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Abstract

Recent advances in Multi-Modal Large Language Models
(M-LLMs) show promising results in video reasoning. Pop-
ular Multi-Modal Large Language Model (M-LLM) frame-
works usually apply naive uniform sampling to reduce the
number of video frames that are fed into an M-LLM, par-
ticularly for long context videos. However, it could lose
crucial context in certain periods of a video, so that the
downstream M-LLM may not have sufficient visual infor-
mation to answer a question. To attack this pain point,
we propose a light-weight M-LLM-based frame selection
method that adaptively select frames that are more rele-
vant to users’ queries. In order to train the proposed frame
selector, we introduce two supervision signals (i) Spatial
signal, where single frame importance score by prompting
an M-LLM; (ii) Temporal signal, in which multiple frames
selection by prompting Large Language Model (LLM) using
the captions of all frame candidates. The selected frames
are then digested by a frozen downstream video M-LLM for
visual reasoning and question answering. Empirical results
show that the proposed M-LLM video frame selector im-
proves the performances various downstream video Large
Language Model (video-LLM) across medium (ActivityNet,
NEXT-QA) and long (EgoSchema, LongVideoBench) context
video question answering benchmarks.

1. Introduction

Large Language Model (LLM) has revolutionized numerous
domains in Artificial Intelligence (AI) [3, 34, 41, 44]. In the
past year, Multi-Modal Large Language Model (M-LLM)
has significantly improved the performances of Vision-
Language Models (VLM) to an unprecedented level in tasks
such as image captioning and Visual Question Answer-
ing (VQA) [2, 4, 16, 46]. To extend VQA to the temporal
domain, video QA task requires a model to understand con-
secutive images along the time to answer a question, raising
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Figure 1. An example of our video frame selection for video QA.
Compared to uniform sampling, ours has higher hit rate.

new challenges to the current M-LLM. One of the most
critical challenges is the length of the video context, where a
model needs to comprehend all frames in a video.

To balance the trade-off between the capability of under-
standing all video frames and the available context length in
a specific M-LLM, conventional practices [55, 61] rely on
uniform sampling of frames. Frames are extracted at pre-
defined intervals regardless of their relevance to the specific
questions. Although such methods maximize the coverage
of a video in time-axis, it introduces insufficient visual infor-
mation. The uniformly sampled frames may be irrelevant or
redundant, meanwhile some important frames are ignored.
This fact prevents the model from focusing on key events in
the video and sometimes increases the computational costs.
Generally in video QA [26, 59], some specific frames are
more likely to contain information relevant to the question.
The conventional one-size-fits-all approach limits both the
performance and practicality of M-LLMs, especially when
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working with long videos or resource-limited environments.
To address these limitations, a straightforward idea is to
select frames instead of uniform sampling [35, 57]. Focusing
on the frames that are most helpful for the question, we can
use significantly less number of frames without sacrificing
the quality of video understanding. Illustrated as an example
in Figure 1, frames that contains the most informative visuals
can help downstream model to answer the question. To
implement the above idea, we propose a light weight frame
selector that employs fine-tuned version of an LLM. It makes
use of M-LLM’s capability of multi-modality understanding
to effectively capture the relevance between video frames
and the question. We introduce two design choices to make
the framework lightweight: (i) small LLMs are capable to
understand complicated user questions; (ii) compress per
video frame tokens to balance the long context trade-off.

Although video QA tasks often require a large number
of tokens per frame to capture content details, we hypoth-
esize that determining frame importance does not require
excessive tokens. Instead of leveraging all visual tokens
of the frames, we apply an aggressive pooling-based token
reduction on each video frame, which significantly improves
the computational efficiency and increases the number of
frames that the lightweight LLM selector can ingest.

We also propose a training method for our LLM-based
video frame selector. Since well-maintained video frame se-
lection datasets for video QA are scarce, supervised training
alone is not feasible. To address this issue, we adopt two
pseudo-labeling strategies to estimate frame importance. The
first strategy focuses on spatial understanding: we prompt a
well-trained M-LLM using a video QA question, which then
assigns importance scores to each frame. However, due to
the limited context length of a M-LLM, it cannot evaluate all
frames together from a temporal viewpoint. Therefore, our
second strategy leverages an LLM to identify the top-k rele-
vant frames using their captions. Instead of visual tokens, the
LLM can analyze more frames simultaneously with caption.
We integrate these two approaches to generate pseudo-labels
that reflect frame importance relative to a specific question
for effective training of the frame selector.

