eq. 5.1 when continually training ProTPS on each year’s

data. Marine112 also reflects the longtail [91] (imbalanced) distribution observed in nature. Details

such as the test set split are in Section 5.3.2.

ProTPS learns more fine-grained text prompts than existing methods. In Tab. 5.7, ProTPS

sets the strongest baseline on this fine-grained dataset. Yet, the potential future research for ProTPS

may involve how to unfreeze and finetune the previously learned text prompts and vision prototypes

when encountering new data of old classes in later tasks.
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Table 5.8: Ablation study on CIFAR100.“STC”: Sampled Text Classifier strategy.

Prototype-Learning Prompt-Selection STC Losspp Last acc.

refined weight-top-1 ✓ ✓ 83.28

refined top-1 ✓ ✓ 83.12 (-0.16)

refined weight-top-1 × ✓ 82.95 (-0.33)

refined weight-top-1 ✓ × 82.87 (-0.41)

frozen weight-top-1 ✓ ✓ 80.65 (-2.63)

refined weight-top-3 ✓ ✓ 78.74 (-4.54)

refined top-3 ✓ ✓ 78.19 (-5.09)

refined × ✓ ✓ 77.62 (-5.66)

scratch weight-top-1 ✓ ✓ 58.42 (-24.86)

5.2.5 Ablation Study

Tab. 5.8 shows the impact of each proposed module in ProTPS. The proposed prototype learning

strategy is denoted as “refined”, and it outperforms learning prototypes “from scratch” or freezing

them after the proposed initialization method, referred to as “frozen”. We can see our prototype

learning strategy lays the foundation for the success of ProTPS’s text prompt learning. The pro-

posed text prompt selection method, denoted as “weight-top-1”, brings a significant improvement

compared to no weighting, selecting top 3 prompts, or no selection in training and inference. Both

proposed sampled classifier2 strategy and “prompt-prototype contrastive loss” also bring non-

negligible improvement.

t-SNE visualization of text prompts. In Fig. 5.4, we use t-SNE [139] to display the distribu-

tion of text prompts in the feature space for 24 fine-grained dog breeds from ImageNet100. This

is done after the text prompts are processed by the text encoder. We can see our text prompts are

more distinct in the feature space than CLIP’s text prompt templates.

Visualization of vision prototypes. To further confirm the improvement of our refined vision
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Figure 5.4: Comparison of t-SNE [139] visualization on text prompts for 24 fine-grained dog

breeds from ImageNet100 [33].

prototypes compared to the initialization at the beginning of each task, we visualize the cosine

similarity matrix among prototypes in Fig. 5.5. Despite freezing earlier learned prototypes in

later tasks, ProTPS’s vision prototypes become more distinguishable after 10 learning tasks on

CIFAR100 with our training recipe, as indicated by the darker color outside the diagonal.

Figure 5.5: Similarity matrix of prototypes on CIFAR100 [72]. Left: Initialized prototypes via the

frozen CLIP image encoder. Right: ProTPS’s refined vision prototypes.

Prompt-prototype contrastive loss. We ablate our Losspp and instead use SupCon [68] (de-
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Table 5.9: Different loss functions on CIFAR100 [72].

Loss function Last acc.

Losspp (ours) 83.28

SupCon Loss [68] 82.57 (-0.71)

Table 5.10: Ablation of text selection during inference on ImageNet100 [33].

Prompt-Selection Last acc.

✓ 93.92

× 93.12 (-0.80)

tailed in Section 5.3.3.5). In Tab. 5.9, the better result is obtained with the proposed “prompt-

prototype contrastive loss” (Losspp).

Prompt selection during inference. In Tab. 5.10, we further keep the proposed prompt se-

lection during training but ablate it during inference, which decreases the accuracy by -0.80% on

ImageNet100. This highlights the importance of our prompt selection for the inference stage as

well.

