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Abstract

Continual learning aims to update a model so that it
can sequentially learn new tasks without forgetting previ-
ously acquired knowledge. Recent continual learning ap-
proaches often leverage the vision-language model CLIP
for its high-dimensional feature space and cross-modality
feature matching. Traditional CLIP-based classification
methods identify the most similar text label for a test image
by comparing their embeddings. However, these methods
are sensitive to the quality of text phrases and less effective
for classes lacking meaningful text labels. In this work, we
rethink CLIP-based continual learning and introduce the
concept of Label Vector Pool (LVP). LVP replaces text la-
bels with training images as similarity references, eliminat-
ing the need for ideal text descriptions. We present three
variations of LVP and evaluate their performance on class-
and domain-incremental learning tasks. Leveraging CLIP’s
high dimensional feature space, LVP learning algorithms
are task-order invariant. The new knowledge does not mod-
ify the old knowledge, hence, there is minimum forgetting.
Different tasks can be learned independently and in parallel
with low computational and memory demands. Experimen-
tal results show that proposed LVP-based methods outper-
form the current state-of-the-art baseline by a significant
margin of 40.7%.

1. Introduction
Deep neural networks trained by using supervised learning

have achieved remarkable accuracy in classification tasks.

Their effectiveness relies on the assumption that the train-

ing data distribution fully and accurately represents the test-

ing data. However, in real-world scenarios, data samples

are often not available all at once. New classes of knowl-

edge are discovered sequentially and corresponding train-

ing data arrives in stages. Continual learning addresses this

by incrementally training a model to effectively learn new

tasks without catastrophic forgetting [21] of previously ac-
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Figure 1. Comparison with traditional CLIP-based approaches.

While traditional methods compare similarity between the en-

coded test image and text labels, our approach evaluates similarity

between image embeddings directly and makes the text encoder

play an auxiliary role when possible.

quired knowledge. Recent continual learning approaches

frequently utilize the vision-language model CLIP (Con-

trastive Language-Image Pretraining) [23] due to its high-

dimensional feature space and ability to match features

across different modalities.

CLIP bridges the gap between language and vision

through contrastive learning, enabling zero-shot classifica-

tion by matching a list of text embeddings to the test image

embedding. The primary challenge of CLIP lies in the vast

search space for the optimal text, since different text inputs

can yield highly different results. Recent research works

have focused on improving the text embedding quality. For

example, PointClip [41] leverages human knowledge and

experience to design text descriptions for point cloud data.

PointClipV2 [46] uses language models, like GPT-3 [4], to
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generate enhanced text. Methods like CoOp [45] and Co-

CoOp [44] further improve performance by incorporating

trainable parameters into the text encoder. Yet, all these ap-

proaches still classify the input image by searching for the

best matching text embedding.

L2P [36] first introduces the prompt-pool on pre-trained

ViT [8] for continual learning, leveraging trainable prompts

inside a pool to retain knowledge from different tasks. Fol-

lowing works [28, 30, 33, 35] improve L2P by either re-

designing the prompts and prompt pools or refining the

matching procedure between the prompts and embeddings.

A challenge for prompt-pool-based methods is the uncer-

tainty in the matching procedure between the test embed-

ding and the prompt key. Although various optimization ob-

jectives are designed to improve matching, there is no guar-

antee that the optimal prompt will be selected for a given

test image. If an incorrect prompt key is chosen, leading to

the selection of wrong prompts, the result is more likely to

be inaccurate, since the prompt may introduce biased in-

formation instead of providing helpful knowledge. Further-

more, as the same set of prompts is updated across different

tasks, forgetting is unavoidable.

In this work, we revisit image classification and contin-

ual learning by introducing a novel concept, referred to as

the Label Vector Pool (LVP). As shown in Fig. 1, instead of

searching for the optimal text label phrases and relying only

on their embeddings for similarity comparison, we utilize

the image embeddings generated from training images as

references. The proposed approach, utilizing LVP, enables

CLIP-based incremental learning models to reduce if not re-

move their dependency on the quality of label phrases. LVP

allows CLIP to adapt to a wide range of datasets, particu-

larly those with classes difficult to describe in text or class

names that have no semantic meaning, such as “ZIL103” or

“ZSU234”, etc. Furthermore, feature vectors from the same

modality tend to cluster more closely than those from differ-

ent modalities, leading to improved classification accuracy.