Our frame-selector employs a plug-and-play design
that requires no additional fine-tuning of the downstream
M-LLM. It reduces noise caused by irrelevant frames, al-
lowing the video-LLM to focus more effectively on the rel-
evant content. Additionally, the selector only needs to be
trained once and can subsequently enhance the video QA
performance of multiple M-LLMs. We demonstrate signifi-
cant improvements with several popular M-LLMs on video
question-answering tasks across various benchmarks, includ-
ing short-to-medium context (ActivityNet, NExt-QA) and
long context (EgoSchema, VideoMME) scenarios. In sum-
mary, our contributions are threefold:

* We propose a lightweight M-LLM-based adaptive video

frame selector to for both efficient and stronger video QA
performances of M-LLMs.

* We propose spatial and temporal pseudo-labeling to gener-
ate importance scores for video frame selector training.

* Our proposed method is plug-and-play friendly. We
demonstrates comprehensive video QA improvements
across popular M-LLMs with further fine-tuning.

2. Related Work

Multi-Modal Large Language Model (M-LLM) As Large
Language Models (LLMs) continue to demonstrate im-
pressive abilities in language comprehension and reason-
ing [1, 3, 41, 44], interest is growing within the computer vi-
sion community to explore their potential for handling multi-
modal inputs. Flamingo [2] demonstrates the capacity to pro-
cess image and text inputs for a wide range of multi-modal
tasks. BLIP-2 [17] introduces a Q-Former to map learned
image features into the text embedding space of LLMs, while
LLaVA [25] employs simple Multi Layer Perceptron (MLP)
projector to align visual and textual features. Further re-
search has focused on best practices for M-LLM, including
areas such as dynamic high-resolution [6, 26], instruction-
tuning data [19, 28], and different visual encoders [43, 51].
MM1 [33] and Idefics2 [15] provide comprehensive ablation
studies on the design space of M-LLM.

Video M-LLMs As image-based M-LLM become more
mature, research naturally extends to the video modality.
Video-ChatGPT [31] and Valley [30] use pooling over video
features to generate compact visual tokens for downstream
M-LLM. Video-LLaVA [23] aligns images and videos be-
fore projection, allowing LLM to learn from a unified visual
representation. Video-Teller [24] points out the importance
of modality alignment in pre-training. PLLaVA [55] stud-
ies how different pooling of visual features affects down-
stream video question answering performance. Regarding
long video inputs, LLaMA-VID [21] represents each frame
with two tokens to reduce the overload of long videos while
preserving critical information. MovieChat [39] propose
an effective memory management mechanism to reduce the
computation complexity and memory cost, enabling very
long video with over 10K frames understanding. Weng et al.
[52] proposes to extract video representations as sequences
of short-term local features, and integrate global semantics
into each short-term segment feature.

Video Frame Selection Before the rise of video M-LLM,
language-aware video key-frame selection and localization
had attracted great interest [7, 10, 27, 49]. Buch et al. [5] op-
timized an end2end pipeline that uses ground truth question-
answering labels to select a single key frame for downstream
tasks. Lu et al. [29] uses a CLIP-like paradigm to train a
transformer for visual and text feature alignment. Qian et al.
[36] trains a video clip proposal model and the downstream
QA model in a iterative manner. Kim et al. [14] employs a
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Figure 2. An illustration of the conventional n-frame video M-LLM framework and our video M-LLM framework with frame selection.

semi-parametric retriever to obtain the key frames by com-
paring similarities between frame and language features.

Video M-LLM Frame Selection Several works propose
to select key frames to improve video QA performance.
SeViLA [57] prompts an M-LLM to obtain a relevance score
to each frame, and uses these scores to localize important
frames. MVU [37] and adopts a similar approach as SeViLA.
However, a critical limitation of this kind of methods [12, 22]
is the absence of temporal reasoning. Each frame is assessed
independently without contextual information from other
frames. Furthermore, this method is expensive during infer-
ence. Importance score of every frame is estimated via a
M-LLM. The longer the video the higher the cost. In con-
trast, our method outputs importance scores for all frames
in a single pass with the compressed visual tokens, which
reduces the computational costs and enables temporal rea-
soning. Koala [40] uses sparsely sampled key frames as con-
ditions for processing subsequent visual tokens. ViLA [47]
trains an end-to-end frame selection module to mask input
frames. However, both of these methods lack text awareness:
during inference, Koala’s subsequent visual token processing
and ViLA’s frame masking do not account for the specific
question posed about the video. Recent work such [48, 50]
are not end-to-end methods. Han et al. [11] finds frame
selection is helpful for video chain-of-thought reasoning.

