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Abstract

Zero-shot Temporal Action Localization (ZS-TAL) aims to detect and locate previously
unseen actions in untrimmed videos. However, existing approaches primarily focus on
modeling long-range contextual information, often neglecting the critical relative-offset-
based local correlations between video frames. Furthermore, their performance is hin-
dered by limited feature representation capabilities due to the shallow nature of their
network architectures. In this paper, we address these limitations by introducing a novel
local-global multi-scale feature representation module. We propose a novel multi-scale
encoder architecture, termed ConTrans, that integrates convolutional (Conv) inductive
biases with transformer Self-attention to jointly capture fine-grained local dependencies
and long-range global context, leading to more comprehensive feature representations
than existing methods. Experimental evaluations on the ActivityNet-1.3 and THU-
MOS14 datasets demonstrate that ConTrans significantly outperforms existing methods,
establishing a new benchmark for ZS-TAL.

Keywords: Cross-modal representation learning, hierarchical feature representation,

temporal action localization, zero-shot learning.

1. Introduction

Temporal action localization (TAL) aims to detect and classify actions in long, untrimmed
videos. Most existing TAL approaches [1, 2] operate under a closed-set assumption, where
training and inference share the same action categories. However, real-world applications
such as video retrieval and anomaly detection require recognizing unseen actions, motivating
zero-shot temporal action localization (ZS-TAL). ZS-TAL enables models to localize actions
from novel categories without labeled training examples. Large-scale vision—language (ViL)
models, including CLIP [3], ALIGN [4], UniCL [5], and ZIM [6], have demonstrated strong
zero-shot generalization by aligning visual and textual representations using large-scale web
data. Beyond image understanding |7, 8], these models have significantly improved robust-
ness and generalization in video tasks such as action recognition [9, 10], captioning [11, 12],
and object tracking [13]. zero-shot inference is typically performed by measuring similarity
between visual features and text embeddings representing semantic queries, making ViL
representations promising for ZS-TAL.

Recently, zero-shot temporal action detection (ZS-TAD) has gained attention as a re-
lated task. STALE [14] is an early and influential method that aligns visual and textual
embeddings within a one-stage detection framework, preserving foreground information via
representation masking and improving classification through text prompt tuning (TPT).
Subsequent work [15] further explores multi-modal prompt learning to adapt CLIP for tem-
poral detection while reducing computational cost by pretraining prompts on image datasets
and freezing them during TAD training.

Despite this progress, existing ZS-TAD methods struggle to capture fine-grained temporal
cues and lack effective modeling of contextual interactions between visual and textual modal-
ities, leading to imprecise action boundaries and limited robustness in complex videos. To
address these limitations, we propose ConTrans, a novel framework that enhances zero-shot

*kanchan.keisham@vit.ac.in, takilan@lakeheadu.ca

This article is (©) 2026 by author(s) as listed above. The article is licensed under a Creative Commons
Attribution (CC BY 4.0) International license (https://creativecommons.org/licenses/by/4.0/legalcode),
except where otherwise indicated with respect to particular material included in the article. The article
should be attributed to the author(s) identified above.




temporal action localization through Text-enhanced temporal representations. ConTrans
integrates semantic textual information with visual features via multi-scale fusion and at-
tention mechanisms, capturing both global and local context across modalities. This design
improves sensitivity to subtle temporal variations and enables more accurate localization
and recognition of unseen actions in open-set video scenarios.

In summary, the main contributions of this work are as follows:

e A novel self-attention model for ZS-TAL: We propose ConTrans, combin-
ing self-attention and Conv to capture long-range temporal dependencies and fine-
grained local motion, addressing both contextual reasoning and precise action bound-
ary localization.

e Text-enhanced multi-scale visual-textual fusion: A hierarchical mechanism
aligns visual and textual features across temporal scales, leveraging semantic guid-
ance to improve cross-modal interactions and zero-shot action localization.

e Rich temporal representation for open-set detection: Attention-based cross-
modal reasoning produces rich temporal features sensitive to subtle boundary vari-
ations, enabling accurate detection of unseen actions in complex videos.

e Improved performance in ZS-TAL: ConTrans achieves state-of-the-art results
on benchmark datasets ActivityNet-1.3 [16] and THUMOS14 [17], demonstrating
robust performance in zero-shot temporal action localization.

