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Abstract

Video moment retrieval aims to locate specific moments
from a video according to the query text. This task presents
two main challenges: i) aligning the query and video frames
at the feature level, and ii) projecting the query-aligned
[frame features to the start and end boundaries of the match-
ing interval. Previous work commonly involves all frames in
feature alignment, easy to cause aligning irrelevant frames
with the query. Furthermore, they forcibly map visual fea-
tures to interval boundaries but ignoring the information
gap between them, yielding suboptimal performance. In
this study, to reduce distraction from irrelevant frames,
we designate an anchor frame as that with the maximum
query-frame relevance measured by the established Vision-
Language Model. Via similarity comparison between the
anchor frame and the others, we produce a semantically
compact segment around the anchor frame, which serves as
a guide to align features of query and related frames. We
observe that such a feature alignment will make similarity
cohesive between target frames, which enables us to predict
the interval boundaries by a single point detection in the
2D semantic similarity space of frames, thus well bridging
the information gap between frame semantics and temporal
boundaries. Experimental results across various datasets
demonstrate that our approach significantly improves the
alignment between queries and video frames while effec-
tively predicting temporal moment boundaries. Especially,
on QVHighlights Test and ActivityNet Captions datasets,
our proposed approach achieves 3.8% and 7.4% respec-
tively higher than current state-of-the-art R1@.7 perfor-
mance. The code is available at https ://github.
com/ExMorgan—-Alter/AFAFSGD.

*Corresponding author: Hongxing Wang.

1. Introduction

Video moment retrieval (VMR) aims to locate the start and
end timestamps of the most semantically relevant segments
in a video based on natural language queries. It holds a
broad spectrum of applications, including video highlight
detection [24] and video summarization [12].

Due to the modality gap between video and text, VMR
requires aligning the two modalities in the shared feature
space. To this end, most existing methods [17, 25, 26] rely
on the vision-language model (VLM) to embed query text
features into frame features. However, they tend to in-
ject text information into all video frames, easy to suffer
from irrelevant frames being aligned with the text. Allevi-
ating irrelevant frames selection is challenging because we
do not know which frames are truly relevant to the query
text. In this study, we observe that the video frame that is
most relevant to the query can commonly stand out from
the others by the VLM based query-frame similarity rank-
ing, as illustrated in Fig. 1, which was overlooked by pre-
vious VLM related methods [17, 18, 27, 35, 36]. To catch
more query-related frames, we anchor the top-ranked rele-
vant frame to select a semantically compact segment where
each frame has strong visual-textual similarity with the an-
chor frame. The semantically compact segment provides
a rich semantic guidance, which enables us to have a fo-
cused attention for improved query-frame alignment in the
feature space. Along this line, we propose the anchor-aware
feature alignment (A%2FA) scheme (Figs. 3 and 4) to adapt
video frame representations to being better aligned with that
of the query.

As a video moment is determined by its time interval
from its start to end boundaries, query-frame alignment in
the feature space does not reach the goal of VMR until the
two temporal boundaries can be obtained. Previous meth-
ods either rely on frame features to estimate the probability
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Figure 1. Query-frame similarity obtained by the popular VLM,
CLIP [29]. Not all frames within the ground-truth matching inter-
val exhibit high similarities with the query, but the most relevant
one almost always appear in the ground-truth. Besides, matching
frames are semantically related to each other, which motivates us
to propagate from the most query-related frames, which we denote
as anchor, to the rest frames for better modality alignment between
query and video frames.

of candidate intervals being the target interval [9, 33, 40]
or directly regress the frame features to interval bound-
aries [18, 20, 35, 39]. However, they forcibly transform
frame features into temporal boundaries, disregarding the
inherent information heterogeneity between frame seman-
tics and temporal boundaries, which results in suboptimal
retrieval performance. To bridge this gap, we explore the
properties of aligned frame features as a stepping stone
from feature space to temporal boundary space. Compared
with the unaligned frame features, the query-related aligned
frame features are highly similar to each other, as exempli-
fied in Fig. 2. The position coordinate of the upper right cor-
ner of the block with high similarity values exactly implies
the start time and end time of the matching interval. This ob-
servation inspires us to design the Frame-Frame Similarity

