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Abstract

Zero-shot action recognition (ZSAR) requires collaborative
multi-modal spatiotemporal understanding. However, fine-
tuning CLIP directly for ZSAR yields suboptimal perfor-
mance, given its inherent constraints in capturing essential
temporal dynamics from both vision and text perspectives,
especially when encountering novel actions with fine-grained
spatiotemporal discrepancies. In this work, we propose Spa-
tiotemporal Dynamic Duo (STDD), a novel CLIP-based
framework to comprehend multi-modal spatiotemporal dy-
namics synergistically. For the vision side, we propose an effi-
cient Space-time Cross Attention, which captures spatiotem-
poral dynamics flexibly with simple yet effective operations
applied before and after spatial attention, without adding ad-
ditional parameters or increasing computational complexity.
For the semantic side, we conduct spatiotemporal text aug-
mentation by comprehensively constructing an Action Se-
mantic Knowledge Graph (ASKG) to derive nuanced text
prompts. The ASKG elaborates on static and dynamic con-
cepts and their interrelations, based on the idea of decompos-
ing actions into spatial appearances and temporal motions.
During the training phase, the frame-level video represen-
tations are meticulously aligned with prompt-level nuanced
text representations, which are concurrently regulated by the
video representations from the frozen CLIP to enhance gen-
eralizability. Extensive experiments validate the effectiveness
of our approach, which consistently surpasses state-of-the-art
approaches on popular video benchmarks (i.e., Kinetics-600,
UCF101, and HMDB51) under challenging ZSAR settings.

Code — https://github.com/Mia- Yating Yu/STDD
Extended version — https://arxiv.org/abs/2412.09895

1 Introduction

Zero-shot action recognition (ZSAR) aims to classify video
actions from novel categories that are not present in the
training of models. A strong ZSAR learner should be en-
dowed with collaborative multi-modal spatiotemporal un-
derstanding, where the statics and dynamics of videos and
semantics should be aligned meticulously. Otherwise, it
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Figure 1: Illustration of the challenges without collabora-
tive multi-modal spatiotemporal understanding. (a) A model
lacking static context alignment may misidentify the novel
class due to the ambiguity associated with the barbell. (b) It
might also struggle generalizing to other novel weightlifting
actions, due to the subtle dynamic differences and strong vi-
sual similarities.

would inevitably lead to an ambiguous comprehension of ac-
tions. Let’s first delve into a simple example. In Figure 1(a),
a model lacking the ability to align visual contexts with
static concepts e.g., the barbell, may confuse whether the
actor is performing Dead Lifting or just doing Body Weight
Squats. Conversely, as shown in Figure 1(b), a model might
struggle to generalize to novel actions of Clean and Jerk and
Snatch Weight Lifting, if it falters in aligning nuanced multi-
modal spatiotemporal dynamics of Weight Lifting, as they
exhibit significant static visual affinities.

Contrastive Language-Image Pretraining (CLIP) (Rad-
ford et al. 2021) has shown exceptional zero-shot infer-
ence in image-based tasks, benefiting from its strong gen-
eralization capability of the visual and linguistic alignment.
Inspired by its success, CLIP can serve as a spatial ex-
pert for aligning static visual-semantic context of actions
by processing the video frame-by-frame. However, due to
its limitations in capturing temporal dynamics effectively,
recent attempts (Wu, Sun, and Ouyang 2023; Wang, Xing,
and Liu 2021; Yang et al. 2023) have been made to adapt
CLIP for general action recognition. Despite notable ad-
vancements obtained by additional temporal modeling (Lin
et al. 2022; Tu et al. 2023; Pan et al. 2022), they compro-

mise with less-informative class-level prompts such as “a
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before drawing the bowstring.
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Figure 2: Overview of our framework. With a four-step
operation applied within each block, we transform the spa-
tial attention into novel Space-time Cross Attention. Spa-
tiotemporal text augmentation is conducted to derive spatial
and temporal text prompts, where multi-modal dynamics are
meticulously aligned in a fine-grained manner.

video of {archery}”, thus faltering when encountering
novel actions with fine-grained spatiotemporal discrepan-
cies. Other works (Chen et al. 2024; Jia et al. 2024; Wu et al.
2023) leverage Large Language Models (LLMs) (Brown
et al. 2020; Achiam et al. 2023; Floridi and Chiriatti 2020) to
extend CLIP with specialized knowledge, facilitating zero-
shot generality. However, they often lay particular emphasis
on semantic augmentation yet lacking efficient spatiotempo-
ral understanding in visual world.

