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What is the chemical formula of the final doped product Zn,Ge0,:Mn (anhydrous) and what is its maximum theoretical mass based on the information provided in this video?

A.Zn,Mn,,,Ge0,/0.209g.
F. Zn, g9sMn; 05Ge0,/0.612g.

B. Zn, 99Gey 9oMny4,0,/0.470g.
G.Zn,Ge0,/0.455g.

C. Zn,Ge0,/1.07g.

1 Reasoning
» The video looks like Hydrothermal Synthesis of Zn,Ge0,:Mn because there are alkaline
solutions and electric thermostatic drying oven.

» Since this is Hydrothermal Synthesis, the equations include:

2Zn%* + GeO, - Zn,GeO, and (2-x)Zn?* + XMn?* + GeO, - Zn,_Mn,GeO,
» Reaction reagent: Ge0,: 2 mmol — 2 mmol of Zn,Ge0,; ZnCl,: 4 mmol — 2 Zn** per 1 GeO, —
sufficient; Mn(NO,),: 0.01 mmol — for doping. Conclusion: GeO, is the limiting reagent and will

determine the theoretical yield.

» Calculate the doping ratio. Given 2 mmol of Zn,GeO,, and adding 0.01 mol of Mn?*:
Dopping ratio = 0.01 / 2 = 0.005 — The doped product is Zn, gosMn oysGeO0,

» Compute the molar mass of Zn, gosMn 405Ge0,:
Molar mass = 65.38 x 1.995 + 54.94 x 0.005 + 72.63 x 1+ 15,999 x 4 = 267.33g/mol

» Compute the theoretical mass of the product:
Mass = 0.002mol x 267.33g/mol = 0.535g

» Therefore, the answer is D

D. Zn, 99sMny 95Ge0,/0.535g.

H. Zn; yoMn,y,Ge0,/0.535g. I. Zn, yMn, ,Ge0,/0.423g.

E: Zn, yMn,,Ge0,/0.489g.
J. Zn; 99sMny 005Ge0,/0.172g

Expert Knowledge

# There are several different synthesis methods for preparing Zn,Ge0,:Mn.
a) Solid-State Reaction; b) Sol-Gel Method; ¢) Hydrothermal Synthesis.

4 The hydrothermal synthesis of Zn,Ge0,:Mn is carried out in mildly alkaline
solutions under high-temperature conditions

# Hydrothermal Synthesis mainly includes: 2Zn?* + GeO, — Zn,GeO,;
(2-x)Zn?* + xXMn?* + Ge0, - Zn, Mn,GeO,

¢ Atom mass of elements: Zn = 65.38, Ge = 72.63, 0 = 15.999, Mn = 54.94

Visual Perception
4 2:56-3:08, A solution is adjusted to be slightly alkaline (pH=9.40)

# 3:18-3:23, The solution is transferred to a Teflon-lined autoclave and
heated in an electric thermostatic drying oven at 220 °C;

4 2:14-2:16, 2 mmol GeO, is added;
4 2:26-2:28, 4 mmol ZnCl, powder is added
 2:29-2:31, 0.01 mmol of Mn(NO3), is added;

#2:14-2:16 #2:26-2:28 €2:29-2:31

3:18-3:23 t

#2:56 - 3:08

Figure 1. SCIVIDEOBENCH features research-level experimental videos accompanied by challenging questions that rigorously evaluate
advanced video understanding. It emphasizes the synergistic interaction among visual perception, expert knowledge, and logical reasoning.

Abstract

Large Multimodal Models (LMMs) have achieved
remarkable progress across various capabilities;
however, complex video reasoning in the scien-
tific domain remains a significant and challeng-
ing frontier. Current video benchmarks predom-
inantly target general scenarios where percep-
tion/recognition is heavily relied on, while with
relatively simple reasoning tasks, leading to sat-
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uration and thus failing to effectively evaluate
advanced multimodal cognitive skills. To address
this critical gap, we introduce SCIVIDEOBENCH,
a rigorous benchmark specifically designed to as-
sess advanced video reasoning in scientific con-
texts. SCIVIDEOBENCH consists of 1,000 care-
fully crafted multiple-choice questions derived
from cutting-edge scientific experimental videos
spanning over 25 specialized academic subjects
and verified by a semi-automatic system. Each
question demands sophisticated domain-specific
knowledge, precise spatiotemporal perception,
and intricate logical reasoning, effectively chal-
lenging models’ higher-order cognitive abilities.
Our evaluation highlights significant performance
deficits in state-of-the-art proprietary and open-
source LMMs, including Gemini 2.5 Pro and
Qwen2.5-VL, indicating substantial room for ad-
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vancement in video reasoning capabilities. De-
tailed analyses of critical factors such as reasoning
complexity and visual grounding provide valu-
able insights and clear direction for future de-
velopments in LMMs, driving the evolution of
truly capable multimodal Al co-scientists. We
hope SCIVIDEOBENCH could fit the interests of
the community and help to push the boundary of
cutting-edge Al for border science.

1. Introduction

Large Multimodal Models (LMMs) (OpenAl, 2024; Anil
et al., 2023; Lu et al., 2024; Wang et al., 2024) have demon-
strated rapid advancements across a diverse range of capabil-
ities, including conversational interaction (Hendrycks et al.,
2020; Yang et al., 2018), code generation (Jimenez et al.,
2024; Jain et al., 2025), mathematical reasoning (Cobbe
et al., 2021; Zhao et al., 2025a), and image understand-
ing (Yue et al., 2024; Hudson & Manning, 2019). Among
the various input modalities, video presents a particularly
rich and complex form of multimodal data, uniquely inte-
grating temporal dynamics, spatial perception, and high-
level semantic reasoning. Consequently, video understand-
ing has emerged as a critical frontier, pivotal for advancing
LMMs towards next-generation applications in fields such
as robotics, interactive education, and scientific discovery.

To evaluate LMM performance, numerous video bench-
marks have been developed (Fang et al., 2024; Fu et al.,
2024; Hu et al., 2025; Wu et al., 2024b; Pitraucean et al.,
2023; Zhou et al., 2018; Xiao et al., 2021; Song et al., 2024;
Xiao et al., 2024; Li et al., 2024c; Nagrani et al., 2024), most
of which focus on general domains such as movies (Fu et al.,
2024; Song et al., 2024), daily activities (Mangalam et al.,
2023; Xiao et al., 2021), and instructional content (Zhou
et al., 2018). While these benchmarks once posed signif-
icant challenges, state-of-the-art models like Gemini 2.5
Pro (Google, 2025) now achieve saturated performance,
exceeding 85% accuracy on widely used datasets such as
VideoMME (Fu et al., 2024) and Neptune (Nagrani et al.,
2024). To move beyond these general domains, more recent
initiatives (Hu et al., 2025; Song et al., 2025; Zhao et al.,
2025b) have introduced scientific and educational videos
to assess deeper domain knowledge and reasoning. How-
ever, most of the reasoning in these datasets remains at a
college-level, relying largely on classical theory and text-
book knowledge. In many cases, success can be achieved
either through visual recognition combined with memorized
knowledge or through reasoning that does not depend on
the video at all, thereby lacking genuine multimodal rea-
soning. For instance, MMVU (Zhao et al., 2025b) contains
questions with visually irrelevant hypotheses that can be an-
swered without watching the video. As a result, these bench-

marks pose only limited challenges: proprietary LMMs al-
ready perform strongly, and even language-based reasoning
frameworks (Zhang et al., 2025; Yu et al., 2025) achieve
competitive results.

To address this gap beyond college-level reasoning, we in-
troduce SCIVIDEOBENCH, a benchmark specifically de-
signed to rigorously evaluate advanced video reasoning at
the research-level, where cutting-edge scientific problems
and theories are investigated. SCIVIDEOBENCH consists
of 1,000 carefully constructed multiple-choice questions
developed through a multi-stage agent—human collaborative
pipeline and derived from experimental videos published
alongside peer-reviewed journal articles. Each question is
categorized as conceptual, hypothetical, or quantitative, en-
suring coverage of diverse reasoning skills. As illustrated
in Figure 1, SCIVIDEOBENCH challenges models not only
to achieve precise spatio-temporal grounding but also to
demonstrate deeper domain knowledge and perform sophis-
ticated logical reasoning, thereby providing a more realistic
and demanding testbed for scientific video understanding.

Our evaluation of the most recent LMMs on
SCIVIDEOBENCH reveals consistently low accuracy,
underscoring the significant challenge this new benchmark
presents and, consequently, the substantial opportunity
for advancing research-level video reasoning capabilities.
In-depth analysis of the results reveals that factors such
as model architecture, reasoning capacity, and perceptual
grounding play a critical role in shaping video reasoning
performance. These insights not only offer clear guidance
for future research efforts aimed at developing more sophis-
ticated LMMs but also emphasize the broader potential of
SCIVIDEOBENCH. As the first comprehensive research-
level video reasoning benchmark, SCIVIDEOBENCH not
only provides a rigorous testbed for evaluating current
video reasoning abilities, but also serves as a catalyst for
innovation, fostering the development of highly capable Al
co-scientists that can accelerate future scientific discovery.

2. Related Work

2.1. Video Reasoning Benchmarks

Recent benchmarks have increasingly emphasized complex
temporal reasoning and multimodal understanding to eval-
uate LMMs beyond the traditional video QA benchmark
paradigm (Yu et al., 2019; Mangalam et al., 2023; Xu et al.,
2017; Xiao et al., 2021; Wu et al., 2024a). Perception
Test (Pétraucean et al., 2023) examines multiple reason-
ing modes such as descriptive, predictive, and counterfac-
tual reasoning in real-world scenarios. MVBench (Li et al.,
2024c) proposes 20 temporally grounded challenges that
require understanding actions, object interactions, and mo-
tion cues across multiple frames. Video-MME (Fu et al.,
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Figure 2. Overview of our annotation pipeline. We manually annotate example QA pairs, and then a multi-agent LLM system generates
and refines QA pairs for the rest of the videos: the QA Generator produces initial questions, the Evaluator answers them with reasoning,
the Visual Comparer checks for visual grounding and timestamps cues, and the Refiner ensures questions rely on video content and
improves option quality. Human experts verify and refine the final QA pairs.

2024) considers subtitle and audio streams to promote
multi-source comprehension. MMBench-Video targets long-
context temporal reasoning by leveraging hour-long videos
with open-ended QA. Domain-specific benchmarks have
also emerged. WorldQA (Zhang et al., 2024c) focuses on
long-chain reasoning with multimodal world knowledge,
Video-MMMU (Hu et al., 2025) collects expert-level instruc-
tional videos across disciplines for multi-stage knowledge
acquisition, and Video-MMLU (Song et al., 2025) centers
on lecture-level understanding in math, physics, and chem-
istry. Our work extends this line of research by introducing
a scientific video reasoning benchmark grounded in real ex-
perimental settings, emphasizing measurement, calculation,
and conceptual reasoning involved in specific experiments.

Table 1. Video benchmark comparison. Compared with college-
level questions that focus on classic theories or textbook content,
research-level questions demand deeper domain knowledge and
reasoning grounded in real, cutting-edge research scenarios.

Video
Domain

Knowledge Reasoning Avg.
Driven

Question
Intensive Duration (s) Type

930 Multi-choice
16 Multi-choice
473 Multi-choice
1018 Multi-choice
122 Multi-choice
107 Multi-choice
51 Multi-choice
506 Multi-choice
109 Open-ended

484 Multi-choice

Dataset Difficulty

MLVU (Xiao et al., 2024) General Elementary
MVBench (Li et al., 2024c) General Elementary
LongVideoBench (Wu et al., 2024b) General Elementary
Video-MME (Fu et al., 2024) General Elementary
VSI-Bench (Yang et al., 2024b) Embodied Elementary
MMWorld (He et al., 2024) General Elementary
MMVU (Zhao et al., 2025b) Scientific  College
Video-MMMU (Hu et al., 2025) Lecture  College
Video-MMLU (Song et al., 2025) Lecture  College

SciVideoBench (ours)

NN SN N> %% %%
NS S%X % X X% % XX

Scientific Research

2.2. AI for Science

Atrtificial intelligence has recently driven major advances
across biology (Jumper et al., 2021; Lin et al., 2022),
chemistry (Qiao et al., 2020; Bran et al., 2023), materi-
als science (Merchant et al., 2023; Chen et al., 2019), and
mathematics (Lewkowycz et al., 2022), achieving perfor-
mance that in many cases rivals or surpasses traditional
methods. AlphaFold (Jumper et al., 2021) revolutionized
protein structure prediction with near-experimental accu-
racy, GNoME (Merchant et al., 2023) leveraged large-scale
graph neural networks to discover over 2.2 million energet-

ically stable inorganic crystal structures, and models like
ChemCrow (Bran et al., 2023) combine quantum chem-
istry with language models for simulation and synthesis
planning. Yet despite these breakthroughs, Al remains far
from acting as a versatile researcher capable of complex,
expert-level tasks across domains. To this end, we introduce
SCIVIDEOBENCH, a benchmark for scientific video reason-
ing that demands visual perception, domain knowledge, and
intricate reasoning, aiming to assess the gap between current
LMMs and expert-level scientific reasoning while fostering
the development of next-generation Al for science.

