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Abstract

Current Video Moment Retrieval (VMR) models are trained
on videos paired with captions, which are written by anno-
tators after watching the videos. These captions are used
as textual queries—which we term caption-based queries.
This annotation process induces a visual bias, leading to
overly descriptive and fine-grained queries, which signif-
icantly differ from the more general search queries that
users are likely to employ in practice.

In this work, we investigate the degradation of existing
VMR methods, particularly of DETR architectures, when
trained on caption-based queries but evaluated on search
queries. For this, we introduce three benchmarks by modi-
fying the textual queries in three public VMR datasets—i.e.,
HD-EPIC, YouCook2 and ActivityNet-Captions. Our anal-
ysis reveals two key generalization challenges: (i) A lan-
guage gap, arising from the linguistic under-specification
of search queries, and (ii) a multi-moment gap, caused
by the shift from single-moment to multi-moment queries.
We also identify a critical issue in these architectures—an
active decoder-query collapse—as a primary cause of the
poor generalization to multi-moment instances. We mitigate
this issue with architectural modifications that effectively
increase the number of active decoder queries. Extensive
experiments demonstrate that our approach improves per-
formance on search queries by up to 14.82% mAP,,, and
up to 21.83% mAP,, on multi-moment search queries. The
code, models and data are available in the project webpage.

1. Introduction

Video Moment Retrieval (VMR) aims to localize tempo-
ral segments in a video given a user-defined textual query.
While current models achieve remarkable success on exist-
ing benchmarks, in this work we raise awareness of a key
limitation of VMR datasets: text queries are defined us-
ing the annotated captions, written after annotators watch
the videos. These captions, which we name caption-based
queries, induce a visual bias—overly descriptive visually-
informed textual annotations. In contrast, real users interact
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Figure 1.  After watching a video, annotators write detailed,
visually-informed captions that map to a single GT moment. How-
ever, at inference time, users formulate less detailed, visually-
uninformed search queries that often map to multiple GT mo-
ments.

through search queries, often formulated without watch-
ing the video, which can be of a more general and under-
specified nature [31]. For instance, while an annotator
might formulate a caption-based query “a man in a yel-
low jersey intercepts a loose pass from the opposing team
near the box and scores a powerful volley”, a typical search
query can be “when are goals being scored?” (see Fig. 1).

Devising VMR methods that robustly perform on search
queries requires suitable benchmarks, different from the ex-
isting caption-based ones [15, 16, 27, 28]. However, col-
lecting new search-query datasets remains an open chal-
lenge, as it is unclear how text annotation and video obser-
vation can be decoupled in a feasible manner. We instead re-
purpose existing datasets—which include paired videos and
captions—Dby proposing a pipeline that under-specifies cap-
tions. We systematically explore levels of under-specificity,
by changing the level of details available in the original
caption. We consequently propose three {S}earch-query
benchmarks: HD-EPIC-S{1,2,3}, YC2-S and ANC-S based
on HD-EPIC, YouCook?2 and ActivityNet-Captions.

DETR [5] has become the cornerstone of most existing
VMR methods [14, 24, 33, 44], thanks to its usage of K
learnable decoder queries, each of which maps to a po-
tential retrieved moment with a corresponding confidence
score. Our evaluation indicates that these methods, trained
on caption-based queries, substantially degrade when eval-
uated on more under-specified search queries. We iden-
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tify two key factors driving this degradation: (i) a lan-
guage gap, reflecting the linguistic distribution shift be-
tween caption and search queries, and (ii) a multi-moment
gap, arising from how caption-based queries map to a sin-
gle ground-truth (GT) moment, while the under-specified
search queries often map to multiple moments.

In this paper, we quantify the impact of both the language
and multi-moment gaps, and particularly address the for-
mer by proposing architecture modifications including the
removal of self-attention mechanisms and the addition of a
decoder-query dropout regularizer. These modifications im-
prove generalization to search queries without the expensive
task of re-annotating VMR training sets.

In short, our contributions are: 1) we explore the task
of VMR beyond using captions as textual queries. We re-
formulate these as under-specified versions of existing cap-
tions, so they are closer to common user-defined queries,
while still making the most of available benchmarks; 2)
we create three VMR benchmarks with search queries by
mapping caption-based queries to under-specified search
queries; 3) we demonstrate the significant degradation in
performance and identify its two main causes: a language
and a multi-moment gap; and 4) we mitigate this degrada-
tion, particularly that induced by the multi-moment gap, by
introducing targeted architectural modifications that boost
generalization to search queries.

