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Abstract

Video Temporal Grounding (VTG) aims to extract relevant video segments based
on a given natural language query. Recently, zero-shot VTG methods have gained atten-
tion by leveraging pretrained vision-language models (VLMs) to localize target moments
without additional training. However, existing approaches suffer from semantic fragmen-
tation, where temporally continuous frames sharing the same semantics are split across
multiple segments. When segments are fragmented, it becomes difficult to predict an ac-
curate target moment that aligns with the text query. Also, they rely on skewed similarity
distributions for localization, making it difficult to select the optimal segment. Further-
more, they heavily depend on the use of LLMs which require expensive inferences. To
address these limitations, we propose a TAG, a simple yet effective Temporal-Aware ap-
proach for zero-shot video temporal Grounding, which incorporates temporal pooling,
temporal coherence clustering, and similarity adjustment. Our proposed method effec-
tively captures the temporal context of videos and addresses distorted similarity distribu-
tions without training. Our approach achieves state-of-the-art results on Charades-STA
and ActivityNet Captions benchmark datasets without rely on LLMs. Our code is avail-
able at github.com/Nuetee/TAG.

1 Introduction

Platforms like YouTube have become essential digital resources, offering vast video content
for users to explore. However, manually locating specific segments within lengthy videos
remains a time-consuming and labor-intensive task. Video Temporal Grounding (VTG) aims
to automatically extract relevant segments from videos given a natural language query.
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A sea turtle swims Scuba divers explore underwater A stingray glides
over a coral reef and wave at the camera across the sandy ocean floor
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Figure 1: Motivation of our proposed method. Existing approaches tend to generate frag-
mented proposals, where semantically continuous video segments are divided into multiple
disjoint proposals (red boxes). This is due to a lack of consideration for temporal context and
temporal coherence during proposal generation.

Previous VTG approaches have been proposed to train models using pairs of natural
language queries and their corresponding video moments [3, 9, 10, 11, 12, 20, 38, 39, 40].
However, creating well-annotated paired datasets is expensive to produce, and the models
trained with such datasets demonstrate poor generalization performance as the datasets have
a limited set of videos and texts. To address these issues, there has been growing interest in
the field of zero-shot video temporal grounding, which leverages pretrained vision-language
models (VLMs) to localize the target moment.

Since VLMs are pretrained on large datasets of image and text pairs, zero-shot video
temporal grounding (ZSVTG) methods based on VLMs demonstrate strong generalization
performance without additional fine-tuning [22, 32, 42]. To localize the target moment, they
first generate candidate segments either by clustering video frame features [22] or by heuris-
tic approaches (e.g., uniformly dividing the video into pre-defined intervals) [32, 42]. Then,
the most relevant segment is selected based on the similarity between the segments and the
given text query.

While these approaches [22, 32, 42] can localize segments that roughly correspond to the
query, they often suffer from semantic fragmentation, where temporally continuous frames
sharing the same semantics are split across multiple segments. Although adjacent video
frame features which belong to the same action or scene, transient noise (e.g., variations
in camera angle or lighting) can cause inconsistencies in their visual representations, as
shown in fig. 3(a). As a result, they are assigned to different clusters, and their proposals
are split regardless of the context, as illustrated in fig. 1. To mitigate semantic fragmentation,
it is necessary to consider temporal context and enhance temporal coherence to accurately

predict the target moment.
Another limitation is that most methods simply use alignment similarities without con-

sidering the similarity distribution when selecting the candidate segment most relevant to the
query. When either a majority or a minority of frames in the video are close to the query,
this can lead to skewed similarity distributions. Such skewed distributions may hinder the
selection of the optimal segment, resulting in a decline in overall performance. To address
this, adaptive similarity adjustment based on the similarity distribution is required.

We present TAG, a simple yet effective Temporal-Aware approach for zero-shot video
temporal Grounding. To effectively capture the temporal context of images within videos,
we propose temporal pooling and temporal coherence clustering. In temporal pooling, we
incorporate temporal information into the extracted image features by aggregating features
from adjacent images. Based on these temporally aggregated features, we generate contex-
tual proposals by temporal coherence clustering. These methods help the model effectively
capture the video context and generate boundary-aligned candidate proposals. Also, To pre-
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Figure 2: Overview of our proposed method. We first incorporate temporal dependencies
of consecutive features using a temporal pooling (section 2.1). Based on this, we extract tem-
porally aggregated features. Then, we generate contextual proposals. To effectively generate
segment proposals, we propose temporal coherence clustering (section 2.2). Lastly, we ad-
justment similarities, and then, select the most relevant proposal (section 2.3).

vent performance degradation by the distorted similarity distribution when selecting the most
suitable proposal, we propose similarity adjustment. This transformation normalized simi-
larities, where higher values are amplified, and lower values are dampened.