Visualization of text prompts on images. To verify that our learned fine-grained text prompts

can attend to region-level image details among fine-grained classes, we visualize the image con-

tents corresponding to each class’s text prompts in Fig. 5.6 on ImageNet100. The “CLIP” row

shows the attention of the original CLIP’s ensembled prompts on paired images. Details and more

visualizations are shown in Section 5.3.4. We can see that our ProTPS’s learned text prompts can

focus on specific regions, such as face, neck, beak, tail, etc. among fine-grained classes.
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CLIP

Img

Ours

Figure 5.6: Visualization of learned prompts via Grad-CAM [124]. Highlighted image areas are

critical for the model to make correct predictions given the learned prompt of each class. Each pair

of adjacent columns, moving from left to right, represents the same class: “african hunting dog”,

“chihuahua”, “borzoi”, “little blue heron”, “american coot”.
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5.3 Supplementary Materials and Experiments

5.3.1 Classes of ImageNet100

Following AttriCLIP [149], we use the same 100 classes from ImageNet [33] to build ImageNet100.

The class names are: ‘Robin’, ‘Gila monster’, ‘hognose snake’, ‘garter snake’, ‘green mamba’,

‘garden spider’, ‘lorikeet’, ‘goose’, ‘rock crab’, ‘fiddler crab’, ‘American lobster’, ‘little blue

heron’, ‘American coot’, ‘Chihuahua’, ‘Shih Tzu’, ‘Papillon’, ‘toy terrier’, ‘Walker hound’, ‘En-

glish foxhound’, ‘borzoi’, ‘Saluki’, ‘American Staffordshire Terrier’, ‘Chesapeake Bay Retriever’,

‘Vizsla’, ‘Kuvasz’, ‘Komondor’, ‘Rottweiler’, ‘Doberman’, ‘Boxer’, ‘Great Dane’, ‘Standard Poo-

dle’, ‘Mexican hairless’, ‘coyote’, ‘African hunting dog’, ‘red fox’, ‘tabby’, ‘meerkat’, ‘dung

beetle’, ‘walking stick’, ‘leafhopper’, ‘hare’, ‘wild boar’, ‘gibbon’, ‘langur’, ‘ambulance’, ‘ban-

nister’, ‘bassinet’, ‘boathouse’, ‘bonnet’, ‘bottlecap’, ‘car wheel’, ‘chime’, ‘cinema’, ‘cocktail

shaker’, ‘computer keyboard’, ‘Dutch oven’, ‘football helmet’, ‘gasmask’, ‘hard disc’, ‘harmon-

ica’, ‘honeycomb’, ‘iron’, ‘jean’, ‘lampshade’, ‘laptop’, ‘milk can’, ‘mixing bowl’, ‘modem’,

‘moped’, ‘shower cap’, ‘mousetrap’, ‘obelisk’, ‘park bench’, ‘pedestal’, ‘pickup’, ‘pirate’, ‘purse’,

‘reel’, ‘rocking chair’, ‘rotisserie’, ‘safety pin’, ‘sarong’, ‘ski mask’, ‘slide rule’, ‘stretcher’, ‘the-

ater curtain’, ‘throne’, ‘tile roof’, ‘tripod’, ‘tub’, ‘vacuum’, ‘window screen’, ‘wing’, ‘head cab-

bage’, ‘cauliflower’, ‘pineapple’, ‘carbonara’, ‘chocolate sauce’, ‘gyromitra’, ‘mushroom’

5.3.2 Marine112 Fine-Grained Dataset

We believe our Marine112 dataset is of great importance to the continual learning community,

for the following reasons: (1) it features overlapped fine-grained classes among different tasks

with varied imaging qualities, i.e., domain shift; (2) it reflects the longtail [91] (imbalanced) dis-

tribution observed in nature; and (3) it is naturally suited for the class and domain incremental

(CDI) learning. In Marine112, there are 112 classes across 6 different years as shown in Fig. 5.3.

