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Abstract

Video moment retrieval (MR) and highlight detection (HD)
with natural language queries aim to localize relevant mo-
ments and key highlights in a video clips. However, exist-
ing methods overlook the importance of individual words,
treating the entire text query and video clips as a black-box,
which hinders contextual understanding. In this paper, we
propose a novel approach that enables fine-grained clip fil-
tering by identifying and prioritizing important words in the
query. Our method integrates image-text scene understand-
ing through Multimodal Large Language Models (MLLMs)
and enhances the semantic understanding of video clips. We
introduce a feature enhancement module (FEM) to capture
important words from the query and a ranking-based filter-
ing module (RFM) to iteratively refine video clips based on
their relevance to these important words. Extensive exper-
iments demonstrate that our approach significantly outper-
forms existing state-of-the-art methods, achieving superior
performance in both MR and HD tasks.

Introduction

The expansion of digital devices and internet platforms has
sparked growing interest in video content, resulting in expo-
nential growth in both its volume and diversity (Apostolidis
et al. 2021; Foo et al. 2023). While this vast amount of con-
tent contains valuable information, reviewing it to extract
relevant parts is time-consuming (Apostolidis et al. 2021).
To address this, two key tasks have emerged for finding
specific clips of interest based on text queries. One is mo-
ment retrieval (MR), which aims to locate relevant moments
within videos (Gao et al. 2017), and the other is highlight
detection (HD), which tries to identify the most important
clips of the videos (Sun, Farhadi, and Seitz 2014).

Given the similarity between MR and HD tasks in iden-
tifying important video clips, the introduction of Moment-
DETR and the QVhighlights dataset (Lei, Berg, and Bansal
2021) has encouraged joint approaches. Moment-DETR
(Lei, Berg, and Bansal 2021) first applied the DETR frame-
work (Carion et al. 2020) for this purpose. UMT (Liu et al.
2022) devised a framework by incorporating audio modal-
ity, and UVCOM (Xiao et al. 2024) proposed an integra-
tion module for the inter- and intra-modality interaction.
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Figure 1: Conceptual illustration of our method. First, we
aim to (a) find and prioritize important words in a text query,
and (b) filter video clips based on the priority of the words.

TR-DETR (Sun et al. 2024) focused on task interaction dur-
ing training, while TaskWeave (Yang et al. 2024) proposed
a task-oriented framework for more effective MR and HD.
Keyword-DETR (Um et al. 2025) enhanced alignment by
identifying key words in the query.

While recent studies have achieved significant improve-
ments in MR and HD considering task similarities and dif-
ferences, their performance is still limited due to under-
utilization of the unique characteristics of text queries and
video clips. To address this limitation, we draw inspiration
from how humans utilize both modalities for MR and HD
tasks. First, for the aspects of the text query, according to
(Just and Carpenter 1980), given a query like ‘Man is hold-
ing a duck on the bus’, we naturally pre-identify important
words (e.g., ‘man, ‘duck, ‘bus, ‘hold’) and prioritize these
important words before analyzing the video (Figure 1(a)).
After that, we filter the video clips related to these priori-
tized important words to effectively identify the clips that



align with the query (Figure 1(b)). However, existing meth-
ods treat the processing of the query text and video clip as
a black-box, failing to prioritize the important words and
thereby lacking a sufficient understanding of the query.

Second, for the aspect of the video clips, we not only in-
terpret the visual content itself but also leverage scene un-
derstanding information (Vo et al. 2022; Buch et al. 2022).
Specifically, we analyze spatial layout, objects interactions,
actions within the scene, and the temporal changes of the
scene to comprehend the context while watching the video.
By doing so, we gain a deeper scene understanding, which
helps us find the video clip segments that are most relevant
to the text query. However, existing methods rely mainly on
raw visual content, limiting their ability to fully capture the
scene context and properly align it with the query.

