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Abstract

Vision-language models bridge visual and linguistic under-
standing and have proven to be powerful for video recog-
nition tasks. Existing methods primarily rely on parameter-
efficient fine-tuning of pre-trained image-text models, suffer-
ing from limited interpretability and poor generalization due
to inadequate temporal modeling. To address these, we pro-
pose a simple yet effective video-to-text discretization frame-
work. Our approach leverages the frozen text encoder to build
a visual codebook derived from video class labels, exploit-
ing the many-to-one contrastive alignment between visual
and textual embeddings in multimodal pretraining. This en-
ables the transformation of temporal visual features into dis-
crete textual tokens via feature lookups, yielding interpretable
video representations through explicit video modeling. Then,
to improve robustness against noisy or irrelevant frames, we
introduce a confidence-aware fusion module that dynamically
weights keyframes based on their semantic relevance, as mea-
sured by the codebook. Furthermore, we incorporate learn-
able text prompts to conduct adaptive codebook updates dur-
ing training. Experiments on four datasets, including HMDB-
51, UCF-101, Something-Something-v2, and Kinetics-400,
validate the superiority of our approach, achieving compet-
itive improvements over state-of-the-art approaches.

Code — https://github.com/isxinxin/VTD

Introduction

Large-scale vision-language models, pre-trained on image-
text pairs, have advanced visual-linguistic alignment, ma-
chine understanding, and human-like visual description gen-
eration (Gao et al. 2024; Li et al. 2023a; Zhang et al. 2024a).
They have proven to be highly effective in diverse tasks, in-
cluding image-text retrieval (Liu et al. 2023a), image caption
(Nguyen et al. 2023), visual question answering (Yue et al.
2024; Cao et al. 2025), and multi-modal generation (Wang
et al. 2023). Given these successes, there is growing interest
in adapting such models to temporally structured video data.

While image-text alignment has achieved remarkable
success, extending this paradigm to video-text alignment
presents critical challenges (Ju et al. 2022; Li et al. 2025; Liu
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Figure 1: Comparisons with CLIP-based approaches. Com-
plex temporal modeling in CLIP-based video methods re-
mains questionable, as frame averaging often yields com-
petitive performance, indicating that for frame-dominant se-
mantics, naive temporal aggregation may be sufficient. Our
method replaces temporal modeling with codebook-based
discretization, transforming visual streams into discrete se-
mantic events aligned with textual prototypes. By scoring
frames and suppressing low-confidence ones, we enhance
robustness to noise and improve interpretability.

et al. 2023b). First, effective video-text alignment demands
exponentially more paired training data than image-text pre-
training, and this resource-intensive demand is impractical.
Although parameter-efficient fine-tuning methods help re-
duce data dependency, they often sacrifice generalization by
overfitting to limited task-specific data, thereby undermin-
ing the robust cross-modal alignment learned during large-
scale pretraining (Zhang et al. 2021; Wu et al. 2023; Yang
et al. 2023). This raises an important question: How can we
leverage image-text-aligned models for video understanding
without compromising their generalization capabilities?

An ideal framework should preserve the core architecture
of pre-trained vision-language models, leveraging their in-
herent generalization capabilities (Jia et al. 2024) and main-
taining the zero-shot performance derived from large-scale
multimodal pretraining (Shi et al. 2024). In practice, this
can be implemented through sparse keyframe summariza-



tion that select representative frames to encode the essential
content of a video (Yu et al. 2024). This strategy avoids the
need for large-scale video-text alignment pretraining while
enabling efficient frame-level feature extraction (Lafon et al.
2024; Rasheed et al. 2023). Notably, recent studies show
that simple temporal aggregation methods, such as average
frame-level features, can achieve competitive performance
against standard benchmarks (Cao et al. 2024; Wu et al.
2024a; Gupta et al. 2025). This suggests a frame-dominant
nature of video semantics: in practice, a small subset of in-
formative frames suffices to capture the overall meaning of a
video (Rasheed et al. 2023; Korbar et al. 2025), reducing the
necessity for complex temporal modeling (Gaintseva, Ben-
ning, and Slabaugh 2024; Chen et al. 2025). Therefore, we
are determined to extend the image-text paradigm to video
understanding by using keyframe summaries.

