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Abstract

Accurately locating key moments within long videos is crucial for solving long
video understanding (LVU) tasks. However, existing benchmarks are either severely
limited in terms of video length and task diversity, or they focus solely on the end-
to-end LVU performance, making them inappropriate for evaluating whether key
moments can be accurately accessed. To address this challenge, we propose
MomentSeeker, a novel benchmark for long-video moment retrieval (LVMR),
distinguished by the following features. First, it is created based on long and
diverse videos, averaging over 1,200 seconds in duration, and collected from
various domains, e.g., movie, anomaly, egocentric, and sports. Second, it covers a
variety of real-world scenarios in three levels: global-level, event-level, and object-
level, covering common tasks like action recognition, object localization, causal
reasoning, etc. Third, it incorporates rich forms of queries, including text-only
queries, image-conditioned queries, and video-conditioned queries. On top of
MomentSeeker, we conduct comprehensive experiments for both generation-based
approaches (directly using MLLMs) and retrieval-based approaches (leveraging
video retrievers). Our results reveal the significant challenges in long-video moment
retrieval in terms of accuracy and efficiency, despite improvements from the latest
long-video MLLMs and task-specific fine-tuning. We have publicly released
MomentSeeker!] to facilitate future research in this area.

1 Introduction

Long-video understanding (LVU) attracts tremendous attention from the community given its impor-
tance to a variety of real-world applications, such as video analysis, embodied Al, and autonomous
driving. In recent years, growing efforts have been made to advance the progress of LVU, especially
those from multi-modal large language models (MLLMs). Nevertheless, it remains an unsolved
problem, primarily due to challenges in both response quality and running efficiency. Long-video
understanding requires a diverse set of skills from MLLMs, among which the ability to accurately
identify and access key moments is crucial [29]. Although long videos contain rich contextual
information, many tasks require reasoning over only a few critical moments. Solving these tasks
effectively depends on the accurate retrieval of such moments. In this context, long-video moment
retrieval (LVMR) serves a dual purpose: it not only reflects MLLMs’ performance on long-video
understanding, but also facilitates the development of retrieval methods to address LVU tasks.
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Figure 1: Demonstrative examples of the MomentSeeker benchmark. Dashed boxes denote the
sources of imagg and videog, in the multi-modal queries, while solid boxes indicate the ground
truth moment(s). Red circles mark key queried information.

However, the advancement of LVMR is severely constrained due to the lack of appropriate evaluation
benchmarks. Existing moment retrieval datasé®; [, [15] are insuf cient for LVMR, as they

are created using short videos, typically only tens of seconds in duration. Besides, many of these
datasets use video captions as search queries, which are overly simplistic and differ signi cantly
from real-world LVU tasks. The recent specialized LVU benchmarks, such as Video-MME [
MLVU [[37], and LongVideoBenchZ9], are not well-suited for evaluating LVMR as well. Most

of these benchmarks focus on the ultimate generation quality, ignoring the assessment of whether
key moments are accurately retrieved. While there have been tasks like visual needle-in-a-haystack
(V-NIAH) [[34], they rely on synthetic test cases that emphasize frame-level reasoning, which differs
fundamentally from the objective of identifying key moments for real-world LVU tasks.

To address the above limitations, we propdéementSeeker a novel benchmark fomoment

retrieval in long videos MomentSeeker enablégsk-oriented LVMR evaluatiomgiven a generic

LVU task, e.g., causal reasoning, it assesses whether the key moments relevant to the task can be
accurately identi ed within a long video. MomentSeeker introduces the following key features:

Inclusion of long and diverse videos MomentSeeker employs long videos while creating its
evaluation tasks, with an average duration of more than 1200 seconds. This is signi cantly longer
than those used by existing moment retrieval datasets and comparable to popular LVU benchmarks,
such as VideoMME and MLVU. Additionally, the videos are sourced from diverse domains, including
movie, sports, anomaly, and egocentric, ensuring broad coverage of real-world scenarios.

Rich forms of tasks MomentSeeker incorporates LVU tasks from three typical scenarios: global-
level, event-level, and object-level, which comprehensively cover 9 types of popular tasks, like causal
reasoning, spatial reasoning, attribute recognition, OCR, anomaly detection, etc. This sets it apart
from existing benchmarks which typically rely on video captions for moment retrieval. Furthermore,
MomentSeeker supports three query modalities: text-only queries, image-conditioned queries (i.e., a
textual query accompanied by a reference image), and video-conditioned queries (i.e., a textual query
with a reference video). These diverse query forms increase the challenge of evaluation and better
re ect the complexity of real-world applications.

