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Abstract. Temporal sentence grounding aims to localize moments rele-
vant to a language description. Recently, DETR-like approaches achieved
notable progress by predicting the center and length of a target moment.
However, they suffer from the issue of center misalignment raised by the
inherent ambiguity of moment centers, leading to inaccurate predictions.
To remedy this problem, we propose a novel boundary-oriented moment
formulation. In our paradigm, the model no longer needs to find the
precise center but instead suffices to predict any anchor point within
the interval, from which the boundaries are directly estimated. Based on
this idea, we design a boundary-aligned moment detection transformer,
equipped with a dual-pathway decoding process. Specifically, it refines
the anchor and boundaries within parallel pathways using global and
boundary-focused attention, respectively. This separate design allows the
model to focus on desirable regions, enabling precise refinement of mo-
ment predictions. Further, we propose a quality-based ranking method,
ensuring that proposals with high localization qualities are prioritized
over incomplete ones. Experiments on three benchmarks validate the ef-
fectiveness of the proposed methods. The code is available here.

Keywords: Temporal sentence grounding - Detection transformer

1 Introduction

Recent years have witnessed a notable surge in the popularity of short-form video
content on social media platforms like TikTok, YouTube Shorts, and Instagram
Reels. As such, users prefer to selectively engage with short moments of interest
rather than passively watch an entire long video. This trend highlights the impor-
tance of localizing desired moments. As a result, moment localization tasks have
emerged as pivotal research topics in video understanding, including temporal
action detection [20, 29, 75], video summarization [50,71], and highlight detec-
tion [48,58]. Within this context, we tackle temporal sentence grounding [1,72],
alming to retrieve moments corresponding to free-form language descriptions.
To address temporal sentence grounding, numerous efforts have been un-
dertaken in the last decade [9, 11, 31,49, 64, 72]. Especially, taking inspiration
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Sentence: “A purple conference is going on with women on the stage.”
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Fig. 1: Comparison of moment modeling approaches under the scenario of an ambigu-
ous center from QVHighlights. (a) The conventional method formulates a moment with
a tuple of (¢, 1). (b) In contrast, we propose to model it with a triplet of (p, ds, d.).

from DETR |[3], query-based approaches have become a promising research di-
rection owing to the architectural simplicity [17,21,26,37,41]. By decoding tem-
poral spans (i.e., moments) from a handful set of learnable queries, they achieve
promising grounding performance while maintaining high inference speed.
Existing query-based models typically predict a moment using its center and
width, i.e., (¢, l), under the assumption that the boundaries are equidistant from
the center. However, such a formulation can be problematic as the center of a
moment might be ambiguous. An illustrative example is presented in Fig. 1 (top),
where the frame at the center of the ground-truth moment is less relevant to the
given sentence, as demonstrated by the low saliency label. Indeed, a moment
center does not necessarily serve as the best representative of the sentence. This
ambiguity can challenge the model’s ability to precisely locate the centers, and
the misaligned centers lead to low-quality predictions (Fig. 1a). To probe the
impact of center misalignment, we conducted a diagnostic experiment in Table 1.
The results reveal that (i) existing methods struggle with detecting accurate
center points and (ii) they suffer from significant performance drops when the
predicted centers deviate from the ground-truth centers (i.e., large center errors).
To address this challenge, we present a novel boundary-oriented formulation
for moments, as illustrated in Fig. 1b, where each moment is represented by a
triplet consisting of an anchor point and its distances to the boundaries, i.e.,
(p,ds,de). This asymmetric formulation liberates the model from the stringent
requirement of predicting the center. Instead, it is sufficient for the model to
predict any salient anchor within the target moment, and the distances from the
anchor to the onset and offset are predicted subsequently. By directly locating the
boundaries based on the anchor point, the model can achieve improved boundary
alignment, even when the anchor point does not coincide with the actual center.
Building upon the proposed moment modeling, we introduce a new frame-
work equipped with a dedicated decoder design, dubbed Boundary-Aligned Mo-
ment Detection Transformer (BAM-DETR). The design of its decoding layers
originates from the intuition that the refining processes for an anchor and bound-
aries should be distinct from each other. That is to say, a model needs to scan
over the whole video to find a potential anchor point that enables estimating the
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Table 1: Impact of misaligned centers on QVHighlights. The top-1 predictions are
grouped based on their center errors normalized by ground-truth lengths. For each
group, we present the mean IoU (%) and the proportion (in parentheses). Only the
predictions whose centers fall within the ground-truth moments are considered here.