3. Dataset Construction
3.1. Video Collection

To construct a high-quality benchmark for advanced scien-
tific reasoning, we collect 241 research-grade experimental
videos from the Journal of Visualized Experiments (JoVE)' ,
a peer-reviewed platform publishing methodological videos
across diverse scientific disciplines. These professionally
produced and narratively structured videos clearly demon-
strate laboratory protocols, scientific phenomena, and tech-
nical instrumentation, making them an ideal foundation
for a benchmark grounded in authentic scientific practice.
Each video is accompanied by a peer-reviewed manuscript
and synchronized audio narration: the manuscript details
experimental protocols and results, while the narration pro-
vides temporally aligned explanations of each step as it
unfolds. This tri-modal alignment—yvideo, audio, and
text—supports principled question generation and rigorous
answer verification, ensuring that questions are both visually
grounded and scientifically meaningful. We focus on four
foundational domains—physics, chemistry, biology, and
medicine—covering a wide spectrum of procedural com-
plexity and reasoning challenges. Videos are selected to in-
clude measurable variables (e.g., reaction time, temperature,
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Figure 3. Discipline and subject distribution.

applied force), observable causal relationships, and logical
experimental sequences, thereby enabling conceptual, hypo-
thetical, and quantitative reasoning. This targeted curation
ensures that each video in SCIVIDEOBENCH provides rich
multimodal cues essential for rigorous scientific reasoning
and serves as an ideal testbed for evaluating LMMs.

3.2. Annotation Pipeline

To generate high-quality, research-level QA pairs, we design
a semi-automatic annotation pipeline (Figure 2) that inte-
grates video, aligned transcripts, and paired research papers
to provide rich scientific and procedural context. We begin
with a small set of exemplar cases: four human experts (one
PhD student per subject) review representative papers and
their associated videos to extract key concepts and procedu-
ral steps, identify corresponding visual cues, and construct
sophisticated QA pairs. These are refined and expanded via
GPT-40 into 12 high-quality examples per reasoning type,
which serve as prompts for a human-in-the-loop multi-agent
annotation system. In the second stage, distinct Gemini 2.5
Pro agents assume specialized roles: the QA Generator
produces candidate questions using multimodal inputs; the
Evaluator answers them with a rationale; the Visual Com-
parer verifies grounding in the video and provides precise
timestamps; and the Refiner strengthens visual dependence
and adjusts distractors. Human verifiers then review these
outputs, checking timestamps and ensuring answerability
based on visual evidence; when critical details (e.g., mass or
temperature) appear only in transcripts, they trigger scripts
to overlay this information onto relevant frames. Before
the final human review, we introduce an additional GPT-
4o-based filtering stage to further ensure visual dependence
and eliminate annotation artifacts. Specifically, GPT-4o per-
forms two complementary checks: (1) an option-only test to
detect answer-pattern leakage or distractor weaknesses, and
(2) a visual-blind test in which GPT-40 answers using only
the question and options without any video input. Items that
GPT-40 answers correctly in either setting are flagged as
insufficiently grounded and are revised or discarded. This
automated audit reliably removes questions solvable through
textual priors or stylistic biases before they reach the human
verification stage. Finally, experts manually review and cor-

rect errors, ensuring that each question is visually grounded,
scientifically accurate, and aligned with the experiment’s
core contribution. Consequently, more than 3,000 prelimi-
nary questions were removed during refinement, yielding a
final set of 1,000 rigorously verified items. More annotation
details are provided in Section C, and LLM annotation bias
validation is in Section F in the Appendix.

3.3. Statistics

We collected a total of 241 experimental videos spanning
four major domains and covering more than 25 distinct sci-
entific subjects, as illustrated in Figure 3. The average video
duration is 484 seconds, which ensures that the benchmark
reflects the complexity and extended reasoning often re-
quired in real-world scientific experiments. Building upon
these videos, we annotated a total of 1,000 challenging
questions that demand research-level knowledge for both
perception and reasoning. To further capture the nature
of academic research and experimental analysis, we care-
fully designed three distinct question types (conceptual,
hypothetical, and quantitative) that reflect common reason-
ing scenarios observed across the videos, as illustrated in
Figure 4. Note that the textual information shown in the
example is not part of the transcript, but rather on-screen
text natively embedded in the original JoVE videos (e.g.,
numerical measurements, experimental parameters, etc.).
Such information constitutes visual evidence and is only
accessible through visual perception rather than transcript-
based reasoning. More details of the statistics and question
type can be found in Section D in the Appendix.

4. Experiments

In this section, we systematically evaluate existing LLMs
across multiple dimensions to highlight their strengths and
limitations. Specifically, we compare proprietary and open-
source models, analyze the impact of chain-of-thought
prompting, and examine how LLM backbone capacity affect
performance. Additional analyses of audio input, different
reasoning types, disciplines, and modalities, as well as frame
number impact are provided in Section [, J, K, L, N.

4.1. Models

To investigate the importance of visual information in our
benchmark, we first conduct the vision-blind evaluation us-
ing GPT-40 (OpenAl, 2024) and Qwen2.5 series (Yang et al.,
2024a). Further, we evaluate six proprietary LMMs that
have superior performance over other popular video bench-
marks, including Gemini-1.5-Pro (Anil et al., 2023), Gemini-
2.0-Flash (Anil et al., 2023), Gemini-2.5-Pro (Google,
2025), GPT-40 (OpenAl, 2024), and GPT-5 (Singh et al.,
2025). We also comprehensively evaluate 32 open-sourced
LMMs with the parameter volume ranging from as tiny as
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Discipline: Biology, Subject: Biochemistry, QA Type: Conceptual

Discinli

Chemistry, Subject: Organic Chemistry, QA Type: Quantitative Reasoning

Question: What is the main purpose of the overnight magnetic stirring step starting
at 02:31?

Options:

(A) Enhancing ultrasonication effects for smaller droplet size

(B) Increasing the solvent concentration for better dispersion

(I) Removing excess water to concentrate the emulsion

(J) Complete evaporation of solvent leading to solidification

Reasoning: This step is central to the emulsion-solvent evaporation method shown.
The emulsion, created by ultrasonication (02:23), ... and promoting the gradual
evaporation of the highly volatile chloroform. As chloroform leaves the droplets, the
non-volatile polymer (PSMA) and the encapsulated QDs precipitate and harden,
forming the solid, stable nanobeads. Without this step, the emulsion would remain
unstable and solid nanobeads would not form correctly. Thus, the answer is J.

Discinli

Physics, Subject: Nanophysics, QA Type: Conceptual Reasoning

Question: What is the total mass of the synthesized ionic liquid, in micrograms,
applied to the agar plate during the single disc diffusion assay shown in the video?
Options:

(A)3.19 ug (B) 2.87 pg (C) 2.53 pg (D) 4.97 pg
(E) 0.76 ug (F) 2.18 pg (G) 0.73 ug (H) 4.24 ug
(1) 2.60 pg ()443 ng

Reasoning: First, calculate the moles of ionic liquid (IL) used. The video states 50 uL of a
0.1 mM solution is used (05:25). Moles = Concentration (mol/L) x Volume (L) = (0.1 x
1073 mol/L) x (50 x 1076 L) = 5 x 1072 mol. Next, calculate the molar mass of the
product, 1-Hexadecylquinolin-1-ium bromide ([C25H42N]*Br™). Molar Mass ~
(25x12.01) + (42x1.01) + (1x14.01) + (1X79.90) = 300.25 + 42.42 + 14.01 + 79.90 =
436.58 g/mol. Then, calculate the mass in grams: Mass =

. Finally, convert grams to micrograms: 2.18
x 1076 g x 106 ug/g = 2.18 pg. Thus, the answer is F.

Discipli o bj

Oncology, QA Type: Hypothetical Reasoning

Question: What is the main purpose of the cantilever approach and contact
measurement shown at 6:40—-6:58?

Options:

(A) Measure inverse optical lever sensitivity

(B) Determine cantilever spring constant

(I) Measure sample surface roughness

(J) Measure thermal noise of cantilever

Reasoning: This segment shows the AFM tip being pushed against a hard, non-
deformable surface. During contact, the cantilever deflection is ... plotting the
photodiode voltage response against the piezo's z-displacement, a linear slope is
obtained. The inverse of this slope is the inverse optical lever sensitivity (InvOLS), ...
This calibration factor is crucial ... into a physical cantilever deflection in nanometers,
which is then used with the spring constant to calculate force. Thus, the answer is A.

Question: What could happen if the operation shown at 03:20—03:25 fails?
Options:
(A) Collagen surface remains rough and unclear for imaging
(B) Collagen gel is not properly positioned for incubation
(D) No hollow channel is created in the collagen matrix
(J) Enzymatic treatment is not applied to the collagen matrix
Reasoning: The operation shown between 03:20 and 03:25 is

from the center of the solidified collagen gel using forceps. This
filament acts as a temporary placeholder or mold. A
micro-scale channel within the 3D collagen matrix. The subsequent step (02:52)
involves injecting the RPTEC/TERT1 cell suspension into this newly formed channel.
The purpose is therefore to create a defined space ... a fundamental goal of this part
of the experiment. Thus, the answer is I.

Figure 4. Examples of SCIVIDEOBENCH.

0.5B to 78B, including Qwen-VL series (Bai et al., 2025;
Qwen Team, 2025), InternVL series (Chen et al., 2024b;
Zhu et al., 2025; Chen et al., 2024a), InternVide2.5-Chat-
8B (Wang et al., 2025), LLaVA-OneVision Series (Li et al.,
2024a), LLaVA-NeXT-Video-32B series (Li et al., 2024b),
and LongVA (Zhang et al., 2024b).

4.2. Evaluation Setting

We adopt the default frame sampling strategy for all
open-source models. Specifically, we sample 768 frames
for Qwen-2.5-VL (Bai et al., 2025), 512 frames for
InternVideo2.5-Chat-8B (Wang et al., 2025), 128 frames
for LongVA (Zhang et al., 2024b), 16 frames for In-
ternVL2 (Chen et al., 2024b), and 32 frames for In-
ternVL3 (Zhu et al., 2025), LLaVA-OneVision (Li et al.,
2024a), and LLaVA-NeXT-Video-32B (Li et al., 2024b).
For Gemini (Anil et al., 2023; Comanici et al., 2025; Google,
2025), we set the frame rate to 1 FPS, and for GPT-40 (Ope-
nAl, 2024) and GPT-5 (Singh et al., 2025), we use 256
frames. The temperature is fixed to O to ensure stable and re-
producible evaluation results. All evaluations are using the
LMM-Eval toolkit (Zhang et al., 2024a) and are conducted
on 8 NVIDIA H100 GPUs.

Further, we conduct a human evaluation by recruiting three
graduate students from each scientific discipline represented
in our benchmark. The participants were not involved in
the creation of the videos and therefore had no prior famil-

iarity with the specific experimental setups or procedures.
All evaluations were conducted in a closed-book setting,
and each question was answered only once in a single-pass
evaluation protocol without external assistance. Despite
this background, participants achieved only 17.4% accuracy
(Table 2), demonstrating that SCIVIDEOBENCH remains
highly challenging even for graduate-level domain experts.

4.3. Evaluation Analysis

Blind Baseline Results To assess the role of visual input
in SCIVIDEOBENCH, we evaluate blind baselines that use
only textual content. GPT-40 achieves just 15.8% overall ac-
curacy, with Quantitative Reasoning near random (11.8%),
while Qwen2.5 models range from chance-level in small
variants (0.5B—3B) to only 18.9% at 72B. Even with scaling,
none surpass 20% accuracy without video, and the presence
of time-specific, observation-heavy cues (e.g., “starting at
02:31”) further confirms that visual information is indis-
pensable for solving SCIVIDEOBENCH.

Proprietary vs. Open-Source Models As shown in Table 2,
proprietary models substantially outperform open-source
counterparts on our SCIVIDEOBENCH. The strongest pro-
prietary system, Gemini-2.5-Pro, achieves 64.30% overall
accuracy, whereas the best open-source model, InternVL-
3-78B-Instruct, reaches only 38.80%. The gap is particu-
larly pronounced in Quantitative Reasoning, where GPT-
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Table 2. Evaluation Results on SCIVIDEOBENCH. The complete results can be found in Section E in the Appendix.

