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Abstract

Despite the growing video understanding capa-
bilities of recent Multimodal Large Language
Models (MLLMs), existing video benchmarks
primarily assess understanding based on mod-
els’ static, internal knowledge, rather than their
ability to learn and adapt from dynamic, novel
contexts from few examples. To bridge this gap,
we present Demo-driven Video In-Context
Learning, a novel task focused on learning
from in-context demonstrations to answer ques-
tions about the target videos. Alongside this,
we propose Demo-ICL-Bench, a challenging
benchmark designed to evaluate demo-driven
video in-context learning capabilities. Demo-
ICL-Bench is constructed from 1200 instruc-
tional YouTube videos with associated ques-
tions, from which two types of demonstrations
are derived: (i) summarizing video subtitles
for text demonstration; and (ii) corresponding
instructional videos as video demonstrations.
To effectively tackle this new challenge, we de-
velop Demo-ICL, an MLLM with a two-stage
training strategy: video supervised fine-tuning
and information-assisted direct preference opti-
mization, jointly enhancing the model’s ability
to learn from in-context examples. Extensive
experiments with state-of-the-art MLLMs con-
firm the difficulty of Demo-ICL-Bench, demon-
strate the effectiveness of Demo-ICL, and thus
reveal future research directions for video in-
context learning.

1 Introduction

Video understanding remains challenging.
Recent Multimodal Large Language Models
(MLLMs) (Alayrac et al., 2022; Awadalla et al.,
2023; Huang et al., 2023; Zhao et al., 2023; Peng
et al., 2023; Wang et al., 2024a; Chen et al.,
2024c; Li et al., 2024a; Dong et al., 2025) show
progress from short-clip recognition (Fabian
Caba Heilbron and Niebles, 2015; Mangalam
et al., 2023; Goyal et al., 2017; Zhang et al.,
2025d) to long videos analysis (Chandrasegaran

et al., 2024) from daily-life settings (Lei et al.,
2019; Mangalam et al., 2023) to instructional
videos (Miech et al., 2019; Tang et al., 2019;
Zhukov et al., 2019). However, existing video
benchmarks typically pose questions that rely on
either internal pre-trained knowledge (e.g., asking
“what is a whisk?”) or by visible facts in the
target video (e.g., “where is the whisk?”). This is
fundamentally different from a more challenging
scenario where a model must learn a new process
or skill from demonstrations (e.g., a video tutorial
that teaches the model how to cook Mexican
Rice) and then apply that learned knowledge
to answer questions based on a new, related
target video sequence. This scenario reflects
human learning and is crucial for downstream
applications like robotics, where robots can learn
from demonstrations to tackle new tasks. For
example, in Fig 1, after seeing only the first step of
heating oil for Mexican Rice, the model is asked
“what should you do next?” based on in-context
text instructions or video demonstrations. This
question requires knowing the specific sequence of
steps for this particular version of Mexican Rice
that the model is presumably meant to understand
or follow, such as based on the in-context video
demonstrations. To better encourage models
to learn new skills from context and adapt to
novel tasks, we propose a challenging video
understanding task called Demo-driven Video
In-Context Learning(Demo-driven ICL). Our
task embodies this by presenting target videos and
questions alongside in-context text guidelines or
video demonstrations. As shown in Fig 1, Demo-
driven ICL has three sub-settings: (1) text-demo
in-context learning, (2) video-demo in-context
learning, and (3) demonstration selection. These
questions explicitly require models to use the
knowledge provided within in-context examples,
rather than just their static internal knowledge.
A key difference between Demo-driven ICL
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Demo-ICL

Q: According to the video, till after heating the oil, what should I do now to cook the Mexican Rice? 

Text-demo In-Context Learning

Text Instructions

Step 1: Wash the rice; Heat the oil
Step 2: Add the tomato purée 
Step 3: Add onion and garlic; fry 
for 2 minutes

...

Video Demonstration

Video-demo In-Context Learning Video Candidates

Demonstration Selection

∫

Retrieve
Adapt

Search

…

Based on the text instructions 
of the process of making 
Mexican rice; I can see current 
video with the step of heating 
oil, and the next step could be 
adding the tomato purée.

Based on the video 
demonstration, which shows 
adding tomato purée during 
cooking, I can learn from it 
and tell that the answer to 
this question would be 
adding the tomato purée.

Based on the video candidates, 
I should select the last video 
to answer the given question. 
From the content of video, I 
can infer the final answer is 
adding the tomato purée.

Video Candidate Pool

Figure 1: Overview of the Demo-driven Video In-Context Learning Task with three distinct settings: (1)
Text-demo in-context learning, where text instructions act as the demonstrations; (2) Video-demo in-context learning,
where a video demonstration acts as the reference; and (3) Demonstration Selection, which requires identifying the
relevant video demonstrations among the video candidate pool and using them to guide video in-context learning.

and previous in-context learning paradigms lies
in the data modality and interaction type: our
in-context demonstrations can be videos, and the
task involves choosing from a candidate pool to
identify suitable in-context examples by the model
itself. The Demo-driven ICL tasks mirror how
one might learn a complex skill, such as cooking,
by searching for related video demonstrations
and watching them while also consulting sup-
plementary visual or textual guides. To evaluate
the proposed Demo-driven ICL task, we present
Demo-ICL-Bench, a benchmark that consists of
text/video demonstrations, target videos, questions,
and answers. We collected instructional YouTube
videos from the HowTo100M dataset (Miech
et al., 2019), ensuring subtitles and timestamps.
Subsequently, we used an LLM to summarize
these subtitles, generating text demonstrations to
serve as in-context examples. Additionally, we
employ video search ranking methods and an LLM
to identify and select videos similar to the target
video to serve as in-context video demonstrations,
and we also construct a video candidate pool for
the model to select from and learn, in order to
mimic real-world scenarios. Demo-ICL-Bench
is complex and challenging: answering every
question demands an accurate understanding of
the demonstrations, resulting in frontier models
like Gemini-2.5-Pro achieving merely 46.6%
and 32.0% accuracy when processing text and
video demonstrations, respectively. To address

Demo-driven ICL, we present Demo-ICL with
a two-stage training strategy: video supervised
fine-tuning, and information-assisted Direct
Preference Optimization (DPO) for demo-driven
video ICL. We design an information-assisted DPO
data generation pipeline to produce high-quality
chosen responses by simplifying the task with
additional contextual information. Demo-ICL
outperforms existing MLLMs on the proposed
Demo-driven ICL, VideoMMMU for video
knowledge acquisition (Hu et al., 2025), and
VideoMME (Fu et al., 2024a) for general video
understanding. Our key contributions are: (i) New
Challenging Tasks: We design three Demo-driven
Video In-Context Learning (Demo-driven ICL)
tasks, which enable models to answer questions
by learning from text or video demonstrations,
representing a significant step towards more
human-like learning and decision-making pro-
cesses in video understanding tasks. (ii) New
Benchmark and Evaluation: We establish a new
Demo-ICL-Bench that is specifically designed for
evaluating demo-driven video in-context learning
capabilities. Based on Demo-ICL-Bench, we
conduct comprehensive evaluations of cutting-edge
baselines, showcasing various challenges of our
proposed task. (iii) New Demo-ICL Model: We
present a new model, Demo-ICL, along with
a customized two-stage training strategy that
enhances a model’s ability to learn and adapt
from in-context demonstrations. Compared with
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SOTA models, Demo-ICL shows competitive
performance across existing benchmarks (Fu
et al., 2024a; Wu et al., 2024; Hu et al., 2025),
demonstrating its superior video comprehension
and in-context knowledge acquisition capabilities.

