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Abstract
In this paper, we propose the task of Ranked Video Moment Retrieval
(RVMR) to locate a ranked list of matching moments from a collec-
tion of videos, through queries in natural language. Although a few
related tasks have been proposed and studied by CV, NLP, and IR
communities, RVMR is the task that best reflects the practical setting
of moment search. To facilitate research in RVMR, we develop the
TVR-Ranking dataset, based on the raw videos and existing moment
annotations provided in the TVR dataset. Our key contribution is
the manual annotation of relevance levels for 94,442 query-moment
pairs. We then develop the 𝑁𝐷𝐶𝐺@𝐾, 𝐼𝑜𝑈 ≥ 𝜇 evaluation metric
for this new task and conduct experiments to evaluate three base-
line models. Our experiments show that the new RVMR task brings
new challenges to existing models and we believe this new dataset
contributes to the research on multi-modality search. The dataset
is available at https://github.com/Ranking-VMR/TVR-Ranking.

CCS Concepts
• Information systems→ Video search; Evaluation of retrieval
results.
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1 Introduction
Given a query expressed in natural language, to retrieve or to locate
a temporal moment from video(s) that semantically matches the
query has many applications. A temporal moment refers to a seg-
ment within a source video with identified start and end timestamps.
Examples of such applications include searching for a specific scene
in security surveillance videos [25], locating a medical procedure
within an educational tutorial [7], or identifying desired scenes for
video editing purposes, among others.

A few tasks with different names have been studied for address-
ing similar objectives, including video retrieval (VR), video moment
retrieval (VMR), natural language video localization (NLVL), tempo-
ral sentence grounding in video (TSGV), and video corpus moment
retrieval (VCMR) [15, 28]. Among them, VR involves retrieving a
video from a collection based on visual content, akin to video search
on platforms like YouTube, but with the search criteria grounded
in the visual content of videos. NLVL and TSGV, more commonly
used in CV and NLP communities, refer to the same task as video
moment retrieval (VMR) in the IR community. VMR aims to locate
a moment within a given video that semantically matches the text
query. The VCMR task is a direct extension of VMR, focusing on
retrieving a moment from a collection of videos [22]. As depicted
in Figure 1, existing tasks VR, VMR, and VCMR, all aim to find one
answer, being either a video or a moment, for a given query.

The reason for expecting one exact answer to a query in existing
datasets lies primarily in the annotation of benchmark datasets.
During annotation, annotators watch a video, then provide textual
descriptions of meaningful video moments in this video. Subse-
quently, each description serves as the query to retrieve the cor-
responding moment from this source video. Given that a query
typically describes a specific moment precisely, a model trained
on these datasets can assume the existence of the moment to be
searched for, and all queries are from users who possess a good
understanding of the source video.

In a practical setting, there exist multiple moments that can be
described similarly, even in a single video. For example, one video
may contain multiple moments for “Phoebe enters room and sits on
sofa”, or a very similar moment “Alice enters room and sits on sofa”.
If we assume a user has limited knowledge about the source video,
then he/she may formulate a query like “a woman enters room and
sits on sofa”. In this case, all the moments that correspond to either
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Figure 1: RVMR and its related tasks. A rectangle represents
a video; the matching moment to text query 𝑄 is shaded. In
VR VMR and VCMR, exactly one video/moment is retrieved.

Phoebe or Alice entering a room and sitting on sofa are perfect
matches. Further, there could be relevant but non-perfect matches
like “a man enters room”.

In this paper, we define a new task named Ranked Video Moment
Retrieval (RVMR) to better reflect the practical setting. RVMR
is to retrieve a ranked list of moments matching a query from
a collection of videos. We do not assume that users have fully
watched all videos to be searched. Hence, users do not have a
specific expectation for the retrieved results. Multiple moments
from the same or different videos can be retrieved and ranked by
their degrees of relevance to the query. Compared to existing tasks,
RVMR exhibits two distinct characteristics: (i) it retrieves list of
moments instead of a single moment, and (ii) the retrieved moments
are ranked by their relevance to the query. While models designed
for VCMR can potentially be repurposed for RVMR, they may lack
the necessary moment ranking capability.

To date, no datasets cater to this novel task setting. Thus, we
have curated the TVR-Ranking dataset to facilitate the RVMR
task. As its name suggests, the dataset has its root in the TVR
dataset [13]. Specifically, we reuse the source videos in TVR, i.e.,
video clips from six TV series, and the original moment annotations
i.e., the begin/end timestamps of meaningful moments. We have
made two main efforts in the development of the TVR-Ranking.
The first is deriving queries from the original moment descriptions,
which are less precise than their original versions. Therefore, we
also refer to these newly derived queries as ‘imprecise queries’. In
the TVR dataset, moment descriptions are very detailed and often
contain TV character names. These character names limit the query
to matching only a specific moment. We substitute character names
with pronouns using carefully crafted prompts to ChatGPT, with
follow up quality control. This process entails replacing a total
of 160,701 words across 72,842 moment descriptions. Our second
effort involves annotating the relevance scores of moments to these
imprecise queries. This task was undertaken by 23 annotators over
1,200working hours.We have annotated relevantmoments for 3,281
queries. Among them, 52% of queries were each annotated with 20

candidate moments, featuring five relevance levels ranging from
irrelevant (0) to a perfect match (4). The remaining 48% of queries
were each annotated with 40 candidate moments. The annotation
of the relevance score for a candidate moment to a query (i.e., a
query-moment pair) was conducted by either two annotators (in
case of consensus can be reached by the two) or four annotators.
A total of 94,442 relevance scores were annotated with consensus.
The annotated queries are divided into 500 validation and 2,781
test queries. Due to the high cost of annotation, we use sentence
similarity between the query and the moment caption (i.e., the
imprecise version of moment description), as a proxy to generate
pseudo-annotations as the training set.

