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Abstract

Recent advancements in prompt-based learning have signif-
icantly advanced image and video class-incremental learn-
ing. However, the prompts learned by these methods often
fail to capture the diverse and informative characteristics of
videos, and struggle to generalize effectively to future tasks
and classes. To address these challenges, this paper pro-
poses modeling the distribution of space-time prompts con-
ditioned on the input video using a diffusion model. This
generative approach allows the proposed model to natu-
rally handle the diverse characteristics of videos, leading
to more robust prompt learning and enhanced generaliza-
tion capabilities. Additionally, we develop a simple yet ef-
fective mechanism to transfer the token relationship model-
ing capabilities of pre-trained image transformers to spatio-
temporal modeling in videos. Our approach has been
thoroughly evaluated across four established benchmarks,
showing remarkable improvements over existing state-of-
the-art methods in video class-incremental learning. Code
is available at https://github.com/Renovamen/
CoSTEP.

1. Introduction
Recent studies [2, 33, 37, 45] have significantly advanced
the performance of video understanding. Despite these
advancements, integrating new data streams into exist-
ing models remains challenging, particularly when these
streams introduce significant distribution shifts. This is-
sue mainly stems from models overfitting to recent training
data, leading to the forgetting of previously seen classes,
which is named catastrophic forgetting [1, 27, 76]. While
retraining models with a combined dataset of old and new
data streams is a straightforward solution, it faces practi-
cal limitations such as memory constraints and privacy is-
sues [48, 60, 71], which restrict access to comprehensive
historical data. To address these limitations, Video Class-
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Incremental Learning (VCIL) [44, 46, 47, 60, 61] aims to
enable models to adapt to new tasks while retaining previ-
ous knowledge without using task identifiers during testing,
thereby mitigating catastrophic forgetting.

In Class-Incremental Learning (CIL), a common ap-
proach is the use of a rehearsal buffer [3, 46, 49], which
stores selected samples from past data for use with future
tasks. However, its efficacy heavily relies on the buffer
size, with smaller buffers causing significant performance
drops, and explicitly storing past data raises privacy con-
cerns. To overcome these limitations, recent studies in
both image [65–67] and video domains [47, 61] have in-
vestigated encoding prior knowledge into pools of learn-
able prompts. These methods use a key-query mechanism
that dynamically selects an appropriate prompt from the
pool based on the input features, as shown in Figure 1 (a).
While promising, the pool-based paradigm faces notable
challenges. Firstly, as the number of tasks grows, it be-
comes necessary to expand the prompt pool to retain previ-
ous knowledge, which requires more memory [22]. More-
over, it impairs the model’s adaptability to new tasks, an
issue that persists even with an enlarged prompt pool [54].
This issue arises from prompts being vastly outnumbered by
data instances. As a result, each prompt must broadly rep-
resent a group of samples, restricting its ability to address
individual instances [22].

In response, as depicted in Figure 1 (b), several studies
in the image domain have shifted from a fixed-sized prompt
pool to using a learnable prompt generator [22, 54, 57].
These approaches generate a prompt for each instance, en-
hancing the expressiveness of the prompts and improv-
ing plasticity. However, they remain ineffective for video
tasks due to the spatio-temporal complexity of videos, ne-
cessitating a new perspective to enhance learning capacity.
These approaches, aligned with deterministic prompt learn-
ing [73, 74], often lead to suboptimal diversity and general-
izability of prompts [7, 38, 75], issues that are more severe
in the video domain. They struggle to produce prompts
that are diverse enough to handle the wide variability in
video representations, as videos can differ significantly in

This CVPR paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;

the final published version of the proceedings is available on IEEE Xplore.

4862



Key Value

Prompt Pool Prompt Candidates (Optional)

Prompt 

(a) L2P, DualPrompt, ST-Prompt (b) CODA-Prompt, APG, DAP (c) Ours

Prompt 

Prompt Distribution  

Prompt 
Sample

Query 

Query Query 
Trainable

Frozen

  Model Prompt Generator

Distribution
Estimator

  Model  Model

Figure 1. Previous prompt-based CIL approaches typically operate in a deterministic manner. They either (a) learn a pool of key-value
pairs from which learnable prompts are selected or (b) generate prompts using a learnable prompt generator. Our approach (c) models
the distribution p(P|Ê) of prompts conditioned on input features Ê during training and samples a prompt P for each input from this
distribution during inference.

both spatial and temporal aspects even within the same cat-
egory. Additionally, the prompt learner tends to overfit to
current tasks, which reduces its ability to transfer knowl-
edge to new, unseen classes in future tasks. This is par-
ticularly problematic in VCIL, where learning video clas-
sification from scratch poses a greater challenge than with
images, making knowledge transfer especially crucial.