Method [0,0.1) [0.1,0.2) [0.2,0.3) [0.3,0.4) [0.4,0.5) All
. 83.20 65.00 54.82 43.77 34.98 67.84
Moment-DETR 21 (yg'0r)  (2a4'%) (14%) (9% (7% (100 %)
. 87.79 67.95 55.40 44.93 36.45 74.09
QD-DETR [41] (56 %)  (18%) (11%) (9 %) (5% (100 %)
BAM-DETR' 77.62 78.20 77.52 78.96 71.08 77.21
(Ours) @4%) (1% (1% (2%  (12%) (100 %)

Tanchor points are utilized for grouping.

rough location of the target moment. On the other hand, it is required to focus
on fine-grained details in the vicinity to refine the boundaries to be aligned with
those of the target moments. From this motivation, in contrast to existing meth-
ods, our model adopts a dual-pathway decoding pipeline to predict an anchor
point and boundaries in a parallel way. To be specific, we leverage two different
types of queries respectively for anchor and boundary refinement. The former
aggregates global information with standard attention, while the latter concen-
trates on the sparse local neighborhood of the boundaries using the proposed
boundary-focused attention. These distinct designs of two pathways allow for
effective moment localization with minimal computational overhead increase.
In addition, we identify the problem of the conventional scoring method,
where binary classification (or matching) scores are used for proposal ranking.
This leads to suboptimal results for the grounding task since a fractional moment
may have high matching scores with the given sentence. To handle this issue, we
propose to rank proposals based on their localization qualities. Accordingly, we
modify the typical matching function and training objectives of the query-based
model to be localization-oriented by discarding the role of classification scores. In
this way, our model can prioritize the moment proposals exhibiting high overlap
with ground truths at inference, leading to improved grounding performance.
The advantage of our BAM-DETR is showcased in Table 1. It can be observed
that the anchor points predicted by our model are evenly distributed within
the ground-truth intervals. Importantly, our model consistently produces precise
moments with high IoUs (> 0.7) across different groups, indicating that it does
not depend on accurate center prediction. On average, our model shows superior
grounding performance over the existing methods with the help of our moment
formulation and quality-based scoring. In a later section, we validate the efficacy
of the proposed methods through extensive experiments. Notably, our model
outperforms previous methods by large margins on three public benchmarks.

2 Related Works

2.1 Temporal Sentence Grounding in Videos

Temporal sentence grounding requires seeking temporal spans semantically rel-
evant to the given sentence in a video. Proposal-based approaches adopt the
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two-stage pipeline, i.e., proposal generation and ranking. They generate moment
proposals by relying on sliding windows [11,13,34,73] or utilizing pre-defined an-
chors [4,59,64,67,74]. Several works process all possible candidates at once with
2D maps [25,32,56,57,72]. Meanwhile, proposal-free methods are developed for
efficient grounding by directly predicting the moments [42,65] or estimating the
probabilities of each frame being starting and ending positions [15,70]. Some ap-
proaches perform dense regression by predicting the boundaries from individual
frames [6,39,66]. Recently, query-based models streamline the complicated sen-
tence grounding pipeline by removing handerafted techniques [2,17, 26,37, 60].
There are also attempts to unify temporal sentence grounding with other video
understanding tasks into a single framework [28, 61].

Our method belongs to the query-based group [21,41], inheriting the benefit
of architectural simplicity. In contrast to others, we employ a boundary-oriented
formulation of moments to relieve the heavy reliance on center predictions, lead-
ing to better boundary alignment. Our method also relates to dense regression
methods [6,28,66] that predict boundaries from each frame as an anchor. Com-
paratively, our model leverages dynamic anchors that are gradually adjusted
through decoding, enabling precise grounding using a small set of predictions.

2.2 Detection Transformers

Query-based temporal sentence grounding models by design are closely related
to the family of detection transformers (DETR) [3]. Since the advent of DETR,
a number of variants have been introduced to improve it from various perspec-
tives 30,33, 36,53]. Some works focus on reducing the excessive computational
costs of vanilla transformers in order to leverage multi-scale features [7,23,47,76,
78]. On the other hand, several methods attempt to speed up the model conver-
gence by manipulating the attention operations [12,35,62,68] or incorporating
the denoising process during the model training [24,69].

The most relevant works to ours are those which propose explicit anchor
modeling for object queries using center points [40,55] or boxes (center, width,
and height) [35,78]. In comparison to an object, a moment in temporal sentence
grounding has its own challenges such as center ambiguity and indistinct bound-
aries. To accommodate the discrepancies, we propose a novel boundary-oriented
modeling of moments to replace the conventional center-based 1D box modeling.
The advantages of our approach are clearly verified in the experiments.

