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Abstract—Video recognition aims to interpret dynamic visual
content, a task increasingly addressed by transferring knowledge
from large-scale pre-trained Vision-Language Models (VLMs).
However, existing parameter-efficient fine-tuning (PEFT) meth-
ods often face a trade-off: they either ignore complex temporal
dynamics to maintain efficiency or incur high computational costs
through heavy temporal modules. To bridge this gap, we propose
TemAPT, a novel framework that enables robust temporal mod-
eling of vision-language models with minimal overhead. Unlike
methods relying on expensive attention mechanisms, TemAPT
introduces a token-level temporal shift strategy via zero-cost
channel re-indexing. This allows features to exchange information
across frames and progressively enlarges the effective temporal
receptive field throughout the encoder layers. Furthermore, to
improve cross-modal alignment, we devise a semantic-conditioned
adaptive prompt generator that dynamically aligns video rep-
resentations with class-specific textual semantics. Extensive ex-
periments on three widely used benchmarks demonstrate that
TemAPT achieves a superior balance between accuracy and
efficiency, outperforming state-of-the-art adaptation methods.

Index Terms—Temporal Shift, Prompt Generation, Adaptor
Tuning

I. INTRODUCTION

The ability to perceive dynamic scenes and interpret com-
plex temporal patterns is fundamental to human interaction
with the visual world. To endow machines with similar ca-
pabilities, video understanding has become a pivotal research
area in computer vision [1], [2]. Unlike static image analysis,
video action recognition requires not only identifying spatial
semantics within individual frames but also modeling the tem-
poral dependencies across frames to capture motion patterns
and event transitions. However, achieving robust spatiotem-
poral reasoning efficiently remains a formidable challenge,
particularly for real-time applications where both accuracy and
latency are critical constraints.

Recent advances in large-scale pre-training [3]–[5] have
revolutionized visual representation learning. Vision-Language
Models (VLMs), such as CLIP [3], have demonstrated remark-
able generalization capabilities by aligning visual and textual
semantics. However, directly adapting large pre-trained back-
bones to videos faces two practical obstacles. First, full fine-
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Fig. 1. Token-level Temporal Shift Mechanism. TemAPT achieves efficient
temporal modeling via a zero-cost token-level temporal shift.

tuning is expensive and may degrade the transferable knowl-
edge learned during pre-training [6]–[8], which is undesirable
for data-limited video benchmarks and real-time deployment.
Second, many temporal modeling strategies developed for
video backbones become prohibitively costly when applied to
large VLMs [9]–[11], especially those relying on heavy cross-
frame attention or complex temporal modules.

To reduce training cost, parameter-efficient fine-tuning
(PEFT) has emerged as a promising paradigm [1], [2], [6],
[8]–[10], [12]–[14], which aims to adapt frozen image-based
models to video domains by introducing a minimal number
of learnable parameters. Early attempts often treated videos
as unordered bags of frames or relied on simple temporal
pooling, failing to capture complex motion dynamics. To
address this, some methods introduced heavy MLP or 3D
convolution adaptors to explicitly model motion information
[10], [12], which significantly increase the computational
overhead, rendering them ill-suited for resource-constrained or
real-time applications. Other approaches adopt vision prompts
or sparse spatiotemporal attention mechanisms [1], [2], [6],
[14], to model temporal dynamics in a lightweight fashion,
avoiding extra computation dedicated to temporal modeling.
While relatively lightweight, these methods are inevitably
prone to failure when the recognition relies heavily on frame-



to-frame interactions, as they tend to focus on spatial semantics
while struggling to exchange information across the temporal
dimension effectively.

To bridge the gap between high efficiency and effective
temporal modeling, we propose TemAPT, a lightweight tem-
poral adaptation method that adapts image-pretrained vision-
language models for efficient video action recognition. As
shown in Figure 1, TemAPT introduces token-level temporal
shift with lightweight adaptors in a frozen encoder, enabling
cross-frame interaction via zero-cost channel re-indexing while
progressively enlarging the temporal receptive field through
layered local exchanges. As the layer goes deeper, tokens
propagate and aggregate cues over longer time spans through
repeated local exchanges, yielding a progressively enlarged
effective temporal receptive field. It naturally supports long-
range temporal modeling, while maintaining near-constant
computational overhead per layer. Then, a class-conditioned
multi-frame aggregator guided by the global semantic sum-
mary further dynamically weights frame-level embeddings and
forms a robust video-level representation. What’s more, differ-
ent from existing static learnable prompts, we further introduce
an adaptive prompt generation mechanism that is conditioned
on class semantics. During training, we freeze the pre-trained
parameters, and only optimize the newly introduced visual
adaptors and the adaptive prompt generator.