Moreover, video tasks often require capturing critical
spatio-temporal dynamics within specific patches across
frames against static backgrounds. However, prevalent ap-
proaches [46, 47, 60, 61] often rely on operations applied
directly to global feature vectors of sampled frames to gen-
erate video representations. These methods overlook the re-
lationships between local patches across frames, potentially
limiting their ability to fully capture detailed video features
[77]. This prompts us to explore a more effective way to
generate suitable video representations.

To this end, this paper proposes learning a COnditional
Space-TimE Prompt distribution (CoSTEP) for VCIL, as
depicted in Figure 1 (c). CoSTEP innovates by directly
modeling the complex distribution of space-time prompts,
conditioned on the input video during training, using a
diffusion-based generative approach [11, 18, 63]. During
inference, it generates a space-time prompt for each video
from random Gaussian noise through a gradual diffusion
process. This approach precisely captures the underlying
prompt distribution and can sample a prompt tailored to the
specific video input from the learned distribution, providing
more nuanced guidance to the model. Additionally, it nat-
urally injects noise during prompt learning, which encour-
ages the model to learn diverse and informative prompts that
are dispersed throughout the prompt space for each incre-
mental task. As a result, it reduces overfitting to the current
task and enhances generalization to future tasks, thereby

improving overall performance. Moreover, to capture rich
spatio-temporal dynamics, CoSTEP employs a simple yet
effective method to prompt the pre-trained Vision Trans-
former (ViT) [9] to infer relationships among local patches
across frames. This incurs minimal computational cost and
introduces no additional parameters, alleviating concerns
about catastrophic forgetting in the temporal module.

Our main contributions are: (1) We introduce CoSTEP, a
method that models the conditional distribution of prompts,
enabling the generation of diverse and informative prompts
for each video and improving generalization to new tasks.
(2) We propose a simple yet effective prompting strat-
egy that utilizes pre-trained image transformers to capture
spatio-temporal relationships in videos. (3) We conduct
a comprehensive evaluation of CoSTEP across four VCIL
benchmarks, where our method achieves state-of-the-art
(SoTA) performance on all.

2. Related Work
Image Continual Learning. Continual Learning (CL)
has been extensively studied in the image domain.
Previously, existing approaches can be grouped into
regularization-based methods, exemplar-based methods,
and architecture-based methods [40, 58]. For more de-
tailed discussions on these methods, see Appendix 6. Re-
cent years have seen an increasing trend in CL research
focusing on prompting and pre-trained Vision Transform-
ers (ViTs) [25, 54, 65–67, 72]. L2P [67] first introduces
the concept of tuning a frozen ViT backbone for CL tasks
using a prompt pool. DualPrompt [66] further developes
this by learning task-invariant and task-specific prompts, re-
spectively. However, the flexibility and learning capabil-
ity of these approaches are limited by a fixed-sized prompt
pool. To enhance this, approaches like CODA-Prompt [54],
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DAP [22], and APG [57] use a learnable prompt genera-
tor that dynamically creates prompts from image features
or patches, with some also incorporating a list of prompt
candidates as additional input. In contrast, we capture the
distribution in prompt space conditioned on the input, lead-
ing to improved generalization on new tasks and enhanced
performance.

Video Continual Learning. CL in the video domain has
recently gained attention [5, 6, 12, 24, 30, 31, 70]. TCD
[44] computes time-channel importance for weighted distil-
lation, vCLIMB [60] emphasizes temporal-consistency reg-
ularization in untrimmed videos. FrameMaker [46] learns
to condense frames for representative videos of old classes
to enhance memory efficiency. STSP [6] employs a spatial-
temporal subspace projection method. Recently, PIVOT
[61] and ST-Prompt [47] adapt prompt-based CL meth-
ods to the video domain, designing spatial and temporal
prompts specifically for temporal modeling. However, their
reliance on selecting prompts from a fixed-size pool reduces
flexibility. Furthermore, these methods ignore the relation-
ships between local patches across frames.