2. Related work

Video Moment Retrieval has become a cornerstone in
video understanding, aiming to localize start-end times of
moments in a video, based on textual queries. Existing ap-
proaches can be broadly categorized into proposal-based
and proposal-free methods. Proposal-based approaches
generate candidate temporal segments through temporal an-
chors [3, 11, 37] or sliding-windows [1, 6]. However, their
performance heavily depends on the quality and redundancy
of these proposals. In contrast, proposal-free methods avoid
the explicit candidate generation, leveraging a single-stage
architecture to predict the moment segments. Most of these
works adopt DETR-based architectures [5], which refine a
fixed set of learnable decoder queries, each of which repre-
sents a candidate segment. This paradigm was introduced
by [16], with follow-ups like [24, 25, 44] improving var-
ious aspects such as the cross-modality modules, recursive
decoding schemes, etc. Our work also focuses on the DETR
architecture, as this is the foundation of the majority of ex-
isting state-of-the-art VMR methods [24, 33, 34, 43, 44],
thus maximizing the impact of our findings.
Generalization of VMR methods: While DETR-based
VMR models have shown remarkable success in exist-
ing VMR benchmarks, their generalization capabilities be-
yond their training data distribution remains largely under-
explored. Most existing works address this from a vision-

centric perspective, analyzing aspects like action duration
and temporal shifts [21, 26, 42] or temporal biases [18, 26,
40]. More recent studies have begun exploring the role of
language biases in generalization [19, 22], tackling rare-
word usage and grammatical mistakes [39] and the use of
unlabeled data to improve language robustness [2]. In par-
allel, research from the multi-modal and linguistic commu-
nity [29, 32] emphasizes how under-specification and con-
textual variation also impact the generalization capabilities
of models. Moreover, Liang et al. [20] address the effect of
imprecise queries by incorporating them into training for
the task of ranked retrieval across corpora. Instead, we
tackle the alternative challenge of multi-moment retrieval
within a single video by generalizing to such queries in
a zero-shot manner. We find that a fundamental bottle-
neck in VMR stems from the use of visually-informed cap-
tions as training queries. This induces a visual bias toward
overly descriptive language, often misaligned with more ab-
stract, visually-uninformed queries prompted by users in
real-world scenarios.

Query collapse in DETR: A core issue that we address
is the query collapse in DETR architectures, whereby only
a small subset of decoder queries meaningfully contribute
to the final prediction(s), while the rest remain inactive.
This issue, reported in object detection [17, 23, 47], tem-
poral action detection [14], and 3D detection [38, 46], is
largely attributed to the sparse supervision from the one-
to-one matching [5]. We observe a similar phenomenon
in VMR, driven instead by the single-moment prior of ex-
isting benchmarks, which typically provide one annotated
moment per query. This leads to a significant query col-
lapse that hinders generalization to multi-moment queries.
While some works introduce alternative mechanisms to pro-
vide additional supervision signals [7, 10, 13, 17, 36, 43],
these mainly target accelerating convergence, proving un-
able to overcome this strong prior. Curating new datasets
with multiple annotated moments per query could allevi-
ate this issue [4, 16], but would entail costly re-annotations
or directly discarding most existing datasets. This moti-
vates our approach, which introduces architectural modi-
fications that counter the single-moment prior, leveraging
existing datasets while improving generalization to unseen
multi-moment scenarios.

3. Problem definition and benchmarking

3.1. Problem definition

Video Moment Retrieval (VMR) is defined as follows:
Given a video—query pair (v;, ¢;), the task is to predict the
start—end times {(s;, ej)}éw:"l of all temporal segments in v;
corresponding to the textual query ¢;—i.e. moments. In this
work we revisit this task, and focus on the often overlooked
aspect of how textual queries are defined.

Specifically, we highlight the underlying assumption
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of all existing VMR benchmarks where queries are cre-
ated from the captioning annotations—i.e. annotators who
watch the videos before writing a sentence that best de-
scribes the moment [11, 15, 28, 45]. These caption-based
queries induce a visual bias that the queries perfectly match
the description of the moment, thus descriptive and fine-
grained in nature. In contrast, real-world users formulating
their textual queries are normally unaware of the detailed
content of the video, relying instead on broader, under-
specified descriptions. Such queries can range from mod-
erately detailed to very general ones, differing substantially
from captions. We refer to these as search queries.

To model the distribution shift between caption and
search queries, we derive Qgcqren from Qegption through
varying degrees of under-specification. We thus capture the
shift from visually-informed to visually-uninformed tex-
tual queries. This allows us to study how VMR meth-
ods trained on caption-based queries Qcqption perform on
search queries Qgcqrch, more closely aligned with common
situations in which users either do not know or do not ex-
actly remember the contents of the video.

3.2. Benchmarks

Common VMR benchmarks rely on caption-based queries,
and thus do not include search-query annotations. Re-
annotating benchmarks is a challenging task, as it is unclear
how to disentangle search-query annotation from video ob-
servation in a feasible and scalable manner. Accordingly,
we propose to make the most of existing datasets, intro-
ducing a pipeline that rewrites a densely-annotated caption-
based dataset, to a search-query variant. Dense tempo-
ral annotations are essential here since, as queries become
more under-specified, these may correspond to multiple ad-
ditional moments in the video. If dense annotations are
provided, the search for these new correspondences can
be done automatically. This contrasts with sparsely anno-
tated datasets [16], which would require extensive manual
re-annotation to cover unlabeled moments corresponding to
the under-specified search query. In particular, we use three
densely-annotated public datasets to introduce our search-
query pipelines. We detail our pipeline next.

