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Abstract

The goal of video moment retrieval and highlight detection
is to identify specific segments and highlights based on a
given text query. With the rapid growth of video content
and the overlap between these tasks, recent works have ad-
dressed both simultaneously. However, they still struggle to
fully capture the overall video context, making it challeng-
ing to determine which words are most relevant. In this pa-
per, we present a novel Video Context-aware Keyword At-
tention module that overcomes this limitation by capturing
keyword variation within the context of the entire video. To
achieve this, we introduce a video context clustering mod-
ule that provides concise representations of the overall video
context, thereby enhancing the understanding of keyword dy-
namics. Furthermore, we propose a keyword weight detection
module with keyword-aware contrastive learning that incor-
porates keyword information to enhance fine-grained align-
ment between visual and textual features. Extensive exper-
iments on the QVHighlights, TVSum, and Charades-STA
benchmarks demonstrate that our proposed method signifi-
cantly improves performance in moment retrieval and high-
light detection tasks compared to existing approaches.

Introduction

With the exponential growth of video content, precise video
moment retrieval and highlight detection have become cru-
cial (Snoek, Worring et al. 2009; Apostolidis et al. 2021).
Video moment retrieval enables users to find specific seg-
ments within videos based on natural language queries
(Anne Hendricks et al. 2017), while highlight detection
helps extract the most engaging parts from long-form videos
(Gygli et al. 2014). These technologies enhance user experi-
ence and productivity across various applications, including
video searching, video editing, social media, and e-learning,
by enabling quick and accurate access to relevant content.
Extensive research has been conducted on moment re-
trieval (Gao et al. 2017; Hendricks et al. 2018; Xiao et al.
2021; Sun et al. 2022) and highlight detection (Sun, Farhadi,
and Seitz 2014; Xu et al. 2021; Wei et al. 2022; Badamdorj
et al. 2022) as separate tasks. However, with the introduc-
tion of Moment-DETR and the QVHighlights dataset (Lei,
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Query: A dog is playing in the garden
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Figure 1: Text keywords can vary by video context. The less
frequently a word appears in the video clip, the more impor-
tant it becomes within the text query. In Video #1, ‘dog’ is
important, while in Video #2, ‘garden’ is important.

Berg, and Bansal 2021), which allows for the simultaneous
execution of these tasks, new studies (Liu et al. 2022; Moon
et al. 2023; Xiao et al. 2024; Sun et al. 2024) have emerged
that aim to address moment retrieval and highlight detection
based on text queries concurrently. Following the Moment-
DETR (Lei, Berg, and Bansal 2021), UMT (Liu et al. 2022)
utilizes audio-visual multi-modal learning. TR-DETR (Sun
et al. 2024) leverages the reciprocal relationship between
two tasks, refining visual features through textual guidance
to enhance both tasks simultaneously. UVCOM (Xiao et al.
2024) introduces integration module for progressive intra-
and intermodality interaction across multi-granularity.
Despite these advancements, existing methods often fail
to capture the dynamic importance of keywords within the
context of the video, which is crucial for accurate moment
retrieval and highlight detection. As illustrated in Figure 1,
the importance of each word in a text query can vary de-



pending on the video content. For instance, when we con-
sider a text query ‘A dog is playing in the garden’, the im-
portance of words such as ‘dog’ or ‘garden’ can shift based
on the predominant scenes in the video. In Video #1, where
most scenes contain ‘garden’, the word ‘dog’ is more criti-
cal than ‘garden’ for specifying the desired video segment.
Conversely, in Video #2, ‘dog’ is predominantly ‘playing’
indoors, making ‘garden’ more essential than ‘dog’ for iden-
tifying the relevant video segment. This indicates that the
importance of words in a text query can vary significantly
depending on the video context. Therefore, it is necessary to
consider such keyword variations for effective moment re-
trieval and highlight detection. However, existing methods
fall short in addressing this keyword variation, as they rely
on text features extracted independently of the video con-
text, failing to capture the dynamic importance of words rel-
ative to the visual content.

In this paper, we propose a Video Context-aware Keyword
Attention module that effectively captures keyword varia-
tions by considering the overall video context. Our approach
addresses two main challenges: (i) how to effectively encode
the overall context of a video to capture keyword variation,
and (if) how to capture and utilize desired text keywords
within their relevant video contexts.