3 Method

Given an untrimmed video and a sentence, the goal of temporal sentence ground-
ing is to localize relevant moments {¢,, = (¢, ,te,)}N_;, where N denotes the
number of ground truths in the video and ¢,, indicates the temporal interval of
the n-th moment. Note that a video may have multiple moments that match the
sentence, i.e., N > 1. During the test time, the model is expected to produce
a total of M predictions, {(@m,qm)}VM_,, where 4, = (ts,,,tc,. ) is the m-th
prediction, while g, is its score for ranking.
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Fig. 2: (a) Overview of the proposed BAM-DETR. (b) Details of the proposed dual-
pathway decoding layer. It consists of two parallel pathways respectively for anchor and
boundary updates, which refine previous moment predictions in a sequential manner.

Motivation. We tackle two main problems in the current prediction process. On
one hand, existing query-based approaches adopt the symmetric design of (¢, () to
predict a moment, i.e., ¢ = (¢—0.5, ¢+0.50). As we discuss in Sec. 1, this strategy
suffers from the issue of over-reliance on the center prediction, leading to unstable
performance. To address this, we propose a boundary-oriented modeling with a
triplet of (p, ds, d.), where a moment is represented by ¢ = (p — ds,p+d.). This
asymmetric design enables direct alignment of boundaries without relying on
precise center prediction. On the other hand, previous models use classification
scores as ¢n,. This scoring is prone to sub-optimal solutions since only a fraction
of the moment may well match the sentence, leading incomplete predictions to
be highly ranked. To handle this, we propose quality-based scoring to sort the
proposals based on their localization qualities rather than the degree of matching.

3.1 Overview

As shown in Fig. 2a, our BAM-DETR follows the encoder-decoder pipeline.
Briefly, it first extracts multimodal video features using the encoders. Taking
them as memory, the dual-pathway decoder predicts temporal spans and their
quality scores by progressively refining learnable initial spans.

3.2 Feature Extraction

Following the convention [42,70, 72|, we employ pre-trained encoders for token-
level unimodal feature extraction. It is worth noting that all unimodal encoders
are kept frozen during training to avoid memory exploding. In this stage, we
obtain D,-dim video features E, € RN+*Pv and D;-dim text features E, €
RM:*Dt where N, and N, are the numbers of clips and words, respectively.

3.3 Multimodal Encoder

We feed the unimodal features of the video and text to the multimodal en-
coder, so as to fuse them into text-aware video representations for temporal sen-
tence grounding. While various multimodal encoders are explored [21,28,37], we
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adopt the text-to-video encoder design [41] consisting of cross- and self-attention
blocks [54]. Before getting into the encoder, unimodal features are projected into
a shared space to facilitate cross-modal interaction, i.e., V = f,(E,) € RN-*P,
T = fi(E;) € RN*P where D is the embedding dimension. Afterward, multi-
head cross-attention blocks are used to inject textual information into the clip-
level video representations. In specific, we project V to Qy (query) while T to
K7 (key) and V7 (value). Then a cross-attention block can be formulated as:
QVK T
VD
V' =FFNOV') +V,
where FFN(:) is a feed-forward network. Although we here present the single-
head attention block, it can readily generalize to a multi-headed version [54]. We
denote the resulting multimodal representations obtained after Ly multi-head
cross-attention blocks by Y e RNvxD,

Subsequently, self-attention blocks are leveraged to enhance the representa-
tions by allowing the inter-clip interaction. Here we project V to Qy, Ky, and
V. We note that the query and the key are supplemented with fixed sinusoidal
positional encoding [3,54] for temporal awareness. Then the self-attention block
is defined in a similar way to Eq. (1) but with different inputs. The enhanced
clip-level representations after Ly multi-head self-attention blocks are denoted
by Ve RNvXD wwhich will serve as the memory for the decoder.

It is widely known that providing saliency guidance to the memory features
helps the model to better understand the semantic relationship between the
video and text [21,28]. As in previous works [17,26], we impose saliency score
constraints on the memory features. Specifically, we leverage a saliency predictor
S(-) and train the model with the following margin-based training objective.

