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Abstract. Video temporal grounding (VT'G) aims to localize events in
untrimmed videos given natural language prompts. Current VI'G meth-
ods directly inherit the paradigm from 2D object detection, applying
rigid IoU-based one-to-one matching between queries and ground truth
spans. However, this paradigm fundamentally conflicts with the temporal
fluidity of video events: unlike spatial objects, a sub-event (moment) can
be semantically aligned with the prompt despite only covering part of the
full event span. This matching scheme incorrectly suppresses such mo-
ment predictions as negatives, preventing models from learning rich tem-
poral representations. To resolve this, we propose Moment-Event DETR
(ME-DETR), a novel framework that embraces the natural part-whole
structure of events through dynamic query specialization. During train-
ing, after standard Hungarian matching assigns primary event queries to
ground truths, we identify other high-confidence predictions within each
matched span and designate them as auxiliary moment queries. Through
our synergistic supervision strategy, these moment queries are liberated
from unreasonable suppression to explore semantically rich sub-events
(moments). Extensive experiments demonstrate that ME-DETR estab-
lishes new state-of-the-art results, achieving +2.43% mAP improvement
on QVHighlights test set without requiring post-processing NMS. Code:
https://github.com/zouyuda220/ME-DETR.
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1 Introduction

Video temporal grounding (VTG) aims to localize the start and end timestamps
of an event in an untrimmed video given a natural-language prompt. As a key
primitive for video understanding, VTG underpins applications such as content
retrieval, video editing, and human-centric interaction. Motivated by the suc-
cess of DETR-style set prediction in 2D object detection on images [3|, recent
VTG methods increasingly adopt end-to-end transformer detectors that directly
output a set of temporal spans from learnable queries [19-22]. With one-to-one
Hungarian matching [9], these approaches avoid hand-crafted post-processing
(i.e., NMS), offering a clean and effective paradigm for VTG.
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(a): 2D Spatial Grounding: Semantics Align with Spatial Boundaries density
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Fig.1: Paradigm mismatch between 2D spatial grounding and 1D video
temporal grounding (VTG). (a) In 2D detection, object semantics are typically
coupled with spatial boundaries: a partial box (e.g., “cat body”) is not semantically
equivalent to the full object (“a cat”), hence IoU-based one-to-one matching reason-
ably suppresses low-IoU predictions. (b) In VTG, events often exhibit temporal fluidity:
a salient sub-span (a moment) can still be strongly semantically aligned with the query
while covering only part of the annotated event span. Under rigid tloU-driven one-to-
one matching, such semantically aligned but shorter predictions (blue) are labeled as
negatives, inducing assignment-driven suppression during training. (c) Empirical evi-
dence of temporal redundancy. We compare cosine similarity distributions between
(i) full GT event spans and their randomly cropped sub-spans (QVHighlights, clip em-
beddings from InternVideo [29]) and (i) full GT bounding boxes and their randomly
cropped sub-boxes (COCO, patch embeddings from CLIP ViT-B/32 ) All full GTs
and sub-regions are encoded independently from raw isolated inputs to ensure a fair
comparison. The substantially higher intra-event similarity indicates stronger temporal
redundancy, supporting that query-consistent semantics can be preserved by sub-spans
even when boundaries do not fully match.

Despite these advances, directly migrating the DETR matching paradigm
from 2D images to 1D temporal localization in videos overlooks a fundamental
domain-specific discrepancy. As illustrated in Fig. [I] the relationship between
semantic alignment and boundary alignment is fundamentally different in spatial
2D images and temporal 1D videos. In 2D object detection, semantics and spatial
extent are usually tightly coupled: a box covering only a “cat body” (low IoU)
is not semantically equivalent to the whole “cat”, and is therefore a reasonable
negative under IoU-based assignment. In contrast, temporal events are often



Decoupling Moment from Event for VTG 3

internally structured and semantically redundant over time. A short sub-span
that contains the key action (e.g., a dance move) can be fully consistent with the
query (e.g., a girl is dancing) even if it does not cover the entire annotated event.
We refer to this property as temporal fluidity, where semantic alignment does
not necessarily imply boundary alignment. As further supported in Fig. c),
clip representations within GT event windows exhibit markedly higher intra-
instance similarity than patch representations within GT bounding boxes in
images, indicating stronger temporal redundancy and making query-consistent
sub-spans common in VTG.

