This ICCV paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;
the final published version of the proceedings is available on IEEE Xplore.

Flow4Agent: Long-form Video Understanding via Motion Prior
from Optical Flow

Ruyang Liu  Shangkun Sun Haoran Tang Wei Gao= Ge Li=

School of Electronic and Computer Engineering, Shenzhen Graduate School, Peking University

{ruyang@stu., sunshk@stu., hrtang@stu., gaowei262@, geli@}pku.edu.cn

Abstract

Long-form video understanding has always been a chal-
lenging problem due to the significant redundancy in both
temporal and spatial contents. This challenge is further ex-
acerbated by the limited context length of Multimodal Large
Language Models (MLLMs). To address this issue, many
previous works have attempted to extract key video infor-
mation, where the “key” is typically semantic-aware and
heavily dependent on the CLIP model as prior. In this paper,
we propose Flowd4Agent, a novel framework that pioneer-
ingly incorporates motion priors from optical flow to fa-
cilitate LLM-based long video understanding. Flow4Agent
mitigates the redundancy in long videos at both temporal
and spatial levels through two core modules: Temporal
Granularity Optimization (TGO) adaptively refines frame-
level hierarchies, which first leverages coarse flow priors
to group similar visual contents and then applies semantic
priors to filter out highly irrelevant scene information. Mo-
tion Token Pruning (MTP) further refines the intra-frame
visual representations, pruning high-redundancy video to-
kens using fine-grained optical flow information. Exten-
sive experiments demonstrate that our Flow4Agent outper-
forms existing methods across a wide range of video MLLM
benchmarks, especially for hour-level video understanding
tasks, achieving 64.7% on Video-MME, 71.4% on MLVU
and 60.4% on LongVideoBench.

1. Introduction

Multimodal Large Language Models (MLLMs) have made
significant strides recently. Thanks to the advancements in
LLM [9, 14, 50] and multimodal [5, 16, 40] pretraining,
current MLLMs can effectively interpret visual sequences
in images and videos. These models typically support video
sequences with hundreds of frames, which is sufficient to
cover all contents in short videos, using uniform sampling
with whether fixed frame numbers or fixed fps. However,
for hour-long videos, this implies that at least one-minute

video is distributed to only one frame, leading to substantial
information loss, as shown in the first line of Fig. 1.

To enable MLLMs to process more video content, one
approach is to resample and compress the video tokens
[15, 21, 27, 48]. However, dense resampling inevitably
causes the loss of visual information, while frames that can
be accommodated by the MLLM remain constrained by a
clear upper limit. Another approach is to use memory struc-
tures [38, 53] or context extension [24, 54], enabling the
LLM to process densely sampled video frames. However,
this method overlooks the widespread information redun-
dancy in long videos. As shown in the second line of Fig.
1, the significant redundancy in both time (irrelevant video
frames) and space (repetitive content within the same scene)
can overwhelm the LLM, resulting in mistakes during long
video understanding.

To address the ubiquitous redundancy in videos, an in-
tuitive solution is to extract key video information. This
typically requires additional priors, with the most common
being semantic information, such as using the CLIP model
to retrieve relevant video content [12, 32, 43, 48] or feeding
the video’s dense captions into the LLM for further reason-
ing and judgment [42, 43, 45]. However, this reliance on
semantic priors has two major drawbacks. First, it heavily
depends on the information provided in the user’s instruc-
tions; when the query offers limited details, much of the
effectiveness is lost. Second, the method’s performance is
constrained by the prior model, such as CLIP models or
captioning models, meaning that errors in these models can
significantly distort subsequent understanding.

