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Abstract

Temporal sentence grounding is a challenging task that aims
to localize the moment spans relevant to a language descrip-
tion. Although recent DETR-based models have achieved
notable progress by leveraging multiple learnable moment
queries, they suffer from overlapped and redundant proposals,
leading to inaccurate predictions. We attribute this limitation
to the lack of task-related guidance for the learnable queries
to serve a specific mode. Furthermore, the complex solution
space generated by variable and open-vocabulary language
descriptions complicates optimization, making it harder for
learnable queries to adaptively distinguish each other, lead-
ing to more severe overlapped proposals. To address this lim-
itation, we present the Region-Guided TRansformer (RGTR)
for temporal sentence grounding, which introduces regional
guidance to increase query diversity and eliminate overlapped
proposals. Instead of using learnable queries, RGTR adopts a
set of anchor pairs as moment queries to introduce explicit
regional guidance. Each moment query takes charge of mo-
ment prediction for a specific temporal region, which reduces
the optimization difficulty and ensures the diversity of the
proposals. In addition, we design an IoU-aware scoring head
to improve proposal quality. Extensive experiments demon-
strate the effectiveness of RGTR, outperforming state-of-the-
art methods on three public benchmarks and exhibiting good
generalization and robustness on out-of-distribution splits.

Code — https://github.com/TensorsSun/RGTR

1 Introduction

Temporal sentence grounding (TSG) aims at localizing the
moment spans semantically aligned with the given language
description in an untrimmed video. Early methods address
the TSG task by designing predefined dense proposals (Gao
etal. 2017; Wang et al. 2022b) or directly learning sentence-
frame interactions (Liu et al. 2022a; Yang and Wu 2022).
The recent success of detection transformer (DETR) has in-
spired the integration of transformers into the TSG frame-
work (Moon et al. 2023b; Xiao et al. 2024). By decoding
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moment spans from a set of learnable queries, they stream-
line the complicated grounding pipeline.

Although DETR-based approaches have achieved notable
performance in TSG task, we still observe some unique
limitations of the DETR structure compared to other fields
(e.g., object detection). Specifically, they suffer from limited
query distribution and overlapped proposals, leading to inac-
curate predictions. As shown in Fig. 1, we present the center-
length distribution of moment queries in three DETR-based
methods, each query learns to predict different temporal re-
gions (e.g., the lower left area represents a short moment
near the video’s start and the higher middle area represents
a long moment). In previous methods, each query includes
numerous overlapped and redundant proposals for the same
region (e.g., the short moments in the lower part), resulting
in ineffective predictions. We attribute this limitation to the
lack of task-related guidance (e.g., category constraints, spa-
tial distribution prior, etc.) for the learnable queries to serve
a specific mode. Although task-related guidance is crucial
to reducing the overlapped proposals, it has been scarcely
explored in TSG task. Furthermore, the complex solution
space generated by variable and open-vocabulary language
descriptions exacerbates the optimization difficulty, making
it harder for learnable queries to distinguish each other adap-
tively and resulting in more severe overlapped proposals.
Another limitation is that the proposal scoring in previous
methods is purely based on the classification confidence, ig-
noring the quality of the predicted boundary. Instead, we
argue that correctly classified proposals that better overlap
with the ground-truth should be assigned higher scores. The
above limitations significantly restrict the accurate localiza-
tion of the DETR structure in TSG task.

In this paper, we introduce an effective Region-Guided
TRansformer (RGTR) framework to cope with the afore-
mentioned limitations in TSG task. To address the issue of
overlapped proposals, we introduce regional priors based
on the distribution of ground-truth moment spans as task-
related guidance. This regional guidance can eliminate over-
lapped proposals by increasing query diversity. Specifically,
we design a region-guided decoder with a new concept of
anchor pairs as moment queries to provide regional guid-
ance. Each moment query consists of a static anchor and a
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Figure 1: Visualization comparison of all moment predictions on QVHighlights val split, for the 3 representative moment
queries in EaTR (Jang et al. 2023), TR-DETR (Sun et al. 2024), CG-DETR (Moon et al. 2023a) and RGTR (Ours). x-axis
denotes the normalized moment span center coordinate, y-axis denotes the normalized moment span length. All queries in
previous methods generate numerous overlapped proposals. For example, the second query tends to predict long moments near
the middle of the videos (higher middle area), but the proposals of short moments (lower area) conflict with this purpose, leading
to ineffective predictions. In contrast, the predicted region of each query in our RGTR is distinct and more concentrated.