Notably, TAG outperforms existing approaches that heavily rely on large language mod-
els (LLMs), despite not using LLMs. This demonstrates that our method is not only simple
and effective, but also cost-efficient. We validate our approach through experiments on the
Charades-STA [5] and ActivityNet Captions [14] datasets and various scenarios. We achieve
state-of-the-art performance across all datasets and scenarios, with up to 2.65% mloU im-
provement on Charades-STA and 7.18% on ActivityNet Captions in general settings.

2 Proposed Method

We aim to the model effectively capture the video’s temporal context information and en-
hance temporal coherence without any training. Also, we address the distorted similarity
distributions and the reliance on LLMs. To achieve this goal, we introduce a TAG, simple yet
effective Temporal-Aware approach for zero-shot video temporal Grounding. In this section,
we introduce temporal pooling (section 2.1), temporal coherence clustering (section 2.2), and
similarity adjustment (section 2.3).

2.1 Temporally Aggregated Feature Extraction

For a given video and text query, our first objective is to extract temporally aggregated fea-
tures that incorporate temporal context information. We first extract single-frame image fea-
tures using VLMs. As shown in fig. 2(a), we use pretrained BLIP-2 image encoder, text
encoder, Q-Former, and learned queries [16]. Each image is extracted into multiple repre-
sentations based on the number of learned queries, and among these, the image representa-
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Visualization of independent image features for a video Visualization of temporal-aware features for a video
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(a) Image representations from VLM  (b) Temporal-aware representations

Figure 3: T-SNE visualizations for a single video. Red and blue points indicate representa-
tions of the ground truth segment and other segments, respectively. The numbers represent
frame indices. (a) Features extracted from VLM are scattered without regard to time order.
(b) Temporal-aware features are arranged in temporal sequence.

tion most similar to the text representation is selected. Then, we could extract single-frame
image features F = [f1, f2,..., fn] for N frames. However, they still do not contain temporal
context information. To inject the temporal-aware information into the features, we propose
a temporal-aware pooling, which uses sliding window-based average pooling.

The temporal pooling is a non-parametric convolutional layer, with a large window size
w and a stride of 1. For frame i, the aggregated feature c; is computed by averaging features
across consecutive frames, and it is as follows:

1 i+(w—1)/2
=~ ) (1

Jj=i—(w—1)/2

where w is the kernel window size, and f; represents the feature of the j-th frame. With a
large window size, it enables capturing a wider range of context information. To maintain
the original sequence length N, we apply feature padding at the edges.

Through the temporal pooling, which aggregates temporal context information across
consecutive image features, we can extract temporally aggregated features C = [cy,...,cn].
It is very simple yet effective at incorporating temporal context information into the model
without any training. As shown in fig. 3(b), our features are not only located in the feature
space according to the time order, but are also clearly separable based on temporal context.

2.2 Contextual Proposal Generation

With the extracted temporally aggregated features C, we aim to generate contextual propos-
als that align with context boundaries. To achieve this, we introduce temporal coherence
clustering which enhances temporal coherence. Unlike conventional clustering methods [7]
that consider only individual frames, our method assigns clusters by also taking into account
temporally neighboring frames. Our temporal coherence clustering objective is as follows:

r—1)/2 ' )
RS S o )

where ¢ is the feature of the i-th frame, ; is the centroid of the j-th cluster, and r indicates
the temporal window size. When r = 0, the formulation is same as naive k-means clustering.
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This objective encourages temporally adjacent frames to be assigned to the same cluster
when they exhibit similar features, thereby enhancing temporal coherence and identifying
the points where the video’s temporal context changes.