V= softmax( )VT +V,

(1)

L‘margin = maX(O, o+ S(,&low) _ S(@high))’ (2>

where a is a margin and (9'°%, $"8") is the sampled feature pair satisfying that
the saliency label of 9'°% is lower than that of ¢"&®. In case of the absence of
saliency labels, we collect clips within and outside the ground-truth moment
intervals to build a pair. In addition, we employ the rank-aware contrastive loss
Lcont and the negative relation loss Ly, following Moon et al. [41]. Due to space
limits, we refer the readers to Appendix for the loss formulations. In summary,

the overall saliency loss is defined as Lga1 = Lmargin + Lcont + Lneg-

3.4 Dual-pathway Decoder

With the multimodal representations V as memory features, we aim to localize
temporal spans corresponding to the sentence. We adopt the new boundary-
oriented formulation for moment prediction, where each prediction is represented
by a triplet of (p,ds,d.), where p is the anchor point, while ds and d. are the
distances from the anchor to the starting and ending points, respectively. To
make full use of the proposed formulation, we design a dual-pathway decoding
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layer with two parallel pathways (Fig. 2b). Formally, the inputs of the I-th layer
are anchor queries Cl RM*D ‘houndary queries C, CL € RM*P and previous
moment predictions Al = [p ; dls, dle] € RMx3, Where M is the number of queries
(predictions). Note that the initial queries and spans, i.e., {C), C?, C2, A},

are learnable parameters. We elaborate on the two pathways in the followmg.

Anchor updating pathway. Given the predictions and the anchor queries from
the preceding layer, the goal of this pathway is to adjust the anchor position
so that the boundaries can be predicted based on it. Intuitively, in order to
obtain a valuable anchor point without redundancy, an anchor query should
communicate with other queries as well as the memory features. To this goal,
the anchor updating pathway consists of a self-attention layer, a cross-attention
layer, and a feed-forward network. In the self-attention layer, the anchor queries
Cl are first projected into ch Kcz and ch Since an anchor query itself
lacks positional information, we build posmonal encodlng Following the previous
works [17,41], we extend the current spans A! to the positional information of the
queries, i.e., P a1 = MLP(PE(A!)) € RM*P where PE(-) denotes the point-wise
mapping from a position to the corresponding sinusoidal encoding while MLP(+)
is multi-layer perceptron. The self-attention for anchor queries is defined as:

(QC;, +PA1)(KC% +PAL)T
VD

After inter-query interaction, we employ a global cross-attention layer to aggre-
gate multi-modal features from the memory. The anchor queries Cé is projected

C; = softmax( )Vc; + Ci). (3)

into Qg while the memory Vs projected to Ky, and Vy,. To make the query

p
location-aware, we leverage the sinusoidal encoding of current anchor positions,
i.e., P = PE(p') € RM*P_ Similarly, the memory leverages the positional

encoding, i.e., Py, = PE(V) € R¥*P. We use concatenation instead of sum-
mation to separate the roles of features and positional encoding [35,40]. The
cross-attention between anchor queries and the memory can be expressed as:

(e, | P) (K I1Py)
)

After all, the anchor queries are updated with a feed-forward network, i.e.,
CgH) = FFN(C;) + Cé Lastly, we adjust the anchor positions using sigmoid-
based refinement [78]: Al = [p(+1);dl;d!l] where p(*1) = o(c~1(p!) + Ap!)
with Ap! = MLP(CSH)) € RM and the sigmoid function o(-).

Ci, = softmax( v+ Cé. (4)

Boundary updating pathway. After the anchor update, we refine the boundaries
of the predictions. It is widely perceived that a model needs to focus on fine-
grained features in the neighborhood rather than far ones to adjust temporal
boundaries [27,29,51]. Inspired by this, we devise a boundary-focused attention
layer (Fig. 3). For brevity, we explain the process of starting boundary update.



8 P. Lee and H. Byun

©: Channel-wise Concatenation
@: Weighted Summation
@: Element-wise Summation
Plain memory V Locality-enhanced memory V!
. T 1 Sampling
Prediction A’ : [ o0 & [ 1
Offsets o* Welghts w*
+ %
o
D &2 D
Starting Starting
Queries C!, Queries C{'*")

Fig. 3: Boundary-focused attention layer for starting queries.