2 Related Work

Multimodal Video Understanding for Knowl-
edge Acquisition. Multimodal video understand-
ing is evolving from low-level perception to-
ward knowledge acquisition - the ability to ex-
tract, structure, and apply information from com-
plex instructional videos, where large-scale in-
structional datasets play a pivotal role in this
shift. HowTo100M (Miech et al., 2019) intro-
duced 1.2 million narrated videos with 136 mil-
lion clip–caption pairs for procedure recognition
and cross-task transfer. Other instruction-based
datasets (Tang et al., 2019; Zhukov et al., 2019)
provide fine-grained task annotations or support
weakly supervised step parsing across diverse pro-
cedures. More recently, benchmarks like Video-
MMMU (Hu et al., 2025), Video-MMLU (Song
et al., 2025), and VideoMathQA (Rasheed et al.,
2025) start to probe models’ capabilities to learn
from educational videos, shifting emphasis from
perception to knowledge uptake and application.
To further benchmark the video understanding task
for knowledge acquisition that is closer to real-
world settings, we introduce Demo-driven Video In-
Context Learning and propose Demo-ICL-Bench,
to evaluate models’ capabilities of acquiring new
concepts via given video demonstrations.
Multimodal In-Context Learning. In-context
learning (ICL) enables models to perform new
tasks by conditioning on a few examples at in-
ference. Initially developed for large language
models (LLMs), ICL has been extended to mul-
timodal settings and shows consistent performance
gains across language and image tasks (Dou et al.,
2026; Brown et al., 2020; Min et al., 2021; Luo
et al., 2024; Zhou et al., 2024b). However, video-
based ICL remains underexplored: current video
MLLMs (Lin et al., 2024a; Maaz et al., 2024;
Zhang et al., 2025e) mainly emphasize zero-shot
performance through curated video instruction
datasets for open-ended QA, captioning, and di-
alog capabilities. Emerging works add chain-of-
thought methods for video understanding and rea-
soning tasks (Wang et al., 2024c; Han et al., 2025;
Arnab et al., 2025; Tian et al., 2025a; Zhang et al.,

2025c; Ghazanfari et al., 2025) encourage step-
wise evidence aggregation and explicit explana-
tion, while some retrieval-based methods like Vide-
oRAG (Tevissen et al., 2024; Ren et al., 2025) es-
tablish a new paradigm of retrieving video mo-
ments and ground answers in cited segments. How-
ever, the aforementioned works merely use the con-
text as a reference, rather than adapting to and learn-
ing from the provided context. In our work, we
address this gap by introducing the Demo-driven
ICL task on instructional video datasets, supported
by an optimized training pipeline, to enhance the
model’s capability to learn from the in-context
video demonstrations.

3 Demo-ICL

3.1 Demo-driven Video In-Context Learning

Learning from demonstrations is central to hu-
man procedural knowledge acquisition: people
can watch a few examples, infer the task logic,
and adapt it to a new situation. In contrast, cur-
rent video MLLMs are usually evaluated on fixed
skills learned during pre-training or supervised fine-
tuning, rather than on whether they can acquire a
new procedure from the input context. This setting
is important for realistic applications such as in-
structional assistance and robotics, where an agent
may need to watch a tutorial, identify the current
progress of a new execution, and decide the next ac-
tion. We therefore study whether MLLMs can learn
task-specific procedures from in-context examples
and transfer them to a related target video.

We define Demo-driven Video In-Context
Learning with three settings. Given either an in-
structional video VD or a text demonstration TD,
the model must first interpret how the demonstrated
task should be completed. It then observes a tar-
get video prefix VTest[0, t1] and predicts the sub-
sequent action A[t1,t2] by using the demonstration
as procedural context. The task therefore requires
more than recognizing objects or actions in the tar-
get video: the model must align the current state
with the demonstrated procedure and infer what
should happen next.

1) Text-demo In-Context Learning: The
model uses step-by-step textual instructions as the
demonstration and answers what action should fol-
low the current target video state. For example,
after observing that the target video has reached
the step of heating oil for Mexican Rice, the model
should consult the textual procedure and predict
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Figure 2: Overview of Data Construction and Training Strategy. (i) illustrates our coarse-to-fine dataset
collection pipeline; (ii) presents the tailored two-stage training strategy for training the Demo-ICL model.

the following step. This setting provides an oracle
textual procedure and tests whether the model can
align the target video with the correct step.

2) Video-demo In-Context Learning: The
model receives a related instructional video as the
demonstration and must infer the transferable pro-
cedure directly from visual-temporal evidence. Un-
like text-demo ICL, the procedural structure is im-
plicit and must be extracted from another video,
requiring temporal alignment between two execu-
tions of a similar task.

3) Demonstration Selection: The model is
given the input video and a pool of video candi-
dates (e.g., a pool containing “Mexican rice,” “fried
rice,” and “pasta,”). The model must first select
the most relevant demonstration (e.g., “Mexican
rice”) from the pool and then use it to answer the
question, simulating a scenario where a perfectly
aligned demonstration is not provided.

These settings form a progression from oracle
textual guidance to raw video demonstrations and
finally to selecting the useful demonstration under
distractors, covering both idealized and practical
demo-driven video ICL scenarios.

3.2 Dataset Construction

Video Collection and Annotation. We construct
our benchmark using HowTo100M (Miech et al.,

2019), a large-scale corpus of over 100 million nar-
rated YouTube instructional clips spanning 23,000
complex activities. Its step-by-step demonstra-
tions are highly effective for demo-driven video
in-context learning and procedural knowledge ac-
quisition. Following an initial filtering by video
length, language, and title availability, human anno-
tators curate the dataset to ensure suitable difficulty
and visual relevance to knowledge acquisition. To
obtain detailed activity descriptions, we use ASR
transcripts as they offer more detailed descriptions
of demonstrated activities compared with video
captions. We utilize HTM-AA (Han et al., 2022) to
extract precise sentence and word-level timestamps
via WhisperX (Bain et al., 2023).