Models LLM Size  Overall Question Type Discipline
Conceptual Hypothetical Quantitative Biology Chemistry  Medicine Physics
Random Guess
- - - 10.00 10.00 10.00 10.00 10.00 10.00 10.00 10.00
Human Evaluation (Graduate Students)
- - - 17.40 18.11 18.70 14.29 15.88 16.06 21.19 18.88
Vision-Blind Baselines
GPT-40 (OpenAl, 2024) - - 15.80 14.05 20.00 11.84 17.53 13.95 16.13 14.33
- 0.5B  12.40 11.35 13.51 12.24 13.20 13.94 11.21 10.97
- 1.5B  13.40 11.62 19.22 6.94 14.43 12.73 14.95 11.91
- 3B 16.40 17.03 20.52 8.98 15.89 16.36 15.89 17.24
Qwen2.5 (Yang et al., 2024a) - 7B 16.70 18.65 19.74 8.98 18.34 10.91 14.95 18.18
- 32B  17.10 18.11 21.30 8.98 19.32 16.97 13.08 15.67
- 72B  18.90 21.89 18.44 15.10 19.07 18.79 20.56 18.18
Proprietary Models w/ Direct Answer
Gemini-2.5-Pro (Google, 2025) - - 64.30 69.73 67.79 50.61 64.79 61.82 74.77 61.44
GPT-5 (Singh et al., 2025) - - 55.70 61.35 50.65 55.10 57.12 52.73 58.88 54.23
Gemini-2.5-Flash (Comanici et al., 2025) - - 46.40 50.81 44.16 43.27 44.01 49.70 55.14 44.83
Gemini-1.5-Pro (Anil et al., 2023) - - 27.50 27.84 28.31 25.71 27.38 26.06 27.10 28.53
Gemini-2.0-Flash (Anil et al., 2023) - - 25.70 28.38 24.94 22.86 24.69 26.06 22.43 27.90
GPT-40 (OpenAl, 2024) - - 24.90 30.27 28.05 11.84 21.52 29.70 31.78 24.45
Proprietary Models w/ Chain-of-Thought Prompt
Gemini-1.5-Pro (Anil et al., 2023) - - 48.60(:21.10)  47.03¢:19.19)  48.57 (12026 51.02¢:0531)  52.60:2520)  44.19118.13)  54.840774  44.7811625)
Gemini-2.0-Flash (Anil et al., 2023) - - 39.70¢ 14000 39191081 39.74(114.80) 40.41(41755  41.5601687) 40.70(11464) 3548113059  37.01¢0.1)
GPT-40 (OpenAl, 2024) - - 35.00¢:1000)  37.84(1757) 32.73(14.68) 34.290045 31.7811026) 3758788 36.45¢467  37.30:1235)
Open-Source Models w/ Chain-of-Thought Prompt
InternVL-3-78B (Zhu et al., 2025) Qwen2.5 72B  37.90 51.62 35.58 20.82 38.39 36.36 38.32 37.93
InternVL-3-14B (Zhu et al., 2025) Qwen2.5 4B 34.20 46.49 30.65 21.22 35.70 30.30 37.38 33.23
InternVL2-Llama3-76B (Chen et al., 2024b)  Hermes2 70B  24.90 27.30 22.34 25.31 25.18 24.24 28.97 23.51
InternVL-3-2B (Zhu et al., 2025) Qwen2.5 1.5B  22.20 30.00 21.82 11.02 21.76 16.36 2523 24.76
Qwen2.5-VL-32B-Instruct (Bai et al., 2025)  Qwen2.5 32B  20.80 20.54 22.86 17.96 20.78 18.18 16.82 23.51
LLaVA-OneVision-7B (Li et al., 2024a) Qwen2.5 7B 19.90 24.32 20.52 12.24 16.87 21.21 28.04 20.38
Qwen2.5-VL-3B-Instruct (Bai et al., 2025) Qwen2.5 3B 18.10 19.19 18.96 15.10 17.60 18.79 19.63 17.87
InternVL-3-1B (Zhu et al., 2025) Qwen2.5 0.5B  14.00 16.76 13.51 10.61 15.40 13.94 14.02 12.23
Open-Source Models w/ Direct Answer (0.5B - 4B)
Qwen3-VL-4B-Instruct (Qwen Team, 2025)  Qwen3 4B 25.30 34.86 26.75 8.16 21.76 25.45 34.58 26.33
InternVL-3-2B (Zhu et al., 2025) Qwen2.5 1.5B 2290 31.08 22.60 11.02 21.52 21.21 24.30 25.08
Qwen2.5-VL-3B-Instruct (Bai et al., 2025) Qwen2.5 3B 22.50 3243 20.78 10.20 18.61 21.76 22.03 28.67
InternVL-3-1B (Zhu et al., 2025) Qwen2.5 0.5B  18.50 25.95 18.44 7.35 17.60 16.36 25.23 18.50
Open-Source Models w/ Direct Answer (7B - 14B)
InternVL-3-14B (Zhu et al., 2025) Qwen2.5 14B  35.70 53.51 35.32 9.39 35.94 33.94 38.32 35.42
InternVL-3-8B (Zhu et al., 2025) Qwen2.5 7B 30.50 44.59 30.39 9.39 29.10 31.52 35.51 30.09
Qwen3-VL-8B-Instruct (Qwen Team, 2025)  Qwen3 8B 29.10 39.19 29.87 12.65 28.12 27.27 37.38 28.52
InternVL-3-9B (Zhu et al., 2025) InternLM3 8B 27.20 38.65 27.79 8.98 25.67 26.06 31.78 28.21
Qwen2.5-VL-7B-Instruct (Bai et al., 2025) Qwen2.5 7B 26.30 35.95 28.05 8.98 22.56 22.28 28.81 29.02
InternVideo2.5-Chat-8B (Wang et al., 2025)  Qwen2.5 7B 25.30 37.84 23.12 9.80 20.29 23.64 31.78 30.41
LLaVA-OneVision-7B (Li et al., 2024a) Qwen2.5 7B 18.80 23.51 19.22 11.02 15.56 23.03 26.17 18.18
LongVA (Zhang et al., 2024b) Qwen2 7B 14.30 16.15 14.94 10.31 13.69 15.00 15.65 14.11
Open-Source Models w/ Direct Answer (26B - 40B)
InternVL-3-38B (Zhu et al., 2025) Qwen2.5 32B 38.30 53.78 38.44 14.69 36.67 40.00 42.06 38.24
Qwen2.5-VL-32B-Instruct (Bai et al., 2025)  Qwen2.5 32B  29.70 41.08 28.83 13.88 27.79 27.98 33.05 32.17
InternVL2-40B (Chen et al., 2024b) Hermes2 34B  23.80 28.38 23.64 17.14 22.74 21.82 30.84 23.82
LLaVA-NeXT-Video-32B (Li et al., 2024b) ~ Qwen2 32B  21.10 26.22 22.86 10.61 19.80 22.42 23.36 21.32
Open-Source Models w/ Direct Answer (> 70B)
InternVL-3-78B (Zhu et al., 2025) Qwen2.5 72B  38.50 56.76 39.22 9.80 37.65 37.58 46.73 37.30
InternVL2-Llama3-76B (Chen et al., 2024b)  Hermes2 70B  26.30 28.38 27.01 22.04 24.94 29.70 29.91 25.08
Qwen2.5-VL-72B-Instruct (Bai et al., 2025)  Qwen2.5 72B  20.30 21.62 20.78 17.55 21.27 16.97 24.30 19.44

5 achieves 55.10%, more than twice the performance of
the strongest open-source model, InternVL2-Llama3-76B
(25.31%). Many open-source models perform even below
random guessing, such as InternVL-3-1B with only 7.35%.
Nevertheless, top open-source models demonstrate compet-
itiveness against earlier proprietary models: for example,
most InternVL-3 variants outperform Gemini-1.5-Pro, and
even InternVL-3-2B surpasses it on Conceptual Reasoning.
At the lower end, performance drops sharply. The weakest
open-source model, LLaVA-OneVision-0.5B, achieves just
12.10% overall, with its Quantitative score (5.71%) falling
below even the blind GPT-40 baseline (11.84%).

Takeaway: Gemini-2.5-Pro leads overall. Proprietary
models dominate quantitative reasoning, while top
open-source models remain competitive on other tasks.

The Impact of Chain-of-Thought Prompt When prompt-
ing with chain-of-thought, Gemini-1.5-Pro shows the largest
gain, with overall accuracy rising by +21.1% and Quanti-
tative Reasoning by +25.3%, surpassing even Gemini-2.5-
Pro; Gemini-2.0-Flash and GPT-40 improve by +14.0%
and +10.1%, respectively, with GPT-40’s Quantitative score
increasing from 11.8% to 34.3%, underscoring the trans-
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Figure 5. Chain-of-thought performance gains across and models. exhibit consistent

improvements across all reasoning types, whereas

benefit primarily in quantitative reasoning but show declines

in conceptual and hypothetical reasoning. This contrast not only underscores that the quantitative tasks in SCIVIDEOBENCH demand
sophisticated multi-step reasoning well supported by chain-of-thought prompting, but also highlights the robustness gap between
proprietary models and open-source models when prompted by chain-of-thought. Best viewed in color.

formative effect of explicit reasoning steps. On average,
Quantitative tasks benefit most (+21.8%), while Concep-
tual gains are more modest (+12.5%), suggesting that CoT
especially enhances multi-step numerical reasoning. In
contrast, open-source models often suffer slight drops in
overall accuracy under CoT, yet their Quantitative perfor-
mance improves markedly. For instance, Qwen2.5-VL-
32B-Instruct drops 0.7% overall but improves from 11.4%
to 18.0% (+57.1% relative) in Quantitative. This reflects
a trade-off: open-source models are less robust in pro-
ducing faithful causal explanations and may hallucinate
or over-elaborate in conceptual or hypothetical reason-
ing, but they benefit when CoT scaffolds arithmetic and
structured comparisons. Detailed analysis and examples
can be found in Section M in the Appendix. Crucially,
the gains on SCIVIDEOBENCH far exceed those reported
on existing video reasoning benchmarks—for Gemini-2.0-
Flash, CoT improves only +3.0% on MMVU, +12.5%
on Video-Holmes, +6.6% on VideoMathQA, and +2.4%
on MMR-V—whereas on SCIVIDEOBENCH the improve-
ment is +14.0%. This significant gap demonstrates that
SCIVIDEOBENCH inherently demands more complex,
multi-step reasoning than prior benchmarks, establish-
ing it as a more challenging and discriminative testbed
for evaluating multimodal reasoning capabilities.

Takeaway: Chain-of-thought prompting consistently
boosts quantitative reasoning for both proprietary and
open-source models, while improvements in conceptual
and hypothetical reasoning are observed almost only in
proprietary models.

The Impact of Model Scaling We first examine the effect of
scaling LMMs within the same series. In general, increasing
model size improves accuracy, but the trend is neither linear
nor guaranteed. For InternVL-3, accuracy rises substantially
from 14.0% to 35.7%, with the largest gain from 1B to 7B
(+11%), particularly in Conceptual reasoning (16.8% —
43.8%), though the 9B model (27.2%) underperforms the
smaller 8B-Instruct (29.4%) due to backbone differences.
InternVL-2 shows smaller and inconsistent gains, improving
from 14.4% (0.5B) to 21.3% (4B) but plateauing at 19.5%
(20B), with the 4B model even surpassing the 7B in most
reasoning types. Qwen2.5-VL exhibits weak scaling: per-
formance increases modestly up to 32B (21.5%) but drops
slightly at 72B (20.3%). Cross-family comparisons further
reveal that larger size does not guarantee superiority, for
example, Qwen2.5-VL-72B underperforms InternVL-2 4B.

We then analyze the impact of scaling the LLM backbone
itself. As shown in Figure 6, backbone capacity correlates
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Figure 6. The impact of LLM backbones on the performance.
Question: Gemini-2.0-Flash (CoT): Let's analyze the video to determine the purpose of the cooling setup shown
Why is the setup shown during the cooling step at 03:12-03:17 used? (indicated by the dashed box) from frame 192 to 197.
Options: During this cooling step, we observe the following:

A. Minimizes oxygen exposure to prevent oxidation
. Absorbs excess moisture from the air

E. Prevents temperature fluctuations during cooling
G. Keeps the sample dry to avoid hydrolysis

1. Creates an inert atmosphere to stabilize the sample

B. Increases the cooling rate by improving heat transfer
D. Maintains a low humidity environment to enhance luminescence
F. Controls air pressure inside the desiccator during cooling

H. Provides a source of potassium ions for reaction

J. Maintains standardized high humidity

LI

g

The

i properties of the Ag-zeolite composite are highly sensitive to its hydration level, as
shown by its sensing mechanism. To ensure accurate and reproducible results, the material must begin in a well-defined and
controlled humidity state.

If the sample were cooled in ambient air, it would adsorb  variable amount of water depending on the surrounding humidity in
the laboratory. This uncontrolled moisture uptake would lead to inconsistencies between experimental batches and make
comparisons difficult.