More electronic monitoring methods and datasets for the fishing industry can be found in related

works [99, 102]
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5.3.2.1 Species Names

The labeled class names are: ‘arrowtooth flounder’, ‘rex sole’, ‘pacific ocean perch’, ‘flathead

sole’, ‘walleye pollock’, ‘shortspine thornyhead’, ‘pacific halibut’, ‘northern rockfish’, ‘sablefish’,

‘pacific cod’, ‘petrale sole’, ‘starfish’, ‘northern rocksole’, ‘dungeness crab’, ‘english sole’, ‘dover

sole’, ‘southern rock sole’, ‘slender sole’, ‘kamchatka flounder’, ‘atka mackerel’, ‘yellow irish

lord’, ‘eulachon’, ‘blackspotted rockfish’, ‘giant grenadier’, ‘darkfin sculpin’, ‘dusky rockfish’,

‘big skate’, ‘spotted ratfish’, ‘rougheye rockfish’, ‘pacific sanddab’, ‘sea anemone’, ‘longnose

skate’, ‘shortraker rockfish’, ‘harlequin rockfish’, ‘butter sole’, ‘redstripe rockfish’, ‘strongylocen-

trotus’, ‘sturgeon poacher’, ‘greenstriped rockfish’, ‘berryteuthis magister’, ‘searcher’, ‘sharpchin

rockfish’, ‘yellowfin sole’, ‘pacific tomcod’, ‘podothecus accipenserinus’, ‘fusitriton oregonensis’,

‘metridium farcimen’, ‘bathyraja unidentified’, ‘actinauge verrillii’, ‘bairidi tanner crab’, ‘pacific

herring’, ‘chum salmon’, ‘red banded rockfish’, ‘spectacled sculpin’, ‘silvergray rockfish’, ‘jel-

lyfish’, ‘great sculpin’, ‘prowfish’, ‘scallop’, ‘lingcod’, ‘ctenodiscus crispatus’, ‘pandalopsis dis-

par’, ‘golden king crab’, ‘popeye grenadier’, ‘gorgonocephalus eucnemis’, ‘scissortail sculpin’,

‘armorhead sculpin’, ‘paragorgia arborea’, ‘darkblotched rockfish’, ‘chlamys’, ‘pacific octopus’,

‘longspine thornyhead’, ‘rosethorn rockfish’, ‘starry flounder’, ‘spinyhead sculpin’, ‘kelp green-

ling’, ‘mud skate’, ‘sawback poacher’, ‘yellowtail rockfish’, ‘pandalus’, ‘shrimp’, ‘alaska plaice’,

‘dark rockfish’, ‘bathymaster signatus’, ‘ebony eelpout’, ‘cyanea capillata’, ‘toad lumpsucker’,

‘pycnopodia helianthoides’, ‘northern lampfish’, ‘pacific sand fish’, ‘solaster’, ‘cucumaria fal-

lax’, ‘eelpout unidentified’, ‘chrysaora melanaster’, ‘shortfin eelpout’, ‘spot shrimp’, ‘ceramas-

ter’, ‘bigmouth sculpin’, ‘capelin’, ‘rock greenling’, ‘stegophiura ponderosa’, ‘leopard skate’,

‘yelloweye rockfish’, ‘parastichopus californicus’, ‘allocentrotus fragilis’, ‘hippasteria’, ‘black

rockfish’, ‘sea pen’, ‘skate egg case’, ‘serpula’, ‘crossaster papposus’, ‘white blotched skate’

5.3.2.2 Data Distribution

In Marine112, annual data collection includes new data for both newly discovered and previously

identified classes. The latter introduces domain shifts due to illumination, pose, imaging qualities
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of different types of cameras, etc, as shown in Fig. 5.3. Detailed data distribution of each year is in

Fig. 5.9. The imbalance factor, calculated as the ratio of the most common class’s instance count

to that of the least common class, indicates the degree of class imbalance.