Our main contributions are as follows:
• We propose TemAPT, a simple yet effective framework

that adapts image-pretrained models to video recognition,
which effectively balances high computational efficiency
with robust temporal modeling.

• We introduce a zero-cost token-level temporal shift mech-
anism that injects explicit cross-frame interaction without
additional FLOPs.

• Extensive experiments on widely used benchmarks
demonstrate the competitive performance of our TemAPT
over the state-of-the-art methods.

II. RELATED WORK

A. Large-scale Pre-trained Vision-Language Models

Large-scale vision-language models (VLMs) pre-trained on
massive image–text pairs have become a cornerstone for
transferable visual representation learning [3]–[5]. Early mul-
timodal models [15], [16] typically relied on region features
from object detectors and modeled cross-modal interactions.
While they demonstrated initial success, their dependence
on region extraction pipelines and limited pretraining scale
constrained generalization. More recent contrastive pretraining
frameworks, represented by CLIP [3] and ALIGN [4], learn
aligned visual and textual embeddings in an end-to-end man-
ner, significantly improving zero-shot transfer and semantic
robustness. In parallel, VLMs [17], [18] have expanded capa-
bility toward instruction following and open-ended reasoning,
but their original designs are largely image-centric and do
not explicitly model temporal dynamics. Therefore, how to
efficiently transfer strong image-based VLM representations

to video understanding, without incurring prohibitive train-
ing/inference cost, remains a central challenge.

B. Parameter-efficient Video Adaptation for VLMs

As pre-trained models continue to scale up [3], [4], full fine-
tuning becomes increasingly costly and can risk overwriting
transferable knowledge, especially when downstream video
datasets are limited [6], [19]. Parameter-efficient fine-tuning
(PEFT) offers an attractive alternative by updating only a
small number of newly introduced parameters while keeping
the backbone largely frozen [7], [8], [20]. Recent works
extend PEFT to video by adapting frozen VLMs [2], [9],
[10], [12], [14], introducing modules like ST-Adapter [12] or
video-specific prompting strategies [1], [2], [14]. However, a
key limitation of existing PEFT-based video adaptations is
their weak temporal inductive bias, relying on frame-wise
adaptation with simple pooling or shallow temporal modeling,
leading to a trade-off between temporal capacity and effi-
ciency. These limitations motivate our work to inject explicit
temporal interaction into the pre-trained visual encoder while
maintaining efficiency.

III. METHOD

A. Overview

Figure 2 presents an overview of TemAPT, a parameter-
efficient framework that adapts an image-pretrained vision-
language model to video recognition with strong temporal
modeling capability and minimal overhead. Note that the
techniques introduced in this paper are versatile and can also
be applied to other prompt methods. In this paper, we leverage
CLIP [3] as a representative framework for its simplicity and
generality. TemAPT consists of three key components: (i) a
temporally shifted vision encoder, (ii) a semantic-conditioned
adaptive prompt generator, and (iii) a class-conditioned multi-
frame aggregator.

Given an input video V = {It}Tt=1 and class names
C = {ck}Kk=1, the vision encoder Ev extracts frame repre-
sentations {vt} with the token-level temporal shift adaptation.
Temporal context is progressively propagated into each vt

without expensive cross-frame attention. In parallel, the class-
conditioned prompt generator estimates the condition seman-
tics Cs and produces adaptive prompts pk for each class.
Then the frozen text encoder Et outputs the corresponding
text embedding tk. Guided by Cs, we aggregate {vt} into a
video-level representation and compute cosine similarity with
tk to obtain classification scores. During fine-tuning, all pre-
trained parameters are frozen, and only the added adaptation
components are updated, enabling efficient transfer.