First, effective keyword extraction requires a comprehen-
sive understanding of the overall context of the video. To
address this, we tackle the challenge (i) by introducing a
video context clustering module that leverages temporally-
weighted clustering to group similar video scenes. This ap-
proach allows our model to grasp the high-level flow and
structure of the video. The resulting cluster assignments pro-
vide a concise representation of the overall video context
and are leveraged to understand keyword dynamics. Fur-
thermore, since these clustered features contain information
about scene changes, they are further used as additional hints
for moment retrieval and highlight detection.

To address the challenge (ii), we propose a keyword
weight detection module. This module recognizes less fre-
quently occurring but important words in the text query and
calculates the similarity between clustered video features
and text features to generate a keyword weight vector. This
vector captures information about the important words in the
text query within the video context, allowing our framework
to adjust the keywords based on the overall video context dy-
namically. Based on this, we introduce keyword-aware con-
trastive learning to incorporate keyword weights and facil-
itate a fine-grained alignment between visual and text fea-
tures. As a result, our method allows for accurate moment
retrieval and highlight detection.

The major contributions of our paper are as follows:

e We propose a video context-aware keyword attention
module to capture keyword variations by considering
overall context of the video for effective moment retrieval
and highlight detection. To the best of our knowledge,
this is the first work to address this aspect in video mo-
ment retrieval and highlight detection tasks.

* We introduce keyword-aware contrastive learning to in-
tegrate keyword weight information, enhancing the fine-
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grained alignment between visual and text features. This
approach improves the ability of model to understand the
relationship between textual queries and video content.

* Experimental results on QVHighlights, TVSum, and
Charades-STA demonstrate the effectiveness of our
method for moment retrieval and highlight detection.

Related Works
Moment Retrieval

The connection between visual and language cues has be-
come important in machine learning (Lee et al. 2022b; Park
et al. 2024b; Lee et al. 2024). Moment retrieval aims to lo-
cate relevant moments in a video based on a natural language
query (Gao et al. 2017). This task is typically approached
using either proposal-based or proposal-free methods. The
proposal-based methods (Gao et al. 2017; Hendricks et al.
2018; Xiao et al. 2021; Sun et al. 2022) generate candidate
proposals and rank them by matching scores. On the other
hand, the proposal-free methods (Yuan, Mei, and Zhu 2019;
Mun, Cho, and Han 2020; Rodriguez et al. 2020; Li, Guo,
and Wang 2021) directly regress the start and end times-
tamps through video-text interaction.

Highlight Detection

Highlight detection identifies the most significant parts of a
video, which might not necessarily be tied to specific tex-
tual queries. Early highlight detection approaches are uni-
modal, assessing the salience score of video clips without
external textual data (Sun, Farhadi, and Seitz 2014; Xu et al.
2021; Wei et al. 2022; Badamdorj et al. 2022). However, as
user preferences have increasingly influenced content con-
sumption, integrating text queries has become common to
tailor the detection process to individual user needs (Dagtas
and Abdel-Mottaleb 2004; Kudi and Namboodiri 2017; Lei,
Berg, and Bansal 2021). It has been demonstrated that audio
cues provide complementary information to visual features
(Lee et al. 2022a; Park et al. 2024a; Kim et al. 2024).

Traditionally, moment retrieval and highlight detection
are addressed separately, but recent work has explored their
joint learning. MomentDETR (Lei, Berg, and Bansal 2021)
introduces the QVHighlights dataset to facilitate joint learn-
ing of moment retrieval and highlight detection, proposing a
DETR-based model. UMT (Liu et al. 2022) proposes adopt-
ing audio, visual, and text content for query generation to
improve query quality. QD-DETR (Moon et al. 2023) further
leverages textual information by incorporating negative rela-
tionship learning between video-text pairs. UVCOM (Xiao
et al. 2024) and TR-DETR (Sun et al. 2024) integrate the
specialties of moment retrieval and highlight detection to
achieve a comprehensive understanding.

