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Abstract

Recent advancements in video large language models
(Video LLMs) have significantly advanced the field of video
question answering (VideoQA). While existing methods per-
form well on short videos, they often struggle with long-
range reasoning in longer videos. To scale Video LLMs
for longer video content, frame sub-sampling (selecting
frames at regular intervals) is commonly used. However,
this approach is suboptimal, often leading to the loss of
crucial frames or the inclusion of redundant information
from multiple similar frames. Missing key frames impairs
the model’s ability to answer questions accurately, while re-
dundant frames lead the model to focus on irrelevant video
segments and increase computational resource consump-
tion. In this paper, we investigate the use of a general-
purpose text-to-video moment retrieval model to guide the
frame sampling process. We propose “moment sampling”,
a novel, model-agnostic approach that enables the model
to select the most relevant frames according to the context
of the question. Specifically, we employ a lightweight mo-
ment retrieval model to prioritize frame selection. By focus-
ing on the frames most pertinent to the given question, our
method enhances long-form VideoQA performance in Video
LLMs. Through extensive experiments on four long-form
VideoQA datasets, using four state-of-the-art Video LLMs,
we demonstrate the effectiveness of the proposed approach.

1. Introduction

Video question answering (VideoQA) is a challenging and
impactful task with numerous real-world applications, in-
cluding egocentric assistants for wearables, conversational
agents that interpret video content, intelligent tools for
long-form video editing, educational aids in lecture videos,
and efficient browsing of surveillance footage, etc. These
scenarios often involve complex, untrimmed videos that
require multimodal reasoning across visual, textual, and
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Question
What is the primary action performed with the frying pan at the beginning
and the main purpose of using a frying pan in the context of this video?
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question ... Five options labeled ...
follow output format strictly ... Only
answer with the option key (A - E)
Output Format:

Answer: <Option_key>

<Video Frames>

Question: What is the primary action
performed with the frying pan ...?

A. Open it. Store the food. Prevents it
from becoming stale ...

B. Close it. Cook ...

C. Put it on stove. Cook ...

D. Wash it. Cook the food. Ensures
that the food will not be contaminated.
E. Take it off stove. Cook

Video LLM
Answer: D

Eg: InternVL, Gemini, GPT-40

Figure 1. Moment Sampling for VideoQA. Given a video and
a question (top), we first retrieve moments in the video that are
relevant to answer the question. Retrieved moments, along with
quality and uniformity scores are used to sample a few frames.
These are given as input to a Video LLM to obtain the answer.

sometimes auditory information, within a shared context.
To answer questions accurately, a model must identify
salient objects and events, understand relationships between
them, reason over time, and in many cases, apply common-
sense or domain-specific knowledge, such as interpreting
character interactions in a film or understanding mechani-
cal concepts in an instructional video, etc.

Recent advancements in multimodal foundation models,
particularly Video Large Language Models (VideoLLMs),
have significantly elevated the capabilities of VideoQA sys-
tems. These models are designed to integrate visual [4, 5,
30, 34], auditory [25, 58], and textual [1, 12, 21, 47, 48]
modalities into a unified reasoning framework. While cur-
rent VideoLLMs have demonstrated strong performance on
short video clips, typically ranging from a few seconds to
a few minutes [10, 11, 20, 33, 51], scaling them to long-



form VideoQA introduces new challenges. These include
maintaining temporal coherence across extended durations
and managing computational constraints imposed by the
length and complexity of input videos. To reduce the input
size, existing approaches often resort to uniform sampling,
where a fixed number of frames or segments are evenly
sampled from the video (e.g., 100 frames from a 10-minute
clip) [10, 33, 45]. However, this strategy is often subop-
timal: it risks overlooking semantically important content
while including redundant or irrelevant frames, ultimately
limiting the model’s ability to perform accurate reasoning
and increasing computational overhead. Addressing these
limitations is especially crucial for VideoLLMs, which are
often sensitive to input quality due to token and context
length constraints. As such, there is a pressing need for
intelligent, question-aware frame sampling strategies that
dynamically select frames based on their relevance to the
given question. By aligning the input with the question’s
semantic and temporal requirements, such methods can en-
hance both the efficiency and effectiveness of VideoLLMs
in long-form VideoQA, paving the way for more scalable
and capable systems in real-world video understanding.