As we know, video semantic categories are often corre-
lated with their primary content, motivating the use of pre-
trained textual categories as prototypes for video summa-
rization and keyframe selection (Zhu et al. 2022). How-
ever, ground-truth labels are typically unavailable in ad-
vance, necessitating a pseudo-labeling mechanism to infer
video semantics (Xue et al. 2023; Wu et al. 2024b). Lever-
aging the aligned image-text embedding space of CLIP (Gao
et al. 2024), we classify each video frame into the most se-
mantically similar textual category, effectively discretizing
video content into textual pseudo-labels. This enhances in-
terpretability by guiding keyframe selection toward frames
with high semantic confidence while suppressing ambiguous
or irrelevant ones (Wu et al. 2023). As illustrated in Figure 1,
our framework avoids temporal modeling with heavy com-
putational overhead, yet preserves strong interpretability and
zero-shot generalization through frozen CLIP encoders.

In this work, we introduce VTD-CLIP, a video-to-text dis-
cretization framework that enhances video representations
by mapping visual content into semantically meaningful,
text-aligned tokens. Specifically, we treat the frozen text en-
coder of CLIP as a semantic codebook learner where pre-
defined class-specific text embeddings serve as prototype to-
kens. For each frame, we extract its visual embedding and
quantize it to the nearest text token via maximum similar-
ity, yielding a discrete frame-level embedding. These frame-
level embeddings are then aggregated into a global video-
level representation through majority voting, capturing dom-
inant semantic themes. We further compute a confidence
score for each frame based on semantic alignment, and em-
ploy a confidence-aware fusion mechanism to combine the
discrete video embedding with the original frame features.

Our contributions can be condensed into three aspects:

* We propose a simple yet effective framework that en-
hances video representation by quantizing visual content
into discretized, text-aligned semantic embeddings.

* We use text embeddings as a semantic codebook, quan-
tizing frames to nearest prototypes via nearest-neighbour
lookup and aggregating discrete labels via voting.

e We evaluate the proposed method on four benchmark
datasets, and extensive experiments demonstrate compet-
itive performance against the state-of-the-art methods.
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Related Work

Vision-Language Models. Vision-language models have
made great progress since the advent of CLIP (Radford et al.
2021). Given its strong zero-shot performance, recent ef-
forts focus on efficiently fine-tuning CLIP for video anal-
ysis (Wang et al. 2024c,a). Existing methods can be roughly
classified into two categories (Li et al. 2024), including
prompt-based and adapter-based methods. Typical methods
in the first category include ActionCLIP (Wang, Xing, and
Liu 2021), ViFi-CLIP (Rasheed et al. 2023), and Vita-CLIP
(Wasim et al. 2023). For example, Wang et al. (Wang, Xing,
and Liu 2021) proposed a pre-train, prompt, and fine-tune
paradigm. Rasheed et al. (Rasheed et al. 2023) fully fine-
tuned CLIP encoders. Wasim et al. (Wasim et al. 2023) in-
troduced multiple prompt tokens to CLIP encoders. For the
second category, representative methods include XCLIP (Ni
et al. 2022), VideoPrompt (Ju et al. 2022), and EVL (Lin
et al. 2022). Ni et al. (Ni et al. 2022) employed cross-frame
communication and multi-frame integration. Lin et al. (Lin
et al. 2022) encoded temporal information via a lightweight
Transformer. Wu et al. (Wu, Sun, and Ouyang 2023) em-
ployed a pre-trained language model to create semantic tar-
gets. Qing et al. (Qing et al. 2023) disentangled spatial and
temporal information. Lin et al. (Lin et al. 2023) proposed
an unsupervised approach with GPT-3. Kahatapitiyal et al.
(Kahatapitiya et al. 2024) prioritized text augmentation over
visual knowledge. Chen et al. (Chen et al. 2024a) enhanced
text knowledge to improve video generalizability.