For evaluating the retrieved results, the prior tasks VMR and
VCMR only involve calculating the accuracy of predicted temporal
boundaries for single moments. Therefore, Intersection over Union
(IoU) [18] has been a suitable metric for these tasks. However, the
results of RVMR are presented as a ranked list, requiring considera-
tion of the quality of the ranking in addition to moment localization.
To this end, we propose a new metric, 𝑁𝐷𝐶𝐺@𝐾, 𝐼𝑜𝑈 ≥ 𝜇. This
metric evaluates the quality of the result from both the accuracy of
moment localization, and the quality of moment ranking.

Finally, we adapted three baseline models for the RVMR task, and
these models were trained with different pseudo-training datasets.
Our contributions in this resource paper are summarized as follows.
First, we define the RVMR task to reflect the practical scenario of
retrieving moments from video collections using imprecise queries.
Second, we have annotated the TVR-Ranking which provides
3,281 queries and their relevance annotations, each with 20 or 40
candidate moments. Third, we propose an evaluation metric for
the new task named 𝑁𝐷𝐶𝐺@𝐾, 𝐼𝑜𝑈 ≥ 𝜇. This metric builds upon
𝑁𝐷𝐶𝐺 [9], designed for ranking tasks, by incorporating the 𝐼𝑜𝑈
metric to handle partial matches between the retrieved and the
ground truth moments. Lastly, we adapt three baseline models
(initially designed for VCMR) to RVMR, and evaluate their per-
formance on the TVR-Ranking. Our results suggest that models
effective on VCMR may not perform well on RVMR.

2 Related Work
Current VMR and VCMR datasets fail to simulate real-world mo-
ment search scenarios due to two key unrealistic assumptions: users
have a deep understanding of the source video and there is only
one “perfect match” moment for each query.

The first assumption stems from traditional annotation pro-
cesses where annotators are required to watch the entire video
and then describe meaningful moments therein. Most datasets
listed in Table 1 are annotated in this way, including DiDeMo [2],
TACoS [17], TVR [13], ActivityNet Caption [11], Ego4D(NLQ) [5],
and UCA [25]. Besides, the Charades-STA dataset [3] extends the
Charades dataset [20] by segmenting video descriptions into sen-
tences and linking them to specific video timestamps via keywords.
In contrast, queries in our dataset may or may not provide precise
descriptions of moments, thus embracing users with different levels
of understanding of the corpus.

Typically, standard VMR datasets generally link a query to a
single relevant moment. For instance, the health-related queries
in the MedVidQA dataset [6], sourced from WikiHow’s ‘Health’
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Table 1: Existing VMR datasets and our annotated TVR-Ranking dataset. ‘M.Dur’ and ‘V.Dur’ mean the total duration of
moments and videos, respectively, in hours. TVR-Ranking, as a dataset for retrieval like web search, all queries in training,
validation, test sets share the same video collection. In the dataset, we select the top 𝑁 = 40moments by query-caption similarity
for a query, to comprise the pseudo training set. In the annotated validation and test sets, the average number of relevant
moments per query is 27. For all other datasets, the matching moment per query is 1.0 except QVHighlight which is 1.78.

Dataset #Query #Moment #Video Vocab. #Verb M.Dur V.Dur

Charades-STA [3] 16,128 11,770 6,672 1,303 469 26.33 56.69
ActivityNet Captions [11] 54,559 54,559 14,926 13,645 4,510 560.37 487.60
TACoS [17] 18,227 7,069 127 2,287 994 2220.82 10.11
MAD (v2-unnamed) [21] 3,328,745 328,742 488 56,066 13,993 263.46 1,207.3
Ego4D(NLQ) [5] 18,399 18,374 1,685 3,337 823 56.85 231.82
UCA [25] 19,211 18,299 1,544 4,087 1,580 84.39 96.71
MedVidQA [6] 3,010 2,990 899 2,291 670 51.78 95.72
QVHighlight [12] 10,310 18,367 10,148 7,750 1,824 125.50 422.83
TVR [13] 98,070 97,442 19,614 18,856 6,104 240.70 414.86

TVR-Ranking (Training) 69,317 94,259 19,614 10,865 3,846 228.91 414.86
TVR-Ranking (Validation) 500 12,191 19,614 994 330 29.48 414.86
TVR-Ranking (Test Set) 2,781 42,472 19,614 2,517 837 101.60 414.86

category, are well-represented of real-world scenarios. Nonetheless,
this dataset confines each query to just the most relevant moment.
In contrast, real-life situations frequently encompass multiple mo-
ments that can be similarly described. The QVHighlight dataset [12]
was pioneering in allowing queries to match multiple moments
within a single video. However, it still restricts searches to single
videos and focuses only on perfect matches. Our dataset aims to
retrieve a ranked list of moments from a video corpus based on
imprecise queries, functioning more like a search engine and accom-
modating both closely and loosely relevant matches. This paradigm
not only broadens the utility of the results but also aligns more
closely with practical search needs.