This discrepancy incurs a fundamental training conflict in DETR-based VTG.
Under one-to-one Hungarian matching [9], only a single query with high tIoU
(temporal IoU) is assigned as the positive for each ground-truth event span.
Other queries that are semantically correct but localize a sub-event (moment)
tend to receive low tIoU and are consequently treated as negatives by the clas-
sification loss. Over training, these semantically aligned moment predictions are
repeatedly penalized, forcing the model to distrust its own semantic evidence.
This training scheme not only hinders the model from learning multi-granularity
understanding of event content but also fundamentally constrains its represen-
tation capacity, which ultimately harms the final grounding accuracy.

To resolve this conflict while preserving end-to-end inference, we propose a
novel framework Moment-Event DETR (ME-DETR). ME-DETR follows a
DETR-style set prediction paradigm, but introduces a principled query special-
ization with two parallel heads. First, we initialize queries with a pyramid-shaped
span prior (multi-scale reference spans), where different query groups start from
different temporal ranges (short-to-long) to cover diverse event durations. These
queries are then refined by a standard transformer decoder. Crucially, we per-
form one-to-one Hungarian matching between predicted spans and GT spans
only using the event head. Matched queries are designated as event queries and
are optimized as positives in the event head (classification + boundary regres-
sion), while all remaining queries are treated as negatives in the event head,
ensuring stable de-duplication and precise localization. In parallel, all queries
are also fed into a moment head that predicts classification scores only. For each
matched event query, we further mine several auxiliary moment queries from
other queries whose predicted spans are highly contained within the event query
span and have high moment-head confidence. In the moment head, both event
queries and mined moment queries are treated as positives, while all other queries
remain negatives. This design turns previously suppressed, query-consistent sub-
spans into constructive semantic supervision, without interfering with the event
head’s boundary regression objective.

We evaluate ME-DETR on three standard benchmarks: QVHighlights [11],
Charades-STA [5], and TACoS [24]. ME-DETR achieves consistent improve-
ments over prior end-to-end VTG detectors. On the QVHighlights test set,
ME-DETR improves Avg. mAP from 52.00% to 53.87% (+1.87%) over the
strongest baseline with 1-layer feature. ME-DETR also provides notable gains on
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Charades-STA and TACoS, demonstrating that explicitly modeling the part—whole
structure of temporal events is broadly beneficial.
Our main contributions can be summarized as three-fold:

— We are the first to identify the forced semantic suppression problem in
DETR-based VTG models, revealing its roots in the intrinsic conflict be-
tween the temporal fluidity of events and the rigid tIoU-based matching
scheme.

— We propose Moment-Event DETR (ME-DETR), a novel framework with
dual-head supervision and dynamic query specialization, that decouples mo-
ment semantics from event regression while preserving end-to-end inference.

— Extensive experiments show that ME-DETR consistently improves end-to-
end VTG performance on QVHighlights, Charades-STA, and TACoS.

2 Related Work

2.1 Video Temporal Grounding

Video Temporal Grounding (VTG) aims to localize a specific event in an untrimmed
video given a natural language prompt. Early approaches often followed a two-
stage, proposal-based paradigm [1,[5}6,|13116,[25]28.30,[32}/34H37]. While effec-
tive, they may rely on hand-crafted components like Non-Maximum Suppression
(NMS). To address these limitations, the field has been revolutionized by the
end-to-end, NMS-free paradigm of DETR [3].

Moment-DETR [11] was a pioneering work in this direction, establishing a
baseline for using a set of learnable queries and a transformer architecture to
directly predict event spans. Subsequent works have built upon this founda-
tion, introducing various refinements. For instance, QD-DETR [21] forces the
model to better exploit the query’s context by introducing a negative-pair learn-
ing strategy, where the model must learn to yield low saliency scores for the
same video when paired with an irrelevant text query. Building on this, CG-
DETR |20] refines the cross-modal interaction by employing dummy tokens to
absorb attention from irrelevant video clips and a clip-word correlation learner
to guide attention towards the most salient words within the query. Another di-
rection seeks to enhance the representational power from different perspectives.
MS-DETR |[19] explicitly disentangles video features into motion and semantic
streams within its encoder, and establishes a mutual collaborative mechanism
between the moment retrieval and highlight detection tasks in the decoder. In
contrast, BAM-DETR [10| tackles the inherent ambiguity of an event’s center
by proposing a novel boundary-oriented parameterization (anchor, distance-to-
start, distance-to-end), which directly predicts boundaries from a flexible anchor
point within the moment, making localization more robust.