Fine-grained and high-quality annotation. For each evaluation task, key moments are annotated
with ne-grained timestamps to ensure precision and completeness. Instead of relying on MLLMs
or video metadata, which can often be noisy or unreliable, MomentSeeker employs well-informed
human annotators to create the tasks, thus ensuring the quality of annotations.

We conduct comprehensive experiments on MomentSeeker, where two groups of methods are studied.
The rst employs traditionatetrieval-based method28, 38], which identify key moments by
computing the relevance between query and each video chunk. The second coggrésasion-

based approachewshich leverage MLLMs to directly predict key moments in long videos. We
incorporate diverse models in this group, including both powerful proprietary MLLMs (e.g., GPT-40)



and lightweight open-source alternatives (e.g., Qwen-VL). Our evaluation provides a comprehensive
view of existing methods' performance across varying video lengths, domains, and task types,
revealing that LVMR remains a challenging problem in both accuracy and ef ciency.

In summary, our contributions are threefold:

1. We introduce MomentSeeker, the rst specialized benchmark for long-video moment retrieval. This
new benchmark fosters the development of retrieval-based methods and provides a complementary
perspective to analyze MLLMs' LVU performance.

2. MomentSeeker is constructed using long and diverse videos and covers a wide range of LVU tasks.
All tasks are annotated with ne-grained, high-quality labels by well-informed human workers.

3. We perform comprehensive experiments based on MomentSeeker, whose result demonstrates the
challenge of LVMR in terms of both accuracy and ef ciency.

2 Related Work

2.1 Long Video Understanding Benchmarks

Long video understanding has attracted growing attention, with benchmarks such as VidedMME |
and MLVU [37] supporting tasks on videos ranging from 3 to 60 minutes. LongVideoBetgih [
highlights the need for ne-grained multi-modal retrieval and reasoning by introducing referring
reasoning QA tasks. However, these benchmarks evaluate long video understanding capabilities in an
end-to-end manner while overlooking in-depth evaluation of moment retrieval. To assess MLLM's
ability to locate key information within long contexts, V-NIAR4] proposes a needle-in-a-haystack
benchmark by inserting synthetic frames into long videos. However, due to its synthetic nature, it
fails to re ect real-world multi-modal complexity and temporal dependencies. LV-Hays&@kd a
concurrent benchmark that focuses on locating task-aware keyframes in long videos. Nevertheless, it
emphasizes frame-level matching and is limited in both task variety and scenario diversity.

While MomentSeeker adopts a task taxonomy resembling existing long video understanding tasks,
such as Causal Reasoning, this design aims to maintain interpretability and continuity with prior
work rather than mere reformulation. In contrast to previous long video understanding benchmarks
that only assess answer correctness, MomentSeeker explicitly veri es grounding by requiring models
to retrieve the exact temporal moment supporting each query. This addresses a key limitation: correct
answers do not necessarily imply correct grounding, as models may guess without truly leveraging
visual evidence. Empirically, even strong models that perform well on long video understanding
benchmarks, such as Qwen2.5-VL-72B achieving 79.1 on VideoMME, obtain only 17.2 R@1 on Mo-
mentSeeker, revealing the dif culty of true moment localization. By demanding timestamp prediction,
MomentSeeker enhances interpretability and factuality, making model reasoning transparent and veri-
able. Moreover, accurate moment retrieval facilitates downstream long-video reasoning and agentic
tasks. Overall, MomentSeeker targets the overlooked challenge of long-video moment retrieval,
requiring deeper understanding, precise localization, and transparent reasoning, thus advancing the
long video understanding eld.