3. Method

This section introduces our video frame selector designed
for efficient video-LLM QA. Section 3.1 disccuss our moti-
vation. Section 3.2 outlines the design details of the frame
selector. Section 3.3 explains the generation of pseudo labels
for training the frame selector. Section 3.4 describes the
training process of the frame selector.

3.1. Rethinking Uniform Sampling in Video LLMs

A typical framework for video LLM An n-frame frame-
work is widely adopted in existing research in video

M-LLM [18, 55, 61]. The number of frames in the input
video, denoted by T, is variable. For example, a 3-minute
video at 30 frames per second (FPS) contains 7" = 5400
frames. The n-frame framework uniformly samples a fixed
number of frames, [x1, 22, -+, x,], from the total T' frames,
where each frame x; € R7*W>3 with H x W representing
the frame resolution, and typically n < T'. A pre-trained
visual encoder f, extracts visual features from n frames.
These features are subsequently projected into the LLM’s
space using an alignment projector g, and then flattened.
Spatial pooling may also be applied to reduce the number of
output tokens:

h; = AvgPooling(g.(fv(x:))), hi € R™>d (1)

where m is the number of tokens to represent a frame and d
is the hidden dimension of the LLM. Let Q € R'*? denote
the input embedding of the input text question. The n-frame
framework generates a response 7 as following:

r:LLM(hly ahnaQ) (2)

Uniform sampling is not optimal In the n-frame frame-
work, as shown in Figure 2 (a), the input video is repre-
sented by n x m tokens where m is the number of visual
tokens per frame. For example, in LLaVA-NeXT-Video [61],
where n = 32 and m = 12 x 12, this results in 4608 to-
kens. To reduce the computational cost of LLM inference,
previous work has either chosen to reduce n with sliding Q-
Former [18] or m [21, 55] by spatial pooling, in other words,
reducing m. However, both of them ignore the importance
of reducing n, the number of intake frames, before encod-
ing and n could be large especially in long videos. Denser
uniform sampling makes a larger n, thereby reducing the
efficiency of the video M-LLM. On the other hand, sampling
fewer frames risks omitting crucial information. For exam-
ple, sampling 32 frames from a 3-minute video means taking
one frame every 6 seconds, potentially missing actions that
occur within shorter time windows. In fact, most questions
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about a video can be answered using only a limited number
of key frames. Inspired by this factor, we argue that adaptive
frame selection according to question is more efficient and
effective than uniform frame sampling.

3.2. Design of the Frame Selector

An ideal frame selector should be able to understand complex
questions and analyze temporal relevance in the video input.
To achieve this, we fine-tune an LLM to function as the
frame selector. The frame selector utilizes the base LLM’s
strong language comprehension and reasoning abilities to
identify key frames in a video.

Similar to existing video M-LLM, our M-LLM-based
frame selection method takes as inputs n sampled video
frames along with the corresponding text-based question.
Instead of generating an answer to the question, the frame
selector identifies the most relevant frames for answering the
question. Specifically, we make use of well-trained decoder
only LLM as the frame selector to output an n-dimensional
vector s as follows:

,Tn, Q) € R™ 3)

where the i element in the vector s indicates the importance
score of the ™ input frame. To achieve this, we append a
learnable score query ¢ € R'* to the end of all input tokens
and use the concatenation of the visual tokens, text tokens
and the score token as the LLLM as input:

s = FrameSelector(xy, - -

€1, aen7eQ7eq:LLM(x17"' ;xnaQ;qscore) (4)
where e; and e? denote the intermediate output of x; and
@score from the penultimate transformer block. Because the
nature of causal attention, e? aggregates information from
all visual and text tokens. We then employ an MLP to exact
frame importance information from the intermediate output
of the score query from the penultimate transformer block:

s =MLP(e?),s € R" 5)

Figure 2 (b) presents an overview of the proposed ar-
chitecture for the M-LLM-based frame selector. Instead
of generating tokens that represent the frame selection, we
append a learnable query vector at the end of the input se-
quence and supervisedly learn this query token. The hidden
vector of this query token, e?, then serves as the input to
generate the n-dimensional importance vector s.

