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Abstract

The rise of AI agents powered by large language models
(LLMs) has transformed intelligent systems by enabling au-
tonomous tool utilizing, reasoning, and action across di-
verse tasks. Despite this rapid progress, existing video sum-
marization approaches primarily focus on feature extrac-
tion or frame-level importance regression but lack the au-
tonomous reasoning, self-correction, and decision-making
capabilities that define true agent-based intelligence. To
bridge this gap, we propose AgenticVS—the first agen-
tic workflow for video summarization that leverages mul-
timodal large language models (MLLMs) to complete the
summarization–verify–reflection loop in a fully autonomous
manner. Rather than designing new architectures for fea-
ture extraction or regression, we exploit the understand-
ing and reflective reasoning abilities of MLLMs to build
an adaptive summarization framework with a self-reflecting
workflow. Experiments on SumMe and TVSum demon-
strate that our agentic workflow outperforms state-of-the-
art methods, enhancing interpretability, adaptability, and
paving the way for agent-based multimodal video under-
standing.

1. Introduction

With the rise of social media platforms, people frequently
capture daily activities and special moments, generating
vast amounts of video content. As mobile devices simplify
video creation and sharing, the volume of online videos has
surged. [33] In response to the fast pace of modern life and
the short-video era, the demand for efficiently digesting and
understanding long-form videos has grown. Consequently,
video summarization has become essential for applications
such as search, navigation, and recommendation, aiming to
condense videos while preserving key semantics and narra-
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Figure 1. An illustration of AgenticVS’s self-reflecting strategy
applied to video summarization. The task is decomposed into
three roles—Summarizer, Verifier, and Reflector—which system-
atically generate initial importance scores, perform verification,
and identify missing keyframes. This role-based pipeline enables
more human-like video reasoning compared to traditional meth-
ods.

tive coherence. This growing need for rapid yet meaningful
content consumption highlights the importance of intelli-
gent, context-aware summarization frameworks that adapt
to diverse domains and user preferences.

Previous video summarization methodologies can be pri-
marily categorized into two main categories: extractive
and abstractive. Extractive methods often involve select-
ing keyframes based on labeled data and criteria like ob-
jects, events, and user perception. Among them, deep
learning–based approaches primarily predict the impor-
tance score of each frame to generate a summary. Early
approaches mainly relied on CNN- [28, 39, 62] or LSTM-
based [6, 18, 31] architectures to extract visual features,
based on which they regressed frame-level representations
to predict importance scores for keyframe selection. How-
ever, these methods lacked high-level semantic understand-
ing and global temporal reasoning across frames, limiting
their ability to capture complex video dynamics.

In contrast to extractive approaches, recent studies have
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focused on the visual understanding and reasoning abili-
ties of multimodal large language models (MLLMs), lead-
ing to an abstractive manner of video summarization.
LLMVS [19] first introduced LLMs into video summa-
rization by using LLaVA [24] for caption generation and
Llama-2 [46] for caption embedding. However, this frame-
work loses fine-grained visual cues during captioning, mak-
ing embeddings less discriminative. To mitigate this, Kim
et al. [36] employed VideoLLaMA [56] to directly extract
visual embeddings, yielding richer and more expressive rep-
resentations. Despite these advances, MLLMs still require
manually crafted text prompts that clearly define frame-
level importance criteria—an effort-intensive and subjective
process that hinders reproducibility and scalability.

Unlike the above approaches that directly employ
(M)LLMs for passive video processing, an agent is an au-
tonomous (M)LLM-based system with active perception
and decision-making capabilities. Researchers have been
actively developing agents for a variety of tasks, espe-
cially in video reasoning. For example, VideoAgent [52]
embraces the agent-based system to mimic human cogni-
tive processes and establish a self-feedback mechanism for
long-form video understanding. Agents offer key advan-
tages such as temporal planning [11, 38, 44, 51], tool uti-
lization [22, 32, 34, 42, 54], and iterative refinement [37,
53]. To fully exploit these strengths, we propose AgenticVS
— the first agentic workflow for video summarization that
incorporates self-reflection and automatic calibration to it-
eratively refine summaries.