In this paper, we introduce a previously overlooked prior,
the motion information from optical flow, to assist in ex-
tracting key video content, and propose a novel method,
Flow4Agent. Flow4Agent refines the key content in two
aspects: inter-frame and intra-frame, which are addressed
by the Temporal Granularity Optimization (TGO) module
and the Motion Token Pruning (MTP) module, respectively.
Specifically, the TGO module utilizes efficient coarse opti-
cal flow to accurately cluster video scenes, and on this ba-
sis, it leverages semantic priors to obtain a sufficiently dis-
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Figure 1. Comparison between uniform sampling, dense sampling, and our proposed Flow4Agent.

tinctive set of scenes, thus obtaining highly representative
inter-frame features. Compared to methods that rely solely
on semantic priors, our approach is more robust, as we do
not depend on semantic priors to directly obtain keyframes.
Instead, we use semantic priors to filter out entirely irrele-
vant scenes, resulting in a lower p-value. The MTP module,
on the other hand, addresses intra-frame redundancy. For
highly overlapping video features within the same scene, it
uses fine-grained optical flow to filter out the more notewor-
thy and dynamically varying representations, thereby reduc-
ing the overall video redundancy. As the first model to in-
corporate optical flow for LLM-based video understanding,
Flow4Agent neither requires dense captions nor depends on
the user-provided details, enabling it to acquire more robust
key video content at a lower cost.

To evaluate Flow4Agent, we conducted extensive
experiments across a broad range of video under-
standing benchmarks, including VideoMME [10],
EgoSchema [30], Perceptiontest [33], MLVU [57],
NextQA [47], and LongVideoBench [46]. The exper-
imental results demonstrate that Flow4Agent achieves
state-of-the-art performance compared to other recent
models. Notably, on the three benchmarks with sig-
nificantly longer videos—VideoMME, MLVU, and
LongVideoBench—Flow4Agent attained leading scores
of 64.7%, 71.4%, and 60.4%, respectively. Additionally,
we evaluated Flow4Agent on various foundational models,
further confirming the effectiveness of our motion priors
for long-form video comprehension.

The main contributions of our paper are summarized as:

* We propose Flow4Agent, which, to the best of our knowl-
edge, is the first model to utilize optical flow information
for LLM-based video understanding.

* We present two novel modules, Temporal Granularity Op-
timization and Motion Token Pruning, which leverage op-
tical flow from coarse to fine to extract key video content

both inter-frame and intra-frame.

* We conducted extensive experiments on a wide range of
video understanding benchmarks, validating the superior
performance of Flow4Agent in video understanding, par-
ticularly in long video comprehension.

2. Related Work

Video-based Large Language Models. Recent advances
in multi-modal large language models (MLLMs) have
shown significant progress in processing multi-modal in-
puts, including video data. Existing research on Video
LLMs has focused on both data and model aspects. Re-
garding data, it has evolved from initially using only video
instruction data [19, 28, 29] to incorporating mixed multi-
modal data [16, 17, 41, 56, 58], which has proven highly
effective for video understanding. Additionally, further Re-
inforcement Learning from Human Feedback (RLHF) after
instruction tuning has also demonstrated significant effec-
tiveness for video dialogue [1, 2, 55]. At the model level,
improvements in the performance of Video LLMs largely
depend on advancements in the pretraining of individual
components. For example, the more advanced SigLiP [51]
surpasses CLIP [35] as a visual encoder; models based on
the Qwen series [50] achieve better results than those us-
ing Vicuna [7] as LLM; and Video LLMs built on the lat-
est generation of LLaVA [16, 22, 23] consistently outper-
form earlier versions of LLLaVA and the BLIP series [8, 18].
Meanwhile, compared to the initial mean pooling strat-
egy [28, 29, 52] and later approaches incorporating various
video-specific components [15, 20, 21, 25], a more main-
stream method has emerged: simply resampling video to-
kens to directly form a spatiotemporal sequence as input to
the LLM [16, 23, 26, 48, 56, 58]. While this paradigm has
shown promising results on short videos, the lengthy video
sequences and the limited context window of LLMs hinder
effective comprehension of long videos.
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Long Video Understanding. Fixed-frame sampling re-
mains the predominant choice for most methods. Al-
though some studies have demonstrated the effectiveness
of fixed-FPS sampling [21, 36, 58], the limited context
window of LLMs ultimately constrains the number of
frames that can be processed. To address this issue,
various approaches have been proposed. For example,
MovieChat [38] and Flash-VStream [53] adopt memory
structures and sliding windows to enable streaming video
input, while LongVA [54] and Kangaroo [24] extend the
LLM’s context length to accommodate more frames. A
more common strategy is video frame resampling, where
techniques such as Perceiver-style query sampling [21,
26, 58], clustering [15], and simple local average pool-
ing [16, 27, 48, 49, 56] all effectively reduce the number of
frames. However, long videos inherently contain significant
redundancy—temporally, only a few frames carry mean-
ingful information, while spatially, adjacent frames often
exhibit high similarity. Thus, feeding the entire long-from
video into the LLM is unnecessary.