With these in mind, our key insight rests in extending
the spatial expert i.e., CLIP, into an effective spatiotempo-
ral expert for ZSAR to comprehend multi-modal spatiotem-
poral dynamics synergistically. To this end, we propose a
novel CLIP-based framework, termed Spatiotemporal Dy-
namic Duo (STDD), which meticulously aligns spatiotem-
poral visual contexts with refined static and dynamic text
prompts, as shown in Figure 2. Our framework enables flex-
ible capture of spatiotemporal dynamics for efficient multi-
scale cross-frame interaction without requiring additional
parameters or increasing computational complexity. Specif-
ically, we realize this by implementing a four-step process
i.e., masking, mixing, padding and short-cutting, applied
either before or after spatial attention. The masking strat-
egy (Qing et al. 2023) discards a proportion of visual tokens,
and the subsequent channel mixing (Bulat et al. 2021) is per-
formed with visible tokens at the interleaved positions across
frames. Then, the padding operation restores the original to-
ken quantity and spatial positions, while the ensuing short-
cutting technique (He et al. 2016) is employed to seamlessly
integrate dynamics into the primary vision encoding path-
way. The tailored combination of these operations jointly
transforms the spatial attention into a novel Space-Time
Cross Attention (STCA). Besides, to acquire specialized ac-
tion semantics systematically, we prompt LLMs to construct
an Action Semantic Knowledge Graph (ASKG) that con-
ceptually incorporates static appearances and dynamic mo-
tions of actions with a more structured and interpretable
representation. Then, we perform spatiotemporal text aug-
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mentation to derive nuanced text prompts by parsing static
and dynamic semantics in the ASKG. Finally, frame-level
video representations are meticulously aligned with prompt-
level text representations, which are concurrently regulated
by video representations from the frozen CLIP to enhance
generalizability.

Opverall, our contributions can be summarized as follows:

* We introduce a novel CLIP-based framework, named
Spatiotemporal Dynamic Duo (STDD), which syner-
gistically comprehends dynamics for vision-text context
refinement, facilitating multi-modal spatiotemporal un-
derstanding.

* For the vision side, we propose to transform spatial atten-
tion into Space-time Cross Attention through a four-step
operation to capture cross-frame dynamics without addi-
tional parameters or increased computational complexity.

* For the semantic side, we propose to perform spatiotem-
poral text augmentation by comprehensively construct-
ing an Action Semantic Knowledge Graph, which articu-
lates static appearances and dynamic motions of actions.

» Extensive experiments on three popular benchmarks ver-
ify the effectiveness and superiority of our method, con-
sistently achieving state-of-the-art performance.

2 Related Work

Adapting CLIP for Action Recognition. Recently, Vi-
sion Language Models (VLMs) (Sanghi et al. 2022; Bao
et al. 2022; Yu et al. 2022) have demonstrated efficient
multi-modal alignment, achieving impressive results in zero-
shot inference. There is also a plethora of work (Mao et al.
2024; Qian, Xu, and Hu 2024; Li et al. 2024) using knowl-
edge learned in VLMs to video understanding tasks in a
zero-shot manner. Adapting CLIP to videos (Wang, Xing,
and Liu 2021; Wang et al. 2023) is a common practice
when designing a generalized video learner, where the key
lies in utilizing additional temporal context for efficient
video understanding. Recently, despite some works (Wu,
Sun, and Ouyang 2023; Zhu et al. 2023; Wang, Xing, and
Liu 2021) fully finetune the backbone with a video-header
on top of CLIP, a collection of methods (Yang et al.
2023; Lin et al. 2022) work on parameter-efficient finetuning
(PEFT) (Gao et al. 2022; Jie and Deng 2022), aiming to re-
duce trainable parameters, such as adapter-based (Yang et al.
2023; Lee, Lee, and Choi 2024; Cao et al. 2024b), prompt-
based (Wasim et al. 2023; Ahmad, Chanda, and Rawat 2023)
and decoder-based (Lin et al. 2022) methods. There are also
other works (Huang et al. 2024; Rasheed et al. 2023) ex-
clude temporal modeling, while aiming to adapt features
from image to videos by distilling knowledge from pre-
trained CLIP. In contrast, our proposed framework facilitates
temporal dynamic modeling without additional parameters,
where the refined spatiotemporal representations are regu-
lated by video representations from the frozen CLIP to pre-
serve generalizability.