3 TVR-Ranking Dataset
In the ideal setting, a dataset shall well reflect the context of real-
world applications, e.g., the data source and the information needs
from users [24]. In the RVMR task setting, we assume there exists a
collection of videos, and users search for relevant moments through
textual descriptions as queries. However, such kinds of queries can
only be collected from logs of video search services, which are not
publicly accessible. Without access to such resources, we choose to
derive user queries from existing data annotations, i.e., the datasets
listed in Table 1.

Our immediate task is to choose which existing dataset to use as
the raw data for annotation. To this end, we compare the existing
datasets based on the following perspectives: accessibility to the
raw videos, number of videos, variants of different activities/scenes,
and number of moments annotated. Because existing annotations
are mostly descriptions of scenes and/or actions, the number of
verbs has been widely used to measure the number of activities
covered in a dataset [19]. Based on these considerations, we adopt
the TVR dataset as the raw source for our annotation; accordingly,
our dataset is named TVR-Ranking.

The TVR dataset contains video clips from six different TV series,
along with their corresponding subtitles and audio tracks. In the
construction of the original TVR dataset, annotators were tasked

with identifying the boundaries of events i.e., moments, within
these clips, and describing their content. Workers also provided
whether the description was purely based on the visual content, the
subtitle, or both the video and subtitle. The TVR dataset comprises
72,842 video-only, 8,920 subtitle-only, and 16,308 video-subtitle
moment descriptions.1 In our TVR-Ranking construction, we aim
to concentrate on the visual aspects; therefore, we only consider
the annotations that are purely based on the visual content of the
videos.

3.1 Query Construction via Rewriting
In TVR dataset, manymoment descriptions contain character names
and even their dressing details, making them precise descriptions of
the moments. To make these queries match more relevant moments,
we replace specific words with more general terms. In particular,
we replace all character names with pronouns. This replacement
is essential for our annotation because our annotators (also users)
may not have knowledge about these characters. Table 2 lists three
example descriptions before and after substitution.

The character name substitution is through carefully designed
prompts to ChatGPT, with quality checks. The output of ChatGPT
is a quality substitution if it successfully passes two validation
checks. The first check is for semantic consistency, to ensure no
significant change in terms of semantic meaning after substitution.
The SimCSE [4] similarity of moment descriptions before and after
the substitution is expected to be above a threshold (0.4 in our
implementation). The second check is to ensure no person names
appear in the substituted version. We detect person names in the
substituted moment description using Flair [1]. If a substitution
fails to pass both checks, the moment description undergoes human
review and is fed to ChatGPT again for another substitution with a
different temperature parameter setting, till it passes both checks.

The above procedure replaces 160,701 words across 72,842 mo-
ment descriptions, averaging 2.21 words per description. Table 3
1The numbers reported here are from the dataset version used in our annotation, with
negligible differences from those reported in the original paper [13].
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Table 2: Three example moment descriptions before and after word substitution.

No. Original query before word substitution Query after word substitution

1. Eric and Dr. Gregory were having a conversation. Two people were having a conversation.
2. Rachel Green and Ross were having a conversation. Two people were having a conversation.
3. Javier and the young man wearing checkered polo was having a conversation. Two people were having a conversation.

Table 3: The top 12 most frequent replacement words. M, F,
and N denote male, female, and gender-neutral, respectively.

Word Freq. Gender Word Freq. Gender

man 37,533 M some 1,747 N
woman 34,708 F doctor 1,263 N
person 28,109 N other 1,149 N
two 6,426 N they 1,064 N
people 6,035 N her 572 F
someone 1,938 N guy 533 M

presents the top 12 most frequently replaced words, which shows a
diversity of personal pronouns in the descriptions.

To distinguish the moment descriptions before and after the
substitution, we call the substituted version moment caption. As
shown in Table 2, the three original moment descriptions — though
referring to different character instances — are rewritten into the
same imprecise caption: “Two people were having a conversation.”
This transformation demonstrates two key properties. First, it re-
flects our intended goal of semantic abstraction, where the essential
event is retained while character-specific details are removed. Sec-
ond, it increases the likelihood that multiple semantically similar
but visually distinct moments are matched to the same query, thus
enhancing the dataset’s support for ranked multi-moment retrieval.

3.2 Relevance Annotation and Quality Control
From the 72,842 moment captions, we randomly select 500 and
2,781 moment captions as queries for the validation and test sets,
respectively. The remaining moment captions are reserved for con-
structing the pseudo training set (see Section 3.4). As a retrieval
task, all queries share the same large pool of source videos.

Next, we manually annotate ground truth moments, along with
their degree of relevance, for both the 500 validation and 2781 test
queries. The annotation pipeline is shown in Fig. 2. Manually an-
notating all matching moments from such a large video corpus
for a given query is infeasible. Therefore, we utilize the moment
annotations available in the original TVR dataset during the an-
notation process. These original annotations serve two purposes.
First, we fully rely on the temporal boundaries of all moments in
the original TVR annotations. This approach allows us to view the
video corpus as a vast collection of moments each accompanied
by a moment caption, during the data annotation process. Second,
the moment caption provides a reasonably good description of a
moment. Consequently, the semantic similarity between a query
and a moment caption acts as a proxy for an initial estimation of
their relevance.