To avoid this, the experimenters use a sealed desiccator containing a saturated potassium sulfate solution during the cooling
step. At room temperature, this solution maintains a constant relative humidity of approximately 97 to 98 percent. This

1.The sample is placed inside a closed container.
2.The container appears to be a desiccator, as it is a glass vessel with a lid.
3.After heating is complete, a desi ining a saturated

cool the sample under controlled humidity conditions.

Based on the visuals, it seems that a desiccator is used to control the atmosphere around the sample
during cooling. Specifically, the use of a saturated potassium sulfate solution suggests that the goal is to
maintain a specific level of humidity.

Now, let's evaluate the answer options:

+A. Minimizes oxygen exposure to prevent oxidation: While a closed container might reduce oxygen
exposure, the focus on the solution at the bottom points more toward humidity control rather than
excluding oxygen.

*B. Increases the cooling rate by improving heat transfer: Desiccators are not designed for rapid cooling;
they are used for controlled cooling.

+C. Absorbs excess moisture from the air: The use of a saturated salt solution indicates that humidity is
being regulated, not just absorbed.
o intains a low humidity to enhance
controlled humidity, not necessarily low humidity.

*E. Prevents temperature fluctuations during cooling: Although a closed container may buffer
temperature changes slightly, that is not the main function of a desiccator.

*F. Controls air pressure inside the desiccator during cooling: There is no evidence suggesting that

sulfate solution is used to

The transcript mentions

creates a stable high-humidity environment inside the desiccator.

The correct answer is option J: Maintains standardized high humidity.

By cooling the sample in this controlled the material to a known and hydration level. This
ensures consi across experiments and allows to better the material's response to dehydration
and other environmental changes.

Therefore, the purpose of the setup is to maintain a high humidity during cooling.

pressure control is involved.
+G. Keeps the sample dry to avoid hydrolysis: This is partially true. More accurately, the setup controls
humidity to a defined level, preventing hydrolysis.

+H. Provides a source of potassium ions for reaction: There is no indication of such a purpose.

I. Creates an inert atmosphere to stabilize the sample: There is no mention o visual indication of inert
gases.

-, high humidity: Controlled humidity does not necessarily mean high

creating a stable high-humidity atmosphere.

Error Analysis: (1) Ignored on-screen evidence: Gemini completely overlooked the clear label shown in the video: "98% relative
humidity." This visual directly supports the correct answer and contradicts its reasoning that controlled humidity may not mean
high humidity. (2) Missed the role of the salt: Gemini fails to link the use of potassium sulfate to its well-known function of

humidity.
Considering the use of a desiccator and the emphasis on humidity control, option G best reflects the
purpose. The setup is intended to manage moisture content at a specific level.

Therefore, the final answer is: G.

Figure 7. Failure case example of Gemini-2.0-Flash w/ chain-of-thought prompt.

strongly with overall performance: larger backbones such
as Qwen2.5-72B and 32B consistently achieve the highest
scores, while smaller backbones (e.g., 0.5B, 1.5B) exhibit
markedly weaker results. This positive correlation is particu-
larly pronounced in conceptual (p = 0.86) and hypothetical
(p = 0.88) reasoning, where scaling the backbone size al-
most monotonically improves performance across model
series such as InternVL-3. In contrast, quantitative rea-
soning shows a weaker correlation (p = 0.64), indicating
that simply enlarging the backbone does not translate into
proportional gains and that quantitative reasoning likely re-
quires stronger visual perception and advanced numerical
reasoning beyond language capacity.

Takeaway: Larger models reliably boost conceptu-
al/hypothetical reasoning, but quantitative gains remain
weak and non-monotonic across series.

4.4. Failure Case Analysis

We illustrate a failure case with Gemini-2.0-Flash in Fig-
ure 7. The correct rationale is that the setup is a sealed
desiccator containing a saturated potassium sulfate solution,
which maintains a constant relative humidity of 98%; this
environment is essential because the luminescent properties
of the Ag-zeolite composite are highly hydration-sensitive,
and cooling in this controlled atmosphere ensures repro-
ducible results across experiments. The model fails despite
partially recognizing the role of humidity control, ruling out
“standardized high humidity”. This error stems from two
key failures: (1) ignoring on-screen evidence—the model
overlooked the explicit “98% relative humidity” label in
the video; and (2) misinterpreting the chemical function
of potassium sulfate—generalizing it as generic moisture
control rather than its well-established role in maintain-
ing high humidity. This case highlights that solving such
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questions requires the integration of precise temporal local-
ization (identifying the cooling step), fine-grained spatial
perception (reading on-screen text), and expert-level domain
knowledge (understanding the chemical’s function), and
demonstrates how current models often collapse when any
one of these capabilities is lacking. For quantitative reason-
ing, our error analysis reveals that the primary bottleneck
is visual perception rather than arithmetic computation:
70.7% of errors arise from failures to correctly extract key
visual evidence (e.g., measurements, numerical values, or
experimental observations), while only 17.2% are caused by
incorrect calculations after the relevant quantities have been
identified. This finding suggests that improving quantita-
tive reasoning in scientific videos requires stronger visually
grounded perception in addition to mathematical reasoning.
More failure cases analysis can be found in Section H and
O in the Appendix.

5. Conclusion

We present SCIVIDEOBENCH, the first scientific video rea-
soning benchmark that demands research-level knowledge
to perform complex reasoning grounded in real-world ex-
perimental scenarios. SCIVIDEOBENCH bridges the gap
between general-purpose video understanding and advanced
scientific reasoning. It spans 4 major disciplines and cov-
ers more than 25 distinct subjects, encompassing a broad
spectrum of scientific inquiry. To enable rigorous evalua-
tion, we design three complementary question types that
reflect common reasoning challenges in scientific research.
We evaluate a total of 38 LMMs to assess their current ca-
pabilities relative to expert human reasoning. Our results
show that even the best model still struggles with these chal-
lenging tasks. We hope SCIVIDEOBENCH will serve as
a milestone benchmark for advancing LMMs and inspire
future research in the Al for Science community.

Impact Statement

SCIVIDEOBENCH may influence a range of real-world ap-
plications involving video understanding and multimodal
reasoning, particularly in scientific and educational domains.
Existing applications such as video question answering, in-
structional video analysis, and multimodal assistants for
scientific learning may benefit from more rigorous evalua-
tion of temporal reasoning, procedural understanding, and
complex calculation. By emphasizing fine-grained tempo-
ral alignment, quantitative reasoning, and understanding
grounded in visual evidence, our benchmark encourages the
development of LMMs that rely less on language priors and
static cues, and more on genuinely grounded video-based
reasoning. As a result, applications evaluated or informed
by SCIVIDEOBENCH may exhibit improved robustness to
spurious correlations and reduced susceptibility to halluci-

nated explanations in scientific contexts.

The downstream uses of such applications may include sci-
entific education, research assistance, and automated anal-
ysis of experimental videos. In educational settings, im-
proved scientific video understanding could support learners
in comprehending complex procedures and abstract con-
cepts, while in research contexts, these systems may assist
scientists in reviewing experimental recordings, summariz-
ing procedures, or identifying salient events. At the same
time, important societal considerations arise: incorrect or
hallucinated interpretations of scientific processes could mis-
lead users, particularly when model outputs are perceived
as authoritative, and automation bias may cause non-expert
users to over-trust model-generated explanations. Addition-
ally, limitations or biases in benchmark coverage across
scientific domains may influence which areas of science
receive disproportionate attention from model developers.

Importantly, SCIVIDEOBENCH is curated from profession-
ally produced laboratory demonstrations that avoid sensitive
or personally identifiable content and focus on scientific
phenomena rather than human subjects. To mitigate dual-
use risks, all questions are framed to assess understanding
and reasoning rather than to provide step-by-step procedural
guidance, and the benchmark is not intended to function
as laboratory training material. Annotations are verified
through a human-in-the-loop process with explicit temporal
grounding, which helps reduce hallucination and encourages
responsible use in scientific contexts.
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A. Appendix overview

The appendix provides more details of our approach and additional experimental results, organized as follows:

» § B Disciplines and Subjects in SCIVIDEOBENCH
¢ § C Annotation Details of SCIVIDEOBENCH

¢ § D Detailed statistics of SCIVIDEOBENCH

* § E Detailed configuration of evaluated models

* § FRole of LLMs in the Annotation Pipeline

* § G Cognitive Complexity Across Reasoning Types
¢ § H More Failure Cases

e § I Performance of Different Question Types

* § J Performance of Different Disciplines

* § K The impact of Audio

¢ § L Frame Sampling Study

* § M Disagreement Between CoT and Direct Answer
¢ § N Modality Ablation

* § O Error Analysis

* § P Reproducibility Statement

* § Q Copyright

¢ § R Ethical Considerations

¢ § S Limitation

¢ § T Use of LLMs
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B. Disciplines and Subjects

Table 3. List of subjects grouped by their corresponding disciplines.

Discipline

Subjects

Biology

Biochemistry, Bioengineering, Biogeotechnology, Bioinformatics,

Genetic Engineering, Lipidomics, Mechanobiology, Microfluidics,
Mycology, Neurohistology, Neuroscience, Psychology, Proteomics,
Regenerative Biology, Structural Biology, Cell Biology, Molecular Biology

Chemistry

Analytical Chemistry, Electrochemistry, Green Chemistry,
Nanomaterials, Organic Chemistry, Photocatalysis, Photovoltaics,
Physical Chemistry, Radiochemistry, Materials Chemistry

Medicine

Biomaterials, Cardiovascular Research, Dentistry, Drug Delivery, Immunology,
Molecular Imaging, Nanomedicine, Oncology, Ophthalmology, Pharmacology,
Radiopharmaceuticals, Regenerative Medicine, Surgical Devices, Therapeutics

Physics

Acoustofluidics, Additive Manufacturing, Aerosol Science, Applied Physics,
Ceramic Engineering, Ceramics, Civil Engineering, Condensed Matter Physics,
Ecological Engineering, Electronics, Fluid Dynamics, Materials Science,
Mechanical Engineering, Microfluidics, Nanofabrication, Plasma Physics,
Semiconductor, Sensors, Soft Robotics, Thermal Engineering
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C. Annotation Details

To generate high-quality, research-level question-answer pairs, we develop a semi-automatic annotation pipeline, as shown
in Figure 2, that integrates video, aligned transcripts, and paired research papers to provide rich scientific and procedural
context. This setup enables accurate and visually grounded question generation while reducing manual workload through a
multi-agent system.

To ensure quality and guide the semi-automatic annotation process, we first manually annotate a small set of exemplar cases.
Four human experts (PhD students from biology, chemistry, medicine, and physics, respectively) review four selected papers
(one for each subject) to extract key scientific concepts and procedural steps, then identify corresponding visual cues in
the associated videos to construct sophisticated questions. These exemplar QA pairs are further refined and expanded via
GPT-40, resulting in 12 high-quality examples per question type. These are used as prompts to guide the human-in-the-loop
multi-agent annotation system.

In the second stage, we assign distinct roles to a set of large language model agents, each responsible for a specific subtask
in the annotation pipeline:

* QA Generator produces initial question—answer (QA) pairs from multimodal inputs—yvideo, transcript, and associated
paper text—guided by curated exemplar questions. Specifically, we design prompts for Gemini 2.5 Pro to first identify the
core scientific question along with key aspects related to theory, experimental operations, and relevant numerical calculations
for each video (the prompt is shown in Figure 8). Using these extracted elements and human-designed exemplars as
references, Gemini 2.5 Pro then generates open-ended questions. To expand these into multi-choice format, the model
is prompted to create nine scientifically plausible but incorrect distractors for conceptual and hypothetical reasoning (the
prompt is shown in Figure 9), while for quantitative reasoning, distractors are automatically generated by adding appropriate
Gaussian noise to the correct answer.

* Evaluator attempts to answer the generated question using the video, the transcript, and paper content, while also
producing a detailed rationale that outlines the reasoning process. This step is to ensure all of the questions are answerable
given sufficient information.

* Visual Comparer verifies whether the rationale is grounded in the video content by checking that all necessary visual cues
are present. It also provides precise timestamps corresponding to each visual reference.

* Refiner refines the QA pairs by replacing generic or descriptive terms in the question with explicit references to visual
segments, ensuring that the question cannot be answered without the video content. It also refines the options for each
question to ensure the difficulty of the distractors. The prompt is shown in Figure 10.

* Human Verifier reviews the refined QA pairs and the outputs from the Visual Comparer to confirm that the question is
fully grounded in the visual evidence. Specifically, these verifiers first check the timestamps annotation in questions to make
sure the question is answerable based on the video content. If critical details (e.g., mass or temperature) are mentioned in
the transcript but not visible in the video, the expert triggers a script to overlay this information directly onto the relevant
video frames. Furthermore, the answer will be scrutinized to ensure that it matches the video content and the reasoning path.

In the final stage, the human experts perform a final review to manually correct any errors and improve clarity. The expert
also ensures that each question is closely aligned with the core scientific contribution or focus of the experiment.
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You are a domain expert in scientific video analysis. I will give you a scientific
experimental video, and your job is to perform a comprehensive multi-step analysis to
extract both procedural and conceptual insights.