In this paper, building on these insights, we propose a
novel approach that enables more fine-grained clip filtering
related to the text query by fully leveraging image-text scene
understanding. To this end, we address two main aspects:
(i) identifying important words in the text query and under-
standing video clips effectively, and (i) filtering video clips
that are most relevant to these important words.

First, to address the issue (i), we introduce a feature en-
hancement module (FEM) to identify and prioritize the im-
portant words given a text query. We also leverage Multi-
modal Large Language Models (MLLMs) to obtain detailed
scene understanding through their rich external knowledge.
By integrating MLLMs, ours further enhances the ability to
interpret deeper and more complex scene understanding by
combining image-text information from video clips.

Second, to address the issue (ii), we propose a ranking-
based filtering module (RFM) that refines video clips, based
on the relevance of the prioritized important word. At this
time, important query words are matched with the image-
text information in the video clips in an iterative manner,
gradually minimizing the effect of the irrelevant clips while
highlighting the relevant ones. As a result, more accurate
MR and HD are possible. We claim that our use of MLLMs
can offer valuable insights for future MR and HD tasks by
effectively integrating image-text multimodal information.

The major contributions of our paper are summarized as:

* We propose a feature enhancement module (FEM) that
identifies and prioritizes important words in text queries,
while enhancing detailed scene understanding through
the utilization of MLLMs.

e We introduce a ranking-based filtering module (RFM)
that iteratively refines video clips by filtering clips based
on the relevance of prioritized important words, improv-
ing moment retrieval and highlight detection.

Related work
Moment Retrieval and Highlight Detection

Moment retrieval (MR) aims to find relevant video moments
given a natural language query (Gao et al. 2017). There
are two main approaches: proposal-based and proposal-free.
Proposal-based methods (Gao et al. 2017; Hendricks et al.
2018; Sun et al. 2022) generate candidate segments and rank
them based on their match scores with the query. In contrast,
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proposal-free methods (Li, Guo, and Wang 2021; Mun, Cho,
and Han 2020; Rodriguez et al. 2020) directly regress start
and end timestamps via video-text interaction.

In addition, the highlights detection (HD) aims to identify
the most important video moments, i.e., highlights. Early
methods gave high importance scores to important moments
regardless of text queries (Sun, Farhadi, and Seitz 2014; Wei
et al. 2022; Badamdorj et al. 2022). As user preferences
guide content consumption, recent HD approaches incorpo-
rate text queries to better personalize highlight selection.

Recently, MR and HD have been studied jointly. Moment-
DETR (Lei, Berg, and Bansal 2021) presents QVHighlights
dataset and applieds DETR to both tasks. UMT (Liu et al.
2022) incorporates audio alongside visual and textual in-
puts to enhance query understanding. QD-DETR (Moon
et al. 2023) leverages text by modeling negative video-text
pairs, while TR-DETR (Sun et al. 2024) and UVCOM (Xiao
et al. 2024) emphasize the synergy between MR and HD.
TaskWeave (Yang et al. 2024) adopts a task-centric top-
down approach, and Keyword-DETR (Um et al. 2025) in-
troduces keyword-aware attention for adaptive focus. How-
ever, existing methods fail to capture the overall context of
the video and understand the semantic information of each
clip, which fails to align properly with the query. To address
this issue, we propose important word-aware clip filtering
framework that iteratively filters out information irrelevant
to the query by integrating and leveraging scene understand-
ing knowledge to better interpret complex scene contexts.

Multimodal Large Language Model

Multimodal Large Language Models (MLLMs) have
evolved to meet the growing need for models that can han-
dle multiple modalities, including not only text but also im-
age, video, and audio. For example, CLIP (Radford et al.
2021) aligns visual and language modalities via contrastive
learning on a large set of image-text pairs. BLIP-2 (Li et al.
2023) introduces Qformer to efficiently bridge the gap be-
tween modalities, while MiniGPT-4 (Zhu et al. 2023) uses
a single projection layer to match visual features to tex-
tual features. LLaVA (Liu et al. 2023) improves multimodal
dialogue ability by tuning instructions on multimodal data
generated by GPT-4 (Achiam et al. 2023). QWen-VL (Bai
et al. 2023) uses a multi-task training strategy to fine-tune on
high-resolution images. InternVL (Chen et al. 2024) scales
the vision-based model and gradually aligns it with LLMs.
In this paper, we use InternVL2 to obtain rich knowledge for
scene understanding of video clips.