Despite these architectural advancements, a fundamental challenge persists.
Notably, some strong pipelines still report gains with post-processing such as
NMS |22], suggesting that multiple temporally-overlapping predictions can be
useful in practice. However, DETR-style one-to-one matching assigns supervision
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to only one query per ground-truth span and penalizes other query-consistent
predictions as negatives. This mismatch becomes particularly problematic under
temporal fluidity, where salient sub-spans can preserve strong semantics despite
boundary mismatch, giving rise to forced semantic suppression. Our work ad-
dresses this training-signal conflict with a principled role-specialized supervision,
while keeping end-to-end inference.

2.2 Label Assignment of DETRs

Label assignment in DETR-based models traditionally relies on a one-to-one
Hungarian matching [9]. While enabling NMS-free detection, this leads to sparse
supervision and slower convergence. To address this, a line of work [4}8,138] in
object detection has incorporated one-to-many supervision. Methods like Group
DETR [4], H-DETR [8], and MS-DETR |[38| assign multiple queries to each
ground-truth object during training. Critically, these auxiliary positive queries
share the same optimization objective as the primary ones: they are all super-
vised to regress towards the entire ground-truth box. Their purpose is to provide
more gradient signals for the same target, thereby accelerating convergence.

While effective for rigid objects, this strategy is fundamentally misaligned
with the temporal fluidity of video events. In contrast, our ME-DETR rede-
fines the role of auxiliary supervision. We also identify additional positive sam-
ples—our moment queries—but with a crucial distinction: their optimization
goal is different. Instead of forcing them to regress to the full event span, we
only supervise their classification score in the moment head, explicitly exempt-
ing them from the regression loss. Their objective is to correctly identify se-
mantically rich sub-spans (moments) within the ground truth event, while still
being treated as negatives in the event head to ensure deduplication. In essence,
while previous strategies offer quantitative enrichment (more supervision for the
same target), our method provides qualitative enrichment (new supervision for
different, valid sub-targets), making our label assignment strategy the first to be
explicitly tailored to the part-whole nature of temporal events.

3 Methodology

To address the forced semantic suppression problem induced by rigid one-to-one
tIoU matching, we propose the novel Moment-Event DETR (ME-DETR),
whose overall architecture is illustrated in Fig. [2l The core idea is to keep the
event head as a strict NMS-free localizer (one-to-one positives only), while in-
troducing an additional moment head to reward prompt-consistent sub-spans
(moments) through a role-specialized training objective.

3.1 Video and Text Encoder

Following prior work [11}22], we adopt a frozen backbone (e.g., InternVideo2 [29])
to extract per-clip video features and token-level text features, and project them
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Fig. 2: The overall architecture of our proposed Moment-Event DETR (ME-
DETR). We introduce parallel Event Queries and Moment Queries, which are syn-
ergistically supervised to achieve both precise boundary regression and rich semantic
understanding.

into a common hidden dimension d with MLPs. We further build a prompt-
conditioned video representation and construct a multi-scale temporal feature
pyramid {Ml}ngol to support events of diverse durations.

3.2 Pyramid Query Initialization

Unlike using a fixed set of learnable query embeddings, we initialize queries with
a multi-scale span prior coupled with the temporal pyramid (in the spirit of
pyramid-shaped priors used in R?-Tuning and FlashVTG ) Each query
¢; consists of a content embedding z; € R? and a reference span r; = (e, w;)
parameterized by center and width. We generate reference spans densely from
the temporal pyramid: each temporal position on feature map M; serves as a
candidate center, and its default width is associated with the feature level [
(shorter at high-resolution levels, longer at low-resolution levels). This produces
a diverse set of initial spans covering a wide range of locations and durations. For
simplicity, we initialize all content embeddings z; to zeros and let the decoder
progressively refine them.

3.3 Moment-Event Decoder with Dual Heads

We employ a standard transformer decoder with N layers. Each layer con-
tains self-attention, deformable cross-attention , and a feed-forward network
(FFN), iteratively refining query embeddings. After each decoder layer, each



Decoupling Moment from Event for VTG 7

query produces two predictions through two parallel heads: (i) an event head
that outputs a classification score ¢ and a span refinement As$ (used to update
the reference span for the next layer); (ii) a moment head that outputs a clas-
sification score ¢™ only (no regression). Here, ¢§ € [0, 1] denotes the confidence
that the predicted span tightly matches a full GT event, while ¢/ € [0, 1] denotes
the confidence that the predicted span is semantically aligned with the prompt
(regardless of whether it covers the full GT span or only a sub-span). This dual-
head design explicitly decouples precise boundary regression (event head) from
broad semantic exploration (moment head), and enables deep supervision across
decoder layers.