5.3.2.3 Testing Data Split

As mentioned in the previous section, new data of previously seen classes usually bring domain

shift. Therefore, each year, no matter the new classes or old classes, we always randomly hold

10 new images from each collected class as testing data. And the accuracy of each year t, t ∈

{2015, 2016, . . . , 2022} is evaluated on testing images from all the trained years so far (i.e., year

2015, ..., t). Fig. 5.10 shows the number of kept test data from each year.

Justification. There is a real-world application scenario for the above test data split proto-

col. Initially, in 2015, thousands of images were collected via electronic monitoring from different

commercial fishing boats to ensure that fish populations in targeted areas were sustainably man-

aged. The identification of marine species from images is an expensive time-consuming process

that requires the consulting of fishery specialists. Therefore, deep learning models serve as valu-

able tools to efficiently process such data. To train a deep learning model, we ask fishery specialists

to label a portion of the collected data. Our model then is expected to identify remaining unlabeled

images, reducing the labor cost required to gain an accurate understanding of the species and num-

bers caught. Our goal is to train a model continually with a subset of each year’s data, manually

labeled, and apply it to unlabelled data of previous years and the current year. Thus, in our testing

protocol, once we train the model on the 2015 labeled training data, we test it on the held 2015

testing data. Subsequently, we continue to train the model on 2016 training data, and then test the

model on both 2015 and 2016 testing data. Therefore, our testing split protocol can reflect the per-

formance of the continually trained model on accumulated unidentified data from incrementally

exposed domains and classes.
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5.3.2.4 Datasets Comparison

Tab. 5.11 compares the collected fine-grained Marine112 dataset against several public datasets

utilized for downstream continual learning. Marine112’s distinction lies in its authentic real-world

data: it reflects the longtail distribution observed in nature, features varied imaging qualities, i.e.,

domain shifts, caused by diverse cameras across different years and ships, and is inherently apt for

the class and domain incremental (CDI) learning task.

Table 5.11: Comparison of Marine112 with public datasets with domain shift. “DI”: Domain

incremental learning. “CDI”: Class and domain incremental learning.

Dataset Setting Distribution #Classes Domains Fine-grained

Rotation MNIST [93] DI balanced 10 synthetic ×

Permutation MNIST [69] DI balanced 10 synthetic ×

NS-MiniImageNet [94] DI balanced 100 synthetic ×

CLEAR [86] DI balanced 100 real-world ×

DS-ImageNet-R [129] CDI1 balanced 200 real-world ×

CORe50-NIC [92] CDI2 balanced 50 real-world ×

Marine112 (Ours) CDI longtail 112 real-world ✓

5.3.3 Implementation Details

5.3.3.1 Training Details

We train our ProTPS for 10 epochs on each task for all datasets. SGD is adopted as the optimizer

with an initial learning rate of 0.001 and follows a cosine decay schedule to a final learning rate of

1DS-ImageNet-R introduces domain shifts that occur between classes, rather than within each class, as reflected
in our training data.

2CORe50-NIC aims to evaluate the model’s generalization to unseen domains, rather than its performance on
domains learned incrementally, as demonstrated by our test protocol.
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1e-4. The weight decay is 0, and the batch size is 128 on two V100 GPUs. Each text prompt Pi is a

learnable embedding with the dimension of [M , 768] where M is the prompt length and 768 is the

feature dimension output from the last projection layer of CLIP’s image encoder. We observe that

the last accuracy is not sensitive to the loss factor λpp and prompt length M indicated in Fig. 5.7

thus we use λpp=1.5 and M = 6 for our ProTPS. The average results over 3 runs are reported for

all methods in the paper.

Figure 5.7: Comparison of different (a) loss factor λpp values and different (b) prompt length M

values on CIFAR100 [72].