2.2 Moment Retrieval Benchmarks

Moment retrieval has been extensively studied in short-video scenadds [L1, 8, 15, where videos
typically last under three minutes and require limited temporal reasoning. Most existing benchmarks
rely on synthetic settings (e.g., subtitle-based retrieval) or domain-speci ¢ content (e.g., TV shows
or human activities), which restricts their applicability to real-world situations. Recent multimodal
query grounding studies3B, 17] extend this line of work but still focus on short clips and rely
primarily on template-based or text-only queries. Speci cabg][employs automatically generated
textual queries, whilel[7] incorporates audio, subtitles, and knowledge-base information to improve
multimodal understanding, yet it does not address ne-grained temporal grounding. In contrast,
our MomentSeekerbenchmark targets long-video moment retrieval, featuring expert-authored,
high-quality queries that require deeper temporal and causal reasoning. Additionally, long-form
video benchmarks such as Ego4D and Ego-Exd@O][contribute valuable egocentric datasets but



provide only clip-level captions centered on local physical actions, lacking broader scene diversity.
MomentSeeker instead spans diverse domains (e.g., sports, movies, surveillance) and introduces
multimodal queries (text, text+timage, text+video), enabling a more comprehensive and challenging
evaluation of long-video understanding.

3 MomentSeeker

3.1 Task De nition

The long-video moment retrieval (LVMR) task is formally de ned as follows. Given the query for
a LvU taskq, the model is required to predict the key moments within the long video, denoted as
P =[p®;::; pM], wherep' stands for the starting and terminating timestamp of tttemoment,
i.e.,ps andp;. The prediction result is measured by its consistency with the ground-truth moments
G =[gW;:ng™]: (fsim(p';d)ji = 1;::mg), wheresim() and () are the prede ned
similarity function and integration function, respectively (to be introduced in Section 3.5).

3.2 Video Collection

To more comprehensively evaluate the LVMR task, we construct a video dataset that is both diverse
in scenarios and suf ciently long in duration, aiming to better re ect real-world conditions. To
maximize diversity, we curate videos from a wide array of domains, including real-world recordings
such as egocentric videos and sports, cinematic productions like movies, and simulated content like
cartoons and surveillance videos for anomaly detection. Sports videos, movies, egocentric videos,
and cartoons are all high-resolution, each exceeding 1080p. The sports videos are primarily sourced
from Olympic tournaments. Although surveillance videos are typically low in resolution (around
320%x240) due to limitations of available sources on the Internet, we apply strict ltering to retain only
clips with clearly visible abnormal events, ensuring both quality and relevance. Compared to prior
benchmarks that are con ned to speci ¢c domains, such as TV shbgjsgports activities$, 11], our

dataset covers a broader range of visual scenarios, re ecting a wider spectrum of content, including
real-world, cinematic, and simulated environments.

Furthermore, our benchmark covers a broad range of durations (Figure 2 (b)), with the longest videos
extending up to approximately one hour. As shown in Table 1, our benchmark boasts an average
video length of 1201.9 seconds, signi cantly outpacing previous moment retrieval benchmarks and
aligning with the LVU benchmark. The meticulous video collection process guarantees both domain
diversity and comprehensive coverage of video durations, strengthening the benchmark’s ability to
support LVMR tasks for the rst time and its utility for real-world applications.

3.3 Task Creation

To evaluate video moment retrieval at different levels of semantic granularity, we construct the
MomentSeeker benchmark with a hierarchical task taxonomy, as illustrated in Figure 2 (a). The
benchmark encompasses a wide range of question types, each targeting distinct perception or rea-
soning capabilities. We categorize all tasks into three levels: global, event, and object, based on the
semantic scope of the queried information. While all tasks share the common objective of grounding
queries to precise temporal intervals in videos, they differ signi cantly in the level of reasoning,
contextual integration, and perceptual detail required.

Global-Level Moment Retrieval. Global-level tasks assess the model's ability to reason over
extended temporal contexts and to understand high-level semantics that span large portions of the
video. These tasks often require modeling causal, temporal, or spatial relationships between multiple
events or sceneg). Causal Reasoningquires the model to uncover causal relationships between
the question event and the answer event in order to locate the latter. For instance, answering “Why
does the man need to close the bedroom window?” involves identifying a temporally distant but
causally related prior event such as “It is snowing outside.” Simil@jlySpatial Relatiomequires

the model to infer spatial relationships between the question event and the answer event. Questions



Moment- Task-

Benchmark Label targeted? oriented?