As shown in fig. 2(b), based on temporal coherence clustering, we obtain clustering re-
sults L = [l1,...,Iy] for all aggregated features. Since we use temporal pooling to extract
aggregated features, adjacent aggregated features are very similar. Also, temporal coherence
clustering encourages adjacent frames to be assigned to the same cluster. So, if video con-
tent does not change, images will belong to the same cluster. For all frames, we identify the
points where the cluster labels change. These change points 7" are formulated as follows:

T = {0,t1,"' ,IM,N}, tm :min{i | {li#llur]} n {i>l‘mf]}}7 me {1,--- ,M} 3)

where /; is the cluster label of frame i, M is the total number of label changes. Here, M is
not a hyperparameter, which is determined from the clustering result. Each ¢, represents the
m-th point where a cluster label change occurs, marking the boundary for segment proposals,
and we add the start and end points of the frames to 7'.

Based on these change points 7', we generate contextual proposals with diverse ranges.
The generated contextual proposals are formulated as follows:

(M+1)(M+2)} @

P:{pk‘pk:(tiatj>7ti7tj€Tai<j}a ke{laa )

where P is the set of contextual proposals, and #; and ¢; denote the start and end points of
each segment, respectively. This results in (M + 1)(M + 2)/2 possible segments, providing
diverse temporal ranges within the video.

Our approach allows for generating more proposals for videos with frequent context
changes and fewer proposals for videos with infrequent context changes. Additionally, since
our candidate proposals are formed from all possible combinations of context boundaries,
they have a diverse range of lengths.

2.3 Similarity Adjustment & Proposal Selection

To localize the target moment, we need to choose the most relevant segment among the
temporal-aware proposals. To evaluate the semantic relevance for segment proposals, we
calculate the alignment similarities between the text query g and single-frame image features
F. At each i-th frame, the basic similarity is represented as f; - g.

However, the basic similarity-based proposal selection method does not consider the sim-
ilarity distribution, which leads to skewed similarity distributions and hinders the selection
of the optimal segment. To address this issue, we propose similarity adjustment. To make
the distribution closer to a normal distribution, we apply a Box-Cox transformation [2]. The
adjusted similarities are formulated as follows:

a)h —
a,»:(ﬁq)t#7 ie{l,2,---,N} (5)
where A is the parameter for the Box-Cox transformation, and f;, - g represents the similarity
between the feature f,, of frame m and the query g. When similarities are normalized, it
mitigates the skewness in the similarity distributions, as shown in fig. 2(c). This approach
enables adaptive normalization based on the similarity distribution, which helps in selecting
the optimal segment.
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With these normalized similarities, we calculate the scores for all contextual proposals
P. The proposal score we use is formulated as follows:

1 ¢ 1
S:{Si|Pi:(tiatj)7pi6P}7Sizi Am = 7 7, .\ Z ap (6)
L=l =y, N—(1j—1) néltist))

where S is the set of proposal scores S, for each proposal p; = (t;,¢;) € P, with #; and #;
representing the start and end points of the proposal. These proposal scores represent the
difference in relevance between the segment and the non-segment regions.

Finally, based on the proposal scores, we rank all temporal-aware proposals, and select
the proposal with the highest score as the final output. With our proposed method, the model
effectively captures the temporal context of images within videos, and selects the most suit-
able proposal based on a non-distorted similarity distribution.

3 Experiments

3.1 Datasets

General Settings. To verify the effectiveness of our method, we conduct experiments on
Charades-STA [5] and ActivityNet Captions [14] benchmark datasets. The Charades-STA
dataset is an extension of the original Charades dataset, designed for video-query tasks. It
contains 12,408 and 3,720 video-query pairs for the training and test splits, respectively,
and we evaluate performance using the test split. The ActivityNet Captions dataset, initially
created for video captioning tasks, consists of 20,000 videos. It includes 37,417, 17,505,
and 17,031 video-query pairs in the train, valid-1, and valid-2 splits, respectively. Following
previous works [22, 30, 42], we evaluate performance using the valid-2 split.

OOD Settings. To demonstrate that our training-free approach effectively enhances ro-
bustness and generalization, we conduct experiments across three OOD scenarios: altered
target moment distributions, inserted noise moments, and unseen natural language queries.

In the first scenario, we examine the impact of altered target moment distributions. The
Charades-STA dataset’s training, validation, and test sets are restructured so that the target
moment distribution in the test set differs from that in the training set.