Other baselines details. For baseline methods, we use their own official released code and

follow their own training recipes. CoOp [180] is the only method in all tables storing 1000

data samples during training thus denoted as “CoOp [180] (1000)” in all tables. The prompts

of CoOp [180] and AttriCLIP [149] are continually trained in a sequence of tasks. For “Zero-

Shot CLIP”, “Prototypes-CLIP”, and “Linear Probe CLIP”, we implement them based on the of-

ficial CLIP’s open-source code. All reported CLIP-based methods use the same original CLIP

pre-trained transformer [141] as the text encoder. All reported methods use the original CLIP

pre-trained ViT-L/14 [37] as the image encoder.

Why use CLIP pre-trained image encoder for all reported methods? Firstly, our ProTPS

is based on CLIP architecture similar to existing text-prompt-based methods [133, 149, 151, 180]

which use frozen CLIP pre-trained image encoder and text encoder. Secondly, as mentioned in Du-

alPrompt [153], when visual-prompt-based methods [129,147,153,154] use the image encoder pre-

trained on ImageNet, they struggle with fairness when evaluated on the ImageNet-related bench-
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marks such as ImageNet100 and ImageNet-R [153]. Thus we use CLIP pre-trained ViT-L/14 [37]

as the image encoder for all methods.

Classifiers aggregation methods. Tab. 5.12 shows aggregating ProTPS’s dual classifiers via

the proposed average operation is better than the max operation.

Table 5.12: Different aggregation methods on ImageNet100.

Aggregation Last acc.

Average 93.92

Max 93.86 (-0.06)

5.3.3.2 Evaluation Metric Details

As emphasized by previous works [129, 153], “Average Accuracy” is the overall evaluation metric

for continual learning, which includes two aspects: greater learning capacity and less catastrophic

forgetting.

However, real-world continual learning datasets may be imbalanced, Marine112. Thus, we de-

fine the generalized average accuracy to evaluate continual learning models. Consider a series of T

tasks D = {D1, ..., DT}. Each task has its own training data, Dt,train = {(xi
t,train, y

i
t,train)}

nt,train

i=1

comprising nt,train instances xi
t,train and their respective labels yit,train, and testing data, Dt,test =

{(xi
t,test, y

i
t,test)}

nt,test

i=1 comprising nt,test instances xi
t,test and their respective labels yit,test. After the

model finishes training on the task t, we compute generalized average accuracy At as follows:

At =

∑t
m=1

∑nm,test

i=1 equal(model(xi
m,test), y

i
m,test)∑t

m=1 nm,test

, (5.5)

where the numerator is the number of true predictions on testing data from all exposed tasks (i.e.,

task 1, 2...t) and the denominator is the total number of involved testing data. When testing data

from each task is balanced, At is exactly the widely-used “Average Accuracy” well-defined in
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previous works such as [153] (see its Appendix C). Similarly, we refer to the final task’s AT as the

“Last Accuracy”.

5.3.3.3 More Results on Class Incremental Learning

Table 5.13: Last accuracy on CIFAR100 [72] and ImageNet100 [33] under CI setting.

Prompt Method CIFAR100 ImageNet100

- SLCA [174] 79.1 56.3

visual

L2P [154] 49.4 48.3

DualPrompt [153] 54.0 52.6

APG [131] 54.2 53.1

CODA-P [129] 72.3 75.2

HiDe-Prompt [147] 81.0 82.9

text

CoOp [180] (1000) 67.6 79.3

Continual-CLIP [133] 73.4 75.4

Zero-Shot CLIP [111] 78.3 75.1

AttriCLIP [149] 81.4 83.3

text∗ ProTPS (ours) 83.3 (+1.9) 93.9 (+10.6)

APG [131] is also a visual-prompt-based method that demonstrates its effectiveness when train-

ing from scratch and has comparable performance to other existing visual-prompt-based methods

when using the same pre-trained image encoder. Since APG [131] does not achieve the best per-

formance among visual-prompt-based methods, we report its performance in this section with the

same CLIP pre-trained ViT-L/14 [37] as the image encoder in Tab. 5.13.