Text Demonstration Generation. As shown in
Fig 2, we generate step-by-step textual demon-
strations through a coarse-to-fine pipeline. First,
Qwen2.5-72B (Bai et al., 2025b) parses ASR tran-
scripts to extract the essential instructional steps
required for task completion. Then, to maintain
a coherent, task-focused sequence, we filter out
irrelevant actions and merge redundant steps into
adjacent relevant segments. Finally, Qwen2.5-VL-
72B (Bai et al., 2025b) refines these demonstra-
tions by jointly analyzing the textual descriptions
alongside their corresponding video clips, ensuring
precise visual grounding and contextual accuracy.
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By successfully eliminating verbose and irrelevant
summaries, this multistage refinement yields reli-
able procedural guidance and achieves a 94% hu-
man satisfaction rate, substantially outperforming
the 56% rate of a direct ASR to LLM baseline.
Video Demonstration Selection. To enable video-
based in-context learning, we construct paired
video demonstrations of similar tasks. This explicit
visual guidance allows models to observe alterna-
tive task executions and acquire reliable procedural
knowledge. We employ a coarse-to-fine pair selec-
tion strategy, which first leverages HowTo100M
metadata, specifically YouTube search rankings, to
filter out tasks lacking sufficient relevant videos.
Next, Qwen2.5-72B evaluates top-ranked video ti-
tles to identify the pair with the highest semantic
similarity for each task. Finally, we rigorously vali-
date these candidates by generating textual instruc-
tions for both videos via our established pipeline.
The Qwen2.5-72B LLM then compares these in-
structions to confirm that the tasks are genuinely
similar and transferable, ensuring the accuracy and
reliability of the selected demonstrations.
Demo-driven Question Generation. With cu-
rated videos and corresponding instructions, we
construct questions to evaluate demo-driven video
in-context learning. For text-based in-context learn-
ing, we exclude tasks with fewer than six steps to
ensure sufficient complexity. This strict filtering
ensures that the resulting questions maintain a high
standard of difficulty, requiring a genuine proce-
dural comprehension. From each valid sequence,
one intermediate step (excluding the first and last)
is randomly selected, and a question is generated
from this step. The model is then required to pre-
dict the next action.

To evaluate whether models effectively leverage
visual demonstrations for in-context learning, we
employ Qwen2.5-72B to analyze the generated in-
structions of paired videos and determine their suit-
ability for question generation. Once validated, the
LLM identifies the target step and its corresponding
timestamp within the pair. Human annotators then
assess the generated questions and paired videos to
ensure the visual demonstrations provide meaning-
ful contextual evidence. This human-in-the-loop
verification guarantees the logical soundness and
high fidelity of the visual context. Finally, we fil-
ter out overly similar video pairs to prevent trivial
solutions, ensuring the benchmark rigorously tests
model adaptability and generalization.

For the demonstration selection task, we treat

validated video pairs as ground truth and augment
them with three carefully chosen irrelevant videos.
Rather than maintaining a static set, we dynami-
cally sample candidates to form a unique pool for
every question. This construction requires mod-
els to distinguish informative demonstrations from
distractors, which is an essential capability for real-
world deployment. By calibrating the difficulty of
these distractors, the benchmark faithfully simu-
lates complex in-context learning environments.
Dataset Partition and Benchmark Statistics. Fol-
lowing established protocols, we first generate
5,000/2,000/1,000 questions for text-demo/video-
demo ICL and demonstration selection settings.
To construct Demo-ICL-Bench, we then manu-
ally curate representative video demonstrations that
highlight demo-driven video in-context learning.
Specifically, we sample 500 questions for both the
text-demo and video-demo tasks and 200 questions
for the demonstration selection task, resulting in a
balanced benchmark of 1,200 questions in total.

3.3 Learning from In-Context Demonstration

3.3.1 Video Supervised Fine-tuning
To equip Demo-ICL with fine-grained video un-
derstanding and general in-context reasoning, we
compile a large-scale dataset comprising millions
of samples from diverse academic sources. For im-
age–text data, we rely on resources such as LLaVA-
OneVision (Li et al., 2024a), VisualWebInstruct
(Jia et al., 2025), and other widely used collections.
For video data, we incorporate material from open-
source projects including LLaVA-Video (Zhang
et al., 2024c), Oryx (Liu et al., 2024), and Ola (Liu
et al., 2025). To further enhance the model’s ability
for instructional video understanding, we addition-
ally incorporate datasets such as COIN (Tang et al.,
2019) and Cross-Task (Zhukov et al., 2019). To
prevent data leakage and ensure fair evaluation, we
strictly exclude any videos overlapping with Demo-
ICL-Bench. Finally, as detailed in 3.2, we sam-
ple the constructed dataset to explicitly introduce
demo-driven in-context learning capabilities. To-
gether, these curated resources establish the robust
foundational capabilities necessary for subsequent
training stages.

3.3.2 Information-Assisted Preference
Optimization

Current models struggle with demo-driven video
in-context learning, making it difficult to gener-
ate high-quality preferred responses with a con-
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Table 1: Evaluation results on Demo-ICL-Bench. The benchmark assesses models across three tasks. For Text-
demo ICL and Video-demo ICL, we report two types of accuracy: Demo. Acc (with demos) and w/o Demo(without
demos), and the improvement (∆ICL) attributed to demonstrations. DS refers to Demonstration Selection task.
S.Acc refers to demonstration selection accuracy.

Model Size Frame Text-demo ICL Video-demo ICL DS Avg
Demo. Acc w/o Demo. ∆ICL Demo. Acc w/o Demo. ∆ICL S.Acc Acc

Human - - 84.0 - - 80.4 - - 88.0 76.0 80.1

Proprietary MLLMs

Gemini-2.5-Pro (Gemini Team, 2024) - - 54.4 - - 36.2 - - - 26.0 38.9
GPT-4o (OpenAI, 2024) - - 48.8 - - 31.4 - - - 24.5 34.9