Your tasks:

1. *xkIdentify the Scientific Context:*x*

Determine the xxtitlexx of the experiment.

Identify the s*xdisciplinex* (e.g., chemistry, biology, physics, etc.).

— Identify the sxfine-grained subjectx* or subfield (e.g., analytical chemistry, cell
biology, fluid mechanics, etc.).

— Identify the core quantitative equation that can be used to analyze the data (e.g.,
if this is a chemical synthesis process, the chemical reaction formula is important,
such as C6H1206 + 2H20 -> 6C02 + 6H20).

— The equations could be more than 1 in a video.

N

. *kkTimestamp-Level Experimental Breakdown:sx

Break the video down into meaningful **xtemporal segmentsxx.

For each segment, describe what is happening in detail.

— Include xkquantitative informationxx where possible (e.g., "00:03 - 00:14: 2.5 mL
of HCl is added to the beaker.").

3. *xxKey Experimental Points (3 Dimensions) :xx

- a. xxQuantitative Aspectsxx: Describe measurable quantities used, such as volume,
time, temperature, concentrations, and any calculations that could be derived.

— b. xxOperational Aspectsx*: Describe the procedures, tools, instruments, and
handling techniques shown in the experiment.

— c. xkScientific Principles*x*: Explain the underlying scientific concepts or
mechanisms behind the observed steps (e.g., acid-base neutralization, diffusion,
catalytic reaction, etc.).

Only return the JSON. Make sure all values are extracted and inferred from the video
with the highest possible accuracy.

Figure 8. The prompt for Gemini 2.5 Pro to generate metadata to support initial annotation.
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You are an expert science educator.
Your task is to generate **10 multiple-choice options (A-J)** for the following question. Do **not** change the
question.
- Do not change the correct answer text.
- For the 9 distractors, you must create **scientifically plausible but incorrect** answers.
- Each distractor should reflect a distinct **misinterpretation**, such as:

- misreading the video at a nearby but incorrect timestamp,

- misunderstanding a visual cue,

- applying an incorrect but believable scientific assumption.

- The generated options should also be a short phrase as the correct answer.
Use the " timestamp_breakdown™ below as your only context to design the distractors.
Return your answer in **valid JSON** format with:
- An ""options"" dictionary from "A" to "J"
-An “"answer"" field containing the **correct letter only** (e.g., " "C"")
Example format:
{

"options": {{

"AT LY

et

28

"answer": "C"
B
Do not include any explanation or commentary.
Question:
{question_text}
Correct Answer Text:
{answer_text}
Why it is correct:
{reasoning_text}

Figure 9. The prompt for Gemini 2.5 Pro to generate distractors.
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Listing 1. Example metadata generated from Gemini 2.5 Pro

"66497": {

"title": "Synthesis and Characterization of Self-Assembled Metal-Organic
Framework Monolayers Using Polymer-Coated Particles",

"discipline": "Chemistry",

"subject": "Materials Chemistry",

"core_equation": "UiO-66-DDMAT + n (CH2=CHCOOCH3) --(Photocatalyst, Light)-->
UiO-66-p (CH2-CH (COOCH3) )n",

"timestamp_breakdown": [

"00:00 - 01:58: An introduction to the research...",

"01:59 - 02:05: 10 mg of catechol-DDMAT is weighed...",
"02:05 - 02:10: 5 mL of chloroform is added...",
"06:13 - 06:48: After the toluene evaporates, a freestanding monolayer

forms..."

You are given a scientific multiple-choice question that includes timestamp references to specific video moments
(e.g., “(15:06)” or “4:30-4:50)").
Your task is to rewrite the question to make it **concise, abstracted, and timestamp-grounded**.
Specifically:
1. **|dentify any descriptive phrases that explain or summarize what is shown at the given timestamps.**
2. **Replace those descriptive phrases with short, neutral references like:**
- “the operation shown at [timestamp]”
- “the behavior shown at [timestamp]”
- “the outcome observed at [timestamp range]”
- “the phenomenon illustrated at [timestamp]”
3. **Do not remove the timestamp** The timestamp should remain to ensure grounding to the video.
4. Your goal is to:
- Make the question unanswerable without viewing the video;
- Avoid leaking any interpretative or explanatory information from the original wording;
- Shorten and simplify the question for clarity.
Return the result as a JSON object:
{
"updated_question": "UPDATED_QUESTION_TEXT"

B

### Example Input > Output
**Qriginal:**
"What fundamental property of the circadian system is revealed by the difference between wild-type activity in the
LD cycle (15:06) and the arrhythmic mutant (15:48)?"
**Rewritten:**
{
"updated_question": "What fundamental property of the circadian system is demonstrated by the differences
shown at 15:06 and 15:48?"
B
Question:
{question_text}

Figure 10. The prompt for Gemini 2.5 Pro to update distractors.
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D. Detailed Statistics

We collected a total of 241 experimental videos spanning four major domains: Physics, Chemistry, Biology, and Medicine.
These videos cover more than 25 distinct scientific subjects, as illustrated in Figure 3. The videos in SCIVIDEOBENCHhave
a competitive average duration of 484 seconds, with the duration distribution shown in Figure 11. This relatively long
temporal scale ensures that the benchmark reflects the complexity and extended reasoning often required in real-world
scientific experiments.

Video Duration Distribution

] Average Video Duration = 483.6s
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Figure 11. Video duration distribution in SCIVIDEOBENCH.
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Figure 12. Question length distribution in SCIVIDEOBENCH.

Building upon these videos, we annotated a total of 1,000 challenging questions that demand research-level knowledge
for both perception and reasoning. As shown in Figure 12, the average question length demonstrates that the questions
are more linguistically complex than those in existing benchmarks, reinforcing the emphasis on detailed experimental
understanding. Furthermore, the option length distribution in Figure 13 highlights the balanced design of ground-truth
answers and distractors, with comparable average lengths, thereby reducing annotation bias and ensuring fair evaluation. To
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Option Length Distribution (Conceptual & Hypothetical
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Figure 13. Option length distribution in SCIVIDEOBENCH.

further capture the nature of academic research and experimental analysis, we carefully designed three distinct question
types that reflect common reasoning scenarios observed across the videos, as illustrated in Figure 4. Collectively, these
design choices ensure that the question—answer pairs in SCIVIDEOBENCHrequire deeper domain expertise and multi-step
reasoning, distinguishing it from prior benchmarks that mainly target elementary or undergraduate-level understanding.

245 Quantitative Reasoning involves numeric perception, reasoning, and calculation. For a specific quantitative question,
we require that all the numeric information must come from the video, which naturally ask the model to perceive informative
values from the video before performing complicated calculations and reasoning.

385 Hypothetical Reasoning focuses on specific experimental operations that play a critical role for the motivation or
outcome of the whole experiment. This question type usually involves hypothesized error, what-if analysis, or experimental
control logic, which requires both expert-level knowledge on a specific domain and accurate visual perception to capture
important details in the videos.

370 Conceptual Reasoning explore the mechanisms, protocols, and scientific principles behind the operations in the
experiment that are inferred via visual/operational cues.
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E. Configuration of Evaluated Models

All of the evaluated models in this paper were released after May 2024. The detailed configuration of the evaluated models
are shown in Table 4. We follow the default frame sampling settings of the official implementation of each model. The
temperature is set to O to ensure stable predictions. The complete evaluation results are shown in Figure 5.

Table 4. Models used in our evaluation with confirmed release dates where available.

Organization Model Release Date Input Frames
Proprietary Models

OpenAl GPT-5 August 7, 2025 256

Google Gemini-2.5-Pro June 17, 2025 1fps

Google Gemini-2.5-Flash June 17, 2025 1fps

Google Gemini-2.0-Flash February 5, 2025 1fps

Google Gemini-1.5-Pro September 24, 2024 1fps

OpenAl GPT-40 May 13, 2024 256

Open-source Multimodal Models

Alibaba Qwen3-VL September 23, 2025 768
OpenGVLab  InternVL-3 series April 11, 2025 32
Alibaba Qwen2.5-VL January 28, 2025 768
OpenGVLab  InternVideo2.5 January 21, 2025 512
LMMS-Lab LLaVA-OneVision August, 2024 32
OpenGVLab  InternVL-2 series July 4, 2024 16
LMMS-Lab LongVA (7B) June 24, 2024 128
UCSD/CMU  LLaVA-NeXT-Video May 10, 2024 32
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Table 5. Evaluation Results of Proprietary Models and Open-Source Models on SCIVIDEOBENCH.