Despite these advancements, many existing methods do
not capture the overall context of the video. Capturing the
overall context is essential for accurate moment retrieval
and highlight detection as it provides a comprehensive un-
derstanding of the content and narrative flow. To this end,
we present a video context-aware keyword attention module
that understands the video context and identifies keywords
between the video and text query.
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Figure 2: Overall configuration of our moment retrieval and highlight detection. ® indicates element-wise multiplication.

Proposed Method

Figure 2 shows the overall architecture of our framework.
Similar to previous works (Moon et al. 2023; Sun et al. 2024;
Xiao et al. 2024), we employ a two-stream network to ex-
tract video and text features. Input video of L clips and a
text query with NV words pass through each modal encoder
(i.e., video encoder and text encoder) and three-layer feed-
forward network to generate video features F¥ ¢ RI*¢
and text features F* € RV*4, respectively. To capture the
overall flow of the video, F" is passed through a video con-
text clustering module to generate c clustered video features
F € R°*< Subsequently, to identify video-related key-
words in the text query, a keyword weight detection mod-
ule calculates the similarity between clustered video features
and text features, resulting in a keyword-weighted text fea-
ture F*’*. We then perform modality interaction between the
video features and keyword-weighted text features, which
is processed through a transformer encoder. Finally, we uti-
lize the video-contextual information from F” and cluster
information C, along with the transformer-encoded feature,
to conduct moment retrieval and highlight detection. More
details are in the following subsections.

Video Context-aware Keyword Attention Module

To understand the entire video sequence and extract relevant
text keywords corresponding to the video content, we pro-
pose a Video Context-aware Keyword Attention Module.
As shown in Figure 2, our video context-aware keyword
attention module consists of two steps: (1) video context
clustering and (2) keyword weight detection.

(1) Video Context Clustering. We propose a video context
clustering module to cluster video clips, capturing the
overall context of the video and identifying each scene.
To account for the temporal order of the video, we adopt
a temporally-weighted FINCH algorithm (Sarfraz et al.
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2021). With video features F* € RL*? as input, the algo-
rithm clusters video clips based on their adjacency relation
and merges them hierarchically. Consequently, the most
similar clips are grouped into c clusters (cy, ...c.) based on
their relations. The output is a cluster information vector
C = {C;}E, € RE, where each element C; € {cy,...,c.}
indicates the cluster assignment value for each video clip.
Then, the clustered video features F°’ are generated by
averaging the information within each cluster.

(2) Keyword Weight Detection. Aligning video and text
features is essential for moment retrieval and highlight de-
tection tasks. However, direct interaction between original
video and text features can lead to information loss due
to the misalignment (Xu, Zhu, and Clifton 2023). Particu-
larly in video moment retrieval and highlight detection tasks
based on specific text queries, the emphasis on certain text
keywords varies depending on the overall video context.
Consider the text query “Chef makes pizza and cuts it up” in
Figure 2. From the perspective of moment retrieval and high-
light detection, the word ‘chef” might be less important if it
appears consistently throughout the video. Instead, a sud-
den appearance of ‘pizza’ or the action of ‘cuts’ could be
more significant. Conversely, if a machine is making pizza
and a chef suddenly appears and makes pizza, ‘chef’ be-
comes a crucial keyword. As keyword importance changes
with video content, we conduct keyword weight detection to
identify the most important keyword related to the video.

To this end, we calculate cosine similarity matrix M &
RN ¢ between the text feature F' and the clustered video
feature F°¥ (see Figure 2). We then apply each column-wise
softmax and max-pooling to obtain a keyword weight vec-
tor w* € R, Higher values in the keyword weight vector
indicate words that are strongly associated with only spe-
cific clusters in the video, while lower values are associated
with most clusters similarly. Finally, we multiply w® with



the original text feature F* to generate the keyword-weighted
text feature F** € RV >4, which is be represented as:

Ft FCUT
= Tt e ey
[E[|[E]
w" = MaxPooling(Softmax (M /7)), )
F*" = w'F, 3)

where 7 is a temperature hyper-parameter. This keyword-
weighted text feature F*’* emphasizes contextually impor-
tant words in the query, enhancing video-text alignment and
improving performance in moment retrieval and highlight
detection tasks.