Let𝑚.𝑐 and𝑚.𝑣 represent the caption and the visual content of
moment𝑚, respectively. To annotate the ground truth moments

no

candidate moments
annotators C, D

consensus?

consensus?

yes

yes

no

discard

relevance

annotators A, B

sorted by sim
(q, m

.c)…

Figure 2: The annotation pipeline of scoring the relevance of
moments for a given query.Wefirst select the top-𝑘 candidate
moments based on 𝑠𝑖𝑚(𝑞,𝑚.𝑐), i.e., similarity between the
query and a moment caption. Two annotators then score
these moments. A consensus is reached if their relevance
scores differ by 0 or 1. Moments without consensus are re-
scored by another pair of annotators and discarded if no
consensus is reached.

for a query 𝑞, we initially retrieve the top-𝐾 moment candidates
based on their similarity to 𝑞 by using SimCSE [4], denoted by using
𝑠𝑖𝑚(𝑞,𝑚.𝑐). In our annotation process, we set 𝐾 = 20 for the first
batch. This batch of 20 query-moment pairs is then presented to
two annotators.2 Each annotator independently labels the degree of
relevance of every query-moment pair ⟨𝑞,𝑚.𝑣⟩ purely based on the
moment’s visual content, assigning a score from 0 for irrelevant, to
4 for a perfect match.

If the difference between the two relevance scores assigned by
two annotators is either 1 or 0, then we considered the two annota-
tors to have reached a consensus. The average relevance score was
then rounded up to the nearest whole number as the final score
for this query-moment pair. If the two annotators fail to reach a
consensus, the same query-moment pair is assigned to another two
annotators. Then we have a total of 4 scores. Among the 4 scores,
we remove one highest score and one lowest relevance score. If the
difference between the remaining two scores is either 1 or 0, we
consider a consensus is reached; the average of the remaining two
scores is rounded up to the nearest whole number as the final score.
Otherwise, the pair is discarded.

After annotating all 20 moments for a query in the first batch, the
lead annotator (the first author) checks the relevance score distribu-
tion of these 20 candidate movements. Recall that the 20 candidate
movements are ranked by 𝑠𝑖𝑚(𝑞,𝑚.𝑐). Movements ranked in the
top few positions are likely to be more relevant than those ranked
lower. However, if the last 5 candidates among the 20 remain very
relevant, then it is a strong indication that the annotation so far
has not fully covered all matching moments. The next batch of 20

2The query 𝑞 is the same in the batch of 20 query-moment pairs ⟨𝑞,𝑚.𝑣⟩. However,
during annotation, an annotator is presented with one query-moment pair each time
through the annotation interface.
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candidate moments will be retrieved by 𝑠𝑖𝑚(𝑞,𝑚.𝑐) for annotation.
We observe that we can cover all relevant movements for nearly
every query after annotating the second batch, totaling 40 candidate
moments. Hence, at most, two batches or 40 candidate moments
are annotated for a query.

At the completion of the annotation process, we obtained a total
of 9,272 valid annotations for the 500 validation queries and 18,146
annotations for the 2,781 test queries. This resulted in a total anno-
tation cost of approximately 13, 000 USD for around 1,200 working
hours contributed by 23 annotators, excluding the lead annotator’s
effort. All annotators underwent a tutorial and qualifying exam
before participating in the annotation task.

3.3 Annotation Quality and Similarity-Based
Sampling Analysis

In TVR-Ranking, we aim to retrieve all relevant video moments
for a given query. However, annotating the entire video corpus is
infeasible. Thus, we leverage the moment captions in the original
TVR dataset as proxies for visual content, using their semantic
similarity to the query, 𝑠𝑖𝑚(𝑞,𝑚.𝑐), as a heuristic for selecting can-
didate moments. All annotations are performed based on visual
inspection of the moment content𝑚.𝑣 , but moment captions𝑚.𝑐
guide candidate selection.

To validate this similarity-based sampling strategy and under-
stand annotation consistency, we conduct an in-depth analysis
using 10 randomly sampled queries. For each query, we annotate
120 candidate moments: the top 60 ranked by 𝑠𝑖𝑚(𝑞,𝑚.𝑐) and 60
randomly sampled from the remaining moments. Figures 3a and 3b
show that higher 𝑠𝑖𝑚(𝑞,𝑚.𝑐) scores are correlated with higher an-
notated relevance scores 𝑟𝑒𝑙 (𝑞,𝑚.𝑣), and most relevant moments
rank within the top 40, justifying our annotation cutoff.

In parallel, we examine the consistency of annotations. Each
query-moment pair is annotated by two or four annotators, and
relevance scores range from 0 (irrelevant) to 4 (perfect match). Fig-
ure 3c presents the raw score range distributions, showing that the
vast majority of annotations have a score difference of 0 or 1, indi-
cating strong consensus. Figure 3d shows the distribution of final
relevance scores after applying consensus rules. Most moments
have intermediate relevance (score = 2), while extreme scores are
less frequent. These findings support the reliability of our annota-
tion protocol and the use of similarity-based candidate selection.

3.4 Pseudo Training Set Generation
Due to the high annotation cost, we do not manually annotate
training data. Instead, we rely on the query-caption similarity, i.e.,
𝑠𝑖𝑚(𝑞,𝑚.𝑐), as a proxy to generate pseudo annotations as the train-
ing set. Specifically, given a query, we collect the top-𝑁 moments
based on 𝑠𝑖𝑚(𝑞,𝑚.𝑐) as the training set. In our dataset, we include
pseudo training sets with 𝑁 = 1, 𝑁 = 20, and 𝑁 = 40. Datasets
with other values of 𝑁 can be easily generated as well.