Guided Detection (F?SGD) (Fig. 3), in which we reformu-

late the interval boundary prediction as a single point detec-

tion problem in the 2D similarity space. In this way, the
information heterogeneity between features and temporal
boundaries is naturally compensated based on the similar-
ity between frames. Notably, our method avoids performing
interval boundary detection in the 1D query-frame similar-
ity space, which requires separate start and end boundary
detection and additional post-processing. Instead, by op-
erating in a 2D similarity space, where the start and end
timestamps are coupled, our approach eliminates the need
for post-processing.

In a nutshell, our contributions include:

» We propose A?FA, which links the anchor frame identi-
fied by the established VLM with its semantically related
frames to enable targeted alignment of query text and re-
lated video frames in feature space.

¢ In the field of VMR, we are the first to perform temporal
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Figure 2. Illustration of how VMR is converted into a single point
detection in 2D similarity space. The query-related aligned frame
features exhibit high similarity to each other compared to un-
aligned frame features. For the targeted matching interval [¢2, t4]
to the query, the start time {2 and end time ¢4 exactly correspond
to the 2D coordinate (t2, t4) of the upper right corner of the high-
value block in the frame-frame similarity matrix. This observation
enables us to narrow the information gap between frame features
and temporal boundaries.

boundary detection in a 2D similarity space, rather than
in frame feature space, to bridge the information gap be-
tween frame features and temporal boundaries.

* We perform comprehensive evaluations on three video
moment retrieval datasets: QVHighlights [18], Charades-
STA [8], and ActivityNet Captions [16]. Our proposed
method surpasses previous approaches by large margins.

2. Related Work

Video moment retrieval aims to identify a semantically con-
sistent video clip for a given query sentence and output the
start and end boundaries of that clip. To achieve this, it must
not only align text and video modalities but also map the
aligned visual representations to the temporal coordinates
of the clip. Below, we discuss relevant methods from these
two aspects.

Video-Text Modality Alignment seeks to enhance the
similarity between the features of query text and related
frames. To this end, previous methods [3, 4, 38] embed
query text features into relevant frame features. Encour-
aged by the recent success in adopting vision-language
models (VLMs) for video understanding [10, 14], many
methods [20, 22, 32, 34] are built on frame-wise features
from VLMs. Most of methods [23, 25, 27, 30, 37] employ
the cross-attention mechanism [31] to inject the query text
features into relevant frame features. However, they make
all frames embedded with query text information, result-
ing in aligning irrelevant frames with the query text. To
mitigate the involvement of irrelevant frames, we exploit
a fact that has been neglected by previous VLM meth-

24181



Frame Features == Query-Framd /\nchO‘ Frame
Similarity H )

a3 1 Bq. 4 time, l
Query Feature = )\@
00 +oo—0

Anchor-Aware Mask Generation ~ Anchor-Aware Mask

4 4‘ ‘. /\
Vlsua 3 —
“\!& Encodlng Rewelght ]—'[ Align ]—o
tlm( S 13 ~time H/m
)

Frame Features

Vldeo
Query: Kids pours liquid Sentence
from a purple box into glass ~ Encoding |

9 13 time
] P time

Transpose 3+ um

CNNs
MLP
i

Aligned Frame
Features

///m Vertex Score Matrix

Aligned Visual
Similarity Matrix

then tries it herself.

(A’FA)

Query Feature ! Anchor-Aware Feature Alignment

Frame-Frame Similarity Guided Detection !

(F2SGD)

Figure 3. The proposed method for video moment retrieval. It enhances the alignment between the query text and video frames in the
feature space by Anchor-Aware Feature Alignment (A2FA, see Fig. 4 for more details), bringing about high similarity between query-
related frames. This, in turn, facilitates transforming frame features into precise temporal boundaries by Frame-Frame Similarity Guided

Detection (F2SGD). @ denotes matrix multiplication.

ods [9, 13, 23, 25, 26, 35]: the video frames most relevant
to the query can stand out from other video frames through
VLM-based query-frame similarity ranking. In this way, we
take a semantically compact segment based on the seman-
tical relations between the top-ranked relevant frames and
the remaining frames as a semantic guide to align text with
video frames at the feature level.