dynamic anchor, both of which are initialized by different
clustering centers on the ground-truth moment spans. Such
explicit initialization imposes regional priors as guidance on
each moment query, enhancing the diversity of query distri-
bution. The two types of anchors serve different roles in the
decoder. The static anchor is designed to maintain the re-
gional guidance, so it is not updated during decoding. With
the help of the fixed static anchor, the dynamic anchor con-
tinuously updates to make diverse predictions for various
temporal regions. They collaboratively guide localization
with explicit regional guidance and eliminate overlapped
proposals. In addition, to improve the scoring of high-quality
proposals, we propose an IoU-aware scoring head. By super-
vising the IoU score with L2 loss, the prediction head con-
siders both classification confidence and localization quality.
Extensive experiments on three TSG benchmarks demon-
strate the effectiveness of RGTR framework. As shown in
Fig. 1, RGTR eliminates redundant proposals and exhibits
diverse query distributions compared to previous methods.
Our main contributions are summarized as follows: (1) We
design a novel region-guided decoder, which adopts a set
of explicitly initialized anchor pairs as moment queries to
introduce regional priors as task-related guidance. (2) We
propose an loU-aware scoring head that incorporates local-
ization quality to enhance classification confidence estima-
tion and distinguish high-quality proposals. (3) By employ-
ing these techniques, we introduce a Region-Guided TRans-
former that eliminates overlapped proposals and improves
localization quality. RGTR achieves state-of-the-art perfor-
mance on three challenging benchmarks and exhibits good
generalization and robustness on out-of-distribution splits.

2 Related Work

Temporal Sentence Grounding. Temporal sentence
grounding aims at predicting the moment spans of the
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described activity given an untrimmed video and a lan-
guage description, which is first proposed in (Gao et al.
2017). Early methods fall into proposal-based methods and
proposal-free methods. Proposal-based methods (Liu et al.
2018; Xia et al. 2022; Wang et al. 2022b) initially generate
multiple candidate proposals and rank them based on their
similarity with the description. Proposal-free methods (Lu
et al. 2019; Chen et al. 2020; Yang and Wu 2022) are pro-
posed to avoid the need for predefined candidate moments.
Instead of relying on segment candidates, they directly pre-
dict the start and end boundaries of the target moments.
The recent success of detection transformer (DETR) (Carion
et al. 2020) has inspired the integration of transformers into
the temporal sentence grounding framework (Lei, Berg, and
Bansal 2021; Liu et al. 2022c; Lee and Byun 2023). DETR-
based methods simplify the whole process into an end-to-
end manner by removing handcrafted techniques. However,
due to the lack of task-related guidance for the learnable
queries to serve a specific mode, almost all previous meth-
ods generate numerous overlapped and redundant proposals.
In contrast, our method eliminates overlapped proposals by
introducing regional guidance.

Detection Transformers. Recently, the adoption of trans-
formers to object detection (DETR) (Carion et al. 2020)
builds a fully end-to-end object detection system based on
transformers. The formulation of decoder queries has also
been widely studied in previous work (Zhu et al. 2020; Shi
et al. 2022, 2023). Anchor DETR (Wang et al. 2022a) ini-
tializes queries based on anchor points for specific detection
modes. DAB-DETR (Liu et al. 2022b) formulates decoder
queries with content and action embeddings. DINO (Zhang
et al. 2022) adds position priors for the positional query and
randomly initializes the content query. Motivated by their
great success, we introduce a set of anchor pairs to introduce
explicit regional guidance for accurate prediction.
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Figure 2: (a) Overview of the proposed RGTR architecture. Given a video and a text description, we first employ two frozen pre-
trained models to extract visual and textual features. Subsequently, the cross-modal alignment encoder is constructed to align
and fuse the visual and textual features effectively. Then, we design a region-guided decoder to introduce the regional guidance
for decoding process through a set of explicitly initialized anchor pairs. Finally, the loU-aware scoring head generates high-
quality proposals by incorporating localization quality to enhance the classification confidence estimation. (b) The clustering
centers with regional priors are obtained by adopting k-means algorithm on the distribution of all ground-truth moment spans.