Discrete Representation Learning. Discrete tokenizers are
essential in vision-language models by bridging multimodal
data into unified representations (Liu et al. 2022). For ex-
ample, Van et al. (Van Den Oord, Vinyals et al. 2017) pi-
oneered neural vector quantization for discrete latent space
learning. Razavi et al. (Razavi, Van den Oord, and Vinyals
2019) extended this through a multi-level hierarchical VQ-
VAE. Esser et al. (Esser, Rombach, and Ommer 2021) com-
bined the inductive bias of CNNs and the expressive power
of Transformers. Ramesh et al. (Ramesh et al. 2021) con-
ducted cross-modal alignment via autoregressive joint token
modeling. Bao et al. (Bao et al. 2022) predicted discrete vi-
sual tokens via mask image modeling. Discrete methods face
codebook collapse, where expanding codebooks exhibit di-
minishing element diversity. While Mentzer et al. (Mentzer
et al. 2024) employed a bounding function to round each
feature channel into integers, we propose an alternative ap-
proach that utilizes the text encoder as a codebook learner
and updates the codebook via learnable text prompts.

Approach

As shown in Figure 2, our framework consists of three
core modules: feature extraction via frozen image encoder
@v(+; 0,) and text encoder ¢;(-; 8;) for frame features « and
text features ¢, video-to-text discretization for video discrete
features v, and confidence-aware fusion for video features ».

Feature Extraction

Given an input video V = {I;} where I, € RM*wx3
our method divides V into 7" uniform temporal segments
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Figure 2: The architecture of VTD-CLIP. We first extract frame and text embeddings using pre-trained CLIP encoders and
employ text embeddings to construct a visual codebook. Then, we obtain the discrete feature by discretizing visual embeddings
through video-to-text discretization. Finally, we produce video features with confidence-aware fusion for recognition.

and randomly sample one frame from each segment. These
frames are then fed into the image encoder ¢, (-; 6, ), which
decomposes one frame into % x % non-overlapping p X p
patches. Following previous methods (Jia et al. 2022; Zhang
et al. 2023), we inject learnable visual prompts into the patch
sequence to mitigate frame-text modality semantic gaps,

st = [wi]ug] - fup]led, te[1,77], €]

where s; is the ¢-th frame input, e; is its total patches, and
W, is trainable prompt tokens with m = 16. We derive the
t-th frame feature x; € R? as ¢; = ¢, (s4;0,).

Video-to-Text Discretization

By leveraging vision-language alignment from large-scale
contrastive pre-training, we repurpose the text encoder as a
visual codebook learner, where textual category embeddings
serve as prototypes for video understanding.
Text-Semantic Prototype. We employ the frozen text en-
coder to extract textual embeddings, ¢, = ¢:(y,; 0;), where
Yy, denotes the text prompt of the k-th class, and ¢, € R? is
the corresponding embedding. These category embeddings
serve as semantic prototypes for identifying dominant con-
tent in videos. Subsequently, we construct the visual code-
book by aggregating the prototype vectors into a codebook
matrix C = {ci, ¢y, ..., cx } € R¥*K where K is the num-
ber of distinct categories in the dataset. Each video frame x;
is then quantized to the nearest codebook element,

z! = Q(z;) := argglin lz: — ckll,
Ck

@

To be specific, our method aligns the codebook struc-
ture with the dataset’s category set, naturally setting the
codebook size K to the number of classes, eliminating the
need for manual dimensionality tuning. Unlike the VQ-VAE
codebooks, which are trained from scratch and prone to
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codebook collapse, our text-derived codebook C is initial-
ized via the frozen text encoder and inherits diverse seman-
tic structure. This strong semantic prior effectively prevents
collapse and ensures stable and meaningful discretization.
Codebook Adaptation with Prompts. The text encoder re-
ceives a structured set of template tokens, e.g., ”a photo
of a {class},” where the class token is replaced with the
categorical label from the dataset. These prompts are pro-
jected into an embedding space using the frozen text encoder
@¢(+; ;). Following CoOp (Zhou et al. 2022), we construct
an adaptive codebook that aligns visual semantics with pro-
totypes during training while preserving cross-modal con-
sistency through pre-trained language representations,

ke[l,Kl. ()