Besides, SLCA [174] is also built upon the pre-trained image encoder. But SLCA [174] is a

non-prompt-based method that carefully finetunes the pre-trained image encoder with a smaller

learning rate than in the classifier head. It models class-wise distributions in the form of a feature
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covariance matrix for every class and generates pseudo-training samples (features) of seen classes

to align the classifier heads between consecutive tasks. Since SLCA [174] is not a prompt-based

method, we report its performance in this section with the same CLIP pre-trained ViT-L/14 [37] as

the image encoder in Tab. 5.13. text∗ denotes that the learning and selection of text prompts are

instructed by vision prototypes in our ProTPS.

Table 5.14: Last accuracy of different methods on CIFAR100 [72] under CDC setting. The mod-

els are either trained on CIFAR100 only (C), or continually fine-tuned on CIFAR100 after being

trained on ImageNet100 (I2C).

Prompt Method C I2C FT↑

v + t S-liPrompts [151] 58.9 53.3 -5.6

visual

L2P-1 [154] 49.4 45.7 -3.7

DualPrompt-1 [153] 54.0 49.5 -4.5

CODA-P-1 [129] 72.3 66.9 -5.4

HiDe-Prompt-1 [147] 81.0 77.2 -3.8

text

CoOp-1 [180] (1000) 67.6 61.1 -6.5

Continual-CLIP [133] 73.4 73.4 0

Zero-Shot CLIP [111] 78.3 78.3 0

AttriCLIP [149] 81.4 82.3 +0.9

text∗ ProTPS (ours) 83.3 84.4 (+2.1) +1.1

5.3.3.4 More Results on Cross-Datasets Continual Learning

S-liPrompts [151] is a CLIP-based method, that uses both visual prompts and text prompts and

derives the classifier via the text encoder. Yet, it is designed for domain incremental learning. By

treating each dataset as a domain, we also test S-liPrompts [151] on the Cross-Datasets Continual

Learning setting. The results are in Tab. 5.14 and Tab. 5.15. text∗ denotes the learning and selection
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Table 5.15: Last accuracy of different methods on ImageNet100 + CIFAR100 (I+C) where each

model is continually trained on ImageNet100 and CIFAR100 in sequence under CDC setting.

Prompt Method I+C

v + t S-liPrompts [151] 39.6

visual

L2P-2 [154] 41.6

DualPrompt-2 [153] 45.8

CODA-P-2 [129] 62.7

HiDe-Prompt-2 [147] 75.3

text

CoOp-2 [180] (1000) 55.4

Continual-CLIP [133] 65.9

Zero-Shot CLIP [111] 68.7

AttriCLIP [149] 78.3

text∗ ProTPS (ours) 85.6 (+7.3)

of text prompts are instructed by vision prototypes in our ProTPS. “v + t” denotes both visual and

text prompts.

5.3.3.5 SupCon Loss Details

In Tab. 5.9, we compare our proposed “prompt-prototype contrastive loss” and SupCon [68] which

is originally proposed to learn good encoders, i.e., representation learning. SupCon [68] loss is

defined within a batch of images as:

Lsup
out =

∑
i∈I

− 1

|P (i)|
∑

p∈P (i)

log
exp(zi · zp/τ)∑

a∈A(i) exp(zi · za/τ)
, (5.6)

where i is the image index in a batch, P (i) is the set of indices of all positives of ith image in this

batch distinct from i. A(i) is the set of indices of all images in this batch except i, zi represents the

image feature of ith image, “·” denotes the inner product, and τ is a scalar temperature parameter.
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We adopt it with the following equation to replace our proposed “prompt-prototype contrastive

loss” and report the performance in Tab. 5.9. Given a single image input of class i, there is only

one positive pair between our vision prototypes and weight vectors of classifier2 denoted as the

yellow grid in the matrix shown in Fig. 5.1, thus the adopted SupCon loss is as follows:

L = − log
exp(Ii · Ti/τ)∑

j ̸=i or k ̸=i exp(Ij · Tk/τ)
, (5.7)

where the numerator is the positive pair and the denominator includes all negative pairs between

our vision prototypes and weight vectors of classifier2 in our ProTPS.