In this study, instead of adopting the “one-time output”
approach used by traditional models, we aim to more flex-
ibly leverage the capabilities of MLLMs in deep reason-
ing and self-reflecting through an agent-based workflow.
Within this framework, the MLLM can autonomously ex-
ecute a closed-loop cycle of predicting and self-evolving.

To achieve this, we propose three atomic agents, the
Summarizer, which aligns video- and image-level embed-
dings in V2I Alignment module and make the initial impor-
tance score prediction; the Verifier, which adopts a multi-
round memory mechanism for initial score evaluation; and
the Reflector, which refines the scores with a self-reflection
correction mechanism for missing keyframes searching.

Specifically, the Summarizer utilize both a video encoder
and an image encoder to extract visual embeddings and con-
structs a V2I Alignment module to align their embeddings
in a shared feature space. Considering the Summarizer
lacks a holistic understanding of the overall video content,
we design a multi-round memory mechanism for the Ver-
ifier in order to re-evaluate the initial scores produced by
the Summarizer and get prepared for the following calibra-
tion. The Reflector uses a self-reflection correction strat-
egy, enabling the MLLM to generate a video text summary,
and then leverages the CLIP [29] model to compute more

precise calibration scores. This iterative process leverages
the MLLM’s memory and reasoning to decompose com-
plex evaluation tasks, simulating human-like reasoning and
avoiding the need for overly long textual prompts.

Our contributions can be summarized as follows:
1. We propose AgenticVS, the first approach to integrate

agent-based workflows into video summarization tasks.
AgenticVS emulates human cognitive processes, en-
abling MLLMs to autonomously execute a closed-loop
cycle of prediction and self-evolution.

2. We designed a Summarizer that enhances the accuracy
of initial importance score regression. The Verifier em-
ploys a multi-round dialogue strategy for iterative re-
evaluation of scores, fully leveraging the memory and
reasoning capabilities of MLLM. The Reflector adopts a
self-reflection correction mechanism to refine the initial
scores and search for missing keyframes.

3. Experimental results show that the proposed approach
exhibits extraordinary superiority compared to exist-
ing extractive VS methods and surpasses state-of-the-art
baselines on SumMe [10] and TVSum [40].

2. Related Work

2.1. Video Summarization

Video summarization is a technique to generate a concise
representation of a video that captures the main events and
ideas into a short skim. A diverse set of video summa-
rization approaches can be categorized into two main cat-
egories: extractive and abstractive methods. [1] Extractive
video summarization methods select importance segments
from the original video without modifying the content.
Most works focus on leveraging deep learning techniques to
evaluate the importance score of each frame. A notable di-
rection in this domain employs LSTMs [13, 47, 55, 57, 59,
60], which are adapted to capturing both short- and long-
range dependencies in sequential frames. Abstractive video
summarization aims to create concise summaries of videos
by generating new content that captures the essence of the
original video. Most generic methods [14, 15, 58] tempo-
rally aggregate the most informative moments of an input
video to compose a summary video. Among these works,
CSTA [39], one of the most representative extractive meth-
ods, which initially extracts and concatenates frame fea-
tures, has been widely utilized as a foundation model in
video summarization. The appearance of LLMs presents
new opportunities for video summarization. LLMVS [19] is
the first to introduce LLMs into video summarization. Kim
et al. [36] utilize MLLMs to learn semantic representations.
Building on previous work, we further leverage inter-frame
information to obtain feature embeddings with contextual
relationships.
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Figure 2. The overall pipeline of our approach consists of three main atomic agents. Given an input video, the Summarizer generates
the initial predicted scores, after which the Verifier evaluates these scores and provides explanatory feedback. Finally, the Self-Reflector
computes the similarity between frames and the overall caption to identify missing keyframes.