Since we use CLIP as the foundation model and lever-

age its embedding capabilities, we refer to our method as

LVP-CLIP, which is a completely different approach com-

pared to prompt-pool-based methods. Instead of construct-

ing a prompt pool that provides additional features for the

classifier, we consolidate the knowledge of each class into

a single vector and store it directly in the pool. This single

vector can be formed from training image embeddings or as

a combination of image and text embeddings. Given a test

image, we simply calculate the similarity between its em-

bedding and each vector in LVP, then select the class with

the highest similarity.

Most class-incremental and domain-incremental learn-

ing algorithms assume a known upper bound on class count,

as they rely on MLP-based classifiers with fixed output di-

mensions. In contrast, our proposed LVP-CLIP imposes

no restriction on the number of classes. Its memory cost

grows linearly at a very low rate as the number of classes in-

creases. In fact, we demonstrate its scalability by applying it

to a cross-dataset, cross-domain incremental learning task,

Cross-Task Incremental Learning (CTIL), which includes

595 classes, as discussed in detail in Sec. 5. LVP-CLIP

avoids performance degradation as the number of tasks in-

creases, since learning new information does not modify

previously stored knowledge. In other words, it treats in-

cremental learning and batch learning equivalently. As a

similarity-based approach, it simply searches for the em-

bedding vector in the feature space that is most similar to the

input vector. The high dimensionality of its feature space

provides substantial memory capacity. The main contribu-

tions of this work include the following:

• We propose the concept of Label Vector Pool (LVP) by

revisiting the classification procedure of CLIP. As a simi-

larity based approach like CLIP, the LVP uses image em-

bedding or a mixture of image and text embeddings as

references, hence is more flexible and less biased to any

one modality compared to CLIP.

• We present three variations of LVP, namely LVP-CLIP-I,

LVP-CLIP-IT and LVP-CLIP-C. We evaluate our meth-

ods in class-incremental, domain-incremental and cross-

task incremental settings and outperform SOTA methods.

• The proposed LVP-based incremental learning has orders

of magnitude lower computational complexity in learn-

ing and 2x lower inference complexity compared to base-

lines.

• The performance of LVP-based learning is scalable to

large number of tasks. We demonstrate that LVP has out-

standing memory capacity and learning capability using

an experimental setting that consists of 4 commonly used

incremental learning datasets with 595 classes.

2. Related Work
Conventional solutions for continual learning. Exist-

ing continual learning algorithms can be classified into

three categories, namely regularization-based, architecture-

based, and rehearsal-based methods. Regularization-based

methods [1, 11, 12, 17, 39, 40] set constraints on the train-

able parameters by limiting the learning rate of the im-

portant parameters for old tasks. Although these meth-

ods do not require additional memory for replay buffers

and additional model parameters, they have limited per-

formance on complex datasets. Architecture-based meth-

ods [15, 20, 26, 34, 38, 42, 43] create separate parameters

for each task to bypass catastrophic forgetting. Rehearsal-

based methods [2, 3, 5, 6, 25, 37] maintain a buffer of data

from past tasks. During the optimization for new tasks, the

model is also trained on buffered data from previous tasks

to mitigate forgetting. The performance of these methods

is limited by the buffer size, and as buffer size decreases

232



the performance declines sharply. Additionally, these meth-

ods are challenging to apply when data is private or cannot

be stored [27]. Our LVP-CLIP addresses continual learning

challenge by extracting class knowledge directly from CLIP

without relying on a rehearsal buffer.

Prompt-based continual learning. Almost all recent

works that achieved noteworthy performance in continual

learning use a prompt-based architecture. After L2P [36]

first proposed visual prompting, which constructs a prompt

pool for continual learning tasks, prompt-pool-based meth-

ods have become the main track for its great perfor-

mance. DualPrompt [35] improves the pool design with

task-invariant prompts (G-Prompt) for general knowledge

and task-specific prompts (E-Prompt) for expert knowledge.

S-Prompts [33] designs domain-specific prompts and uti-

lizes a K-NN operation as a domain identifier for inference.

AttriClip [32] adapts the prompt pool for CLIP by maintain-

ing a prompt pool for the text encoder. The prompt-pool-

based methods may suffer from the mismatching challenge,

since there is a potential to select the wrong prompt dur-

ing inference. In addition, prompts add additional computa-

tion complexity in training and inference. These challenges

do not apply to LVP. All of these recent continual learning

works rely on the pre-trained models, such as ViT [8] and

CLIP [23]. Hence, we adopt the same foundational model

for feature extraction and embedding.

3. Preliminaries
For clarity, we use ∼ and ∧ to differentiate the symbols for

training and testing sets, respectively, in the rest of the pa-

per. We use the superscripts to denote the index of classes

or tasks and the subscripts to denote the index of train-

ing/testing instances.