2. Related Work
2.1. Temporal action localization

TAL aims to detect and classify action segments in long, untrimmed videos. Existing
methods fall into two categories: (i) Two-stage approaches that first generate temporal
proposals and then classify them [18, 19], and (ii) Single-stage approaches that perform
classification and localization in a single forward pass [20]. Recent state-of-the-art methods
focus on proposal-free models for better efficiency and accuracy. Transformer-based models
like Actionformer [2] generate multi-scale feature representations while simultaneously clas-
sifying actions and detecting boundaries. However, they require full supervision and large
datasets, which are often impractical. Inspired by proposal-free methods, we introduce a
simple yet effective solution to generalize to unseen actions with minimal training data.

2.2. Zero-shot temporal action localization

In zero-shot settings, the goal is to detect and localize unseen action instances not present
in the training data. EffPrompt [21] introduced zero-shot temporal action localization (ZS-
TAL) with a two-stage approach, generating action proposals and classifying them using
CLIP [3]. ZEETAD [22] employs CLIP to encode RGB frames and action categories, using
frame-level similarity to construct semantic representations. However, such a formulation
primarily captures single-scale semantics and may struggle with temporally complex or
motion-dependent actions. Our method addresses this limitation by integrating visual and
textual features at multiple scales, allowing semantic alignment to adapt across varying
temporal extents. However, it is computationally expensive due to redundant proposals.
STALE [14] offers a single-stage approach with parallel classification and localization, using
class-agnostic masking for adaptability but lacking explicit boundary regression. UnLoc
[23] builds a feature pyramid to classify actions and detect boundaries at each frame. [15]
improves cross-modal alignment with multi-modality prompting but relies on a complex two-
step training process. GAP [24] enhances action proposals using static CLIP information
but remains inefficient due to its two-stage nature. To address these issues, we propose a
one-stage model that efficiently classifies actions and detects temporal boundaries.



2.3. Vision Language

Vision-language models (VLM) combine computer vision and natural language processing
to address tasks like image-text retrieval [25] and visual question-answering [26]. Pre-trained
on large-scale image-text pairs, VLMs can be applied to visual recognition tasks without
additional fine-tuning. CLIP [3], a large-scale VLM trained with an image-text contrastive
objective, has shown outstanding zero-shot performance [27]. Recently, CLIP has been
adapted for video tasks such as text-based action localization [28], typically using a two-
stage approach involving foreground cropping and alignment. However, this process suffers
from error propagation, where mistakes in the first stage affect the second. To overcome
this, we propose a single-stage model for simultaneous classification and localization without
additional CLIP fine-tuning.

3. Proposed method

This section provides a comprehensive overview of our proposed ConTrans model, with the
overall framework illustrated in Fig. 1. We begin by defining the problem in Subsection 3.1.
Next, Subsection 3.2 discusses how the pre-trained CLIP model is utilized as an embedding
module for ZS-TAL. Finally, Subsection 3.3 delves into the proposed local-global multi-scale
feature representation module, detailing its role in action classification and localization.
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Figure 1. Overview of the proposed ConTrans architecture.

3.1. Problem definition

The main goal of the proposed method is to identify temporal action instances in unseen
videos, defined by their start time, end time, and action label. For instance, in the dataset
used in ZS-TAD, each untrimmed video V', consisting of S snippets, is associated with a set
of action annotations L = {(t%,¢,y")}5_,, where ! and ¢’ denote the start and end times
of the i-th action instance, and y* € Y is its action label. Both closed-set and open-set
scenarios are examined. In the closed-set scenario, the training and evaluation action labels
are identical (Yirqin = Yuai), whereas in the open-set scenario, the action labels for training

and evaluation are mutually exclusive (Yirqin N Yo = 0).



