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Abstract

Recent advancements in multimodal large language models
(MLLMs) and video agent systems have significantly im-
proved general video understanding. However, when ap-
plied to scientific video understanding and educating—a
domain that demands external professional knowledge in-
tegration and rigorous step-wise reasoning—existing ap-
proaches often struggle. To bridge this gap, we propose Sci-
Educator, the first iterative self-evolving multi-agent system
for scientific video comprehension and education. Rooted
in the Deming Cycle from management science, our de-
sign reformulates its Plan–Do–Study–Act philosophy into
a self-evolving reasoning and feedback mechanism, which
facilitates the interpretation of intricate scientific activities
in videos. Moreover, SciEducator can produce multimodal
educational content tailored to specific scientific processes,
including textual instructions, visual guides, audio narra-
tions, and interactive references. To support evaluation, we
construct SciVBench, a benchmark consisting of 500 expert-
verified and literature-grounded science QA pairs across
five categories, covering physical, chemical, and everyday
phenomena. Extensive experiments demonstrate that Sci-
Educator substantially outperforms leading closed-source
MLLMs and state-of-the-art video agents on the benchmark,
establishing a new paradigm for the community. Our code
and data will be available at SciEducator.

1. Introduction

Existing MLLMs for video have achieved significant
progress by focusing on enabling large models to under-
stand videos through the integration of visual encoders,
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Figure 1. SciEducator, conducting video comprehension and de-
livering science education, can generate multimodal educational
e-booklets that provide detailed, and engaging guidance.

large language models, and temporal modeling, thereby al-
lowing them to perceive, reason about, and discuss dynamic
visual content [3, 53, 54]. However, they suffer from a key
limitation: inadequate ability to leverage external resources
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and integrate tools [8, 52], which substantially constrains
their functionality and application scenarios.

Recent agentic systems, capable of integrating and effec-
tively utilizing external tools to ultimately achieve complex
and powerful functionalities, thus attracting significant at-
tention [37, 63]. For instance, [43] proposed a PostAgent
that can transform a research paper into a well-structured
poster, while [44] introduced an agentic system integrating
multiple agents capable of fully autonomous software de-
velopment. These examples demonstrate the substantial ap-
plication potential of agentic systems. However, they still
face several issues at the current stage. Their performance
is affected by inherent problems of large language models,
such as hallucinations [57] and unstable capabilities [60].
Furthermore, for scientific video tasks that require the in-
tegration of external professional knowledge and rigorous
step-by-step reasoning, these systems often struggle to gen-
erate effective and feasible plans initially and still lack the
systematic mechanism to self-evolve and self-optimize their
workflows based on previous execution results.

To address the limitations of existing agentic systems,
we propose SciEducator, a novel multi-agent system for sci-
entific video understanding and educating, where external
professional knowledge integration, complex task planning,
and rigorous reasoning are essential. Rooted in the cele-
brated Deming Cycle [41, 50] from management science,
SciEducator introduces an iterative optimization mecha-
nism that enables self-evolving reasoning and continuous
enhancement. By repeatedly planning, executing, evalu-
ating, and refining its workflows, the system progressively
converges toward high-confidence and accurate interpreta-
tions as well as reliable educational content generation of
complex scientific activities.

Our SciEducator operates in two stages: understanding
and educating. In the understanding stage, an LLM-based
planner acts as the central controller. It retrieves domain
knowledge from both internal and external sources, formu-
lates multiple candidate workflows involving various agents
(e.g., Video Content Acquisition Agent, Web or Academic
Paper Search Agent), and stores them in a solution pool.
An LLM-based evaluator then integrates diverse metrics to
assess each candidate and select the optimal workflow for
execution. The execution results undergo a confidence eval-
uation: if the planner deems the current results sufficiently
convincing, it synthesizes the available information to pro-
duce the final output; otherwise, SciEducator proceeds with
further processing. The execution outcomes and feedback,
especially summarized failure reasons and newly acquired
knowledge, are subsequently used to refine and update the
solution pool, thereby embodying the Deming Cycle’s iter-
ative improvement loop. In the educating stage, SciEduca-
tor generates multimodal e-learning materials tailored to the
scientific content interpreted in the understanding stage. It

first retrieves relevant experimental procedures, safety pre-
cautions, required equipment images, and shopping links,
and then produces textual instructions, visual guides, audio
narrations, and interactive e-booklets that present scientific
knowledge in an engaging and accessible manner.