Proposed Method

Figure 2 shows the overall framework. The text query with
L4 words and the untrimmed video with L, clips are pro-
cessed by pre-trained modality-specific encoders (textual
and visual) with three-layer feed-forward network to gen-
erate query features Fyy € R%a*4 and visual features F, €
RELv x4 We also adopt the recent state-of-the-art Multimodal
Large Language Models (MLLMs), i.e., InternVL2 (Chen
et al. 2024), to generate captions that provide detailed se-
mantic descriptions of each clip with up to L. words. These
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Figure 2: Overall architecture. Query, visual and caption features are prioritize important words and deepen scene understanding
via feature enhancement module, then repeatedly filter irrelevant information to the query via ranking-based filtering module.

are encoded by textual encoder to generate caption features
F, € Rlvxd,

Given F,, F,, and F,, the feature enhancement module
(FEM) first identifies important words from the text query
in a self-supervised manner in the word highlighting step to
generate enhanced query features F,, and generates a word-
highlighted vector V,,, to rank important words. This mod-
ule also enriches scene understanding by associating video-
query and caption-query pairs in the scene understanding
step, yielding enhanced visual features F,, and enhanced
caption features Fi.. Then, based on the identified impor-
tant words, the ranking-based filtering module (RFM) fil-
ters clips by emphasizing those most relevant to the query
while reducing the effect of unrelated ones. This process is
repeated N times to obtain filtered visual features Fy,. Fi-
nally, Feq, sy, and F, pass through a transformer encoder-
decoder to perform moment retrieval (MR) and highlight de-
tection (HD). More details are in the following subsections.

Feature Enhancement Module

Since the text query specifies the exact moments the user
is looking for, accurately recognizing the words in the text
query is essential for effective MR and HD. The video offers
visual cues, while the generated clip captions provide the de-
tailed meaning of each clip. Therefore, to effectively capture
the specific moments that user is searching for based on the
text query, it is important to establish strong cross-modal as-
sociations to interpret complex scene contexts.

To this end, we propose a feature enhancement mod-
ule (FEM) which consists of two steps: (i) word highlight-
ing step and (ii) scene understanding step. First, in the
word highlighting step, as text queries contain important
words and contextual information that convey the meaning
of the sentence, but direct label supervision is not avail-
able, we generate enhanced query features F,, € RLa*d
by identifying the context through self-attention mecha-
nism. Afterwards, the word-highlighted vector V,,;, € RELa,
which represents the relationship between words and be-
tween sentence-word, is generated by calculating the simi-
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larity with G, € R? generated through global average pool-
ing (GAP). This process can be represented as:

F,, = Attention(F,, F,, F), )
Vion = Sim(Fem Geq)a 2)
Xy’
Sim(X,Y) = (3)
XY

where Attention(Q, K, V) = Softmax (QKT/\/Q) V. By

doing so, V,,, captures the importance of words by mod-
eling relationships between words and between words and
the sentence. After learning the contextual importance by
utilizing self-attention, we fine-tune the relative importance
of each word in the sentence by comparing it with the global
meaning. That is, each element of V,,; can be interpreted
as a score reflecting how important a specific word is in the
query. If the score is high, the word is considered important,
otherwise it is considered less important. After that, we rank
the words to find the most important N words.