As shown in Table 2, after the substitution, two moment descrip-
tions may become identical. To ensure all queries in the validation
and tests do not appear in training, we remove from the pseudo
training set the queries that appear either in validation or test, a
total of 244 queries. As a result, the pseudo training set contains a
total of 69,317 queries.
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Figure 3: Analysis of annotation quality and the effectiveness
of query-caption similarity. (a) Relevance scores increase
with higher 𝑠𝑖𝑚(𝑞,𝑚.𝑐). (b) Relevant moments are mostly
ranked in the top positions. (c) Most annotators agree within
1-point difference. (d) Final relevance scores follow a bell-
shaped distribution.

Table 4: Statistics of TVR-Ranking. The average ratio of the
moment duration to the entire video duration. ‘M-V Dura-
tion Ratio’ refers to the ratio of the video’s duration that is
occupied by themoment. Statistics regarding video durations
pertain to videos that containmomentsmatching the queries
in the specific set.

Statistic Pseudo Training
Set (𝑁=40)

Validation
Set

Test
Set

Min. Query Length 4 7 6
Avg. Query Length 13.98 14.11 13.97
Max. Query Length 122 35 108

Min. Moment Duration (s) 0.26 0.27 0.26
Avg. Moment Duration (s) 8.74 8.71 8.61
Max. Moment Duration (s) 239.38 121.86 138.02

Min. Video Duration (s) 2.02 2.02 2.02
Avg. Video Duration (s) 76.14 76.59 76.23
Max. Video Duration (s) 272.02 272.02 272.02

Avg. M-V Duration Ratio 0.12 0.11 0.11
Avg. Rel. Moments per Query N/A 27.1 27.0

3.5 Dataset Statistics for TVR-Ranking
Table 4 provides an overview of the annotated TVR dataset, with
query length in number of words, moment duration in seconds,
and the source video duration in seconds. The average ratio of
moment length to its source video length is about one-tenth. In the
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caption: A woman takes out 
her shoes from the 
box.

A woman starts taking 
out objects from the 
shoe box in her hand 
and shows them to man.

A woman picks up a 
box and walks out 
the door with the box.

A woman grabs the 
box out of person's 
hands.

A woman pulls out 
and shows off a little 
box from inside the 
bag she is carrying.

query: A woman takes out her shoes from the box.

moment:

caption: A person draws a 
bunch of sausages 
on a white board.

A person draws a 
picture of sausages 
up on a white board 
as he plays a game.

A person places a 
drawing on top of the 
white board.

A person goes over 
to the whiteboard 
and draws on it.

A picture of a person 
is on the white board.

query: A person draws a bunch of sausages on a white board.

moment:

Figure 4: Illustration of similarity vs. human relevance scores for imprecise queries. The line chart shows 𝑠𝑖𝑚(𝑞,𝑚.𝑐)—the
semantic similarity between the query 𝑞 and each moment caption𝑚.𝑐, computed using SimCSE. The bar chart shows the final
human-annotated relevance scores for the corresponding moments.

table, we also list the average number of relevant moments (with a
relevance score of 1 to 4) annotated per query is around 27. Recall
that, moments are annotated in batches to a query, with each batch
containing 20 candidate moments. Specifically, in the validation
set, 264 queries (52.80%) were annotated with 20 moments (i.e.,
one batch) and 236 queries (47.20%) with 40 moments (i.e., two
batches). The test set follows a similar distribution, with 1,473
queries (52.97%) annotated with 20 moments and 1,308 queries
(47.03%) with 40 moments.

Following the consensus verification process, 14,382 (97.79%)
annotations in the validation set reached consensus with either
two or four annotators, while 325 (2.21%) were found to be in
disagreement and subsequently discarded. Each annotation here is a
query-moment pair. Again, the test set shows a similar distribution;
80,060 (97.90%) annotations achieved consensus and 1,716 (2.10%)
annotations were discarded. With the annotations in consensus,
on average each query comes with 27.1 relevant moments in the
validation set, and 27.0 in the test set, by counting the moments
with relevance scores from 1 to 4.

3.6 Case Study of Example Queries
Figure 4 provides two example queries, each with 5 candidate mo-
ments ranked by 𝑠𝑖𝑚(𝑞,𝑚.𝑐) in descending order. The relevance
scores assigned by annotators (in bar chart) show a reasonable cor-
relation with 𝑠𝑖𝑚(𝑞,𝑚.𝑐) (in line chart), where larger 𝑠𝑖𝑚(𝑞,𝑚.𝑐)
also suggests high relevance scores. Yet, the moments with lower
𝑠𝑖𝑚(𝑞,𝑚.𝑐)’s can be annotated with higher relevance scores, and
𝑠𝑖𝑚(𝑞,𝑚.𝑐) = 1.0 does not guarantee a perfect match. The second
example is a good illustration of this point. One possible reason for
the discrepancy is the annotation methodology. The original TVR
dataset required annotators to watch the full video before selecting
and describing specific moments, providing them with full context
in the video. In our annotation, only moments are presented to
annotators, without the full video. Our annotators make judgments
solely based on the provided moment. For query “A woman takes
out her shoes from the box”, the moment with 𝑠𝑖𝑚(𝑞,𝑚.𝑐) = 1
is not considered a perfect match because the moment does not
show “the box”, though “the box” might exist in the source video
somewhere before this moment. Among the test query set, there
are 2,635 queries where annotators reach consensus for the query
moment pair with 𝑠𝑖𝑚(𝑞,𝑚.𝑐) = 1.0. Among them, 312 (11.76%)
moments are not assigned with the perfect relevance score.
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We clarify two points here. First, each query is a moment caption
originated from the TVR dataset, hence there exists at least one
candidate moment whose caption is identical to the query, i.e.,
𝑠𝑖𝑚(𝑞,𝑚.𝑐) = 1.0. Second, the moment captions in Figure 4 are
provided for reference purposes here. The captions of candidate
moments are not shown to the annotators during the annotation
process. Annotators judge the level of relevance purely based on
moment’s visual content to the query. Further, moment captions
in the dataset shall only be used as queries, and not as additional
information available in source videos. In a RMVR task, the videos
are not segmented into moments and such high-quality captions
do not exist as well.