3.2. Pre-trained CLIP as encoding module

Recent studies [14] leverage CLIP as the backbone for ZS-TAD due to its strong zero-shot
transfer capability. CLIP is pre-trained on 400 million image-text pairs and maps visual
and textual inputs into a shared latent space using image and text encoders. For ZS-TAD,
we use the pre-trained CLIP encoders to extract visual and textual features, keeping the
model frozen during training. For visual encoding, we sample T consecutive frames from
a video V = {ly,lz,--- ,Ir}. The CLIP image encoder extracts visual features F' € RT*D,
where D is the feature dimension and 7T is the number of sampled frames. To capture
global temporal context, we apply a multi-head attention (MHA) mechanism [29] with
(query, key,value) = (F, F, F'), producing refined visual features F), as shown in Eq. (3.1).

F,=MHA(F,F,F) € R"*P, (3.1)

Textual Encoding— Each action category y; € Y is represented using a template, “a video
of <action>”, where <action> is replaced by the class label y;. This text prompt, Pr, is fed
into the pre-trained CLIP text encoder to obtain textual embeddings. Let T, € RY % denote
the resulting embeddings for all Y action classes, where C is the embedding dimension. Since
temporal action localization also requires background classification, we introduce a learnable
background embedding b, € R'*¢ and append it to T}, as in Eq. (3.2):

T;" = [Ty;b,] € RVFDXC, (3.2)

The refined textual features F; are then obtained using a multi-head attention mechanism,
as defined in Eq. (3.3). Positional encoding (PE) is excluded from both visual and textual
branches, as our ablation study indicates that it degrades performance.

F, = MHA(T;F, 775, T;F) e RVHD*D, (3.3)

3.3. ConTrans module

Fig. 2 illustrates the high-level structure of the proposed ConTrans module, while Fig.
provides a detailed connectivity diagram of a ConTrans layer. The ConTrans module con-
sists of multiple stacked ConTrans layers followed by strided depthwise 1D Conv layers.
Each ConTrans layer is designed to capture both local and global cross-modal interactions
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Figure 2. The proposed ConTrans module, which comprises “E” number of ConTrans
layers, with each layer followed by a strided 1D-Conv for downsampling.
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Figure 3. A detailed view of the ConTrans layer. It captures both local and global context
via a combination of cross-attention and convolutional layers.

between textual and visual features at multiple hierarchical levels. This hierarchical de-

sign progressively refines cross-modal representations, enabling accurate detection of actions
across varying temporal durations. As shown in Fig. :

)]

}, each ConTrans layer comprises a
cross multi-head attention module, followed by a Conv layer and a feed-forward network,

with layer normalization applied throughout to ensure training stability. Given visual fea-
tures F, and textual features F;, the model uses contextual visual information to guide
textual representations in identifying informative temporal regions. Specifically, text fea-
tures act as queries, allowing the model to focus on video regions most relevant to each
action category. This design is especially effective in zero-shot settings, where textual se-

mantics provide critical guidance for localizing unseen actions. To this end, we employ
cross-attention with (query, key, value) = (Fy, F,, F,), as in Eq. (3.4)
q =Wy LN (F;) € RY+Dxd
k=W LN (F,) € RT*4,
v =W, LN(F,) e RT*4,
where W, Wy, W, € RP*? are learnable projection matrices. The output of the multi-head

cross-attention mechanism, followed by a feed-forward layer, F'F'(-), and layer normalization,

LN (-), is defined in Eq. (3.5).

(3.4)

MHA(q, k,v) = Concat(heady, heads, - - - , heady); head; = Attention(q, k, v)

C, = LN (FF(MHA)), (8:5)

where C, € RY+1xd 5 the final cross-attention output. To model local cross-modal corre-
lations, C, is first projected into temporal dimension 7" x d and processed by a Conv block.
This block complements the global context captured by attention by learning fine-grained

local dependencies. The Conv output is combined with a residual connection and normalized
to generate C,, as expressed in Eq. (3.6).