3.1. Continual Learning
We consider a sequence of tasks S = {S1, · · · , SM},

where M is the total number of tasks. Each task is a set,

St = {(xt
1, y

t
1), · · · , (xt

nt , ytnt)}, t ∈ [1, ...,M ], where

(xt
i, y

t
i), i ∈ [1, ..., nt], is a pair containing the input xt

i ∈ X
and its corresponding label yti ∈ Y and nt is the total num-

bers of samples. The goal of continual learning is to train

a model f(θ) : X → Y continuously over time on a set of

tasks, arriving sequentially, such that it learns the new tasks

without forgetting the old tasks.

Task-, Domain- and Class-Incremental Learning (TIL,

DIL, CIL) are the three main scenarios of continual learn-

ing. Domain-incremental learning assumes that the num-

ber and labels of classes remain consistent across tasks, and

the only difference among tasks is the distribution of the

input data. Both Task- and Class-incremental learning ad-

dress the scenario, where each task introduces a distinct set

of new classes to be learned. Task-incremental learning as-

sumes a known task identity at inference time, whereas the

class-incremental learning does not make such assumption.

3.2. CLIP
CLIP is a vision-language model trained on text-image

pairs. It consists of a text encoder gθt(·) and an image en-

coder fθi(·). Given a sentence txt and an image img ∈
R

H×W×C , the text and image embeddings are gθt(txt) =
T and fθi(img) = I respectively, where T, I ∈ R

D with D
denoting the dimension of the embeddings. Given a dataset

containing K classes, the txt is a phrase like “a photo of

a [y]”, where y ∈ [1, ...,K] is the index of the label, and

[y] denotes the class name of the label. The probability of

labeling the test image img with the class y is computed as:

p(y|img) =
exp (〈T y, I〉)

∑K
k=1 exp (〈T k, I〉) , (1)

where 〈·, ·〉 denotes the similarity function. Three com-

monly used similarity functions are L1 norm, L2 norm and

cosine similarity, denoted by 〈·, ·〉L1, 〈·, ·〉L2, 〈·, ·〉Cos, re-

spectively. To classify an image, the class with the highest

probability is chosen, i.e.

ŷ = argmax
k

p(k|img), k ∈ [1, ...,K]. (2)

4. Methodology
In this section, we first introduce a superset method, LVP,

by rethinking how CLIP can be used for classification.

Then, we design three continual learning methods utiliz-

ing LVP, namely LVP-I, LVP-IT and LVP-C. Finally, we

describe the loss functions to train these methods.

4.1. Label Vector Pool(LVP)
As discussed in Sec. 3.2, CLIP classifies an input image by

comparing the distance between the image embedding and a

list of text embeddings that represent class labels. The query

vector with unknown-ID is compared with a group of key

vectors with known IDs, and the query vector is assigned

the ID of the key vector with the highest similarity. Follow-

ing this concept, we define label/labeled vector L ∈ R
D as a

vector with known ID, such as the class or domain name, or

task ID, etc. A LVP for class k is a set of label vectors with

ID k, denoted as Lk = {Lk
1 , L

k
2 , · · · , Lk

Pk},where Lk
i ∈

R
D, i ∈ [1, .., P k], k ∈ [1, ...,K], and P is the pool size.

The similarity between an image embedding I and Lk is

computed as the maximum similarity between I and all in-

stances in Lk:

〈Lk, I〉 = max (〈Lk
1 , I〉, 〈Lk

2 , I〉, · · · , 〈Lk
Pk , I〉). (3)

The probability that a testing image img belongs to class y
can be computed as:

p(y|img) =
exp (〈Ly, I〉)

∑K
k=1 exp (〈Lk, I〉) . (4)
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Figure 2. The hypothesis is that embeddings in the same modal-

ity should be more similar to each other. The training image em-

bedding Ĩ1 is expected to be more similar to the test image em-

bedding Î1 than the text embeddings T1 and T2, i.e., 〈Î1, Ĩ1〉 >
〈Î1, T1〉, 〈Î1, Ĩ1〉 > 〈Î1, T2〉.

As can be seen, Eq. (1) is a special case of Eq. (4), where

the LVP contains only one labeled vector, which is the text

embedding of the class name, i.e., Lk = {T k}, and P k = 1.

We denote the computational complexity for classifying one

image as O, and represent it using the number of times the

similarity function is calculated, i.e., O =
∑K

k=1 P
k. If

all classes have the same pool size P , then the complexity

simplifies to O =
∑K

k=1 P
k = P ×K.