Moment Localization involves projecting the aligned
frame features to the start and end timestamps of the
matching interval. Enumeration-based [9, 40] and anchor-
based methods [21, 22] assess whether a candidate interval
matches the query, while regression-based methods [36, 39]
directly project features onto the corresponding temporal
pairs. However, these methods forcibly map the alignment
features to interval coordinates, ignoring the information
heterogeneity between visual semantics and coordinate, re-
sulting in suboptimal retrieval performance. In contrast, We
bridge the gap from frame features to temporal boundaries
by the similarity between frame features. We identify the
position coordinates of the upper-right corner of the high-
similarity block in the 2D frame similarity space to deter-
mine the start and end boundaries of the target interval.

3. Method
3.1. Problem Formulation

Given an untrimmed video V with N sampled frames and
a query sentence Q, video segment retrieval aims to learn a
detector D to identify the start s and end boundaries e of the
segment consisting of frames relevant to the query. Since
the query-related frames do not stand out from the entire
video without the help of the query, a mechanism F is need
to inject query information into the query-related frames,
with more discriminative aligned frame features V*. This
enable D to act on V'* for better boundary detection. In this
study, as illustrated in Fig. 3, we propose Anchor-Aware

Feature Alignment (A2FA) for F and Frame-Frame Simi-
larity Guided Detection (F2SGD) for D.

3.2. Anchor-Aware Feature Alignment

To represent video V and query Q of different modalities,
we follow the widely practice of using frozen pre-trained
CLIP [29] encoding for both. By CLIP encoding, we ob-
tain N frame d-dimension features V' = [v1, va,...,vn] €
RN for the video and a sentence-level query feature
q € R for the query sentence.

Given the heterogeneity between visual and textual
modalities, it is essential to align the query sentence with
the matching video frames at the feature level. The key to
alignment is to maximize the similarity between the match-
ing frame and the query sentence. To this end, we propose
the anchor-aware feature alignment (A2FA), which takes
an anchor-aware segment from the video to guide modal-
ity alignment in video moment retrieval.

Generating Anchor-Aware Mask. We design an anchor-
aware mask to focus on potential matching frames. Since
the matched frames should be semantically similar to each
other in both visual and textual levels, we embed the query
feature g into the frame features V', based on the fol-
lowing query-frame similarity weighting, yielding query-
embedded visual features V° = [v§,vS, ..., v%] € RYV*4:

v = cos(q,v;)g + (1 — cos(q, v;))v;, M

where cos(q, v;) denotes the cosine similarity between its
input features.

We then rely on V¢ to generate the anchor-aware mask.
At first, we identify the anchor frame most similar to the
query, which is indexed by:

A = arg max(cos(v$, q)). 2)

i€[1,N]
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Figure 4. Details of re-weighting and aligning stages in the proposed A’FA. We re-weight frame features by comparing the query-
aggregated visual feature. After re-weighting, frame features become more aligned with the query feature based on frame-text scores.

Intuitively, frames that are semantically related to the an-
chor frame are likely to match the query. To this end, we
apply dynamic time warping (DTW) to detect a semantic
transition point in each of the intervals [1,.4] and [A, N],
by which the semantic connection on both sides of the se-
mantic transition point can be maximized [28]. We denote
b" and b® the two semantic transition points, which can be
obtained by

b A
bt = arg max(z cos(vy,vs) + Z Cos(vi\,vg)),
b=1,..A =3 i
(3)
b N
b = argmax(z cos(vy, v5) + Z cos(viy, v5)).
b=A,..N ;=5 j=b+1
“4)

As a result, we have a semantically related interval to the
anchor frame v¢:

(b, 0] = [b", A] U [A4, 7], Q)

which provides a coarse estimate on candidate matching to
the query and cannot be used directly as a prediction result.