3.2.1. Search-query pipeline

Our pipeline (see Fig. 2) comprises two main stages:

1) Per-query under-specification stage: To simulate the
potential ambiguity of search queries, we generate under-
specified queries from fine-grained ones through an LLM-
based pipeline. Specifically, we instantiate two cooperative
agents based on Gemma-12B [35]: a rewriter and a valida-
tor. The rewriter agent receives a fine-grained caption and
rewrites it into a less detailed version while preserving the
core semantics. For example, the caption “a man tying his
running shoes before starting a marathon”, will be rewrit-
ten as “a person getting ready to exercise”. This step allows
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Figure 2. Overview of the search-query pipeline. Each of the cap-
tion is first processed by an agent that generates per-query under-
specifications, which are validated by a second identical agent and
manually re-annotated if abnormal. Individual queries mapping to
the same under-specified query are then grouped, and a final agent
produces a representative search query per group.

us to model alternative under-specified search queries where
users may omit context information like subject, object or
intent. Inspired by [8], we prevent hallucinations by intro-
ducing a second agent that acts as a validator. This agent
flags any inconsistent rewritings, which are subsequently
corrected by human annotators.

2) Query-grouping stage: When a query is under-
specified, it can correspond to multiple valid moments in
the video, since several fine-grained situations can fit the
same broader description. For example, “a person cook-
ing food” could match segments showing “a man sweating
onions”, or “a woman stirring soup”. This makes it es-
sential to group all original fine-grained queries that map
to the same or highly similar under-specified query. To per-
form this grouping, we compute pairwise similarities across
all under-specified queries using a pre-trained transformer-
based sentence encoder [30]. Queries with a high simi-
larity are merged into the same group, forming a multi-
moment instance. We then use an LLM-based aggrega-
tor that summarizes each group into a single representative
under-specified query, removing minor differences across
group members while keeping their shared semantics. Find
more details, including prompts, in Sec. C.1.

3.2.2. Search-based VMR benchmarks

The proposed search-query pipeline enables us to introduce
three search-query benchmarks, denoted by “-S”:
HD-EPIC-S{1,2,3}: HD-EPIC [28] is a large-scale ego-
centric dataset featuring long cooking videos. Due to the
exceptional level of detail of its annotated captions (16.47
words per query on avg.), we derive three progressively
under-specified variants—i.e., S1, S2, S3—by gradually re-
moving contextual details. For example, “Pick up a tis-
sue from inside the plate on the countertop using the right
hand” — “Pick up a tissue from the plate” (S1) — “Pick
up a tissue” (S2) — “Pick up something” (S3).

YouCook2 (YC2)-S: YC2 [27] contains step-level narra-
tions for instructional cooking videos. YC2-S replaces the
original detailed descriptions with under-specified versions,
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Table 1. Statistics of the search-based VMR benchmarks

Moments
Moments

er quer
per query P(m?‘l[i))

% multi.
queries

# multi.
queries

Duration
per video(s)

Query

Dataset length

#videos  # queries

HD_EPIC [28]
HD_EPIC-S1
HD_EPIC-S2
HD_EPIC-S3

156
156
156
156

59,454
36,819
31,521
10,266

954
954
954
954

1.00
1.61
1.88
5.79

0.00
3.64
3.87
11.09

0
8,560
9,717
4,873

0.00
2325
30.83
47.47

16.47£7.9

6.09 £2.5

3.73+£1.2
3.031.0

ANC [15]
ANC-S

14950
14950

71,957
59,138

152.8
152.8

1.00
1.21

0.00
245

0
8,818

0.00
14.91

13.16 + 6.1
4.83+1.4

YC2[27]
YC2-8

2268
2268

13,829
7,466

326
326

1.00
1.84

0.00
297

0.00
43.02

8.86 +3.97
2.08 £ 0.50

0
3212

mostly emphasizing the main actions. For example “Add
salt to the pan and mix” — “Season food”.
ActivityNet-Captions (ANCO)-S: ActivityNet-
Captions [15] consists of third-person open-domain
videos. ANC-S derives under-specified versions of its
corresponding textual queries, removing fine-grained
contextual details. For example, “The man in white shirt
is strumming the bongo drum.” — “A person plays an
instrument”. Unlike previous benchmarks, ANC-S presents
a considerable number of multi-moment search queries
with overlapping moments.