To evaluate the superiority of our system, we intro-
duce SciVBench, a new benchmark containing 500 expert-
validated and literature-grounded question–answer (QA)
pairs across three scientific domains: physics experiments,
chemistry experiments, and daily life phenomena. The QA
pairs are further categorized into five types, i.e., terminol-
ogy, principle, prediction, reading, and design. We also pro-
pose a comprehensive set of metrics for comparative evalu-
ation of both understanding and educating capabilities. Ex-
perimental results show that SciEducator consistently out-
performs leading commercial MLLMs and state-of-the-art
multi-agent systems in both aspects.

Our main contributions are summarized as follows:
• We propose SciEducator, the first multi-agent system

for scientific video understanding and educating, which
not only comprehends complex and fine-grained scien-
tific videos but also generates multimodal educational e-
booklets that integrate diverse information to deliver en-
gaging guidance and stimulate scientific curiosity.

• Inspired by the Deming Cycle, we equip SciEducator
with an iterative workflow optimization mechanism that
progressively refines solutions through failure analysis
and newly acquired knowledge, substantially enhancing
its capability to handle meticulous scientific activities and
offering a novel paradigm for agentic system design.

• We construct SciVBench, the first benchmark for
scientific-phenomenon video analysis, featuring diverse
question–answer pairs across physics, chemistry, and
daily life phenomena, along with a comprehensive set of
evaluation metrics.

2. Related Work

2.1. Multimodal Large Language Models

Recent years have witnessed substantial progress in vision-
language models [4, 32, 33, 39, 48, 49, 56, 61, 62, 64].
VTimeLLM introduces a boundary-aware three-stage train-
ing strategy [36], TimeSuite employs temporal adaptive po-
sition encoding [58], and Slowfast-LLava designs a low-
speed feature sampler to enhance temporal awareness in
visual representations [54]. Closed-source models such as
GPT-4o [42], Gemini [35], and Claude [1] have also been
widely adopted as foundational MLLMs in downstream
video tasks. However, these systems are critically limited
by their inherent inability to effectively leverage external
resources and integrate specialized tools. This fundamen-
tal shortfall severely curtails their functional capacity and
practical applicability in various scenarios.
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2.2. Multi-Agent Systems
With the application of multi-agent systems(MASs) across
numerous domains, computer vision researchers have also
begun exploring MASs for video understanding [34, 55].
VideoAgent [52] proposed a framework capable of interac-
tive reasoning and planning through confidence evaluation,
focusing particularly on long-form video comprehension.
In [8], a memory-enhanced MAS for video understanding
was introduced, emphasizing structured spatiotemporal in-
formation. VideoAgent2 [63] simulated the cognitive pro-
cess of human video understanding by designing an uncer-
tain chain-of-thought reasoning approach. However, they
still face several challenges. Their performance is limited
by the inherent weaknesses of LLM, like hallucinations and
instability. For scientific video tasks and medical tasks [47]
requiring external expertise and rigorous step-by-step rea-
soning, they often fail to produce viable initial plans and
lack systematic mechanisms that enable them to self-evolve
and optimize their workflows based on past results.

3. SciEducator
Our pipeline is illustrated in Fig. 2, where we introduce Sci-
Educator, a multi-agent system for scientific video compre-
hension and education. We begin by giving the problem
definition in Sec. 3.1, and introduce the specialized tools &
agents integrated into the system in Sec. 3.2, followed by a
description of SciEducator’s video understanding workflow
in Sec. 3.3, and the educational booklet generation process
in Sec. 3.4. These designs enable the system to effectively
analyze problems, provide feasible solutions, and ultimately
produce accurate and robust responses, with an optional ed-
ucation e-booklet generation.

3.1. Problem Definition and Overview
The goal of our multi-agent system S is to return an accu-
rate, self-consistent answer A given a user query Q and a
scientific video V ; what’s more, it is able to generate an
educational booklet after video understanding. The core
workflow of our approach can be represented as follows:

A = S(Q,V ;P,E, T ), (1)

where P and E represent the planner and evaluator, which
act as the leading roles inside the Deming (PDSA) cycle. T
denotes the dynamically configured set of tools and agents
aiming at different stages inside our system. For example,
in the Deming cycle, T includes TPlan, TDo, TStudy; and in the
educational booklet generation stage, T refers to TBooklet.