Based on [b" b%], we define the anchor-aware mask
m = [my, ma, ...,my] € RY in the following, which will
mask frames semantically unrelated to the anchor frame but
keeping those semantically related frames unmasked during
query-frame feature alignment.

_{ ’
m;
::7

Re-weighting Frame Features. It is evident that some
frames in [b", b%] may be irrelevant to the query. To ad-
dress this issue, as shown in Fig. 4, we re-weight the frame-
level features by comparing the query-aggregated visual
features with each frame. To be specific, we employ the

i€ bk, b},
i ¢ (b0 ©

cross-attention mechanism to map the sentence feature g
as the attention query to guide the aggregation of frame fea-
tures V', which are mapped as the attention key and value.
This process fuses the frame features related to the query to
form query-aggregated visual feature g € R%:

A8 = softmax(Q%q(K2V)" + m), (7

g=ANVEV)T, ®)
where Q%, K#, and V'® are learnable matrices.

We further compare g with each visual representation to

assign high scores to frames that are relevant to the query,
resulting in query relevance scores r = [r1,7a,...,7n] €
RY:
29)") + B), ©)
where W7 and W7, are learnable matrices, w and § are
learnable scales, and tanh is the hyperbolic tangent ac-
tivation function. The re-weighted frame features V' =
[V}, v}, ..., vY] € RV*4 are then computed as:

’Ulir =T;U;. (10)

r; = tanh(w(Wiv,(

Aligning Query and Frame Representations. Once hav-
ing V', we proceed to align it with the query feature q.
As shown in Fig. 4, we assess relations between the re-
weighted frame features and the query text as:

o = sigmoid( WiV (W35q)* +m), (n

where @ = [, aa,...,any] € RY indicates frame-text
matching scores, W and W3 are learnable matrices.

After that, we embed query information into frame-
level features to obtain aligned frame features V* =
[v¥, v3, ..., v%] € RV*4 based on av as follows:

vd =g+ (1 — a;)v}. (12)

The closer «; is to 1, the closer the aligned visual features
of the i-th frame are to the query feature g, so that the sim-
ilarity between the aligned visual features of the i-th frame
and the query features is maximized.
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3.3. Frame-Frame Similarity Guided Detection

Although the relevant frames are enriched with query text
information and become more discriminative in the video
frame feature sequence, there is an information gap between
these frame features and the start and end coordinates of
the interval required by VMR. In order to smoothly con-
vert from frame features to temporal boundaries, we pro-
pose a novel detector, frame-frame similarity guided detec-
tion (F?SGD), by leveraging the properties of aligned frame
features. Concretely, aligned frame features naturally boost
the similarity between frames within the matching interval
while weakening the similarity between matching and non-
matching frames. As has been shown in Fig. 2, the frames
within the matching interval are represented as high-value
blocks in the inter-frame similarity matrix. Coincidentally,
the top-right corner of the high-value square blocks corre-
sponds to the start and end timestamps of the matching in-
terval.

Formally, as shown in Fig. 3, given the aligned frame
similarity matrix S%, with the entry S;; being the cosine
similarity between v and v}, we aim to detect the top-right
vertex of high-value square blocks. To accomplish this, we
apply a CNN-based network on S?, followed by a multi-
layer perceptron (MLP) to estimate the probability of each
position in S® being the top-right vertex of a high-value
square, having a vertex score matrix P € RV*¥:

P = MLP(CNNs(S%)), (13)

where CNNs(-) consists of two layer convolutional layers
with kernel size of C', and MLP(-) is a MLP classifier.

3.4. Training and Inference

For the training, we use the mean squared error (MSE) loss
to penalize the squared element-wise differences between
the predicted vertex score matrix and the ground truth, as
defined below:

L=|P-Gl;. (14)
where G is the ground truth matrix, G(t%,¢°) is set to 1 for
the ground truth start and end timestamps (¢%, ¢¢), with all
other elements being 0.