The plain memory V lacks the inductive bias due to the property of at-
tentional layers [8]. Thus we first build locality-enhanced memory features for
effective boundary refinement. To this goal, we obtain boundary-sensitive fea-
tures with several 1D convolutional layers, i.e., Vs = fs(f)) Then we encourage
them to highly activate around the starting position of target moments. In detail,
we impose regularization on the clip-wise activation scores obtained by channel-
mean, i.e., §° = mean(o (1} )) € RNv. The regularization loss is defined as:

regul N Z IOg gz (1 - g;)log(l - g;))v (5)

where g7 is the binary label obtalned as g = 1[i € B®], where B® is the neigh-
bor clip set around starting points with a radius of r° (set to 1/10 of the mo-
ment length). We merge boundary-sensitive features with the plain ones to form
locality-enhanced memory, i.e., V. = [V || V] € RN**2P. We can obtain LS egul

and V/ in the same way. The total regularization term is L egu = Lregur T Lregul-

Given the locality-enhanced memory, the boundary queries need to capture
fine-grained details around the boundaries for refinement. To efficiently aggregate
useful features near the boundaries, we employ deformable attention [77, 78].
Regarding the starting boundary, i.e., pt1 — d., as the origin, we predict
offsets and weights to select K neighbors, i.e., 0° = ¢,(C.) € RM*K w5 =
softmax(¢,, (CL)) € RM*K  where ¢, are fully-connected layers. Features from
the sampled neighbors are then aggregated into the starting queries as:

K
CL=> " [wi Vi) —di +o}]] + C, (6)

k=1
where we denote the sampling process from memory by V/[-]. Lastly, we adopt
a feed-forward network to obtain the updated starting queries, i.e., Cgl“) =
FEN(CL). We also obtain CU*™ in the same way. With the updated queries,
we refine the boundaries to be better aligned with those of ground truths using
sigmoid-based refinement as similar in the anchor update, leading to the refined
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predictions A+ = [p(+1); daity, dg'H)]. Note that we utilize the deformable
attention for the purpose of local feature aggregation, which sharply differs from
the original purpose of efficient multi-scale global operation [78]. We provide
comparison experiments regarding their roles in Appendix.

Moment prediction. We repeatedly update the predictions through a total of
Lp dual-pathway decoding layers. We denote the resulting predictions by A =
[p; ds; de], the anchor queries by C,,, and the boundary queries by C, and C..
Then we cast the predictions in the form of starting and ending timestamps,
ie, p= [p —dg;p+ de} € RM*2 which serves as the final results.

3.5 Quality-based Scoring

After producing the moment predictions, we opt to rank them for evaluation. In
the convention, query-based models utilize classification scores as the measure,
which exhibits how well the proposals semantically match the sentence. However,
it does not necessarily represent the localization qualities of proposals. Hence we
propose to estimate the localization quality of each moment prediction. Formally,
the quality score can be derived as q = o(MLP(|C,, | Cs || C.])) € R, where o
is sigmoid activation. Then the quality loss is defined as follows.

M

_ [&m N nl
ot = 32 fom — g (o) "

m=1

where the objective of the quality head is to predict the maximum IoUs of the
proposals with ground-truth moments.

3.6 Matching

As in the standard of query-based models [3,21], we perform Hungarian match-
ing [19] between predictions and ground truths. The optimal matching results
1* can be derived as follows.
N
Y* = arg miny, e, Z C(en, @w(n)), (8)
n=1
C(QOn, @w(n)) = )\ll »Cll (Sonv (ﬁw(n)) + )\iouﬁiou(@n; Saw(n))a
where & denotes the combination pool and (n) is the index of the prediction
matched by the n-th ground truth. £;, and Li,, respectively represent the L;
distance and the generalized IoU [46] between the moments, while A\;; and Ajoy
are their weights. Note that in contrast to other works, the classification term is
not involved in the matching process, leading to localization-oriented matching.
Once the matching is completed, we minimize the matching cost between
each pair of the matching results ¢*. The localization loss is defined as:

N
Lioe = Z C(Lpna @w*(n)) (9>
n=1
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QOverall training objectives. Our model is trained in an end-to-end fashion and
the overall training objective is defined as follows.

‘Ctotal = Eloc + )\qualﬁqual + )\salﬁsal + )\regulﬁregul; (10)
where A\, are the balancing parameters.

4 Experiments

4.1 Experimental Settings

Datasets. QVHighlights [21] is a recently built dataset, containing a total of
10,148 videos and 10,310 sentences from vlog and news domains. In addition to
moments, it provides segment-level saliency score annotations within each mo-
ment. Importantly, it allows a single sentence corresponding to multiple disjoint
moments (1.8 on average). Due to this practical setup, we utilize QVHighlights
as the main benchmark. Charades-STA [11] includes 16,128 sentence-moment
pairs with 9,848 indoor videos. The average duration of videos and moments
is 30.6 and 8.1 seconds, respectively. TACoS [45] contains 127 cooking videos
encompassing a total of 18,818 sentence-moment pairs. This dataset is known
to be challenging since the moments occupy only a small portion (6.1 sec on
average) within considerably long videos (4.8 min on average).