Models LLM Size Overall Question Type Discipline
Conceptual Hypothetical Quantitative Biology Chemistry  Medicine Physics
Random Guess
- - - 10.00 10.00 10.00 10.00 10.00 10.00 10.00 10.00
Human Evaluation (Graduate Students)
- - - 17.40 18.11 18.70 14.29 15.88 16.06 21.19 18.88
Vision-Blind Baselines
GPT-40 (OpenAl 2024) - - 15.80 14.05 20.00 11.84 17.53 13.95 16.13 14.33
- 0.5B 1240 11.35 13.51 12.24 13.20 13.94 11.21 10.97
- 1.5B  13.40 11.62 19.22 6.94 14.43 12.73 14.95 11.91
- 3B 16.40 17.03 20.52 8.98 15.89 16.36 15.89 17.24
Qwen2.5 (Yang et al., 2024a) - 7B 16.70 18.65 19.74 8.98 18.34 10.91 14.95 18.18
- 32B  17.10 18.11 21.30 8.98 19.32 16.97 13.08 15.67
- 72B  18.90 21.89 18.44 15.10 19.07 18.79 20.56 18.18
Proprietary Models w/ Direct Answer
Gemini-2.5-Pro (Google, 2025) - - 64.30 69.73 67.79 50.61 64.79 61.82 74.77 61.44
GPT-5 (Singh et al., 2025) - - 55.70 61.35 50.65 55.10 57.12 52.73 58.88 5423
Gemini-2.5-Flash (Comanici et al., 2025) - - 46.40 50.81 44.16 43.27 44.01 49.70 55.14 44.83
Gemini-1.5-Pro (Anil et al., 2023) - - 27.50 27.84 28.31 25.71 27.38 26.06 27.10 28.53
Gemini-2.0-Flash (Anil et al., 2023) - - 25.70 28.38 24.94 22.86 24.69 26.06 22.43 27.90
GPT-40 (OpenAl, 2024) - - 24.90 30.27 28.05 11.84 21.52 29.70 31.78 24.45
Proprietary Models w/ Chain-of-Thought Prompt
Gemini-1.5-Pro (Anil et al., 2023) - - 48.60021.10)  47.03¢110.19)  48.57(:2026) 51.02¢0531)  52.6000520)  44.19¢18.13)  54.840774) 447841625
Gemini-2.0-Flash (Anil et al., 2023) - - 3970014000 39191081 39.74¢1430) 404111755y  41.56(11687)  40.7001464) 354811305y 3701011
GPT-40 (OpenAl, 2024) - - 35.00(:10.10) 37.84(:7.57) 32.73(:4.68) 34.29(22.45) 31.78110.26) 37.58(47.88) 36450467 37.30:1285)
Open-Source Models w/ Chain-of-Thought Prompt
InternVL-3-78B (Zhu et al., 2025) Qwen2.5 72B  37.90 51.62 35.58 20.82 38.39 36.36 38.32 37.93
InternVL-3-14B (Zhu et al., 2025) Qwen2.5 14B  34.20 46.49 30.65 21.22 35.70 30.30 37.38 33.23
InternVL-3-14B-Instruct (Zhu et al., 2025) Qwen2.5 14B  31.50 42.43 27.79 20.82 30.07 32.73 37.38 30.72
Qwen3-VL-8B-Thinking (Qwen Team, 2025) Qwen3 8B 29.10 35.68 28.31 20.41 25.92 28.48 40.19 29.78
InternVL-3-8B (Zhu et al., 2025) Qwen2.5 7B 25.50 34.32 24.16 14.29 25.18 24.85 28.97 25.08
InternVL2-Llama3-76B (Chen et al., 2024b) ~ Hermes2 70B  24.90 27.30 2234 25.31 25.18 2424 28.97 23.51
Qwen3-VL-4B-Thinking (Qwen Team, 2025) Qwen3 4B 24.60 31.35 23.64 15.92 21.52 27.88 27.10 26.02
InternVL-3-9B-Instruct (Zhu et al., 2025) InternLM3 8B 24.00 29.19 22.08 19.18 25.92 27.88 17.76 21.63
InternVL-3-2B (Zhu et al., 2025) Qwen2.5 1.5B  22.20 30.00 21.82 11.02 21.76 16.36 25.23 24.76
Qwen2.5-VL-32B-Instruct (Bai et al., 2025) Qwen2.5 32B  20.80 20.54 22.86 17.96 20.78 18.18 16.82 23.51
LLaVA-OneVision-7B (Li et al., 2024a) Qwen2.5 7B 19.90 24.32 20.52 12.24 16.87 21.21 28.04 20.38
Qwen2.5-VL-3B-Instruct (Bai et al., 2025) Qwen2.5 3B 18.10 19.19 18.96 15.10 17.60 18.79 19.63 17.87
InternVL-3-1B (Zhu et al., 2025) Qwen2.5 0.5B  14.00 16.76 13.51 10.61 15.40 13.94 14.02 12.23
LLaVA-OneVision-0.5B (Li et al., 2024a) Qwen2.5 0.5B 1040 11.08 10.65 8.98 8.56 12.12 13.08 10.97
Open-Source Models w/ Direct Answer (0.5B - 4B)
Qwen3-VL-4B-Instruct (Qwen Team, 2025) Qwen3 4B 25.30 34.86 26.75 8.16 21.76 25.45 34.58 26.33
InternVL-3-2B-Instruct (Zhu et al., 2025) Qwen2.5 1.5B  24.00 31.08 23.90 13.47 24.21 21.82 23.36 25.08
InternVL-3-2B (Zhu et al., 2025) Qwen2.5 1.5B 2290 31.08 22.60 11.02 21.52 21.21 24.30 25.08
Qwen2.5-VL-3B-Instruct (Bai et al., 2025) Qwen2.5 3B 22.50 3243 20.78 10.20 18.61 21.76 22.03 28.67
InternVL2-4B (Chen et al., 2024b) Phi-3-mini 4B 21.30 26.22 24.16 9.39 18.09 24.85 30.84 20.38
InternVL-3-1B-Instruct (Zhu et al., 2025) Qwen2.5 0.5B  18.90 26.76 18.44 7.76 18.34 18.18 2243 18.81
InternVL-3-1B (Zhu et al., 2025) Qwen2.5 0.5B  18.50 25.95 18.44 7.35 17.60 16.36 25.23 18.50
InternVL2-1B (Chen et al., 2024b) InternLM2  0.5B  14.40 17.57 14.03 10.20 12.96 13.94 16.82 15.67
InternVL2-2B (Chen et al., 2024b) InternLM2 2B 13.10 14.59 15.06 7.76 11.98 12.12 12.15 15.36
LLaVA-OneVision-0.5B (Li et al., 2024a) Qwen2.5 0.5B 12.10 15.41 12.99 5.71 11.74 13.94 13.08 11.29
Open-Source Models w/ Direct Answer (7B - 14B)
InternVL-3-14B (Zhu et al., 2025) Qwen2.5 14B  35.70 53.51 35.32 9.39 35.94 33.94 38.32 3542
InternVL-3-14B-Instruct (Zhu et al., 2025) Qwen2.5 14B  35.70 53.24 36.36 8.16 35.70 34.55 38.32 35.42
InternVL-3-8B (Zhu et al., 2025) Qwen2.5 7B 30.50 44.59 30.39 9.39 29.10 31.52 35.51 30.09
InternVL-3-8B-Instruct (Zhu et al., 2025) Qwen2.5 7B 29.40 43.78 29.35 7.76 26.16 31.52 34.58 30.72
InternVL-3-9B-Instruct (Zhu et al., 2025) InternLM3 8B 29.20 40.27 3091 9.80 29.10 29.70 33.64 27.69
Qwen3-VL-8B-Instruct (Qwen Team, 2025)  Qwen3 8B 29.10 39.19 29.87 12.65 28.12 27.27 37.38 28.52
InternVL-3-9B (Zhu et al., 2025) InternLM3 8B 27.20 38.65 27.79 8.98 25.67 26.06 31.78 28.21
Qwen2.5-VL-7B-Instruct (Bai et al., 2025) Qwen2.5 7B 26.30 35.95 28.05 8.98 22.56 2228 28.81 29.02
InternVideo2.5-Chat-8B (Wang et al., 2025) Qwen2.5 7B 25.30 37.84 23.12 9.80 20.29 23.64 31.78 30.41
InternVL2-8B (Chen et al., 2024b) InternLM2 7B 19.40 24.86 18.96 11.84 17.85 21.21 19.63 20.38
LLaVA-OneVision-7B (Li et al., 2024a) Qwen2.5 7B 18.80 23.51 19.22 11.02 15.56 23.03 26.17 18.18
LongVA (Zhang et al., 2024b) Qwen2 7B 14.30 16.15 14.94 10.31 13.69 15.00 15.65 14.11
Open-Source Models w/ Direct Answer (26B - 40B)
InternVL-3-38B (Zhu et al., 2025) Qwen2.5 32B  38.30 53.78 38.44 14.69 36.67 40.00 42.06 38.24
InternVL-3-38B-Instruct (Zhu et al., 2025) Qwen2.5 32B  37.30 5243 37.14 14.69 35.94 39.39 40.19 36.99
Qwen2.5-VL-32B-Instruct (Bai et al., 2025) Qwen2.5 32B  29.70 41.08 28.83 13.88 27.79 27.98 33.05 32.17
InternVL2-40B (Chen et al., 2024b) Hermes2 34B  23.80 28.38 23.64 17.14 22.74 21.82 30.84 23.82
LLaVA-NeXT-Video-32B (Li et al., 2024b) Qwen2 32B  21.10 26.22 22.86 10.61 19.80 2242 23.36 21.32
InternVL2-26B (Chen et al., 2024b) InternLM2  20B  19.50 21.89 20.26 14.69 18.83 18.18 22.43 20.06
Open-Source Models w/ Direct Answer (> 70B)
InternVL-3-78B-Instruct (Zhu et al., 2025) Qwen2.5 72B  38.80 57.30 39.74 9.39 37.90 39.39 46.73 36.99
InternVL-3-78B (Zhu et al., 2025) Qwen2.5 72B  38.50 56.76 39.22 9.80 37.65 37.58 46.73 37.30
InternVL2-Llama3-76B (Chen et al., 2024b) ~ Hermes2 70B  26.30 28.38 27.01 22.04 24.94 29.70 2991 25.08
Qwen2.5-VL-72B-Instruct (Bai et al., 2025) Qwen2.5 72B  20.30 21.62 20.78 17.55 21.27 16.97 24.30 19.44
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SCIVIDEOBENCH: Benchmarking Scientific Video Reasoning in Large Multimodal Models

F. Role of LLMs in the Annotation Pipeline

Large language models (LLMs) are used in the SciVideoBench annotation pipeline as assistive tools rather than decision-
making agents. Specifically, Gemini-2.5-Pro is employed to help generate dense, scientifically grounded captions and
to identify salient experimental details and research questions from scientific videos. Its role is strictly auxiliary: LLM-
generated outputs do not directly determine the final benchmark content and are always subject to rigorous human validation.

All LLM-generated candidates undergo extensive filtering and verification. In the initial annotation stage, the pipeline
produced over 3,000 candidate questions. The majority were eliminated through a visual-blind validation step using GPT-4o,
followed by multi-stage human review. Common rejection reasons included insufficient difficulty, inaccurate temporal
grounding, and lack of answerability from the video content. Only questions that passed strict human verification were
retained in the final benchmark, ensuring correctness and visual grounding independent of the LLM used in early drafts.

To assess whether SciVideoBench is biased toward the strengths of Gemini-2.5-Pro, we report evaluation results from
multiple frontier models, including GPT-5 and Gemini-3-Pro. As shown in Table 6, both models outperform Gemini-2.5-Pro
in quantitative reasoning, and Gemini-3-Pro also achieves substantially higher overall performance. These results provide
evidence that SciVideoBench does not systematically favor Gemini-2.5-Pro, and that benchmark performance is not aligned
with the characteristics of any single model used during annotation.

Table 6. Performance comparison of frontier LMMs on SciVideoBench. Results show that the benchmark does not favor Gemini-2.5-Pro,
despite its use as an auxiliary tool during early-stage annotation.

Model Overall Conceptual Hypothetical Quantitative
Gemini-2.5-Pro  64.30 69.73 67.79 50.61
GPT-5 55.70 61.35 50.65 55.10
Gemini-3-Pro 70.40 76.22 72.21 58.78
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SCIVIDEOBENCH: Benchmarking Scientific Video Reasoning in Large Multimodal Models

G. Cognitive Complexity Across Reasoning Types

To characterize the cognitive complexity embedded in SciVideoBench, the annotation pipeline incorporates explicit
reasoning-chain generation as an auxiliary step. For each candidate question, Gemini-2.5-Pro first produces a step-by-step
reasoning process describing how the answer can be derived from the video content. These reasoning chains are then
manually reviewed by human annotators to ensure factual correctness, alignment with the visual evidence, and consistency
with established scientific principles. Importantly, these chains are used solely for validation and analysis, and are not
provided to models during evaluation.

We quantify cognitive complexity using two complementary measurements: (i) the average number of reasoning steps, and
(ii) the average number of reasoning words per question. These metrics provide a coarse but systematic view of the depth
and length of inference required across different reasoning types. Table 7 summarizes the results.

Table 7. Cognitive complexity statistics across reasoning types in SciVideoBench. Quantitative questions require substantially deeper and
longer reasoning chains.

Question Type Avg. Reasoning Steps  Avg. Reasoning Words

Conceptual 5.58 101.56
Hypothetical 4.78 91.00
Quantitative 10.59 342.63

These statistics indicate that SciVideoBench questions generally require multi-step reasoning rather than shallow pattern
matching. In particular, quantitative questions demand significantly deeper and longer inference chains, reflecting the need
to integrate measurements, formulas, and temporally grounded observations. This aligns with the intended design goal of
SciVideoBench to evaluate research-level scientific reasoning grounded in video evidence.
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SCIVIDEOBENCH: Benchmarking Scientific Video Reasoning in Large Multimodal Models

H. More Failure Case Studies

In this section, we showcase more failure case among Conceptual, Hypothetical, and Quantitative Reasoning.

Case 1: Misinterpretation of Spectral Evidence. InternVL-3-14B misread the electroluminescence spectrum by
hallucinating multiple peaks and voltage-dependent shifts, concluding that multiple emissive species contributed to the
emission. In reality, the spectrum displayed a single stable peak, indicating well-confined recombination. The model failed
to recognize confinement as the key property and instead introduced instability, leading to the wrong answer. This reflects a
tendency to over-generalize from prior knowledge of spectroscopy rather than grounding reasoning in the observed evidence.

Case 2: Misunderstanding Experimental Procedure. Qwen2.5-VL-32B erred in interpreting the role of a 20-minute
incubation step. It concluded that failure of incubation would prevent substrate hydrolysis, even though the substrate was
not yet present during this period. The correct rationale emphasized pre-incubation of inhibitors with elastase, ensuring
binding equilibrium before substrate addition. The model ignored this inhibitor-binding context, conflating incubation with
general reaction progress, which resulted in selecting an irrelevant option.

Case 3: Incorrect Solvent Accounting. InternVL-3-9B miscalculated the total solvent volume in a polymerization setup.
It fabricated multiple additions of 1,4-dioxane and neglected the actual solvents present in the protocol (DMSO and DMF).
Furthermore, it mishandled the inclusion of solvent-containing stock solutions and confused monomer additions with
solvents. This misidentification led to both an incorrect summation and a mismatch between its numerical reasoning and the
final selected option. The correct calculation, grounded in protocol details, yielded a total of 4.462 mL, which the model
overlooked.

Conclusion. Across these cases, a consistent pattern emerges: models often fail due to misalignment between the
experimental context and the reasoning they generate. Errors stem from three main sources: (1) hallucination of experimental
features not present in the input (spectral peaks, solvent additions), (2) failure to account for the temporal sequence of steps
(substrate not present during incubation), and (3) confusion between categories of experimental components (monomers Vs.
solvents). These findings highlight the importance of grounding reasoning strictly in the provided experimental evidence
rather than relying on generic domain priors. Improved training on step-by-step alignment between protocol details and
answer derivation may reduce these systematic failures.
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SCIVIDEOBENCH: Benchmarking Scientific Video Reasoning in Large Multimodal Models

Question:

What does the property demonstrated by the electroluminescence spectrum at 06:38 imply about the charge recombination
zone within the device? (indicated by the dashed box)

Options:

A. The recombination occurs predominantly at the interface layers

B. Charge recombination zone migrates causing broadening of emission spectrum
C. Charge recombination zone shifts with voltage causing multiple emissive states
D. Emission originates from degradation products varying with applied field

E. Electroluminescence derives mainly from exciplex states formed at interfaces

F. Charge recombination is well-confined and occurs from a single emissive species
G. Multiple emissive species contribute, indicated by fluctuating peak positions

H. Different host molecules emit at various voltages resulting in peak shifts

I. Unstable recombination leads to varying emission colors over time

J. Charge recombination is not confined and occurs throughout the device volume

jve
24mm Aluminum layer
Top View Cross Section
(|
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InternVL-3-14B (CoT): The electroluminescence spectrum shown in the video demonstrates multiple peaks at different
wavelengths, which suggests that there are multiple emissive species within the device. This is because each peak corresponds
to a different energy level of emission, which typically indicates different materials or states within the device that are emitting
light. The shifting of these peaks with voltage further supports the idea that the charge recombination zone is not confined to a
single area but rather involves multiple species that contribute to the overall emission.