During inference, we select the indices of the top-% val-
ues in P as the predicted interval boundaries {(5;,;)}*_;:

{(gl,é\l),...,(/s\k,é\k)} :argtokaM, (15)
1<i<j<N
where k£ is the number of candidate intervals. When retriev-
ing multiple video segments, k > 1; otherwise, k = 1.

4. Experiments
4.1. Settings

Datasets: We evaluate our method on three large-scale
Video Moment Retrieval (VMR) benchmark datasets:

QVHighlights [18] contains 10,148 videos, each approx-
imately 150 seconds long. Every video is annotated with at
least one query, with an average query length of 11.3 words.
The target moment for each query has an average duration
of 24.6 seconds. The dataset has 7,218 queries for train-
ing, 1,150 queries for validation (val for short), and 1,542
queries for test. The test set is kept on Codalab to ensure
fair comparison. Following [18, 25, 27], we use the training
split for training, both the val and test splits for testing, and
the val split for ablation. ActivityNet Captions [16] com-
prises 20,000 videos, each averaging 2 minutes in duration,
with 72,000 query-segment pairs. Each query contains an
average of 13.5 words. The dataset is divided into training
(37,421 pairs), val-1 (17,505 pairs), and val-2 (17,031 pairs)
subsets. Following prior works [1, 35], we use the training
set for training, val-1 for validation, and val-2 for testing.
Charades-STA [8] consists of 9,848 indoor videos, each
averaging 30.6 seconds in length. It includes 16,128 query-
moment pairs, split into a training set with 12,408 pairs and
a test set with 3,720 pairs.

Metrics: The most commonly used metrics for VMR are
R1@7 and mAP@7. R1@7 measures the percentage of
top-1 retrieved moments that have an Intersection over
Union (IoU) greater than 7. We report R1@7 results with
7 values of 0.5 and 0.7. mAP@7 calculates the aver-
age precision (AP) at a specific 7 value thresholding IoU,
and mAP@ Avg returns the mean average precision (mAP)
across multiple 7 values. We let 7 = 0.75 for mAP@r,
and 7 range from 0.5 to 0.95 in increments of 0.05 for
mAP@Avg.

Implementation details: The frequency of our sampling
frames is consistent with previous methods [17, 18, 26]. For
the QVHighlights and ActivityNet Captions datasets, we
extract one frame every two seconds. For Charades-STA,
due to the shorter duration of videos, we extract one frame
per second. Frame features are encoded using the CLIP vi-
sual extractor (ViT-B/32), while sentence features are ob-
tained using CLIP text extractor. The convolution size C'
in Eq. (13) is 21 for the QVHighlights dataset and 27 for
the Charades-STA and ActivityNet Captions datasets. Fol-
lowing the previous methods [18, 25, 26], the number of
candidate intervals k in the QVHighlights dataset is 10, and
in other datasets it is 1. Model weights are initialized by
Xavier [7]. We use Adam optimizer [15] with a batch size
of 128. During the total 10 training epochs, we apply a lin-
ear warm-up strategy to gradually increase the learning rate
to 0.0001 in the initial stage, and then decay the learning
rate according to a cosine schedule in the remaining stages.
We train our model on an NVIDIA RTX 3060 GPU.

4.2. Comparison with State-of-the-Art Methods

Results on QVHighlights [18]. As can be seen from Ta-
ble 1, on QVHighlights, our method significantly outper-
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Val Test
Method Backbone R1 mAP R1 mAP