3 Method
3.1 Overview

Given an untrimmed video V = {v;};__, with L frames and

an associated natural language description T = {t, }n 1
with N words, TSG aims to accurately predict the moment
span m = (m¢, m,) that is most relevant to the given de-
scription, where m, and m, represent the center time and
duration length of the moment span.

Recent DETR-based methods replace hand-crafted com-
ponents with learnable positional queries to predict target
moments. These positional queries, representing a set of
learnable referential search areas, are initialized as random
learnable embeddings in the previous methods (Moon et al.
2023b; Yang et al. 2024; Xiao et al. 2024). However, due
to the lack of task-related guidance (e.g., categories con-
straints, spatial distribution prior, etc.) and the extensive
variability of language descriptions, the random initializa-
tion of positional queries greatly exacerbates the optimiza-
tion difficulty and produces numerous overlapped proposals.

To address this problem, we propose the Region-Guided
TRansformer (RGTR), which adopts a set of explicitly ini-
tialized anchor pairs as moment queries to replace randomly
initialized learnable queries without guidance. In our frame-
work, we construct a region-guided decoder through anchor
pairs to provide directive and diverse reference search ar-
eas for decoding process. In addition, we introduce an IoU-
aware scoring head to distinguish high-quality proposals.
The overall architecture is shown in Fig. 2a.

3.2 Cross-Modal Alignment Encoder

Following previous methods (Moon et al. 2023b; Li et al.
2024), we use the pre-trained CLIP (Radford et al. 2021)
and Slowfast model (Feichtenhofer et al. 2019) to extract
clip-level visual features F, € RE*49 where L represents
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the number of clips and d,, is the dimension of visual fea-
tures. Furthermore, we utilize the CLIP model to extract
word-level textual features F; € RN*dt where N is the
number of words and d; is the dimension of textual features.

Given the clip-level visual features F,, and the word-
level textual features Fj, they are first projected into the
common multimodal space using multi-layer perceptrons
(MLPs) to produce the correspondmg features F, € RL*P
and F, € RN*P where D is the embedding dimen-
sion. As highlighted in previous work (Li et al. 2021; Sun
et al. 2024), aligning modalities before interaction could re-
duce the modal gap and obtain better modal representations.
Therefore, we employ an alignment loss Lyj;g, to facilitate
the alignment between videos and sentences.

1 & exp((GL)(G)T)
Lajign = —— lo - - ,
B ; ST ST (GG

where B represents the batch size, G! € R” and Gi €
RP denote the global feature of the i-th video and the i-th
sentence in a training batch, respectively.

After alignment, we adopt a text-to-video encoder to
obtain text-aware video representations. Specifically, three
cross-attention layers are utilized to integrate textual fea-
tures into the visual features:

(1

QuK{
vD

where @, = Linearq(Fv), K; = Lineary(F};) and V; =
Linear, (F}). Subsequently, three self-attention layers are
leveraged to enhance the representations to help the model
better understand the video sequence relations. Here, we
project Fv to 3, K3 and V; and use them to obtain the
final cross-modal fusion embedding F', which is imposed by
saliency score constraints L, (Moon et al. 2023b).

F, = Attention(Q,,, K¢, V) = Softmax(



3.3 Region-Guided Decoder

Given the fusion embedding F', we aim to localize moment
spans semantically aligned with the description in the de-
coder. As discussed in Sec. 3.1, previous methods employ
randomly initialized learnable queries without task-related
guidance, leading to increasing optimization difficulty and
numerous overlapped proposals. In contrast, we design a
region-guided decoder, which adopts a set of explicitly ini-
tialized anchor pairs as moment queries to provide direc-
tive and diverse regional guidance. Each anchor pair con-
sists of a static anchor and a dynamic anchor, both of which
are initialized by clustering centers on the ground-truth mo-
ment spans. The two types of anchors serve different roles
in the decoder, where static anchors maintain regional guid-
ance without updating and dynamic anchors make diverse
predictions. They collaboratively guide localization with ex-
plicit regional guidance. The structure of the region-guided
decoder is described in Fig. 3. We elaborate on the detailed
process in the following.