Open-Source Video MLLMs

Qwen2-VL (Wang et al., 2024a) 7B 32 29.0 21.8 +7.2 22.4 24.0 -1.6 38.0 14.5 22.0
Ola (Liu et al., 2025) 7B 32 32.2 23.0 +9.2 24.6 26.4 -1.8 43.0 16.0 24.3
LLaVA-Video (Zhang et al., 2024c) 7B 32 31.0 25.4 +5.6 30.2 29.0 +1.2 44.5 20.5 27.2
Qwen2.5-VL (Bai et al., 2025b) 7B 32 32.8 26.0 +6.8 28.0 26.2 +1.8 46.0 18.0 26.3
InternVL-3 (Zhu et al., 2025) 8B 32 31.4 26.6 +4.8 27.0 26.4 +0.6 44.0 16.5 25.0
Qwen3-VL-Instruct (Bai et al., 2025a) 8B 32 44.8 34.6 +10.2 33.2 29.8 +3.4 54.5 24.5 34.2
Qwen3-VL-Thinking (Bai et al., 2025a) 8B 32 45.8 35.2 +10.6 36.0 31.8 +4.2 57.5 25.5 35.8
Video-R1 (Feng et al., 2025) 7B 32 33.6 27.6 +6.0 27.4 26.6 +0.8 48.0 17.5 26.2
VideoChat-R1 (Li et al., 2025) 7B 32 34.4 27.0 +7.4 28.2 26.8 +1.4 52.0 18.5 27.0
Qwen2.5-VL (Bai et al., 2025b) 72B 32 45.0 24.2 +20.8 25.6 25.2 +0.4 54.0 18.0 29.5
Qwen3-VL-Instruct (Bai et al., 2025a) 235B 32 58.4 38.6 +19.8 40.2 34.4 +5.8 66.5 28.5 42.4
Qwen3-VL-Thinking (Bai et al., 2025a) 235B 32 61.2 39.4 +21.8 42.8 35.6 +7.2 69.0 30.0 44.7

Ola-Video (Liu et al., 2025) (Base) 7B 32 31.4 22.8 +8.6 26.4 26.0 +0.4 48.0 18.0 24.8
Demo-ICL (SFT) 7B 32 38.4 27.8 +10.6 29.4 26.2 +3.2 54.5 21.5 29.8
Demo-ICL 7B 32 43.4 29.4 +14.0 32.0 27.6 +4.4 58.0 24.0 33.1

Demo-ICL(Qwen3-VL) 8B 32 52.4 37.8 +14.6 41.4 34.6 +6.8 70.5 32.0 41.9

ventional self-sampling pipeline. To address this
issue, we propose an information-assisted DPO
pipeline that integrates automatically generated as-
sistive information during preference-data construc-
tion, without requiring manual annotation. For
text-demo ICL, we supply video timestamps to
align visual inputs with textual instructions. For
video-demo ICL, we pair video demonstrations
with corresponding textual guidance to help the
model produce responses grounded in the demon-
strated procedure. These responses are used as
preferred outputs, while normal model responses
are treated as rejected samples.

Formally, we define a preference dataset as P =

{(x(i), R(i)
c , R

(i)
r )}|P|

i=1, where x(i) denotes the user
request, and R

(i)
c and R

(i)
r represent the preferred

and less preferred responses. We use a reward
model r∗(x, y) to approximate preferences, where
a higher score denotes a stronger preference. Let
rI(y) = r∗((x, I), y) and rx(y) = r∗(x, y), where
I denotes the assistive information. Following the
Bradley-Terry model (Bradley and Terry, 1952),
the preference probability is:

p∗(y1 ≻ y2 | x) =
exp(rI(y1))

exp(rI(y1)) + exp(rx(y2))

= σ(rI(y1)− rx(y2)).
(1)

We estimate the reward model by minimizing the

negative log-likelihood:

LR = −EP [log σ (rϕ(x,Rc)− rϕ(x,Rr))] .
(2)

Using the resulting preference data, we per-
form multiple training rounds to obtain models
M1, . . . ,MT , where Mt+1 is trained with pref-
erence data Pt generated by Mt. Through this
information-assisted and iterative preference op-
timization strategy, we progressively strengthen
Demo-ICL’s demo-driven video in-context learn-
ing capability.

4 Experiments

4.1 Demo-ICL-Bench
Setup. We evaluate representative proprietary
MLLMs, open-source video MLLMs, video rea-
soning models, and our trained variants across all
three Demo-ICL-Bench tasks. For text-demo and
video-demo ICL, we additionally report perfor-
mance without demonstrations to isolate the benefit
of in-context procedural knowledge. The baseline
pool covers GPT-4o, Gemini-2.5-Pro, Qwen-series
models, InternVL, LLaVA-Video, Ola, and spe-
cialized video reasoning models. We include both
compact and large baselines where available, al-
lowing us to examine how demo-driven ICL scales
with model capacity and whether targeted training
can compensate for limited model size.
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Table 2: General Video Understanding. Demo-ICL achieves superior performance on both general temporal
understanding and knowledge acquisition tasks, highlighting the effectiveness of the proposed demo-driven video
in-context learning framework. These results also demonstrate the robustness and generalizability of our training
strategy across diverse evaluation settings. † represents results reproduced by ourselves.

Model Size General Temporal Understanding Knowledge

VideoMME
(wo / w sub)

MVBench LongVideoBench MLVU Video
MMMU

GPT-4o (OpenAI, 2024) - 71.9/77.2 - 66.7 66.7 61.2
Gemini-2.5-Pro (Team., 2025) - 84.3/86.9 - - - 83.6
LLaVA-OneVision (Li et al., 2024a) 7B 58.2 / 61.5 56.7 56.3 64.7 33.9
VideoLLaMA3 (Zhang et al., 2025a) 7B 66.2 / 70.3 69.7 59.8 73.0 47.0
LLaVA-Video (Zhang et al., 2025e) 7B 63.3 / 69.7 58.6 58.2 70.8 -
Qwen2.5-VL (Bai et al., 2025b) 7B 65.1 / 71.6 69.6 56.0 - 47.4
InternVL3.5 (Wang and et al., 2025) 8B 66.0 / 68.6 72.1 62.1 70.2 -
Qwen3-VL (Bai et al., 2025a) 8B 68.4†/72.6† 68.7 62.1† 78.1 63.3

Ola-Video (Base) 7B 63.0 / 68.9 66.9 60.7 69.1 46.2
Demo-ICL (SFT) 7B 65.6 / 70.2 69.4 61.6 70.4 48.8
Demo-ICL 7B 65.2 / 69.7 68.6 61.2 70.4 52.6
Demo-ICL(Qwen3-VL) 8B 69.6 / 73.4 70.8 62.4 78.8 67.1

Text-demo In-context Learning. As shown in
Table 1, text demonstrations consistently improve
over the no-demo setting, showing that the ques-
tions require task-specific context. The gains
are larger for stronger models: Qwen2.5-VL-72B
and Qwen3-VL-235B obtain much larger improve-
ments than their compact counterparts, suggesting
that effective use of procedural text still depends
on general reasoning and video grounding ability.
Targeted training also helps smaller models: Demo-
ICL improves over its base and SFT variants, and
Demo-ICL(Qwen3-VL) further strengthens the per-
formance. Importantly, the no-demo results remain
far below the demo-conditioned results, indicat-
ing that the benchmark is not mainly solvable by
parametric recall or generic commonsense. These
results establish text-demo ICL as a upper-bound-
like setting for studying whether models can align a
target video with an explicit procedural description.