To this end, a common approach is to extract key con-
tent from videos, where the definition of “key” is guided
by additional prior information. For example, LVNet [32]
and LongVU [36] utilize extra visual encoders to compute
the similarity between frame features. A more prevalent
strategy leverages semantic priors, typically derived from
pretrained retrieval and captioning models [12, 27, 36, 42,
43, 45]. A representative example is VideoAgent [43],
which employs both dense captions and CLIP to identify
key frames relevant to the user’s query. However, as dis-
cussed in Section |, methods relying on semantic priors
highly depend on the informative user instruction and ac-
curate prior models. In contrast, our proposed Flow4Agent
introduces motion priors from optical flow for the first time,
reducing excessive dependence on semantic priors. Addi-
tionally, motion information enables a more precise elimi-
nation of redundant content.

3. Approach

In this section, we will elaborate on how Flow4Agent lever-
ages optical flow to drive LLM-based video understanding.
Optical flow has long been an important video understand-
ing prior that provides motion information. In the past,
while some previous works have used optical flow for ac-
tion recognition [37, 39] or dataset sample filtering [4], no
research has directly utilized optical flow for LLM-based
video understanding. As shown in Fig. 2, Flow4Agent ad-
dresses redundancy and extracts key content in both inter-
frame and intra-frame aspects. In Section 3.1, the Temporal
Granularity Optimization (TGO) module uses HSV trans-
formation with coarse optical flow priors to cluster video
content, and employs semantic priors for hypothesis testing
to identify representative video content. Then, in Section

3.2, the Motion Token Pruning (MTP) module uses fine-
grained optical flow to capture more significant motion fea-
tures spatially within high-redundancy events.

3.1. Temporal Granularity Optimization

Uniform frame sampling, whether using fixed frame num-
bers or fixed FPS, has been a prevalent approach in previous
video understanding models. However, this method often
overlooks temporal structural dynamics, leading to limited
content diversity. For instance, events with a larger number
of frames are likely to be sampled more heavily, even if they
lack significant dynamic changes, resulting in redundant
frames that contribute little additional information. Con-
versely, events with fewer frames may be overlooked, even
though they might contain crucial information. To address
this issue, we propose Temporal Granularity Optimization
(TGO) to adaptively refine temporal representation hierar-
chies in video analysis. As illustrated in Figure 2, the core
of TGO lies in a dual-phase spatiotemporal decomposition.
Dynamic Event Split. We design a motion-aware chro-
matic analysis strategy to partition a video into different
temporal units. The partitioning strategy consists of two
stages. In the first stage, we utilize projected temporal
differences to divide dynamic events in a coarse manner.
Inspired by [11], motion variations of RGB space pixels
are often susceptible to factors like illumination changes.
Therefore, we first transform frames into the HSV color
space, which is less sensitive to illumination variations,
thereby eliminating the impact of motion-irrelevant factors
like lighting on pixel values. In this space, changes in pixel
values better reflect actual event dynamics. We then com-
pute the mean square error between consecutive frames, and
if it exceeds a threshold, we temporarily mark it as a bound-
ary, completing the coarse first-stage screening. Given the
input video V' comprised of frames I, ..., I, The first-
stage process can be formulated as:

V' ={®(I) |t € N}, (D
AV = {111 - Il | £ € N}, @
C={I;| AV/ > 0,t € N}, (3)

where @ refers to the HSV transformation and I’ denotes
the transformed frames. 6 represents the threshold that
filters static frames, and C is the set of coarsely selected
boundaries in this stage. After that, we leverage pixel-level
motion information provided by optical flow to achieve
more precise partitioning of dynamic events. For each po-
tential temporal boundary identified in the first stage, we
calculate adjacent M flows within a temporal window. If
the maximum magnitudes among these M optical flows ex-
ceed a specific threshold, we designate the corresponding
frame in the window as the final temporal boundary. In
practice, M is set to 3. We employ SeaRAFT [44] for flow
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Figure 2. Overview of the proposed Flow4Agent. TGO and MTP strategies are highlighted in the blue and yellow regions, respectively.
The dashed line indicates the frames after the first stage in DES, and ® denotes the Hadamard product operator.

calculation, which enables efficient estimation through non-
overlapping estimation. Notably, we iterate for only a few
rounds to obtain a coarse optical flow, which is sufficient
for precise boundary splitting. The entire process can be
formulated as:

L]

w= iy L, e, @

F={&w)|weW}, 4)

S={lyy |i=argmax f; >n,f € F}, (6
1<j<M

where I; denotes the boundary frame in the first stage with
the index of ¢ in the original video. w represents a set of
frames in the selected window, and & refers to the func-
tion calculating the corresponding optical flows. f denotes
a set of flows in the selected window, and 7 represents the
threshold. « is the look-up function that derives the index
of the flow in the original video. Traditional key content ex-
traction models often rely on frame-based semantic retrieval
or dense captioning. In contrast, once we have divided the
video into events, event-centered operations are more effi-
cient and yield better results compared to frame-centered
ones, as clustering frames inherently involves the removal
of redundant information.

Event-Center Cross-modal Query. After dividing the
video into events {.S;}, we select the middle frame of each
event to form the anchor frames. This is because within the
same event, semantic scenes largely remain unchanged, and
thus, frames within the same event are almost identical for
an image model. Based on this, we use semantic priors to
select keyframes. Previous models typically rely directly on
image retrieval models to obtain the most relevant results.

Specifically, the target events can be formulated as:
5wt={Sﬂi=a$KmM@QUD~@Q@DL

=01

)

where f; is the anchor frame of event .S;, ¢ is the embedding
of the user’s instruction, and © represents the parameters
of image retrieval models such as CLIP or SigLiP.

However, this approach is highly dependent on the ac-
curacy of the prior model ©g. While query-related events
may exhibit high similarity, they do not necessarily have
the top-k largest similarity scores. Therefore, we introduce
two constraints for event selection: first, the selected events
should be significant enough to represent the entire video;
second, we aim to select as few events as possible to maxi-
mize redundancy removal. Therefore, the selected event set
Sout needs to satisfy the following constraints:

minlen(Sout),
a(S;) = OQUNOq ()

SWETLARTIOR ®)
p-value =1->7¢ ¢ a(S;) <0.05,

J

where a(S;) defines the significance level of the temporal
event. When an event contains content strongly relevant to
the user’s instruction, its significance will outweigh that of
other events, and it will be selected independently. Con-
versely, when the user’s instruction lacks sufficient details,
these constraints ensure that all important scenes are not
overlooked, while filtering out scenes with excessively low
significance that are completely irrelevant. Thanks to the
integration of motion priors with semantic priors, we are
able to adopt a more conservative strategy that filters out
a significant amount of redundant content without missing
important information.
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3.2. Motion Token Pruning

Compared to the numerous works on frame selection strate-
gies for inter-frame redundancy, methods addressing intra-
frame redundancy are relatively rare. For example, [27] and
[12] use language information to further retrieve key tokens
within frames, while [36] employs DINOv2 [31] to filter
out spatial tokens highly similar to the anchor frame. How-
ever, these models also overlook critical motion informa-
tion. In the same scenes, most of the background remains
unchanged, while the small amount of changing foreground
information is key to understanding. Therefore, we propose
the Motion Token Pruning (MTP) strategy for intra-frame
sampling, which utilizes fine-grained motion information to
further prune the content within frames.