Space-time Self-Attention. Recently, the self-attention
mechanism inherent in the ViT architecture (Dosovitskiy
et al. 2020) for spatial modeling has been extensively



adopted for video recognition. Due to the heavy complexity
burden of full space-time attention, some prior works (Berta-
sius, Wang, and Torresani 2021; Arnab et al. 2021) focus on
factorizing spatial and temporal attention to adapt 3D data.
AIM (Yang et al. 2023) follows this idea by simply reusing
pre-trained CLIP self-attention to perform temporal adap-
tion, yet it nearly doubles the depth of the pre-trained en-
coder. Open-VCLIP (Weng et al. 2023) expands the tempo-
ral attention view i.e., dimension, for aggregating the global
temporal information, maintaining the weight dimensions of
the CLIP. Other variants (Lin, Gan, and Han 2019; Wang,
Cao, and Zhang 2022) adopt the “shift trick” (Wu et al.
2018) with zero-cost dimensionality reduction to achieve
temporal modeling at a layer level. Most related to ours is
X-ViT (Bulat et al. 2021), which constructs the key vectors
by mixing information from tokens located at the same spa-
tial location within a local temporal window. We share the
similar “shift trick”, but our approach applies masks to spa-
tial tokens ahead of mixing, which enables the mixing of in-
formation from tokens at interleaved spatial locations within
a local spatiotemporal window.

Semantic Knowledge for Video-text Alignment. Seman-
tic knowledge provides a bridge among actions, allowing
the model to generalize to novel categories based on their
semantic connections. Early works usually design hand-
crafted attributes (Mandal et al. 2019; Mishra, Pandey, and
Murthy 2020) or utilize object features (Jain et al. 2015)
to represent action semantics. Later, word-embedding meth-
ods (Chen and Huang 2021; Wang, Cao, and Zhang 2023;
Cao et al. 2024a) are adopted for semantic representations.
Recently, due to the versatility of LLMs, some works (Chen
et al. 2024; Jia et al. 2024) construct knowledge-rich text de-
scriptions by harnessing the responses from LLMs. And oth-
ers (Lin et al. 2023; Wu et al. 2024) introduce the captions
generated by BLIP (Li et al. 2022, 2023) for multi-modal
semantic knowledge. Diverging from existing semantic aug-
mentation, we comprehensively construct a structured Ac-
tion Semantic Knowledge Graph (ASKG) featuring refined
static and dynamic semantics to derive spatial and temporal
text prompts. Therefore, our spatiotemporal text augmenta-
tion allows for a more holistic representation of actions.

3 Method: Spatiotemporal Dynamic Duo
Pipeline Overview

Generally, as shown in Figure 2, our framework is capa-
ble of synergistic multi-modal spatiotemporal understanding
which comprehends dynamics for vision-text context refine-
ment. Our model is initialized from the CLIP, which consists
of a vision encoder Ey and a text encoder E7.

Specifically, given a video clip V = {x,}L_|,x, € RI>W>3
of T frames, by dividing each frame into N non-overlapping
patches {x,;}?, with the spatial size of P x P, where N =
HW /P2 With prepending an additional [CLS] token z{ ;. to
each frame, and adding positional embeddings to each patch,
we can then obtain z = [z ,,2),,...,2)y] € RWADXD yig
the patch embedding layer. '
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The I-th ViT block with our tailored Space-time Cross At-
tention consists of a Multi-head Self-Attention (MHSA) fol-
lowed by a MLP layer with short-cutting (+) and Layer Nor-
malization (LN). It processes the tokens szl from the previ-
ous block as follows:

2! =vHsA(LN(Z "))+, (1)

2

where 7! is calculated by applying mixing-with-masking and
padding before and after MHSA, respectively, which will
be introduced in detail in the next subsection. Finally, the
learned ZtL,cls of the ¢-th frame from the last block is used as
the frame-specific video representation.