Moment retrieval has emerged as another task in video
understanding, focused on identifying and localizing the
most relevant temporal segment within an untrimmed video
that aligns with a given natural language query [28, 29, 35,
38, 39]. This task demands fine-grained temporal ground-
ing, often across lengthy and complex video content. Re-
cent advances in vision-language modeling have signifi-
cantly enhanced the ability to align textual queries with spe-
cific video segments, enabling more accurate and context-
aware moment retrieval. Given these strengths, moment
retrieval models offer a compelling foundation for guiding
question-aware frame sampling in long-form VideoQA.

In this paper, we systematically explore how recent ad-
vances in moment retrieval can be leveraged to improve
long-form VideoQA in VideoLLMs. To this end, we pro-
pose a model-agnostic approach called moment sampling,
which intelligently guides frame selection based on mo-
ment retrieval cues. Our method is compatible with any
VideoLLM and does not require additional retraining or
fine-tuning. An overview of the proposed framework is il-
lustrated in Fig. 1. We evaluate the effectiveness of mo-
ment sampling across a diverse set of VideoLLMs, includ-
ing proprietary models such as GPT-40 [40] and Gem-
ini 1.5 Pro [46], as well as the open-source models such
as VideoLLaVA [33] and InternVL2 [10]. Experiments
are conducted on four public datasets: EgoSchema [36],
CinePile [45], NextQA [54], and IntentQA [31].

To the best of our knowledge, this is the first work to
leverage advancements in moment retrieval for improving
long-form VideoQA within the context of VideoLLMs. Our
experiments demonstrate that the proposed Moment Sam-

pling strategy significantly enhances frame sampling effi-
ciency and consistently improves performance across all
evaluated VideoLLMs and benchmark datasets.

2. Related Work

Long-form Video Understanding:  Video understand-
ing showed significant advancements in the literature en-
compasses a wide range of tasks, such as action recog-
nition [3, 18, 24, 27, 53, 57, 60], video captioning and
question-answering [8, 9, 13, 26, 55], summarization [2,
17, 61], and retrieval [16, 29, 39, 56]. These methods
often works well in the case of short-clips spanning a
few seconds to minutes. Understanding long-form videos
presents unique challenges that remain relatively underex-
plored. Unlike short clips, long-form videos require so-
phisticated methods for extended temporal reasoning, mod-
eling event sparsity, and efficiently retrieving relevant in-
formation across lengthy sequences. Existing methods for
long-form video understanding can be broadly categorized
into two approaches: hierarchical strategies like Video Re-
Cap [19], which focus on summarizing and captioning long
videos, and sequence-based models such as Mamba [14]
and state-space architectures [15], designed to process and
integrate extended temporal contexts [32, 42].

Long-form Video Question Answering:  VideoQA has
emerged as a crucial benchmark for evaluating fine-grained
video understanding, particularly in long-form scenarios.
Traditional supervised methods train multimodal models
on video-question-answer triplets [0, 23, 41]. For exam-
ple, FlippedVQA [23] not only trains models to predict an-
swers but also to generate corresponding questions and re-
construct video content, requiring minimal fine-tuning of
adapter layers. MC-VIiT [6] introduces a transformer ar-
chitecture that scales effectively for long-context video un-
derstanding, while LongViViT [41] employs enhanced con-
trastive objectives for optimizing long-form VideoQA train-
ing. However, these approaches often rely on domain-
specific models, and domain shifts, such as those between
movie and egocentric videos, pose significant challenges for
generalization across datasets.

VideoLLMs for Long-form VideoQA: To address the
limitations of supervised and domain-specific approaches,
zero-shot and prompt-based methods utilizing VideoLLMs
have gained significant attention. These models can be
broadly classified into two categories: those that first
generate textual narrations through captioning or summa-
rization models, and those that directly process frame-
level video input. The former generates dense captions
or summaries, which are subsequently queried by a pre-
trained LLM to answer questions. For instance, VideoA-
gent [50] uses an LLM as a central reasoning module, itera-
tively gathering relevant content to answer questions, while



VideoTree [52] improves efficiency by scoring frame rele-
vance and constructing an adaptive tree-based textual repre-
sentation. While these methods offer scalable inference and
generalization, they rely heavily on the quality of caption-
ing models, which often miss crucial visual cues necessary
for precise answers.