B. Token-level Temporal Shift Mechanism

Since the pre-trained image encoder is originally designed
for image understanding, it inherently possesses strong spatial
modeling capabilities, but lacks explicit temporal modeling
capacity. To remedy this, we introduce a token-level temporal
shift mechanism within the pre-trained image encoder, to
effectively endow it with the ability to process video.
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Fig. 2. Overview of our proposed TemAPT, which mainly consists of three components, namely the temporal shifted vision encoder, class-conditioned frame
aggregator, and adaptive text prompt generator. During training, the pre-trained parameters are frozen, and only the newly introduced lightweight adaptation
modules are optimized. Color version recommended for better visualization.

As shown in Figure 2, the token-level temporal shift mecha-
nism injects temporal context through two key components: (i)
parameter-free token-level temporal shift units that exchange
partial feature channels across frames, and (ii) lightweight
residual adaptors that selectively refine the resulting spatio-
temporal mixed tokens. By repeating temporal exchanges and
refining across multiple layers, tokens progressively propagate
information over longer time spans as shown in the Figure 3,
yielding an enlarged effective temporal receptive field as depth
increases.

Given an input video V = {It}Tt=1, each frame It is first
tokenized into a sequence of (N+1) tokens (with a CLS token)
with feature dimension D. The token sequences from multiple
frames are then jointly processed layer by layer through the
encoder. At the l-th layer of the encoder, the input activations
O(l−1) can be denoted as {O(l−1)

t }Tt=1 ∈ RT×(N+1)×D. At
first, the temporal shift operator S(·) re-indexes a subset of
channels of O(l−1) along the temporal axis t to get the input
embedding X(l) of the l-th layer as:

X(l) =
[
X

(l)
1 , X

(l)
2 , ...,X

(l)
T ,
]
= S({O(l−1)

t }Tt=1). (1)

Concretely, we split the activations into three groups with
shifted scale factor γ, which are D · γ forward-shift channels,
D · γ backward-shift channels, and D − 2D · γ remaining-
unshifted channels as:

X
(l)
t =

[
(O

(l−1)
t−1 )→γ·D, (O

(l−1)
t )=D−2·γ·D, (O

(l−1)
t+1 )←γ·D,

]
,

(2)
where (·)→· and (·)←· denote the shifted channel subsets, and
(·)=· denotes the remaining unshifted channels. (O

(l−1)
t−1 )→γ·D

comprises the first γ ·D channels providing past context, and

(O
(l−1)
t+1 )←D·γ comprises last γ · D channels providing future

context. The remaining 2·γ·D channels remain unchanged. For
the temporal boundary frames where t+1 or t−1 do not exist,
we apply zero-padding to the shifted channels. This operation
introduces temporal context through local exchanges without
constructing explicit pairwise attention between frames.

What’s more, to effectively capture the temporal dynamics
of video, we further introduce lightweight adaptors, which
guide the pre-trained model to adapt to the temporally mixed
sequences to explicitly model motion cues. As shown in Figure
2, we incorporate sequential lightweight adaptors within all
layers of the pre-trained encoder to generate the temporal
embedding O

(l)
t of frame t. Specifically, each block contains

two lightweight adaptors. One is placed after the multi-head
self-attention (MHSA), and the other after the MLP. For frame
t, the adaptation block of l-th layer can be expressed as
follows:

X̂
(l)
t = X

(l)
t + adaptor(MHSA(LN(X

(l)
t ))),

O
(l)
t = X̂

(l)
t + adaptor(MLP(LN(X̂

(l)
t ))),

(3)

where X
(l)
t represents the input activation of frame t for the

l-th layer.
In all layers, the adaptors adopt a bottleneck structure to

minimize the extra parameter overhead, consisting of two
linear transformations for dimension up and down from D to
r. To further enhance the adaptation of the temporal token
shifting, we incorporate a non-linear activation σ(·) and a
depth-wise 1D convolution layer DWConv1d(·) within the
bottleneck. Formally, at the l-th layer, given the activation



X(l) ∈ RT ·(N+1)·D, the adaptor computes:

X̃(l) = σ(DWConv1d(LN(X(l)) ·Wdown)) ·Wup, (4)

where Wdown ∈ R
D×r and Wup ∈ R

r×D are learnable
projectors. LN(·) denotes layer normalization. After all L
encoder layers, we take the temporally enhanced CLS token
of each frame as the frame representation:

vt = O
(L)
t [0] ∈ RD, (5)

yielding a set of temporally-aware frame embeddings {vt}Tt=1.