Regarding the text flow, we perform spatial and tempo-
ral text augmentation for refined text prompts C* consist-
ing of C* and C" which articulate the static appearances and
dynamic motions of actions, respectively. The j-th prompt-
specific text representation ¢}/ j of the k-th class is obtained
with the frozen E7. '

During training, we only optimize the parameters of Ey
by calculating the fine-grained alignment scores between
ZzL,cls and ci’ i Meanwhile, the video representation learn-
ing are regulated by the video representations from the pre-
trained CLIP to distill knowledge.

Z =MLP(LN(Z)) + 2,

Space-time Cross Attention

As shown in Figure 3(a), our proposed Space-time Cross At-
tention is primarily achieved by implementing a four-step
process within each ViT block. Before MHSA, (1) the Win-
dow Shift Masking (WSM) operation masks visual tokens
and shifts along the temporal dimension to align tokens at
interleaved spatial positions. (2) The subsequent Multi-scale
Channel Mixing (MCM) processes window-shifted tokens
within a local spatial window at multiple time scales to mix
dynamic information actively. After MHSA, (3) the padding
operation is employed ahead of (4) short-cutting, seamlessly
assimilating dynamics into the encoding stream.
Window Shift Masking. Given the substantial temporal re-
dundancy inherent in videos, we propose to perform a tai-
lored masking strategy. Diverging from MAR (Qing et al.
2023) which masks the frame patches for reconstruction,
our WSM is employed to obtain interleaved spatial tokens
for information interaction within a local spatial window
and multiple temporal scales. Formally, the spatial window
(e.g., w1 X wy =2 x2)is defined as the repeated unit used to
partition all patches within each frame and generate masks.
As shown in Figure 3(b), the masking positions shift along
the temporal dimension, sequentially discarding a specified
proportion (e.g., r = 0.5) of tokens at different spatial loca-
tions. The masking flow can be formulated as:
Mt[:(p(Mtl—l'M{:t—Z)ale{]a"'vL}’ 3)
where M,l denotes the masking map for the ¢-th frame in the
I-th ViT block and ¢ (-|-) is the periodic function to produce
the masking map according to the former 1 to (r — 1) mask-
ing frames. Then, the masking map M,’ is applied to visual
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Figure 3: Illustration of our method. (1) We extend the spatial attention block to perform Space-time Cross Attention by
applying Window Shift Masking to the input spatial tokens, and perform Multi-Scale Channel Mixing to capture temporal
dynamics before MHSA. Then, we employ the spatial padding strategy to fill in the masked positions for seamless short-
cutting, fusing additional dynamics effortlessly. (2) We conduct spatiotemporal text augmentation to obtain nuanced spatial and
temporal text prompts by elaborating on static and dynamic concepts with their interrelations presented in ASKG.
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tokens except for z, ;. to yield window-shifted tokens:

2 le(zfi:lzv)v

= Zt,l:N/

“

where 7/~ € RV *D represent N'(= r x N) window-shifted
spatial tokens of the ¢-th frame, and N’ = (V% X %) x (rx

wi X wp),L; = %,Lz = %. The WSM maintains essential
spatiotemporal correlations for effective mixing of channel
information across windows and time scales with MCM.
Multi-scale Channel Mixing. After WSM, we follow the
“shift trick” (Bulat et al. 2021; Wu et al. 2018) with zero-
cost dimensionality reduction to perform MCM to enhance
the fundamental inter-frame dynamic perception.

Formally, to expand the dynamic insight of MHSA,
window-shifted tokens z, participate in fusing temporal in-
formation by indexing channels before and after the cur-
rent time step. Here, we omit the denotation of layer index
for simplicity. Figure 3(c) presents an example arranged in
the window view to better illustrate the mechanism. When
6 = 2, the visual tokens z, marked as “1” within each win-
dow absorb channel information from tokens z, 5 and Z, , 5
at “3”, which formulates a local spatial window for interac-
tion. With the effect of temporal scales, the channel informa-
tion flows actively among window-shifted tokens to capture

spatiotemporal dynamics. Let 2, (dy : d,) € RV "x(de=ds) pe the
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operator for indexing the channels from dj to d, with Z;. For
separate mixing, z, only interacts with z, 5 and z,, 5 as:

Z(5) 2 [#-5(0: ds)s 2,5 (ds : 2ds):2(2ds - D) € RN P,

)
where ds = y- D is a hyper-parameter for indexing channels.
In contrast, for continual mixing (e.g., 8§ = 2), z, is mixed
with all window-shifted tokens of 28 range, i.e., from z,_»
to Z;19:

; ; ds\ . d . d
() 2 li-2(0: 3 )it (g ds)ides (ds  ds+ 5):
d !
7 12(ds + 35 :2ds);2,;(2ds : D)) € RN <D
(6)

where the channel dimension for mixing each token is di-
vided by & to achieve zero-cost dimensionality reduction.
Then, we perform MHSA with the mixed tokens as follows:

(7

In a similar way, we further introduce multiple time scales
{6;}3_,, with the purpose of unveiling the abundant dynamic
insight and enriching the spatiotemporal information fusion.
Then, we employ average pooling on all time scales to obtain
Zl e RVXP,

-1

#j(5) = MESA(LN(Z5))) + 2,5, € RV 0.



Spatial Padding and Short-cutting. Note that the quantity
of visual tokens is reduced to N’ due to the aforementioned
WSM operation. Therefore, we employ a straightforward
spatial padding strategy to obtain Z' € RN*+1*Pwhere to-
kens z{l computed by Eq.(1) are selected carefully to fill in
with Z! according to M!. As shown in Figure 3(d), it restores
the original number and spatial positions of tokens for seam-
less short-cutting to fuse additional dynamics effortlessly.

Computational Complexity. Notably, the overall com-
putational complexity of our Space-time Cross Attention
is O(TN? 4 ST(N')?) = O(TN?), which is equal to that
of spatial-only attention. In contrast, the complexity of
AIM and full space-time attention is O(TN? + T>N) and
O(T*N?), respectively.

Spatiotemporal Text Augmentation

In addition to expand the dynamic perception via visual
representation learning, we further propose spatiotemporal
text augmentation to incorporate refined action knowledge
for visual-semantic context alignment by prompting GPT-
3.5 (Achiam et al. 2023). For clarity, we present a detailed
text augmentation process of abseiling in Figure 3(2).

Action Semantic Knowledge Graph. Essentially, our pri-
mary objective is to construct an ASKG that conceptually
disentangles action categories into static appearances and
dynamic motions and their interrelations, as shown in Fig-
ure 3(e). Specifically, the ASKG abstracts action categories
into a graph structure by representing the original actions,
related static and dynamic concepts as graph nodes and their
interrelations as edges. Therefore, it enables a more struc-
tured and interpretable representation of actions. We use the
following prompts: “Return the object entity list containing
Top K(5 < K < 10) most relevant objects / sub-actions in-
volved in action: {abseiling}” for semantic concepts,
and “Find the proper predicate names that concisely de-
scribe the relationship between each object / sub-action pair
chosen from the entity list” for semantic relations. !

Extending Text Prompts with Refined Knowledge. To in-
corporate the refined spatiotemporal semantic knowledge
into our multi-modal pipeline, we propose to extend text
prompts by parsing the ASKG to generate text prompts, as
presented in Figure 3(f). Similar to the ASKG construction,
we use the following prompts to extend the text prompts:
“Try to complete the whole sentence according to each re-
lation triples: This is an example of {abseiling},..”l.
In this way, the extended text prompts are then obtained by
concatenating the hard prompt templates with the output.
The generated clauses reflect different spatiotemporal text
hints, maintaining semantic consistency in describing the ac-
tion. The spatial text prompts C* describe the static appear-
ances obtained by prompting object relation triples, while
the temporal text prompts C’ capture the dynamic motions
by prompting action relation triples.

IFor a detailed demonstration of the prompts we used and re-
sponse examples, please refer to Appendix.
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Training Objectives
To overcome visual-semantic discrepancies at instance and
frame level, the primary training objective is to meticulously
align multi-modal spatiotemporal dynamics based on fine-
grained alignment scores.