Speaking of the PDSA iteration, which is the core of
our pipeline, it conducts the plan-do-study-act process it-
eratively to obtain the most refined and reasonable answer,
as shown in Fig. 2. Specifically, ”plan” refers to the process
of retrieving the corresponding knowledge and building up

a solution pool from our system’s internal knowledge base.
The ”do” stage targets at assessing to find the most appro-
priate solution from the pool, and provides confidence to
decide either to stop cycles and give a well-structured re-
sponse to users, or step into the ”study” stage. In ”study”,
our system aims to find the reasons for being unable to give
answers, and seeks useful new information. After updat-
ing the solution pool with the ”act” stage, it will have better
confidence to provide a good reply to the query. We will
illustrate more details in Sec. 3.3.

Another key aspect of our system is the extension of
scientific video understanding toward educational content
generation, enabling the automatic creation of structured e-
booklets that illustrate and guide the replication of scien-
tific phenomena with high relevance, clarity, and appeal to
young learners. Further details are provided in Sec. 3.4.

3.2. Tools & Agents Configuration

Our system integrates a total of sixteen specialized com-
ponents, including ten agents and six tools, each tailored
for specific subtasks with well-defined input–output inter-
faces. These components are organized into two categories:
(i) dynamically invocable tools/agents, which are adap-
tively called based on the system’s reasoning context; and
(ii) fixed-execution tools/agents, which operate automati-
cally at predetermined stages of the workflow.

The dynamically invocable components primarily sup-
port functions such as task planning, content acquisition,
evaluation, and web or literature retrieval. The fixed-
execution components focus on knowledge-base mainte-
nance, multimodal synthesis, and e-booklet generation. De-
tailed descriptions of all tools and agents are provided in the
Supplementary Material.

3.3. Deming Cycle within SciEducator

We instantiate SciEducator as a closed-loop
Plan–Do–Study–Act (PDSA) controller tailored to
scientific video understanding and its downstream educa-
tional content creation. The same loop is later reused for
e-booklet generation (Sec. 3.4) with a slightly different
toolset and, when applicable, without video input. Each of
the four stages in the i-th cycle is described as follows.

Plan stage. Given a user query Q and video V sampled
at one fps, we prompt a captioner to obtain a temporally
grounded description Vcontent. A retrieval-augmented agent
then extracts salient entities and keywords and retrieves do-
main knowledge K from an internal corpus. Noted that,
this K is only retrieved in the first cycle for once, and will
be updated just by the study stage. The planner composes
a diverse pool of candidate plans by combining Vcontent and
K, using few-shot exemplars to stabilize call signatures and
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Figure 2. SciEducator architecture overview. We design a multi-agent system capable of implementing the PDSA cycle, which iteratively
optimizes output responses through cyclic iterations.

parameter settings. This stage can be summarized as:

Mi,K = P
(
Q, V, TPlan

)
, (2)

where Mi is the candidate plan pool in the i-th cycle and
TPlan denotes the planning toolset.

Do stage. Given the solution pool Mi, the evaluator
scores each plan with a composite of objective Aobj and
LLM-based perceptual criteria Apercep and selects the best
trade-off in time and token efficiency, success likelihood,
feasibility, and overall performance. To estimate time and
token costs, we build an empirical prior E by issuing 20
randomized probe calls per tool/agent, from which we ob-
tain average latency, average token usage, and success prob-
ability. For relevance and feasibility, we weight a plan’s
keywords using inverse document frequency (IDF) [45],
reflecting their ability to retrieve discriminative knowledge
for the current video:

IDF(k) = log

(
N

f(k) + 1

)
, (3)

where N is the corpus size and f(k) is the number of docu-
ments containing k; we use an internal corpus of 84 physics
and chemistry documents. In parallel, a subjective judge
compares plans on coverage, logical coherence, scientific
soundness, and clarity. The selection of the best solution s⋆

is defined as:

s⋆ = arg max
s∈Mi

[
Aobj(s; E , IDF) + λApercep(s)

]
, (4)

which is then executed step-by-step to produce the stage
output Ri. We summarize the do stage as

Ri = E
(
Mi, V, TDo

)
, (5)

where E(·) is the evaluator and TDo refers to the do-stage
toolset. After obtaining Ri, the planner estimates a confi-
dence score using the query Q, the video context V , and the
executed plan:

Ci = P (Ri, Q, V ). (6)

This score indicates whether the available evidence suf-
fices to address the query and yield a convincing answer;
if high, SciEducator synthesizes the information and pro-
duces a well-structured response.