Select frames from the importance score After obtaining
per-frame importance scores, we need to sample k frames for
downstream video question-answering via a video M-LLM.
Naively selecting the top k frames with the highest im-
portance scores is suboptimal because neighboring frames
within short time intervals often have similar scores. For
example, if frame ¢ has the highest importance score, the
1+ 1 or ¢ — 1 frames usually have a closely high scores. The
adjacent frame adds little additional information if frame @ is

Algorithm 1 Greedy NMS sampling

1: Input: Importance score s € R™, Number of frames
selected k
Initialize the neighbor gap § + integer(n/4k).
Initialize the selected index list Is = [].
for stepinl---  kdo
(Greedy) Selected frame index ¢ «— arg max s. Ap-
pend index 7 to I,.
6: (NMS) Update the importance score:
sljl = —1if i — j| <6
7: I < sort(ly)
8: Return: I,

already selected. To address this issue, we use a greedy algo-
rithm combined with non-maximum suppression (NMS) to
select the most informative frames. The “Greedy” approach
involves sequentially selecting the top k frames, without
replacement, by choosing the frame with the highest impor-
tance score from the remaining set of frames. With “NMS”,
once a frame is selected, its neighboring frames are excluded
as they contain similar information. The “NMS-Greedy” pro-
cedure is detailed in Algorithm 1. In practice, when selecting
k frames from n frames, frame j is considered a neighboring
frame of frame i if |i — j| < ("/4k).

Efficiency of the frame selector As discussed in Sec-
tion 3.1, dense uniform sampling is inefficient for video
M-LLM. However, we still employ dense uniform sampling
for the frame selector.

Although dense uniform sampling is inefficient for video
M-LLM, we keep using it at the beginning to maximally pre-
serve the video information. To overcome the drawback of
dense uniform sampling, we apply spatial pooling to reduces
the token count per video frame before feeding the frames
into the selector. In particular, the spatial pooling reduce the
number of visual token to a smaller value, e.g., m =3 X 3
(9 tokens), which is substantially fewer than the tokens per
frame used in existing video LLMs, e.g., m = 12 x 12 (144
tokens). This design follows such an assumption: for video
question answering, the model requires a substantial number
of tokens per frame to capture visual details, but far fewer
tokens are needed to determine whether a frame is important.
A rough outline of the frame is sufficient. Our empirical
results Table 7 also justify this assumption.

3.3. Pseudo Labels for the Frame Selector

To train the frame selector, we need supervision signals for
the output importance scores s € R"™. Unfortunately, there is
no existing dataset to label the frame level importance score
for video QA, we propose two methods to generate pseudo
labels for training the frame selector.

Spatial Pseudo Labels Previous works use M-LLMs to eval-
uate whether a video frame is relevant to a question [37, 57].
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Figure 3. An illustration of the spatial and temporal pseudo labeling for the importance scores

A common practice is to prompt an M-LLM and ask if the
video frame provides useful information to answer the ques-
tion. The relevant score of the frame is the probability that
the M-LLM generates the “Yes” token. In our experiments,
we observe that this method does not always provide a rea-
sonable estimation. Even if the model agrees the frame is
relevant, the M-LLLM may not generate the “Yes” token but
other expressions depending on its text generation style. To
address this issue, we apply chain-of-thoughts (CoT), asking
the M-LLM to explain first then generate a Boolean evalua-
tion (check appendix for the detailed prompt). This prompts
allows the M-LLM to improve the evaluation quality by extra
inference time reasoning. An ideal M-LLM should adhere
to the instruction by generating either “True” or “False”. In
a few cases the model may fail to follow the instruction, and
we manually append the text “Evaluation: True” to the end
of the generated response. Thus we can always compute
the probabilities of generating “True” and “False”, denoted
as Prre and praise TESpEctively. The importance score of the
input frame is determined by

s = pTrue/(pTrue + pFalse) (6)

In our experimental setup, we uniformly sample n = 128
frames from the video and obtain the spatial pseudo labels
for each frame independently. Let s; denote the score for
the i frame, we normalize the score vector as si/max; s;.
Figure 3 (a) shows the pipeline.