Our LVP-based approach is a general framework for

similarity-based classification and extends CLIP in two

ways: (1) the test image is no longer restricted to compari-

son with text embeddings, it can be compared with any la-

beled vectors with matching dimensions; (2) each class can

be represented by one or multiple labeled vectors, which

may be obtained from different modalities.

4.2. Motivation for Using Image LVP
The training of CLIP ensures that matching images and text

phrases will be mapped to nearby locations in the feature

space. Intuitively, we expect that embeddings of inputs

from the same modality (e.g., image-to-image or text-to-

text) will be closer to each other than those from different

modalities, as illustrated in Fig. 2. As discussed in Sec. 4.1,

the task of classification is to identify the labeled vector

most similar to the query. This raises an interesting ques-

tion: can we use image embeddings by themselves in the

LVP instead of text embeddings?

We verified this idea on CIFAR100 [14] dataset by us-

ing the embeddings of the training images as the LVP. The

experimental results are shown in Tab. 1. When 30% of the

training data is used as the LVP, the classification accuracy

already surpasses that achieved by using the text labels as

LVP. With the entire set of training data used as the LVP,

testing accuracy improves by almost 5% compared to using

text labels. Since we used CLIP as the foundation model

and leveraged its powerful embedding capability, we refer

to our approach as LVP-CLIP. The drawback of LVP-CLIP

is that the computational and memory complexity increases

10% 30% 50% 70% 100% text

P 50 150 250 350 500 1

O 5000 15000 25000 35000 50000 100

Acc. 71.0 74.8 76.1 76.9 78.2 73.3

Table 1. Testing accuracy using embeddings of the training im-

ages (columns 2-6) and label text (column 7) as the LVP on CI-

FAR100. The percentage values in the first row represent the pro-

portion of the training set included in the LVP. The second (P) and

third (O) rows show the corresponding LVP size and the computa-

tional complexity of testing a single image.

as the pool size P grows, which will be addressed next.

4.3. Designing More Efficient LVP
To address the computational and memory complexity

while maintaining performance, we propose three different

designs using LVP: (i) LVP-CLIP-I uses only image em-

beddings in the LVP, and reduces the pool size P to 1, so

that its inference complexity is the same as the zero-shot

learning while providing better accuracy; (ii) LVP-CLIP-
IT extends the LVP by combining text embeddings with im-

age embeddings; (iii) Unlike LVP-CLIP-I and LVP-CLIP-

IT, LVP-CLIP-C does not use the similarity function to

compare the test image with LVP. It trains a classifier using

information stored in LVP and applies it for classification.

The overall framework for the three variations of LVP-

CLIP is shown in Fig. 3. The traditional CLIP-based clas-

sifier compares the encoded test image with the text-

embedding of the class label. This can be considered as a

special case of LVP, where the label vector is the text em-

bedding. Therefore, we also refer to it as LVP-CLIP-T.

Reducing LVP Size (LVP-CLIP-I). As noted in Sec. 3,

using the whole training set as the LVP is effective, yet

expensive in terms of computational and memory require-

ments. If we can use only one vector in the LVP, which one

would be the best representative of the whole training set

for each class? Each image embedding Ik is a set of im-

age features, Ik = {Ek
1 , E

k
2 , · · · , Ek

D},where Ek ∈ R. We

plot the distributions of those features in the same class and

compare such distributions across different example classes

in Fig. 4. In the figure, the superscript of the features indi-

cates class index, and subscripts represent the feature index.

As can be seen, within a class, each feature roughly follows

a Gaussian distribution. Across classes, features have dif-

ferent combinations of means. Therefore, we use their mean
value as the representative label vector for each class,

Lk = { ¯̃Ik}, and
¯̃
Ik =

1

Ñk

Ñk∑

i=1

Ĩki , (5)

where Ĩki ∈ R
D is a training image embedding of class

k ∈ [1,K] and the total number of training images from
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Figure 3. Framework of LVP-CLIP. Firstly, the concept of LVP is demonstrated. Secondly, three realizations of LVP is shown as LVP-

T, LVP-I and LVP-IT. LVP-T known as zero-shot is LVP generated form the text encoder. Our proposed LVP-I is the mean of image

embeddings of each class in the training set. LVP-IT can be obtained as a combination of LVP-T and LVP-I with the task-specific trainable

paremeters α, β of each class. In addition, LVP-C is a classifier optimized on LVP.