Avg. Dur (s) #Videos #Queries  Domain

Moment retrieval benchmarks

TVR [15] Auto 3 7 76.2 1090 5450 TV show
CharadesSTA [5] Human 3 7 30.6 1334 3720 Activity
THUMOS14 [11] Human 3 7 186.4 216 3457 Action
QVHighlights [14] Human 3 3 150 476 1542 Vlog/News
LVU benchmarks

VideoMME [4] Human 7 3 1021.3 900 2700 YouTube
MLVU [37] Human 7 3 905.8 349 502 Open
LongVideoBench [29] Human 7 3 574.9 753 1337 Open
V-NIAH [34] Auto 7 3 - - 5 Open
MomentSeeker Human 3 3 1201.9 268 1800 Open

Table 1: Comparison of popular moment retrieval benchmarks, LVU benchmarks (with test set
statistics), and our proposed MomentSeeker benchrark. Durdenotes average video duration.

Figure 2: Dataset statistics. (a). Question type distribution, (b). Video duration distribution across
samples, and (c) Answering time range length distribution across samples. MomentSeeker has a full
spectrum of video length and covers different core abilities of the moment retrieval task.

like “How many people are there opposite the man sitting on the sofa?” demand holistic scene
understanding and spatial reasoning. These tasks require integrating information across scenes,
making them the most contextually demanding category.

Event-Level Moment Retrieval. Event-level tasks aim to retrieve moments corresponding to
speci ¢ actions or events, requiring more localized reasoning than global tasks. The event in the
query is exactly what needs to be localized. This category includd3escription Locationwhich
matches detailed textual descriptions to video segments, focusing on visual-text alignment with
minimal reasoning (e.g., “A man in a black suit and helmet is climbing up a tunne2).Action
Recognitionwhich involves identifying and classifying speci ¢ actions, such as counting successful
goals in a football matct3) Anomaly Detectiarwhich requires detecting abnormal events without
explicit textual cues (e.qg., “Does the video show any activity that deviates from the normal patterns?”).
This task relies on the model's ability to infer irregularities. Overall, event-level tasks target a speci ¢
event and strike a balance between the long-range semantics of global tasks and the ne-grained
speci city of object-centric tasks.

Object-Level Moment Retrieval. Object-level tasks focus on identifying speci ¢ objects, their
attributes, or spatio-temporal positions, emphasizing ne-grained perception and low-level visual
understanding. Subtypes includg) Object recognitione.g., “What did | put on the table?”),
identifying entities in the scen&) Object localization(e.g., “Where was the weighing scale?”),
grounding objects in space and tin®};Attribute classi cation(e.g., “What color is the ice cream in

the cartoon star sh's hand?”), recognizing detailed visual properip®CR-based reasonir(@.g.,

“Did this athlete win the highest score?”), detecting, reading, and analyzing the embedded text. These
tasks typically span short durations and demand high spatial accuracy, contrasting with the broader
semantic focus of global and event-level tasks.



Figure 3: Examples of each task. Dashed boxes show sources of querygmagevideogy ; solid
boxes mark ground truth moments. Red circles highlight key queried information.

By organizing tasks in a hierarchical structure, the MomentSeeker benchmark provides a uni ed yet
granular framework for evaluating the diverse capabilities of moment retrieval methods. Additionally,
considering that humans often convey information using a combination of modalities (e.g., “Why
does the man in this image need to close the bedroom window?”), such multi-modal expressions
tend to be more natural and accurate. Therefore, in this benchmark, we incorporate three modality
combinations: text-only, text with image, and text with video, with text-only serving as the primary
modality and multi-modal queries acting as auxiliary. Examples of each task are shown in Figure 3.

3.4 Data Annotation

We formally de ne answering moments as the minimal collection of temporally localized segments
that constitute both necessary and suf cient visual evidence to answer a given question. For single-
detail questions (e.g., “What color is the ice cream in the cartoon star sh's hand?”), a single concise
moment suf ces. In contrast, multi-detail questions (e.g., “How many successful goals have the
players of this football team accumulated?”) span multiple, non-redundant moments, which together
constitute both necessary and suf cient evidence to answer the question. As for how models identify
the segments, we do not impose any constraints. For example, retrieval-based approaches may select
from pre-segmented clips, while generative methods may directly predict the temporal boundaries.

Building on this foundation, we design a meticulous annotation protocol. Unlike prior datasets relying
on subtitles 15] or coarse action labeld ], 5], we engage expert annotators to craft context-rich,
natural questions for LVMR. Each question is paired with precise answer intervals and may be
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