@5 @7 @75 avg | @5 @7 @.75 Avg
Moment DETR [18] (NIPS’21) CLIP 53.5 341 308 324|558 338 312 327
QD-DETR [27] (CVPR’23) CLIP 59.7 423 375 375|608 41.8 37.1 383
EaTR [11] ICCV’23) CLIP 549 36.0 335 341|546 340 326 332
TR-DETR [30] (AAAT’24) CLIP 63.6 439 397 39.6| 602 414 370 372
UVCOM [34] (CVPR’24) CLIP 64.8 48.0 4277 423|627 469 426 421
CG-DETR [26] (CoRR’23) CLIP 66.6 499 442 439 | 645 46.0 416 41.8
QD-VMR [6] (CoRR’24) CLIP 677 523 48.1 462 | 667 48.6 428 43.1
BAM-DETR [17] (ECCV’24) CLIP+SF | 65.1 51.6 486 476 | 627 48.6 463 454
R2-Tuning [25] (ECCV’24) CLIP 67.7 51.9 - 479 | 68.7 52.1 - 47.6
Mr. BLIP [1] (CoRR’24) BLIP-2 76.1 634 558 - 748 60.5 534 -
Ours CLIP 794 648 641 63.0 | 80.8 643 643 634

Table 1. Comparison between our results and the previous reported on QVHighlights val and fest splits. CLIP or BLIP-2 denotes CLIP [29]
or BLIP-2 [19] is applied as visual and text encoders. SF denotes motion feature extractor SlowFast [5]. The best are indicated in Bold.

“-” denotes that result does not get published.

forms all other state-of-the-art (SOTA) methods across all
metrics. Notably, among those utilizing CLIP backbone en-
coder, ours performs better than the SOTA method [25]
by 12.1% on R1@.5, 12.2% on R1@.7, and 15.8% on
mAP@Avg on the test split. The excellent performance
results from improved alignment between query text fea-
tures and video frame features, as well as bridging the infor-
mation gap between frame features and temporal boundary.
Notably, our method surpasses CG-DETR [26], which also
aims to avoid query-irrelevant frames from participating in
modality alignment, underscoring the superiority of our fea-
ture alignment A2FA. Even when compared with Mr. BLIP
[1] that leverages a more advanced backbone encoder, our
method shows a 6.0% improvement in R1@0.5, a 3.8% in-
crease in R1@0.7, and a 10.9% gain in mAP@0.75 on the
test split. This further highlights the superiority of our pro-
posed method.

Results on ActivityNet Captions. Table 2 shows that our
method suppresses all reported SOTA results on the Ac-
tivityNet Captions dataset, demonstrating its effectiveness.
Compared with Mr. BLIP [1] using a better backbone, our
model still achieves substantial improvements across all
metrics. The findings on this dataset are consistent with the
conclusions drawn from the QVHighlights results.

Results on Charades-STA. In Table 3, we can see that our
method beats other SOTAs on Charades-STA. However, the
performance improvement is less significant compared to
QVHighlights and ActivityNet Captions. This may be due
to the shorter video lengths in Charades-STA videos, mak-
ing it more challenging to differentiate and accurately local-
ize the target intervals. Despite this, our model still achieves
competitive results, highlighting its versatility across differ-
ent VMR data environments.

Method Backbone | R1@.5 R1@.7
Moment DETR [18] (NIPS’21) CLIP 36.1 20.4
QD-DETR [27] (CVPR’23) CLIP 36.9 214
UVCOM [34] (CVPR’24) CLIP 37.0 21.5
CG-DETR [26] (CoRR’23) CLIP 38.8 22.6
UnLoc-L [35] (ICCV’23) CLIP 48.3 30.2
Mr. BLIP [1] (CoRR’24) BLIP-2 53.9 35.6
Ours CLIP 71.1 43.0

Table 2. Comparison between our results and the previous reported
on ActivityNet Captions. CLIP or BLIP-2 denotes CLIP [29] or
BLIP-2 [19] is applied as visual and text encoders.

Method Backbone | R1@.5 RI1@.7
Moment DETR [18] (NIPS’21)  SF+CLIP | 52.1 30.6
QD-DETR [27] (CVPR’23) SF+CLIP | 57.3 32.6
UVCOM [34] (CVPR’24) SF+CLIP | 59.3 36.6
CG-DETR [26] (CoRR’23) SF+CLIP | 58.4 36.3
BAM-DETR [17] (ECCV’24) SF+CLIP | 59.9 39.4
R?-Tuning [25] (ECCV’24) CLIP 59.8 37.0
UnLoc-L [35] (ICCV’23) CLIP 60.8 38.4
UniMD+Sync. [39] (ECCV’24) I3D+CLIP | 63.9 44.5
Mr. BLIP [1] (CoRR’24) BLIP-2 69.3 49.2
Ours CLIP 83.8 50.1

Table 3. Comparison between our results and the previous re-
ported on the Charades-STA test split. CLIP or BLIP-2 denotes
CLIP [29] or BLIP-2 [19] is applied as visual and text encoders.
SF and 13D denotes motion feature extractor SlowFast [5] and 13D
network [2].