Video-demo In-context Learning. Video demon-
strations are substantially harder to use than text
demonstrations. Several baselines gain little or
even degrade, indicating weak extraction and trans-
fer of temporal-visual procedure cues from a sep-
arate demonstration video. This gap is expected:
the model must parse the reference video, recover
the latent step structure, align it to the current state
of the target video, and then predict the next ac-
tion. In contrast, Demo-ICL consistently benefits
from video demonstrations, though the gains re-
main smaller than in the text-demo setting. Demo-
ICL(Qwen3-VL) obtains a 6.8% gain, narrowing
the gap to much larger models on this track. This
contrast highlights the central challenge of our task:
models must not only perceive videos, but also ab-
stract procedures and apply them to a new execu-

tion. It also suggests that future video MLLMs
need stronger mechanisms for temporal abstraction
and cross-video alignment.
Demonstration Selection. The demonstration se-
lection task adds the need to identify the relevant
reference before answering, approximating real-
world scenarios where a perfectly aligned demon-
stration is not directly provided. We report both
selection accuracy and final answer accuracy. Cur-
rent models show a large gap from human perfor-
mance on both metrics, suggesting that they strug-
gle to capture global task semantics and are easily
distracted by irrelevant candidate videos. This fail-
ure compounds the difficulty of video-demo ICL:
even when a useful demonstration exists in the con-
text, the model must first allocate attention to it
before performing procedural transfer. Demo-ICL
improves this setting, with the Qwen3-VL variant
achieving the best model accuracy in 1. These
results show that demonstration selection is not
merely a retrieval add-on, but a necessary capa-
bility for realistic demo-driven video ICL. Further
analysis is provided in Sec 4.3.

4.2 General Video Understanding

Setup. We also evaluate whether demo-driven
training preserves general video ability beyond
Demo-ICL-Bench. We test knowledge ac-
quisition on VideoMMMU (Hu et al., 2025),
where models must learn and apply informa-
tion from videos, and temporal understanding on
VideoMME (Fu et al., 2024a), MVBench (Li et al.,
2024b), LongVideoBench (Wu et al., 2024), and
MLVU (Zhou et al., 2024a). These benchmarks
cover both knowledge-oriented video comprehen-
sion and general temporal reasoning, allowing us to
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check whether the proposed training improves pro-
cedural knowledge acquisition without degrading
broader video understanding.
Results. As shown in Table 2, Demo-ICL remains
competitive with open-source models of similar
size on general temporal understanding while im-
proving knowledge-oriented evaluation on VideoM-
MMU. This suggests that the training does not sim-
ply overfit to Demo-ICL-Bench, but also benefits
related video knowledge acquisition settings. The
Qwen3-VL variant further improves both knowl-
edge acquisition and several temporal understand-
ing scores, showing that the proposed training can
be applied to stronger backbones. These results
indicate that rather than trading off with general
video perception, the model maintains comparable
performance on standard video benchmarks while
gaining stronger knowledge acquisition ability.

4.3 Analysis Experiments

The Model Learns or Recalls? To investigate
whether the tasks in Demo-ICL-Bench can be by-
passed using only pre-trained internal knowledge,
we evaluate Gemini-2.5-Pro in a zero-shot setting
without any contextual demonstrations. With GPT-
4o as the judge, the model achieves a mere 7% suc-
cess rate. This minimal performance confirms that
Demo-ICL-Bench effectively resists simple para-
metric recall. Because the videos capture highly
specific action sequences, inferring the correct sub-
sequent steps without direct visual evidence is prac-
tically impossible. Consequently, successful perfor-
mance on our benchmark strictly requires models
actively extract, interpret, and apply procedural
knowledge from the provided in-context demon-
strations rather than relying on memorization.
What Makes the Video-demo ICL Challeng-
ing? We provide deeper insights into why the
Video-demo ICL task poses significant challenges
for current MLLMs, with results summarized in
Table 3. First, we test Demo-ICL with more
densely sampled frames, and the improvements
demonstrate that fine-grained visual cues are crit-
ical for demo-driven video in-context learning.
Furthermore, providing the full query video as
the reference using 128 frames significantly in-
creases performance. This indicates that direct
visual grounding is substantially easier than trans-
ferring knowledge from separate demonstrations,
highlighting a struggle to adapt perceived infor-
mation to novel scenarios. Providing only clips
of the immediate next-step action as context ex-

poses another severe limitation, as models fail to
align temporal evidence across distinct videos. Re-
placing these video clips with ASR transcripts
and captions yields further gains, proving that

Table 3: Ablation study on evalu-
ation settings.

Settings Video-demo ICL

Base(32 frames) 29.4
128 frames 30.4
+Repeat Video 38.6
+Reference Clips 35.8
+ASR & Captions 45.4

existing MLLMs
lack robust video
comprehension
and struggle to
abstract visual
segments into
actionable knowl-
edge. Ultimately,
these results demonstrate that video-demo ICL
demands much more than basic perception. It
requires complex temporal alignment, abstraction,
and flexible knowledge transfer, emphasizing the
critical need for models to utilize dynamic visual
demonstrations for advanced reasoning.
How to Train a Good Demo-driven Video ICL
Model? We perform ablation studies to assess the
effectiveness of our proposed training strategies,
with detailed results summarized in Table 4.

Table 4: Training setting ablations on Demo-ICL.

Settings Text-ICL Video-ICL DS Avg

w/o Instructional Videos 34.0 26.2 19.0 26.4
Demo-ICL(SFT) 38.4 29.4 21.5 29.8
Vanilla DPO 40.0 30.0 22.0 30.7
Demo-ICL(DPO) 1-round 41.8 30.8 22.5 31.7
Demo-ICL(DPO) 43.4 32.0 24.0 33.1

The results show that instructional-video data,
information-assisted DPO, and iterative training
strategy each improve Demo-ICL on Demo-ICL-
Bench. Compared with vanilla DPO, our method
provides cleaner chosen responses and yields
stronger demo-driven ICL performance.

5 Conclusion
In this paper, we introduce a novel task, Demo-
driven Video In-Context Learning, which focuses
on learning from in-context instructional demon-
strations. To facilitate evaluation, we construct
Demo-ICL-Bench, a benchmark consisting of
1,200 challenging questions designed to assess
demo-driven video in-context learning capabilities.
To effectively address this task, we further pro-
pose Demo-ICL, a video MLLM equipped with
enhanced in-context learning abilities. Extensive
experiments show that existing MLLMs struggle
with this task, while Demo-ICL achieves stronger
video understanding and in-context knowledge ac-
quisition, highlighting the promise of demo-driven
ICL for future multimodal learning.
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6 Limitations

In this section, we discuss the limitations of our
work. The Demo-ICL model does not include a
specialized architecture for demo-driven video in-
context learning. Instead, we employ a customized
training strategy to achieve this functionality. Our
goal is to equip current MLLMs with demo-driven
video in-context learning capability without requir-
ing architectural modifications, thereby simplify-
ing the integration of these new capabilities and the
maintenance of previous multimodal understand-
ing. Additionally, we did not explore how models
can effectively learn from diverse contexts, such
as different modalities or resources. This ability is
more similar to the natural human learning process,
where individuals can draw on a wide range of re-
sources, such as text instructions and instructional
videos, to enhance understanding simultaneously.
Combining various types of contextual information
to improve in-context learning and ultimately en-
hance a model’s performance on new tasks remains
a significant challenge.