Second, in the scene understanding step, similarities be-
tween I, and F,,, F, and F,, are calculated to generate
video-query similarity scores A,, € R»*La and caption-
query similarity scores A., € REv>*La, computed as:

P(F,) P(Feg)" P(F.) P(Feq)
Vd Vd ’

where P(-) is a linear projection layer. Then, row-wise soft-
max is applied to A, and A, to obtain A7, and A7, cap-
turing the correlation between each clip or captlon and all
words in the text query. Column-wise softmax is also applied
to obtain Af)q, qu, representing the correlation between a
specific word in the text query and all clips or all captions.
Then, the video-to-query features F 54, caption-to-query
features Fi o4, and the query-to-video features Fyp, and
query-to-caption features Fyo. are calculated as follows:

Avq = 5 Acq = (4)

v2q AT Feq; F A Feq, (5)
Fogo = AL ASTFy, Fype = AL AS F. (6)



Finally, to maximize interaction between the query and
F,/F,, we compute the query-related visual features F,,, and
query-related caption features Fy. as follows:

Fy=P(F, || Fuaq || Fo © Fosg | Fo © Fiay), ()
F.=P(F.|| Faq | F.® Fegg | F. ® Fy2.), (8)
Fy, = ReLU(ConvID(F, || F.,)), ©)
Fye = ReLU(ConvID(E, || F.,)), (10)

where Fe’q is sentence-level enhanced query features via a
weighted sum of words (Huang et al. 2022). (-||-) indicates
concatenation and ® is Hadamard Product.

Next, we apply cross-attention to F,, and Fj, to obtain
enhanced visual features F., € REv*4 and enhanced cap-
tion features F,. € RE*? which can be represented as:

F., = Attention(Fy,, Fye, Fye), an
F.. = Attention(Fyc, Fyy, Fyp)- (12)

This effectively integrates the two features, allowing com-
plementary visual-textual information to enhance query-
based scene understanding.

Ranking-based Filtering Module

We propose a ranking-based filtering module (RFM) to em-
phasize video clips related to important words in the text
query while suppressing unrelated ones. At this time, since
the important words in the text query are diverse, our goal
is to repeat this process N times based on the priority of the
important N words to find query-relevant clips.

As shown in Figure 3, we calculate query-video and
query-caption similarity matrix Sg,,, Sgc € REv*Le to mea-
sure query relevance. Then, they are combined to obtain fu-
sion similarity matrix Sgy., defined as follows:

Sque = WSgw + (1 = W)Sge, (13)
where W is a learnable weight matrix that balances S, and
Sqe, dynamically adjusting the relative importance between
video clips and captions based on the situation.

After that, the word-highlighted vector V,,;, in Eq. (4) acts
as explicit prior knowledge for iterative clip filtering. The
top-N important words in V,,;, are used to iteratively filter
the enhanced visual features Fi,. Specifically, in the first
iteration (N = 1), let ¢ be the position of the word with the
highest value in V,,;,. Then, we extract the i-th column of
Sqve as the important word vector V; € RLv, where each
element indicates the similarity score between each clip and
the i-th word in the text query. V! is applied to F, with
residual connection. This process is repeated /N times as:

N
Trog = Fev; Ffv = ij_l(l + V;).
j=1

By repeating the process IV times, the influence of unnec-
essary clips is minimized, emphasizing only important clips
associated with the similarity of words. The output of the
iteration process is the filtered visual features If,. Finally,
F,q from text query, F'y, from the video, and F¢. from the
caption are considered to the prediction head. Note that, we

follow the prediction head as (Sun et al. 2024).

(14)
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Figure 3: The detailed process of the ranking-based filtering
module (RFM). Video clips are iteratively filtered based on
the ranking of the most important query tokens.