Anchor Explicit Initialization. Due to the specificity of the
TSG task, we lack the task-related guidance (e.g., category
constraints) present in other detection tasks. Nonetheless,
we can still provide regional guidance for the decoding pro-
cess by considering the distribution of ground-truth moment
spans. Specifically, the forms of static anchors and dynamic
anchors are first defined as a = (a, a,), where a. is the
center coordinate and the a, is the duration of the moment.
Then, as shown in Fig. 2b, we generate K clustering centers
A € R**2 by adopting k-means clustering algorithm on the
distribution of all ground-truth moment spans. These cluster-
ing centers represent explicit temporal regions with diverse
center coordinates and durations. Since events described in
the text can occur anywhere in videos, generating diverse
temporal regions as guidance is crucial. Therefore, the static
and dynamic anchors are initialized by /C clustering centers:
A% = AY = A € R**2 and the positional embeddings of
anchor pairs are generated by:

P) = P] = MLP(PE(4)), 3)

where PE(-) means positional encoding to generate sinu-
soidal embeddings. For clarity, we use AJ and P’ to sign
the static anchor and its positional embedding in j-th de-
coder layer, even though it is never updated. With the ex-
plicit initialization, regional priors are introduced to guide
the decoder in generating non-overlapped proposals.
Anchor Pair Update. Although introducing regional guid-
ance by explicit initialization, maintaining the guidance dur-
ing decoding iterations is also important. Following this
idea, static anchors are designed to maintain guidance with-
out updating, while dynamic anchors are designed to update
for localization as shown in Fig. 3. For static anchors,

ATt =AY = A, PItt = PO = MLP(PE(A)). (4)
Given dynamic anchors A, = (aZ, a’) in j-th decoder layer
and the relative positions AA’, = (Aa?, Aal) from a predic-
tion head, the dynamic anchors are updated as:

AT = AL 4 AAD = (al + Adl, ol + Adl),
Pt = MLP(PE(47,)).

&)
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Figure 3: The structure of our proposed region-guided de-
coder with anchor pair (static anchor and dynamic anchor),
where PE means positional encoding.

Note that all prediction heads share the same parameters.
Region-Guided Attention Module. Similar to the general
decoder, our region-guided decoder also includes two parts:
self-attention module and cross-attention module. However,
we employ different anchors in two modules for varying
roles, as shown in Fig. 3. In the self-attention module, static
anchors are utilized to focus content embeddings on pre-
set representative temporal regions and share information
across different regions. Specifically, we utilize static an-
chors as the positional embedding of self-attention module,
such that the updated content embedding CY is as follows:

C? = MultiHeadAttn(C7 ' + P, C7~1 + P2, G771, (6)

where C7~1 € RX*P is the content embedding from (j —1)-
th decoder layer, and (" is initialized to zeros. In the cross-
attention module, we employ dynamic anchors as query
positional embedding to aggregate region-specific features
from fusion embedding F' with the assistance of C?. There-
fore, the content embedding is updated as:

C7 = MultiHeadAttn([C?, P1], [F,PE(F)], F), (7)

where [-,-] means concatenation function. By adopting an-
chor pairs with regional guidance, the decoder reduces the
optimization difficulty and eliminates overlapped proposals.

3.4 IoU-Aware Scoring Head

The region-guided decoder improves the quality of propos-
als by reducing overlapped and redundant proposals, while
high-quality proposals demand not only fewer duplications
but also accurate boundaries. In the previous DETR-based
methods (Jang et al. 2023; Sun et al. 2024), classification