Evaluation metrics. Following the standard protocol, we measure the Re-
call@l (R1) under the IoU thresholds of 0.3, 0.5, and 0.7 by default. Since
QVHighlights contains multiple ground-truth moments per sentence, we report
the mean average precision (mAP) with IoU thresholds of 0.5 and 0.75 as well
as the average mAP over a set of IoU thresholds [0.5:0.05:0.95]. Meanwhile, we
compute the mean IoU of top-1 predictions on Charades-STA and TACoS. Note
that the performances at high IoU thresholds (e.g., 0.7) exhibit how well the
predictions align with the ground truths.

4.2 Implementation Details

For a fair comparison, we adopt the same feature extraction strategy with the
competitors [21,26,41]. Specifically, we adopt the CLIP [44] text features for text
and the concatenation of Slowfast [10] (ResNet-50) and CLIP [44] (ViT-B/32)
features for videos unless otherwise specified. The video features are extracted
every 1 second for Charades-STA and 2 seconds for QVHighlihgts and TACoS. To
compare with audio-augmented models [37], we optionally employ audio features
extracted by PANNs [18] pre-trained on AudioSet [14]. Due to the long video
duration, we uniformly sample 200 feature vectors from each video for TACoS.

We set the embedding dimension D to 256, the number of attention heads to
8, the number of queries M to 10, the number of boundary points K to 3, and the
margin « to 0.2. We determine the numbers of encoding and decoding layers as
same with the prior work [41], i.e., Ly = Lp = 2. The balancing parameters are
set as: Aj1 = 10, Aiou = Asal = Aregul = 1, Aqual = 2. As in previous works [26,41],
we increase Agy) to 4 when saliency labels are unavailable, i.e., for Charades-STA
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Table 2: Results on the QVHighlights test split.

Method R1 mAP

w/o pre-training

MCN [1] 11.41 2.72 24.94 8.22 10.67
CAL [9] 25.49 11.54 23.40 7.65 9.89
CLIP [44] 16.88 5.19 18.11 7.00 7.67
XML [22] 46.69 33.46 47.89 34.67 34.90
Moment-DETR [21] 52.89 33.02 54.82 29.40 30.73
uMTt [37] 56.23 41.18 53.83 37.01 36.12
MH-DETR [60] 60.05 42.48 60.75 38.13 38.38
QD-DETR [41] 62.40 44.98 62.52 39.88 39.86
QD-DETR' [41] 63.06 45.10 63.04 40.10 40.19
UniVTG [28] 58.86 40.86 57.60 35.59 35.47
EaTRF [17] 57.98 42.41 59.95 39.29 39.00
MomentDiff [26] 57.42 39.66 54.02 35.73 35.95
BAM-DETR 62.71 48.64 64.57 46.33 45.36
BAM-DETR 64.07 48.12 65.61 47.51 46.91
w/ pre-training on 4.2M data labeled by CLIP

UniVTG [28] 65.43 50.06 64.06 45.02 43.63
w/ pre-training on 236K ASR captions

Moment-DETR [21] 59.78 40.33 60.51 35.36 36.14
uMT [37] 60.83 43.26 57.33 39.12 38.08
QD-DETR [41] 63.18 45.19 63.37 40.35 39.96
BAM-DETR 63.88 47.92 66.33 48.22 46.67

Tadditional use of audio modality *reproduced by official checkpoint

and TACoS. Our model is trained from scratch for 200 epochs on QVHighlights
and 100 epochs on the other datasets using the AdamW optimizer [38] with a
learning rate of le-4 and a batch size of 32.

4.3 Comparison with State-of-the-arts

Results on QVHighlights. We compare our model with existing state-of-
the-arts including recent query-based approaches [17,21,26,37,41,60] on the
test split. As shown in Table 2, our BAM-DETR consistently outperforms the
comparative models under various settings. In detail, without pre-training, our
model surpasses the previous state-of-the-art model [41] by large margins, e.g.,
3.66% in R1@0.7 and 6.45% in mAP@0.75. These improvements under strict IoU
thresholds verify the superior localization ability of our method. When leveraging
auxiliary audio features, the performance further boosts especially in R1@0.5 and
mAPs, enlarging the gap between the competitors including those with audio
features [37,41]. To compare with the methods with pretraining, we pretrain our
model on middle-scale ASR caption data [21]. Again, our BAM-DETR achieves
state-of-the-art results, while showing the least gap with the method [28] that
leverages large-scale data for pre-training. Notably, our model even outperforms
it in terms of mAPs with much fewer (about 18 %) pre-training data, manifesting
the effectiveness of the proposed methods.