Modal Alignment Loss

To bridge the inherent gap between text and video arising
from their different modalities, we introduce a modal align-
ment loss inspired by (Sun et al. 2024) that maps them to a
shared semantic space. It consists of three losses: (i) query-
video alignment loss between sentence-level query features
and video-level visual features, (if) query-clip alignment
loss between sentence-level query features and clip-level vi-
sual features within a query-video pair, and (iif) caption-clip
alignment loss between sentence-level caption features and
clip-level visual features within a caption-clip pair. First, the
query-video alignment loss £,.,, is calculated as:
exp(Sim(G.,,,Gg,))

B
1
Low=—= IOg .
q B ; Do exp(Sim(G.,,Gy,))

where B is the batch size, G,,, G, € R? are the i-th global
visual and query features, obtained via GAP of F),, and
F,, respectively. £,.,, enhances global correlation of similar
query-video pairs by separating them from dissimilar pairs.
Next, the query-video similarity matrix Sy, is passed
through the sigmoid and average pooling to generate G, .
Then, the query-clip alignment loss £... is defined as:

(15

Ly
Lq-c = - Z (Mz IOg(Gqci) + (1 - Mi) IOg(l - Gqci)) ,
=1

(16)
where M; is a ground-truth mask, which means 1 if the i-
th video clip is relevant to the query, and 0 otherwise. Gy,
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Method Source R1@0.5 R1@0.7 mAP@0.5 mAP@0.75 mAP(Avg) mAP HIT@I
M-DETR (NeuriPs’21) (Lei, Berg, and Bansal 2021) V 52.89 33.02 54.82 29.40 30.73 35.69 55.60
QD-DETR (cvpr’23) (Moon et al. 2023) V 62.40 44.98 62.52 39.88 39.86 38.94 62.40
UniVTG accv23) (Lin et al. 2023) )% 58.86 40.86 57.60 35.59 3547 38.20 60.96
TR-DETR (aaAr24) (Sun et al. 2024) 1% 64.66 48.96 63.98 43.73 42.62 3991 6342
UVCOM (cvrr24) (Xiao et al. 2024) v 63.55 47.47 63.37 42.67 43.18 39.74  64.20
Keyword-DETR (aaar2s) (Um et al. 2025) % 66.86 51.23 67.73 46.24 45.69 40.94 64.79
Proposed Method % 68.09 52.20 67.81 46.74 46.54 42.24 68.22
UMT (cvrr22) (Liu et al. 2022) V+A 5623 41.18 53.38 37.01 36.12 38.18 59.99
QD-DETR (cvpr23) (Moon et al. 2023) V+A 63.06 45.10 63.04 40.10 40.19 39.04 62.87
TR-DETR (aaAr24) (Sun et al. 2024) V+A 6505 47.67 64.87 42.98 43.10 3990 63.88
UVCOM (cvrr24) (Xiao et al. 2024) V+A 6381 48.70 64.47 44.01 43.27 39.79 64.79
Keyword-DETR (aaar2s) (Um et al. 2025) V+A 6177 50.52 68.30 45.88 45.52 41.15 65.82
Proposed Method V+A 6887 52.27 68.09 46.55 46.23 42.36 69.78

Table 1: Results of moment retrieval and highlight detection experiments on the QVHighlights fest set using video only (V) and
video and audio together (V + A). Best/second-best results are marked in Bold/underlined.

is the similarity score between the global query features and

the i-th clip-level visual features. Through £,.., relevant and

irrelevant video clips are differentiated based on the query.
Finally, the caption-clip alignment loss L. is defined as:

B L, .
1 v oexp(Sim(Fy, ., Fe, .
ﬁc-c = _E E log szjflL p( ( b k]))
k=1 Zi:l Zj;l EXP(SZWL(Fv,;]» ) Fckj

)’
)

where Fq,w , Fckj denotes the visual and caption features for
the j-th clip of the k-th video. This improves the correlation
of similar caption-clip pairs in a video and better separates
dissimilar pairs or similar pairs with different meanings.

Finally, the modal alignment loss £, is formulated as:
Ema = )\q-v['q—v + )\q-c['q—c + )\C—C‘CC-Ca (18)

where Ay, Agc and A... are balancing weights. Finally, the
total training loss function is formulated as follows:

£T0tal = ‘Cm'r + £hd + £maa (19)

where L,,,,- and L4 denote the MR/HD losses from (Moon
et al. 2023; Sun et al. 2024).