Therefore, the final answer is G. Multiple emissive species contribute, indicated by fluctuating peak positions.

Gemini-1.5-Pro (CoT): The question asks about the implications of the electroluminescence spectrum shown at frame 394 for
the charge recombination zone. This plot of emitted light as a function of wavelength for different voltages demonstrates that
the wavelength of peak emission does not change. This suggests the device is optically stable. This means that regardless of the
voltage applied, the peak of the emitted light remains at the same wavelength. A single, unchanging peak indicates a single
emissive species and a well-confined recombination zone. Therefore, the final answer is: F.

Reasoning Rationale: The electroluminescence spectrum of the device provides insight into whether the charge
recombination zone is stable or shifting under different applied voltages. If the recombination zone were moving or involving
multiple emissive states, the emission spectrum would show shifts or multiple peaks corresponding to different sites such as
host emission, exciplexes, or degradation products. This would compromise the stability of emission color across operating
conditions. In the observed spectrum, however, a single stable emission peak is maintained across voltages. This indicates
that recombination is successfully confined to the DPTZ-DBTO2 guest molecules embedded in the CBP host matrix. Such
confinement prevents spectral drift, demonstrating that the device is well-architected to restrict recombination to one
emissive species. This stability is particularly important for display applications, where consistent emission color at all
brightness levels is essential for visual quality and device reliability. Therefore, the spectrum implies that the charge
recombination is well-confined and occurs from a single emissive species.

The correct answer is option F: Charge recombination is well-confined and occurs from a single emissive species.

Error Analysis: (1) Misinterpretation of spectral features: InternVL-3-14B claimed that the electroluminescence spectrum
shows multiple peaks and voltage-dependent shifts, concluding that multiple emissive species contribute. This directly
contradicts the observed evidence described in the rationale, where a single stable peak is maintained across voltages. The
model effectively hallucinated extra spectral complexity that was not present. (2) Failure to recognize confinement as the key
property: Instead of identifying that stability of the emission peak demonstrates confinement of recombination to a single
emissive species, the model assumed instability and distributed recombination.

This inverted the correct reasoning, leading to the wrong answer (G) instead of the correct answer (F).

Figure 14. Failure case example of InternVL-3-14B with chain-of-thought prompt compared with the correct reasoning of Gemini 1.5 Pro.
InternVL-3-14B makes the wrong predictions because of the incorrect visual perception of the experiment results, while Gemini 1.5 Pro
correctly captures the unchanged state of the peak at different wavelengths.
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Question:

What could happen if the 20-minute incubation period described at 02:25 fails? (indicated by the dashed box)
Options:

A. Substrate and enzyme do not reach steady-state kinetics

B. Enzyme fails to degrade impurities in solution

C. Competitive binding between substrate and inhibitor does not occur
D. Enzyme is not activated by cofactors

E. Compounds do not bind to elastase

F. Enzyme does not partially denature before reaction starts

G. Reaction mixture temperature remains uneven

H. Substrate does not undergo initial hydrolysis

I. Plant extracts do not completely dissolve

J. Fluorescence equilibrium of the assay is not reached

Qwen2.5-VL-32B (CoT): To answer this question, let's break it down step by step:\n\n### Step 1: Understand the Context\nThe
question refers to a 20-minute incubation period described at frame 145. Incubation periods in biochemical or enzymatic assays
are typically used to allow reactions to proceed under controlled conditions. This period might be crucial for achieving specific
outcomes, such as reaching steady-state kinetics, ensuring complete dissolution of reagents, or allowing enzymes to interact
with substrates.\n\n### Step 2: Analyze Each Option\nLet's evaluate each option to determine which one is most likely to occur
if the 20-minute incubation period fails:\n\n#### A. **Substrate and enzyme do not reach steady-state kinetics**\n- Steady-
state kinetics require enough time for the enzyme-substrate complex to form and for products to accumulate. If the incubation
period is insufficient, the system may not reach steady state.\n- **Plausible** but depends on the specific context of the
experiment.\n\n#### B. **Enzyme fails to degrade impurities in solution**\n- Some enzymes may degrade impurities during
an incubation period. However, this is not a universal requirement for all experiments.\n- **Less relevant** unless the
experiment explicitly involves impurity degradation.\n\n#### C. **Competitive binding between substrate and inhibitor does
not occur**\n- Competitive inhibition requires the presence of both substrate and inhibitor. If the incubation period is too
short, competitive binding might not occur fully, but this is highly dependent on the specific experimental setup.\n-
**Plausible** but context-dependent.\n\n#### D. **Enzyme is not activated by cofactors**\n- Activation by cofactors often
requires time for binding and activation. If the incubation period is insufficient, the enzyme might remain inactive.\n-
**Plausible** if the enzyme requires cofactors.\n\n#### E. **Compounds do not bind to elastase**\n- Elastase is a specific
enzyme that may require time to bind to its substrates or compounds. If the incubation period is too short, binding might
not occur.\n- **Plausible** if the experiment involves elastase.\n\n#### F. **Enzyme does not partially denature before
reaction starts**\n- Partial denaturation can sometimes be a necessary step for enzyme activity, but this is not a common
requirement for most enzymes.\n- **Less relevant** unless the experiment specifically involves denaturation.\n\n#### G.
**Reaction mixture temperature remains uneven**\n- Temperature control is important, but this is more about experimental
setup than the incubation period itself.\n- **Less relevant** unless the incubation period is directly tied to temperature
stabilization.\n\n#### H. **Substrate does not undergo initial hydrolysis**\n- Hydrolysis is a key step in many enzymatic
reactions. If the incubation period is too short, the substrate might not undergo initial hydrolysis.\n- **Plausible** and directly
related to the reaction progress.\n\n#### |. **Plant extracts do not completely dissolve**\n- Dissolution of plant extracts
might require time. If the incubation period is insufficient, incomplete dissolution could occur.\n- **Plausible** if the
experiment involves plant extracts.\n\n#### J. **Fluorescence equilibrium of the assay is not reached**\n- Many assays rely
on fluorescence measurements. If the incubation period is too short, the fluorescence signal might not reach equilibrium.\n-
**Plausible** and directly related to the assay outcome.\n\n### Step 3: Determine the Most Likely Outcome\nThe most
general and universally applicable consequence of a failed incubation period is that the system might not reach the desired
equilibrium or steady state. Among the options, **H. Substrate does not undergo initial hydrolysis** is a direct and
fundamental issue that would arise if the incubation period is insufficient. Hydrolysis is a critical step in many enzymatic
reactions, and without it, the reaction cannot proceed as intended.\n\n### Final Answer:\n$$\\boxed{H}$$

Reasoning Rationale: The 20-minute incubation period is designed to allow the elastase enzyme to interact with test
compounds or the positive inhibitor PMSF before the substrate (SANA) is introduced. Binding between an enzyme and its
inhibitor is not always instantaneous; it is a dynamic process that requires time to reach equilibrium. This pre-incubation
ensures that inhibitors occupy the enzyme’s active site in advance, maximizing their inhibitory effect. If the incubation step
fails or is skipped, the inhibitors will not have sufficient time to bind effectively. As soon as the substrate is added, it will
compete directly with the inhibitor for access to the enzyme. This leads to a situation where inhibitory compounds cannot
exert their true potency, and the assay results will underestimate their effect. The critical operational failure is that the
compounds do not properly bind to elastase as intended. Therefore, if the 20-minute incubation fails, compounds do not bind
to elastase. The correct answer is option E: Compounds do not bind to elastase.

Error Analysis: (1) Misinterpretation of the incubation step: Qwen2.5-VL-32B concluded that a failed incubation would prevent
substrate hydrolysis (option H). This is incorrect because the substrate is not present during the incubation period, so hydrolysis
cannot be affected at this stage. The model misunderstood the temporal sequence of the experiment.

(2) Failure to recognize inhibitor pre-binding as the key purpose: The rationale shows that the 20-minute incubation ensures
inhibitors or test compounds bind elastase before substrate addition. The model ignored this pre-incubation role and instead
generalized incubation as part of reaction progress.

This inverted the correct reasoning, leading to the wrong answer (H) instead of the correct answer (E).

Figure 15. Failure case example of Qwen2.5-VL-32B-Instruct. The model makes the wrong prediction because of lacking the domain
knowledge about the incubation process.
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Question:
What is the total volume of all liquid solvents added to the round bottom flask during the polymerization setup phase, prior to
the degassing step?

Options:
A.446mL. B.6.15mL C.492mL D.591mL E.3.81mL
F.470mL.  G.291mL H.1.1mL .479mL  J.5.48 mL

InternVL-3-9B (CoT): To determine the total volume of all liquid solvents added to the round bottom flask during the
polymerization setup phase, we need to sum up the volumes of each solvent added. The video shows the addition of 1.1 mL of
1,4-dioxane, 1.1 mL of 1,4-dioxane, and 2.91 mL of 1,4-dioxane. Adding these volumes together:\n\n1.1 mL+ 1.1 mL + 2.91
mL = 5.11 mL\n\nHowever, the closest option to this sum is 5.48 mL. Therefore, the correct answer is D

Reasoning Rationale: This question requires careful tracking of all solvent-containing components added during the
polymerization setup. The video shows the following additions: 1. At 03:24, 2 mL of the UiO-66-DDMAT particle dispersion,
which is stated to be in DMSO solvent. 2. At 03:42, 12 microliters (0.012 mL) of the iridium catalyst stock solution is added.
The protocol clarifies this stock is in DMF. 3. At 03:49, 0.45 mL of the DDMAT stock solution is added, which is also in DMF. 4.
At 04:02, 2 mL of DMSO is used to dissolve the methyl acrylate monomer. Methyl acrylate itself is the monomer, not a solvent.
Therefore, the total volume of solvents is the sum of the volumes of DMSO and DMF added: 2 mL (from particle dispersion) +
0.012 mL (from catalyst stock) + 0.45 mL (from DDMAT stock) + 2 mL (for dissolving monomer) = 4.462 mL.

Thus, the answer is A.

Error Analysis: (1) Wrong solvent identification and omissions: InternVL-3-9B hallucinated three additions of 1,4-dioxane (1.1,
1.1, 2.91 mL) and summed those, ignoring the actual solvent-bearing additions shown in the protocol (DMSO from the particle
dispersion and monomer dissolution; DMF from the catalyst and DDMAT stocks). It also excluded the pL-scale stock addition
and the dispersion solvent, both of which count “prior to degassing.” (2) Incorrect inclusion/exclusion logic: The model treated
bulk “1,4-dioxane” as the solvent of interest and implicitly ignored that the monomer is not a solvent, whereas the rationale
correctly counts only solvent volumes (DMSO + DMF) and excludes methyl acrylate. (3) Arithmetic/decision inconsistency:
After summing its invented volumes to 5.11 mL, the model claimed “the closest option is 5.48 mL” but then output D (5.91 mL),
revealing both numerical error and option mismatch.

Figure 16. Failure case example of InternVL-3-9B. The model makes the wrong predictions because of the wrong calculation logic and
wrong solvent identification.
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I. Results of Different Question Types

As shown in the right portion of Table 2, Quantitative Reasoning consistently emerges as the most challenging category
across models, regardless of architecture or scale. This difficulty is evident not only in proprietary models but also in
open-source models, where Quantitative scores are systematically lower than those for Conceptual or Hypothetical reasoning.
In fact, several open-source models perform close to or even below the random-guess baseline, for example, InternVL2-4B
achieves only 9.39%, and InternVL-3-1B-Instruct reaches 7.76% in Quantitative Reasoning. By contrast, Conceptual
Reasoning generally yields the highest scores, slightly ahead of Hypothetical Reasoning, although the gap is modest. These
patterns indicate that SCIVIDEOBENCHplaces particularly high demands on precise numerical reasoning and multi-step
calculation abilities, while Conceptual and Hypothetical questions—though still challenging—tend to be more approachable
for current multimodal LLMs.

J. Results of Different Disciplines

Across different disciplines, the performance trends remain relatively consistent, indicating that no single discipline presents
a disproportionately higher level of difficulty in SCIVIDEOBENCH. For Gemini-2.5-Pro, Chemistry emerges as the lowest-
performing discipline, whereas Medicine achieves the highest accuracy; while Gemini-1.5-Pro displays the opposite pattern,
with its best results in Chemistry and comparatively lower performance in other disciplines. This contrast suggests that
the impact of model architecture and scale can vary across domains, and that strengths in one discipline do not necessarily
translate directly to others.