The second scenario examines the effect of inserting noise into the video. We insert ran-
domly generated video segments at the beginning of the test videos to create two types of
noise-augmented data, as following DCM [35]. The temporal length of each video is ex-
tended to T+ p, and the target moment’s timestamps are adjusted to (7, + p, T, + p) accord-
ingly. For evaluation, p is set to {10,15} for Charades-STA and {30,60} for ActivityNet
Captions. This allows us to evaluate the model’s ability to locate target segments based on
video context rather than relying on positional patterns.

For the third scenario, we generate unseen words in natural language queries during train-
ing with two types of textual noise: Insertion Composition Words, where queries combine
words seen during training in novel ways, and Insertion Unseen Words, where queries in-
clude new words not encountered during training. This setup evaluates the model’s ability to
generalize to diverse textual queries without over-relying on the training vocabulary.
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Method Setting VLM LLM| Charades-STA | ActivityNet Captions
[R@0.3 R@05 R@0.7 mIoU[R@0.3 R@0.5 R@0.7 mioU

2D-TAN [38] - 3981 2325 - |[5875 44.05 2738 -
EMB [10] 7250 5833 39.25 53.09| 64.13 44.81 26.07 45.59
MGSL-Net [20] fully - 6398 41.03 - |51.87 3142 -
EaTR [12] - 6847 4492 - |58.18 37.64
UniVTG [19] 72,63 60.19 3855 52.17
CRM [9] 53.66 3476 1637 - |5526 32.19
CNM [39] weakly 60.39 3543 1545 - |55.68 33.31
CPL [40] 66.40 4924 2239 - |5573 31.37 - -
Huang et al. [11] 69.16 52.18 23.94 45.20| 58.07 36.91 - 4102
Gao et al. [6] 46.69 20.14 8.27 - |46.15 2638 11.64 -
PSVL [25] 4647 3129 14.17 31.24|44.74 30.06 14.74 29.62
PZVMR [29] unsup. 46.83 3321 19.14 36.15|45.63 32.14 18.71 3035
Kimetal. [13] 5295 3724 19.33 36.05|47.61 32.59 1542 3245
SPL [41] 60.73 4070 19.62 40.47|50.24 27.24 15.03 3544

GroundingGPT [18]
TimeChat-7B [27] | fully
VTimeLLM-13B (8]

- 296 119 - - - - -
406 238 9.7 262|250 132 61 185
553 343 147 346 448 295 142 314

A N N N N e RN N NN N
NAEOXXCCSS [ SSS ]SRN U%% [ 3% %% | %% % %X

VideoChat-7B [17] 9.0 33 13 65| 88 37 1.5 72
VideoLLaMA-7B [37] 104 3.8 09 71| 69 2.1 1.1 63
VideoChatGPT-7B [23] 200 7.7 1.7 137|264 136 6.1 189

UniVTG [19] zero-shot 44.09 2522 10.03 27.12 - - - -
Luo et al.[22] 56.77 4293 20.13 37.92| 4828 27.90 11.57 30.45
VTG-GPT [33] 59.48 43.68 2594 39.81|47.13 28.25 12.84 30.49
TEVTG [42] 67.04 49.97 24.32 4451|4934 27.02 13.39 34.10
Ours |zero-shot v X | 67.82 4858 26.67 45.69| 51.88 28.91 15.07 36.55

Table 1: Results on the Charades-STA and ActivityNet Captions datasets.

Charades-CD

Method Setting l

[ Re3 R@05  R@07

2D-TAN [38] fully 43.45 30.77 1175
TSP-PRL [31] fully 31.93 19.37 6.20
SCDM [36] fully 52.38 41.60 222
WSSL [4] weakly 35.86 23.67 8.27
SPL [41] unsup. 62.96 38.25 15.53
TFVTG [42] | zeroshot | 65.07 4924 23.05
Ours | zero-shot |  68.09 49.45 26.58

Table 2: Results under OOD setting with altered target moment distributions on the
Charades-CD dataset.

3.2 Results on General Settings

Our baselines consist of general video understanding models including VideoChat, Vide-
oLLaMa, VideoChatGPT, and UniVTG [17, 19, 23, 37], along with zero-shot VTG models
including Luo et al., VTG-GPT, and TGVTG [22, 32, 42]. Table 1 shows the comparison
between our proposed method and recent state-of-the-art VTG methods on Charades-STA
and ActivityNet Captions datasets, respectively. Our proposed method, which does not rely
on LLMs, achieves the best performance across all evaluation metrics except for R@0.5 on
Charades-STA. Notably, our method significantly surpasses others with mIoU performance
improvements of 2.65% and 7.18%. These results clearly indicate that our method is highly
effective in the zero-shot video temporal grounding task.