Experiments
Datasets and Evaluation Metrics

Dataset. We use three benchmark datasets. QVHighlights
dataset (Lei, Berg, and Bansal 2021) contains 10,148
content-rich  YouTube videos, paired with text queries
that identifies a specific highlight moment. It includes
annotations for both moment retrieval (MR) and highlight
detection (HD). Test annotations are hidden, and results are
evaluated via the CodalLab server. TVSum dataset (Song
et al. 2015) includes 50 videos across 10 categories for HD.
Following (Moon et al. 2023), 80% of the dataset is used
for training, and 20% is used for testing. Charades-STA
dataset (Gao et al. 2017) contains 9,848 videos of indoor
daily activities and 16,128 human-annotated text queries.
Following (Moon et al. 2023), 12,408 samples are used for

5940

training and 3,720 samples for testing.

Evaluation Metrics. We follow the evaluation metrics used
in previous works (Sun et al. 2024; Xiao et al. 2024) for
fair comparison. For QVHighlights, we measure Recall@1
(R1) at ToU thresholds of 0.5 and 0.7 for MR, and compute
the average mAP (mAP@ Avg) for IoU thresholds sampled
at 0.05 intervals from 0.5 to 0.95. We also evaluate mAP
at specific thresholds of 0.5 and 0.75 for more detailed per-
formance comparison. For HD, we use the average preci-
sion (mAP) and HIT@1, which represents the hit rate of the
highest-scoring clip. For TVSum, we evaluate HD using the
top-5 mAP values. For Charades-STA, we measure R1 at
IoU thresholds of 0.5 and 0.7 for MR.

Implementation Details

Following (Sun et al. 2024), we extracted video, query, cap-
tion, and audio features using pre-trained models. For video,
SlowFast and CLIP (Radford et al. 2021) were used for
QVHighlights; VGG (Simonyan and Zisserman 2014) and
SlowFast+CLIP for Charades-STA; and I3D for TVSum.
Query and caption features were extracted using CLIP for
QVHighlights and TVSum, and GLoVe for Charades-STA.
All audio features were obtained using PANN (Kong et al.
2020) trained on the AudioSet (Gemmeke et al. 2017).

All experiments were performed on an NVIDIA RTX
3090, with A, = 0.3, Ay.y = 0.5, Ac.c = 1.5in Eq. (18).
Other training settings followed TR-DETR (Sun et al. 2024)

Experimental Results

Results on the QVHighlights. Table 1 shows the exper-
imental results for MR and HD on the QVHighlights test
set. We compared state-of-the-art methods (Lei, Berg,
and Bansal 2021; Moon et al. 2023; Lin et al. 2023;
Sun et al. 2024; Xiao et al. 2024; Um et al. 2025; Liu
et al. 2022). Our method shows superior performance
across all metrics when using only video (V). With the
concatenated video and audio setting (V + A), it still
outperforms other methods on most metrics. These results



Method VT VU GA MS PK PR FM BK BT DS Avg.
LIM-S (cver'19) (Xiong et al. 2019) 559 429 612 540 603 475 432 663 691 626 563
Trailer (Eccv-20) (Wang et al. 2020) 61.3 546 657 60.8 59.1 70.1 582  64.7 65.6 68.1 62.8
SL-Module accv’21) (Xu et al. 2021) 865 687 749 862 79.0 632 589 726 789 640 733
UMTT (cvpr'22) (Liu et al. 2022) 875 815 882 788 81,5 87.0 760 869 844 796 83.1
QD-DETR (cvpr23) (Moon et al. 2023) 88.2 874 856 8.0 8.8 8.9 764 913 892 737 85.0
UniVTG accv23) (Lin et al. 2023) 839 851 8.0 80.1 846 870 709 917 735 693 81.0
TR-DETR (aAAr24) (Sun et al. 2024) 893 930 943 851 880 886 804 91.3 895 81.6 88.1
UVCOM (cvrr24) (Xiao et al. 2024) 876 91.6 914 867 869 869 769 923 874 756 863
TaskWeave (cvPr'24) (Yang et al. 2024) 88.2 90.8 933 875 870 82.0 809 929 895 812 87.3
Keyword-DETR (aaar2s) (Umet al. 2025) 899 938 944 859 892 894 815 926 90.1 80.6 88.7
Proposed Method 899 941 950 875 897 904 806 933 899 81.6 89.2

Table 2: Results on highlight detection experiments on the TVSum. f means training with audio modality. Best/second-best

results are marked in Bold/underlined.