test val
Method R1 mAP R1 mAP
@05 @0.7 @05 @0.75 Avg. @05 @0.7 @05 @075 Avg.
M-DETR (Lei, Berg, and Bansal 2021) 52.89 33.02 54.82 29.40 30.73 53.94 34.84 - - 32.20
QD-DETR (Moon et al. 2023b) 6240 4498 6252 39.88 39.86 62.68 46.66 6223 41.82 41.22
UniVTG (Lin et al. 2023) 58.86 40.86 57.60 3559 3547 59.74 - - - 36.13
TR-DETR (Sun et al. 2024) 64.66 4896 6398 4373 42,62 67.10 5148 6627 4642 45.09
TaskWeave (Yang et al. 2024) - - - - - 6426 50.06 6539 4647 45.38
UVCOM (Xiao et al. 2024) 63.55 4747 6337 42,67 43.18 65.10 51.81 - - 45.79
CG-DETR (Moon et al. 2023a) 65.43 4838 06451 4277 42.86 6735 52.06 6557 4573 4493
LLMEPET' (Jiang et al. 2024) 66.73 4994 6576 4391 44.05 66.58 51.10 - - 46.24
RGTR (Ours) 65.50 49.22 67.12 45.77 4553 67.68 5290 67.38 48.00 46.95
Table 1: Performance Comparison on QVHighlights test and val splits. t indicates LLM-based method.
Method TACoS Charades-STA
R@03 R@0.5 R@0.7 mloU R@03 R@05 R@0.7 mloU
M-DETR (Lei, Berg, and Bansal 2021)  37.97  24.67 1197 2549 6583  52.07 30.59 45.54
MomentDiff (Li et al. 2024) 4478  33.68 - - - 55.57 3242 -
UniVTG (Lin et al. 2023) 5144 3497 17.35  33.60 70.81 58.01 35.65 50.10
CG-DETR (Moon et al. 2023a) 52.23 39.61 2223 3648 7043 5844  36.34 50.13
LLMEPET' (Jiang et al. 2024) 52.73 - 2278  36.55 70.91 - 36.49 50.25
RGTR (Ours) 53.04 4031 2432 3744 72.04 5793 3516 50.32

Table 2: Performances Comparison on TACoS and Charades-STA. 1 indicates LLM-based method.

confidence (foreground or background) is adopted to rank all
proposals. However, a single binary classification score may
inadequately assess proposal quality by overlooking tempo-
ral boundary accuracy. To distinguish high-quality propos-
als, we introduce an IoU-aware scoring head, which consid-
ers both localization quality and classification confidence.

Specifically, the output of the decoder is fed to an FFN
and a linear layer to predict the moment span and the confi-
dence score p.. Additionally, we add a linear layer to predict
the expected IoU pyoy. Instead of scoring proposals by clas-
sification confidence alone, we score them by a joint combi-
nation of confidence and IoU score, i.e., the product between
P and prou. We supervise the IoU score with an L2 loss to
the ground-truth IoU, denoted as gjou,

Liou = || prou — Grou H2 . (3)
This additional IoU score can explicitly incorporate localiza-
tion quality to enhance classification confidence estimation,
thereby generating high-quality proposals. Additionally, non
maximum suppression (NMS) is applied during inference.

3.5 Training Objectives

The objective losses of RGTR include four parts: moment
loss Lmom, saliency loss L, alignment loss Lajjgn and IoU
loss Lioy. The overall objective is defined as:

ﬁoverall = £m0m + /\salAcsal + )\alignﬁalign + )\IOU‘CIOU7 (9)

where A, are the balancing parameters. Lpom and Ly, are
consistent with QD-DETR (Moon et al. 2023b).
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4 Experiments
4.1 Datasets and Metrics

Datasets. We evaluate the proposed method on three
temporal sentence grounding benchmarks, including the
QVHighlights (Lei, Berg, and Bansal 2021), Charades-
STA (Gao et al. 2017), and TACoS (Regneri et al. 2013).
QVHighlights spans various themes, Charades-STA com-
prises intricate daily human activities, and TACoS mainly
showcases long-form videos focusing on culinary activities.
Metrics. We adopt the Recall@1 (R1) under the IoU thresh-
olds of 0.3, 0.5, and 0.7. Since QVHighlights contains mul-
tiple ground-truth moments per sentence, we also report the
mean average precision (mAP) with IoU thresholds of 0.5,
0.75, and the average mAP over a set of IoU thresholds [0.5:
0.05: 0.95]. For Charades-STA and TACoS, we compute the
mean IoU of top-1 predictions.