In contrast, VideoLLMs that operate directly on frame-
level video input offer a promising alternative. These
models typically down-sample long videos by selecting
frames at regular intervals or segmenting them into shorter
clips of just a few seconds. Proprietary models like GPT-
40 [40] and Gemini 1.5 Pro [46], and open-source mod-
els such as Video-LLaVA [33], InternVL2 [10], and Video-
LLaMA [11], fall into this category. However, uniform
frame sampling is inherently limited, as it may miss seman-
tically important moments while including redundant or ir-
relevant content, which compromises the model’s accuracy
and increases processing overhead. These challenges high-
light the need for more intelligent and adaptive frame selec-
tion strategies. Recent efforts, such as LVNet [43], have
made progress in this direction by developing advanced
frame-selection methods. This paper follows this direction
by proposing a “moment sampling” technique for frame se-
lection in VideoLLMs, drawing inspiration from advance-
ments in the moment retrieval literature. We benchmark our
approach against the above-mentioned VideoQA paradigms
in VideoLLMs: 1) caption-based methods that generate tex-
tual descriptions of the video followed by QA using LLMs,
2) direct frame-based methods that input sampled frames
along with the text query. Our experiments demonstrate the
superior effectiveness of the proposed approach.

Moment Retrieval:  This video understanding task re-
quires models to identify and localize segments of a video
that are most relevant to a given text query. Early ap-
proaches tackled this alongside highlight generation [35].
A major shift occurred with Moment-DETR [29], which
framed moment retrieval as a temporal object detection
problem, treating relevant moments as temporal “objects”
that match the query. Inspired by the DETR [7] frame-
work for object detection, Moment-DETR introduced a
query-guided detection architecture and also proposed the
QVHighlights dataset to advance research in this area.
Building on this foundation, several subsequent works have
extended the DETR-based architecture for improved per-
formance. QD-DETR [39] incorporates cross-attention be-
tween video and textual features to more effectively guide
moment detection. BAM-DETR [28] focuses on predict-
ing boundary-oriented segments instead of center-aligned
ones, addressing the inherent ambiguity in moment cen-
ters. CG-DETR [38] further refines the approach by model-
ing fine-grained correlations between question words and
video clips. In this paper, we extend the application of
moment retrieval to long-form VideoQA within the con-

text of VideoLLMs. We leverage QD-DETR, one of the
best-performing moment retrieval models, for all our exper-
iments, integrating its outputs into a query-focused frame
sampling strategy that enhances VideoLLM performance on
long-form video question answering tasks.

3. Methodology
3.1. Moment Sampling

We propose a query-focused frame sampling strategy for
VideoLLMs, termed “Moment sampling”, which lever-
ages moment retrieval models as an alternative to the uni-
form sampling commonly used in prior work. Specifically,
we employ the QD-DETR model [39], a state-of-the-art
moment retrieval framework trained on the QVHighlights
dataset [29]. Given a video and its corresponding question
for the VideoQA task, QD-DETR predicts a set of temporal
segments, referred to as “moments”, along with associated
relevance scores that indicate how relevant each moment is
to the given query. These moment-level predictions form
the foundation of our frame sampling strategy.

We begin by extracting moments using QD-DETR and
converting their relevance scores into frame-level relevance
scores. Since the predicted moments have hard boundaries,
the initial relevance scores resemble a step function across
the timeline. To encourage temporal smoothness, we ap-
ply Gaussian smoothing over these scores. If a frame be-
longs to multiple overlapping moments, its relevance score
is the cumulative sum of the corresponding relevance val-
ues. However, relying solely on raw moment predictions
can introduce artifacts or lead to redundant frame selection.
To overcome these limitations and enhance the informative-
ness and diversity of sampled frames, we introduce the fol-
lowing additional refinements:

Quality scores:  Some frames may suffer from visual
degradation due to artifacts like motion blur. To down-
weight such frames, we compute the variance of the Lapla-
cian for each frame as a blur detection metric. This score is
calibrated using an appropriate exponent and incorporated
as a weighted penalty into the final relevance score.