3.4 Moment-Event Query Role Assignment

A key component of ME-DETR is a training-time role assignment strategy that
defines which queries are treated as positives for each head.

Event query assignment (event head). We perform one-to-one Hungarian match-
ing [9] between predictions and ground-truth spans using only the event head
outputs. The matching cost between the i-th query prediction and the j-th
ground truth is:

Cmatch(ivj) = 7)\01505 + )\L1||5i - ‘§j Hl - )\tIoUtIOU(Sia =§j)7 (]—)

where s; is the predicted span from the event head, and 5; is the GT span.
Matched queries form the set S, and are designated as event queries. In the
event head, only event queries are positives; all other queries are negatives.

Moment query mining (moment head). In parallel, all queries are fed to the
moment head for classification-only prediction. For each event query ¢; € S, with
predicted span s;, we mine a small set of moment queries from the unmatched
queries. Specifically, for any unmatched query g ¢ S. with predicted span s,
we compute its containment degree w.r.t. the event span:

: (2)

where |-| denotes temporal length. We collect candidates with high containment,
i.e., Contain(sg, s;) > Tin, and then select those with the highest moment-head
confidence ¢}'. We further filter candidates by a confidence threshold ¢;* > 75
before selecting top-K by confidence. Concretely, we pick at most top-K can-
didates per event query, where we use K = 2 in all experiments. The union of
selected candidates over all event queries forms the moment query set S,,,. In the
moment head, both event queries S, and moment queries S, are treated
as positives; all remaining queries are negatives.

ﬂ .
Contain(sg, ;) = sk 0154l
||

3.5 Training Objective
The total loss is a weighted sum of the event-head loss and moment-head loss:

L= Eevent + /\mﬁmomen‘n- (3)
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Table 1: Key configuration of ME-DETR. Most settings follow prior DETR-style
VTG models.

Hyperparameter Value
General

Hidden dimension (d) 256
Decoder layers (N) 4
Feature pyramid levels (L) 5
Batch size 32
Optimizer AdamW
Learning rate 1x107*
Weight decay 1x107*
Epochs 200
Loss and Matching

Classification loss weight (Acis) 30
L1 loss weight (Ar1) 10
tIoU loss weight (A1ou) 1
ME-DETR Specific

Moment loss weight (Am) 0.2
Containment threshold (7in) 0.7
Moment query confidence threshold (7as) 0.3
Max moment queries per event (K) 2

Event head supervision. The event head is trained as a strict localizer. We apply
a focal classification loss over all queries with label yf = 1 if ¢ € S, and 0
otherwise, and apply regression loss only to matched event queries:

N,
1 q
Levent :ﬁ Z Aclsﬁcls(cfy yze)
(4)
|S | Z ()\LlHSZ 80(1 ||1 + )\tIoUﬁtIoU(Swso‘(z)))

where (i) denotes the GT index matched to query i.

Moment head supervision. The moment head is trained as a semantic explorer
with classification-only supervision. The moment label y € {0,1} indicates
whether query ¢ is regarded as semantically aligned with the prompt: we set
ym =1ifi € S US,y, (i.e., either a matched full-event query or a mined sub-
event moment query) and 0 otherwise:

Emoment N Z £cls ;ma yz (5>

This role-specialized supervision encourages queries to capture query-consistent
sub-spans in the moment head, while preventing them from introducing conflict-
ing regression signals in the event head.

3.6 Inference

All role assignment and moment query mining are used only during training. At
inference time, ME-DETR is identical to a standard DETR-style VTG model:
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Table 2: Results on the QVHighlights Validation Set with Clip & SlowFast
as backbone. Bold stands for the best.

Moment Retrieval
Method Venue Feature Layers R1 mAP
@0.5 @0.7 @0.5 @0.75 Avg.
R*-Tuning |17 ECCV’24 4 68.71 52.06 — - 47.59
SDSTt |122] ICCV’25 4 67.42 54.28 66.14 51.31 49.78
Moment-DETR |[11] NIPS’21 1 53.94 34.84 — - 32.20
UMT |[18] CVPR’22 1 60.26 44.26 56.70 39.90 38.59
UniVTG [12] ICCV’23 1 59.74 - - - 36.13
MH-DETR |33] IJCNN’24 1 60.84 44.90 60.76 39.64 39.26
QD-DETR |21] CVPR’23 1 62.68 46.66 62.23 41.82 41.22
EaTR |7 ICCV’23 1 61.36 45.79 61.86 41.91 41.74
CG-DETR [20] PR’26 1 67.35 52.06 65.57 45.73 44.93
TR-DETR |[27] AAAT24 1 67.10 51.48 66.27 46.42 45.09
BAM-DETR |10] ECCV’24 1 65.10 51.61 65.41 48.56 47.61
MS-DETR |19 ACMMM’25 1 66.90 51.68 67.19 46.05 46.00
Flash-VTG |2] WACV’25 1 69.03 54.06 68.44 52.12 49.85
TD-DETR |39 ICCV’25 1 64.58 51.87 66.85 49.25 48.48
ME-DETR (Ours) - 1 65.61 52.58 66.80 52.99 51.62(+1.77)

we output the final-layer predictions from the event head without any post-
processing such as NMS.