Specifically, let z,, be the final visual representation of
the n-th video at the z-th frame, the alignment score for the
k-th class is calculated across N* spatiotemporal text rep-

. st .
resentations {c’ j zjv;l to achieve frame-to-prompt and sym-

metric prompt-to-frame fine-grained alignment:

NS)‘

T
T st t2v T st
max z, .¢c, ., S99 =-— max z, .C, .
t:ZI 1<j<Nst n.t -k, j nk NSZ = 1<t<T n,t ek, j
)]

The overall alignment score S, is calculated by averag-
ing the scores above, which is also used for our zero-shot
inference. The cross-entropy loss is implemented follow-
ing (Wu, Sun, and Ouyang 2023; Jia et al. 2024) as:

K

| B K
Lcg = — Ynilog <>7 9
B Z Z " i—1€Xp(Su.i)

n=1k=1
where B denotes the number of minibatch training videos of
K seen classes. If the n-th video belongs to the k-th class, y,, ¢
equals 1; otherwise, y, equals 0. Finally, our framework
is optimized by Lcg together with feature distillation loss
proposed by (Huang et al. 2024).

1
SV21‘ I
n,k T

exp(Sn k)

4 Experiment
Implementation Details

We use Kinetics-400 (K400) (Kay et al. 2017) dataset as the
training set and evaluate our method under ZSAR settings on
three popular benchmarks: UCF101 (UCF) (Soomro, Zamir,
and Shah 2012), HMDB51 (HMBD) (Kuehne et al. 2011),
and Kinetics-600 (K600) (Carreira et al. 2018), following
the evaluation protocols: EP 1, EP 2 and EP 3 in (Brattoli
et al. 2020; Ni et al. 2022).

We use the K400 pretrained models to directly perform
cross-dataset ZSAR evaluation. Generally, we use two offi-
cial CLIP backbones: ViT-B/16 and ViT-L/14. In our pro-
posed Space-time Cross Attention, we define the spatial size
of a repeated window as w; X wp (W = wy = 2) with a mask
ratio of 50%, and specify the temporal scales to [+-1,42].
Following (Weng et al. 2023), the models learned in differ-
ent epochs are averaged to improve generalizability. Each
video clip is uniformly sampled with 8 frames during train-
ing. For ZSAR evaluation, we use 3 temporal and 1 spatial
views per video, and linearly aggregate the prediction re-
sults. More implementations are provided in Appendix.

Main Results

We compare our method with state-of-the-art ZSAR meth-
ods on three benchmarks following commonly-used evalua-
tion protocols. In Table 1, we categorize the previous meth-
ods based on the visual backbones and semantic augmenta-
tion methods, presenting a comprehensive comparative anal-
ysis on UCF and HMDB under EP 1 and EP 2. Note that



Method Venue Encoder SA Method! UCE HMDB
EP 1 EP2 EP1 EP2
Uni-modal Vision Training
TS-GCN (Gao, Zhang, and Xu 2019)  AAAI'19 GoogleNet WE!  36.14+48 - 23.2 -
CWEGAN (Mandal et al. 2019) CVPR’19 13D WE 269+28 - 30.2 -
ER-ZSAR (Chen and Huang 2021) ICCV’21 TSM ED! 51.8+29 - 353+46 -
DASZL (Kim et al. 2021) AAATI'21 TSM HA! 489+58 - - -
Adapting Pretrained VLMs
BIKE (Wu et al. 2023) CVPR’23 ViT-L/14 AT! 86.6 3.4 80.8 61.4+3.6 52.8
. , . CT 85.8+£33 79.6 58.1+5.7 49.8
Text4Vis* (Wu, Sun, and Ouyang 2023) AAATI’23 ViT-L/14 ST Aug. 89.5+29 842 637+32 529
, ViT-B/16 89.9+1.7 835 645+45 532
Open-VCLIP (Weng et al. 2023) ICML’23 ViT-L/14 CT 931419 879 685+4.0 583
VIiLT-CLIP (Wang et al. 2024) AAAI'24 ViT-B/16 PE! - 73.9 - 45.3
Ours V@T—B/16 ST Aug. 90.3+1.7 853 64.7+3.8 54.7
ViT-L/14 934 +22 88.6 68.7+4.5 58.7

I Semantic augmentation (SA); Word embeddings (WE); Elaborative descriptions (ED); Hand-craft attributes (HA); Category
text prompts (CT); Attribute text prompts (AT); PE: Prompt embeddings.