C, = LN(C, + Conv(C,)). (3.6)



Inspired by [30], the Conv block consists of a pointwise Conv with a gated linear unit
(GLU), followed by a 1D depthwise Conv and batch normalization (see Fig. 3). The resulting
C, captures both local and global cross-modal context at each ConTrans layer. To obtain
rich multi-scale temporal representations, the output of each ConTrans layer is downsampled
using 2x strided depthwise 1D Conv [2] before being passed to subsequent layers as:

Co=Co(1); Cc=LN(FF(MHA(C)))), and
Ceo. = LN((C; + Conv(Cy)),i = {1, -+, E}.
Thus, {C,, Ce,,Ce,,- - -Cg} represents the output from E ConTrans layers. To enable the
model to leverage both low-level and high-level representations, we then concatenate the
multi-scale outputs as shown in Eq. (3.8).
Cy = Concat(Ce, Ce,,Ce,, - ,Cg). (3.8)

For action classification, the class probability Prob is computed by the dot product between
Cy and the refined text features F; as defined in Eq (3.9).

Prob = Softmax(FthT) (3.9)

where Prob; ; denotes the probability of the i-th class at the the j-th temporal snippet. For
temporal localization, we follow prior work [14, 15] and predict 1D action masks over the
full video duration. A stack of three 1D-Conv layers operates on C'y to produce foreground
probabilities A;, € RT*1, where each element represents the likelihood of an action at the
corresponding temporal snippet as shown in Eq ( ).

A, = Sigmoid(1D-CNN(CY)). (3.10)

(3.7)

In addition, the model indicates the presence and strength of action at each snippet by
generating a confidence score Conf using a series of Conv layers, as shown in Eq ( ).
Higher confidence values facilitate more accurate boundary estimation,

Conf = ReLU(1D-CNN(CY)). (3.11)

4. Training objective and Inference

For label assignment, the ground-truth annotations are structured as follows. Given a
training video with annotated temporal intervals and class labels, all snippets within the
duration of an action instance are assigned the same action class, while snippets outside any
action interval are labeled as background. For each action snippet in the class stream, we
assign a binary instance mask in the action mask stream that spans the entire video length at
the corresponding snippet index. All snippets belonging to the same action instance share
the same instance-specific mask. For action classification, we employ the cross-entropy
loss L. between the predicted class probabilities p € Prob and the ground-truth labels
y € RY+TDXC for each action snippet, as defined in (4.1).

L. = CrossEntropy(p, y). (4.1)
For the action localization loss, binary dice loss [14] along with weighted cross-entropy loss

is computed between the predicted action mask A € RTXY of the i — th action snippet and
the ground-truth action mask g € RTXY as defined in (4.2).

T

M =35y g(t)log(A(t) + By Y (1= g())(1 — log(A(t)))
i=1 i=1 (42)

A (1 _ ATy ) ,
S (A())2 + (9(1))?2




where ¢, (5 are the inverse of the foreground /background snippet’s proportion and A=0.4
is the loss trade-off coefficient. For the generated confidence score, we adopt L2 loss to
calculate regression error and set the weight term A=10. Thus, the overall loss is as follows:

Loss=L.+ M+ X\ x L2. (4.3)

During testing, action instance predictions for each test video are generated using the
classification predictions Prob and the mask predictions A. For Prob, we only consider
snippets where the class probabilities surpass a threshold 6. and select the highest-scoring
snippets. For each of these high-scoring action snippets, the corresponding temporal mask is
obtained by applying a threshold to the ¢;-th column of A using the localization threshold ©.
To ensure a sufficient number of candidates, we use a set of thresholds © = {6;}. For these
candidate snippets, the confidence score s is calculated by multiplying the classification
score by the maximum mask score. Finally, SoftNMS [31] is applied to obtain the top-
ranked results. The proposed method is evaluated using two standard ZS-TAL datasets:
ActivityNet-1.3 [16], and THUMOS14 [17]. ActivityNet-1.3 consists of 200 action categories
and a total of 19,994 videos. In accordance with the standard protocol, the dataset is
split into training, validation, and test sets in a 2:1:1 ratio. THUMOS14 contains 20 action
categories with 200 validation videos and 213 test videos. Both datasets include annotations
for temporal boundaries and corresponding action labels.