3.3 Results on OOD settings

Our proposed method demonstrates superior performance across all metrics in generaliza-
tion, as shown in table 2. Since it effectively captures the temporal context of the given video,
it can generate segment proposals that adapt to the video’s temporal dynamics. Consequently,
our method can generate accurate segments regardless of the statistical priors of the actual
video segment data.
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| Charades-STA | ActivityNet-Captions
Method Setting p=30 p=60 p=10 p=15
R@.5 R@.7 mloU|R@.5 R@.7 mloU|R@.5 R@.7 mloU|R@.5 R@.7 mloU
LGI [24] 42.1 186 412358 154 371163 62 222|110 39 173
2D-TAN [38] 27.1 131 257|211 88 225|164 66 232|115 39 194
MMN [30] | fully |31.6 134 334270 93 303|230 7.1 262|143 52 206
VDI [21] 259 119 267(208 87 220[209 7. 276|143 52 237
DCM [35] 444 197 423385 154 390|182 79 244|129 48 207
CNM[39] | oo [ 99 17 216] 61 05 166] 61 04 210] 25 01 168
CPL [40] Y299 85 322(249 63 305|47 04 201|21 02 177
PSVL [25] 30 07 82]22 04 68 - - - | - - -
PzZVMR 291 | "™ | - 86 251| - 65 285| - 44 283| - 26 191
Luoetal. [22]| - 1403 182 382|389 170 378|184 68 211|186 74 206
TEVTG [42] |07 [ 459 208 43.0 438 200 42.6(204 112 317|185 100 303
Ours  |zero-shot| 453 232 447 | 44.1 22.0 44.6|285 147 362|283 145 36.1

Table 3: Results under OOD settings with inserted noise moments on benchmark datasets.

| Charades-CG
Method Setting Insertion Composition Words Insertion Unseen Words

R@0.5 R@0.7 mloU R@0.5 R@0.7 mloU
2D-TAN [38] 3091 12.23 29.75 29.36 13.21 28.47
TSP-PRL [31] 16.30 2.04 13.52 14.83 2.61 14.03

SCDM [36] fully 27.73 12.25 30.84 - - -
VISA [15] 45.41 22.71 42.03 42.35 20.88 40.18

DeCo [34] 47.39 21.06 40.70 - - -
WSSL [4] weakl 3.61 1.21 8.26 2.79 0.73 792

CPL [40] J 39.11 15.60 3553 45.90 22.88 -

Luo et al. [22] zero-shot 40.27 16.27 - 45.04 21.44 -
TFVTG [42] ; 43.84 18.68 40.19 56.26 28.49 46.90
Ours | zero-shot | 4355 21.30 4195 | 5237 32.66 47.86

Table 4: Results under OOD settings with unseen text queries on the Charades-CG dataset.

TP TeC sal Charades-STA | ActivityNet-Captions
[R@0.3 R@05 R@0.7 mIoU[R@0.3 R@0.5 R@0.7 mioU

X [60.99 40.83
X [65.16 4734
X |67.74 48.01

19.06 39.71| 49.78
24.38 43.91| 50.90
26.34 45.44| 50.81

26.63
26.32
2631

14.83 35.49
1472 36.41
14.60 36.44

AN IR NG

x
x
v
v

V| 67.82 48.58 26.67 45.69| 51.88 2891 15.07 36.55

Table 5: Performance with our proposed modules. TP, TCC, and SA represent the temporal
pooling, temporal coherent clustering, and similarity adjustment, respectively.

Table 3 presents the experimental results for the noise insertion video OOD setting. Over-
all, zero-shot approaches demonstrate stronger robustness compared to training-based meth-
ods under noise-inserted scenarios. For Charades-STA dataset, our proposed method demon-
strates the best performance across all evaluation metrics except for R@0.5 with p = 30. In
contrast, for the ActivityNet-Captions dataset, our method significantly outperforms all met-
rics. The mIoU improvements are 14.20% and 19.14%, respectively. This demonstrates that
our method achieves significant robustness against noise-inserted scenarios. It shows that
our proposed method effectively aggregates consecutive features, which helps to mitigate
the influence of noise-inserted segments.