2.2. MLLMs for Video Understanding

Recent studies have seen the emergence of many excel-
lent MLLMs [5, 24, 25] for video understanding.Video-
ChatGPT [26] incorporates frame-level spatiotemporal fea-
tures obtained from a CLIP-based video encoder into
the LLM, enabling detailed video descriptions. Video-
LLaMA [56] adopts a dual-branch architecture for vision-
language and audio-language streams, utilizing modules
such as Q-Former [21] and ImageBind [9] to integrate vi-
sual and auditory information, thereby extending its capac-
ity to understand temporal dynamics and sound context.
More recently, the field has shifted toward unified visual
representation and joint multimodal training strategies that
encompass both images and videos. For instance, Chat-
UniVi [16] and Video-LLaVA [23] improve multimodal in-
teraction learning by aligning image and video representa-
tions into a shared language feature space prior to LLM in-
put, using mixed-modal training data. The MLLM domain
continues to advance its capability to comprehensively un-
derstand complex video content by focusing on modality
alignment and integrated representation through joint train-
ing. Inspired by this work, our approach applies Qwen2.5-
VL [4] to leverage its ability to incorporate semantic in-
formation and provide a richer contextual understanding of
video content.

2.3. Video Agents

Nowadays, the idea of AI agents, systems that can au-
tonomously plan and execute tasks, has prevailed in recent
AI research. Within the video understanding field, VideoA-
gent [52] reconceptualizes video comprehension as a se-
quential decision-making process, emulating how humans
progressively gather and interpret visual information. In
this setting, a video is treated as a dynamic environment
where the agent decides whether to acquire additional evi-
dence or to finalize its judgment. PyVision [61] is an inter-
active framework in which the model automatically gener-
ates, executes, and interactively refines Python code in re-
sponse to multimodal user queries. Considering that cer-
tain visual tasks follow relatively fixed workflows and can-
not be organized as fully autonomous agents for VQA or
reasoning tasks, researchers have proposed agentic work-
flows, where MLLMs are employed to invoke appropri-
ate models and construct more flexible and adaptive solu-
tions. VADAR [27] guides the LLM to invoke dynamic
APIs for performing spatial reasoning. AoTD [35] auto-
matically generates Chain-of-Thoughts (CoTs) to decom-
pose complex questions into sub-tasks. Motivated by this
perspective, we propose an early exploration of integrating
an agent-style reasoning mechanism into video summariza-
tion, leading to the development of our agentic video sum-
marization framework.
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3. Methodology
AgenticVS is inspired by the human cognitive process
of generating video summarization and existing Video
Agents [27, 52]. Given a video, video summarization mod-
els typically generate importance score predictions based on
visual features. However, these predicted results cannot be
automatically refined through model training or regression
alone. In contrast, humans can perceive event transitions
and iteratively adjust their understanding across the entire
video. Inspired by this, we aim to emulate the processes of
verification and self-reflection to more effectively exploit
high-level semantic information.

We establish three primary atomic agents to decompose
the video summarization task into three stages: (a) initial
importance score prediction (section 3.2), (b) verify the
confidence of the initial score (section 3.3), and (c) subse-
quent refinement (section 3.4), as illustrated in Fig. 2.

The complete prompts used in both the Verifier and Re-
flector modules are provided in the Appendix.

3.1. Problem Formulation
The core idea of video summarization lies in encoding video
frames into feature representations, which are subsequently
input into a video summarization model to predict their im-
portance scores. Given a video F = [f1, f2, · · · , fN ] ∈
RN×3×H×W k, where N denotes the number of frames, and
H and W represent the frame height and width, respec-
tively. The input F is transformed into F ′ ∈ RN×D through
the frozen visual encoder, where D is the dimension of
frame features. Then, the VS model (e.g., CSTA [39]) maps
the features of each frame F ′ into single values, and a sig-
moid function computes the importance scores S ∈ RN .

3.2. Summarizer: Video Representation Alignment
with Image Representation

Previous works [19, 29, 39] mainly focus on the visual fea-
tures extracted from a single static frame by an image-level
encoder. Since humans tend to determine key frames based
on the content and event transitions when summarizing a
video, we adopt both a video encoder and an image encoder,
and align their embeddings in a shared feature space. The
structure of V2I Alignment is detailed in Fig. 3.