We define K € NT as the number of categories. Let w; de-
note the ¢-th learnable text prompt, which has the same di-
mensionality as the input tokens. Each prompt consists of 16
learnable tokens, initialized from a standard Gaussian dis-
tribution. While the text encoder produces both token-wise
embeddings and a global [CLS] embedding, we only lever-
age the [CLS] embedding as the category-level textual rep-
resentation. This yields C, and each ¢; € R? corresponds to
the [CLS] embedding of an i-th category-specific prompt.
Unlike conventional methods such as VQ-VAE, whose
representations are fixed after training and necessitate com-
plete re-optimization for domain shifts, our codebook is dy-
namic and adaptable via efficient prompt tuning.
Hard Assignment via Nearest Neighbour. Our method
employs hard assignment, mapping each frame feature to
its nearest textual prototype, instead of using soft weighting
to generate frame-level pseudo-labels. This enforces clear
boundaries between categories, reducing ambiguity between
visually similar classes, e.g., “run” vs. “fast walk”. More-
over, frames with high similarity to the target text prototypes
are retained as meaningful content, while low-similarity seg-

Yy, = [wi] [wo] - - [wn] [classk]



ments, such as background or irrelevant motion, are au-
tomatically excluded. By focusing on high-confidence as-
signments, hard assignment adaptively identifies keyframes
without requiring complex temporal modeling.

Formally, given frame features x; and the text-derived
codebook C, we compute the cross-modal affinity matrix
S € RT*K where each element sy, = cos(x, i) denotes
the cosine similarity between the ¢-th frame and the k-th tex-
tual prototype in the shared space. For coarse-grained frame-
to-text alignment, we perform hard assignment by selecting
the prototype with the maximum affinity score,

fct = argmaXpc(y o .. K} Stk (@)

Hard assignment induces sparsity in the alignment matrix
by retaining only the strongest semantic correspondence per
frame. The resulting sparsity suppresses noisy or ambiguous
mappings while maintaining interpretable pseudo-labels.
Bag-of-Prototypes Video Category. We compute seman-
tic prototype activations through sparse correlation aggrega-
tion. Given the binary assignment mask M € {0,1}7%K,

where m,;, = 1if the ¢-th frame is assigned to the k,-th text
prototype. The video-level prototype is then defined as,
kmas = argmaxyc g o gyMik © Sk. 4)
where mj, and s, denote the k-th column of M and the
affinity matrix S respectively. ©® is the Hadamard product
and k.. corresponds to the index of the most activated pro-
totype. The final video representation v inherits the semantic
embedding of the most activated prototype as v = cj,

max *

Confidence-Aware Fusion

Conventional methods typically employ simple average tem-
poral pooling to fuse frame features. However, such ap-
proaches are prone to temporal redundancy from irrelevant
frames. Recent work has explored frame filtering to improve
temporal coherence. In contrast, we propose a confidence-
aware fusion mechanism shown in Fig. (3) that dynamically
weights each frame according to its text-aligned similarity.
To be specific, given the discrete video representation v
from the video-to-text discretization module, we fuse it with
sequential frame-level features as f = CrossAttn(v, x)+x,
where the cross-attention layer enables the global semantic
context in v to modulate x, while the skip connection pre-
serves spatio-temporal details. For each frame, we first ex-
tract its relevance score S, .. to the dominant text proto-
type, where k4. is computed as in Eq.(5) and 7 controls the
sharpness of the weighting distribution. We then normalize
the confidence scores across the frames using a temperature-
scaled softmax and obtain the global video embedding by
aggregating the confidence-weighted features as,

T
L eXP (Sthmas /T)
V=) =5

t=1 Ztil exXp (Stk’NLafI: /T)

We maximize cross-modal alignment between video repre-

sentations and ground-truth text embeddings within a batch

via the cross-entropy loss, leading to the following objective,

[ Zl exp (cos (0;,¢;) /7) o

exp cos (v4,¢j) /7))’

X f, T>0. (6)
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Experiments
Implementation

We conducted experiments on Something-Something-v2
(SSv2), Kinetics-400 (K-400), HMUDB-51 and UCF-101. Our
method employed a frozen CLIP with a ViT-B/16 backbone
for the text and visual encoders. We evaluated the effective-
ness of our method through full supervision, base-to-noval,
and few-shot experiments. We utilized 8 x NVIDIA A100
GPUs with per-GPU batch sizes of 8. We used the Adam
optimizer with a weight decay of 0.001 and learning rates of
0.004 for K-400 and 0.0004 for the other datasets.