Uniformity scores:  Since some detected moments may
be short or clustered closely in time, we introduce a uni-
formity score to encourage temporal dispersion of sampled
frames. This score is computed as the sum of squared dif-
ferences between a candidate frame’s timestamp and those
of already selected frames, prioritizing frames that are tem-
porally distant.

Frame clustering: In videos with repetitive or static
scenes, visual redundancy can persist across non-adjacent
frames. To mitigate this, we extract frame-level visual fea-
tures and cluster them into a predefined number of groups.
During selection, we ensure that only one frame is sampled
from each cluster to maximize visual diversity.



With the per-frame scores computed, we perform greedy
sampling to select the final frame set. At each step, we se-
lect the frame with the highest combined score. After each
frame is selected, the uniformity scores are updated to re-
flect its timestamp, while the relevance, quality, and clus-
tering scores remain fixed. This process continues until the
desired number of frames is sampled. The overall sampling
pipeline is illustrated in Fig. 2.

In addition to improving the performance of VideoQA
tasks, our sampling strategy provides an interpretable mech-
anism for temporally grounding predictions made by oth-
erwise black-box VideoLLMs. By visualizing relevance
scores and sampled frames, we offer a transparent explana-
tion of the model’s reasoning process, potentially increasing
user trust and model accountability.

3.2. VideoLLM Setup and Evaluation

We experiment with a diverse set of VideoLLMs, including
both proprietary models, such as GPT-4o0 [40] and Gem-
ini 1.5 Pro [46], and open-source alternatives like Vide-
oLLaVA [33] and InternVL2 [10]. These models typically
accept a sequence of video frames alongside a paired text
prompt that contains the question to be answered.

We choose to focus on multiple-choice questions instead
of open-ended ones for several compelling reasons. First,
the multiple-choice format enables objective and consis-
tent evaluation across models, minimizing the ambiguity
and variability often associated with free-form responses.
Second, it provides a clearer and more reliable signal of
model accuracy, particularly in zero-shot settings where mi-
nor variations in phrasing can significantly affect responses.
Lastly, this format simplifies downstream analysis and facil-
itates meaningful comparisons across different frame sam-
pling strategies and model types.

To ensure fair and standardized evaluation, we adopt a
consistent zero-shot prompting strategy. Each prompt be-
gins with an instruction describing the task, answering a
question based on the video content, followed by the ques-
tion itself and a list of answer options (A to E). We explicitly
instruct the model to return only the letter corresponding to
the selected answer.

While most models generally comply with this output
format, we observe occasional deviations where responses
do not exactly match one of the provided options. In such
cases, we apply a fallback mechanism: we compute the
longest common subsequence (LCS) between the model’s
answer and each option, selecting the one with the highest
overlap.

4. Implementation Details

All moment retrieval experiments were conducted on a
single NVIDIA A10 GPU with 24GB of RAM. The
open-source VideoLLMs, VideoLLaVA[33] and InternVL2
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Figure 2. An Example of Moment Sampling using various
scores: The blue, orange, and green curves represent the rele-
vance, quality, and uniformity scores, respectively, while the red
vertical lines indicate the frames selected for sampling. The height
of each red line reflects the sampling order, taller lines correspond
to frames selected earlier in the process. In this example, although
one moment has a significantly higher relevance score, the sam-
pling strategy, guided by quality and uniformity scores, ensures
that frames are also selected from less relevant moments. This
promotes temporal diversity and robustness in the sampled set.

(8B) [10], were also run under the same GPU setup. For
the proprietary models, GPT-40 from OpenAl and Gemini
1.5 Pro from Google, we only had access via their respec-
tive APIs, and thus all related inference was performed on
CPU. The frame relevance sampling process was likewise
executed on CPU.

We experimented with different weight combinations for
the scoring components (see Fig. 2), and we observed strong
performance with quality scores weighted with 0.5 and uni-
formity scores as 2. For quality assessment, we estimate the
blur level of each frame using the variance of its Laplacian.
These scores are calibrated using an exponent and com-
bined with the other scores. To reduce redundancy, we clus-
ter frame-level CLIP [44] visual features into 30 clusters us-
ing K-means and enforce diversity by sampling at most one
frame from each cluster. Relevance scores are computed as
a sum of Gaussian functions centered at the predicted mo-
ment timestamps. Each Gaussian has a standard deviation
equal to half the duration of the corresponding moment and
is weighted by the moment’s relevance score. The final per-
frame score is a weighted average of all normalized com-
ponents (relevance, quality, and uniformity), and frames are
selected greedily based on these scores.