7 Ethics

Data provenance. The training data for Demo-
ICL, as well as the collected video data for Demo-
ICL-Bench construction, are used in accordance
with their original licenses and intended research
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tifiable individuals or sensitive scenes. Our col-
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Appendix

We provide supplementary documents to support
our research. Implementation details are outlined
in Section A. Additional visualization results are
presented in Section B, followed by further exper-
imental analysis in Section C. We also provide a
more comprehensive discussion of related work in
Section D. Finally, we discuss the potential risks of
our work in Section E, and how AI contributes to
this work F.

A Implementation Details

A.1 Experiment Details
In this section, we detail the implementation of
Demo-ICL. The Demo-ICL model is built upon
Ola-Video, a highly pretrained multimodal under-
standing model that integrates OryxViT as its vi-
sual encoder to process native arbitrary-resolution
visual inputs, alongside Qwen2.5 as the language
model. For the training process, we construct a
customized dataset to establish foundational image

and video understanding capabilities. For image
data, resolutions range from 768 to 1536, while for
video data, the number of frames is capped at 64,
with frame resolutions varying between 288×288
pixels and 480×480 pixels. During training, the
maximum token length is set to 16,384, and a learn-
ing rate of 1e-5 is used throughout both stages. In
the DPO (Direct Preference Optimization) training
phase, we curate 5,000 samples using the specified
pipeline and apply a learning rate of 5e-7. A batch
size of 256 is maintained across both fine-tuning
stages and the DPO phase, with experiments con-
ducted using 64 NVIDIA A100 80G GPUs with
around 10,000 GPU hours in total.

A.2 Data Collection Details

In the data generation process, we utilize Qwen2.5-
72B as our LLM and Qwen2.5-VL-72B as our
MLLM within the pipeline. For generating text
instructions, we first use Qwen2.5-72B to create
summarized instruction steps. Then, when refining
these steps with the MLLM, we forward each step
along with 64 uniformly sampled frames from the
corresponding video clips. For generating ques-
tions for video-demo ICL, we provide the text in-
structions of paired videos and ask the LLM to
assess their reasonableness for question generation.
Both the LLM and MLLM are deployed using four
NVIDIA A800 GPUs.

A.3 Evaluation Details

For evaluation on the Demo-ICL-Bench, we design
three experimental settings. For the Text-demo
ICL task, we sample 32 frames from each video
and provide textual demonstrations alongside the
question during evaluation. For the Video-demo
ICL task, we sample 32 frames for both the refer-
ence (demonstration) video and the target video.
Finally, for the Demonstration Selection task, due
to context-length limitations in some models, we
uniformly sample 16 frames from each candidate
demonstration video and 32 frames from the target
video. In all three settings, video subtitles are not
provided.

A.4 License

The data and benchmarks we collected strictly fol-
low the MIT license, and we will open-source them
upon acceptance.
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B Visualizations

We present visualization results to clarify the task
design of Demo-ICL-Bench. These results are
shown in Fig. 3 and Fig. 4.

C More Analysis Experiments

C.1 Perception Bottleneck vs. Knowledge
Transfer in Video-Demo ICL

To clarify whether the performance gains from pro-
viding ASR and captions reflect a fundamental im-
provement in video-demo in-context learning (ICL)
or primarily alleviate a perception bottleneck, we
conduct two additional analyses. First, we evaluate
text-demo ICL on the same data, where ground-
truth textual descriptions of the demonstrations are
provided directly. This setting removes the video
perception requirement and isolates the knowledge
transfer challenge. The model achieves 48.8% ac-
curacy, which is higher than video-demo ICL with
ASR and captions but still far from the ceiling,
indicating that even with perfect textual access, dis-
tilling and transferring knowledge from demonstra-
tions remains a substantial difficulty. Second, we
assess direct video understanding using the same
ASR/caption outputs: when asked to answer simi-
lar questions about the original video content, the
model reaches 93.4% accuracy. This near-ceiling
performance confirms that once the perception bot-
tleneck is removed, the model understands the
video content well, and the remaining gap in video-
demo ICL is attributable primarily to knowledge
transfer rather than perception. Together, these re-
sults suggest that ASR/caption signals currently
improve video-demo ICL mainly by compensating
for limited multimodal perception, while the defin-
ing capability of the task—and the target for future
model improvements—is the ability to organize
demonstration content into transferable knowledge
and apply it to new settings. As video perception
continues to improve, the relative benefit of exter-
nal ASR/caption pipelines is expected to diminish,
leaving knowledge transfer as the core challenge.

C.2 Impact of Frame Sampling Density

To examine how the amount of visual information
affects performance, we vary the number of uni-
formly sampled frames (32, 64, and 128) in our
model and report results on Text-demo ICL, Video-
demo ICL, and Demonstration Selection. Table 5
summarizes the results.

Table 5: Performance comparison with different
numbers of uniformly sampled frames.

Frames Text-demo ICL Video-demo ICL DS

32 frames 52.4 41.4 32.0
64 frames 53.6 42.8 34.5
128 frames 54.0 43.6 36.0

Increasing frame density leads to consistent im-
provements across all tasks. Text-demo ICL shows
a modest gain (52.4 → 54.0), which is expected
because denser frames provide better visual percep-
tion of the videos, which can also benefit text-demo
ICL. In contrast, Video-demo ICL and Demonstra-
tion Selection exhibit more pronounced improve-
ments (41.4 → 43.6 and 32.0 → 36.0, respectively),
confirming that richer visual input helps alleviate
the perception bottleneck.

However, even at 128 frames, the performance
of the two video-centric tasks remains far from sat-
urated and still lags substantially behind Text-demo
ICL (43.6 vs. 54.0 for Video-demo ICL; 36.0 for
Demonstration Selection). These results indicate
that while increasing frame density effectively en-
hances visual perception, it does not address the
core challenges of our benchmark, namely, distill-
ing transferable knowledge from demonstrations
and applying it to new settings. Thus, our bench-
mark evaluates a combination of perception and
higher-order knowledge transfer, with the latter re-
maining a significant open challenge.

C.3 General Video Understanding on
Video-MME

We further evaluate the Demo-ICL model on
general video understanding tasks of varying
lengths and scenarios. Specifically, we employ
the VideoMME benchmark to highlight its of-
fline video comprehension capabilities, providing
a broader assessment beyond domain-specific set-
tings.