Main Results

Fully-Supervised Video Recognition. We perform fully-
supervised experiments on K-400 to validate the effective-
ness of our method. As shown in Table 1, our method
achieves competitive performance compared to state-of-the-
art CLIP-based approaches. With only 194 GFLOPs, our
method is significantly more computationally efficient than
ViViT-H (17352 GFLOPs) and even lighter than XCLIP-
B/16 (287 GFLOPs). While MoTED-B/16 achieves compa-
rable performance by incorporating an additional large lan-
guage model, it comes at the cost of increased complex-
ity and resource demands. By mapping visual features to a
text-aligned space, VITD-CLIP provides a lightweight alter-
native, well-suited for applications where model size, infer-
ence cost, and training scalability are critical.
Base-to-Novel Video Recognition. To evaluate the gener-
alization capability, we establish a non-overlapping split
between base and novel categories, ensuring that Coase N
Criover = 0. For each dataset, we randomly divide the cat-
egories into two equal groups: 50% for base categories and
the remaining 50% for novel categories. Models are trained
exclusively on base categories and tested on novel ones.
During evaluation on novel categories, the semantic code-
book is constructed non-parametrically using the fixed text
prompt template: "a photo of a {class}”, without any further
training. As listed in Table 2, our method outperforms com-
parison methods in both base and novel settings. Notably,
it achieves substantial improvements of 6.0%, 3.2%, 1.1%,
and 0.5% in novel category recognition over the other meth-
ods. These results indicate that aligning visual features with
text-guided prototypes helps mitigate overfitting to base cat-
egories and enables effective semantic generalization.



Method Pretrain Frames Views Top-1 Top-5 Avg GFLOPs FFT

Large-scale Image Pretraining

Uniformer-B (Li et al. 2023b) IN-1k 32 4x3 83.0 95.4 89.2 259 v
Swin-B (Liu et al. 2021) IN-1K 32 4x3 80.6 94.6 87.6 590 v
ViViT-H (Arnab et al. 2021) JFT-300M 32 4x3 84.8 95.8 90.3 17352 v
MViTv2-B (Li et al. 2022) X 32 5x1 82.9 95.7 89.3 225 v
Unimodal Visual Pretraining from CLIP

ActionCLIP-B/16 (Wang et al.2021) CLIP-400M 32 10x3 83.8 96.2 90.0 563 v
XCLIP-B/16 (Ni et al. 2022) CLIP-400M 16 4x3 84.7 96.8 90.8 287 v
ViFi-CLIP-B/16 (Rasheed et al. 2023) CLIP-400M 16 4x3 83.9 96.3 90.1 281 v
VideoPrompt-B/16 (Ju et al. 2022) CLIP-400M 16 - 76.9 93.5 85.2 - X
EVL-B/16 (Lin et al. 2022) CLIP-400M 16 1x3 83.6 - - 888 X
ST-Adapter-B/16 (Pan et al. 2022) CLIP-400M 32 1x3 82.7 96.2 89.5 607 X
Mutimodal Visual Pretraining from CLIP

STAN-conv-B/16 (Liu et al. 2023b) CLIP-400M 8 1x3 83.1 96.0 89.6 238 X
ILA-B/16 (Tu et al. 2023) CLIP-400M 8 4x3 84.0 96.6 90.3 149 X
MOoTED-B/16 (Zhang et al. 2024b) CLIP-400M 8 1x3 85.1 97.0 91.0 180 X
DiST-B/16 (Qing et al. 2023) CLIP-400M 16 1x3 84.4 96.7 90.6 320 X
ALT-B/16 (Chen et al. 2024b) CLIP-400M 16 1x3 84.8 96.4 90.4 657 v
Vita-CLIP-B/16 (Wasim et al. 2023) CLIP-400M 16 4x3 82.9 96.3 89.6 190 X
M2-CLIP-B/16 (Wang et al. 2024b) CLIP-400M 16 4x3 83.7 96.7 89.6 422 X
VILT-CLIP (Wang et al. 2024a) CLIP-400M 16 4x3 77.6 94.5 86.1 287 X
FocusVideo-B/16 (Wang et al. 2025) CLIP-400M 32 4x3 84.7 96.8 90.8 816 X
VTD-CLIP-B/16 (Ours) CLIP-400M 16 4x3 85.1 97.1 91.1 194 X

Table 1: Fully-supervised performance (%) on K-400. We classify comparison methods into three branches and describe our
experimental setup, including pre-trained datasets, sampling frames, inference strategies, and model fully fine-tuning (FFT). We
evaluate performance using Top-1 and Top-5 accuracies, their average, and GFLOPs.