5. Experiments and Results
5.1. Datasets

We conduct experiments on four publicly available long-
form VideoQA datasets, each representing a distinct domain
of video content. More details of the datasets are as follows:

EgoSchema [36] comprises egocentric videos of every-
day tasks, recorded with wearable headsets as part of the



Table 1. Video LLMs for Long-Form VideoQA: For each Video LLM, we report performance with and without moment sampling. For
each dataset, the best performance across all models is underlined. Metric: MCQ answering accuracy (Higher is better).

Video LLM Moment EgoSchema CinePile NextQA IntentQA
Sampling (Ours) subset AVG CRD NPA TEMP AVG Temp Cau Des full

X 51.4 316 321 329 266 777 753 194 766  82.4
InternVL.2 (8B) v 52.0 331 334 352 300 788 769 797 792 827
Gominio15 X 66.4 317 381 228 287 728 670 759 740  68.1
erni=2.0-pro v 67.8 338 384 253 287 740 714 756 740  70.0
GPTdommini X 56.2 331 370 354 270 686 643 698 740 677

v 57.6 347 391 367 245 695 637 714 753 702
GPT4 X 72.0 352 407 304 308 781 736 814 753 758

0 v 73.6 355 411 329 308 774 725 804 766 713

Ego4D dataset. Each 3-minute video is paired with a sin-
gle question, totaling 5K videos, 500 of which have pub-
licly available answers. We conduct experiments on this
answer-available subset. Videos are accompanied by manu-
ally annotated narrations, and the question-answer pairs are
generated using LLMs based on these narrations.

CinePile [45] consists of third-person video clips
sourced from movies. The test set includes approximately
200 videos, each with an average duration of 2 minutes
and 40 seconds, accompanied by around 5,000 question-
answer pairs. In addition to video content, the dataset also
provides subtitles and visual descriptions authored by the
movie creators. The question-answer pairs are generated
using large language models (LLMs), with human over-
sight to ensure quality. Questions are categorized to eval-
uate distinct reasoning capabilities, including Character or
Relationship Dynamics (CRD), Narrative or Plot Analysis
(NPA), and Temporal Reasoning (TEMP). A subset of par-
ticularly challenging questions is further separated into a
“hard” split. In our experiments, we focus exclusively on
the hard split, and do not provide models with access to
subtitles.

NextQA [54] consists of 5,440 videos averaging 44 sec-
onds in length, with around 52K questions split across train-
ing, validation, and test sets. As we focus on zero-shot
VideoQA, we use only the validation set, which includes
570 videos. While the dataset features both open-ended and
multiple-choice questions, our experiments are conducted
with the multiple-choice format. The questions are catego-
rized into three types, Temporal (Tem.), Causal (Cau.), and
Descriptive (Des.), each designed to evaluate different rea-
soning abilities of VideoQA models.

IntentQA [31] contains around 4K videos and 16K
multiple-choice questions. These questions focus on rea-
soning about video intent. They use NextQA [54] as the
source dataset, identify questions based on intent and in-
clude some additional manual annotations. The dataset is

designed so that similar actions can imply different intents
depending on the context. For our experiments, we use the
test set, which includes 567 videos.

5.2. Quantitative Results

Table 1 presents the quantitative comparison of various
VideoLLMs with and without the proposed moment sam-
pling strategy. Across all models and datasets, we observe a
consistent performance improvement when using moment
sampling over traditional uniform frame sampling. These
results highlight the effectiveness of the query-focused ap-
proach in identifying semantically relevant frames. Since
all evaluated datasets involve long-form videos, where cru-
cial information is sparse and unevenly distributed, moment
sampling significantly enhances performance by prioritiz-
ing frames most aligned with the question context, thereby
improving both accuracy and efficiency.

