
LVP-CLIP: Revisiting CLIP for Continual Learning with Label Vector Pool

Supplementary Material

1. Ablation study on the effect of the similarity
function

The performance of various similarity functions is com-
pared in Tab. 1. The LVP-CLIP-T, based only on text em-
beddings (which corresponds to the traditional CLIP ap-
proach), is very sensitive to the choice of the similarity
function. It performs extremely poorly with L1 similar-
ity, and the cosine similarity gives much better performance
compared to L1 and L2 distances. Because of the poor
match between the text-embedding and the L1 similarity,
LVP-CLIP-IT presents a similar outcome, i.e. gives the
lowest performance with L1 similarity and favors cosine
similarity.

The LVP-CLIP-I, on the other hand, has very stable
performance under different similarity functions, with L1
slightly outperforming the other two. Since L1 is also much
easier to calculate than cosine similarity, we adopt it as
the similarity function if the labeled vector is derived from
image-embeddings. Otherwise, cosine similarity is used.

Similarity functions L1 L2 Cos

LVP-CLIP-T 0.1 65.9 73.3

LVP-CLIP-I 80.2 80.0 80.1

LVP-CLIP-IT 76.8 81.8 82.0

Table 1. Ablation study on the effect of the similarity function,
performed on CIFAR100 dataset.

2. Memory size of LVP
The memory size of the label vector pool (LVP) for each
dataset is shown in Tab. 2. We represent the size by using
different units, including the number of floating-point num-
bers and the equivalent number of images with dimensions
3x224x224 pixels. The total number of floating-point num-
bers needed to store the LVP can be calculated as P×K×D
where P is the pool size, K is the total number of classes,
and D = 768. As can be seen, even with the four datasets
combined, the memory needed for LVP is equivalent to only
13.6 frames of images (or 8.2MB).

3. Dataset without semantic labels
As discussed in our main paper, our proposed LVP enables
CLIP [5]-based classification without solely relying on text
embeddings. This is especially useful for datasets that lack
meaningful text labels, such as CORe50. As shown in

CF100 [2] IN100 [1] DN [4] CR50 [3] CF100+IN100+DN+CR50

pool size P 1 1 6 8 mixed(1,1,6,8)
total class K 100 100 345 50 595
float number 76,800 76,800 1,589,760 307,200 2,050,560

images 0.5 0.5 10.6 2.0 13.6
Bytes 0.3MB 0.3MB 6.4MB 1.2MB 8.2MB

Table 2. Memory size required for LVP in terms of floating point
numbers and the equivalent image size.

Fig. 1, CORe50 dataset has ten categories, represented by
the 10 columns. Each category includes five distinct in-
stances shown in 5 rows. Each instance is considered as
an individual class. Hence, every small image in Fig. 1 is
a unique class. These classes are labeled as o1, o2, ..., o50
with no inherent semantic meaning. Creating a set of mean-
ingful semantic labels to distinguish these instances is chal-
lenging. Therefore, classifying the images by comparing
their features to text embeddings of the labels becomes im-
practical. However, with the help of the proposed LVP, the
LVP-I embeddings can be easily generated from the training
images, facilitating accurate classification.

4. Unique advantages of LVP-CLIP

As illustrated in Fig. 2, parallel learning and retaining-free
continual learning are two unique advantages of LVP-CLIP
that most previous works cannot achieve. LVP-CLIP does
not assume that the total number of classes is known in ad-
vance, and can learn new tasks by simply concatenating the
label vector pools of each task. Moreover, since the LVPs
of each task is completely independent of other tasks, the
generation of LVPs can be processed on different machines
in parallel.

5. Cross-Task Incremental Learning

Fig. 3 shows the T-SNE visualization of the label vec-
tor pools generated during cross-task incremental learning
(CTIL). As can be seen, the LVPs for different datasets are
well-separated in the feature space, with the exception of
ImageNet100 and DomainNet datasets.

Tab. 3 provides a detailed comparison between the ideal
and actual performance of the three variants of the LVP-
CLIP for each learning task. Ideal performance is defined
as the test accuracy for each task when the four datasets
in the CTIL setting are learned and tested independently.
Entries highlighted in red indicate tasks where ideal and ac-
tual performance are closely aligned (within a difference of
0.1). As shown in Fig. 3 , the LVPs of ImageNet100 and
DomainNet are intermixed, and not well separated. This
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