Figure 4. Distributions of the same feature across different classes

in CIFAR100 training set. We examine the first 4 feature distribu-

tions for 3 classes, denoted as Ek
i , i ∈ [1, 4], k ∈ [1, 3]. Panels (a)

to (d) show the distributions of Ek
1 to Ek

4 for these three classes.

The vertical lines represent the mean values of each distribution.

As shown, all features approximately follow a Gaussian distribu-

tion, with different combinations of means across different classes.

text 100% LVP-I LVP-IT LVP-C

P 1 500 1 1 1

O 100 50000 100 100 -

Acc. 73.3 78.2 80.1 82.0 81.0

Table 2. Testing accuracy of different LVP-CLIP methods on CI-

FAR100. (Cosine similarity is used here.)

class k is Ñk. As shown in Tab. 2, by using the average

embedding of the whole training data in each class as the

LVP, we not only reduce the inference complexity but also

improve the performance by about 2% with LVP-CLIP-I.

Enrich Image Embedding Representation with Text
(LVP-CLIP-IT). The success of CLIP indicates that text

embeddings and image embeddings follow similar distribu-

tions and have very high correspondence. In cases, where

the distribution of training images is not similar to that of

the testing images, information from another modality, i.e.,

text, may serve as an unbiased prompt. Therefore, with

LVP-CLIP-IT, we design the LVP as a weighted combina-

tion of the text embedding and the average embedding
¯̃Ik

of the training images as follows:

Lk = {IT k}, and IT k = αk × T k + βk × ¯̃
Ik, (6)

where αk, βk ∈ R
D, are trainable vectors to balance the

text embedding and image embedding, respectively. Exper-

imental results in Tab. 2 show that combining image em-

bedding and text embedding improves the performance by

another 2% over LVP-I.

4.4. LVP with a Classifier (LVP-CLIP-C)
With LVP-CLIP-I and LVP-CLIP-IT, the embedding vec-

tors belonging to difference classes are stored, and classi-

fication is performed by comparing the distance between

the embedding of a test image against each stored labeled

vector using a similarity function. This process treats all

feature dimensions as equally important. To handle cases,

where some features should have higher importance than

others in the classification process, we build a simple linear

classifier that maps an embedding vector to a class predic-

tion, fθ(·) : RD → [0, 1]K and train it using data only from

the LVP. For a test image Î , the prediction is:

class = argmax(fθ(Î)). (7)

4.5. Optimization Objective
Among the three variations of LVP, LVP-CLIP-I has no

trainable parameters. It solely relies on the averaging of the
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embeddings of training images. LVP-CLIP-IT and LVP-

CLIP-C, on the other hand, have a small set of parameters

that are trainable.

For LVP-CLIP-IT, we set α, β as task-specific param-

eters to avoid forgetting, and use the entropy loss to train

them. Given task t ∈ [1,M ] and class kt ∈ [1,Kt], where

M and Kt are the total number of tasks and the number of

classes in task t, respectively, the loss function used to train

α and β is:

L = E[− log
exp (〈IT y, I〉)

∑Kt

kt=1 exp (〈IT kt , I〉)
], t ∈ [1, ...,M ]. (8)

For each new task, a new set of α and β will be optimized.

The parameter θ in LVP-CLIP-C is shared among all

tasks. Since it is trained using labeled vectors stored in

LVP, every time a new task is added, it will be trained again

with the current LVP. The process is similar to experience

replay. In this way, it also does not suffer from the forget-

ting. Again, entropy loss is used for the training. Given the

LVP Lk, k ∈ [1,K] of each class, the loss function can be

written as:

L = E[− log
exp (Ly)

∑K
k=1 exp (L

k)
]. (9)

4.6. Discussion on Complexity and Performance
For all three LVP variants, the size of the LVP grows as the

new tasks are learned, albeit at a very slow rate. For each

class, we only need one or a few labeled vectors based on

the difficulty and distribution of each dataset. Taking Ima-

geNet100 as an example, each labeled vector L ∈ R
D is

of size D = 768, which is only 0.5% of the size of an im-

age (3× 224× 224). Even for 100 classes, the overall size

of LVP is 76800, equivalent to the size of 0.5 images. The

same amount of memory is required to store the text embed-

dings for classes, if CLIP is used to classify input images.

Furthermore, LVP-CLIP is task-order invariant, since

each LVP is generated independently. As a result, its perfor-

mance is not affected by task order. Additionally, since new

label vectors do not modify the existing ones, LVP-CLIP

exhibits minimal forgetting. The independence of the label

vectors allows for parallel learning of different classes and

making it simple to merge multiple classes —a distinct ad-

vantage over existing approaches. Finally, the LVP pool is

not a rehearsal buffer, since it does not store raw images,

making it less vulnerable to user privacy leakage.