Video Contextual MR/HD Prediction

Moment retrieval (MR) and highlight detection (HD) are
two crucial tasks in video understanding. Moment retrieval
aims to localize the center coordinates and duration of mo-
ments related to a given text query, while highlight detec-
tion generates a saliency score distribution across the entire
video. To improve the effectiveness of these tasks, we utilize
the video-contextual information C and F° generated by the
video context clustering module in each prediction head.

In the context of moment retrieval, transition points be-
tween clusters are crucial. These points often correspond to
scene changes in the video, providing valuable information
for the moment retrieval task. By leveraging the cluster in-
formation vector C, we create a binary context change vector
C™ c R that encapsulates information about these transi-
tions. In this vector, we assign a value of 1 if the cluster
number changes between the ¢-th and (i+1)-th frame (e.g.,
cj—cj+1), and O otherwise. Then, following previous works
(Moon et al. 2023), we employ a standard transformer de-
coder structure for moment retrieval head. However, instead
of the traditional approach, we use C™ as the initial embed-
ding for the learnable anchors, which helps the MR decoder
better focus on scene transition points in the video, poten-
tially leading to more accurate moment identification.

For highlight detection, we focus on the representative
values of each cluster obtained through our clustering ap-
proach. These values provide information about the best rep-
resentation of each scene context. To obtain this informa-
tion, we compute a cosine similarity between each video clip
feature F¥ and the average information of the cluster it be-
longs to, which we extract from F“ using C. This similarity
computation results in ch e RZL, which indicates how well
each clip represents the information of its cluster. To gener-
ate saliency score distribution for highlight detection, we use
two groups of single fully connected layers for linear projec-
tion to calculate the saliency score, following (Moon et al.
2023). As input to this process, we use a context-aware video
token 7¢ € RE*(4+1) which is created by concatenating
C" with the video token 7” € RE*4 obtained from pass-
ing through a transformer encoder. The predicted saliency
scores S are then computed using the following equation:

S Ts,wsT . chwm)T
VP ’

“
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where T7° € R? is the randomly initialized input-adaptive
saliency token, w® € RP*% and w® € RP*(@+1) are learn-
able parameters, and p is the projection dimension.

Keyword-aware Contrastive Loss

To enhance the alignment between text query features and
video features by leveraging the overall flow of the video,
we introduce keyword-aware contrastive loss. This loss is
composed of two components: a clip-keyword contrastive
loss and a video-keyword contrastive loss. The clip-keyword
contrastive loss focuses on intra-video relationships be-
tween text queries and visual features of each clip, while
the video-keyword contrastive loss addresses inter-video
relationships across the dataset.

Clip-keyword Contrastive Loss. Existing methods (Xiao
et al. 2024; Sun et al. 2024) typically construct loss func-
tions that bring the clip features of ground-truth moments
closer to the text query features while pushing background
clip features away. However, as illustrated in Figure 1, even
background clips considered irrelevant to the text query may
still have high relevance to specific words in the text query.
In such cases, the feature of background clips can be mis-
represented through contrastive loss from existing methods.
To address this, we utilize the keyword weight vector w!
to emphasize keywords in advance. This approach enables
more robust alignment between the clip features F and the
keyword-weighted text features F*** = w'F" of Eq.(3). We
formulate the clip-keyword contrastive loss L., as follows:

G"" = MeanPooling(F}""), %)
B . V() wt

1 > ier, exp(Sim(F;, G))
Lew = B Zlog jLeRL : V) wtyy (6)

i=1 Zj:l exp(Sim(F; ", G{"))

ABT
Sim(A,B) = ——2 __ %
“B) = e

where G;”t e R is average of word-level text feature, R;
denotes relevant ground-truth clips in the i-th video and B
indicates the batch number. The £, maximizes the learning
effect of essential central information, thereby enabling
more accurate moment retrieval and highlight detection.