4 Experiments

In this section, we conduct comprehensive experiments to validate the effective-
ness of our proposed Moment-Event DETR (ME-DETR). We first introduce
the experimental settings, including datasets, evaluation metrics, and imple-
mentation details. Then, we compare ME-DETR with existing state-of-the-art
methods. Finally, we perform extensive ablation studies and qualitative analysis.

4.1 Experimental Settings

Datasets. We evaluate our method on three widely-used VTG datasets.
QVHighlights [11] is the most recently proposed dataset for video temporal
grounding. A key feature is that a single query can correspond to multiple dis-
joint moments, making it a practical and challenging benchmark.
Charades-STA [5] is a widely-used benchmark derived from the Charades 26|
dataset. The dataset consists of 9,848 videos, which depict indoor activities on
average 30 seconds long.

TACoS |24] is composed of 127 long videos sourced from cooking scenarios.

Evaluation Metrics. Following the standard protocols in VTG, we report
Recall@l (R1) at different temporal Intersection over Union (tIoU) thresholds
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Table 3: Results on the QVHighlights Validation Set with InternVideo as
backbone. Bold stands for the best. { represents NMS-free version.

Moment Retrieval
Method Venue Feature Layers R1 mAP
@0.5 @0.7 @0.5 @0.75 Avg.
R*-Tuning |17 ECCV’24 4 - - 71.40 53.79 51.49
SDSTt |122] ICCV’25 4 73.68 60.90 70.55 56.00 54.27
Moment-DETR |[11] NIPS’21 1 60.39 40.58 59.73 35.77 35.71
EaTR (7] ICCV23 1 64.9 48.0 64.77 42.97 42.46
QD-DETR |21] CVPR’23 1 68.71 53.29 68.63 47.58 46.93
CG-DETR (20| PR’26 1 69.55 54.06 69.02 49.39 48.33
TR-DETR |27 AAAT24 1 71.94 56.06 70.23 49.77 48.96
BAM-DETR |10] ECCV’24 1 68.71 55.42 69.69 53.71 51.76
MS-DETR |19 ACMMM’25 1 69.86 54.58 68.99 49.75 50.08
Flash-VTG |2 WACV’25 1 73.10 57.29 72.75 54.33 52.84
TD-DETR |39 ICCV’25 1 69.68 56.0 72.04 54.51 52.56
ME-DETR (Ours) - 1 70.71 57.16 71.18 56.88 55.41(+2.57)

(e.g., 0.5, 0.7). A prediction is considered correct if its tIoU with the ground-
truth is above the threshold. We also report the mean Average Precision (mAP)
over a range of tIoU thresholds [0.5:0.05:0.95] on QVHighlights |11], and mean
IoU (mlIoU) on Charades-STA and TACoS. High performance on stricter metrics
like R1@0.7 indicates better localization accuracy.

Implementation Details. For fair comparison with recent state-of-the-art
methods [19}22], we adopt a frozen InternVideo [29] (or CLIP+SlowFast) as
the video encoder and the corresponding text encoder to extract features. Un-
less otherwise specified, we use hidden dimension d=256, a L=>5-level temporal
feature pyramid, and a N=4-layer decoder. Both the event head and the mo-
ment head are implemented as lightweight 3-layer MLPs. The model is trained
end-to-end using the AdamW optimizer with a fixed learning rate of le—4 and
weight decay of 1le—4. For the matching and event-head losses, we keep A¢s=30,
AL1=10, and Aiou=1. Our role specialization introduces four extra hyperpa-
rameters: the moment-head loss weight \,,, the maximum number of mined
moment queries per event K, the containment threshold 7;,, and the moment
query confidence threshold 7.)s. In all experiments we set \,,,=0.2, K=2, 1,,=0.7,
and 7.5=0.3; a complete list of hyperparameters is summarized in Tab. [I} Im-
portantly, the moment head and moment-query mining are used only during
training; at inference, ME-DETR is identical to a standard DETR-style VTG
model that outputs event-head predictions without NMS, incurring negligible
additional inference cost. All experiments are conducted on one NVIDIA H800
GPU.
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Table 4: Results on the QVHighlights Test Set. Bold stands for the best.