Prompt Learning. Prompt learning, widely used in nat-
ural language processing (NLP) [34], has inspired similar
approaches in computer vision. VPT [21] explores prompt-
ing in pretrained vision models by learning a continuous
prompt to minimize classification loss in downstream tasks.
CoOp [74] and CoCoOp [73] optimizes prompts for vision-
language models like CLIP [48]. Although effective, deter-
ministic prompt learners often struggle with with diversity
and generalizability. To overcome these limitations, recent
studies have begun exploring probabilistic prompt learning
[7, 29, 35, 38]. However, these probabilistic methods often
assume that the distribution of prompts or embeddings is
simple, which is unsuitable for video tasks where the space-
time prompt space is complex and not easily approximated
by simple distributions. Consequently, we utilize a diffu-
sion model, a more sophisticated generative model, to more
accurately capture the prompt distribution.

3. Method
3.1. Problem Setting
In Video Class-Incremental Learning (VCIL), tasks are
presented sequentially as {T 1

, T 2
, . . . , T K}, where each

task T k is associated with a unique dataset Dk =
{(V k

i
, y

k

i
), yk

i
2 Lk}. This dataset comprises video in-

stances V k

i
paired with their corresponding labels yk

i
. The

labels in task k belong to a predefined label set Lk and do
not appear in previous tasks. Our primary goal is to develop
a unified model that can accurately classify videos across

all encountered classes. This necessitating the model’s abil-
ity to prevent the loss of historical information, known as
catastrophic forgetting.

3.2. Overview
We employ the prompt tuning paradigm [21] using a pre-
trained Vision Transformer (ViT), which remains frozen
and acts as a feature extractor. Traditional prompt learning
optimizes a deterministic prompt P = [p1,p2, . . . ,pNp ],
where each pj is a vector in R1⇥D, with Np representing
the sequence length and D the embedding dimension (refer
to Appendix 8 for details). These prompts are appended to
the patch embedding and inputted into the frozen backbone.
Different from them, we model the prompt space as a condi-
tional distribution, defining a distribution p(P|Ê) over the
prompts, conditioned on the input video feature Ê. Details
on obtaining Ê will be discussed later. The learning objec-
tive for task T k is then formulated as

`classification = E
V

k
i ,y

k
i


�logEP⇠p(P|Ê)

h
p(yk

i
| V k

i
, g�,P)

i�
,

(1)
where g� is a trainable classifier parameterized by �. In

our method, p(P|Ê) is parameterized by a diffusion model.
Given the complexity of solving Equation 1, we use a dual-
phase training approach for each task T k, as shown in Fig-
ure 2 left. Initially, we focus on optimizing a task-specific
space-time prompt Pk using a novel spatio-temporal mod-
eling technique (Section 3.3). This prompt acts as a pseudo
reconstruction target to regularize the training of the diffu-
sion model in the second phase. During this phase, we train
a diffusion model [18] to solve Equation 1 and model the
distribution within the prompt space (Section 3.4). During
inference, as illustrated in Figure 2 right, we iteratively gen-
erate instance-level prompts from random Gaussian noise,
which then guide the pre-trained ViT to make the final pre-
diction. We also detail the training and inference algorithm
in Appendix 7.

3.3. Space-Time Prompt Learning
Pre-trained image models inherently lack the ability to pro-
cess temporal context across frames. To address this limita-
tion in optimizing Pk, previous prompt-based VCIL meth-
ods [47, 61] have have utilized mean pooling or a tempo-
ral transformer to process all global frame features. Yet,
these approaches often neglect the interactions among local
patches across frames, crucial for video transformers [37] to
capture strong temporal contexts effectively. To overcome
this, as illustrated on the right side of Figure 3, we intro-
duce a frame grid to train prompts that effectively capture
both spatial and temporal contexts. This method is straight-
forward yet effective, approaching temporal modeling in a
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Figure 3. Illustration of the different components within CoSTEP. Initially, a pre-trained ViT is employed to encode the spatio-temporal
information from a video clip into an embedding. This embedding subsequently serves as the condition for generating prompts. Finally,
the generated prompts are integrated with the video input to assist in making predictions.

manner akin to spatial modeling and eliminating the need
for additional complex modules for temporal analysis.