4.2 Implementation Details

Following previous methods (Moon et al. 2023b), we use
SlowFast and CLIP to extract visual features and CLIP to
extract textual features. We set the embedding dimension
D to 256. The number of anchor pairs K is set to 20 for
QVHighlights, 10 for Charades-STA and TACoS. The NMS
threshold is set to 0.8. The balancing parameters are set as:
Adlign = 0.3, Ajow = 1, and Ay is set as 1 for QVHighlights,
4 for Charades-STA and TACoS. We train all models with
batch size 32 for 200 epochs using the AdamW optimizer
with weight decay le-4. The learning rate is set to 1e-4.



Method RO.5 R0O.7 mAPg, Method Changes R0.5 R0.7 mAP,,,
Charades-STA-Len Initialization .random . 66.19 49.61 44.03
2D-TAN (Zhang et al. 2020) ~ 28.68 17.72  22.79 Methog  uniform grid 67.10 50.97 ~ 44.93
MMN (Wang et al. 2022b) 3431 19.94 26.85 k-means  67.68 52.90  46.95
QD-DETR' (Moon et al. 2023b) 54.06 32.53 36.37 Scoring IoU superv. 67.87 52.84 46.54
MomentDiff (Li et al. 2024) 38.32 2338 28.19 Method cls+IoU 67.23 5239 4692
RGTR 61.17 40.23 44.30 clsxIoU 67.68 5290 46.95
Charades-STA-Mom
2D-TAN (Zhang et al. 2020) 2044 10.84 17.23 Table 5: Ablation study on initialization and scoring method.
MMN (Wang et al. 2022b) 27.20 14.12 19.18
QD-DETR' (Moon et al. 2023b) 46.31 28.65 30.46 i
MomentDiff (Li etal. 2024)  33.59 1571 21.37 48 [ RGIRTTR-DETR® EaTR
RGTR 49.81 29.77 33.19 S 44
=g
<
Table 3: Results on two out-of-distribution splits of g 40
Charades-STA. The VGG and Glove features are employed 36

for all models. } indicates reproduced by official codebase.

Setting AEI RGAM IASH R0.5 R0.7 mAP,,,
(a) 6535 4897 43.12
b v 64.65 50.58  44.82
(©) 66.19 49.61  44.03
@ v 65.55 5129 4536
e v v 6613 51.68 4651
" v/ 67.68 5290 4695

Table 4: Ablation study on the components of RGTR
on QVHighlights val split. It investigates the anchor ex-
plicit initialization (AEI), the region-guided attention mod-
ule (RGAM), and the IoU-aware scoring head (IASH).

4.3 Performance Comparison

As shown in Tab. 1, we compare RGTR to previous meth-
ods on QVHighlights. For a fair comparison, we report num-
bers for both the test and validation splits. Our method
achieves new state-of-the-art performance on almost all met-
rics. Specifically, RGTR outperforms the latest methods
like LLMEPET (Jiang et al. 2024), achieving 67.12% at
mAP@0.5 and 45.53% at mAP,,, on the test split. On the
validation split, RGTR also maintains its lead. The notable
performance advantages of RGTR demonstrate the effec-
tiveness of anchor pairs with explicit regional guidance.
Tab. 2 presents comparisons on TACoS and Charades-
STA. Our method achieves the best performance on TACoS.
On Charades-STA, RGTR also maintains its competitive-
ness. However, we observe that while our results are notably
superior on QVHighlights, the margin is slightly reduced on
TACoS and Charades-STA. We attribute this to the biased
distribution of the two datasets compared to QVHighlights,
resulting in less query diversity learned by anchor pairs.

4.4 Experiments on Out-of-Distribution Splits

To measure robustness, we also evaluate RGTR on two out-
of-distribution splits (Li et al. 2024), Charades-STA-Len and
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Figure 5: Correlation between scores and ground-truth IoUs.

Charades-STA-Mom, with distribution shifts of the length
and moment location between training and test sets respec-
tively. Since our anchor pairs are initialized by clustering
centers on the training set, performance may degrade when
the distribution changes significantly. However, as shown
in Tab. 3, RGTR outperforms all previous methods under
both out-of-distribution settings. Such surprising results in-
dicate that the regional guidance introduced by anchor pairs
works more by increasing the diversity between moment
queries, rather than merely relying on the similarity between
the training and test set distributions. Ablation experiments
on other anchor initialization methods in Tab. 5 also con-
firm this point. Even with uniform grid points for initializa-
tion, which also serve as an initialization method to increase
query diversity but are unrelated to the dataset distribution,
the model performance improves significantly. Therefore,
despite a distribution shift, the query diversity from regional
guidance remains crucial for effective localization.