4.3. Ablation Studies

We conduct ablation studies on the QVHighlights val
dataset to evaluate the effectiveness of our proposed method
for video moment retrieval. Experiments use the more chal-
lenging R1@.7 and mAP@ Avg metrics. We also include
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Figure 5. Cosine similarity distribution between query and matching intervals or non-matching intervals on the QVHighlights val split,
including (a) before alignment, (b) alignment by CG-DETR [26], and (c) alignment by our A?FA.

more results, such as model parameter comparisons and vi-
sualizations, in the supplementary.

Effectiveness of our proposed A’FA in making similar-
ity cohesive. Fig. 5 illustrates the similarity distribution be-
tween the query and the matching or non-matching intervals
before and after alignment. To better compare the results
after alignment, we show the similarity distribution of CG-
DETR [26], a SOTA method dedicated to removing irrele-
vant frame alignment. It is clear that the two distributions
still overlap after CG-DETR alignment, while our method
makes the two distributions clearly separated. It demon-
strates that our A?FA effectively distinguishes matching in-
tervals from non-matching ones in the frame feature space.

Advantages of using 2D similarity space to detect tem-
poral boundaries. Fig. 6 compares our proposed F2SGD
method based on 2D similarity space with some representa-
tive detectors that forcibly map frame features to temporal
boundaries. In specific, TAN [40] estimates the probabil-
ity that an enumerated interval matches the query, while
DETR-like methods [18] use transformers to predict the
center and length of the matching interval. BR [20] employs
convolutional networks to regress the start and end bound-
aries. Our proposed F2SGD outperforms these competitors,
demonstrating the advantages of temporal boundary detec-
tion in the 2D similarity space.

Impacts of anchor-aware masks (A2M) generated by
different VLMs. Table 4 compares the performance of dif-
ferent VLMs, including CLIP [29] and BLIP-2 [19], used
as encoders and in A?M generation defined in Eq. (6). Ob-
viously, the more advanced VLMs like BLIP-2 are used to
generate A?M, the better our method performs, indicating
that the method of generating A®M is compatible with dif-
ferent VLMs. Furthermore, the choice of VLM for A2M
generation has a greater impact on method performance
than the choice of VLM as the encoder.

Necessity of refining the interval from Eq. (5). Table 5
presents the predication ability of [b"bR] coarsely esti-
mated by Eq. (5) in comparison with our finally refined
result by Eq. (15). While [b", b%] alone cannot accurately

ER1@.7 OmAP@Avg

70.0
048630

60.0 55.855.4
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50.0 41.7 46.8 48.1
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5

2 17.0 179

.0
13.813.7 139
B HH

TAN DETR BR F*SGD TAN DETR BR F*SGD

w/o A’FA w/ AFA

Figure 6. Comparison of our F?SGD with other detectors
that forcibly convert frame features to coordinates, including
TAN [40], DETR [18], boundary regression (BR) [20].

Backbone A’M | R1@.7 mAP@Avg
CLIP 64.8 63.0

CLIP BLIP-2 | 66.0 65.1
CLIP 64.8 63.1

BLIP-2 BLIP-2 | 66.1 65.6

Table 4. Performance of anchor-aware masks (A>M) generated by
different VLMs.

Method R1@.7 mAP@Avg
Intermediate results by Eq. (5) 23.8 314
Final results by Eq. (15) 64.8 63.0

Table 5. Comparison of the intermediate result of Eq. (5) and the
final result of Eq. (15).

match the target interval, its integration as masks into our
method significantly improves the performance, highlight-
ing the necessity of our method in subsequent refinement.