Temporal Pseudo Labels A significant limitation of single-
frame evaluation is the lack of temporal reasoning. For
example, considering the question: “What did the man
do after picking up his hat?”, the video content following
the action of picking up the hat is crucial for answering
this question. However, when generating the spatial pseudo
labels, it only considers one frame without taking care of the
temporal context. Therefore, the spatial labels don’t know
what occurs after the action.

To address this issue, we propose the temporal pseudo
labeling. Since most of the publicly available M-LLMs are

not able to consume a large number of image tokens, we
alter to take advantages of the frame captions and use a LLM
to reason over all captions. Specifically, we first obtain detail
captions of all n frames by prompting a M-LLM. Second,
we feed the captions of all frames together as well as the
question to a strong text-only LLM. Then the LLM can
temporally reason the helpfulness of all frames.

We find it challenging to generate floating-point scores
for an extensive list of frames for an LLM. Consequently, we
ask the model to produce a list of the index of most helpful
frames (see appendix Section A for details). Frames included
in this list are assigned a score of 1, while those excluded
receive a score of 0. Figure 3 (b) shows the pipeline.

While temporal pseudo labels can capture temporal re-
lations in videos, it may suffer from information loss and
model hallucination due to its two-stage evaluation process.
Therefore, we combine two methods into the final pseudo-
labels by averaging the scores obtained from spatial and
temporal pseudo labels.

3.4. Training of the Frame Selector

We consider a two-stage training procedure. In stage 1, we
freeze the pre-trained vision and LLM backbones and train
the parameters of the alignment projector g,, the learned
score query Xcore and the score projector g,. Figure 2 (b)
shows the trainable modules in the red boxes and the frozen
modules in the blue boxes. Stage 1 training is optimized
over the two tasks alternatively. We use below two tasks:

¢ Visual instruction following Recall r in Equation 2 is
the generated response from the LLM, the objective is
the cross entropy loss between r and the ground truth
response. This tasks trains the projector g, to aligns the
visual features with the pre-trained LLM embedding space.

* Importance score prediction Recall s in Equation 3.2
is the importance score for n frames, the objective is the
binary cross entropy loss between s and the pseudo labels
generated from Section 3.3. This task provides a good
initialization for the score query and the score projector.
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In stage 2, we only train the model with the importance
score prediction task. Besides the alignment projector g,
the learned score query ¢ and the score projector g,, we also
include the Low Rank Adaptation (LoRA) weights of the
LLM as the trainable parameters to adapt the LLM to the
frame selection task.

4. Experiments

We begin by outlining our experimental setup in Section 4.1.
Then we demonstrate that our frame selector improves the
performance of well-trained M-LLMs without changing
their parameters by selecting better frames in Section 4.2.
We also conduct ablation studies to demonstrate the effec-
tiveness and efficiency of our frame selection framework
and results are in Section 4.3. At the end, we showcase
some qualitative examples of frames selected from the video
according to the question in Section 4.4.

4.1. Experiment Setup

Training data We compile the training dataset from three
sources: 1) 800K data from VideoChat2 [20], 2) 125K data
from the TimelT dataset [38], and 3) 178K data from the
LLaVA-Video-178K dataset [63]. For the visual instruction
tuning task, we use the entire training dataset. For the im-
portance score prediction task, we use 400K video QA data
where the video length exceeds 5 seconds. Pseudo label
generation we utilize Qwen2-VL-7B [46] to generate im-
portance scores for each frame in the spatial pseudo labeling
and concise captions for all frames in the temporal pseudo
labeling. We use GPT-40 mini to propose the most helpful
frames given the concise captions in the multi-frame evalua-
tion. Evaluation benchmarks Since our framework selects
frames for video question answering, we evaluated its perfor-
mance on benchmarks consisting of relatively longer videos,
including open-ended video QA on ActivityNet-QA [58],
and multi-choice QA on NExXT-QA [54], VideoMME [9],
EgoSchema [32], LongVideoBench [53].