Method HMDB-51 UCF-101 SSv2 K-400

Base Novel HM | Base Novel HM | Base Novel HM | Base Novel HM
Vanilla CLIP (Radford et al. 2021)  53.3 46.8 49.8 | 78.5 63.6 703 49 5.3 5.1 62.3 534 575
ActionCLIP (Wang et al.2021) 69.1 373 484 | 90.1 58.1 70.6 | 13.3 10.1 11.5 | 61.0 46.2  52.6
XCLIP (Ni et al. 2022) 69.4 45.5 55.0 | 89.9 589 712 8.5 6.6 7.4 74.1 564  64.0
VideoPrompt (Ju et al. 2022) 46.2 16.0 23.8 | 90.5 404 559 8.3 5.3 6.5 69.7 37.6 488
ViFi-CLIP (Rasheed et al. 2023) 73.8 53.3 619 | 929 67.7 783 | 16.2 12.1 13.9 | 764 61.1 67.9
VILT-CLIP (Wang et al. 2024a) 76.7 57.5 657 | 952 70.5 81.0 | 17.3 12.8 147 | 774 63.0 69.5
VTD-CLIP (Ours) 78.4 63.5 70.2 | 95.5 737 832 | 178 13.9 15.6 | 78.5 63.5 70.2

Table 2: Base-to-novel performance (%) on HMDB-51, UCF-101, SSv2, and K-400, where Base refers to half of the video
categories randomly chosen for training, whereas Novel consists of the remaining categories for testing. HM denotes harmonic
mean, balancing the performance between base and novel classes.

Few-Shot Video Recognition. To evaluate the effectiveness
and generalization under limited data conditions, we con-
duct experiments across varying few-shot settings. As shown
in Table 4, the accuracy of our method increases steadily
with the number of training samples. While not superior in
all settings, our method achieves significant gains in the ex-
treme low-data setting, improving by +8.5% on HMDB-51
and +2.9% on UCF-101 in the 2-shot setting. This demon-
strates that leveraging supplementary discrete text features
through the dynamic codebook enhances generalization per-
formance and reliance on large-scale visual data.

Ablation Studies

Temporal Fusion Mechanism Analysis. We conduct abla-
tion studies to evaluate the impact of different temporal fu-
sion strategies, including RNN (Jain et al. 2016), LSTM (Gr-
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Method Vanilla CLIP w/ LP  VTD-CLIP
Pooling 82.2 85.3
RNN 75.2 78.2
LSTM 80.4 83.4
Seq Transformer 81.3 84.8
CAF (Ours) 84.9 87.6

Table 3: Performance comparison of different temporal fu-
sion mechanisms (%). w/ LP means a model with learnable
prompts, and CAF means confidence-aware fusion module.

eff et al. 2016), and Seq Transformer (Dong, Xu, and Xu
2018) with a 4-layer architecture for fair comparison. Ta-
ble 3 reports results under the 4-shot learning on UCF-101.
Our method outperforms all temporal models by leveraging
text-aligned semantic features fused with discretized visual



Method HMDB-51 UCF-101 SSv2

N=2 N=4 N=8 N=16 | N=2 N=4 N=8 N=16 | N=2 N=4 N=8 N=I16
Vanilla CLIP (Radford et al. 2021) 419 419 419 419 | 63.6 63.6 636 63.6 2.7 2.7 2.7 2.7
ActionCLIP (Wang et al.2021) 475 579 573  50.1 70.6 715 73.0 914 4.1 5.8 8.4 11.1
XCLIP (Ni et al. 2022) 530 573 628 640 | 485 756 837 914 39 4.5 6.8 10.0
VideoPrompt (Ju et al. 2022) 39.7 507 560 624 | 714 799 857 899 4.4 5.1 6.1 9.7
ViFi-CLIP (Rasheed et al. 2023) 572 627 645  66.8 80.7 851 90.0 927 6.2 7.4 8.5 12.4
VILT-CLIP (Wang et al. 2024a) 606 619 669 69.6 853 90.0 913 938 7.8 94 10.3 132
OST (Chen et al. 2024a) 59.1 629 649 689 | 825 875 917 939 7.0 7.7 8.9 12.2
VTD-CLIP (Ours) 67.6 68.7 69.7 757 | 854 87.6 913 93.0 7.1 87 104 134

Table 4: Few-shot performance (%) on HMDB-51, UCF-101, and SSv2. We conducted few-shot experiments by using 2, 4, 8,

and 16 video sequences for each category, respectively.