Study and Act Stage. If confidence is low, the system en-
ters the study phase: the planner diagnoses why the answer
is insufficient (e.g., tool failures, overly broad and irrele-
vant retrieval, or insufficient detail in video captions) and
aggregates any useful evidence discovered this round into
the knowledge base. Formally,

Fi, Ki+1 = P
(
Ri, Ki, Q, V, TStudy

)
, (7)
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where Fi is the failure analysis and Ki+1 = Ki ∪ Knew is
the updated knowledge. Guided by Fi,Ki, the act function
ΓAct replans the next pool—adjusting structure, granularity,
or query specificity (e.g., apply video super-resolution for
blurry frames, increase captioning fps for missed actions,
and refine queries with more specific entities):

Mi+1 = ΓAct
(
Fi, Ki+1, Mi

)
. (8)

The system executes the next iteration with the updated so-
lution pool Mi+1 and repeats the confidence check, iterating
until Ci≥τ or a maximum number of cycles we choose.

3.4. Educational E-booklet Generation
After video understanding, SciEducator identifies the spe-
cific scientific phenomenon in the video and its underly-
ing principles. When required, it triggers a multimodal re-
trieval and generation pipeline to produce a child-friendly
e-booklet that includes: (a) experimental guidance; (b) re-
quired equipment with purchase links; (c) step-by-step pro-
cedures with instructional diagrams; (d) safety precautions
for both equipment and operations with accompanying au-
dio prompts; and (e) a concise summary of the experiment
and its principles. The booklet adopts a progressive, logi-
cally organized layout to support rapid comprehension and
faithful replication by young readers.

To assemble content, SciEducator uses an Entity Recog-
nition agent to extract key entities, then the Procedure
Search and Safety Alert agents to retrieve replicable steps
and precautions. We target four properties: (i) relevance
(avoiding content unrelated to the experiment), (ii) instruc-
tional quality (complete, detailed, and safety-aware), (iii)
attractiveness (engaging, visually impressive replication),
and (iv) educational value (steps that expose the govern-
ing principles). The process follows the same PDSA loop
as Sec. 3.3, but here the input is only the query, confidence
is assessed w.r.t. these four properties, while the available
tools are different.

After obtaining the procedures, an Equipment Search
tool returns images and purchase links for the relevant
equipment; an Illustration Generation tool produces step-
wise guidance images; and a Speech Generation tool syn-
thesizes audio instructions. Finally, an E-booklet Gen-
eration agent integrates text, images, audio, hyperlinks,
and layout into a well-structured booklet in the style of
children’s science literature. Compared with a single-
LLM baseline, SciEducator provides richer modalities with
higher relevance and instructional quality, while improving
engagement through integrated text–image–audio design.

4. Experiments
4.1. SciVBench Dataset
To construct a specialized, accurate, and reasoning-
intensive collection of scientific videos with correspond-

Figure 3. Proportional distribution of video and QA categories.
SciVBench comprises three types of scientific videos and five cat-
egories of questions, enabling a comprehensive evaluation of a
model’s ability to acquire diverse domain knowledge and tackle
various complex scientific problems.

ing QA pairs, we systematically gathered rich scientific
video resources from major video platforms and science ed-
ucation websites, including 54 physics experiment videos,
54 chemistry experiment videos, and 103 daily life phe-
nomenon videos as shown in Fig. 3. Domain experts in
physics and chemistry systematically reviewed the subti-
tles, explanatory narrations, knowledge manuals or guides,
as well as relevant reference materials and academic papers
for each video. Two domain experts independently authored
and validated each QA pair, and disagreements were adju-
dicated by a third expert. Through rigorous cross-validation
with additional sources, we developed 500 scientifically-
grounded question-answer pairs based on the video content:
160, 148, and 192 pairs for physics, chemistry, and daily life
phenomenon videos.