Moment Retrieval

Method Venue Backbone Feature Layers R1 mAP

@0.5 @0.7 @0.5 @0.75 Avg.
R?-Tuning |17 ECCV’24 |Clip & SlowFast 4 68.03 49.35 69.04 47.56 46.17
Moment-DETR |[11] NIPS’21 |Clip & SlowFast 1 52.89 33.02 54.82 29.40 30.73
UMT (18] CVPR’22 |Clip & SlowFast 1 56.23 41.18 53.83 37.01 36.12
UniVTG |12] ICCV’23 |Clip & SlowFast 1 58.86 40.86 57.60 35.59 35.47
MH-DETR |33] IJCNN’24 |Clip & SlowFast 1 60.05 42.48 60.75 38.13 38.38
QD-DETR [21] CVPR’23 |Clip & SlowFast 1 62.40 44.98 62.52 39.88 39.86
CG-DETR |20 PR’26 Clip & SlowFast 1 65.43 48.38 64.51 42.77 42.86
TR-DETR 27| AAAT'24 |Clip & SlowFast 1 64.66 48.96 63.98 43.73 42.62
UVCOM |31] CVPR’24 |Clip & SlowFast 1 63.55 48.70 64.47 44.01 43.27
BAM-DETR |10 ECCV’24 |Clip & SlowFast 1 62.71 48.64 64.57 46.33 45.36
MS-DETR (19 ACMMM’25|Clip & SlowFast 1 64.72 48.77 66.41 44.91 44.89
Flash-VTG |2] WACV’25 |Clip & SlowFast 1 66.08 50.00 67.99 48.70 47.59
TD-DETR |39 ICCV’25 |Clip & SlowFast 1 64.53 50.37 66.21 47.32 46.69
ME-DETR (Ours) Clip & SlowFast 1 66.17 51.22 68.30 52.09 50.02(+2.43)
SDST |22] ICCV’25 InternVideo 4 70.82 56.23 71.31 54.99 53.31
TD-DETR |39 ICCV’25 InternVideo 1 69.11 53.98 71.09 52.42 51.43
Flash-VTG |2] WACV’25 InternVideo 1 70.69 53.96 72.33 53.85 52.00
ME-DETR (Ours) - InternVideo 1 70.10 55.13 71.41 55.52 53.87(+1.87)

4.2 Comparison with State-of-the-Art

Results on QVHighlights [11]. We compare ME-DETR against recent state-
of-the-art methods on the QVHighlights dataset, with results presented for the
validation set in Tab. [2]and Tab. [3] and the official test set in Tab. 4] For a fair
comparison, we explicitly group the methods based on their backbone (CLIP &
SlowFast vs. InternVideo) and the number of feature layers utilized (1-layer vs. 4-
layer). Our ME-DETR strictly operates on single-layer (1) features, maintaining
an efficient, fully end-to-end framework.

The results consistently highlight the superiority of our approach across all
settings. On the validation set with CLIP & SlowFast (Tab. [2), ME-DETR
achieves an Avg. mAP of 51.62%, outperforming Flash-VTG by +1.77% under
the same 1-layer constraint, and surpassing the 4-layer SDST (49.78%). This
advantage is further amplified when using the InternVideo backbone (Tab. ,
where our method reaches a remarkable 55.41% Avg. mAP. This translates to a
significant gain of +2.57% over Flash-VTG and a clear margin over the advanced
SDST [22] with four feature layers (54.27%).

A similar and definitive trend is observed on the unseen official test set
(Tab. [). With the CLIP & SlowFast backbone, ME-DETR achieves 50.02%
in Avg. mAP, securing a +2.43% improvement over Flash-VTG. Using the In-
ternVideo backbone, our method establishes a new state-of-the-art of 53.87%,
consistently beating both recent 1-layer counterparts like TD-DETR, (51.43%)
and 4-layer frameworks like SDST (53.31%). This substantial and consistent im-
provement on Avg. mAP—the strictest localization metric—directly validates
our core hypothesis: By allowing the model to correctly learn from semantically
rich sub-events via our synergistic supervision, the primary event queries are
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Table 5: Results on Charades-STA and TACoS datasets. Bold stands for the
best results.