5. Experiments
We evaluate LVP-CLIP in three experiment settings: (i)

class-incremental learning (CIL), (ii) domain-incremental

learning (DIL), and (iii) cross-tasks incremental learning

(CTIL). We compare LVP-CLIP with the SOTA methods

across various categories under commensurate experimen-

tal settings. Additionally, we perform extensive ablation

studies to gain deeper insights into our approach.

Implementation details. We use frozen text and image

encoders throughout the experiments. For the image en-

coder, ViT-L/14 [23] is used as the backbone in all experi-

ments. While most CLIP-based works use cosine similarity

to calculate the distance between two embeddings, we have

found that L1 distance works better for image-image em-

beddings and is much simpler. Therefore, we use L1 simi-

larity for LVP-CLIP-I, and cosine similarity for LVP-CLIP-

IT. The parameter α in LVP-CLIP-IT is initialized to 0.5 for

all datasets while β is consistently initialized to 1. We use

SGD as the optimizer to train α and β, with a learning rate

of 0.0001.

For LVP-CLIP-C, the classifier is trained using labeled

vectors from LVP-IT, except for datasets Core50 where no

semantically unique labels are provided, and thus, LVP-I

vectors are used. The classifier is trained with the ADAM

optimizer, using a learning rate of 0.01. Training is stopped

when the loss reaches approximately 0.1-0.05. None of the

three proposed variants of LVP-CLIP requires knowledge

of the total number of classes in advance.

For the CIL experiments, we generate one label vector

for each class, therefore, P k = 1, k ∈ [1, ...,K]. For the

DIL experiments, we generate a label vector for each do-

main in a class. Thus P k equals to the number of domains.

An upper-bound of classification accuracy is obtained

for each experiment by assuming that all training data were

available upfront and a classifier is trained based on the

complete dataset by using features extracted by the CLIP

image encoder.

We use average testing accuracy (higher is better) as our

metric [19]. After all tasks are learned, the overall accuracy

is calculated by averaging the accuracy of each task. In all

the experiments except CTIL, the testing data for different

tasks is of equal size, ensuring that the average test accuracy

is not biased toward any specific task.

5.1. Class Incremental Learning
We first evaluate our method on two popular 2D image

datasets namely CIFAR100 [14] and ImageNet100 [7]. Fol-

lowing the setup in [32], we select 100 classes from the orig-

inal ImageNet. Both CIFAR100 and ImageNet100 are di-

vided into 10 tasks, with each task consisting of 10 classes.

We compare our methods with two rehearsal-based

methods, iCaRL [24] and ARI [31], and three CLIP-

based methods, CoOp [45], Continual-CLIP [29] and At-

triCLIP [32]. For a fair comparison, all methods are imple-

mented using ViT-L [8], except for iCaRL and ARI, which

are implemented with ResNet [10].

In Tab. 3, the best and 2nd-best performances are shown

in bold and with underline, respectively. For ImageNet100,
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all variants of LVP-CLIP outperform other CLIP-based

and experience-replay methods with significant margins.

Specifically, LVP-CLIP-IT and LVP-CLIP-C provide 9.2%

and 9.3% improvement, respectively, over the best perform-

ing CLIP-based method AttriCLIP. On CIFAR100, LVP-

CLIP-IT has 0.6% higher accuracy than AttriCLIP.

Method Buffer size CIFAR100 [14] ImageNet100 [7]

iCaRL [24] 20/class 49.5* 59.5*

ARI [31] 20/class 80.9* 79.3*

CoOp [45] 10/class 67.6* 79.3*

Cont.-CLIP [29] 0 66.7* 75.4*

AttriCLIP [32] 0 81.4* 83.3*

LVP-CLIP-I 0 80.2 91.8

LVP-CLIP-IT 0 82.0 92.5

LVP-CLIP-C 0 81.1 92.6

Upper-bound - 86.5 96.0

Table 3. Testing accuracy on CIFAR100 and ImageNet100. Data

with * is obtained from [32].

5.2. Domain Incremental Learning
For these experiments, we use two popular public datasets,

namely DomainNet [22] and CORe50 [18]. DomainNet in-

cludes objects from 345 classes. Each object is represented

by images spanning six domains: clipart, infograph, paint-

ing, quickdraw, real-world and sketch. Each domain has its

own dedicated training and testing datasets. Therefore, it

has 6 training tasks and 6 testing tasks.