Video-keyword Contrastive Loss. Extending beyond sin-
gle video contexts, we propose a global contrastive loss,
called video-keyword contrastive loss, to operate across
the entire dataset. Unlike existing methods (Xiao et al.
2024; Sun et al. 2024) that use unweighted global in-
formation from video-text pairs, we incorporate keyword-
weighted text features F to obtain a better global represen-
tation by utilizing the global information of relevant videos
and keyword-weighted text queries. We define the video-
keyword contrastive loss L, as:

G! = MeanPooling(r’F?), ®)
B . 1 t
1 exp(Sim(G;,G""))
Lop = —= Zlog )

= XL eap(Sim(GY,GY))



MR HD
Method Src. R1 mAP >Very Good

@0.5 @0.7 @0.5 @0.75 Avg. mAP HIT@1

M-DETR (Lei, Berg, and Bansal 2021) % 52.89 33.02 54.82 29.40 30.73 35.69 55.60

QD-DETR (Moon et al. 2023) v 62.40 4498 62.52 39.88 39.86 38.94 62.40

UniVTG (Lin et al. 2023) % 58.86 40.86 57.60 35.59 35.47 38.20 60.96

TR-DETR (Sun et al. 2024) % 64.66 48.96 63.98 43.73 42.62 39.91 63.42
o UVCOM (Xiaoetal . 2024) V. _ 6355 4747 6337 4267 @ 43.18 3974 = 6420

Ours % 66.86 51.23 67.73 46.24 45.69 40.94 64.79

UMT (Liu et al. 2022) V+A 56.23 41.18 53.38 37.01 36.12 38.18 59.99

QD-DETR (Moon et al. 2023) V+A 63.06 45.10 63.04 40.10 40.19 39.04 62.87

TR-DETR (Sun et al. 2024) V+A 65.05 47.67 64.87 42.98 43.10 39.90 63.88
o UVCOM (Xiaoetal 2024) ) V+A 6381 4870 6447 4401 4327 3979 = 6479

Ours V+A 67.77 50.52 68.30 45.88 45.52 41.15 65.82

Table 1: Experimental results on the QVHighlights fest set for moment retrieval and highlight detection when using either video
only (V) or video and audio (V + .A). Bold/underlined fonts indicate the best/second-best results.

where GV € R? is average of clip-level visual feature, r® is a

binary value (1 for ground-truth clips, 0 otherwise). The L,
strengthens the global representation based on keywords, fa-
cilitating more effective cross-video learning.

Finally, we devise a keyword-aware contrastive 1oss L.,
that combines L. and L, which can be formulated as:

(10)

The L, enables our model to optimize both temporal rel-
evance within videos and global semantic coherence across
the dataset, achieving a comprehensive alignment between
text queries and video contents.

Ekw = ‘Cck + ['vk-

Training Objective
To train our proposed method, we construct the total training
loss function as follows:

ETotal = Emr + Ehd + )\kU)EkUM (11)

where L,,, and L4 denote the loss functions for moment
retrieval and highlight detection as outlined in (Moon et al.
2023). Ak is a balancing parameter. The L1, enables ef-
fective moment retrieval and highlight detection.

Experiments
Datasets and Evaluation Metrics

QVHighlights. The QVHighlights dataset (Lei, Berg, and
Bansal 2021) includes 10,148 YouTube videos with rich
content, each paired with an annotated text query that
indicates highlight moments. This is the only dataset that
includes both annotations for moment retrieval and high-
light detection. Following (Lei, Berg, and Bansal 2021), to
ensure a fair evaluation, we submitted our model predictions
to the QVHighlights server Codalab competition platform,
with test set annotations remaining confidential.

TVSum. The TVSum dataset (Song et al. 2015) is also
a standard benchmark for highlight detection, comprising
videos from 10 different categories, with each category
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containing 5 videos. For a fair comparison, we use the same
train/test split as utilized in QD-DETR(Moon et al. 2023).

Charades-STA. The Charades-STA dataset (Gao et al.
2017) contains 9,848 videos depicting indoor activities with
16,128 human-annotated query texts. Following QD-DETR
(Moon et al. 2023), we use 12,408 samples for training,
with the remaining 3,720 samples allocated for testing.