4 Evaluation Metric for RVMR
RVMR can be evaluated from at least two aspects: (i) the quality of
moment localization, i.e., to what extent the model correctly identi-
fies the temporal boundaries of a moment, and (ii) the quality of
ranking, i.e., to what extent the model correctly ranks the retrieved
moments from most to least relevance to the query. Note that, even
if a moment is correctly located with perfect start/end timestamps,
the moment may not be the more relevant to the query.
𝐼𝑜𝑈 for Moment Localization. Intersection over Union (𝐼𝑜𝑈 ),
denoted by 𝜇, is a common metric widely used in moment retrieval
tasks. Given a moment prediction with start and end timestamps,
evaluated against the ground truth start and end timestamps, IoU
measures the intersection along the timeline against the union
along the timeline, illustrated in Figure 5a, where 𝑔0 and 𝑝0 denote
the ground truth and predicted moments respectively. If there is no
overlap between the two moments, then 𝜇 = 0. 𝐼𝑜𝑈 is commonly
used as pre-selection criteria for qualifying moments before other
measures are computed. For example, a model can be measured by
the ability to locate moments with 𝜇 ≥ 0.3.
NDCG for RankedRetrieval. Normalized Discounted Cumulative
Gain (NDCG) is delicately designed for evaluating ranking results
with different relevance levels [16]. Specifically, the Discounted
Cumulative Gain (DCG) of the top 𝐾 ranked results is defined in
Equation 1, where 𝑖 is the ranking position with 1 being the top
ranked position, 𝑟𝑒𝑙𝑖 is the level of relevance. For example, the left
part of Figure 5b shows four ground truth moments with 𝑔1 at rank
1 position and 𝑔4 at rank 4 position. To their left are the relevance
levels with 𝑟𝑒𝑙1 = 4 for 𝑔1 and 𝑟𝑒𝑙2 = 2 for 𝑔2.

𝐷𝐶𝐺@𝐾 =

𝐾∑︁
𝑘=1

2𝑟𝑒𝑙𝑖 − 1
log2 (𝑖 + 1) (1)

𝑁𝐷𝐶𝐺@𝐾 is then defined as the normalized 𝐷𝐶𝐺 against the
𝐷𝐶𝐺@𝐾 value of a perfect ranking e.g., all items with a relevance
level of 4 are ranked before all items with a relevance level of 3,
and so on, till the 𝐾 cut.
The Proposed Metric 𝑁𝐷𝐶𝐺@𝐾, 𝐼𝑜𝑈 ≥ 𝜇 for RVMR. We pro-
cess the matching of predicted moments following their ranking
returned by a model. If a predicted moment fails to find a matching
ground truth with an 𝐼𝑜𝑈 ≥ 𝜇, it is assigned a relevance score of 0.
When multiple ground truths meet the 𝐼𝑜𝑈 ≥ 𝜇 criterion, we select
the one with the highest 𝐼𝑜𝑈 and remove it from the ground truth
moment listing, to prevent duplicate matches. The 𝑁𝐷𝐶𝐺@𝐾 is
computed by the relevance scores of the predicted moments at cut

𝐾 , against the perfect ranking of the top 𝐾 ground truth moments,
regardless these 𝐾 moments are matched by any predicted moment
or not.

Figure 5 shows the computation of𝑁𝐷𝐶𝐺@3, 𝐼𝑜𝑈 ≥ 0.3 as an ex-
ample. Starting with top predicted moment 𝑝1, where 𝐼𝑜𝑈 (𝑝1, 𝑔1) =
0.35 and 𝐼𝑜𝑈 (𝑝1, 𝑔3) = 0.4, both exceeding the threshold 𝜇 = 0.3, see
Figure 5b. Since the 𝐼𝑜𝑈 with 𝑔3 is higher, we consider 𝑝1 matching
with 𝑔3 and assign 𝑔3’s relevance score to 𝑝1. Then 𝑔3 is removed
from the ground truth due to being matched by a predicted mo-
ment. Assuming 𝑝2 is very similar to 𝑝1 (or a near duplicate),3 with
𝐼𝑜𝑈 (𝑝2, 𝑔1) = 0.35 and 𝐼𝑜𝑈 (𝑝2, 𝑔3) = 0.4, as depicted in Figure 5c.
Since 𝑔3 has been removed from the ground truth, 𝑔1 becomes the
sole match for 𝑝2, resulting in a relevance score of 4 for 𝑝2, and
the removal of 𝑔1 from the ground truth. For 𝑝3, 𝐼𝑜𝑈 (𝑝3, 𝑔4) = 0.5,
indicating a match with𝑔4, thus 𝑝3 is assigned a relevance score of 2,
and 𝑔4 is removed. The relevance scores of the predicted moments
are 2, 4, and 2. To compute 𝑁𝐷𝐶𝐺 of the ground truth ranking,
we consider a perfect ranking of the top 3 ground truth moments
(4, 2, and 2), regardless of whether they are matched by predicted
moments or not, as illustrated by 𝐾 = 3 on the left side of Figure 5b.