The CORe50 dataset, on the other hand, consists of 50

classes across 11 domains. Of these, 8 domains are used for

training data, presented sequentially one at a time as 8 tasks,

while 3 domains are reserved for testing. Importantly, the

testing domains are not part of the training process, making

CORe50 also suitable as a domain adaptation dataset.

The performance is measured as the average accuracy

over all testing domains. For every class, we generate a

label vector for each trained domain, resulting an LVP of

size 6 for DomainNet and 8 for CORe50.

We compare our method with two regularization-based

approaches, EWC [13] and LwF [16], a rehearsal-based

method, ER [9], and two prompt-pool-based methods,

L2P [36] and S-Prompts [33]. For fair comparison, all

methods are implemented with ViT-L [8]. As seen in Tab. 4,

for both DomainNet and CORe50 datasets, the variants of

LVP-CLIP provide the top and second-best performances

outperforming all the baselines.

5.3. Cross-Task Incremental Learning
We present the Cross-Task Incremental Learning (CTIL)

experimental setting, which uses an ID-UNKNOWN multi-

dataset for task-incremental learning. Here, a task refers

to the unit for continual learning, encompassing both

class-incremental and domain-incremental learning across

dataset. Our motivation is to show how well a method

Method Buffer size DomainNet [22] CORe50 [18]

EWC [13] 0 60.0 75.8

LwF [16] 0 61.4 77.6

ER [9] 50/class 64.3 79.5

L2P [36] 0 67.6 79.7

S-Prompts [33] 0 69.7 85.2

LVP-CLIP-I 0 70.1 86.1

LVP-CLIP-IT 0 70.9 -

LVP-CLIP-C 0 68.6 89.6

Upper-bound - 75.9 99.0

Table 4. Testing accuracy on DomainNet and CORe50 datasets.

There is not LVP-CLIP-IT result for CORe50 because the dataset

does not have differentiable text labels for different classes.

can perform in a more realistic setting to continuously

learn new tasks. CTIL presents a significant challenge

in continual learning, as it requires a model to perform

both CIL and DIL. We conduct experiments on a four-

dataset CTIL benchmark, which combines CIFAR100, Im-

ageNet100, DomainNet and Core50, resulting in a total of

595 (100+100+345+50) distinct object classes, divided into

34 (10+10+6+8) training tasks and 29 (10+10+6+3) testing

tasks. The 34 training tasks are processed sequentially in a

random order.

Since this setting is too challenging for most of the

existing incremental learning frameworks, we chose only

L2P [36] and DualPrompt [35] as the baseline methods for

comparison. We also present the performance of our meth-

ods and the baselines on each individual dataset. In the

second-to-last column of Tab. 5, we show the “Ideal” per-

formance of each technique in the combined dataset. This

is calculated as the weighted average of their accuracies on

individual datasets, adjusted by the number of test samples

in each. For example, the “Ideal” score for LVP-CLIP-I is

calculated as (80.2∗10+91.8∗10+70.1∗6+86.1∗3)/(10+
10 + 6 + 3) = 82.7. The Difference between the Ideal and

the actual accuracy is shown in the last column. As a refer-

ence, the upper-bound of the classification accuracy is also

provided, which is obtained by training a classifier using all

the training data with a ViT-L backbone.

It is not surprising that the actual accuracy is consistently

lower than the ideal accuracy. This is due to two main rea-

sons: (i) as the number of classes grows, their separation

in the feature space diminishes, making it harder to distin-

guish them; and (ii) as tasks are trained sequentially, earlier

tasks are increasingly susceptible to forgetting. Since LVP-

CLIP-I does not modify previously learned knowledge, it

largely avoids forgetting. The 1.8% drop in accuracy is

mainly due to more congested feature distributions. LVP-

CLIP-C shows a slightly higher degradation (4.0%), likely

because its simple linear classifier does not work well in

a congested feature space. Overall, the LVP-CLIP-based

approaches closely approximate the ideal performance, in-

dicating that the object classes in these four datasets remain

237



Method CIFAR100 ImageNet100 DomainNet CORe50 CF100 + IN100 + DN + CR50 Ideal Difference

Tasks train/test 10/10 10/10 6/6 8/3 34/29 - -

L2P [36] 88.3 82.3 67.6 79.7 37.4 81.1 -43.7

DualPrompt [35] 86.5 85.4 71.8 84.3 40.3 82.9 -42.6

LVP-CLIP-I 80.2 91.8 70.1 86.1 80.9 82.7 -1.8

LVP-CLIP-IT 82.0 92.5 70.9 - 81.0 83.7 -2.7

LVP-CLIP-C 81.1 92.6 68.6 89.6 79.4 83.4 -4.0

Upper-bound 86.5 96.0 75.9 99.0 87.1 88.9 -1.8

Table 5. Testing accuracy on CIFAR100 + ImageNet100 + DomainNet + CORe50. Bold is the best and underline is the second best.

separable in the high-dimensional feature space. This also

indicates that the significant 42% accuracy drop observed in

L2P and DualPrompt is primarily attributed to forgetting.