Analyzing model performance across datasets, we
can see that GPT-40 consistently outperforms others on
EgoSchema and CinePile, while InternVL2 shows stronger
results on NextQA and IntentQA. One possible explana-
tion lies in the nature of the question-answer annotations:
NextQA and IntentQA are manually curated by human an-
notators, often requiring fine-grained reasoning grounded
in commonsense and real-world understanding, where In-
ternVL2 may excel due to its training data or architecture.
In contrast, EgoSchema and CinePile include question-
answer pairs that are either fully or partially generated by
LLMs, potentially aligning better with the style and struc-
ture of GPT-40’s own pretraining or decoding behavior. Ad-
ditionally, domain differences, such as egocentric vs. third-
person perspectives and cinematic vs. daily activity, might
contribute to the variation in performance across models.

Another notable observation from Table 1 is that In-
ternVL2 consistently improves across all datasets, whereas
other models exhibit occasional minor drops in perfor-
mance. A likely explanation is InternVL2’s greater reliance



Table 2. Comparison with captioning-based models: Contrasting performance of traditional Long VideoQA pipelines (1) models that
do video captioning followed by text based QA, (2) VideoLLM models that use the raw video and text question as input to produce answer,
(3) frame-based Moment Sampling (MS) followed by VideoLLM based answering.

Method LLM EgoSchema CinePile NextQA IntentQA
ctho Backbone subset AVG CRD NPA TEMP AVG Temp Cau Des full
Answering from Captions
LLoVi [59] 57.6 - - - - 67.7 61.0 69.5 75.6 64.0
VideoAgent [50] 60.2 - - - - 713 645 727 81.1 -
Narration + LLM Llama3 53.0 28.8 31.5 29.1 27.2 - - - - -
VideoTree [52] GPT-4 66.2 - - - - 735 67.0 752 813 66.9
LVNet [43] GPT-40 66.0 - - - - 729 655 750 81.5 71.1
Answering from Video
Flipped-VQA [23] 44.7 32,5 362 356 238 720 692 727 758 -
MC-ViT-L [41] 56.8 - - - - 65.0 - - - -
LongViViT [41] 62.6 - - - - - - - - -
VideoLLaVA [33] LLaVA (7B) 20.6 193 189 16.5 23.2 20,5 176 206 273 23.3
VideoLLaMA2 [11] LLaMA2 42.2 - - - - - - - - -
Tarsier [49] Tarsier 68.6 - - - - - - - - 79.2
LangRepo [22] Mixtral (12B) 66.2 - - - - 60.9 514 644 69.1 59.1
MoReVQA [37] PALI-3 (5B) 51.7 - - - - 69.2 646 70.2 - -
GPT-40 with MS (Ours) GPT-40 73.6 355 411 329 308 774 725 804 76.6 77.3

on visual content. This indicates that models with stronger
visual grounding tend to benefit more from query-focused
frame selection strategies like moment sampling.

Comparison with captioning-based models:  As dis-
cussed in Sec. 2, a common alternative for handling long-
form videos involves first generating textual narrations us-
ing off-the-shelf captioning or summarization models, fol-
lowed by querying an LLM to answer questions based
solely on this generated text. While such captioning-based
methods offer scalability and reduce video processing over-
head, they suffer from a critical limitation: they depend en-
tirely on the coverage and quality of the captions. In prac-
tice, these captions often miss subtle visual cues or context-
specific details that are essential for accurate question an-
swering, particularly in complex, long-form videos.

Table 2 compare the performance of the best-performing
captioning-based models with our strongest model, GPT-
40 equipped with moment sampling (GPT-40 + MS) from
Table 1. The results clearly show that GPT-40 + MS consis-
tently outperforms captioning-based approaches. This high-
lights the importance of preserving visual context in Vide-
oLLMs and demonstrates that directly feeding semantically
relevant frames, selected via the query-focused moment
sampling strategy, enables more precise and context-aware
reasoning. Moreover, this approach offers a more faithful
representation of the video’s visual semantics, allowing the
model to interpret and align information more effectively
with the question. Especially in long-form videos, where
key information is sparse and not evenly distributed, relying
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Figure 3. Frame Sample Efficiency. Accuracy for EgoSchema as
the number of sampled frames is increased with tradition uniform
sampling (dashed line) and moment sampling (solid line).

on visual inputs rather than compressed textual summaries
proves significantly more effective for VideoQA tasks.