K. The Impact of Audio

To investigate how audio, which provides additional information about the experiments shown in the video, will affect
the model performance, we evaluate Gemini-2.5-Pro (Google, 2025) and Qwen2.5-Omni-7B (Xu et al., 2025) due to their
capability of supporting full modality input. From Table 8, we can observe consistent improvement brought by audio input
for both Gemini-2.5-Pro and Qwen2.5-Omni-7B in overall performance (2.70% and 2.80%, respectively). This limited
improvement also demonstrates that the visual content dominates the model performance.

Table 8. Model Performance Improvement by Audio on SCIVIDEOBENCH.

Models Use Audio Overall Question Type Discipline

Conceptual Hypothetical Quantitative Biology Chemistry Medicine Physics
Gemini-2.5-Pro (Google, 2025) N 64.30 69.73 67.79 50.61 64.79 61.82 74.77 61.44
Gemini-2.5-Pro (Google, 2025) Y 67.00 74.32 67.53 55.10 68.70 61.21 71.96 66.14
Qwen2.5-Omni-7B (Xu et al., 2025) N 14.70 16.69 14.97 9.74 14.39 14.36 17.85 14.25
Qwen2.5-Omni-7B (Xu et al., 2025) Y 17.50 20.29 18.51 12.80 18.24 16.52 18.19 17.67
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L. Frame Sampling Study

For fair and consistent evaluation, we follow each model’s official default frame-sampling strategy in all main experiments.
Since SciVideoBench consists of visually dense scientific procedures with fine-grained temporal structure, providing more
sampled frames naturally supplies richer visual evidence, which may help models better track temporal dependencies,
observe subtle experimental details, and reason about underlying scientific processes.

To examine the sensitivity of SciVideoBench to temporal visual coverage, we conduct additional ablation experiments on
Qwen2.5-VL (7B and 3B) under multiple frame-sampling settings. Specifically, we evaluate each model with decreasing
numbers of sampled frames while keeping all other evaluation conditions fixed. The results are summarized in Table 9.

Table 9. Effect of frame sampling on SciVideoBench performance. Reduced frame sampling consistently degrades performance, indicating
the importance of rich temporal visual evidence.

Model & Frames Overall Conceptual Hypothetical Quantitative
Qwen2.5-VL-7B

768f 26.30 35.95 28.05 8.98
128f 25.80 34.86 25.97 11.84
64f 25.50 33.78 26.23 11.84
32f 25.40 35.14 24.42 12.24
16f 22.20 29.19 22.34 11.43
Qwen2.5-VL-3B
768f 22.50 32.43 20.78 10.20
128f 22.10 31.89 20.26 10.20
64f 20.70 31.08 17.66 8.98
32f 20.90 29.46 19.48 10.20
16f 19.90 27.84 18.96 9.39

Across both model sizes, performance generally degrades as fewer frames are provided, demonstrating that SciVideoBench
is sensitive to temporal visual coverage rather than relying on sparse or static cues. These results indicate that the benchmark
rewards models that can effectively leverage rich, temporally distributed visual information, which is essential for accurate
scientific video reasoning.
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M. Disagreement Between CoT and Direct Answer

To further investigate the possible reason that CoT prompting has a such different impact for different reasoning type for
open-source models, we analyze the predictions of three representative models: InternVL-3-78B, InternVL2-Llama3-76B,
and Qwen2.5-VL-32B-Instruct. From Table 10, we observe that chain-of-thought (CoT) prompting does not consistently
improve evaluation performance across reasoning types. Globally, the number of instances where the direct strategy is
correct but CoT is wrong slightly exceeds the reverse, indicating that CoT often introduces additional errors. A more detailed
breakdown by reasoning type reveals that the negative impact is concentrated in Conceptual and Hypothetical reasoning. In
these categories, CoT tends to amplify hallucinations or over-elaborate on causal relations, leading the model away from the
correct choice, whereas direct answering can rely more on memorized factual knowledge or surface-level pattern recognition.
In contrast, Quantitative reasoning benefits substantially from CoT: across the three models, we see more cases where CoT
corrects errors that the direct approach would miss. This suggests that explicit reasoning chains help models externalize
intermediate computational steps (e.g., arithmetic or logical comparisons), which are otherwise challenging when only a
single final answer is required. A plausible reason why CoT hurts open-source models on conceptual and hypothetical
reasoning is that open-source models are less robust in producing faithful long-form causal explanations, often hallucinating
or over-elaborating when reasoning about abstract scenarios, but CoT provides a clear scaffold for step-by-step arithmetic or
numerical comparisons, which directly reduces errors in quantitative tasks.

Table 10. Comparison of agreement and disagreement between CoT and Direct answers across three models.

Model Both Correct Both Wrong Agree Both Wrong Disagree CoT Correct, Direct Wrong Direct Correct, CoT Wrong
Overall

InternVL-3-78B 259 253 242 120 126

InternVL2-Llama3-76B 139 287 340 110 124

Qwen2.5-VL-32B-Instruct 96 335 338 112 119
Conceptual Reasoning

InternVL-3-78B 149 71 41 42 61

InternVL2-Llama3-76B 58 125 97 43 47

Qwen2.5-VL-32B-Instruct 37 147 92 39 55
Hypothetical Reasoning

InternVL-3-78B 93 102 88 44 58

InternVL2-Llama3-76B 48 114 129 38 56

Qwen2.5-VL-32B-Instruct 49 145 106 39 46
Quantitative Reasoning

InternVL-3-78B 17 74 113 34 7

InternVL2-Llama3-76B 33 48 114 29 21

Qwen2.5-VL-32B-Instruct 10 43 140 34 18
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N. Modality Ablation

To characterize the contribution of different information modalities in SciVideoBench, we conduct a detailed modality
ablation study comparing option-only guessing, visual-blind QA, transcript-only QA, video-only QA, and video+paper QA.
All experiments are conducted using GPT-40 to isolate the role of each modality and to assess whether external scientific
descriptions from the associated JOVE papers provide additional advantages beyond the video content itself.

Table 11 summarizes the results. Option-only guessing achieves near-random accuracy under the 10-option multiple-choice
setting, confirming that shallow elimination strategies are ineffective. Transcript-only QA outperforms visual-blind QA,
indicating that narration provides useful contextual information, but remains substantially weaker than video-based reasoning.
Incorporating the accompanying research paper yields a modest improvement over video-only QA, suggesting that external
textual descriptions can assist with certain conceptual or hypothetical questions, but do not replace the need for visual
grounding.

Table 11. Modality ablation results on SciVideoBench using GPT-40. Performance gains from text-only modalities are limited, while
video-based reasoning remains essential.

Mode Overall Conceptual Hypothetical Quantitative
Option-only Guess 10.50 11.35 10.65 8.98
Visual-blind QA 15.80 14.05 20.00 11.84
Transcript-only QA 21.50 26.22 23.12 11.84
Video QA 24.90 30.27 28.05 11.84
Video+Paper QA 25.80 30.81 30.13 11.43

To further examine the role of audio information, we additionally report audio-only and audio+video evaluations using
Gemini-2.5-Pro in Table 12. While audio-only reasoning achieves non-trivial performance due to narrated explanations,
it remains significantly weaker than video-based reasoning. Combining audio and video yields further improvements,
indicating that multimodal integration is beneficial, but visual evidence remains the dominant signal.

Table 12. Audio and video modality ablation on SciVideoBench using Gemini-2.5-Pro.

Modality Overall Conceptual Hypothetical Quantitative
Audio-only 34.90 38.92 39.22 22.04
Video-only 64.30 69.73 67.79 50.61
Audio + Video  67.00 74.32 67.53 55.10

Overall, these results indicate that SciVideoBench questions cannot be reliably solved through textual or option-based
priors alone. While narration and external documents provide limited complementary information, accurate performance
fundamentally depends on grounded visual understanding of scientific procedures and experimental evidence.
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O. Error Analysis

To gain an in-depth understanding of how far the current models are from real human experts, we comprehensively analyze
the results of Gemini-1.5-Pro-Thinking and Gemini-2.0-Flash-Thinking. Comparing these reasoning steps with the real
rationale from the annotation process, which was carefully verified by human experts, we found three noticeable errors:
Incorrect Visual Perception, Inaccurate Reasoning, and Lack of Domain Knowledge. Importantly, most of the wrong
responses stem from a complex error combination, e.g., both incorrect visual perception and inaccurate reasoning progress.

Incorrect Visual Perception (70.68%) is the most common factor that leads to an incorrect conclusion. It leads to
misinterpret of what is visually shown in the video and identify the wrong moment in the temporal span. For instance,
in Figure 7, Gemini-2.0-Flash overlooks the on-screen textual information indicating the humidity, which leads to the
consequence that it obtains incorrect option analysis for option J, maintaining standardized high humidity.

Inaccurate Reasoning Progress (63.25%) also constitutes a main portion of the error cause. It usually involves logical
flaws despite correct or partially correct observations. In Figure 7, Gemini-2.0-Flash fails to establish the connection
between the operation of using potassium sulfate and the high-humidity consequence.

Lack of Domain Knowledge (49.40% ) happens when models fail to connect the visual evidence with specific expert
knowledge that helps answer the question. For example, in Figure 7, the function of potassium sulfate should be a well-
known expert knowledge for researchers; however, Gemini-2.0-Flash is not able to analyze even perceive the existence of
the sulfate in the video, which is strong evidence of domain knowledge lacking.

P. Reproducibility Statement

To support transparency and reproducibility, we document all key details of dataset construction and evaluation. The
dataset includes full metadata for each video, including IDs, timestamps, annotations, and links to source content. All 1000
question—answer pairs are versioned and released with associated distractors and reasoning type labels. Evaluation scripts
specify frame sampling strategies, input formatting, and decoding parameters (e.g., temperature, top-k) to ensure consistent
reproduction of results. Experiments were conducted using up to 8 xH100 GPUs, and we release prompts, seeds, and logs to
minimize redundant computation and allow others to replicate our baselines. To maintain transparency, future updates will
be versioned with detailed changelogs, and we will honor error corrections or takedown requests from rights holders.

Q. Copyright

All videos used in SCIVIDEOBENCHoriginate from the Journal of Visualized Experiments (JoVE), which retains the
copyright to the original recordings. Our benchmark leverages these videos strictly under fair use for non-commercial
research and educational purposes, in line with academic standards. The dataset does not redistribute full videos; instead, it
provides structured annotations, metadata, timestamps, and video IDs that allow authorized users to access the original JoVE
content via institutional or personal subscription. Where minimal frame thumbnails are necessary for unambiguous visual
grounding, only the smallest subset of frames is included. This design respects copyright while still enabling reproducible
scientific research. We emphasize that SCIVIDEOBENCHis strictly intended for research and educational use, and must not
be used for commercial applications.
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R. Ethical Considerations

SCIVIDEOBENCHis carefully curated to avoid sensitive or personally identifiable content. The videos are professionally
produced laboratory demonstrations published with editorial oversight, focusing on experimental procedures, equipment,
and scientific phenomena rather than human subjects. While some clips may include researchers’ hands or partial presence
in the experimental setting, no personal, medical, or biometric data is exposed. We do not annotate or distribute personally
identifying information, and any textual overlays included in the benchmark are limited to scientific variables (e.g., masses,
temperatures) extracted from the accompanying manuscripts and transcripts to aid verification. Annotations are produced
through a human-in-the-loop, multi-agent pipeline in which LLMs propose items, automated agents check answerability
and visual grounding with timestamps, and human experts refine and verify the outputs. This design ensures data integrity,
reduces hallucination, and enforces grounding in authentic scientific content. To mitigate dual-use risks, all questions are
framed for reasoning and understanding rather than step-by-step procedural replication; the benchmark is not intended to
serve as laboratory training material or to guide hazardous experimentation. Overall, the dataset adheres to responsible
practices for scientific data collection and annotation, in alignment with JoVE’s licensing policies and ethical guidelines.

S. Limitation

Despite its contributions, SCTVIDEOBENCHhas several limitations. First, its coverage reflects the domain distribution of
JoVE and primarily English-language scientific materials, which may under-represent other subfields, experimental practices,
or linguistic contexts. Second, although our multi-agent, human-in-the-loop annotation pipeline was designed to ensure
rigor, errors and biases may persist in question phrasing, answer distractors, or visual grounding. Third, the benchmark
focuses on research-level laboratory scenarios and may not fully capture the breadth of scientific reasoning tasks in other
modalities (e.g., field studies, computational simulations). We highlight these limitations to provide transparency, avoid
overstating current capabilities, and encourage future work that broadens scientific coverage, reduces bias, and develops
more efficient evaluation protocols.

T. Use of LLMs

In this work, large language models (LLMs) are employed exclusively within our semi-automatic annotation pipeline and for
polishing the manuscript text. Specifically, LLMs assist in generating candidate question—answer pairs, producing rationales,
and refining phrasing during annotation, always under human verification and correction. Beyond these annotation and
writing-support roles, no additional use of LLMs is involved in the development of SCIVIDEOBENCH.
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