Implementation details We use the pre-trained SigL.IP ViT-
Large [60] as the visual encoder and Qwen2.5 1.5B [42] as
the backbone of the LLM. We uniformly sample 128 frames
from the video as the input for the visual encoder. The output
from the visual encoder have a size of 128 x 16 x 16. After
the alignment projector and the spatial pooling layer, the size
of the visual tokens is 128 x 3 x 3. In Stage 1, we use a
batch size of 128, a learning rate of 1073, and a warm-up
ratio of 0.03 to train the model for two epochs. In Stage 2, a
batch size of 128, a learning rate of 1075, a warm-up ratio of
the first 3% iterations, and a cosine learning rate scheduler
are used to train the model for five epochs.

4.2. Comparison with SOTA Video-LLMs

We choose two strong video M-LLMs, PLLaVA [55]
and LLaVA-NeXT-video [62] and two (multi-)image based
M-LLM Idefics [15] and Qwen2-VL [46], to be the base-

Model Model Size  ActivityNet-QA
Video-ChatGPT [31] 7B 35.2/2.8
Chat-UniVi [13] 7B 46.1/3.3
LLaMA-VID [21] 7B 4741733
LLaMA-VID [21] 13B 47.5/3.3
Video-LLaVA [23] 7B 453/3.3
MiniGPT4-Video [4] 7B 46.3/3.4
SlowFast-LLaVA [56] 7B 55.5/3.4
SlowFast-LLaVA [56] 34B 59.2/3.5
Tarsier [45] 7B 59.5/3.6
Tarsier [45] 34B 61.6/3.7
PLLaVA [55] 7B 56.3/3.5
PLLaVA [55] 34B 60.9/3.7
LLaVA-NeXT-Video [62] 7B 535732
LLaVA-NeXT-Video [62] 34B 58.8/3.4
PLLaVA + Selector 7B+ 15B 57.6(1.31)/3.5
PLLaVA + Selector 34B+1.5B 62.3(1.41)/3.6
LLaVA-NeXT-Video + Selector 7B+ 1.5B  55.1(1.61)/3.4
LLaVA-NeXT-Video + Selector 34B + 1.5B  60.2 (1.41)/3.5

Table 1. Comparison of open-ended question answering evaluation
on ActivityNet QA. Results with the “+ Selector” are ours.

lines to illustrate how our frame selector enhances the video
question-answering (QA) performance of these models. For
each model, we compare the performance of using uniformly
sampled frames as inputs versus using frames selected by
our frame selector. The number of frames seen by the video
M-LLM is the same during the comparison.

Model Model Size  NExT-QA
SlowFast-LLaVA [56] 7B 64.2
SlowFast-LLaVA [56] 34B 72.0
Tarsier [45] 7B 71.6
Tarsier [45] 34B 79.2
LLaVA-NeXT-Video [62] 7B 62.4
LLaVA-NeXT-Video [62] 34B 68.1
Idefics2 [15] 8B 68.0
Qwen2-VL [46] 7B 77.6
LLaVA-NeXT-Video + Selector 7B+ 1.5B  63.4 (1.07)
LLaVA-NeXT-Video + Selector 34B +1.5B  69.3 (1.27)
Idefics2 + Selector 8B+ 1.5B 69.1(1.11)
Qwen2-VL + Selector 7B+ 1.5B 78.4 (0.81)

Table 2. Comparison of multi-choice question answering evaluation
on NExT-QA. Results with the “+ Selector” are ours.

Table 1, Table 2, Table 3 and Table 4 present the
comparison on ActivityNet-QA [58], NExT-QA [54] and
EgoSchema [32], VideoMME [9] respectively. Following
existing practice [31], performance on ActivityNet-QA is
measured as “accuracy/correctness” metrics, and both met-
rics are evaluated using GPT-3.5, with higher values indi-
cating better performance. Performances on NExT-QA and
EgoSchema are the accuracy of of multi-choice questions
where each question has 5 options. We prefill the word “Op-
tion” as the initial token to generate, and then use the next
generated token as the prediction result.
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Model Model Size EgoSchema
SlowFast-LLaVA [56] 7B 47.2
SlowFast-LLaVA [56] 34B 55.8
Tarsier [45] 7B 56
Tarsier [45] 34B 68.6
LLaVA-NeXT-Video [62] 7B 45.8
LLaVA-NeXT-Video [62] 34B 48.6
Idefics2 [15] 8B 56.6
Qwen2-VL [46] 7B 64.6
LLaVA-NeXT-Video + Selector 7B+ 1.5B  47.2 (1.31)
LLaVA-NeXT-Video + Selector 34B + 1.5B  50.6 (2.01)
Idefics2 + Selector 8B+ 1.5B 57.9(1.31)
Qwen2-VL + Selector 7B+15B 659 (1.17)

Table 3. Comparison of multi-choice question answering evaluation
on EgoSchema. Results with the “+ Selector” are ours.