Frame sampling efficiency:  Fig. 3 analyzes the perfor-
mance of selected models as the number of sampled frames
is varied. Notably, the performance gap between moment
sampling and uniform sampling widens as the number of
frames decreases. This demonstrates that our query-based
moment sampling is significantly more sample-efficient, it
can often match or even surpass the performance of uni-
formly sampled models while using fewer frames.

Visual Relience:  VideoQA tasks are fundamentally de-
signed to evaluate a model’s ability to reason over visual



content in conjunction with natural language. Thus, a high-
quality VideoQA dataset should include questions that can-
not be reliably answered without access to the video itself.
To assess this property, we evaluate model performance
with and without video input, as shown in Table 3.

In the no-video setting, we inform the model that the
question pertains to a video that is not accessible and ex-
plicitly instruct it to attempt an answer based on its prior
knowledge. Across EgoSchema, NextQA, and IntentQA,
we observe substantial drops in accuracy, on the order of 25-
30% points (30-50% relative), indicating that these datasets
require significant visual understanding and are less suscep-
tible to language-only biases. In contrast, CinePile exhibits
a much smaller drop (less than 6.5% absolute, < 20% rel-
ative), suggesting that many questions may be partially an-
swerable using linguistic cues alone, perhaps due to the in-
fluence of templated or narratively suggestive phrasing.

To better isolate visual reasoning in CinePile, we further
analyze settings that include or exclude subtitles (Table 4).
The inclusion of subtitles, which themselves often contain
rich contextual information, further diminishes visual re-
liance. Therefore, we focus our experiments on the hard
subset of CinePile without subtitles, where visual context
plays a more critical role.

Moment sampling aims to enrich the quality and rele-
vance of visual information presented to the model by pri-
oritizing frames most aligned with the query. As such, the
effectiveness of moment sampling is inherently tied to the
degree to which a model depends on visual content. Models
with strong visual grounding are more likely to benefit from
improvements in frame selection. The performance differ-
ences observed across models in Table 1 can be partially
attributed to the differences in visual reliance measured in
Table 3. For example, InternVL2, which shows high sen-
sitivity to visual input, also exhibits more consistent gains
with moment sampling. On the other hand, improvements
are more modest for models that may rely more heavily on
language priors, such as GPT-4o.

Collectively, these findings highlight the dual role of vi-
sual reliance and frame relevance in effective VideoQA.
Moment sampling not only boosts sample efficiency and ac-
curacy but also serves as a valuable strategy for enhancing
multimodal alignment in long-form video understanding.

5.3. Qualitative Results

Fig. 4 shows some qualitative results showcasing model
predictions along with collages of frames selected via tra-
ditional uniform sampling and our proposed moment sam-
pling strategy. These visualizations help illustrate how
moment sampling improves frame relevance and, conse-
quently, model performance. In the EgoSchema example,
the question pertains to two key segments: the beginning of
the video (washing a frying pan) and the end (using it for

Table 3. Visual vs. Language Reliance for VideoQA. For each
dataset the performance using text alone (first row) and using vi-
sion (second row) are show). CinePile dataset perform well even
without any visual information and may not be sufficiently testing
the multimodal capabilities of a VideoQA model.

Method Vis EgoSchema CinePile Next Intent
X 258 253 488 547

InternVL2 8B) 5y 4 31.6 777 82.4
Geminil 5o X 330 297 509 57.0
DO 664 317 72.8 68.1
X 306 280 519 57.0
GPT-d4o-mini - ¢ 33.1  68.6 67.7
X 422 311 52.8 59.3

GPT-40 v 720 372 78.1 75.8

Table 4. Visual Reliance on CinePile. Visual reliance for differ-
ent dataset settings.Inclusion of subtitles results in smaller loss in
performance in language-only mode. However, the visual modal-
ity is more relevant when subtitles are not included.