In our model’s prompt learning process for task T k, we
start by sampling Nsp frames for spatial context and Ntp

frames for temporal context from a video. Since tempo-
ral information requires modeling over consecutive frames,
we typically sample more frames (Ntp) than for spatial
context (Nsp). Also, pixel-level detail in each frame is
less crucial for modeling temporal information, allowing
us to downscale temporal frames to reduce computational
costs. Specifically, we down-sample each temporal frame
by a scaling factor of N

1/2
tp

, resulting in frames of size
[ W

N
1/2
tp

⇥ H

N
1/2
tp

]. These frames are then stacked in tempo-

ral order to form a grid matching the original frame size
[W ⇥ H]. Using Pk, the pre-trained ViT extracts features
from this frame grid, etp, serving as the video’s temporal

representation. Similarly, Pk extracts features from each
spatial frame, generating a spatial representation esp

i
for

each frame. The video representation E = [esp, etp] is
then formed, where esp is the average of all spatial features
{esp1 , esp2 , . . . , esp

Nsp
}, and both esp

i
and etp are vectors in

R1⇥De , with De representing the dimension of the output
feature. Finally, E is used in a classifier to compute the
classification loss `stage-1.

3.4. Prompt Diffusion

We use a diffusion-based generative framework [18] to
solve Equation 1 and model the distribution in the prompt
space. Once the distribution is learned, we generate a
prompt tailored to each input video from it. For clarity, we
omit the symbol k in this section. Unless stated otherwise,
this refers to scenarios within the incremental task T k.
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Video features as guided conditions. We aim to model
the probabilistic distribution based on the input video clip
Vi. Accurate spatio-temporal encoding of the video is cru-
cial for the diffusion model to effectively capture this distri-
bution. Therefore, we follow the procedure in Section 3.3
to extract video embeddings Ê = [êsp, êtp] using a frozen
pre-trained ViT, but without prompting.

Training. We use a denoising diffusion probabilistic
model to approximate the data distribution p(P0|Ê). This
model aims to progressively reconstruct P0 to closely
match P by iteratively refining random Gaussian noise
PT ⇠ N (0, I), which has the same dimensions as P. T de-
notes the number of diffusion steps. The forward diffusion
process, q(Pt|Pt�1), is a Markov chain that incrementally
adds Gaussian noise to each step t, starting from a clean
tensor P0 = P drawn from q(P0). The forward diffusion
process is described as follows:

q(Pt|P0) =
TY

t=1

q(Pt|Pt�1),

where q(Pt|Pt�1) = N (Pt;
p
1� �tPt�1,�tI).

(2)

Here {�}T
t=0 is a pre-defined variance schedule. By

defining ↵̄t =
Q

t

s=1(1 � �t), the forward diffused sample
at time step t, denoted as Pt, can be generated in a single
step as follows:

Pt =
p
↵̄tP0 +

p
1� ↵̄t✏, where ✏ ⇠ N (0, I). (3)

During training, the diffusion model selects a diffusion
step t from the range [1, T ] and computes Pt as per Equa-
tion 3. It then uses a trainable U-Net model to determine
✏✓(Pt, Ê, t) and computes the reconstruction loss for step t

as follows:

`diffusion = EP0,Ê,✏,t

h
kP0 � ✏✓(

p
↵̄tP0 +

p
1� ↵̄t✏, Ê, t)k2

i
.

(4)
Pt is treated as a sample from the distribution p(P|Ê)

and used to prompt the pre-trained ViT for calculating
`classification in Equation 1. Although typically, the expec-
tation in `classification requires multiple Monte Carlo sam-
plings, we found that using just one sample can achieve
SoTA performance. Thus, for efficiency, we only use one
sample in this process. However, using more Monte Carlo
samplings can further improve performance; see Appendix
12 for details. The final objective is defined as `stage-2 =
`diffusion + `classification .

Given that the diffusion model is parameterized by ✓, it
could be prone to catastrophic forgetting during training. To

address this for the current kth task, we retain the prompts
{Pi}k�1

i=1 from previous tasks and a limited set of video
representations {Êi}m

i=1, where m is the number of stored
representations. The model trains on the current task data
alongside these stored elements to reduce forgetting. No-
tably, storing complete videos or specific frames isn’t nec-
essary; a single global representation per video is sufficient.
This method significantly reduces memory use and privacy
risks, as storing one vector per video occupies much less
space than retaining raw video segments, and deep feature
space outputs are less likely to expose private information
than raw data.