Tab. 1 depicts the main statistics of these benchmarks.
Using our pipeline, we extend existing single-moment
datasets into new multi-moment versions, where up to
47.57% of the queries correspond to multiple moments.
Due to the linguistic under-specification, the average query
length is also reduced by up to 82%. All this while ensuring
the realism and reliability of our generated search queries,
validated in Sec. E and Sec. J.

3.3. Metrics for Search-Based VMR

VMR performance is typically measured using Recall@1
(R1) and mean Average Precision (mAP), capturing top-1
accuracy and overall ranking quality, respectively. How-
ever, these metrics are inadequate when evaluating multi-
moment queries. When retrieving under-specified queries
these often map to additional GT moments. For example,
while caption-based queries might target “a man in a black
shirt enters through the kitchen door” retrieving a single
moment, a more general search query “a person entering a
room” could naturally map to multiple moments, including
the previous. This setting thus requires metrics that esti-
mate how individual moments are retrieved, regardless of
whether they arise alone or alongside other moments.
Existing metrics like R1 or mAP are unsuitable for two
reasons: First, recall metrics like R1 only evaluate accuracy
over the top-k predictions—i.e., k = 1 for R1. While appro-
priate when queries map to exactly k& moments, these met-
rics provide an incomplete evaluation when queries map to
more than k£ moments. For instance, for a 2-moment query,
R1 assesses if the top-1 prediction matches any GT, ignor-
ing if the other GT was retrieved at all. Second, metrics like
mAP aggregate all GT moments of a query into a single
video-query score, obscuring per-moment retrieval quality.
Consider a query ¢; that maps to a GT moment g;. If a
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model fails to retrieve it, mAP would clearly indicate fail-
ure. However, for a more general query ¢» that maps 4 mo-
ments (g1-g4), the same model might detect g»-g4 but still
miss g;. In this case, mAP would remain high, masking
the error of g;. Thus, the retrieval quality of an individual
moment depends on how many moments co-occur with it,
making it unsuitable for a fair evaluation.

We overcome these issues by introducing their respective
multi-moment extensions, denoted as R,,, and mAP,,:
Multi-moment recall (R,,): R,, generalizes the R1 metric
to handle textual queries associated with multiple GT mo-
ments. Concretely, instead of considering the entire query
as correct if one of the GT moments is retrieved with the
highest confidence, R,, evaluates each GT moment inde-
pendently, checking if at least one of the top predictions
correctly matches it. More specifically, we consider a given
moment g; to be correctly retrieved under a certain IOU
threshold 7 (R,,(g;,7) = 1), if 1) the prediction detect-
ing it had the highest confidence, or 2) all the predictions
with higher confidences successfully retrieved other GT
moments. The latter avoids the predictions that retrieved
other valid GT moments—as there may be multiple ones—
penalize the retrieval quality of g;.

Averaging across all GT moments G of the dataset yields:

S Rulgir ()

9:€G

R,(7)
|Q\

Intuitively, R,,, measures whether a model retrieves each
GT moment with a top-confidence prediction, without in-
terference from the other GT moments in the video.
Multi-moment mAP (mAP,,): To make mAP sensitive to
multiple GT, mAP,, evaluates each GT individually. For a
given g; and threshold 7: (1) predictions intersecting g; with
IOU> 7 are considered true positives, (2) predictions not
matching any GT are considered false positives, and (3) pre-
dictions matching other GT moments (not g;) are ignored to
avoid penalizing g; for a different, yet correct, prediction.

With this, we compute the precision-recall curve
(P;, R;) for each g;, and apply the standard mAP interpola-
tion [9] to obtain its individual score AP,,(g;, 7). We then
average across these per—GT scores for a given threshold 7:

= 1] g| > APu(gi,7 )
9:€G

Intuitively, mAP,, measures how well a model retrieves

each of the GT moments, without interference from the

other GT moments. See Sec. A for more details.

mAP,,

4. Search-Based VMR

Here, we analyze how current VMR methods trained on
caption-based datasets perform when evaluated on search
queries, and how to mitigate the multi-moment gap.



4.1. Evaluating caption-based models

In our experiments, we evaluate two representative
models—i.e., CG-DETR [24] and LD-DETR [44]—on the
three proposed benchmarks. For each, we train on the train-
ing set of the corresponding caption-based dataset and eval-
uate on the same test set for both the original caption-based
dataset and our proposed search-query benchmark—e.g.,
train on the training set of HD-EPIC, and evaluate on the
test set of HD-EPIC and HD-EPIC-S2. For ANC-S and

YC2-S we leverage the original splits from [15, 41], while

for HD-EPIC we create an 80-20 train/test split.