4.5 Ablation Study

Main Ablation. We first investigate the effectiveness of
each component in RGTR. As shown in Tab. 4, we report
the impact according to anchor explicit initialization, region-
guided attention module, and IoU-aware scoring head. No-
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Figure 6: Visualization of moment predictions on QVHighlights val split, for all 20 dynamic anchors in region-guided decoder.
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Figure 7: The qualitative result on QVHighlights.

tably, setting (b) represents the decoder only uses the ex-
plicitly initialized dynamic anchors, while setting (d) uti-
lizes both static and dynamic anchors during the decoding
process. The results demonstrate that each component con-
tributes significantly to overall performance and setting (f)
improves performance by 3.93% in terms of R1@0.7 and
3.83% in terms of mAP,,, by using all components.
Anchor Initialization Method. We adopt another two sim-
ple initialization methods to replace the k-means algorithm.
“random” means utilizing random learnable queries as mo-
ment queries. “uniform grid” means generating a uniform
grid on the normalized m. X m, area, and uniformly sam-
pling 5 x 5 = 25 points in a practical temporal region. As
shown in Tab. 5, the performance of k-means initialization
is significantly better than random initialization and uniform
grid initialization. It verifies that k-means algorithm can pro-
vide optimal explicit regional priors for decoding process.
Scoring Method. Tab. 5 compares the product fusion with
other scoring methods, where IoU superv. means only using
confidence score with IoU loss as supervision. All methods
have significant performance improvements, among which
the product method achieves the best performance.
Number of Moment Queries. In previous methods, the
number of moment queries /C is typically limited to 10.
This is because increasing C without explicit guidance only
produces more overlapped proposals, resulting in negligible
performance improvement or even degradation. In contrast,
our method provides explicit regional guidance for each mo-
ment query, i.e., each moment query is accountable for a spe-
cific temporal region. Therefore, increasing K allows mo-
ment queries to cover more temporal regions, leading to ef-
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fective prediction. As shown in Fig. 4, we present the per-
formance of EaTR, TR-DETR, and our RGTR in terms of
mAP,,, according to . We re-implement the other two
methods in different /. As discussed above, for TR-DETR
and EaTR, performance peaks when /C reaches 10 and then
declines significantly. In contrast, for RGTR, increasing X
to 20 significantly improves performance, demonstrating the
effectiveness of anchor pairs with explicit regional guidance.
Correlation between Score and IoU. To compare IoU-
aware scoring and classification confidence scoring, we
draw scatter plots of the correlation between scores and
ground-truth IoUs on the QVHighlights validation set in
Fig. 5. It can be observed that our IoU-aware score shows a
stronger correlation with the ground-truth IoU, i.e., the slope
of the fitted line increases from 0.49 to 0.67, improving the
distinction of high-quality proposals.

4.6 Visualization and Qualitative Result

As shown in Fig. 6, we visualize all 20 dynamic anchors
in the region-guided decoder on QVHighlights. Compared
with previous methods in Fig. 1, RGTR introduces regional
guidance through anchor pairs, effectively enhancing query
diversity and eliminating numerous overlapped proposals.

In Fig. 7, we illustrate a qualitative example on QVHigh-
lights, where the sentence corresponds to multiple moment
spans. Since our method emphasizes enhancing query diver-
sity, RGTR generates more accurate predictions than other
methods, especially in the case of requiring simultaneous at-
tention to different center coordinates and durations.

5 Conclusion

In this paper, we propose a Region-Guided TRansformer
(RGTR) framework to address the limitations of DETR
structure in TSG task. To eliminate overlapped proposals,
we design a region-guided decoder, which adopts a set of
anchor pairs as moment queries to introduce explicit re-
gional guidance for decoding process. Each anchor pair
takes charge of moment prediction for a specific temporal
region, which reduces optimization difficulty and eliminates
redundant proposals. To distinguish high-quality proposals,
we employ an IoU-aware scoring head that incorporates lo-
calization quality to enhance classification confidence esti-
mation. Experiments on three public datasets and two out-
of-distribution splits demonstrate the superiority of RGTR.
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