Specifically, we find that optical flow naturally describes
the dynamic information in the scene. Given a single frame
I;, we leverage the pixel-level dense motion information
from optical flows to select dynamic-intensive tokens. First,
we compute the optical flow between the current and the
next frame, which contains not only subject motion infor-
mation but also other global motions such as camera or
background movement. To further eliminate interference
from less informative content such as camera motion, we
apply homography matrix compensation based on feature
points extracted from the predicted flow. Subsequently, we
leverage a salient detection mask to obtain the primary mo-
tion regions, enabling refined token selection. We then cal-
culate the optical flow magnitude values (after camera mo-
tion filtering) for each pixel in these motion regions, select
the tokens corresponding to pixels in the top &% magni-
tude values, and ultimately generate the final mask to iden-
tify valid tokens. In practice, we set k to 50. We utilize
U2-Net [34] as the salient detection model, and adopt the
powerful Sea-RAFT [44] model to extract accurate optical
flows. The entire process can be formulated as,

Je = EUs, Ii41), &)
ft* :ft_H(It7]t+1aft)7 (10)
me =171 © s > Qos(|[ 7| @s:)),  AD
qr = pr © my, (12)

where f, refers to the derived optical flow of I, and H is the
camera motion calculation function based on the homogra-
phy matrix. & refers to the optical flow network. s; denotes
the salient detection map of I; and || f;|| represents the mag-
nitude of the filtered flow. ® refers to the Hadamard product
operator. (g5 is the quantile function that select top 50%
pixels with the highest dynamic degree and I refers to the
indicator function. p; and ¢; denote the original token and
the filtered token from I, respectively. Here, we use fine-
grained optical flow with more iterations to achieve precise
pixel-level pruning.

When segmenting video events using coarse optical flow,

we ensure that each unit is assigned at least one frame to
prevent information loss. After selecting key events based
on semantic priors, we designate these key events along
with their neighboring events as priority sampling events,
where the number of sampled frames is proportional to the
event length. Finally, within each priority-sampled event,
we retain all tokens of the anchor frame to preserve com-
plete contextual information, while applying the MTP to
further refine intra-frame sampling for the adjacent frames.

4. Experiment

4.1. Implementation Details

Unless otherwise specified, our experiments are based on
the LLaVA-Video-Qwen [56] extended with Flow4Agent.
Results using other basic MLLMs can be found in the ab-
lation studies. Following the standard settings, our image
input resolution is 336, the LLM’s maximum context length
is 8k, and the initial sampling frame count is 64. When per-
forming intra-frame pruning, we simultaneously increase
the sampling frame count to maintain the same visual con-
text length as the original model. For motion priors, we use
SeaRAFT [44] with 4 iterations in the TGO module and 12
iterations in the MTP module. For semantic priors, we reuse
the base model’s encoder, SigLiP [51]. All experiments are
conducted on two A100 GPUs. Implementation details of
each basic model can be found in the appendix.

4.2. Benchmarks

We extensively tested the performance of Flow4Agent on
six benchmarks, which primarily cover long video under-
standing and video reasoning. These benchmarks compre-
hensively evaluate whether our method can identify key
video content from highly redundant information.
VideoMME [10] includes 900 videos of varying lengths
and 2,700 manually annotated multiple-choice questions.
The video lengths include short (<2min), medium (2-
30min), and long (30 60min). Since the number of subti-
tles significantly impacts performance, we adopted a testing
setup without subtitles.