Setup. To further evaluate the generalization abil-
ity of Demo-ICL on diverse video understanding
tasks, we adopt the Video-MME benchmark (Fu
et al., 2024a). The dataset consists of 900 videos
(254 hours) covering 6 visual domains and 30 sub-
fields, with durations ranging from 11 seconds to 1
hour, categorized into Short, Medium, and Long. In
addition to visual content, VideoMME provides au-
dio and subtitles, enabling a multimodal and com-
prehensive evaluation of video MLLMs. Under
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Setting 1: Text-demo In-Context Learning

A. Cook pancake for about 2 minutes, check browning, flip.
B. Heat griddle, add butter or oil, pour batter, nudge into 

circle.
C. Prepare wet ingredients: milk, vinegar, oil, egg, pumpkin 

puree, grated ginger, mix well.
D. Serve with butter and maple syrup or honey.

Question: What to do after pouring batter?

TEXT INSTRUCTIONS:
1. Dry mix: Combine flour, sugar, salt, baking powder, and cloves.
2. Wet mix: Whisk together oil, egg, pumpkin puree, and grated ginger.
3. Combine: Pour wet mixture into dry ingredients, stir until just 

blended.
4. Heat griddle: Preheat and grease with butter or oil.
5. Portion: Pour batter and gently shape into rounds.
6. Cook first side: 2 minutes until golden, then flip.
7. Cook second side: 1–2 minutes until springy to the touch.
8. Serve: Top with butter and maple syrup or honey.

Based on the text demonstrations, after pouring batter, the
next action should be cook side by side. Current video shows
procedure illustrated as step 6, the next step could be **A**.

(i) Example 1

A. Put tomato in boiling water until skin cracks, then cool.
B. Put chicken in boiling water, then remove.
C. Cut and peel tomato, discard part, dice.
D. Soak dried mushrooms in water for 1 hour, then slice.

TEXT INSTRUCTIONS:
1. Parboil chicken: Boil then drain.
2. Simmer chicken: Transfer to a pot, cover, cook on low for 1 hour.
3. Soak mushrooms: Rehydrate dried mushrooms in water for 1 hour, then 

slice.
4. Blanch tomato: Boil until skin splits, cool.
5. Prep tomato: Peel, discard core, and dice.
6. Boil base: Combine chicken broth, mushrooms, and salt; bring to a boil.
7. Finish soup: Add tomato, season with salt and white pepper, then stir in 

beaten egg and chopped green onion.

(ii) Example 2

Question: What to do after simmering chicken?

Based on the text demonstrations, after simmering the
chicken, the next action should be soaking mushrooms. Current
video shows procedure illustrated in step 3, hence, the
answer to the question could be **D**.

Figure 3: Visualization of Text-demo In-Context Learning. This figure provides 2 examples to illustrate the
text-demo in-context learning task, where the text instructions will be provided along with the target video as the
inputs.

Setting 2: Video-demo In-Context Learning

Question: What to do to create a storybook after creating 
shot list?

(i) Example 1 (ii) Example 2

The video demonstration shows that after creating the shot
list, the person creates the drawing of shots. Based on the
knowledge of creating story book I have acquired from the
video demonstration the answer could be **C**.

A. Outline the Plot
B. Storyboard Your Pages
C. Develop Your Characters & Setting
D. Decide on Style & Layout

Question: What is next step to design artificial lawn after 
laying out the artificial grass?

A. Add sharp sand, compact, and screed to level
B. Roll out Grono lawn, face pile towards home, trim edges
C. Cover area with MOT, compact to 75mm for drainage
D. Join grass pieces with tape and glue, add nails for 

security

VIDEO REFERENCE: VIDEO REFERENCE:

After setting up the lawn, the person in video demo joined the
grass pieces. Based on the knowledge learned from the video
demo, the answer could be **C**.

Figure 4: Visualization of Video-demo In-Context Learning. This figure provides 2 examples to illustrate the
video-demo in-context learning task, where a video demonstration will be provided together with the target video
input.
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this setting, the model is required to watch an en-
tire video and then answer corresponding questions,
which allows us to systematically assess robustness
across varying durations, modalities, and domains,
in comparison with both open-source and commer-
cial MLLMs.

Results. Table 6 summarizes the overall perfor-
mance of Demo-ICL across short, medium, and
long video tracks. Demo-ICL achieves strong
results on all three tracks, demonstrating robust
capabilities across different temporal lengths. It
surpasses open-source video MLLMs with simi-
lar parameter sizes (7B), achieves comparable re-
sults to larger models (34B), and competes closely
with some commercial MLLMs. Notably, on long-
duration videos, which pose greater challenges due
to extended temporal dependencies, Demo-ICL
demonstrates its long video understanding capa-
bilities, maintaining consistent performance over
time.

C.4 Results on Video-MMLU Benchmark

To further validate the effectiveness and generaliza-
tion capability of the proposed demo-driven video
in-context learning paradigm and the info-assisted
DPO training strategy, we evaluate our approach on
the Video-MMLU (Song et al., 2025) benchmark,
a video understanding dataset designed to assess
lecture comprehension and video-based knowledge
acquisition.

Setup. The Video-MMLU benchmark consists
of 1,065 videos, primarily sourced from lecture
recordings. The associated questions are catego-
rized into two types: caption and reasoning ques-
tions. Since the answers are open-ended, model
performance is assessed using the LLM-as-a-Judge
framework, with Qwen-2.5-72B serving as the
judge model.

Results. As shown in Table 7, incorporating
demo-driven video in-context learning significantly
enhances the model’s ability to learn from lecture
videos, where the videos act as demonstrations for
subsequent reasoning questions. While the model
maintains competitive performance on the caption
task, its performance on the Quiz track improves
by a substantial margin compared to previous mod-
els. It is worth noting that we employ Qwen2.5-
7B as the backbone LLM, the same base model
used in Qwen2.5-VL, yet our method achieves
markedly better results on the Quiz track. This

demonstrates the effectiveness of the proposed
demo-driven video in-context learning and info-
assisted DPO strategy in general video knowledge
acquisition.

C.5 Progressive Evaluation of Video ICL.

We provide in-depth analysis of the results on
Demo-ICL-Bench. The three tasks in Demo-ICL-
Bench establish a hierarchy toward realistic video
in-context learning and systematically expose the
limitations of current MLLMs. The text-demo set-
ting serves as an oracle baseline functioning pri-
marily as a retrieval task. Models show clear gains
on this task, proving they can utilize text-based
in-context learning to solve video tasks. Ideally,
if a model perfectly interprets visual examples, its
accuracy would approach this upper bound. How-
ever, the video-demo task introduces greater diffi-
culty by removing textual hints while retaining the
ground-truth reference to test adaptation directly
from raw video. The significantly diminished gains
in this setting highlight a fundamental lack of true
demo-driven video ICL capabilities. Finally, the
demonstration selection task mimics a real-world
scenario where models must autonomously search
a candidate pool for the relevant reference before
adapting. The stark performance drop on this task
demonstrates that current models struggle to pro-
cess multiple in-context videos, let alone identify
and learn from the correct one. Collectively, these
cascading performance drops highlight a significant
gap in model capacity and validate the reasoning be-
hind our task design as a progressive framework to
evaluate capabilities required for real-world video
in-context learning scenarios.