4.1. Implementation details

For fair comparison with prior works [14, 15, 23|, we adopt a pre-trained CLIP (ViT-B/16)
visual and text encoders with feature dimension D =512, keeping them frozen during train-
ing. The encoder, i.e., ViT-B/16 + Transformer, is used to generate textual embeddings.
Video frames are resized to 224x224, and 77 textual tokens are used for both datasets [14].
Extracted features are temporally rescaled to 100 and 256 for ActivityNet-1.3 and THU-
MOS14, respectively. The model employs 4 ConTrans blocks with 8 attention heads and is
trained for 9 epochs using the Adam optimizer, with learning rates of 10~* for ActivityNet-
1.3 and 107° for THUMOS14. Performance is evaluated using the standard metric mean
average precision (mAP) at multiple ToU thresholds.

5. Comparison results with the state-of-the-art models
5.1. Experimental setup and analysis

a. Zero-shot settings: The performance of the proposed model is assessed in open-set
scenarios where Y}, NY,q = 0, meaning the training and evaluation labels do not overlap.
We adhere to the evaluation settings and dataset splits outlined in [14]. Specifically, the two
datasets, ActivityNet-1.3 and THUMOS14, are evaluated under two conditions: 1) training
on 75% of the action categories and testing on the remaining 25%, and 2) training on 50% of
the action categories and testing on the other 50%. For consistent and reliable evaluation,
we average results across 10 random splits and compare only with methods that adhere to
the same evaluation procedure.

Competitors— As ZS-TAD is a relatively new problem, only a few competitive methods
[14, 15, 23], and GAP [24] are available for fair comparison. We additionally introduce two
CLIP-based baselines: B-I, a two-stage approach combining BMN [32] with CLIP, and B-II,
a one-stage TAD model integrated with CLIP. Both baselines use the same CLIP-initialized
text encoder. Direct comparison with ZS-TAD [33] is not feasible due to unavailable code
and inconsistent data splits with [21]. To ensure statistical reliability, we perform 10 random
category samplings for each configuration, following [14].

Performance— Referring to Table 1, it is found that our approach achieves the highest



Data split Model ActivityNet-1.3 THUMOS14

Train:Test 0.5 0.75 0.95 mean | 0.3 0.4 0.5 0.6 0.7 mean
B-11 326 185 5.8 19.6 285 203 171 105 6.9 16.6
B-1 356 204 2.1 20.2 33.0 255 183 11.6 5.7 18.8
EffPrompt | 37.6 229 3.8 23.1 39.7 316 230 149 7.5 23.3

75:95 mProTEA | 44.5 274 7.9 27.6 43.1 382 28.2 18.1 8.7 27.9
STALE 382 252 6.0 24.9 405 323 235 153 7.6 23.8
GAP 476 32.5 8.6 31.8 52.3 442 328 224 126 329
GRIZAL 46.4 325 6.8 30.1 43.2 - 25.7 - 9.8 27.0
Ours 51.9 33.1 12.2 35.2 51.3 45.6 33.1 22.7 12.9 33.3
B-I1 32.1  20.7 3.7 12.9 21.0 16.4 11.2 6.3 3.2 11.6
B-1 280 164 1.2 16.0 272 213 153 9.7 4.8 15.7
EffPrompt | 32.0 19.3 2.9 19.6 372 296 216 14.0 7.2 21.9

50:50 mProTEA | 41.8 24.6 6.1 25.6 41.2 36.3 26.3 16.8 84 26.1
STALE 321 20.7 5.9 20.5 383 307 212 138 7.0 22.2
GAP 41.6 26.2 6.1 26.4 442  36.0 27.1 15.1 8.0 26.1
GRIZAL 39.9 257 6.6 25.7 40.0 - 25.0 - 9.1 25.2
UnLoc 43.7 - - - - - - - - -
Ours 45.3 30.3 10.5 32.5 | 44.5 36.3 26.8 15.7 8.8 27.2

Table 1. Comparison of the proposed model with other state-of-the-art models on the
ActivityNet-v1.3 [16], and THUMOS14 [17] datasets for zero-shot Temporal Action Lo-
calization (ZS-TAL), evaluating the mean average precision (mAP) at different temporal
Intersection over Union (tIoU) thresholds for open-set settings.