Figure 3 (left) shows the progressive performance de-
cay across HD-EPIC-S1/52/S3 benchmarks, with a relative
degradation of up to 71.75% and 77.40% of R,,@0.3 for
CG-DETR and LD-DETR, respectively. Similar trends are
observed on ANC-S (center) and YC2-S (right) with drops
of up to 31.8% and 60.7% of R,,,@0.3, respectively. These
drops evidence a substantial shift between caption-based
queries and search queries, showing that existing models,
when trained solely on descriptive caption-based queries,
significantly degrade on less detailed search queries. This
inevitably hinders the deployment of existing VMR systems
in real-life scenarios (see Sec. 5.2 for the full results).
Below, we isolate two main causes of this degradation:

* Language gap: The linguistic shift between caption and
search queries, characterized by missing visual details,
looser references or the use of more abstract nouns—e.g.,
“food” instead of “green peppers”.

e Multi-moment gap: The gap arising from the mismatch
between training on single-moment queries and evalu-
ating on multi-moment ones, as under-specified search
queries often correspond to multiple moments.

To quantify the effect of these factors, we partition the test

set of the search queries into two subsets: fo;f;ff contain-

ing under-specified queries that map to a single GT mo-

ment, and D3¢ <" containing search-queries that map to

multiple GT moments.

For a fair one-to-one comparison across specificity lev-
els, we also partition the original caption-based dataset
Deartion ysing the same moment correspondence. Thus,

ti ti .
DP g;zn and D;*"'" contain the same moments, as

Dicareh and Diears, respectively, but paired with their

more specific captions. This yields our evaluation setup:

(Dcaptwn Dsearch )and (Dcaptwn Dsearc_h )

single 7 single > multi multi

allowing us to measure degradation due to purely linguis-
tic changes (“single” split) versus the compounded effect of
linguistics and multi-moment mapping (“multi” split).

Figure 4 reports the performance of CG-DETR on the
three benchmarks after the decoupling of “single” and
“multi” instances. For HD-EPIC, the language gap (per-
formance on single) increases as we progressively evaluate
more under-specific search queries, dropping from 15.9%
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Figure 3. Evaluation of the representative models on both the orig-
inal datasets and their corresponding search query extensions.
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Figure 4. Performance degradation for CG-DETR on caption ver-
sus search-based evaluation for the “single” and “multi” splits.

to 49.6% with respect to the original mAP,,@0.3. Impor-
tantly, the compounded effect of the language and multi-
moment gaps (performance on “multi”’) aggravates this ef-
fect further, reaching a degradation on HD-EPIC-S3 of
73.8% compared to the original mAP,,@0.3. This high-
lights the significant additional impact on performance of
the multi-moment gap. These observations remain consis-
tent across all benchmarks.

We next focus on addressing this multi-moment gap, an
aspect largely under-explored in the VMR literature and key
to the model architecture design. We leave addressing the
language gap for future work, as it may be resolved with
more advanced vision-language models, capable of reason-
ing across varying levels of specificity.

4.2, Mitigating the multi-moment gap

In this section, we analyze the underlying causes of the per-
formance degradation of VMR models on multi-moment
query setups. We argue that this degradation mostly stems
from misalignment between caption-based training data—
characterized by a single relevant moment as GT—and
search-based evaluation data, which frequently contains
multiple valid moments. This discrepancy induces a strong
single-moment prior—i.e., a bias towards expecting a sin-
gle GT moment per video-query pair. One could attempt to
resolve this by curating more diverse training data, which
is impractical due to annotation costs and the uncertain fea-
sibility of devising true search-query datasets. We instead
approach this issue purely from a model’s perspective which
allows us to reuse all existing VMR training regimes.

4.2.1. Implications of a single-moment prior

We next analyze why DETR-based methods trained on
single-moment queries struggle with multi-moment queries
at inference time. Concretely, since each decoder query
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Figure 5. Visualization of the active query collapse on HD-EPIC-
S2 for the base CG-DETR and our method -SA+QD.

produces a candidate moment, analyzing the number of ac-
tive decoder queries—i.e., those whose confidence does not
vanish—directly reflects the model’s capacity to retrieve
multiple moments. In VMR, the number of active decoder
queries can also be thought as the “compute budget” avail-
able to retrieve all the GT moments. When the number of
active queries does not scale with the number of moments of
the target instance, the model cannot retrieve all moments—
e.g., when only 2 queries are activated in a 4-moment in-
stance, the upper bound of retrieved moments is 50%. We
term this phenomenon active decoder-query collapse.

As shown in Fig. 5, this phenomenon indeed affects
VMR methods. Concretely, VMR methods trained on stan-
dard caption-based datasets (blue line) yield an insuffi-
cient number of active decoder queries when evaluated on
search queries—around 4, regardless of the number of mo-
ments of the search queries (x-axis). This stems from the
single-moment training, which impedes generalization be-
yond queries mapping to 4 moments.

4.2.2. Addressing the active decoder-query collapse

Having identified the active decoder-query collapse as a key
limitation for generalization to multi-moment queries, we
explore whether this can be mitigated purely from a model
perspective, without altering the standard VMR training
regimes and datasets. We find that this is possible by pre-
venting models from overfitting to the single-moment prior
encoded in the training data. Specifically, we identify two
structural causes of this prior fitting: (i) Coordination col-
lapse, where the self-attention mechanism causes decoder
queries to suppress one another, and (ii) Index collapse,
where a fixed, small subset of decoder query indices domi-
nate activation.