5 Baseline Performance
5.1 Model Adaptation and Implementation
Illustrated in Figure 1, the closest task setting to RVMR is VCMR.
In particular, if a VCMR model can compute a form of confidence
for its retrieval result, then a ranking of the predicted moments
can be naturally derived. Hence, we adapt three representative
VCMR models to the RVMR task and evaluate them on the TVR-
Ranking dataset: XML [13], CONQUER [8], and ReLoCLNet [27].
The main adaptation involves introducing a query-moment sim-
ilarity weight 𝑠𝑖𝑚(𝑞,𝑚.𝑐) into the training loss to downweight
less relevant training pairs. We also experimented with another
VCMR model, SQuiDNet [23], which employs exhaustive query-
video fusion during inference. SQuiDNet failed to yield competitive
performance and exhibited prohibitively high inference cost. Due
to its limited scalability in a ranked retrieval setting, we exclude it
from further baseline comparisons.

In addition, we explored adapting VMR models, which are origi-
nally designed for retrieving moments from a single video. These
models similarly require dense query-video interactions at infer-
ence time, making them computationally impractical for large-scale
RVMR evaluation.
XML. XML integrates video and subtitle features (ResNet+I3D and
RoBERTa) and uses matrix-based similarity for retrieval. We modify
its loss with a similarity-based decay factor 𝑠𝑖𝑚(𝑞,𝑚.𝑐), and apply
a positive pair mask [10] to support multiple relevant moments per
query.
ReLoCLNet. Built on XML, ReLoCLNet adds a frame-level con-
trastive loss. We retain the same input features and loss modifica-
tions, and make no change to the frame-level component.
CONQUER. CONQUER separates retrieval and localization, using
SlowFast+ResNet for video and RoBERTa for subtitles. It inherits

3This is a rare case, and it is unlikely to have two ground truth moments matching
duplicate predictions as well. However, we would like to show that our proposed
measure is able to handle such a rare case.
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Figure 5: Illustration (a) IoU, and (b)–(d) for 𝑁𝐷𝐶𝐺@3, 𝜇 = 0.3. (b) 𝑝1 matches 𝑔3 with 𝑟𝑒𝑙 = 2 for the larger 𝐼𝑜𝑈 , above the 0.3
threshold. (c) 𝑝2 matches 𝑔1 as 𝑔3 is no longer available. (d) 𝑝3 matches 𝑔4, with 𝑟𝑒𝑙 = 2.

Table 5: Performance of the three baselines. 𝑁 is the number of moments included in the pseudo training set for each query,
sorted by the query-caption similarity 𝑠𝑖𝑚(𝑞,𝑚.𝑐).

Model 𝑁 𝑁𝐷𝐶𝐺@10 𝑁𝐷𝐶𝐺@20 𝑁𝐷𝐶𝐺@40

𝐼𝑜𝑈 ≥ 0.3 𝐼𝑜𝑈 ≥ 0.5 𝐼𝑜𝑈 ≥ 0.7 𝐼𝑜𝑈 ≥ 0.3 𝐼𝑜𝑈 ≥ 0.5 𝐼𝑜𝑈 ≥ 0.7 𝐼𝑜𝑈 ≥ 0.3 𝐼𝑜𝑈 ≥ 0.5 𝐼𝑜𝑈 ≥ 0.7

val test val test val test val test val test val test val test val test val test

XML [13]
1 0.102 0.092 0.075 0.066 0.024 0.027 0.101 0.092 0.074 0.066 0.026 0.027 0.108 0.102 0.078 0.073 0.027 0.029
20 0.223 0.214 0.162 0.157 0.058 0.063 0.233 0.224 0.170 0.165 0.063 0.066 0.258 0.251 0.187 0.185 0.071 0.075
40 0.200 0.204 0.146 0.150 0.054 0.059 0.211 0.217 0.153 0.159 0.058 0.064 0.241 0.243 0.174 0.179 0.067 0.072

CONQUER [8]
1 0.100 0.086 0.084 0.071 0.053 0.051 0.095 0.084 0.081 0.069 0.053 0.048 0.097 0.087 0.083 0.072 0.056 0.051
20 0.241 0.225 0.222 0.210 0.167 0.152 0.213 0.200 0.198 0.187 0.153 0.137 0.203 0.191 0.189 0.179 0.148 0.133
40 0.245 0.222 0.226 0.209 0.167 0.152 0.218 0.197 0.202 0.185 0.152 0.137 0.208 0.189 0.193 0.178 0.147 0.132

ReLoCLNet [27]
1 0.158 0.153 0.136 0.135 0.091 0.092 0.150 0.144 0.130 0.127 0.087 0.085 0.153 0.149 0.132 0.130 0.088 0.087
20 0.375 0.375 0.341 0.340 0.232 0.234 0.382 0.379 0.346 0.343 0.238 0.239 0.404 0.403 0.366 0.365 0.254 0.257
40 0.434 0.435 0.398 0.399 0.269 0.281 0.442 0.444 0.406 0.406 0.279 0.288 0.472 0.474 0.434 0.434 0.302 0.308

video retrieval from HERO [14]. While HERO is trained on TVR,
the risk of leakage is minimized due to query rewriting and new
annotations.