5.3.3.6 ProTPS’s Upper Bound Accuracy

We further test our ProTPS’s upper bound accuracy by using all tasks’ training data at the same

time, the same as standard supervised training. The performance is reported in Tab. 5.16. We

can see that ProTPS can achieve better performance than Linear Probe CLIP which trains a linear

classifier based on the CLIP image encoder.

Table 5.16: Upper bound accuracy of ‘Linear Probe CLIP’ [111] and our ProTPS on CI-

FAR100 [72] and ImageNet100 [33].

Method CIFAR100 ImageNet100

Linear Probe CLIP [111] 86.69 95.52

ProTPS (ours) 87.19 95.86

5.3.3.7 Ablation on ProTPS’s prototypes training strategy

The proposed prototype learning strategy is denoted as “refined” in Fig. 5.8. We can see it is critical

to help dual classifiers’ alignment and achieves the best performance over training from “scratch”

or “freezing” them after the proposed initialization method.
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Figure 5.8: Ablation study of ProTPS’s on ImageNet100 [33] under CI setting. The “vision classi-

fier” and “text classifier” of ProTPS are well-aligned when using the proposed prototype learning

strategy.
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Table 5.17: Full Pilot Study. Comparison of different CLIP-based methods in CI setting on

CIFAR100 [72] with ViT-B/16 [37] (first 3 rows) or ViT-L/14 [37] (second 3 rows) backbone.

After learning each task T − i, the accuracy on exposed classes from all the trained tasks (i.e.,

T − 1, 2, ..., t) is reported. The upper-bound method is ‘Linear Probe CLIP’ [111] using all tasks’

training data at the same time to optimize a linear classifier. The column ‘Classifier’ denotes the

encoder from which the classifier weights are derived.

Method Classifier T-1 T-2 T-3 T-4 T-5 T-6 T-7 T-8 T-9 T-10

Continual-CLIP [133] text 94.7 88.5 76.8 73.6 72.4 72.8 69.6 68.5 68.1 66.7

Zero-Shot CLIP [111] text 95.6 89.2 77.7 74.6 73.9 74.1 70.6 70.1 69.6 68.3

Prototypes-CLIP vision 95.6 90.7 81.5 77.1 75.9 75.7 72.8 72.3 71.4 69.9

Continual-CLIP [133] text 95.3 92.3 82.1 79.2 78.5 77.9 75.7 75.2 74.8 73.4

Zero-Shot CLIP [111] text 95.7 92.9 85.2 82.9 82.3 82.1 79.6 79.6 79.2 78.3

Prototypes-CLIP vision 97.6 92.8 88.1 85.3 84.3 84.3 81.9 81.9 81.2 80.0

Upper-bound (B/16) - - - - - - - - - - 82.5

Upper-bound (L/14) - - - - - - - - - - 86.7

5.3.3.8 Full Pilot Study

Inspiration. The full pilot study on CIFAR100 is done with ViT-L/14 [37] and ViT-B/16 [37] back-

bones in Tab. 5.17. Zero-shot CLIP’s 18 prompt templates for CIFAR100 can be found in its official

link. On both backbones, we consistently find that applying the basic nearest-prototype classifier

to CLIP, denoted as Prototypes-CLIP, achieves slightly better performance than text prompt engi-

neering and ensembling. This pilot study motivates us to use prototypes as guidance for our text

prompt selection.

https://github.com/openai/CLIP/blob/main/data/prompts.md
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5.3.4 More Text Prompts Visualizations

The “CLIP” column in Fig. 5.6 shows the attention of the original CLIP’s prompts on paired images

on ImageNet100. The original CLIP’s 80 prompt templates for ImageNet can be found in CLIP’s

official link. The way to create “zero-shot classifier weights” for each class is also introduced in

that link. For each class, we use the corresponding “zero-shot classifier weights” for visualization

of the CLIP column in Fig. 5.6. More visualizations of text prompts from randomly selected

classes are shown in Fig. 5.11. We can see that our learned fine-grained text prompts can attend to

region-level image details.