In the following, we introduce architectural modifica-
tions that retain the model’s capacity to learn the VMR task,
while mitigating these forms of collapse.

Coordination collapse: The first cause arises from how
the self-attention (SA) within each decoder layer enforces
coordination among decoder queries. This drives them to
“agree” on which query should handle the GT moment and
which should remain inactive.

Formally, a standard decoder layer can be defined as:
Q"' = FFN(CA(SAQ"), M) 3)

where M € RT*F are the fused multi-modal features, CA
denotes cross-attention and FFN a feed-forward network.

As noted by [12], the CA module injects the cross-
modality information, while the role of SA is pushing de-
coder queries apart from each other to avoid redundancy.
However, unintentionally, this also drives the majority of
decoder queries to deactivate.

Interestingly, we find that an effective way of overcom-
ing this issue is removing this SA module altogether, while
leaving the losses unchanged:

Q' = FFN(CA(Q', M) 4

Eliminating this inter-query communication prevents these
coordination-based shortcuts, encouraging each decoder
query to act independently. However, this also removes
the model’s built-in mechanism for avoiding redundant
predictions. We address this by applying Non-Maximal-
Suppression (NMS) during post-processing, which filters
out overlapping/redundant predictions.
Index collapse: Mitigating the coordination collapse alone
is insufficient as the model is still able to overfit to the
single-moment prior, and thus still suffers active decoder-
query collapse. The reason resides in an index collapse,
where the same decoder query indices repeatedly dominate
the output confidence, while the rest remain inactive—e.g.,
decoder queries with index 1-4 are the only ones ever acti-
vating. During training, the single-moment prior drives the
model to associate the detection of the single GT moment
with only a handful of fixed decoder query indices based on
their learnable initializations. This dominance is progres-
sively reinforced throughout training, leaving the rest of the
decoder queries permanently inactive and thus, unused.

We counter this effect by applying a targeted query
dropout strategy, which randomly zeroes out k% of the
learnable queries Q € R®*¥" during each training iteration:

Q=QoM, M~B(1—k) 5)

where B is sampling from the Bernoulli distribution with
keep probability (1 — k). This regularization promotes the
model to distribute supervision across more queries, pre-
venting over-reliance on a fixed subset.

Together, these modifications considerably reduce the
number of permanently inactive indices, resulting in a con-
sistent increase in the number of active decoder queries (see
Fig. 5 orange line), boosting search-query generalization.

5. Experimentation

5.1. Experimental setup

The following experiments evaluate how baselines trained
on a caption-based dataset generalize to search-based
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Table 2. Results of both CG-DETR and LD-DETR on HD-EPIC-
S{1,2,3} benchmarks with respect to our proposed modifications.

Model R,

@0.1 @03 @05 Avg.

mAP,,
@01 @03 @05 Avg

Input | Variant

2861 1795 899 18.51
29.87 19.69 10.86 20.14

36.21 2284 1159 2354
39.74 2649 1487 27.03

base

St | sasQp

base 2471 1552 7.89 16.04 | 32.15  20.1 1029 20.84

2
§2 3538 2339 13.04 2393

base 9.50 4.61 2.08 5.39 1620  8.01 3.58 9.26

-SA+QD

2942 1977 1050  19.89
30.18 2026 10.83  20.42

36.55 2450 13.18 2474
40.5 2754 1494 27.66

base

-SA+QD

-SA+QD ‘ 2617 17.00 940 17.52
S1 ‘

LD-DETR base 2523 16.38 8.46 16.69 | 3242  21.11 1093 2148

10.57  6.52 345 6.84 ‘ 17.27 1065 554 1115
-SA+QD | 26.36 1698 8.87  17.40 ‘ 3637 2375 1254 2422

| = |

S2

3 base 1044 537 2.58 6.13 16.48  8.65 4.11 9.74
- -SA+QD | 1044 528 2.39 6.03 1779 9.06 419 1034

Table 3. Results of both CG-DETR and LD-DETR on YC2-S with
respect to our proposed modification.

Model Variant R mAP,,
@01 @03 @05 Avg. ‘ @0.1 @03 @05 Avg.

CG-DETR ‘ base ‘ 2892 1987 11.22  20.00 ‘ 3883 2696 1521  27.00

-SA+QD | 29.97 2032 11.38 20.55 | 41.00 2940 17.21 29.20

LD-DETR ‘ base ‘ 33.13 2348 11.70 22.70 ‘ 41.69 30.04 1558 29.10

-SA+QD | 35.86 24.76 13.17 24.59 | 45.66 33.09 18.74 32.49

Table 4. Results of both CG-DETR and LD-DETR on ANC-S
with respect to our proposed modification.