LongVideoBench [46] is a dataset for long video re-
trieval and reasoning, containing 6,678 manually annotated
multiple-choice questions and 17 fine-grained categories.
The extraction of subtitles follows the official settings.
MLVU [57] is also a benchmark for long video understand-
ing, containing nine different categories with video lengths
ranging from 3 minutes to 2 hours, averaging 12 minutes.
Perception-Test [33] is a benchmark designed to test the
perception and reasoning capabilities of MLLMs, contain-
ing 11.6k videos and six different annotation types.
EgoSchema [30] contains 5,000 video-question pairs for
egocentric evaluation, each video lasting around 3 minutes.
NextQA [47] includes 5,440 videos and 49,000 questions,
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Table 1. Flow4Agent performance on six video benchmarks, including NextQA, EgoChema, PerceptionTest, MLVU, LongVideoBench,

and VideoMME. All results are reported as 0-shot accuracy.

Models Size NextQA EgoSchema PercepTest MLVU  L-VideoBench VideoMME
Long Overall
Duration 44 sec 179.8 sec 16 sec 3~120 min 23sec~60 min 30~60 min 1~60 min
Proprietary Models
GPT4-V [13] - - 55.6 - - 59.1 56.9 60.7
Open-Source Video MLLMs
Video-LLaVA [25] 7B - 38.4 - 473 39.1 38.1 40.4
LLaMA-VID [21] 7B - 38.5 - 33.2 - - -
ChatUniVi [15] 7B - - - - - 41.8 459
ShareGPT4Video [3] 8B - - - 46.4 39.7 37.9 43.6
LLaVA-NeXT-Video [23] 7B 70.2 439 59.4 39.3 50.5 - 46.5
VideoAgent [43] 7B 71.3 54.1 - - - - -
VideoTree [45] 7B 75.6 61.1 - - - - -
LVNet [32] 7B 72.9 61.1 - - - - -
VideoLLaMA?2 [6] 7B 75.6 51.7 54.9 48.5 - 43.8 46.6
LongVA [54] 7B 69.3 - - 56.3 - 47.6 54.3
VideoChat2 [20] 7B - 54.4 - 479 36.0 39.2 54.6
LLaVA-OneVision [16] 7B 79.4 60.1 57.1 64.7 56.4 46.7 58.2
LLaVA-Video [56] 7B 83.2 57.3 67.9 70.8 58.2 50.6 62.6
Apollo [58] 7B - - 67.3 70.9 58.5 - 61.3
Flow4Agent 7B 84.0 61.4 69.6 71.4 60.4 54.2 64.7

primarily focusing on temporal, causal, and descriptive
questions related to video understanding.

4.3. Main Results

Table | presents a quantitative comparison across multi-
ple video understanding benchmarks. The experimental re-
sults show that Flow4Agent consistently outperforms pre-
vious state-of-the-art models on all benchmarks. For in-
stance, compared to the latest model, Apollo, Flow4Agent
demonstrates an advantage of 3.9%, 1.9%, and 3.4% on
EgoSchema, LongVideoBench, and VideoMME, respec-
tively. Notably, Flow4Agent performs particularly well
on long videos. With similar frame sampling and con-
text length, Flow4Agent outperforms LLaVA-Video and
LLaVA-OneVision by 3.6% and 7.5%, respectively, on
VideoMME videos longer than 30 minutes, and surpasses
LongVA with a 224k context by 6.6%. This highlights
Flow4Agent’s ability to extract key content from highly
redundant videos within a limited context. On bench-
marks emphasizing reasoning, such as PerceptionTest and
EgoSchema, Flow4Agent also shows strong performance,
despite the relatively short length of the videos. This sug-
gests that extracting key information contributes to improv-
ing video reasoning capabilities. Furthermore, compared to
other models focused on key video content extraction, such
as VideoAgent, VideoTree, and LVNet, Flow4Agent still

shows a performance advantage, even though these mod-
els are based on the more powerful GPT-4. Interestingly,
as a 7B model, Flow4Agent outperforms GPT-4V on most
metrics. This demonstrates that motion priors can lead to
improvements across different benchmarks.