The core concept of V2I Alignment is to leverage the
rich semantic priors of static images to overcome the limita-
tions of pure video models in fine-grained semantic discrim-
ination, while maintaining their ability to capture temporal
dynamics. Given a frame ft that requires encoding and im-
portance score prediction, we first use GoogLeNet [43] as
the image encoder Eimg to extract the image-level embed-
ding vector vimg ∈ Rdi . To obtain inter-frame embeddings,
we group ω frames as a shot and follow the same settings
as VideoMAEv2 [49] for the video encoder Evid, which
adopts the joint space-time cube of size 2× 16× 16 as one

Figure 3. The structure of V2I Alignment module. Image fea-
tures are used solely as alignment targets in the Summarizer dur-
ing training, while only video-level features—after pooling and
adaptMLP processing—are employed during inference.

token embedding to generate the video-level embeddings
vector vvid ∈ Rω

2 ×dv .
To achieve alignment, we first compress the temporal

dimension ω
2 through temporal attention pooling based on

the multi-head attention mechanism. In this way, vimg

and vvid share the same shape within their respective fea-
ture spaces. Subsequently, we introduce a mapping module
equipped with an adapter to align the embeddings from both
spaces, resulting in a unified visual embedding vv2i that in-
tegrates both intra-frame and inter-frame information. Be-
cause the video-level embedding dimension dv differs from
the image-level dimension di, we choose an adapter archi-
tecture with layer normalization and the GELU activation
function in the network design to ensure stable training and
enhance representational capacity. For each frame ft, we
generate training data (vimg, vvid). The objective of V2I
Alignment is to learn a transformation function:

Fv2i : R
ω
2 ×dv → Rdi . (1)

The high-dimensional aligned embeddings extracted
through our V2I Alignment method can be directly utilized
as inputs to various video summarization models. Finally,
the initial scores st are produced by the Summarizer.

3.3. Verifier: Multi-round memory mechanism for
score confidence evaluation

Although the Summarizer considers information between
adjacent frames, we observed that it still overlooks certain
key segments in some visualizations (as shown in Fig. 5).
This limitation arises because the Summarizer lacks a holis-
tic understanding of the overall video content and event
transitions. To address this issue, we leverage the video
comprehension and reasoning capabilities of MLLMs to
generate score confidence assessments through comparative
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Figure 4. Multi-round memory prompt for score confidence
evaluation. Only the simplified prompts are shown in the figure,
while the complete versions are provided in the appendix.

analysis of video content.

For the Verifier, we design a multi-round memory
prompt as shown in Fig. 4. First, Verifier learns human
scoring criteria and underlying patterns during the learning
phase. Subsequently, Verifier re-evaluates positions with
initially low scores based on the scoring rules acquired in
the previous phase, providing confidence assessments for
these scores according to its learned judgments. Verifier
then calculates an adaptive threshold θs = mean(st)−0.5∗
std(st) to identify frames with low scores and low confi-
dence. After the evaluation, the Verifier determines the sta-
tus of each initial score st based on the assessed confidence
ct and performs two possible actions:

− Action 1: Search missing frames. If st is low while
ct is also low, it indicates that the initially assigned low
score is likely inaccurate, and the Reflector is applied to
identify a potentially missing key frame.

− Action 2: Pass to next video. If st is low but ct is high,
it implies that the low score is reliable, and the corre-
sponding frame can be confidently identified as a non-key
frame.

3.4. Reflector: Self-Reflection correction mecha-
nism for missing keyframes searching

After the Verifier makes an Action 1 decision, the Reflector
performs self-reflection. In contrast to the Verifier, which
directly queries the MLLM for inference and produces im-
mediate results, the Reflector first leverages the MLLM to
generate a video text summary and then utilizes the CLIP
model to compute more precise calibration scores.

First, the MLLM is explicitly instructed to understand
and summarize the video, focusing on aspects relevant to
video summarization, such as the overall content, event
transitions, and scene changes. It then generates appropri-
ate captions, which are subsequently used as input to CLIP
for scoring. Next, the MLLM perceives and summarizes
the entire segment of the video to produce captions repre-
senting the content that should be included in the summary
according to the model’s understanding. Then, based on
the frames identified by the Verifier as requiring recalibra-
tion, we extract the corresponding frame images {f̂t}. Fi-
nally, each frame f̂t is paired with the caption and fed into
the CLIP model to compute the cosine similarity between
the image {f̂t} and caption, which is used as the calibrated
score {ŝt}to replace the inaccurate initial scores {st}.