Only the visual content of the videos was used as in-
put, with all subtitles and audio narrations removed. Each
QA pair was designed such that correct answers could
only be derived by comprehending the video content, not
from the question text alone. All answers maintain logi-
cal integrity, forming coherent reasoning chains from fun-
damental knowledge to final conclusions, while avoiding
any semantic deviation from reference materials and pa-
pers. These highly specialized, accurate, and reasoning-
intensive QA pairs establish a solid foundation for evalu-
ating the performance of existing MLLMs and multi-agent
systems (MASs) in scientific video comprehension and val-
idating the effectiveness of our SciEducator.

4.2. Evaluation Metrics
Evaluation Metrics for Understanding. We employ two
metrics to evaluate the performance in scientific video un-
derstanding, using qwen3-max as the unified evaluator for
all model-generated answers. Specifically, these metrics
are:
• Relevance (Rel): We first provide the reference an-

swer and extensive scientific background for the cur-
rent question to Qwen3-Max [2], instructing it to as-
sess how relevant the model-generated answer is to the
query—focusing on whether the response aligns with the
scientific subdomain involved, regardless of correctness.

26501



z

    

 

z

Query: I want to discover 
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Figure 4. Qualitative comparison between SciEducator and MLLMs in Education E-booklet Generation. The left is our generated e-booklet
with comprehensive contents and a well-organized structure, while other popular MLLMs (see the right) all fail in such generation. These
examples demonstrate SciEducator’s ability to generate more comprehensive, better-structured, and more attractive Education E-booklet.

The goal is to evaluate whether the answer provides mis-
leading or irrelevant information. The scoring uses three
discrete values: 0 for irrelevant responses, 0.5 for par-
tially relevant, and 1 for fully relevant.

• Accuracy (Acc): We then use Qwen3-Max [2] to ana-
lyze the semantic similarity between the generated an-
swer and the reference answer, scoring the correctness
of the model’s response. Similarly, this metric employs
three discrete scores: 0 for completely incorrect answers,
0.5 for partially correct, and 1 for fully correct.
Detailed scoring strategies and prompts can be found in

the supplementary materials. The relevance and accuracy
metrics for each model are calculated as the average scores
across all questions and are presented in the results table as
percentages, with the percentage symbols omitted.

Evaluation Metrics for Education. To assess the educa-
tional performance of SciEducator and various MLLMs, we
decoupled this part from the understanding benchmark. All
models were provided with the scientific terminology of the
current experiment in a video and asked to generate proce-
dures and precautions for replicating it. Although SciEd-
ucator can generate more modalities than MLLMs, we fo-
cused specifically on comparing their shared textual modal-
ity for quantitative comparison.

We employed four metrics and uniformly used Qwen-
VL-Plus [2] to evaluate all model responses in a compar-
ative setting. Qwen-VL-Plus [2] was supplied with sub-
stantial background information about each experiment as
a reference. Specifically, the metrics are:

• Relevance: How well the generated experimental proce-
dures and precautions align with the current experiment
and its underlying principles.

• Instructional Quality (IQ): How effectively the gener-
ated procedures and precautions guide children in con-
ducting the experiment, with emphasis on detail orienta-
tion, completeness, clarity, and safety warnings.

• Attractiveness: A comprehensive assessment of how en-
gaging the textual instructions are. For SciEducator, the
aesthetic quality of its supporting illustrations is also in-
corporated into this evaluation to identify the most capti-
vating response.

• Educational Value (EV): How well each model’s re-
sponse stimulates children’s scientific interest and guides
them to understand the principles through the experiment.

Detailed scoring strategies and prompts can be found in
the supplementary materials. We evaluate 40 videos (Edu-
cation Subset). For each video, all model responses were
collectively anonymized and input into the VLM for evalu-
ation. The best response for each metric was selected, and
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SciEducator VS. ChatGPT & Claude & Gemini

Input
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Query
When striking the five bottles from right to left, how does the 

pitch change?

When striking the five bottles from right to left, the pitch 

of the sound typically changes from higher to lower......

When striking the five bottles from right to left, the pitch 

decreases.

Based on the video showing the five bottles being struck 

from right to left, the pitch changes in a descending 

pattern....

The pitch gradually increases when someone strikes 

the five bottles from right to left because shorter water 

columns produce higher pitches.

Daily life Chemistry

The experiment shown involves the use of mercury, 

identifiable by its unique silvery appearance and its 

distinctive liquid behavior in the container

What substance is used in the video?