Although prompt-pool-based approaches show slightly

better performance on certain datasets (e.g., CIFAR100 and

DomainNet), they greatly suffere from forgetting as the

number of classes increases. Moreover, DualPrompt and

L2P require roughly twice as much computation at infer-

ence compared to LVP-CLIP. In addition, LVP-CLIP-based

learning only requires forward propagation, whereas L2P

and DualPrompt rely on backpropagation, making LVP-

CLIP far more efficient in terms of learning complexity.

5.4. Ablation Studies

Ablation studies are conducted to assess the effect of vari-

ous design variables on performance. All studies were per-

formed on CIFAR100.

Text Prompt Quality. The impact of different text

prompts is shown in Tab. 6. Here, we use LVP-CLIP-T to

represent the traditional CLIP-based classification, where

the text (T) embedding serves as the label vector for simi-

larity. Two slightly different text phases are used for LVP-

CLIP-IT and LVP-CLIP-T and their performances are com-

pared. As can be seen, tradiational CLIP is highly sensitive

to text prompt quality, making it essential to optimize the

prompt. However, the proposed LVP-CLIP-IT is less sus-

ceptible to the text quality, since it uses text as supplemen-

tary information alongside image features.

Text “[cls]” “a photo of a [cls]”

LVP-CLIP-T 65.9 73.3

LVP-CLIP-IT 81.3 82.0

Table 6. Ablation study on the impact of text prompt qualities.

Initialization of α. The performance of LVP-CLIP-IT is

sensitive to the initial value of α as shown in Tab. 7. It is a

good practice to set α to 0.5 when text quality is good, and

decrease it as text quality declines.

Initialization of α 0.1 0.3 0.5 0.7 1.0

LVP-CLIP-IT 80.9 81.6 82.0 81.9 81.7

Table 7. Ablation study on the impact of α’s initial value.

Training dataset size. The effect of training dataset size

on LVP-CLIP is shown in Tab. 8. Since the labeled vector

is the average embedding of the training images, a larger

training set generally improves the label vector’s approxi-

mation of the distribution mean, provided the data is ran-

domly sampled. However, it appears that around 150 train-

ing images sufficient to obtain a relatively good estimation

of the mean. As expected, with a small number of training

images, the LVP-CLIP-IT significantly outperforms LVP-

CLIP-I and LVP-CLIP-C, due to the additional information

provided by the text embedding. For more experimental re-

sults and analysis, please refer to the Suppl. file.

# of training set 1% 3% 5% 10% 30% 50% 100%

train data/class 5 15 25 50 150 250 500

LVP-CLIP-I 66.2 74.9 77.3 78.8 80.0 79.9 80.2
LVP-CLIP-IT 74.2 79.3 80.3 81.0 81.7 81.8 82.0
LVP-CLIP-C 67.3 75.5 77.8 79.6 80.8 81.1 81.1

Table 8. Ablation result of the # of training images on CIFAR100.

6. Limitations

As our proposed LVP-CLIP does not introduce additional

parameters into the feature extraction process, the quality

of LVP depends on the performance of the pre-trained mod-

els. We plan to address this limitation in future work by

developing methods or algorithms that optimize pre-trained

models through our proposed LVP, maintaining their robust-

ness while also adapting them to newly learned classes.

7. Conclusion

In this paper, we have introduced a novel concept, the La-

bel Vector Pool (LVP), which enables incremental learning

without forgetting by harnessing the powerful feature ex-

traction and encoding capabilities of CLIP. LVP blurs the

distinction between batch learning and incremental learn-

ing, since it does not modify the learned model to accom-

modate new knowledge. This approach offers a highly cost-

effective solution for incremental learning. It provides sev-

eral times the memory capacity of traditional methods and

superb scalability to large dataset. It significantly outper-

forms the SOTA approach in cross-dataset mixed class- and

domain-incremental learning settings with 595 classes.
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