Evaluation Metric. For the evaluation, we follow the met-
rics of prior works (Lei, Berg, and Bansal 2021; Xiao et al.
2024; Sun et al. 2024) for a fair and comprehensive com-
parison. In the QVHighlights dataset, we evaluate Recall@1
(R1) at IoU thresholds of 0.5 and 0.7, and mean average pre-
cision (mAP) at thresholds from 0.5 to 0.95 in steps of 0.05
(mAP@Avg). We compare performance at IoU thresholds
of 0.5 and 0.75, referred to as mAP@0.5 and mAP@0.75.
For highlight detection, we use mAP and HIT@1 (hit ratio
of the highest-scored clip). In the Charades-STA dataset, we
evaluate Recall@1 at IoU thresholds of 0.5 and 0.7. For the
TVSum dataset, the primary evaluation metric is top-5 mAP.

Implementation Details

Pre-extracted Features. Following (Moon et al. 2023), we
use the pre-extracted video, text, and audio features from the
various models. For video features, we use the pre-trained
SlowFast (Feichtenhofer et al. 2019) and CLIP (Radford
et al. 2021) models for QVHighlights, VGG (Simonyan and
Zisserman 2014) and SlowFast+CLIP (SF+C) for Charades-
STA, and I3D pre-trained on Kinetics 400 (Carreira and
Zisserman 2017) for TVSum. For text features, we use
CLIP (Radford et al. 2021) for QVHighlights and TV Sum,
and GloVe (Pennington, Socher, and Manning 2014) for
Charades-STA. We use audio features from all datasets
using a PANN (Kong et al. 2020) model pre-trained on
AudioSet.

Training Settings. We set the loss weights to Ay, = 0.3
and use the Adam optimizer (Kingma and Ba 2014) with



Method VT vu GA MS PK PR FM BK BT DS Avg.

sLSTM (Zhang et al. 2016) 41.1 462 463 477 448 461 452 406 471 455 451
LIM-S (Xiong et al. 2019) 559 429 612 540 603 475 432 663 691 626 563
Trailer (Wang et al. 2020) 613 546 657 60.8 59.1 70.1 582 647 656 68.1 62.8
SL-Module (Xu et al. 2021) 8.5 687 749 862 790 632 589 726 789 640 733
UMTT (Liu et al. 2022) 8§75 815 8.2 788 815 870 760 8.9 844 796 83.1
QD-DETR (Moon et al. 2023) 882 874 856 850 858 8.9 764 913 892 737 85.0
UniVTG (Lin et al. 2023) 839 851 89.0  80.1 846 870 709 917 735 693 81.0
TR-DETR (Sun et al. 2024) 893 930 943 8.1 8.0 886 804 913 895 816 88.1
UVCOM (Xiao et al. 2024) 876 916 914 867 89 89 769 923 874 756 863
Ours 899 938 944 859 892 894 815 926 901 806 88.7

Table 2: Experimental results on the TVSum for highlight detection. T indicates training with audio modality. Bold/underlined

fonts indicate the best/second-best results.

Method Feat R1@0.5 R1@0.7
2D-TAN (Zhang et al. 2020) VGG  40.94 22.85
UMTY (Liu et al. 2022) VGG  48.31 29.25
QD-DETR (Moon et al. 2023) VGG  52.77 31.13
TR-DETR (Sun et al. 2024) VGG 5347 30.81
Ours VGG 54.89 31.97
QD-DETR (Moon et al. 2023) SF+C  57.31 32.55
UniVTG (Lin et al. 2023) SF+C  58.01 35.65
TR-DETR (Sun et al. 2024) SF+C  57.61 33.52
UVCOM (Xiao et al. 2024) SF+C  59.25 36.64
Ours SF+C  61.08 37.89

Table 3: Experimental results on the Charades-STA for mo-
ment retrieval. § indicates training with audio modality.
Bold/underlined fonts indicate the best/second-best results.

MR HD
VCKA VCP R1
mAP AP HIT@I
@0.5 @0.7 Avg
T _ .- __ 60639 4903 4555 4078 6542
- 68.90 5232 4698 4138  66.19
- v/ 6690 51.03 4642 4130 66.71
v/ 6897 5335 47.69 41.67 67.03

Table 4: Effect of the proposed component (video context-
aware keyword attention (VCKA) module, and video con-
textual MR/HD prediction (VCP)) on QVHighlights val set.

a learning rate of le-3 and a weight decay of le-4. We
train QVHighlights with a batch size of 32 for 200 epochs,
Charades-STA with a batch size of 8 for 100 epochs, and TV-
Sum with a batch size of 4 for 2000 epochs, using a single
RTX 4090 GPU. For detailed network configurations, please
refer to the supplementary material.