Model Variant Ry, mAP,,
@0.1 @03 @0.5 Avg. \ @0.1 @03 @05 Avg.

CG-DETR ‘ base ‘ 60.44 40.89 2456 41.96 ‘ 7212 5492 3642 5448

-SA+QD | 63.75 43.12 2550 4412 | 74.00 5642 3820 56.20

LD’DETR‘ base ‘62.58 43.00 2608 43388 ‘ 7335 5617 3679 5543

-SA+QD | 65.21 4389 2577 4495 | 7425 5631 36.69 5575

benchmarks. Specifically, we evaluate HD-EPIC-S, YC2-
S and ANC-S; and report the R,, and mAP,,, on IOU
{0.1,0.3,0.5}. Full implementation details are in Sec. C.

5.2. Main experiments

Do our proposed modifications bridge the generalization
gap to search queries? From the results, we observe that
our proposed architectural modifications, hereby denoted
as (-SA+QD), substantially improve performance across all
search-query datasets. For instance, on HD-EPIC-S2 (see
Tab. 2) these modifications increase R,,@0.1 from 24.71 to
26.71 and the mAP,,@0.1 from 32.15 to 35.38. Similarly,
on YC2-S (see Tab. 3) we observe an absolute improve-
ment of up to 2.96 mAP,,@Q0.3. Moreover, even with the
smaller multi-moment gap for ANC-S, we observe that our
modifications lead to comparable or improved performance
across all metrics (see Tab. 4). To contextualize these gains,
we also compare against an oracle of the base model, which
is trained directly on the under-specified queries—thus per-
fectly matching the evaluation specificity, unlike the models
trained on captions. Our approach recovers nearly 70% of
the oracle gap, confirming the effectiveness of (-SA+QD) in
bridging the multi-moment gap, thus improving generaliza-
tion to search queries. Full results can be found in Sec. D.
Where do these gains come from? To disentangle the
benefits of our proposed modifications, we separately eval-
uate single and multi-moment instances. Figure 6 shows

CG-DETR -SA+QD [ Single = Multi
30 40 o
/ B.6%
25 - _
S / 20 b6
™M 20 / .
% Z 73 / L,
b
£ 15 0 YC2-S
< o e
. P T
£ 10 55| 7
5 o B.6% %
0 50

HD-EPIC-S1 HD-EPIC-S2 HD-EPIC-S3 ANC-S

Figure 6. Dissection of the performance of CG-DETR on HD-
EPIC-S2, for single, multi and all the instances, respectively.

that while performance of (-SA+QD) on single-moment
queries improves modestly, in most cases there is a promi-
nent improvement on multi-moment queries by up to 34.3%
mAP,,@0.3. This confirms that our method specifically
benefits multi-moment queries while also improving single-
moment cases. See Sec. D. for the extended results.

5.3. Ablations

Below, we ablate key aspects of our findings, reporting re-
sults for CG-DETR on HD-EPIC-S2. We report the average
R, and mAP,, across IoU values {0.1, 0.3, 0.5}. Addi-
tional ablations can be found in Supp.

Alternative methods for decoder query activation: We
examine whether alternative methods can increase the num-
ber of active queries and yield comparable gains to our pro-
posal. Specifically, we evaluate two families of approaches
(see Tab. 5): (i) alternative matching strategies that pro-
vide supervision to multiple decoder queries, and (ii) a data-
augmentation scheme that simulates multi-moment setups.

While matching strategies increase the number of ac-
tive queries, these activated queries produce redundant
predictions—predicting nearly identical segments around
the same GT moment. This can be observed in the num-
ber of predictions overlapping a GT (%match P), which
nearly doubles, while the number of retrieved GT moments
(%match GT) decreases, leading to a drop in generalization.

Similarly, data-augmentation techniques that replicate
GT moments in different video locations also fail to im-
prove generalization. We attribute this to the disruption of
temporal coherence, which leads to overfitting.

Overall, these results confirm that merely increasing the
number of active queries through additional supervision is
insufficient; effective generalization to multi-moment se-
tups also requires diversity-promoting mechanisms that en-
courage complementary behavior in decoder queries.
Preserving diversity via 1-to-1 matching: The previous
ablation showed that merely activating more queries does
not improve generalization if diversity is not preserved. Our
proposal addresses this, increasing the number of active
queries while also maintaining diversity among them. This
is achieved by keeping the 1-to-1 matcher [5]. This strat-
egy enforces competition between decoder queries, prevent-
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Table 5. Ablation of methods to increase number of active queries.