Inference. After training, the diffusion model can gener-
ate P0 by iteratively denoising, starting from random Gaus-
sian noise. At each step, to sample from p✓(Pt�1|Pt), the
model performs the following calculation:

Pt�1 =
1

p
↵t

✓
Pt �

1� ↵tp
1� ↵̄t

✏✓(Pt, Ê, t)

◆
+ �t✏. (5)

For more details, refer to Appendix 9. Finally, we use
P0, which is intended to approximate P, as a prompt for
the pre-trained ViT.

4. Experiments
4.1. Experiment setup
Datasets and Evaluation Protocol. We assess our
method using the standard action recognition datasets:
UCF101 [55], HMDB51 [28], and Something-Something
V2 [16], following the VCIL benchmarks from TCD [44]
and vCLIMB [60]. For UCF101, we adopt two different se-
tups: one where classes are introduced sequentially in 10 or
20 tasks, and another where the model first learns 51 classes
and then trains on the remaining 50 classes divided into 5,
10, or 25 tasks. For HMDB51, the base model is trained on
26 classes, with the remaining classes divided into 5 or 25
tasks. For Something-Something V2, training begins with
84 classes, followed by 9 incremental tasks of 10 classes or
18 tasks of 5 classes. Performance is evaluated across all
seen classes, measuring average accuracy (Acc) and back-
ward forgetting (BWF), with metric details in Appendix 10.

Implementation Details. Our approach utilizes CLIP
ViT-B/16 [48], a visual-language model pre-trained on nu-
merous image-text pairs. We train our model with a batch
size of 50, through 20 epochs in the first stage and an ad-
ditional 20 in the second stage. From each video, we uni-
formly sample Nsp = 8 and Ntp = 25 frames and use a
prompt length of 6. The number m of stored video repre-
sentation vectors from previous tasks is set at 20 vectors per
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Table 1. Comparison with existing VCIL approaches on UCF101, HMDB51 and Something-Something v2 (using TCD [44]’s split) with
average accuracy (Acc) reported.

Methods UCF101 HMDB51 SSv2
5 tasks 10 tasks 25 tasks 5 tasks 25 tasks 9 tasks 18 tasks

iCaRL [49] 70.58 69.51 67.28 43.90 37.15 20.41 16.62
UCIR [19] 77.55 74.59 71.77 48.20 39.42 24.32 19.31
PODNet [10] 76.50 76.17 73.83 48.38 43.35 27.63 20.14
TCD [44] 78.13 76.87 75.74 50.29 44.04 29.32 24.69
FrameMaker [46] 79.37 79.55 79.32 51.43 46.37 31.41 26.57
L2P [67] 81.24 80.09 78.58 49.98 45.87 26.02 21.33
HCE [31] 80.01 78.81 77.62 52.01 48.94 36.88 32.82

CLIP ViT-B/16

CLIP (Zero Shot) [48] 69.68 69.61 69.87 40.19 40.42 3.56 3.57
S-Prompts [65] 80.60 80.27 80.43 53.11 53.89 33.69 30.84
ST-Prompt [47] 84.75 85.54 85.67 60.14 60.54 39.98 35.44

CoSTEP (Ours) 86.05 86.71 86.95 61.70 61.84 41.44 36.60

Table 2. Comparison with existing VCIL approaches on UCF101
(using vCLIMB [60]’s split).

Methods 10 tasks 20 tasks
Acc (") BWF (#) Acc (") BWF (#)

EWC [27] 9.51 98.94 4.71 92.12
MAS [1] 10.89 11.11 5.90 5.31
BiC [68] 78.16 18.49 70.69 24.90
iCaRL [49] 80.97 18.11 76.59 21.83

CLIP ViT-B/16

CLIP (ZS) [48] 65.73 11.4 65.38 12.35
PIVOT [61] 93.36 4.47 93.07 3.89

CoSTEP (Ours) 96.51 1.99 95.47 2.55

class. For further details on implementation and efficiency
discussions, refer to Appendices 11 and 12.

4.2. Main Results
Our novel approach, CoSTEP, was benchmarked against
existing VCIL approaches across four distinct datasets,
as detailed in Tables 1 and 2. CoSTEP outperforms
other prompt-based VCIL methods like ST-Prompt [47]
and PIVOT [61] that use CLIP, achieving higher aver-
age accuracy across all datasets. This success demon-
strates CoSTEP’s effective capture of the complex space-
time prompt distribution and its ability to generate use-
ful instance-level prompts. Furthermore, CoSTEP ex-
cels in minimizing forgetting. This advantage can be at-

Table 3. Benefit of prompt diffusion over other prompt learning
methods.