ActivityNet-1.3 THUMOS14

Model Mode 05 075 095 mean |03 04 05 06 07 mean
A2Net 113D ROB 30.6 257 2.8 248 |450 405 31.3 199 100 293
B-I1-CLIP RCB 282 183 37 182 |363 319 254 17.8 104 243
B-II+CLIP ROB 51.5 333 6.6 327 |57.1 49.1 404 31.2 231 402
EffPrompt+CLIP | RGB 440 270 51 273 | 508 441 358 257 157 345
STALE+CLIP ROB 543 34.0 7.7 343 |60.6 532 446 36.8 267 444
ConTrans+CLIP | RCB 54.5 41.8 15.5 36.6 | 62.1 53.5 45.1 36.9 27.2 45.1
TALNet [ 13D RGB Flow | 382 183 1.3 202 |53.3 485 428 338 208 398
MUSES 13D ROBFlow | 50.0 349 6.5 340 |68.9 640 57.1 467 31.2 529
B-111+13D RCGBFlow | 47.2 30.7 86 308 |683 623 51.9 388 237 -
STALE+I3D ROB | Flow | 56.5 36.7 9.5 364 |68.9 641 571 467 31.2 529
ConTrans+13D RGB-Flow | 60.2 42.4 22.3 385 | 69.1 64.6 57.4 47.1 31.5 53.2

Table 2. Comparison of the proposed model with other state-of-the-art models using
I3D or CLIP encoder backbones on the ActivityNetl.3 and THUMOS14 for zero-shot
Temporal Action Localization (ZS-TAL), evaluating the mean average precision (mAP)
at different temporal Intersection over Union (tIoU) thresholds on closed-set settings.

mAP, reaching 35.2 and 33.3 under the 75%-25% split, and continues to outperform state-
of-the-art methods under the more challenging 50%-50% split with 32.5 and 27.2 mAP,
respectively. The consistent gains across splits demonstrate strong robustness to limited
training data and effective generalization to unseen classes. Performance improvements on
ActivityNet-1.3 stem from modeling long temporal segments, while gains on THUMOS14
arise from capturing local-global context for densely occurring short actions.

b. Closed-set settings: In closed-set scenarios, the action labels used for training
and evaluation are identical (i.e., Yirqin = Yuar). To ensure a fair comparison, we adopt the
same dataset splits as reported in previous studies.

Competitors— The proposed model’s performance is evaluated against the latest state-
of-the-art approaches, such as STALE [14]. Furthermore, we consider several temporal
action localization(TAL) methods that leverage the CLIP backbone, as well as three base-
line models for comparison: the two-stage CLIP-based baseline B-I, and two one-stage
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Figure 4. Qualitative analysis for action class “Long jump”.

Model Train time (hrs) Infer time (s)
EffPrompt [21] | 3.24 135

STALE [14] 3.96 151.8
mProTEA [15] | 1.42 162.5

Ours 1.3 31

Table 3. Complexity analysis of ConTrans.

baselines—CLIP-based B-II and B-III, which utilize Kinetics pre-trained I3D.
Performance— As shown in Table 2, the proposed model improves consistently with more
training samples on both ActivityNet-1.3 and THUMOS14. ConTrans outperforms existing
methods across different input modalities (RGB and RGB+Flow) and encoder backbones
(I3D and CLIP), highlighting its effectiveness across diverse feature representations. Its
multi-level feature design captures both fine-grained and high-level temporal context, en-
abling robust detection of actions with varying durations and strong generalization across
datasets and action categories.

Computational complexity— As demonstrated in Table 3, our model exhibits faster per-
formance in both training and inference times compared to prior SOTA methods. Its ef-
ficiency is further highlighted by its early convergence, achieving optimal results in just 9
epochs.