Results on Charades-STA. Experimental results on the test split are shown
in Table 3. Not only does our BAM-DETR outperform the query-based com-
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Table 3: Results on the Charades-STA and TACoS test splits.

Charades-STA TACoS
Method
R1@0.3 R1@0.5 R1@0.7 mloU R1@0.3 R1@0.5 R1@0.7 mloU
2D-TAN [72] 58.76 46.02 27.40 41.25 40.01 27.99 12.92 27.22
VSLNet [70] 60.30 42.69 24.14 41.58 35.54 23.54 13.15 24.99

Moment-DETR [21] 65.83 52.07 30.59 45.54 37.97 24.67 11.97 25.49

QD-DETR [41] - 57.31 32.55 - 52.39 36.77 21.07 35.76
UniVTG [28] 70.81 58.01 35.65 50.10 51.44 34.97 17.35 33.60
MomentDiff [26] - 55.57 32.42 - 46.64 28.92 12.37 30.36
BAM-DETR 72.93 59.95 39.38 52.33 56.69 41.54 26.77 39.31

Table 4: Results on the anti-biased Charades-STA test split against the moment
location and length. VGG [52] and Glove [43] features are employed for all models.

Method w.r.t. moment location w.r.t. moment length
R1@0.3 R1@0.5 R1@0.7 mAP,,y, R1@0.3 R1@0.5 R1@0.7 mAPgqq

2D-TAN [72] 27.81 20.44 10.84 17.23 39.68 28.68 17.72 22.79
MMN [56] 33.58 27.20 14.12 19.18 43.58 34.31 19.94 26.85
Moment-DETR [21] 29.94 22.16 11.56 18.66 42.73 34.39 16.12 24.02
QD-DETR [41] 56.17 46.82 28.13 30.70 67.39 54.44 32.87 36.99
MomentDiff [26] 48.39 33.59 15.71 21.37 51.25 38.32 23.38 28.19
BAM-DETR 59.83 50.00 32.08 31.68 68.40 55.46 40.74 43.21

ireproduced by official codebase

petitors [21,26,41], but it achieves a new state-of-the-art by surpassing the best
performing anchor-free model [28] for all metrics. Notably, a large gap of 3.73% is
observed in R1@0.7, which confirms the strong localization ability of our model.
Results on TACoS. We present the comparison results on the test set in Ta-
ble 3. It can be observed that our BAM-DETR achieves a new state-of-the-art
with pronounced performances under the strict IoU thresholds, which is consis-
tent with the above results on other datasets. On this challenging benchmark,
our model surpasses the previous best model [41] by 5.7% (relatively 27%) in
R1@0.7. These results clearly exhibit the superiority of the proposed model.

4.4 Robustness Evaluation

Query-based models potentially have a temporal bias [16,63]| against the loca-
tions and lengths of moments. To measure robustness, we evaluate our model on
the anti-biased Charades-STA [26] with distribution shifts of the moment loca-
tion and length between training and test sets. Table 4 summarizes the results,
where our model outperforms all competitors under both anti-biased settings.
Especially, it shows significant performance gaps under the moment length bias.
This can be expected since our model directly localizes boundaries instead of
predicting lengths, which lessens the effect of bias. This robustness test corrob-
orates the advantage of our boundary-oriented moment modeling.

4.5 Analysis

We conduct analytical experiments on the QVHighlights validation split.
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Table 5: Ablation study of components on QVHighlights.

Method R1 mAP

@0.5 @O0.7 @0.5 @0.75 Avg.
Baseline 62.39 47.87 62.64 41.54 41.75
+ boundary-oriented modeling 63.42 49.23 62.86 43.24 42.42
+ dual-pathway decoder 63.61 50.26 63.01 44.98 44.16
+ quality-based scoring 65.10 51.61 65.41 48.56 47.61

Table 6: Ablative experiments on QVHighlights. Default settings are marked gray .