Charades-STA TACoS

Method Venue Backbone Feature Layers R@0.5 R@0.7 mIoU|R@0.5 R@0.7 mIoU
R*-Tuning |17 ECCV’24 |Clip & SlowFast 4 59.8 37.0 509 | 38.7 251 359
Moment-DETR [11] | NIPS’21 |[Clip & SlowFast 1 52.1 30.6 45.5| 24.7 12.0 255
UMT |[18| CVPR’22 |Clip & SlowFast 1 483 293 - - - -

UniVTG |[12] ICCV’23 |Clip & SlowFast 1 58.0 35.7 50.1| 35.0 174 33.6
QD-DETR |21] CVPR’23 |Clip & SlowFast 1 573 326 - 36.8 21.1 358
CG-DETR |20] PR26  |Clip & SlowFast 1 58.4 36.3 50.1| 39.6 222 365
BAM-DETR |[10] ECCV’24 |Clip & SlowFast 1 60.0 39.4 523|415 26.8 39.3
TR-DETR |27 AAAT24 |Clip & SlowFast 1 57.6 335 - - - -

MS-DETR |[19] ACMMM’25|Clip & SlowFast 1 59.6 36.5 50.6 | 39.7 23.4 37.0
TD-DETR (39| ICCV’25 |Clip & SlowFast 1 60.9 404 - - - -

ME-DETR (Ours) — Clip & SlowFast 1 62.6 44.5 53.2| 42.3 30.7 41.6
R*-Tuning |17] ECCV’24 InternVideo 4 68.2 46.3 58.1| 38.0 253 354
SDST |22] ICCV’25 InternVideo 4 72.0 52.6 61.2| 44.5 32.3 42.2
FlashVTG |2] WACV’25 InternVideo 1 70.3 499 - | 41.8 247 376
ME-DETR (Ours) = InternVideo 1 71.8 53.2 61.9|44.9 33.2 43.0

freed from conflicting signals, enabling more precise temporal boundary regres-
sion.

Table 6: Ablation on the Moment-Query mechanism.

R1 mAP
Method @0.5 @0.7|@0.5 @0.75 Avg.
(@) Standard 7045 56.22 | 69.53 53.68 52.83
(b) One-to-Many 70.91 56.69 | 69.92 54.21 53.35
(c) ME-DETR (Ours)|| 70.71 57.16|71.18 56.88 55.41

Results on Charades-STA |[5] and TACoS [24]. To demonstrate the gen-
eralizability of our approach, we further evaluate ME-DETR on Charades-STA
and TACoS, with results shown in Tab. [5| Our method consistently establishes
new state-of-the-art performance, particularly on the main comparative metric
of mean IoU (mlIoU). On Charades-STA, we achieve an mloU of 53.2% under
the standard CLIP & SlowFast setting, outperforming the strong baseline BAM-
DETR [10] (52.3%). When equipped with the InternVideo backbone, ME-DETR
reaches a dominant 61.9% mloU, outstripping even the 4-layer SDST model
(61.2%). On the more challenging TACoS dataset, known for its long, complex
cooking videos, ME-DETR also sets a new SOTA. It reaches 41.6% with CLIP
& SlowFast and 43.0% with InternVideo, again confirming our superiority over
multi-layer architectures like SDST (42.2%). These consistent gains validate that
our synergistic supervision mechanism robustly improves localization accuracy
across diverse data distributions.
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Table 7: Ablation on 7¢s.
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Table 8: Ablation on 7in.

R1 mAP R1 mAP
Tsll @0.5 @0.7 | @0.5 @0.75 Avg. Tin 1l @0.5 @0.7| @0.5 @0.75 Avg.
0.2/ 70.18 57.12|71.25 55.93 55.10 0.5/ 70.47 56.81|70.92 56.18 55.09
0.3(|70.71 57.16|71.18 56.88 55.41 0.6 || 70.63 57.03|71.08 56.55 55.28
0.4/ 70.31 57.25|71.02 56.21 55.09 0.7|70.71 57.16|71.18 56.88 55.41
0.81]70.52 56.94|70.96 56.34 55.16

Table 9: Ablation on K. Table 10: Ablation on \,,.

K R1 mAP A\ R1 mAP
@0.5 @0.7 | @0.5 @0.75 Avg. ™1l @0.5 @0.7 | @0.5 @0.75 Avg.
0 || 70.45 56.22|69.53 53.68 52.83 0.0([70.45 56.22|69.53 53.68 52.83
1 1/70.63 56.94|70.96 56.07 55.08 0.1]|70.61 56.98|70.97 56.16 55.14
2 |170.71 57.16|71.18 56.88 55.41 0.2|(70.71 57.16|71.18 56.88 55.41
3 1170.59 57.02171.04 56.39 55.17 0.5]|70.47 56.90|70.85 56.02 54.98
5 1170.31 56.73170.77 55.84 54.86 1.0 ]| 70.18 56.51|70.39 55.34 54.47

4.3 Ablation Studies

We conduct a series of ablation studies on the QVHighlights validation split with
InternVideo backbone to thoroughly analyze the effectiveness of our proposed
components and design choices.