4.4. Ablations and Analysis

Performance on Different Base Models. To validate the
broad effectiveness of Flow4Agent, we conducted inte-
gration experiments with various base models. Table 2
presents the experimental results on VideoMME. We se-
lected different types of models, including pure image mod-
els like LLaVA-Next, vision-general models like LLaVA-
OneVision and Qwen2-VL, as well as pure video models
like LLaVA-Video. The table also includes results with dif-
ferent context lengths, LLLM sizes, and video frame counts.
It is clearly observed that Flow4Agent consistently provides
an improvement across various base models. Moreover, re-
gardless of the underlying model, Flow4Agent shows the
most significant improvement for long videos. This high-
lights the versatility of Flow4Agent as a model-agnostic
method, particularly its ability to enhance long-form video
understanding. Additionally, Flow4Agent maintains stable
performance across different context lengths, LLM param-
eter sizes, and sampled frame numbers.

Effect of Different Components. Flow4Agent consists
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Table 2. Flow4Agent performance on different basic models. We report the results on VideoMME without subtitles. All open-source
results are our replication. We applied 4-bit quantization to LLaVA-Video-72B to ensure its deployment on two A100 GPUs.

Model ‘ Context LLM Params Frames ‘ Short Medium Long Overall
LLaVA-NeXT [23] 4k 7B 16 54.3 41.9 38.4 44.9
LLaVA-NeXT + Flow4Agent 4k 7B 16 55.1 44.0 42.1 47.0
LLaVA-OneVision [16] 8k 7B 32 69.9 56.2 48.4 58.2
LLaVA-OneVision + Flow4Agent 8k 7B 32 70.9 57.3 51.6 59.9
Qwen2-VL [40] 32k 7B 64 73.0 60.8 51.3 61.7
Qwen2-VL + Flow4Agent 32k 7B 64 74.2 63.6 54 63.9
LLaVA-Video [56] 8k 7B 64 75.9 61.2 50.6 62.6
LLaVA-Video + Flow4Agent 8k 7B 64 77.2 62.6 54.2 64.7
LLaVA-Video 8k 72B 64 78.0 63.7 59.6 67.1
LLaVA-Video + Flow4Agent 8k 72B 64 80.1 66.9 61.6 69.0
65 55 60
;63 g 52 §5g
b= = =
%6] § 49 %56
T§59 —s—w/o Flow4Agent éﬂ 46 —=—w/o Flow4Agent E 54 —a—w/o Flow4Agent
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Figure 3. Performance comparison with and without Flow4Agent as the number of frames changes. Flow4Agent provides a greater
improvement with fewer frames, while also achieving higher frame efficiency.

Table 3. The ablation study on model components. DES and
ECCQ mean the dynamic event split and event-center cross-modal
query respectively in the TGO module.

DES ECQ MTP Short Medium Long|Overall

759 612 506 | 62.6

v 77.0 617 50.8| 632
v 758 623 520 | 634

v oV 771 622 529 | 64.0
v | 759 615 524 | 633

v v vV | 772 626 542 | 64.7

of two core modules: TGO and MTP, with TGO further
divided into motion-guided event splitting and semantic-
guided event selection. To assess the impact of these mod-
ules, we conducted ablation experiments on the overall
model components. In the TGO module, when we use only
the motion prior (DES only), frames are allocated to all
events directly based on their length. When we use only the
semantic prior (ECQ only), semantic checks are performed
on individual frames rather than events. As shown in Ta-
ble 3, the two components within TGO provide significant
gains for short and long videos, respectively, and their com-
bination leads to improved performance across all video

lengths. The MTP module further enhances long video un-
derstanding. Each module complements the others, collec-
tively demonstrating the design of Flow4Agent.