Variant | R mAP, | #active % matchP % match GT

base | 1604 2084 | 3.64+1.18 0.06+0.07 0.36+0.35

+ 1-to-5 matching [17] 14.66 16.30 9.56 +£3.20 0.11£0.16 0.21+0.28
+ 1-to-k matching [17] 10.78 11.01 20.00+0.0 0.16£0.33 0.07+£0.18
+group_matching [7] 15.34 17.97 8.69+3.08 0.10+0.13 0.27+0.31
+hybrid [13] 14.67 17.04 8.68+2.90 0.10+0.13 0.28 £ 0.32
+ms_matcher [43] 15.75 20.94 3.58+1.14 0.06 £ 0.07 0.36 £ 0.34
+data_augmentation 13.85 21.37 4.68£1.78 0.07+0.08 0.38+0.35
-SA+QD (ours) | 1752 2393 | 643+2.16 0.11+£0.13 0.42+0.37

Table 6. Effect of 1-to-1 matching in promoting diversity.

Variant | Rm mAP, | #active % matchP % match GT
-SA+QD (ours) ‘ 17.52 23.93 ‘ 6.43 £2.16 0.11+£0.13 0.42+0.37

+ 1-to-k matcher [17] 10.38 10.39 20.00 £0.00 0.14 4+0.35 0.06 £0.17
+group_matching [7] 17.30 23.71 12.70 £6.13  0.15£0.17 0.43+0.36
+hybrid [13] 17.91 24.38 10.10 £6.23  0.14+0.16 0.50 £ 0.36

Table 7. Impact of the proposed Table 8. Effect of the QD
architectural modifications. dropout rate.

-SA  +QD | R,y mAPn, | #active k | Rm mAP,
1604 2084 | 3.64%1.18 000 | 1531 2102
v 1531 2102 | 3.72%1.16 025 | 1752 2393
v o| 1650 2143 | 3.77+1.28 050 | 099 384
v v | 1152 2393 | 643+2.16

ing them from collapsing into a redundant prediction. As
shown in Tab. 6, replacing it from our (-SA+QD) for a pure
1-to-k matcher [10] leads to redundant predictions, as nu-
merous queries receive the same supervision signal. In con-
trast, partial relaxations that retain the 1-to-1 matching—
e.g., [7, 13]—preserve competition and yield comparable
results. This highlights the crucial role of the 1-to-1 match-
ing to ensure that queries that are additionally activated by
(-SA+QD) remain diverse and contribute to generalization.
Effect of each component: Table 7 evaluates variants
that only include query-dropout (+QD) or only remove
self-attention (-SA). Observe that neither component alone
yields a significant performance gain as, by themselves,
they do not overcome the query collapse—increasing only
marginally the number of active queries. Combining both,
in turn, increases mAP,, by up to 3.09 while nearly dou-
bling the number of active queries. This confirms the need
of solving both coordination and index collapse jointly.
Ablation on the query dropout rate: In Tab. 8 we ab-
late over the effect of various query-dropout rates—i.e.,
k = {0.0,0.25,0.5}. Observe that performance peaks at
0.25, after which performance decays. This confirms that
a light stochastic regularization encourages broader query
utilization, without compromising model convergence.
Scaling the number of potential queries: Figure 7 in-
vestigates how the increase of the total number of decoder
queries influences the number of active queries as well as
performance. The base model quickly saturates. The num-
ber of active queries remains nearly constant, and perfor-
mance severely degrades after peaking at 20 queries. In
contrast, our method presents a more steady increase in the
number of active queries and performance (mAPF,,@0.1).
This trend holds up until 20 queries, after which perfor-
mance stabilizes. Find the extended ablation in Sec. I.
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Figure 7. Evolution of the number of active queries and perfor-
mance over the total number of decoder queries.

Query: Wash grapes.

(5]
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Query: Add ingredients.

GT

YC2-S

CG-DETR | \ [ |

-SA+QD | \ [ \

Figure 8. Qualitative results for CG-DETR on HD-EPIC-S2 and
YC2-S benchmarks.

Qualitative results: Figure 8 presents several qualitative
examples. In these, the base model—CG-DETR (CG)—
shows limited success in detecting all GT moments, par-
tially due to its small number of active queries. For exam-
ple, in the second example, only two queries are activated
to retrieve 3 moments. In contrast, our model activates a
larger number of queries, leading to a better coverage of the
GT moments. See Sec. B for more qualitative examples.

6. Conclusions

In this work, we revisited Video Moment Retrieval (VMR)
from the perspective of generalization to search queries,
moving beyond existing caption-based datasets. To this end,
we introduced three search-query benchmarks, revealing a
consistent performance drop when models trained on cap-
tions are evaluated on under-specified search queries. We
identified and quantified two key factors for this drop: (i)
a language gap between detailed and under-specified tex-
tual queries, and (ii) a multi-moment gap, arising from the
shift from single-moment caption-based queries to multi-
moment search queries. We further showed that the latter
triggers an active decoder-query collapse. Finally, we intro-
duced various architectural modifications that mitigated this
issue, hence improving generalization to search queries—
bringing VMR models closer to real-world scenarios.
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