The experiment shown involves the use of mercury,

identifiable by its unique silvery appearance and its

distinctive liquid behavior in the container.

The substance in the video appears pink in its gaseous

state in air and black in its crystalline form. This is iodine.

Based on the sequence of video, this experiment appears

to use several substances, possibly involving

permanganate, a transition metal complex, or another

compound that produces colored solutions…

Figure 5. Qualitative comparison between SciEducator and MLLMs. These examples demonstrate SciEducator’s ability to generate more
comprehensive, better-structured, and more logically coherent answers than the other MLLMs.

Table 1. Quantitative Comparison between SciEducator and pop-
ular MLLMs and MASs for scientific video understanding on
SciVBench. Compared with these SOTA models, our model ex-
hibits higher relevance and accuracy.

Model Physics Chemistry Daily Life
Rel Acc Rel Acc Rel Acc

Commercial APIs
GPT-4o [42] 47.50 34.69 39.86 31.42 30.73 27.86
Gemini 2.0 flash [35] 52.81 38.75 46.96 36.15 34.64 31.25
Claude 3.7 Sonnet [1] 44.06 31.88 40.20 31.76 31.77 28.65

Multi-Agent Systems
VideoAgent[52] 49.06 36.56 45.61 34.80 30.47 27.34
videoagent[8] 46.25 35.31 46.62 37.16 31.51 28.13
SciEducator (Ours) 81.88 65.31 73.97 64.86 64.58 62.24

final win rates were calculated and presented in tables.

4.3. Experimental Results
Quantitative Analysis. To verify SciEducator’s ef-
fectiveness, we evaluate on SciVBench against three
closed-source MLLMs (Claude 3.7 Sonnet [1], GPT-4o
[42], Gemini 2.0 Flash [35]) and two state-of-the-art
multi-agent systems (MASs) (VideoAgent [52] and videoa-
gent [8]), and report results in Tab. 1 for scientific video un-
derstanding and Tab. 2 for educational content generation.

For scientific video understanding, Tab. 1 shows that Sci-
Educator consistently surpasses all baselines on the rele-
vance and accuracy metrics across the physics, chemistry,
and daily-life tracks, indicating tighter adherence to the
visual evidence and underlying scientific principles than
general-purpose MLLMs and prior MASs.

Tab. 2 reports results for the scientific educational
content generation task, comparing SciEducator with the

Table 2. Quantitative Comparison between SciEducator and popu-
lar MLLMs for scientific education on SciVBench Education Sub-
set. Each metric is reported by win rate (%).

Model Education Subset

Relevance IQ Attractiveness EV

Gemini 2.0 flash [35] 10.00 2.50 0.00 5.00
GPT-4o [42] 7.50 5.00 2.50 7.50
Claude 3.7 Sonnet [1] 5.00 5.00 0.00 5.00
SciEducator(Ours) 77.50 87.50 97.50 82.50

closed-source MLLMs (MASs baselines do not support this
task). SciEducator demonstrates a clear advantage in creat-
ing high-quality instructional materials.

Qualitative Analysis. As illustrated in Fig. 5, for specific
user queries, SciEducator provides responses that are more
comprehensive, detailed, and clearly explained compared to
MLLMs such as GPT-4o [42]. This advantage stems from
two core capabilities of SciEducator: first, the integration
of multiple powerful search tools significantly expands the
system’s knowledge capacity; second, its robust planning
and replanning capabilities enable it to better analyze com-
plex video content and acquired information, resulting in
more organized and higher-quality answers.

As shown in Fig. 1, SciEducator can generate e-learning
materials of four modalities: text, images, hyperlinks, and
audio, featuring rich colors and aesthetically pleasing lay-
outs. The text is structured with sequential sections includ-
ing a title, introduction, experimental procedures and pre-
cautions, and a summary. As illustrated in Fig. 4, this struc-
tural arrangement effectively guides readers through under-
standing the principles and completing the experiment. The
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Figure 6. Ablations on different iteration rounds for scientific
video understanding. Performance rises with larger Max Rounds
for three categories, showing the benefit of iterative PDSA cycles.

Table 3. Ablations on different maximum iteration rounds for ed-
ucation. Each metric is reported by win rate (%).