Model short medium long average

Qwen2-VL (baseline) 69.1 53.0 51.6 58.1
Qwen2-VL + our selector 69.6 54.1 51.9 58.7(0.61)

Table 4. Performances on VideoMME. “+ Selector” are ours.

4.3. Ablation Studies

We conduct ablation studies on several components of the
frame selection framework. First, we analyze the perfor-
mance of the following frame selection methods in the video
QA tasks:
¢ Uniform sampling: the default uniform sampling.

* Pseudo labels from CLIP similarity: define the impor-
tance score of a frame as the image-text similarity between
the frame and the text question, computed using a CLIP
model. Then sample frames using Algorithm I.

* Pseudo labels from SeViLA: define the importance score
of a frame as in SeViLA [57] to sample frames.

» Spatial pseudo labels: define the importance score using
the spatial pseudo labels only.

¢ Spatial & temporal pseudo: define the importance score
as the average of the spatial and temporal pseudo labels.

* Trained selector: define the importance score of a frame
using the output of our trained frame selector.

Not using video-LLM due to worse pseudo-label quality.
We refer to Table 3 in [8] for justification. In the tempo-
ral reasoning tasks, although video-LLMs are trained with
frames sampled from the same video, they fall behind image-
trained M-LLMs. It implies image-trained M-LLMs could
lead to better temporal pseudo-labels for our method. We
tried to use LLaVA-NeXT-Video to generate pseudo-labels.
It is more time-consuming but worse pseudo-labels qual-
ity. On NExT-QA, using frames labeled by Qwen2-VL and
LLaVA-NeXT-Video are 63.9% and 62.8% respectively.
Table 5 presents the video QA performance of LLaVA-
NeXT-Video 7B on two benchmarks, respectively. Uniform
and CLIP sampling serve as simple baselines for frame se-

Selection Method ANet-QA NEXT-QA

Uniform sampling 53.5 62.4
Scores from CLIP similarity 53.7 62.2
Pseudo labels from SeViLA 54.0 63.2
Spatial pseudo labels 54.2 63.6
Spatial & temporal pseudo 55.5 63.9
Scores from trained selector 55.1 63.4

Table 5. Performance of LLaVA-NeXT-Video 7B on ActivityNet
(ANet) and NEXT QA with different frame selection methods

#frames Acc@C Acc@T Acc@D Acc Speed (s)
4 67.2 61.2 73.9 66.4 0.56
8 68.7 62.5 76.9 68.1 0.92
16 69.1 63.6 76.8 68.7 1.71
32 69.5 64.3 78.4 69.3 3.40

128 — 4 68.5 64.5 75.7 68.5 0.76
128 — 8 69.3 64.9 71.5 69.3 1.12
128 — 16 69.4 64.8 78.5 69.5 1.91
128 — 32 69.2 65.6 78.7 69.6 3.50

Table 6. Performance and inference speed of LLaVA-NeXT-Video
34B on NExT-QA with different number of input frames. First 4
rows: uniform sampling, last 4 rows: sampling using the selector.

lection, while other methods utilize M-LLM reasoning. Both
SeViLA and our Spatial are single-frame-based selection
methods, with the latter achieving superior performance due
to enhanced reasoning during multimodal LLM inference.
Spatial & Temporal further improves upon Spatial, demon-
strating the importance of temporal reasoning in frame se-
lection. However, the computational cost to generate such
pseudo labels are extremely high as it needs to prompt an
M-LLM densely. The light-weight selector’s performance
matches the performance of frame selection using pseudo la-
bels, validating the effectiveness of the selector architecture.