C. Adaptive Text Prompt Generation

Existing prompt-based adaptation methods typically learn
static prompt tokens shared across categories, which can be
inadequate for fine-grained recognition with subtle, diverse
class semantics. To address this, we propose a global-aware
adaptive prompt generator that models inter-class relationships
and derives a holistic semantic condition to guide both prompt
generation and video aggregation.

To provide conditions for the subsequent prompt generation
and frame aggregation, we first evaluate the global semantics
among all classes. Specifically, given the embeddings of all K
classes {ek}Kk=1, we introduce a learnable global query token
qg and concat it with the classes sequence as:

H(0) = {qg; e1; ...; eK}. (6)

We first perform multi-head self-attention over the class set to
explicitly model inter-class relationships as:

H(1) = MHSA(LN(H(0))). (7)

The updated global token encodes holistic semantics across
classes as:

Hg = H(1)[0], (8)

while each class token H
(1)
1:K integrates contextual information

from other classes. Intuitively, H
(1)
g serves as a compact

global semantic summary, which provides a principled basis
for subsequent multi-frame aggregation on the visual side.

Subsequently, we refine the class-specific conditions via
a cross-attention mechanism utilizing a learnable semantic
prototype bank. We maintain a set of learnable vectors M =
{mj}Jj=1, which serves as a compact semantic memory. To
retrieve complementary semantic factors, the contextualized
class tokens interact with this bank. During generation, each
contextualized class token queries this bank to retrieve com-
plementary semantic factors. Specifically, we compute the up-
dated feature representation H(2) with cross-attention between
the input class tokens H

(1)
1:K and the prototype memory M:

H(2) = softmax

(
(H

(1)
1:KWQ)(MWK)⊤√

d

)
(MWV ), (9)

where WQ, WK , and WV denote the learnable linear projec-
tions, and

√
d is the scaling factor. The output H(2) yields the

final class-conditioned semantics ck ∈ RD for each category:

ck = H(2)[k], k = 1, . . . ,K. (10)
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Fig. 3. Receptive Field Growth Across Layers. Best viewed in color.

Finally, we generate the adaptive prompt tokens associated
with class k through a lightweight MLP:

pk = MLP(ck), (11)

The adaptive prompts pk are then inserted in front of the
token sequence of class k, which is then fed into the frozen
text encoder Et to produce the final textual prototype tk.
Compared with static learnable prompts shared across classes,
our adaptive prompt generator produces class-aware prompts
that better capture subtle semantic differences, thus improving
discrimination in fine-grained settings.

D. Class-conditioned Multi-frame Aggregation
Standard video-language models typically utilize mean

pooling to aggregate frame-level features into a video-
level representation. However, this approach treats all frames
equally, neglecting the fact that discriminative visual cues are
often sparse and embedded in specific temporal segments.
To address this, we propose a class-conditioned aggregation
strategy that leverages the global semantic summary Hg

(derived in Section III-C) to dynamically weigh the importance
of each frame.

Formally, given the sequence of frame embeddings {vt}Tt=1

and the global semantic token Hg , we employ a cross-attention
mechanism to compute the relevance of each frame to the
target semantic concepts. We first project the global semantic
token into a query vector, and the frame embeddings into key
vectors:

q = HgW
a
q , kt = vtW

a
k, (12)

where Wa
q and Wa

k are learnable projection matrices. The
temporal attention weights α = {αt}Tt=1 are computed via a
softmax operation over the scaled dot-product similarities:

αt =
exp(q · k⊤t /

√
D)∑T

j=1 exp(q · k⊤t /
√
D)

. (13)

The attention weights αt explicitly reflect the semantic im-
portance of the t-th frame relative to the global class context.
Then the final video-level representation vvideo is obtained by
the weighted summation of frame embeddings:

vvideo =

T∑
t=1

αtvt + vmean, (14)

where vmean = 1
T

∑
vt is a residual connection to stabilize

training.



TABLE I
COMPARISON WITH THE STATE-OF-THE-ART METHODS ON KINETICS-400

[21].