(a) Number of predictions (b) Choice of memory features  (c) Number of boundary points

M R1 mAP Memory R1 mAP K R1 mAP

@0.5 @0.7 Avg. @0.5 @0.7 Avg. @0.5 @0.7 Avg.
5 62.19 49.03 45.18 plain 63.74 49.68 46.21 1 (fixed) 63.23 48.32 45.17
10 65.10 51.61 47.61 sensitive 63.81 49.87 46.34 1 64.32 49.87 47.14
15 65.48 50.32 48.23 merged 65.10 51.61 47.61 3 65.10 51.61 47.61
20 65.23 51.61 48.01 5 64.90 50.45 46.70

(d) Query choices for quality prediction (e) Combinations of attention layers for updating pathways

R1 mAP Anchor Boundary R1 mAP
C Ce ————— _ FLOPs P
p Cs @0.5 @0.7 Avg. query query @0.5 @O0.7 Avg. OPs Params
v 62.97 49.03 46.26 Global (shared) 62.26 49.03 44.18 0.71G 8.2M
v 64.39 50.71 46.66 Global Global 63.61 49.81 44.54 0.72G 11.5M
v 64.58 49.23 46.71 Global Focused 63.74 49.68 46.21 0.65G 9.5M
v v v/ 65.10 51.61 47.61 Focused Focused 62.48 49.16 45.87 0.62G 7.6M

Effect of each component. We analyze the effect of each component in Ta-
ble 5. The direct adoption of our moment modeling solely improves the perfor-
mance, particularly at strict thresholds, showcasing its advantage in boundary
alignment. Employing the dual-pathway decoder leads to further gains, which
suggests the essential role of separate pathways. Lastly, the quality-based scoring
considerably elevates the scores, especially in terms of mAPs.

Number of predictions. We experiment with varying numbers of predictions
in Table 6a, where the model achieves robust results when M is sufficiently large.
By default, we set M to 10 for a fair comparison with the previous works [21,41].
Locality-enhanced features. We analyze the effect of the choice of input
features for boundary-focused attention in Table 6b. The results indicate that
boundary-sensitive features are slightly more helpful than plain ones in precise
localization. In addition, the merged features achieve the best performance.
Number of sampled boundary points. We analyze the effect of the number
of sampled boundary points K in Table 6¢c. For comparisons, we report the
case where the fixed boundary features are sampled without using offsets (1%
row). As shown in the table, the dynamic selection of neighborhoods rather than
fixed boundaries is important for accurate moment localization. The performance
improves when sampling multiple points, while it saturates at K = 3.

Query choices for quality prediction. Our model leverages both anchor
and boundary queries for quality prediction. We investigate the effect of query
choices in Table 6d. As a result, utilizing all the queries shows better localization
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Fig. 4: Analytical experiments on QVHighlights.

performance than using one of them. This might be trivial as different queries
contain complementary information for quality prediction.

Attention layers. Table 6e compares different combinations of attention layers
for updating pathways in terms of performances and costs. For an apple-to-apple
comparison, we leverage the plain memory features for both attention layers.
First of all, employing separate global cross-attention for different queries leads
to a huge parameter increase yet limited score gains. Replacing the global one for
boundary queries with our focused attention layer substantially reduces the cost,
while achieving the best performance. Meanwhile, the use of focused attention
for both types of queries leads to inferior results.

Boundary alignment. Standard IoU-based metrics are indirect measures for
boundary alignment. To precisely diagnose the ability, inspired by Deeplab [5],
we compute the boundary hit rate of predictions with varying band widths. We
expand ground-truth boundary points with a band width to form starting/ending
zones and regard a prediction as correct if both of its boundaries fall within the
corresponding zones. More details can be found in Appendix. To disentangle
the effect of ranking, we mark a video as correct if at least one prediction is
correct and measure the video-level hit rate. As shown in Fig. 4a, our model
greatly outperforms the recent competitors. The sharp increase in low band
widths clearly validates the superiority of our model in boundary alignment.
Qualitative results. As shown in Fig. 4b, previous models fail to localize ac-
curate moments with misleading center predictions. Especially, QD-DETR, [41]
accurately predicts the moment length but suffers from the misaligned center,
leading to the limited IoU. In contrast, thanks to the novel moment modeling,
our model predicts well-aligned boundaries without relying on center prediction.

5 Conclusion

In this paper, we identified the center misalignment issue of existing query-based
models for sentence grounding. To address it, we presented boundary-oriented
moment modeling where boundaries are directly predicted without relying on
centers. Based on the modeling, we designed the boundary-aligned moment de-
tection transformer characterized by dual-pathway decoding. Further, we pro-
posed localization quality-based scoring of predictions. The efficacy of the pro-
posed methods is validated by thorough examinations. We hope this work sheds
light on the issue of center-based moment modeling in detection transformers.
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