Top-1 Accuracy (4-shot)

Top-1 Accuracy (4-shot)

Method Method
HMDB-51 UCF-101 Class GPT-generated

Vanilla CLIP 419 63.6 Vanilla CLIP 63.6 71.6

Vanilla CLIP w/ LP 62.4 82.2 Vanilla CLIP w/ LP 84.9 85.4
VTD-CLIP w/o LP 66.3 85.1 VID-CLIP (Ours) 87.6 86.5
VTD-CLIP w/o VTD 66.6 85.3

VTD-CLIP w/o CAF 65.8 84.9 Table 7: Ablation study on codebooks with GPT descriptions
VTID-CLIP (Ours) 67.6 87.6 (%). GPT extends text descriptions related to video labels.

Table 5: Ablation study on different components (%). LP,
VTD, and CAF represent the learnable prompt, video-to-text
discretization, and confidence-aware fusion, respectively.

Top-1 Accuracy (4-shot)

Text Prompt
HMDB-51 UCF-101
Learnable prompt + {class} 67.6 87.6
“a photo of a” + {class} 66.3 85.1
{class} 64.8 83.5

Table 6: Ablation study on learnable, fixed, and no prompts
(%), related to dynamic and static codebooks.

representations. Notably, simple average pooling achieves
the second-best performance, proving the effectiveness of
frame-level alignment in reducing the need for complex tem-
poral modeling. In contrast, RNNs underperform due to their
limited capacity in capturing long-range temporal dynamics.
Component Analysis. To assess contributions of individual
components, we conduct ablation studies on HMDB-51 and
UCF-101. As shown in Table 5, learning prompts, video-
to-text discretization, and confidence fusion jointly enhance
model performance. Learning prompts fine-tune the visual
codebook. VTD generates text-aligned features, enabling
CAF to compute more reliable confidence scores. In turn,
CAF refines the frame-level representations by emphasizing
semantically salient segments, which strengthens the align-
ment between visual content and textual prototypes in VTD.
Prompt Analysis. To investigate the impact of codebook
design, we compare three variants: 1) a dynamic codebook
with learnable prompts optimized via backpropagation, 2)
a static codebook using fixed templates, and 3) a codebook
with raw category labels. Table 6 shows that the dynamic
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w/ LP means that learnable prompts are adopted.

Annotation GPT-Generated
( Basketball | Long Jump |_, @ People playing basketball on
an outdoor or indoor court.

GPT 4.0 —»f Athlete performing long jump, ’

track and field.
J—’ @

Figure 4: An example of GPT-generated descriptions.

Text Prompt

Generate a detailed
description for annotation.

Infant crawling on the floor,
indoors or outdoors.

codebook with learnable prompt achieves the highest accu-
racy, as it allows adaptive refinement of textual representa-
tions to better align semantic priors with visual content. Raw
labels lack contextual information, while fixed templates are
inflexible and unable to adapt to temporal visual patterns.
Codebook Enhancement Analysis. We investigate the im-
pact of codebook enhancement using GPT 4.0 to generate
category descriptions, shown in Figure 4. These descriptions
provide richer semantic context. Table 7 shows that GPT-
generated prompts can improve performance with additional
contextual detail when base visual semantics are limited.
For strong pre-trained models with well-aligned visual and
textual representations, GPT descriptions may disrupt the
learned cross-modal alignment, leading to marginal gains.
Backbone Analysis. Since our approach is based on the
CLIP architecture, it can be adapted to different vision trans-
former backbones. We evaluate our method using ViT-B/16,
ViT-B/32, and ViT-L/16. As shown in Table 9, performance
improves consistently with stronger backbones, revealing a
clear positive scaling trend. This is because larger models
provide greater representational capacity, enabling effective
cross-modal alignment and robust video understanding.