Method & Arch. Params. Views Top-1 Top-5 GFLOPs

ImageNet/JFT-300M/Kinetics Initialization

MViT-B/16 [22] 37M 64× 3× 3 81.2 95.1 4095
UniFormer-B/16 [11] 50M 32× 4× 3 83.0 95.4 3108
TimeSformer-L/14 [23] 121M 64× 1× 3 80.7 94.7 7140
ViViT-L [24] 311M 32× 1× 1 80.6 92.7 3980
VideoSwin-B/16 [25] - 32× 4× 3 82.7 95.5 3384
MViTv2-B/16 [26] 51M 32× 1× 5 82.9 95.7 1125

CLIP-400M Initialization (Fully Fine-tuning)

ActionCLIP-B/16 [6] 142M 32× 10× 3 83.8 97.1 16890
X-CLIP-B/16 [9] 156M 8× 4× 3 83.8 96.7 3444

CLIP-400M Initialization (Parameter-efficient Fine-tuning)

EVL-B/16 [10] 29M 8× 1× 3 82.9 - 444
VideoPrompt-B/16 [8] 10M 16× 1× 5 76.9 93.5 1435
ST-Adapter-B/16 [12] 11M 32× 3× 1 82.7 96.2 1821
AIM-B/16 [19] 11M 8× 1× 3 83.9 96.3 624
Vita-CLIP-B/16 [27] 39M 16× 4× 3 82.9 96.3 2280
m2-CLIP-B/16 [14] 16M 8× 4× 3 83.4 96.3 2568

TemAPT ViT-B/16 6.86M 8× 1× 3 83.8 96.3 549
TemAPT ViT-B/16 6.86M 16× 1× 3 84.7 96.9 842

IV. EXPERIMENTS

A. Experimental Setup

Datasets. We evaluate TemAPT on three standard
video recognition benchmarks: Kinetics-400 (K400) [21],
Something-Something V2 (SSV2) [28], and HMDB51 [29].
K400 provides large-scale and diverse data for general video
recognition, SSV2 focuses on fine-grained temporal reasoning
and subtle motion patterns, and HMDB51, with limited data
and high intra-class variance, evaluates data efficiency and
transferability.

Implementation Details: We instantiate TemAPT on CLIP
ViT-B/16 [3]. During adaptation, the pre-trained image and
text encoders are frozen. We train for 200 epochs using
AdamW with a cosine learning rate schedule, a peak learning
rate of 5×10−3, and weight decay of 3×10−4. We uniformly
sample T frames from each video using Decord 0.6.0, resize
frames to 256 × 256, center-crop to 224 × 224, and apply
ImageNet normalization. All experiments are conducted with
PyTorch 2.3.1 on four NVIDIA L20 GPUs.

We report Top-1/Top-5 accuracy on Kinetics-400 and
Something-Something V2, and Top-1 accuracy on HMDB51,
following prior works [6], [9], [10], [12]. Moreover, we report
the number of learnable parameters and GFLOPs to measure
the efficiency. The computation of class text embeddings (i.e.,
the text encoder forward for class prompts) is excluded since
they are precomputed and cached, ensuring fair efficiency
comparison across PEFT methods.

B. Comparisons with the State-of-the-arts

1) Results on Kinetics-400: Table I compares TemAPT
with representative fully fine-tuned CLIP-based methods and
parameter-efficient adaptations. With only 6.86M learnable
parameters, TemAPT achieves 83.8% Top-1 accuracy under
the 8 × 1 × 3 setting, matching or surpassing competitive

TABLE II
COMPARISON WITH THE STATE-OF-THE-ART METHODS ON

SOMETHING-SOMETHING V2 [28].

Method & Arch. Params. Views Top-1 Top-5 GFLOPs

ImageNet/Kinetics Initialization

TimeSformer-L/14 [23] 121M 64× 1× 3 62.4 - 7140
ViViT-L [24] 311M 16× 4× 3 65.4 89.8 11892
MViT-B/16 [22] 37M 32× 1× 3 67.1 90.8 510
MViTv2-B/16 [26] 51M 32× 1× 3 70.5 92.7 675
UniFormer-B/16 [11] 50M 32× 1× 3 71.2 92.8 777

CLIP-400M Initialization (Fully Fine-tuning)