ŝt = cos(Ev(f̂t), Et(FMLLM (V ))) (2)

Considering that the initial scores {st} and the cosine
similarities {ŝt} computed by CLIP may differ in scale
and cannot be directly substituted, we first normalize both
types of scores. The CLIP-based calibrated scores are then
rescaled to match the scale of the initial scores, ensuring
that the re-evaluated scores provided by the Reflector can be
correctly used as calibration results to replace the previous
scores. Finally, following the same decision procedure as
before, the key frame positions are re-determined accord-
ing to the new importance scores, yielding the final video
summarization results of AgenticVS.

3.5. Training Objective
Since the Verified and Reflector are training-free, we only
train the V2I alignment module and the VS model.

For the V2I alignment module, we adopt a composite
loss function that combines an MSE term with a residual
regularization term. Specially, given the video-level fea-
tures vvid and the corresponding image-level features vimg

for each frame t = 1, · · · , T , the mapping function FV 2I(·)
produces the aligned features v̂tvid = FV 2I(v

t
vid). The loss

function is formulated as:

Lv2i =
1

T

T∑
t=1

∥∥v̂tvid − vtimg

∥∥2
2
+ λ

1

T

T∑
t=1

∥∥v̂tvid − vtvid
∥∥2
2
,

(3)
where λ is set to 10−3 to balance the regularization term.
The first term encourages the mapped features to align with
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the image-level space, while the second term limits devia-
tion from the original video-level embeddings as a residual
constraint. This design maintains both alignment and sta-
bility, yielding more robust cross-model feature adaptation.

The VS model is trained by minimizing the squared error
between the predicted initial importance score st and the
ground-truth s∗t for each frame. The loss is formulated as
follows:

L∫ =
1

T

T∑
t=1

(s∗t − st)
2. (4)

This loss encourages the aligned embeddings to accu-
rately reflect the contextual and intrinsic importance of each
frame.

4. Experiments and Results
4.1. Experimental Settings
Datasets. We evaluate our approach and several state-
of-the-art video summarization models [8, 19, 39] on
two standard benchmarks, SumMe [10] and TVSum [40].
SumMe consists of 25 YouTube videos with 15–18 human-
generated summaries per video, each limited to under
15% of the original length. TVSum includes 50 YouTube
videos with title and category metadata, along with human-
annotated frame-level importance scores every two seconds.
Evaluation Metrics. We evaluate AgenticVS using
Kendall’s τ [17] and Spearman’s ρ [41] coefficients. Both
are rank-based correlation measures used to assess the sim-
ilarity between model-predicted and ground-truth scores.
Although the F1-score has been widely adopted in video
summarization, it often favors shorter clips over actual key
shots due to length constraints [30, 45], making it an unreli-
able performance metric. Therefore, we base our evaluation
primarily on τ and ρ.
Implementation Details. In our implementation, Video-
MAEv2 processes a sliding window of eight consecutive
frames to encode video-level embeddings, resulting in a
space–time cube embedding of ω = 8. For the video sum-
marization model, we adopt the CSTA [39] architecture as
a representative baseline to validate the general applica-
bility of our Summarizer. For constructing the Verifier-vs
and Reflector, we employ Qwen2.5-VL-7B-Instruct [50] as
the MLLM to facilitate multi-turn, dialogue-based reason-
ing and decision-making. In the Reflector module, CLIP-
ViT-B/32 [29] is used to compute cosine similarity for gen-
erating modified importance scores. All experiments are
conducted on NVIDIA V100 GPUs with a learning rate of
1 × 10−4, a weight decay of 1 × 10−4, and a batch size of
1 across all training stages.

4.2. Performance Comparison
We compare our proposed AgenticVS model with three
types of methods: (1) random and human baselines, (2)

Table 1. Comparison with Visual-Based and Visual–Text-Based
Video Summarization Methods.

Method SumMe TVSum
τ ρ τ ρ

Random [30] 0.000 0.000 0.000 0.000
Human [30] 0.205 0.213 0.177 0.204
Visual
VASNet [7] 0.160 0.170 0.160 0.170
DSNet-AB [62] 0.051 0.059 0.108 0.129
DSNet-AF [62] 0.037 0.046 0.113 0.138
DMASum [48] 0.063 0.089 0.203 0.267
PGL-SUM [2] - - 0.206 0.157
MSVA [8] 0.200 0.230 0.190 0.210
iPTNet [15] 0.101 0.119 0.134 0.163
CSTA [39] 0.246 0.274 0.194 0.255
Visual+Text
CLIP-It [29] - - 0.108 0.147
A2Summ [12] 0.108 0.129 0.137 0.165
SSPVS [20] 0.192 0.257 0.181 0.238
Argaw et al. [3] 0.130 0.152 0.155 0.186
LLMVS [19] 0.253 0.282 0.211 0.275
Agentic
AgenticVS (ours) 0.274 0.308 0.220 0.290

models that utilize visual features, and (3) models that in-
corporate both visual and textual features. The random and
human performance metrics are obtained from [30].