Table 1: Comparisons of ZSAR accuracies (%) on UCF and HMDB with EP 1 and EP 2. “*” denotes our re-evaluation.

there is a significant performance gap between the previous
uni-modal vision training methods and the methods adapting
pretrained VLMs to ZSAR. Among these, our method ex-
hibits the best performance on UCF and HMDB when using
either the ViT-B/16 or the ViT-L/14 encoder. In comparison
with other VLM-based methods, our method achieves bet-
ter performance than the second-best competitor, i.e., Open-
VCLIP, on both UCF and HMDB, with a margin up to
1.8% and 1.5% using the ViT-B/16 encoder. Remarkably,
our framework with ViT-B/16 backbone even outperforms
BIKE (ViT-L/14) by 7.8% and 5.9% on UCF and HMDB, re-
spectively. When compared with Text4Vis, the performance
gap is up to 9.0% on UCF’s EP 2. Furthermore, our seman-
tic augmentation method has demonstrated strong adaptabil-
ity. As a representative, by implementing our spatiotem-
poral text augmentation to Text4Vis, directly replacing its
category prompts without any retraining, Text4Vis (w/ ST
Aug.) has experienced promising improvements, with gains
of +3.7%, +4.6%, +5.6% and +3.1%, respectively.

Table 2 shows the comparison results under EP 3 and
K600 benchmark with different CLIP-based methods using
the ViT-B/16 backbone. Despite most of the methods use
category text prompts (CT) for semantic embeddings, recent
methods based on text augmentation, including MAXI and
Open-VCLIP++ with visual captions, AP-CLIP with action-
conditional prompts, and FROSTER with action descrip-
tions, yield consistent performance improvements. Com-
pared to OST with STD, our ST Aug. not only describes
spatial appearances and temporal evolutions of actions but
also possess the capability to discover spatial and temporal
interrelations with ASKG for nuanced text prompts, which
surpasses the best previous knowledge-based OST by 7.3%
on UCF and AP-CLIP by 1.7% on K600. We also compare
our proposed text augmentation with CT and STD based on
our vision backbone for fair comparison in Table 3. It can be
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Top-1 Acc. (%) of Zero-shot evaluation on UCF’s EP2
84.62 8457 8480 85.14 8533 video-class [C]

83.81 8525 video-class [S]

B frame-prompt [S]
video-class [ 1]

B frame-prompt [ 1]
video-class [S]+[ 1]

I frame-prompt [S]+[ 1]
CLIP

CJours

84
80
76
72
68
64

Figure 4: Effect of different combinations of text augmenta-
tion and alignment mechanisms for our method and CLIP.

observed that our ST Aug. consistently surpasses STD and
CT on three datasets. Besides, integrating with our backbone
rather than OST, STD leads to a notable increase in perfor-
mance with gains of 7.0% and 1.1% in UCF and K600, fur-
ther demonstrating the superiority of our method’s effective
spatiotemporal dynamics modeling.

Ablation Study

Effect of Space-time Cross Attention. Table 4 shows the
effects of the Window Shift Masking (WSM) and Multi-
scale Channel Mixing (MCM) with different adaptation
methods. For a fair comparison, we start with the frozen
CLIP as the baseline. In addition to our fully-tuned adap-
tation, we also evaluate prompt-based adaptation with the
frozen backbone, where only a MLP is tuned to trans-
form tokens after Space-time Cross Attention into prompts
prepended with visual tokens within each block. However,
fully-tuned adaptation consistently outperforms prompt-
based adaptation, suggesting the importance of sufficient
model capability for adapting to the video domain and
the need for an effective space-time fusing strategy. Ad-
ditionally, by simply implementing MCM with fully-tuned
adaptation, the accuracy on UCF is improved by 10.3%
and 10.4% with continual mixing by capturing dynamics