Top-1 Accuracy (4-shot)

A tion Strat

ggregation Strategy HMDB-51 UCF-101
Visual features 66.5 85.9
Discrete features 57.2 80.0
Discrete + Visual features 67.6 87.6

Table 8: Ablation study on feature aggregation (%). Visual
features, Discrete features, and Discrete + Visual features
denote aggregation by using Visual features, discrete fea-
fmres. and these two inteorated features. resnectivelv.
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Figure 5: Ablation study on the different numbers of selected
frames in the confidence-aware fusion module.

Feature Aggregation Analysis. To investigate the impact
of different feature types, we conduct ablation studies on
feature aggregation strategies. We evaluate three variants for
confidence-aware fusion: visual features, discrete features,
and fused features combining both. As shown in Table 8,
the dual-stream aggregation strategy combining discrete and
visual features achieves the best performance. Discrete fea-
tures, while semantically meaningful, lack fine-grained spa-
tial information and perform significantly worse than frame
features. Visual features alone risks misalignment with text
descriptions due to noise or irrelevant content, leading to
suboptimal cross-modal matching. Fusing both, our method
yields more robust and generalizable video representations.
Frame Number Analysis. To evaluate the impact of the
number of frames used in the confidence-aware fusion mod-
ule, we conduct ablation studies under 4-shot settings. We
select the top-k frames with the highest confidence scores
for fusion. As shown in Figure 5, using too few frames leads
to performance degradation, as important content may be
missed. As k increases, performance improves and even-
tually stabilizes, Further increasing k yields only marginal
gains by including lower-confidence or redundant frames.

Visualization

We present qualitative results of VITD-CLIP by visualizing
frame-level assignments and confidence scores using both
dynamic and static codebooks in Figure 6. For each video,
we randomly sample four frames. Compared to the static
codebook, the dynamic codebook achieves tighter align-
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Top-1 Accuracy (4-shot)

Backbone

HMDB-51 UCF-101 SSv2
CLIP-B/32 65.4 85.2 7.5
CLIP-B/16 68.7 87.6 8.7
CLIP-L/16 72.3 91.2 9.8

Table 9: Ablation study on different CLIP backbones.

Ground
truth:
Shoot Gun
VTD-CLIP 0.2964 0.3641 0.1849
w/o LP Shoot Gun  Shoot Gun Push
0.4213 0.5201 0.0536
VALSEILE Shoot Gun Shoot Gun Shoot Gun
Ground
truth:
Archery
VTD-CLIP 0.3233 0.2607 0.1760 0.2400
w/o LP Archery Archery Singing Long Jump
0.6180 0.3764 0.0007 0.0049
MALLSEHLE Archery Archery Singing Archery

Figure 6: Visualization results of the VTD-CLIP. LP (learn-
able prompts): ” w/o LP ”” denotes the VTD-CLIP employing
a non-adaptive static codebook, while our method utilizes an
adaptive dynamic codebook with prompt updates.

ment between video frames and text features while exhibit-
ing stronger discriminative power at the frame level. More-
over, with the dynamic codebook, our confidence-aware fu-
sion strategy effectively assigns higher weights to keyframes
(red boxes), while adaptively down-weighting frames that
are either misaligned (blue boxes) or semantically redundant
despite correct classification (green boxes). The integration
of a dynamic codebook with video-to-text discretization and
confidence-aware fusion enhances recognition accuracy and
suppresses feature redundancy through selective weights.

Conclusion

In this paper, we have proposed a simple yet effective video-
to-text discretization framework for video understanding.
We reformulate the text encoder as a trainable visual code-
book learner, in which learnable prompts enable adaptive
codebook updates. Then, we discretize frame features into
textual prototypes and obtain discrete video features through
confidence scoring. Finally, we integrate discrete video and
frame features for confidence-aware fusion and recognition.
Experimental results demonstrate that our method achieves
competitive results against state-of-the-art methods.
Limitations: Currently, we only explore keyframe-based
video summaries to adapt image-text models, but temporal
modeling is essential for tasks like interactions or motions
yet. In future work, we will design a flexible framework to
utilize video shots to address dynamic visual cues.
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