Qualitative analysis— The qualitative analysis of the proposed model is presented in
Fig. 4. For the action class Long jump, the model accurately predicts the temporal bound-
aries in close alignment with the ground truth. As shown in the figure, the video spans
a total duration of 31 seconds [0.04-0.31]s, and the proposed model predicts comparable
boundaries at [0.08-0.28]s.

6. Ablation study

To assess the efficacy of the proposed approach, we perform extensive ablation studies
on the ActivityNet-1.3 dataset using the 75%-25% split configuration.

a. Impact of local-global context dependencies: It can be observed from Table 4
that removing either the local or global context information results in a performance drop
of 2.3%, highlighting the importance of incorporating both local and global temporal de-
pendencies. Interestingly, the model’s performance with either local attention or global
attention alone is similar, with only a slight increase of 0.2% when local attention is used,
demonstrating that both forms of attention contribute equally in capturing essential tem-
poral relationships for ZS-TAL.

b. Impact of ConTrans layers: We also evaluate the model’s performance based on
the number of ConTrans layers used to generate multi-scale features. It can be seen from
Table 5 that the model performs optimally with four ConTrans blocks. However, increasing
the number of ConTrans blocks results in a rise in model parameters, leading to higher
computational costs and the potential for overfitting.



Model 0.5 0.75 0.95 mean
w/olocal | 49.8 293 9.8 32.7
w/o global | 50.1 30.3 9.8 32.9
full 51.9 33.1 12.2 35.2

Table 4. Impact of local-global dependencies, wrt. mAPg 5_9.95 (%).

Number of layers | 0.5 0.75 0.95 mean Model G 075 095  mean
1 50.2 30.4 106 334 -
) with PE | 50.9 31.0 9.5 33.3
51.3 321 10.0  34.1 /oPE | 51.9 33.1 12.2 35.2
4 51.9 33.1 12.2 35.2 Y = : : .

Table 6. The impact of PEs on both the visual

Table 5. The impact of the number of ConTrans and text embeddings, wrt. mAPo.5_0.95 (%).

layers, wrt. mAPg.5-0.95 (%).

Text Video mAP
(%) Max Avg Strided
encoder encoder 0.5 mean mAP (%) . :
pooling | pooling 1D-Conv
X v 47.1 32.6
0.5 44.4 45.4 51.9
/ X 498 33.1 mean 32.6 33.1 35.2
v v 51.9 35.2

Table 7. Effect of encoders in the proposed model. Table 8. Effect of different down-samplers.

c. Effect of positional encodings on visual and text encoders: We examine the
effect of positional encodings on visual and textual encoders. As shown in Table 6, adding
them reduces performance, likely because dense frame sampling and cross-modal alignment
in zero-shot TAD make explicit positional biases detrimental. Consequently, positional
encodings are excluded in our model.

d. Effect of frame and text encoders: In this work, text is encoded using the pre-
trained CLIP text encoder, and video frames are processed with Transformer multi-head
attention. Table 7 shows performance drops when either encoder is removed, highlighting
their crucial role in the model’s effectiveness.

e. Effects of different downsampling methods: The ablation study at Table & on
different downsampling methods for the feature pyramid shows that the strided 1D-CNN
achieves the best performance, while max pooling performs the worst, due to the loss of
contextual information from aggressively selecting only maximum values.

7. Conclusion

We propose ConTrans, a framework combining self-attention and convolution to capture
both fine-grained local patterns and long-range temporal dependencies. Its multi-scale vi-
sual-textual fusion aligns semantic and visual features across temporal resolutions, enabling
effective zero-shot action localization. Experiments on ActivityNet-1.3 and THUMOS14
show ConTrans consistently outperforms state-of-the-art methods, demonstrating strong
generalization and effectiveness. Challenges remain for ambiguous visuals or overlapping
actions with similar semantics, where precise boundaries are difficult. Future work could
leverage finer motion cues or stronger temporal constraints to address these limitations.
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