Method Venue SA Method UCF HMDB K600
ActionCLIP (Wang, Xing, and Liu 2021) arXiv’21 CT 583+34 408+54 66.7+1.1
X-CLIP (Ni et al. 2022) ECCV’22 CT 720+23 446+£52 652+04
MAXI (Lin et al. 2023) ICCV’23 vc! 782+0.7 523+06 71.5+0.8
VicTR (Kahatapitiya et al. 2024) CVPR’24 CT+AT 724+03 510123 -
OST (Chen et al. 2024) CVPR’24 STD! 779+13 549+11 73908
AP-CLIP (Jia et al. 2024) ACM MM’24 AP! 824+05 554+08 734+x10
Open-VCLIP++ (Wu et al. 2024) TPAMI'24 vC 839+0.6 556+14 734+08
FROSTER (Huang et al. 2024) ICLR’24 AD! 848+1.1 548+13 74.8+0.9
Ours ST Aug. 852+12 55902 751%0.7

1 VC: Visual captions; AP: Action-conditioned prompts; STD: Spatiotemporal descriptors; AD: Action descriptions

Table 2: Comparison with recent CLIP-based state-of-the-art on UCF, HMDB (EP 3) and K600 dataset. All methods are based
on CLIP ViT-B/16. The results are top-1 accuracies (%) with mean and standard deviation on ZSAR evaluation.

SE Method UCF HMDB K600
CT (Wang, Xing, and Liu 2021) 83.8 54.0 73.5
STD (Chen et al. 2024) 849 551 750
ST Aug. (Ours) 852 559 751

Table 3: Performance comparison (Top-1 Acc. (%)) with dif-
ferent semantic augmentation methods.

Adaptation WSM MCM UCF
Frozen X X 74.2
X Separate  79.8 (+5.6)
X Continual 80.1 (+5.9)
Prompt-based /g arate 82.3 (+8.1)
v Continual 82.7 (+8.5)
X Separate  84.5 (+10.3)
X Continual 84.6 (+10.4)
Fully-tuned v/ Separate  85.0 (+10.8)
v Continual 85.2 (+11.0)

Table 4: Effect of different operations in Space-time Cross
Attention and adaptation methods.

densely, achieving a slightly better performance than sep-
arate mixing. The most significant improvement is observed
when WSM and MCM are used in conjunction, culminating
in 85.0%(410.8%) and 85.2%(+11.0%) on UCF.

Effect of spatiotemporal text augmentation and align-
ment mechanisms. Figure 4 illustrates the effect of dif-
ferent implementations for text augmentation and align-
ment mechanisms. Notably, the proposed spatiotemporal
text augmentation [S]+[T] and frame-prompt alignment sig-
nificantly enhance performance of the vanilla CLIP on UCF
without additional finetuning on the videos, highlighting
its superior inference-time adaptability. However, for CLIP,
the improvement attributable to spatiotemporal text prompts
[S]+[T] is negligible compared with spatial text prompts [S],
indicating potential object bias of the CLIP. In contrast, our
proposed method achieves better results with spatiotempo-
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CLIP

Ours

[T]: This is a video of
archery, starting with
gripping the bow.

Alignment score: 0.68

[S]: This is a video of archery,
where a bow is used to shoot an  where aiming at the target comes

[T]: This is a video of archery,

arrow.
Alignment score: 0.73

before releasing the arrow.
Alignment score: 0.57

Figure 5: Visualizations of the attention maps and frame-
prompt alignment scores of Archery. Our framework consis-
tently prioritizes local body parts and objects participated in
the dynamic movements.

ral text prompts [S]+[T], showing a +1.08% improvement
over spatial text prompts [S], which validates its significant
multi-modal spatiotemporal understanding capability.

Visualization

Figure 5 presents the attention map visualizations of video
frames and text prompts with the highest alignment scores
obtained by our method. The attention maps of CLIP pri-
marily attend to the actor’s body and surroundings unrelated
to the actions being performed. Conversely, our framework
consistently prioritizes the key body parts (e.g., arms and
hands) and objects (e.g., bow and target) involved in the dy-
namic movements required for the action archery, which is
crucial for multi-modal spatiotemporal understanding.

5 Conclusion

In this work, we present a novel multi-modal spatiotemporal
expert for ZSAR. The Space-time Cross Attention integrates
a four-step operation, capturing cross-frame dynamics with-
out introducing additional parameters or increasing compu-
tational complexity. The spatiotemporal text augmentation
elaborates on static and dynamic concepts and their interre-
lations for action categories. Extensive evaluations consis-
tently validate the superior effectiveness of our framework.
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