Effect of Different Frames Number. The number of
frames is a crucial variable affecting video understanding,
particularly for long videos. In theory, a sufficient num-
ber of frames ensures comprehensive coverage of necessary
information to answer a given question. However, an exces-
sive number of frames can introduce redundant or irrelevant
information, potentially overwhelming the model. Thus, the
ability to extract key information within a constrained frame
budget is a critical metric for evaluating model perfor-
mance. As shown in Fig. 3, we analyzed performance varia-
tions across different frame counts using three test sets with
varying video lengths: VideoMME-Overall, VideoMME-
Long, and EgoSchema. To support a 128-frame input, we
adjusted the avgpooling2d kernel size from 2 to 3. The re-
sults indicate that Flow4Agent consistently enhances per-
formance regardless of the number of input frames. When
frame availability is limited, Flow4Agent’s advantage be-
comes even more pronounced. Additionally, Flow4Agent
achieves performance saturation with fewer frames, demon-
strating higher frame efficiency. These findings highlight
Flow4Agent’s effectiveness in extracting critical video in-
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Figure 4. Visualizations of how Flow4Agent reduces redundancy.

Table 4. The ablation study on the motion-prior model. Iter-TGO
and Iter-MTP refer to the number of iterations of the optical flow
model within the TGO and MTP modules, respectively.

Flow Model | Iter-TGO Iter-MTP |Long Overall

NeuFlow 4 12 53.0 64.1
StreamFlow 4 12 539 64.5
Sea-RAFT 4 12 542 64.7
Sea-RAFT 12 12 544 64.6
Sea-RAFT 4 4 533 642

Table 5. The ablation study on semantic-prior model.

CLIP Model | Size Resolution|Long Overall

OpenAI-CLIP|0.4B 224 533 639
EVA-CLIP 8B 224 53.1 64.0
SigLIP 0.4B 224 539 642
SigLIP 0.4B 336 542 647

formation while optimizing frame utilization.

Effect of the Prior Model. Motion and semantics are two
essential priors leveraged by Flow4Agent, and the choice
of corresponding models as well as their configurations can
significantly influence the final performance. In Table 4,
we examine different optical flow models and their itera-
tion counts within the TGO and MTP modules. While more
iterations yield finer optical flow information, they also in-
crease computational time. Our results show that the state-
of-the-art Sea-RAFT model delivers superior performance.
Additionally, in the TGO module, fewer iterations can ob-
tain optimal results, whereas the MTP module benefits from
more iterations for the best performance. This highlights
the optimal configuration of Flow4Agent: coarse optical
flow for event splitting and fine-grained optical flow for vi-
sual token pruning. In Table 5, we explore various semantic
prior models. The Sigl.IP-336 model achieves the best re-

sults, demonstrating that stronger semantic priors contribute
to improved performance.

4.5. Visualization

To qualitatively assess the effectiveness of Flow4Agent,
we present several visualization cases in Fig. 4. Different
scenes identified by the TGO module within the same video
are separated by film lines, while redundant regions fil-
tered out by the MTP module within each scene are grayed
out. Across all cases, we observe that the TGO module
effectively differentiates distinct scenes. For instance, in
Fig. 4(a), despite the highly similar background, the TGO
module successfully distinguishes between a two-person
conversation and a three-person group interaction. Addi-
tionally, the MTP module efficiently removes redundant
background elements within the same scene while preserv-
ing crucial variations, such as human actions and facial ex-
pressions. More examples can be found in the appendix.

5. Conclusion

In this paper, we propose Flow4Agent, which introduces
optical flow into LLM-based video understanding for the
first time, incorporating a novel motion prior to extract key
video information. Flow4Agent enhances long-form video
comprehension through two modules: the Temporal Gran-
ularity Optimization (TGO) module that leverages coarse
motion and semantic information to eliminate inter-frame
redundancy and identify key events, and the Motion To-
ken Pruning (MTP) module that utilizes fine-grained optical
flow to remove intra-frame redundancy. Extensive quantita-
tive and ablation experiments demonstrate the effectiveness
of Flow4Agent in long-form video understanding and video
reasoning, achieving state-of-the-art performance across a
wide range of video benchmarks.
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