Effectiveness of Moment-Event Synergistic Supervision. To validate our
core contribution, we ablate our Moment-Event synergistic supervision strategy
in Tab.[6] We compare three variants: (a) standard one-to-one matching; (b) One-
to-Many approach where all positive queries (Event and Moment) are forced to
regress the full GT span, mimicking object detection paradigms [8,138]; and (c)
our full ME-DETR with Moment-Event synergistic supervision.

The results clearly show the inadequacy of migrating 2D spatial paradigms
directly to the temporal domain. The naive one-to-many strategy (b) yields only
minor gains (+0.52% on Avg. mAP), as forcing semantically correct sub-event
(moment) predictions to artificially expand and match the full event span in-
troduces conflicting localization signals. In stark contrast, our ME-DETR (c)
achieves substantial improvements, boosting the primary mAP Avg. metric by
+2.58% (from 52.83% to 55.41%) over the standard. This powerfully confirms
our central hypothesis: by decoupling the optimization objectives and allow-
ing Moment Queries to focus strictly on semantic comprehension without strict
boundary suppression, our synergistic supervision correctly models the natural
composition of events, resolving the underlying training conflict and unlocking
superior localization accuracy.

Impact of Hyperparameters. We analyze the four hyperparameters intro-
duced by our role-specialized design: the Moment Query confidence threshold
Tels, the containment threshold 7y, the maximum number of mined Moment
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Event 1

Ours
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TD-DETR

FlashVTG

Event 1

people have
fun and

Event 1
Ours
Ours
TD-DETR
FlashVTG L Eentt [ Eentz ]
Event 1

Woman
opens a cup
of noodles
and puts in
water.

Event 1
Ours L EBem:
Ours [ Moment1 | [ Moment2 |
TD-DETR . Eem:
FlashVT6 [ Event1 |
Event 1

Fig. 3: Qualitative comparison with other advanced methods. Our model suc-
cessfully generates a precise event query prediction for the full span, while also identi-
fying semantically correct moment queries (red bozes) for sub-spans. In contrast, other
methods suffering from forced semantic suppression often produce hesitant, shorter
predictions despite identifying the correct content.

Queries per event K, and the Moment Head loss weight A,,. As shown in Tab. [7}-
Tab. ME-DETR is robust within a reasonable range, and we adopt 7.s=0.3,
Tin=0.7, K=2, and \,,=0.2 as the default.
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4.4 Qualitative Analysis

Fig. [3] provides an intuitive visualization of our method’s effectiveness. Other
methods, suffering from forced semantic suppression, consistently produce short,
fragmented, or low-confidence predictions even for semantically correct content.
In contrast, our ME-DETR confidently localizes the entire event span (red). This
superior performance is achieved by leveraging our auxiliary moment queries
(red), which are liberated to identify key semantic sub-events (e.g., the specific
“go over lemons” or “go over salmon”). These learned moments act as strong con-
textual anchors, enabling the primary event query to achieve a more complete
and accurate grounding. This vividly demonstrates that our synergistic supervi-
sion strategy fundamentally changes the model’s behavior to better understand
the natural part-whole structure of temporal events.

5 Conclusion

In this paper, we identified and addressed a fundamental, yet overlooked chal-
lenge in DETR-based video temporal grounding: the rigid IoU-based matching
paradigm inherited from 2D object detection incorrectly suppresses semanti-
cally aligned moment predictions as negatives, preventing models from learning
rich temporal representations. We propose Moment-Event DETR (ME-DETR),
a novel framework that resolves this conflict by embracing the natural part-
whole structure of events through dynamic query specialization. During train-
ing, our synergistic supervision strategy liberates auxiliary moment queries to ex-
plore semantically rich sub-events (moments) without suppression, while primary
event queries focus on precise event localization. Extensive experiments demon-
strate that ME-DETR establishes new state-of-the-art results across three major
benchmarks, achieving up to +2.43% Avg. mAP improvement on QVHighlights
test set without complex post-processing. Beyond these results, we hope this
work reveals the fundamental paradigm mismatch between spatial and temporal
grounding, and inspires more principled strategies for video understanding.
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