Comparison to Prior Works

Results on the QVHighlights. Table 1 compares the perfor-
mance of our method with existing state-of-the-art methods
on the QVHighlights dataset for moment retrieval (MR)
and highlight detection (HD). When using only the video
(V), our method shows superior performance, achieving an
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average of 2.12% higher performance across all metrics. A
similar trend is observed when combining video with audio
(V + A). This indicates that the keyword-aware contrastive
loss Ly, effectively enables our framework to understand
video content and capture relevant keywords.

Results on the TVSum. We use the TVSum dataset
to evaluate video highlight detection performance, fol-
lowing protocols of previous works (Moon et al. 2023;
Sun et al. 2024; Xiao et al. 2024). As shown in Table
2, our method shows superior performance in 8 out of
10 categories, with an overall average performance (Avg.)
of 88.7%, indicating an improvement over existing methods.

Results on the Charades-STA. We also evaluate the per-
formance of our method on moment retrieval using the
Charades-STA dataset. As shown in Table 3, our ap-
proach consistently shows improved performance, achieving
a 0.84% improvement over VGG feature and a 1.25% im-
provement over SF+C (SlowFast+CLIP) feature in R1@0.7.
This demonstrates that our method is robust across various
pre-extracted video features for the moment retrieval.

Ablation Study

In this section, we conduct various ablation studies to
investigate (1) the effect of our proposed components and
(2) the effect of our proposed losses. All ablation studies
are conducted using QVHighlights val set to evaluate both
moment retrieval and highlight detection.

Effect of the Proposed Components. Table 4 shows
the effect of the two components Video Context-aware
Keyword Attention module (VCKA) and Video Contex-
tual MR/HD Prediction (VCP) heads. The results clearly
demonstrate that both of proposed components bring better
performance, highlighting the effectiveness of our approach.

Proposed Losses. We evaluate our method with respect to
the two keyword-aware contrastive losses, L. and L,. The
results in Table 5 show that considering each loss individ-
ually consistently surpasses the baseline, which does not
use these contrastive losses. Combining all proposed losses
achieves the highest performance, significantly enhancing
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Table 5: Effect of the proposed keyword-aware contrastive
losses on QVHighlights val set.

the method by improving its capacity to learn robust and
discriminative video features.

Visualization Results

As shown in Figure 3, We provide examples of moment
retrieval and highlight detection on QVHighlights val set
by comparing our method with TR-DETR and UVCOM.
The visualizations demonstrate the efficacy of our method
in both moment retrieval and highlight detection.

Discussion

Effectiveness of Our Keyword Weight. We visualize the
keyword weight w' of each query word on QVHighlights
val set. As shown in Figure 4, in the first sample, ‘woman
wearing glasses’ appears in most scenes, resulting in low
keyword weights. Conversely, ‘microphone’ receives a high
weight due to its specificity in the video context. Similarly,
in the second sample, ‘woman’ has a low weight due to fre-
quent appearance, while fruit’, ‘stick’, and ‘eats’ get higher
weights. These visualizations demonstrate the effectiveness
of our keyword weight w? which can capture contextual im-
portance within video.

Limitation

Our method has demonstrated robust performance across di-
verse datasets. However, when processing both visual and
audio inputs, we use a simplified audio representation with-
out a detailed audio-specific framework. Therefore, develop-
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Figure 4: Visualization results of keyword weight effective-
ness on QVHighlights val set.

ing a more sophisticated audio-visual integration approach is
an important direction for future work.

Conclusion

In this paper, we propose an innovative approach to moment
retrieval and highlight detection that improves understand-
ing of the video context and utilizes contextually appropri-
ate keywords. The core of our method is the video context-
aware keyword attention module, which effectively compre-
hends the entire video sequence and extracts relevant text
keywords corresponding to the video content. Our keyword-
aware contrastive loss functions successfully enhance the
alignment between text query features and video clip fea-
tures by leveraging the overall flow of the video. We believe
that our method not only enhances accuracy but also holds
diverse practical applications.
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