Method Feat R1@0.5R1@0.7
UMTT (cvprr22) (Liu et al. 2022) VGG 48.31 29.25
QD-DETR (cvpr23) (Moon et al. 2023) VGG 52.77 31.13
TR-DETR (aaar24) (Sun et al. 2024) VGG 5347 30.81
TaskWeave (cvpr'24) (Yang et al. 2024) VGG 56.51 33.66
Keyword-DETR (aaar2s) (Um et al. 2025) VGG 54.89 31.97
Proposed Method VGG 61.51 37.58
QD-DETR (cvrr23) (Moon et al. 2023) SF+C 57.31 32.55
UniVTG accv23) (Lin et al. 2023) SF+C 58.01 35.65
TR-DETR (aaAr24) (Sun et al. 2024) SF+C 57.61 33.52
UVCOM (cvrr-24) (Xiao et al. 2024) SF+C 59.25 36.64
Keyword-DETR (aaar2s) (Um et al. 2025) SF+C  61.08  37.89
Proposed Method SF+C 60.97 38.52

Table 3: Results on moment retrieval experiments on the
Charades-STA. 7§ indicates training with audio modality.
Best/second-best results are marked in Bold/underlined.

demonstrate the effectiveness of our method in identify-
ing important query words and understanding video content.

Results on the TVSum. We evaluated the HD performance
on the TVSum dataset. As shown in Table 2, the overall
average performance (Avg.) of our method still outperforms
the existing methods in almost all categories. This high-
lights that our method is still effective approach for HD task.

Results on the Charades-STA. As shown in Table 3, when
evaluating the MR task on the Charades-STA dataset, our
method outperforms state-of-the-art models in most cases,
regardless of the video feature type (i.e., VGG or Slow-
Fast+CLIP(SF+C)). These experimental results demonstrate
that proposed method, which effectively understands both
query text and video clips, remains effective in MR task.

Ablation Study

We perform an ablation study on the QVHighlights val set
to see the effectiveness of each module in our method. As
shown in Table 4, both FEM and RFM contribute to im-
proved performance compared to the baseline, and their
combination achieves the best results. Adding captions fur-
ther enhances scene understanding and overall performance.
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MR HD
Cap. FEM RFM 1405 R1@0.7 mAP(Avg.) mAP HIT@1
T L T 6613 4974 4324 4011 6477
TV T I 76632 4981 4353 2080 65.10
.-/ 6755 4961 4438 4129 6581
-/ /6942 5181 4556 4132 66.06
V- - 6903 5271 4634 4223 67.94
VY /- 6916 5381 4681 42.86 69.61
V- v/ 6942 5387 4743 4229 68.00
VY / 7/ 7000 5568 4814 4324 7123

Table 4: Effect of our components (caption usage (Cap.),
feature enhancement module (FEM), and ranking-based fil-
tering module (RFM)) on the QVHighlights val set.

Visualization Results

Qualitative Comparisons. We compared our method
with state-of-the-art approaches (Sun et al. 2024; Xiao
et al. 2024; Um et al. 2025) on the QVHighlights val set.
As shown in Figure 4, ours outperformed existing ones,
demonstrating its superiority in achieving more accurate
MR and HD predictions.

Results of the Ranking Important Words. Figure 5 shows
the top-N words from the word-highlighted vector V,,, ob-
tained during the word highlighting step of RFM. It demon-
strates that the model prioritizes words strongly connected
to other components or central to actions or objects, which
effectively helps retrieve relevant clips.