Table 1 shows that AgenticVS outperforms all non-
agentic methods—including both visual-only and vi-
sual–text approaches—across all four evaluation metrics on
the SumMe and TVSum datasets, establishing itself as the
top-performing model. Its performance substantially sur-
passes that of all purely visual methods. For instance, on
the SumMe dataset, AgenticVS achieves a correlation of
ρ = 0.308, notably higher than the best visual method,
CSTA (ρ = 0.274). AgenticVS also outperforms all vi-
sual–text methods; for example, on TVSum, it attains ρ =
0.290, exceeding the best visual–text approach, LLMVS
(ρ = 0.282). These results indicate that the agentic frame-
work more effectively integrates visual and textual informa-
tion through advanced reasoning, planning, and multimodal
information fusion, thereby achieving a significant perfor-
mance improvement.

4.3. Ablation Study
More ablation studies are provided in the appendix.
Workflow Establishment. We conduct ablation studies to
evaluate the contribution of each component in our Agen-
ticVS workflow. As shown in Table 2, integrating the V2I
Alignment module into the Summarizer yields notable im-
provements: both τ and ρ increase by 15.2% on SumMe
and by 20.8% and 19.8%, respectively, on TVSum, demon-
strating that aligning the two feature spaces effectively en-
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Table 2. Ablation for atomic agents in AgenticVS. In the baseline
setting, the image-level and video-level embeddings are directly
concatenated and reshaped before being fed into the CSTA model
for training, without the agentic workflow. V and R represent
Verifier and Reflector, respectively.

Components SumMe TVSum
Baseline V2I V R τ ρ τ ρ

✓ ✗ ✗ ✗ 0.230 0.257 0.178 0.232
✓ ✓ ✗ ✗ 0.265 0.296 0.215 0.278
✓ ✓ ✓ ✓ 0.274 0.308 0.220 0.290

Table 3. Ablation study of pooling strategies and alignment meth-
ods in the V2I Alignment module on SumMe. The study focuses
on the V2I module without using the Verifier and the Reflector.

Method τ ρ
Without Alignment
Only Eimg 0.228 0.254
Only Evid 0.220 0.245
Concat Eimg and Evid 0.230 0.257
With Alignment
I2V alignment 0.238 0.265
V2I alignment 0.265 0.296
With V2I Alignment
Mean pooling 0.243 0.270
Temporal Attention Pooling 0.265 0.296

riches inter- and intra-frame representations. The Verifier
serves as a bridge between the Summarizer and the Reflec-
tor and is meaningful only when used in conjunction with
the Reflector. When jointly applied, these two components
reassess initial scores, provide a global perspective of video
content, recover missing keyframes, and refine predictions.
This results in further performance gains, with τ increasing
from 0.265 to 0.274 on SumMe and from 0.215 to 0.220 on
TVSum.
V2I Alignment Establishment. We conduct extensive ex-
periments to analyze the pooling strategy and mapping de-
sign in the V2I Alignment module, as shown in Table 3. We
ultimately adopt temporal attention pooling for video-level
pooling and use AdaptMLP to align video- and image-level
embeddings, producing single-frame features enriched with
inter-frame context. Experiments using only the image-
level or only the video-level encoder show that either alone
falls short of the aligned fusion strategy. We also compare
pooling and mapping variants: temporal attention pooling
outperforms mean pooling by assigning adaptive impor-
tance weights to frames or regions, yielding richer seman-
tics and stronger representations. Additionally, V2I align-
ment proves more effective than I2V.
Reflector Establishment. For train-free Reflector, we ex-
plore two distinct construction methods: one in which

Table 4. Ablation study of model selection within the Reflector
module. The study focuses on train-free Reflector without using
Summarizer and Verifier.