UCF101 HMDB51
Task-agnostic 74.98 48.77
L2P [67] 89.61 56.49
CODA-Prompt [54] 92.07 55.58
DAP [22] 85.38 52.58

N (0, I) 58.37 34.93
N (µ(P),⌃(P)) 75.92 44.45

BPT [7] 93.93 58.83
VAE [26] 95.18 58.38
GAN [14] 92.32 58.05

CoSTEP (Ours) 96.51 61.70

tributed to CoSTEP’s strategy of encoding previous knowl-
edge within a diffusion model rather than a prompt pool,
which enhances capacity and stability. We highlight that
ST-Prompt uses soft prompts for both CLIP vision and
text encoders, significantly boosting performance through
text prompts [47]. Although we follow the standard CIL
pipeline [54, 67] of adding prompts only to the vision en-
coder, we still outperform ST-Prompt.

4.3. Ablation Studies
In this section, we perform ablation studies to assess
the characteristics and performance of our core design
elements, using the UCF101 dataset with 10 tasks and
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Table 4. Ablation study on the objective function in the second
training stage.

`diffusion `classification UCF101 HMDB51

! % 49.54 33.53
% ! 92.80 54.34

! ! 96.51 61.70

HMDB51 with 5 tasks, unless noted otherwise. For addi-
tional ablation studies, please see Appendix 12.

Benefit of prompt diffusion. To assess the effective-
ness of our diffusion-based prompt distribution learning,
we compare two categories of methods: (1) Determinis-
tic methods, including Task-agnostic, which tunes a
single set of prompts sequentially for all tasks; L2P [67],
which selects prompts from a pool for each input using
key-value pairs; CODA-Prompt [54], creating prompts by
combining prompt components based on input-conditioned
weights; and DAP [22], generating prompts from a network
based on input features. (2) Probabilistic methods, involv-
ing sampling a prompt from a normal distribution N (0, I)
or N (µ(P),⌃(P)), where µ(P) and ⌃(P) are the mean
and covariance matrix computed from P = {Pk}K

k=1. Ad-
ditionally, we explore replacing our diffusion model with
Bayesian Prompt Learning (BPT) [7], Variational Autoen-
coder (VAE) [26], and Generative Adversarial Network
(GAN) [14]. Note that for methods unable to utilize stored
video representation vectors to counter forgetting, we in-
stead store an equivalent number of raw videos for them.
We present the average accuracies in Table 3.

The results reveal that Task-agnostic performs
poorly due to significant forgetting. Deterministic methods
like L2P, CODA-Prompt, and DAP generally underper-
form compared to probabilistic methods such as BPT, VAE,
and GAN, highlighting the benefits of modeling the space-
time prompt distribution. Sampling a prompt directly from
N (0, I) or N (µ(P),⌃(P)) yields poor results, demonstrat-
ing that treating the prompt space as a simple normal dis-
tribution is inadequate and that capturing its complex dis-
tribution is crucial. Our CoSTEP, which employs a diffu-
sion model, surpasses BPT, VAE, and GAN, suggesting it
more effectively models complex distributions and gener-
ates more informative prompts.

Loss terms. In the second training stage, we optimize the
total loss `diffusion +`classification, where `classification is the main
objective and `diffusion regulates the prompt space with a
pseudo reconstruction target. Results from different loss

Table 5. Ablation study on different ways of learning prompts for
videos.

Spatial Temporal UCF101 HMDB51 SSv2

! % 92.46 59.12 37.52
% ! 70.37 49.64 30.58

! ! 96.51 61.70 41.44

Table 6. Ablation study on different ways of modeling temporal
context.

UCF101 HMDB51
Mean-pooling 94.41 58.37
Max-pooling 93.86 57.79

Frame grid 96.51 61.70

Figure 4. Changes in accuracy for each incremental task on
HMDB51 (5 tasks).

Figure 5. t-SNE visualization of cross-task prompts produced by
CODA-Prompt (left) and CoSTEP (right) on UCF101 (10 tasks).
Each point represents a D-dimensional prompt vector, with dis-
tinct colors denoting different tasks. Black arrows and red stars
(right) show how a diffused prompt adapts.

combinations are shown in Table 4, indicating that using
both losses together achieves the most effective learning.
Using only `diffusion performs poorly, as expected, because it
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Figure 6. t-SNE visualization of prompts within the same task
produced by CODA-Prompt (left) and CoSTEP (right) on UCF101
(10 tasks). Different colors indicate different classes and different
shapes of the same color represent various clusters within the same
class.

neglects the marginal likelihood in Equation 1 that we aim
to optimize.