Discussions

Effect of the Caption Information. While leveraging cap-
tions with MLLMs is a promising recent trend, previous
MR/HD studies have not yet explored integrating visual-text
multimodal information to enhance video understanding. In
contrast, we are the first to incorporate multimodal infor-
mation in MR/HD tasks. For fair comparison, Table 5 re-
ports results for adding MLLM-generated captions to SOTA
models. These results demonstrate that the superiority of this
study lies not in the captions, but in effectively identifying
and prioritizing important query words.



Query : A man sets his drone on the ground and prepares to ﬂy it.

Query : Woman looks at their phone while a man talks.
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Figure 4: Visualization comparison of moment retrieval (MR) and highlight detection (HD) for the QVHighlights val set.

Text Query : Man leans his head out a truck window.

ﬂ 3rd| 52 4th
e

Man leans --. head out ... window

Text Query : A woman with black top and pink hair is describing her trip.

HHHHMWIMH I i

[ Results | [ Video | [ Results | [ Video |

black top ... pink hair ... describing

Figure 5: Visualization results of the prioritized N important
words on the QVHighlights val set (N = 5).

MR HD
Method RI1 Rl  mAP ., HIT
@0.5 @07 (Avg) ™ @l
TR-DETR (AAAr'24) 68.90 51.94 46.60 42.15 68.13
UVCOM (cvPR'24) 68.71 5323 47.68 4195 68.32
Keyword-DETR (aaar2s) 68.32 53.35 47.73 41.97 69.55
Proposed Method 70.00 55.68 48.14 43.24 71.23

Table 5: Effect of the caption information on the QVHigh-
lights val set. InternVL2 is used for caption extraction.

Effect of Important Word-based Iterative Filtering. We
evaluate the effect of the number of iterations in RFM on
the QVHighlights val set, as shown in Table 6. Increasing
the number of iterations leads to performance gains by
refining clip selection, with the best performance at N = 5.
At N = 7, it slightly drops due to over-filtering but still
outperforms the no-iteration baseline.

MLLM Variations. Table 7 shows results using two recent
MLLMs: LLaVA (Liu et al. 2023) and InternVL2 (Chen
et al. 2024). InternVL2 performs best overall, while LLaVA
remains competitive and exceeds InternVL2 on R1@0.5.

MR HD
# of Iter
R1@0.5 R1@0.7 mAP(Avg.) mAP HIT@I
.0 6916 5381 4681  42.86 6961

1 69.48 54.13 47.10 4291 70.06
3 69.74 54.45 47.30 4298 70.90
5 70.00 55.68 48.14 4324 71.23
7 70.00 53.87 47.09 4276  69.29

Table 6: Effect of the number of filtering iterations in the
ranking-based filtering module on the QVHighlights val set.

MR HD
MLLMs
R1@0.5 R1@0.7 mAP(Avg.) mAP HIT@1
LLaVA 70.71 54.90 47.69 42.80 69.68
InternVL2  70.00 55.68 48.14 43.24 71.23

Table 7: Effect of MLLM variants on QVHighlights val set.

These results highlight the robustness of our method and
its effectiveness in leveraging scene understanding for
query-aware filtering across different MLLMs.

Limitations. We incorporated MLLMs into MR/HD tasks
to enhance scene understanding with richer external knowl-
edge. However, this increases inference time and the num-
ber of parameters. Our future work will focus on reducing
reliance on MLLMs during inference and finding ways to
utilize caption knowledge without directly using captions.

Conclusion

We propose an important word-aware clip filtering frame-
work to imporve MR and HD tasks by focusing on the most
relevant information in video content. We adopt MLLM to
fully leverage the knowledge of the captions from each video
clip to further understand the video. Our approach includes
a feature enhancement module to identify/prioritize impor-
tant words and enhance the semantic understanding of video
clips, while a ranking-based filtering module iteratively re-
fines video clips based on their relevance to the query. This
results in improved performance on MR and HD tasks.
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