Method Training Type τ ρ
DMASum [48] Supervised 0.063 0.089
iPTNet [15] Supervised 0.101 0.119
A2Summ [12] Supervised 0.108 0.129
Qwen2.5-VL Train-free 0.073 0.081
Reflector (Ours) Train-free 0.116 0.128

Qwen-VL directly generates importance scores, and the
other described in Section 3.4. From the results in Table 4,
we observe that under the same train-free setting, the scores
produced by Reflector align more closely with the hu-
man annotations, whereas Qwen-VL exhibits less satisfac-
tory performance. Moreover, when using CLIP-generated
scores, the prediction accuracy under the train-free condi-
tion already surpasses several early fully supervised meth-
ods [12, 15, 48]. The inferior performance of Qwen-VL
compared to CLIP stems from their scoring mechanisms.
As an MLLM, Qwen-VL generates human-like responses
based on queries and multi-step reasoning, resulting in less
precise scores with limited inter-frame variation, making
them unsuitable for metrics like τ and ρ. In contrast, Re-
flector uses CLIP to produce stable, fine-grained scores with
clear frame distinctions, making it more suitable for video
summarization—consistent with findings in CLIP-It [29].
These findings demonstrate that in the unsupervised setting,
our Reflector—combining Qwen-VL for video understand-
ing with CLIP for score generation—achieves practical and
competitive performance. This strategy requires no model
training and can be readily adapted to a wide range of task
scenarios.

4.4. Qualitative Results
Fig. 5 presents qualitative comparisons on two example
videos from the SumMe dataset. Each row illustrates the
importance score and selected key segments over time by
different methods, where the top row (GT) represents the
human-annotated ground truth summaries aggregated from
multiple users.

As shown in Fig. 5, our model produces a summary
that closely aligns with the ground truth. The initial scores
produced by Summerizer effectively capture key transitions
and salient moments such as behavioral changes and inter-
view scenes. Furthermore, the subsequent processing by the
Verifier and Reflector effectively compensates for the miss-
ing segments from the Summarizer, resulting in improved
summarization quality.

These qualitative results affirm the strength of our agen-
tic workflow in identifying contextually significant seg-
ments with MLLM deep understanding and reasoning. For
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Figure 5. Qualitative results. Videos are from the SumMe dataseet. The x-axis and y-axis represent frame index ft and importance score
s, respectively. The blue bars indicate the user summary from the ground truth annotations, while the green bars denotes the predicted
key frames from our AgenticVS. Mint and pink bars represent that Reflector can effectively compensate for the missing segments from the
Summarizer.

the adjustment of the initial scores, we adopt a unified in-
structional prompt for MLLM-based analysis rather than re-
lying on human-provided explanations as prompts. This
design not only reduces manual intervention and facili-
tates adaptation to various scenarios but also mitigates the
subjective bias introduced by manually crafted prompts,
thereby enhancing the interpretability of AgenticVS.

5. Conclusion
In this paper, we propose AgenticVS, a novel agentic
framework for video summarization that leverages the
reasoning, self-reflective, and tool utilization capabilities
of MLLMs. Unlike traditional extractive or one-shot
methods, AgenticVS reformulates video summarization as
a closed-loop workflow of three agents—the Summarizer,
Verifier, and Reflector. The Summarizer produces initial
frame-level scores using aligned visual embeddings,

and the Reflector performs multi-round reasoning to
refine them based on global video context, recovering
missed keyframes. V2I Alignment ensures effective
fusion of video- and image-level features. Experiments
on SumMe [10] and TVSum [40] show that AgenticVS
surpasses state-of-the-art extractive and LLM-based
baselines in ranking-based metrics (τ , ρ), confirming its
ability to deliver more accurate predictions with fewer
missed keyframes and without hand-crafted prompts. The
framework is flexible and extendable to broader video
understanding tasks (e.g., VQA, video reasoning, video
tracking) and more complex settings such as long videos,
multi-view data, and additional modalities. In summary,
AgenticVS advances toward intelligent, adaptive, and
human-like video summarization by integrating summa-
rization, verification, and self-reflection to iteratively refine
predictions and achieve robust global video understanding.
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