Space-time prompts. We conducted tests focusing solely
on spatial or temporal dimensions, as shown in Table 5.
In the spatial-only approach, we excluded the frame grid,
whereas in the temporal-only approach, we relied exclu-
sively on frame grid features. Our space-time prompting
outperforms these methods, even on Something-Something
v2 (9 tasks) which places a greater emphasis on temporal
reasoning. Omitting the frame grid leads to lower perfor-
mance, underscoring the importance of using the ViT’s in-
nate capabilities for temporal modeling in our prompt de-
sign. Using only the frame grid also fails to achieve satis-
factory accuracy, likely due to resizing frames for our grid,
which reduces spatial detail. This emphasizes the benefit of
using original-size frames to better capture and utilize spa-
tial information.

Is using a frame grid necessary? We explored al-
ternative methods for temporal modeling, specifically
Mean-pooling, which averages the RGB values of all
frames, and Max-pooling, which selects the maximum
RGB values across frames. Our results, as shown in Ta-
ble 6, indicate that our Frame grid method surpasses
the others. This is expected since Mean-pooling and
Max-pooling significantly reduce temporal information
by condensing all frames into one. In contrast, Frame
grid leverages the ViTs’ capability to analyze relation-
ships between frames, providing a distinct advantage over
the other methods.

4.4. Why does CoSTEP outperform other methods?
Analysis of per-task accuracy. To demonstrate how
CoSTEP outperforms others, we visualize accuracy
changes for each of the 5 incremental tasks on HMDB51,
following pre-training on 51 classes, in Figure 4. CoSTEP
consistently achieves the highest initial accuracy for each

task. Furthermore, the initial accuracy gap between
CoSTEP and other methods widens with more tasks, in-
dicating CoSTEP’s superior generalization ability to trans-
fer knowledge from pre-trained and earlier tasks to future
tasks. CODA-Prompt and L2P fail to achieve high initial
accuracy, indicating their generalizability and plasticity are
insufficient for video domains.

Visualization of prompts. We use t-SNE [59] to visual-
ize the differences in prompts generated by CoSTEP and
CODA-Prompt on UCF101 (10 tasks). Figure 5 shows the
distribution of prompts across different tasks, while Figure
6 focuses on the distribution within the first task. To ver-
ify whether generated prompts correspond to input videos,
we apply k-means to cluster the video features (averaged
CLIP frame features per video) of each class into two cen-
troids. These centroids presumably reflect visual varia-
tion within the class. We observe that prompts generated
by CoSTEP are more effectively clustered by tasks and
exhibit greater diversity than those from CODA-Prompt.
Moreover, CODA-Prompt-generated prompts for the same
task show little variation across classes or instances, while
CoSTEP-generated prompts display more diversity within
the same task. Prompts for different classes and even dif-
ferent clusters within the same class are well clustered.
This explains why CoSTEP performs better: it generates
prompts that more effectively guide predictions for each in-
stance. Additionally, we illustrate CoSTEP’s diffusion pro-
cess during inference. Starting with a prompt generated
from a Gaussian distribution, which is initially far from the
optimal area, it gradually moves closer during the diffusion
process, demonstrating CoSTEP’s ability to generate mean-
ingful prompts from the learned distribution. More visual-
izations are available in Appendix 13.

5. Conclusion
In this paper, we introduce CoSTEP, an approach that en-
hances prompt learning for Video Class-Incremental Learn-
ing by modeling the overall distribution within the space-
time prompt space. This approach enables the genera-
tion of diverse and informative prompts, minimizes over-
fitting to current tasks, and improves generalization to fu-
ture tasks, thus boosting overall performance. Additionally,
we have developed a straightforward yet effective space-
time prompting strategy to better transfer spatial model-
ing capabilities from pre-trained image models to tempo-
ral modeling. This strategy allows these models to analyze
relationships across frames similarly to how they analyze
within-frame relationships, leveraging their intrinsic capa-
bilities. Our experimental results demonstrate that CoSTEP
achieves superior performance over current state-of-the-art
methods.
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