In table 4, we observed that our proposed method shows better mloU performance un-
der two types of textual noise scenarios. For the insertion composition words scenario, our
method consistently demonstrates good performance, and for the insertion unseen words
scenario, it performs well in most cases. This result highlights that simply employing LLMs
for query diversification is insufficient; instead, incorporating robust feature extraction and
temporal context is crucial for handling noisy queries effectively.
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Figure 4: Analysis on hyperparameters. mloU with respect to (a) temporal pooling window
size w, (b) number of clusters k, and (c) window size r for temporal coherence clustering.

FeamreExlraclion‘R@U.} R@0.5 R@0.7 mloU Clustering ‘R@UJ R@0.5 R@0.7 mloU

Gaussian (6 = 1) ‘ 6527 4772 2427 4396 K-Means | 6540 4774 2492 4422

Gaussian (0 =4) | 67.63 4844 2624 4536 TW-FINCH | 66.83 47.34 2478 44.67
TP (Ours) ‘ 67.82 4858  26.67 45.39 TCC (Ours)‘ 67.82 4858  26.67 45.69
Table 6: Analysis of temporal pooling Table 7: Analysis of temporal coherence
(TP) clustering (TCC)

Top 25% Skewness
R@5 R@.7 mloU

25-50% Skewness
R@5 R@.7 mloU

50-75% Skewness
R@5 R@.7 mloU

75-100% Skewness

Setting ‘ R@.5 R@.7 mloU

Ours w/o SA | 26.40 16.44 36.89
Ours 2974 17.27 38.09

27.01 1491 36.57 | 26.14 13.88 36.17 | 25.69 13.18 36.15
29.61 1564 36.76 | 28.42 13.74 35.82 | 27.88 13.60 35.54

Difference | +3.34 +0.82 +1.21 [ +2.61 +0.73 +0.20 | +2.28 -0.14 -034 | +2.18 +0.42 -0.61

Table 8: Analysis of the effect of similarity adjustment on partitions ordered by similarity
score skewness, from highest to lowest.

3.4 Ablation Study

Table 5 presents the performance of our method on both datasets with different combinations
of our proposed modules. This demonstrates that our proposed method, which incorporates
temporal pooling, temporal coherence clustering, and similarity adjustment, effectively gen-
erates high-quality proposals and localizes proposals more accurately.

3.5 Further Analysis

Hyperparameters. To validate the sensitivity of the hyperparameters, we conducted ex-
periments on Charades-STA by varying the window size w for temporal pooling, the number
of clusters k for temporal coherence clustering, and the window size r for temporal coherence
clustering. The results are shown in fig. 4. Overall, these results demonstrate that our method
is not sensitive for all hyperparameters. For the Charades dataset, the optimal values were
settow =21, k=9, and r = 7. Importantly, we did not tune hyperparameters separately for
each dataset; instead, we used the same values for all experiments across both Charades-STA
and ActivityNet.

Temporal pooling. While we uniformly pooled frame features over adjacent frames, other
methods, such as gaussian pooling, can also be applied. Table 6 presents the results with
a gaussian approach, showing that as the sigma value increases, the results become more
similar to our method.
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Temporal coherence clustering. As shown in table 7, our proposed temporal coherence
clustering achieves higher performance compared to other clustering methods [7, 28]. This
demonstrates that enforcing temporal consistency during clustering leads to more coherent
segment boundaries, thereby improving proposal quality and localization accuracy.

Similarity adjustment. Since the ActivityNet dataset consists of diverse scenes, it exhibits
higher similarity distribution skewness. Therefore, we analyze the effect of similarity adjust-
ment across different levels of skewness on ActivityNet, as shown in table 8. Our method
shows strong improvements under highly skewed conditions. This confirms that adjusting
similarity distributions is crucial for robust proposal scoring and optimal segment selection.

4 Conclusion

In this paper, we presented TAG, a simple yet effective Temporal-Aware approach for zero-
shot video temporal grounding. By incorporating temporal pooling, temporal coherence clus-
tering, and similarity adjustment, our proposed method effectively captured the temporal
context of videos and enhanced temporal coherence without additional training. Our ap-
proach achieved state-of-the-art results on the Charades-STA and ActivityNet benchmark
datasets, without reliance on LLMs.
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