Model Max Round(s) Education Subset

Relevance IQ Attractiveness EV

SciEducator 1 2.50 0 2.50 15.00
SciEducator 3 7.50 7.50 32.50 35.00
SciEducator 5 90.00 92.50 65.00 50.00

visual elements include images of required materials and
model-generated diagrams illustrating experimental steps,
providing clearer guidance than text alone and highlighting
our significant advantage over conventional LLMs.

4.4. Ablation Studies
Effectiveness of PDSA Cycles. To validate the progres-
sive improvement of SciEducator in response relevance and
accuracy through PDSA cycles, we configured the maxi-
mum number of cycles from 1 to 5. After reaching the cycle
limit, the system was compelled to generate the most likely
correct answer based on accumulated knowledge. Results
in Fig. 6 show that performance improves significantly with
more cycles, demonstrating SciEducator’s capacity for self-
evolution and its ability to iteratively deepen understanding,
acquire relevant knowledge, and solve complex problems.

To validate the progressive improvement of SciEducator
in generating educational text via PDSA cycles, we com-
pare three variants with maximum cycle counts of 1, 3,
and 5 on the Education Subset of SciVBench, with results
also presented as win rates across various evaluation aspects
and summarized in Tab. 3. Results demonstrate that as the
PDSA cycles increase, the model’s performance improves,
yielding instructional text with stronger relevance and more
educational value, which in turn leads to the generation of
higher-quality guidance images.

Effectiveness of Evaluator Agent. To validate that each
evaluation element in the Evaluator Agent effectively re-
duces resource consumption and execution rounds, we com-
pared the complete EA with ablated versions lacking these
elements on 500 QA pairs. As shown in Tab. 4, metrics
include average time, token consumption, number of exe-
cution rounds, and final accuracy, with consumption values
shown as ratios. Note that the total consumption of the com-
plete EA is normalized to 1.00. The maximum number of

Table 4. Ablations on Evaluator Agent (EA). Note that E and
Apercep denote empirical knowledge and perceptual evaluation met-
rics. Time and token consumption are presented as ratios, with the
total value of the complete EA version normalized to 1.00.

Agent Time↓ Token↓ Average Rounds↓ Acc ↑
EA w/o E 1.20 1.18 4.09 57.50
EA w/o IDF 1.08 1.06 3.99 59.90
EA w/o Apercep 1.14 1.13 4.17 54.50

EA 1.00 1.00 3.79 64.00

Table 5. Ablations of on the effectiveness of different elements
in the Study Stage. Knew represents the new knowledge acquired
during execution, and F denotes failure analysis.

Model Physics Chemistry Daily Life

Rel Acc Rel Acc Rel Acc

SciEducator w/o Knew & F 59.69 45.94 53.04 45.27 35.94 32.55
SciEducator w/o Knew 65.94 50.94 61.82 54.05 38.28 34.64
SciEducator w/o F 71.56 55.63 66.55 57.09 48.95 45.83

SciEducator 81.88 65.31 73.97 64.86 64.58 62.24

execution rounds was set to 5. Experimental results demon-
strate that each evaluation element in the Evaluator Agent
effectively increases the probability of selecting superior so-
lutions, reduces resource consumption and identifies more
feasible options, and consequently generates responses with
higher accuracy within limited iteration cycles.

Effectiveness of Knew & F . To validate the effectiveness
of new knowledge Knew and failure analysis F of the Study
Stage, which updates the solution pool and improves the
quality of candidate solutions, we conducted ablations by
removing these elements, as presented in Tab. 5. In the
variant where both Knew and F are removed, no feedback
is available, and updates only discard executed solutions.
The experimental results indicate that Knew and F are crit-
ical for optimizing existing solutions and generating new
ones. Within the PDSA process, these elements substan-
tially improve the quality of the new solution pool, thereby
enhancing both the relevance and accuracy of the results.

5. Conclusion
In this work, we present SciEducator, the first iterative self-
evolving multi-agent system for scientific video compre-
hension and education. By reformulating the Deming Cy-
cle’s Plan–Do–Study–Act philosophy into a self-evolving
reasoning and feedback mechanism, the system progres-
sively enhances its interpretation of complex scientific ac-
tivities to deliver accurate and reliable results. To ensure
comprehensive performance assessment, we construct the
SciVBench benchmark. Extensive experiments show that
SciEducator significantly outperforms current popular mod-
els, demonstrating remarkable superiority and application
potential, and is expected to offer meaningful inspiration
for future multi-agent systems and broader domains.
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