ViT-B/16 [3] 86M 8× 1× 3 44.0 77.0 419
ViT-L/14 [3] 303M 8× 1× 3 48.7 77.5 1941

CLIP-400M Initialization (Parameter-efficient Fine-tuning)

VPT-B/16 [7] 6M 8× 1× 3 36.2 61.1 537
AdaptFormer-B/16 [13] 8M 8× 1× 3 51.3 70.6 544
Pro-tuning-B/16 [30] 9M 8× 1× 3 50.8 69.9 538
EVL-B/16 [10] 29M 8× 1× 3 61.0 - 512
AIM-B/16 [19] 14M 8× 1× 3 66.4 90.5 624
m2-CLIP-B/16 [14] 16M 8× 3× 1 66.9 90.1 2568
ST-Adapter-B/16 [12] 11M 32× 3× 1 67.1 91.2 1467

TemAPT ViT-B/16 6.86M 8× 1× 3 67.4 91.0 537
TemAPT ViT-B/16 6.86M 16× 1× 3 68.5 91.9 835

TABLE III
COMPARISON WITH STATE-OF-THE-ARTS ON HMDB51 [29].

Method Pre-training Top-1

ImageNet/Kinetics Initialization

STC [31] K400 72.6
R(2+1)D-34 [32] K400 74.5
I3D [33] ImageNet+K400 74.8
FASTER32 [34] K400 75.7
SlowOnly-R101 [35] OmniSource 79.0

CLIP-400M Initialization

VideoPrompt-B/16 [8] CLIP-400M 66.4
ST-Adapter-B/16 [12] CLIP-400M 69.8
EVL-L/14 [10] CLIP-400M 71.4

TemAPT ViT-B/16 CLIP-400M 74.2

PEFT baselines while maintaining a low computational foot-
print. Notably, compared with methods that rely on heavier
temporal modules or larger adaptation capacity (e.g., EVL
and ST-Adapter), TemAPT attains a more favorable accu-
racy–efficiency balance, validating that our proposed TemAPT
can serve as an effective temporal adaptation method for
efficient image-pretrained VLMs transfer.

2) Results on Something-Something V2: Something-
Something V2 requires fine-grained temporal reasoning where
simple frame pooling often fails. As shown in Table II,
TemAPT achieves 67.4% Top-1 with 8 frames and further
reaches 68.5% when using 16 frames. It outperforms prior
PEFT approaches such as VPT [7], AdaptFormer [13], and
Pro-tuning [30], while remaining computationally efficient.
These results suggest that explicit cross-frame feature ex-
change introduced by the temporal shift is crucial for motion-
centric datasets.

3) Results on HMDB51: We further evaluate generalization
on the smaller HMDB51 dataset. Table III shows that TemAPT
achieves 74.2% Top-1 accuracy, outperforming CLIP-based



TABLE IV
COMPARISON OF PRACTICAL EFFICIENCY. LATENCY AND THROUGHPUT

ARE MEASURED WITH A BATCH SIZE OF 1 ON A SINGLE L20 GPU.

Method GFLOPS Latency (ms) Throughput (V/s)

UniFormer-B/16 [11] 777 296.7 3.37
EVL-B/16 [10] 512 107.3 9.31

TemAPT ViT-B/16 429 66.9 14.94

PEFT baselines such as VideoPrompt [8] and ST-Adapter
[12]. This indicates that our TemAPT is effective under
limited training data, benefiting from freezing the strong CLIP
backbone while learning a compact yet expressive temporal
adaptation.

C. Practical Efficiency

Beyond GFLOPs, real deployment performance depends
on end-to-end latency and throughput. We therefore measure
practical efficiency on a single NVIDIA L20 GPU with batch
size 1, reporting average latency per video and throughput
(videos/s).

As summarized in Table IV, TemAPT achieves 66.9 ms
latency and 14.94 videos/s, outperforming EVL [10] of 107.3
ms, 9.31 videos/s, and significantly faster than heavier video
backbones, e.g., UniFormer [11]. This gain primarily stems
from the temporal shift, which is parameter-free and introduces
no extra attention computation. These results demonstrate that
TemAPT is well-suited for real-time and resource-constrained
video recognition.

TABLE V
ABLATION STUDY ON MAIN COMPONENTS OF TEMAPT.