Component ablation. Table 6 presents the results of eval-
uating the contribution of each component in our method
to overall performance. The first row shows the baseline
results using only frame-query similarity for moment re-
trieval. After introducing the proposed F2SGD module,
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Query: Man stands on playground balance bridge.

GT|

TaskWeave | (s 79s
UvCOM 24s
Ours 18s 58s

Figure 7. Visualized comparisons of the proposed method with the SOTA methods TaskWeave [36] and UVCOM [34]. GT denotes ground-

truth matching intervals for reference.

AZFA
Reweight  Align F?’SGD | R1@.7 mAP@Avg
- - - 52 7.7
- - v 39.6 433
- v v 57.6 56.4
v v v 64.8 63.0

Table 6. Ablation study on our proposed method in different in-
clusions of A%FA in Sec. 3.2 and FSGD in Sec. 3.3. v signifies
“included”, while - “excluded”.

Method Alignment | R1@.7 mAP@Avg
MRNet-S [9] o;g;:l i?j? jé:g
Moment-DETR [18] CX;%:IZII ig } iééll
uiviopo Ol L oe

Table 7. Performance of different methods with their alignment
modules replaced by our A%FA.

R1@0.7 and mAP@ Avg increase to 34.4% and 35.7%, re-
spectively, highlighting the importance of detecting tempo-
ral boundaries in the 2D similarity space. The improvement
in metrics by adding the ‘Align‘ module further underscores
the benefit of considering the relationships between query-
relevant and irrelevant frames. The ‘Reweight® module is
added to achieve optimal performance.

Pluggability of A2FA. Table 7 reports the performance of
competitors and our proposed A2FA mentioned in Sec. 3.2
followed with different detectors, including TAN [40],
DETR [18], and Regression [20]. Across all combinations,
A?FA outperforms competing methods, demonstrating its
superiority and plug-and-play compatibility.

Pluggability of F2SGD. Table 8 shows the performance of
our proposed F2ZSGD when combined with different align-
ment methods. Results indicate that F2SGD consistently
improves over the original alternatives, emphasizing its gen-
erality to any aligning methods and advantage across differ-
ent alignment techniques.

Convolution kernel size in F2SGD. Table 9 reports the ef-
fect of varying the convolution kernel size C' in F2SGD. All

Method Detection | R1@.7 mAP@Avg
UVCOM [34] 2215231 ;‘Zf j;:?
CGDETR[26]  Jpemal | 224 150
TaskWeave [36] gl | 20} JE

Table 8. Comparison of different methods with their original tem-
poral boundary detection modules replaced by our F>SGD.

C 17 21 25 29
Rl1@.7 639 648 64.1 63.6
mAP@Avg | 624 63.0 623 624

Table 9. Impact of convolution kernel size C' in F?SGD.

performance metrics peak when the kernel size is set to 21,
which allows F2SGD to effectively perceive matching inter-
vals of varying lengths in the QVHighlights dataset.
Visualization of retrieval results. In Fig. 7, we present a
sample result of VMR on the QVHighlights val dataset. We
provide ground-truth annotations for reference and also in-
clude the previous state-of the-art methods, TaskWeave [36]
and UVCOM [34], for comparison. Both TaskWeave and
UVCOM simply use VLM as a feature extractor and di-
rectly regress frame features into target interval boundaries,
which leads to inaccurate interval boundary positioning.
In contrast, the intervals predicted by our method have a
high overlap with the target interval, thanks to our targeted
modality alignment and the bridging of the information gap
between frame features and temporal boundaries.

5. Conclusion

We propose a novel framework for VMR. The proposed
AZ2FA aligns feature modalities by anchor-aware masks, en-
hancing the cohesion of query-related frame similarities. It
enables our F2SGD to effectively detect temporal bound-
aries in the 2D similarity space , bridging the gap between
frame features and temporal boundaries. Experimental re-
sults in public datasets show the effectiveness and superior-
ity of our proposed approach over previous SOTAS.
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