5.4 Summary

We propose ProTPS, which continually learns fine-grained text prompts to mitigate “catastrophic

forgetting”. Specifically, ProTPS leverages global image-level vision prototypes to guide the se-

lection and learning of semantic features encoded in text prompts. To align ProTPS’s prompts

and prototypes, we further introduced the “prompt-prototype contrastive loss”. Our experiments

demonstrate superior performance over existing state-of-the-art methods in CI, CDC, and CDI

learning settings. Additionally, we introduced Marine112, a real-world dataset containing 112

fine-grained classes across 6 years and naturally suitable for CDI setting, which brings new chal-

lenges to the community. We believe our ProTPS and Marine112 can pave the way for more

practical continual learning.

https://github.com/openai/CLIP/blob/main/notebooks/Prompt_Engineering_for_ImageNet.ipynb
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Figure 5.9: Marine112. Data distribution in each year.
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Figure 5.10: Marine112. Number of kept test data from each year.
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Figure 5.11: Text prompts visualized via Grad-CAM [124] on randomly selected classes of Ima-

geNet100. The 1st and 4th columns are from CLIP. The 2nd and 5th columns are original images.

The 3rd and 6th columns are from our ProTPS method.
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Chapter 6

CONCLUSIONS

In this dissertation, we have explored the challenges and opportunities in continual learning

of object classification in the real world. We have proposed three novel frameworks, i.e., HCIL,

ESA, and ProTPS, to address the catastrophic forgetting problem under different real-world sce-

narios. These frameworks represent significant advancements toward achieving continual learning

of object classification in real-world scenarios.

The proposed HCIL is a hierarchical class incremental learning model, which can jointly per-

form the hierarchical classification task and class incremental learning without catastrophically

forgetting previously trained classes. The hierarchical classifier allows coarse-level prediction to

be the final output if the fine-level confidence score is too low and achieves higher accuracy on tail-

class species when training data follows a long-tail (imbalanced) distribution than a flat classifier.

The proposed ESA is an expert-and-samples-aware incremental learning framework for con-

tinual learning under long-tailed distribution, with the multi-expert idea and a dynamic weighting

technique to deal with the exacerbated forgetting introduced by the long-tail distribution. ESA

gathers ‘opinions’ from different light-weight experts before making the final prediction. The dy-

namic weighting in ESA is designed for the CIL-LT, where (1) different tasks can share some

classes but with new data samples, and (2) the training data of each task follows a long-tail distri-

bution with the imbalance factor in a wide range.

The proposed ProTPS is a multimodal transformer-based framework that continually learns

fine-grained text prompts so that the textual features of newly arrived classes do not overlap with

those of trained classes, thereby mitigating catastrophic forgetting. ProTPS leverages global image-

level vision prototypes to guide the selection and learning of semantic features encoded in text

prompts. To align ProTPS’s prompts and prototypes, we further introduced the “prompt-prototype
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contrastive loss”.

From the dataset perspective, we collect a new hierarchical dataset for continual learning, three

under-studied CIL-LT datasets, and a real-world marine species dataset, named Marine112, to

bring new challenges to the continual learning community. Marine112 is a fine-grained dataset with

long-tail distribution and is naturally suited for the class and domain incremental (CDI) learning

setting.

The proposed and collected datasets present novel real-world challenges to the continual learn-

ing community, and the proposed frameworks represent significant advancements toward achiev-

ing continual learning of object classification in real-world scenarios as demonstrated by exten-

sive experiments and ablation studies. Future work could include exploring the potential of self-

supervised and unsupervised learning techniques for continual learning, and investigating the pos-

sibility of applying similar ideas to other tasks, e.g. object detection, under continual learning

scenarios.
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