We further show that the video QA system can use fewer
frames to reason videos with the help of our frame selector.
Table 6 shows the performance of LLaVA-NeXT-Video on
NEXT-QA taking different number of frames as input and the
inference speed of LLaVA-NeXT-Video with different num-
ber of input frames. The inference speed was measured with
float16 precision using a batch size of 1 on a single A100
GPU, employing the Hugging Face implementation. When
taking the same number of frames as input, our framework
incurs additional inference costs to select frames using the
M-LLM selector. However, this increase in inference time
is not significant thanks to the efficient design of the frame
selector. Moreover, the frames selected by the M-LLM se-
lector are more useful for answering the question. Therefore,
the model using a selector with n-frame input can achieve
similar video QA performance as the model without a
selector using 2n-frame input. For example, the configura-
tion 128 — 4 outperforms 8-frame uniform sampling with a
faster inference speed.
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#tokens / frame  ActivityNet-QA NEXxT-QA  EgoSchema

no selector 53.5 62.4 45.8
1 53.2 62.7 46.6

9 55.1 63.4 47.2

25 553 63.6 473

Table 7. Performance of LLaVA-NeXT-Video 7B with different
number of tokens per frame used in the selector.

Backbone size  ActivityNet-QA NExT-QA  EgoSchema

no selector 53.5 62.4 45.8
0.5B 53.8 62.8 46.4
15B 55.1 63.4 472

7B 55.5 64.0 479

Table 8. Performance of LLaVA-NeXT-Video 7B with different
size of the selector’s base LLM.

model # frames Uniform Selector
4 45.3 49.5
. 8 46.9 49.9
LLaVA-Next Video 34B 16 48 1 498
32 49.7 50.0
4 48.0 55.0
8 50.9 56.0
Qwen2-VL 7B 16 53.6 56.5
32 533 57.0

Table 9. Performance of LLaVA-NeXT-Video 34B Qwen2-VL 7B
on LongVideoBench with different input frames.

As discussed in Section 3.2, one advantage of our frame-
work is that the frame selector features a lightweight design.
We examines two key hyperparameters that influence the
computational efficiency: the number of tokens to represent
a frame and the size of the base LLM. By default, we use
Qwen2.5 1.5b as the LLLM backbone and use 9 tokens for
video frame representation. Table 7 and Tabel 8 present the
ablation studies examining these two factors. “no selector”
indicates sample the video frames uniformly.

We further demonstrate the effectiveness of our
frame selector for long video question answering (QA).
LongVideoBench [52] is a recently introduced benchmark
for long-context video-language understanding, with an av-
erage video duration of 473 seconds. In Table 9, we report
the performance of LLaVA-Next-Video 34B and Qwen2-VL
7B with different numbers of input frames, using uniform
sampling and sampling with our frame selector. For both
M-LLMs, the performance with n input frames sampled
using the selector surpasses that of 2n input frames with
uniform sampling, demonstrating the effectiveness of the
frame selector.

4.4. Visualization of selected frames

Qualitative Results: Figure 4 presents two examples of
selected frames from the video conditioned the question.

Each question involves two events and thus requires temporal
reasoning. Estimating the importance of a single frame is
challenging without reference to prior or subsequent frames.
The frame selector effectively identifies frames containing
the answers to the questions. More results in Appendix
Section C .

Evaluate on Video Grounding Benchmarks: We compare
the moment retrieval performance with SeViLa on QVHigh-
lights. Ours achieves 43.9% R1@5 and 32.3% R1@7 while
SeViLa achieves 54.5% R1@5 and 36.5% R1@7. Although
our frame selector has lower performance than SeViLa, it
is not specifically trained on QVHighlights. In other words,
the comparable performance proves the overall correctness
of the frame selection.

Four frames from the video
-l e -

using uniform sat
- -

mpling

ur frames sampled using the frame selector
— m——— -

Question about the video: What does the boy do after turning his head at the head?
Answer: wave at girl

Four frames from the video using uniform sampling

-
S
Tor
e

I
n

&

=~ wwEEg

Question about the video: Why did the man with the cap move his hands at the start?
Answer: drink water

Figure 4. Visualization of the frame selection results.

5. Conclusion

In this paper, we propose a lightweight M-LL.M-based frame
selector to improve both performances and efficiency in
video QA. This selector is question-aware and takes dense
video frames and the question as input, selecting the most
relevant frames. We can then use any multi-image or video
M-LLMs with the selected frames to complete the question-
answering. To train the frame selector, we introduce spatial
and temporal pseudo-labeling due to the limited public anno-
tations for video frame-level importance. Our experiments
on two medium-length video QA benchmarks (ActivityNet
QA and NExt-QA) and two long-video QA benchmarks
(EgoSchema and LongVideoBench, VideoMME) demon-
strate the effectiveness of our proposed method.
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