We generate pseudo training data using 𝑁 = {1, 20, 40} top-
ranked moments per query based on 𝑠𝑖𝑚(𝑞,𝑚.𝑐). All models are
trained with a learning rate of 0.0001 using a warm-up schedule.
For 𝑁 = 1, we train 4000 epochs with validation every 20; for
𝑁 = 20 and 𝑁 = 40, we train 200 and 100 epochs respectively,
with validation once or twice per epoch. Early stopping is applied
if no improvement is observed after 10 validations. All models
are implemented in PyTorch 2.2.1 with CUDA 12.1 and trained on
a single NVIDIA V100 32GB GPU. No post-processing (e.g., non-
maximum suppression) is applied. We evaluate using 𝑁𝐷𝐶𝐺@𝐾
under intersection-over-union (IoU) thresholds 𝜇 ∈ {0.3, 0.5, 0.7},
where𝐾 ∈ {10, 20, 40}. Parameter tuning is conducted on validation
using 𝑁𝐷𝐶𝐺@20, 𝜇 = 0.5. Table 5 presents the complete set of
experimental results.

5.2 Performance Results and Analysis
Performance on Test and Validation Sets. We observe a con-
sistent trend across all metrics, models, and pseudo-training sets:
generally, the results on the test set exhibit slightly lower perfor-
mance compared to the validation set, as expected. However, a few
exceptions exist, but the differences in performance are marginal
across all such cases.
The 𝐾 Values for 𝑁𝐷𝐶𝐺 . When training with the top 1 pseudo
training set, no clear pattern emerges across the three models as 𝐾
values change. With the top 20 and top 40 pseudo training sets, the
𝑁𝐷𝐶𝐺 slightly increases as 𝐾 changes from 10 to 40 for XML and
ReLoCLNet, while CONQUER shows the opposite trend.

The 𝜇 Values for 𝐼𝑜𝑈 . As expected, elevating the value of 𝜇 poses
a greater challenge to localization, resulting in a decline in perfor-
mance in general. The impact to models is a bit different as well.
In particular, XML experiences a bigger drop compared to other
models, suggesting its limitations in achieving precise localization.
ReLoCNet shows relatively a smaller drop with higher 𝜇 values.

The Choice of 𝑁 in Pseudo Training: The 𝑁 = 1 training set
yields the lowest scores across all three models, suggesting insuffi-
cient training instances. For XML, the best performance is achieved
with 𝑁 = 20, while ReLoCLNet performs best with 𝑁 = 40. The
results for CONQUER are comparable for 𝑁 = 20 and 𝑁 = 40.
These findings indicate that the models have different capabilities
in handling noise in the training data.

Comparison of Baseline Models: All three models (XML, CON-
QUER, and ReLoCNet) exhibit consistent performance trends across
different training sets and metrics. Among the three, ReLoCNet
emerges as the top performer, notably when sufficient training
moments are provided i.e., 𝑁 = 40. However, the three baselines
show different performance ranking on the VCMR task, as reported
in the original papers [8, 13, 27], where CONQUER demonstrates
superior performance against ReLoCNet, and XML is slightly better
than ReLoCNet as well. The discrepancy on RVMR implies that the
abilities required by our RVMR task differ from those of the VCMR
task.

Although VCMR models can be easily adapted, directly applying
them to an RVMR application may not be appropriate. Designing
a new model tailored specifically to our RVMR task is necessary.
These findings validate the significance and utility of our dataset
for further research and development in the video retrieval field.
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Table 6: Performance upper bound on the test set using
similarity-based labels for both training and evaluation.

Measure IoU=0.3 IoU=0.5 IoU=0.7
𝑁𝐷𝐶𝐺@10 0.759 0.758 0.758
𝑁𝐷𝐶𝐺@20 0.808 0.808 0.808
𝑁𝐷𝐶𝐺@40 0.891 0.891 0.891

5.3 Upper Bound of Pseudo-Training with
Similarity-Based Labels

To further assess the utility of our pseudo-labeled training data,
we conducted an experiment using the same sentence similarity
method (used in generating training data) to also create the test
set labels. This ensures that the training and testing distributions
are aligned. The results, as shown in Table 6, demonstrate a sig-
nificant gap between current model performance and this upper
bound, indicating ample room for improvement and validating the
usefulness of the pseudo training set in the early stage of research.
Moreover, a recent model proposed by Zhang et al. [26] surpasses
our baselines (achieving 𝑁𝐷𝐶𝐺@40, 𝐼𝑜𝑈 = 0.7 of 0.442), further
suggesting that the noise in the training labels does not significantly
hinder progress.

6 Conclusion
In this paper, we study the task of ranked moment retrieval from
video collection by natural language queries. To facilitate the re-
search in this new task, we develop the TVR-Ranking based on
the raw videos and moment annotations of the TVR dataset. Our
data annotation process considers query rewriting to best simulate
the queries from users who may not have watched all videos in
the search collection. The main effort is the manual annotation of
relevance levels for a large number of candidate moments for vali-
dation and test queries. We then develop the evaluation metric by
considering measures used in both ranking tasks i.e., 𝑁𝐷𝐶𝐺 , and
in moment retrieval, i.e., IoU. Through experiments, we show that
models that performwell on VCMRmay not necessarily outperform
others on this new RVMR task, indicating the lack of ranking capa-
bility of existing models. With the availability of the TVR-Ranking
dataset, we expect new technologies to be developed for efficient
and effective large-scale video moment search, in line with the
development of large language and/or vision models.

Our work has some limitations. First, the queries are adopted
from TV series, that might not perfectly mirror the real-world needs
of users. Nonetheless, for the purpose of benchmarking and evalu-
ating model capabilities, the dataset is adequate. Second, the pseudo
training set was generated using simple sentence similarity. At the
time of this work, there were no powerful large visual models avail-
able for our purpose. We plan to explore higher-quality annotations
using Large Models in the future.
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