Method Params. Kinetics-400 GFLOPs

CLIP with Temporal Pooling 0.0M 42.2 152.4
+ Temporal Shift 5.12M 78.6 173.3
+ Text Prompt 6.85M 80.6 181.5
+ Multi-frame Aggregation 6.86M 81.2 183.1

D. Ablation Studies

We conduct ablations on Kinetics-400 using 8 frames and
a single spatial view to isolate the effect of each component.

1) Effectiveness of Main Components: Table V shows the
incremental contributions of each module. A frozen CLIP
with naive temporal pooling achieves only 42.2%, indicating
limited video understanding. Token-level temporal shift boosts
performance to 78.6%, demonstrating the importance of cross-
frame interaction. The adaptive text prompt generator fur-
ther improves accuracy to 80.6%, enhancing vision–language
alignment, while class-conditioned multi-frame aggregation
reaches 81.2%, benefiting from semantic-guided frame weight-
ing. Overall, all components contribute consistently with mod-
est overhead.

2) Analysis of the Temporal Shift Mechanism: We analyze
the shift direction and the shift scale factor γ in Table VI.
First, bidirectional shift performs best at 81.2% on K400 and

TABLE VI
ABLATION STUDY ON TEMPORAL SHIFT MECHANISM.

Method Kinetics-400 SSV2

Effectiveness of Shift Direction

Forward-shift only 72.6 62.4
Backward-shift only 77.4 64.1
Bidirectional shift 81.2 65.3

Shift Scale Factor γ

γ = 1/16 80.3 64.6
γ = 1/8 81.2 65.3
γ = 1/4 80.9 64.1
γ = 1/2 79.6 62.9

65.3% on SSV2, outperforming forward-only and backward-
only variants. This suggests that leveraging both past and
future context yields more balanced temporal cues. Second,
varying γ reveals a clear trade-off: too small a shift limits
temporal exchange, while too large a shift harms spatial
representation capacity by overmixing channels. Empirically,
γ=1/8 achieves the best overall performance, and we adopt
it as the default.

TABLE VII
ABLATION STUDY ON THE TEXT PROMPT GENERATION.

Method Kinetics-400 GFLOPs

Class Modeling Method

AvgPool 80.3 175.6
MLP 80.7 179.5
1D-Conv 80.9 179.9
Self-attention 81.2 183.1

Effectiveness of Semantic Bank

w/o Bank 80.7 181.8
w Bank 81.2 183.1

3) Ablation on Adaptive Prompt Generation: Table VII
investigates design choices of class modeling and seman-
tic memory. Among different class modeling methods, self-
attention achieves the strongest performance of 81.2%, in-
dicating that explicitly modeling inter-class relationships is
beneficial for producing discriminative prompts. Moreover,
adding the semantic prototype bank provides a consistent gain
(80.7% → 81.2%), suggesting that retrieving complementary
semantic factors helps enrich class-conditioned representations
beyond a single deterministic mapping.

TABLE VIII
ABLATION STUDY ON THE MULTI-FRAME AGGREGATION.

Method Kinetics-400 GFLOPs

Learnable Weights 80.7 181.5
Self-attention 80.9 181.7
Learnable Query 80.7 182.9
Class-condition 81.2 183.1

4) Ablation on Multi-frame Aggregation: We compare mul-
tiple aggregation strategies in Table VIII. Simple learnable



weights and generic self-attention offer limited improvements.
In contrast, our class-conditioned aggregation achieves the best
performance of 81.2% with negligible extra compute. This
validates our hypothesis that semantic-guided frame weighting
can better focus on temporally sparse cues, leading to a more
robust video representation.

V. CONCLUSION AND FUTURE WORK

In this paper, we propose TemAPT, a parameter-efficient
temporal adaptation framework for zero-cost temporal in-
ductive bias injection into frozen VLMs, suggesting that
lightweight structural re-indexing can substitute heavy tem-
poral attention. Experiments on three benchmarks show that
TemAPT achieves a strong accuracy–efficiency trade-off with
favorable practical latency. A limitation is that shift-based local
exchanges may be suboptimal for very long-range temporal
reasoning, and our current evaluation focuses on trimmed
action classification. Future work includes improving long-
range token mixing, extending TemAPT to long-form videos
and dense video understanding tasks (e.g., localization), and
exploring broader video-language applications.
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