Subtitles No Subtitles
Full Hard Full Hard

X 58.8 421 420 31.1
v 59.7 437 504 372

Method Vision

GPT-40

cooking). Moment sampling effectively allocates roughly
half of the selected frames to the initial activity and the re-
maining half to the final event, both critical to answering
the question. In contrast, uniform sampling fails to cap-
ture this temporal distribution, missing important context.
For CinePile, the answer requires detecting a specific vi-
sual cue, black liquid on a character’s forehead. This detail
is captured in the first frame of the penultimate row in the
query-based (moment sampling) collage but only partially
and less clearly in the third frame of the uniform sampling
grid. The presence or absence of this frame significantly
impacts the model’s ability to answer correctly. In both
NextQA and IntentQA, the questions are tied to specific
incidents within the video. Uniform sampling often fails
to include these moments, while moment sampling consis-
tently captures them. For instance, in the NextQA collage,
the first frame in the last row captures the key event; sim-
ilarly, for IntentQA, the final frame in the penultimate row
does. These contextually crucial frames are entirely miss-
ing in the corresponding uniform-sampled collages, likely
leading to incorrect predictions.

These examples further highlight the core advantage of
moment sampling, its ability to identify and prioritize se-
mantically rich frames that are closely aligned with the
question, particularly in long-form videos where key events
may be temporally sparse and unevenly distributed.



CinePile

Uniform Sampling

[FARS] “\ 0
‘What is the primary action performed with

the frying pan at the beginning and the main
purpose of using a frying pan in video?

Sublitles: OK? | Tl
the door! | Chris, hy
it! | Go! | Oh God, okay, we're gonna be okay. | We
Oh God. | Who were those guys? | Something crazy is going on.

. . What is one of the characters doing when
A. Open it. Store the food. Prevents it from i

they di the black liquid?
g becoming stale. €y discover the black fqul
‘S B.Closeit. Cook tvhe food. Prevents the A. Hiding in the living room
@ food from splattering. .
(] X B. Running towards the SUV
=  C.Putiton stove. Cook the food. Allows . Holdi Knife
) the food to heat up evenly. - Holding a knile )
D. Wash it. Cook the food. Ensures that the ~ D- Touching a symbol on the pledge's
food will not be contaminated. forehead
E. Take it off stove. Cook the food. Allows  E. Searching for the car keys
food to cool before serving
- RS IVL Gem G4m Gdo RS IVL Gem G4m Géo
8 X C E D D X A C D C
[a W

Relevance Sampling

an't be real. | Riley! | Get the keys! | Chris, open
y. hurry! | Come on, Chris, open the door! | I got
‘gonna be okay. |

why does the baby tap her finger on the
table near the end of the video?

What does the girl do at the end after lying
down?

A. caresses the dog
B. kisses the pink toy

A. show the spots that she drew
B. to grab the food

C. raise her hands C. looking for something

D. pet dog D. attracted towards the chair

E. fall down E. looking at the doll
RS IVL Gem G4m Géo RS IVL Gem G4m Gdo
X B C E E X C C C A

Figure 4. Qualitative results from the four datasets along with predictions of the VideoLLMs, with and without moment sampling. We
also show collages made by uniform (top) and relevance (bottom) sampling for these questions. For each question, the correct option is in
green color and incorrect options in red. Associated subtitles are shown for CinePile.

6. Conclusion and Future Work

In this work, we introduced moment sampling, a relevance-
driven, query-aware frame selection strategy to address the
limitations of uniform sampling in long-form VideoQA in
the context of VideoLLMs. By leveraging a pre-trained
moment retrieval model, our method identifies video seg-
ments that are most contextually aligned with the input
question, enabling VideoLLM:s to focus on informative con-
tent while avoiding redundancy. Through extensive evalua-
tion across four long-form VideoQA datasets and four state-
of-the-art VideoLLMs, we demonstrated consistent perfor-
mance gains. These improvements are especially notable in
datasets with higher visual reliance, highlighting the impor-
tance of intelligent frame selection in multimodal reasoning
tasks. Additionally, moment sampling improves sampling
efficiency and offers enhanced interpretability by explicitly
grounding predictions in relevant visual evidence.

Looking ahead, our work opens up several promising di-
rections. One key avenue is end-to-end integration, where
the moment retrieval and VideoQA components are trained
jointly, potentially improving alignment between relevance
estimation and final predictions. We also plan to explore
multimodal enhancements, such as incorporating audio sig-
nals or structured video descriptions to further enrich con-
text. Another exciting direction is temporal query decompo-
sition, breaking complex queries into sub-questions local-
ized to specific time segments, thereby enabling more pre-
cise and interpretable reasoning. Overall, moment sampling
provides a practical foundation for scalable, efficient, and
explainable long-form VideoQA in the era of VideoLLMs.
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