C.6 Quality of Demo-ICL-Bench

To further evaluate the benchmark, we conduct a
human review of the text-demo ICL and demon-
stration selection tasks, as video-demo ICL tasks
are verified during generation. We random sample
200 text-demo tasks and 100 demonstration selec-
tion tasks, and the annotators confirm the accuracy
and sufficiency of the textual demonstrations with
a 96% pass rate. Furthermore, all candidate videos
in the demonstration selection set meet the quality
criteria. These strong evaluation metrics ultimately
validate the high quality of our collected dataset.

C.7 Why is Demonstration Selection Difficult?

Building on the perceptual challenges of video-
demo ICL task, the demonstration selection task in-
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Table 6: Performance of Demo-ICL compared to previous MLLMs on Video-MME across short, medium,
and long durations, under without “subtitles” and with “subtitles” settings.

Models LLM Params Short (%) Medium (%) Long (%) Overall (%)

w/o subs w/ subs w/o subs w/ subs w/o subs w/ subs w/o subs w/ subs

Proprietary MLLMs

GPT-4V (OpenAI, 2023) - 70.5 73.2 55.8 59.7 53.5 56.9 59.9 63.3
GPT-4o (OpenAI, 2024) - 80.0 82.8 70.3 76.6 65.3 72.1 71.9 77.2
Gemini 1.5 Flash (Gemini Team, 2024) - 79.7 83.6 68.4 74.7 61.1 68.8 70.3 75.0
Gemini 1.5 Pro (Gemini Team, 2024) - 81.7 84.5 74.3 81.0 67.4 77.4 75.0 81.3

Open-source Video MLLMs

LongVA (Zhang et al., 2024a) 7B 61.1 61.6 50.4 53.6 46.2 47.6 52.6 54.3
VITA 1.5 (Fu et al., 2025) 7B 67.0 69.9 54.2 55.7 47.1 50.4 56.1 58.7
mPLUG-Owl3 (Ye et al., 2024) 7B 70.0 72.8 57.7 66.9 50.1 64.5 59.3 68.1
TimeMarker (Chen et al., 2024a) 8B 71.0 75.8 54.4 60.7 46.4 51.9 57.3 62.8
MiniCPM-V 2.6 (Yao et al., 2024) 8B 71.3 73.5 59.4 61.1 51.8 56.3 60.9 63.7

VILA-1.5 (Lin et al., 2024b) 34B 68.1 68.9 58.1 57.4 50.8 52.0 59.0 59.4
Oryx-1.5 (Liu et al., 2024) 34B 77.3 80.6 65.3 74.3 59.3 69.9 67.3 74.9
Qwen2-VL (Wang et al., 2024a) 72B 80.1 82.2 71.3 76.8 62.2 74.3 71.2 77.8
LLaVA-Video (Zhang et al., 2024b) 72B 81.4 82.8 68.9 75.6 61.5 72.5 70.6 76.9

Demo-ICL 7B 78.6 79.1 63.9 68.8 53.2 61.1 65.2 69.7

Table 7: Video Knowledge Acquisition on Video-
MMLU. Demo-ICL achieves superior performance
on the Video-MMLU benchmark, showing substantial
gains on the Quiz track, where the model must lever-
age knowledge from lecture videos to answer novel
reasoning questions. These results demonstrate the ef-
fectiveness of our demo-driven video in-context learning
paradigm and the strong generalization capability en-
abled by the info-assisted DPO training strategy.

Model Size Notebook Quiz Overall

Proprietary MLLMs

Gemini-1.5-Flash - 39.5 47.8 43.6
GPT-4o - 53.9 44.9 49.4
Claude-3.5-sonnet - 67.4 71.2 69.3

Open-Source MLLMs

InstructBLIP-7B 7B 19.3 2.9 11.1
Cambrian-8B 8B 20.2 5.2 12.7
LLaVA-1.5 7B 22.3 9.1 15.7
Video-LlaVA-7B 7B 15.3 16.5 15.9
LLaVA-NeXT (Vicuna) 7B 18.1 24.9 21.5
Qwen-VL 7B 24.4 19.6 22.0
mPLUG-Owl3 7B 22.6 22.6 22.6
LLaVA-NeXT (LLaMA3) 8B 16.5 30.1 23.3
InternVL2-8B 7B 31.4 16.7 24.1
LLaVA-NeXT (Mistral) 7B 20.3 31.5 25.8
Qwen2-VL-7B 7B 34.2 23.4 28.8
LLaVA-NeXT-Video-7B 7B 35.8 27.4 31.6
LLaVA-OneVision-OV 7B 34.6 33.4 34.0
Qwen2.5-VL-7B 7B 42.0 32.9 37.5
InternVL2.5-8B 8B 34.5 44.5 39.5

Demo-ICL 7B 41.0 50.4 45.7

troduces the distinct difficulty of isolating informa-
tive guidance from dynamic distractor videos. Our
analysis reveals that existing models achieve poor
selection accuracy and exhibit fragile reasoning
when navigating multiple candidates, a common
challenge in real world scenarios which always
lack a single isolated example. Furthermore, we
uncover a critical vulnerability to context pollution
by evaluating the Qwen3-VL-8B model under two

Table 8: More experiment results on Demo-ICL-
Bench. The T. ICL and V. ICL refers to the original
Text-demo ICL Demo. Acc and Video-demo ICL Demo.
Acc, where DS refers to the original DS Acc.

Model Size T. ICL V. ICL DS Overall

Proprietary Methods

Gemini-2.5-Pro - 54.4 36.2 26.0 38.9
GPT-4o - 48.8 31.4 24.5 34.9

Open-Source Methods

Qwen2-VL (Wang et al., 2024a) 7B 29.0 22.4 14.5 22.0
Ola (Liu et al., 2025) 7B 32.2 24.6 16.0 24.3
LLaVA-Video (Zhang et al., 2024c) 7B 31.0 30.2 20.5 27.2
Qwen2.5-VL (Bai et al., 2025b) 7B 32.8 28.0 18.0 26.3
InternVL-3 (Zhu et al., 2025) 8B 31.4 27.0 16.5 25.0
Video-R1 (Feng et al., 2025) 7B 33.6 27.4 17.5 26.2
VideoChat-R1 (Li et al., 2025) 7B 34.4 28.2 18.5 27.0

RAG-based Methods

VideoRAG (Ren et al., 2025) - 52.6 22.8 18.0 31.3

Agent-based Methods

VideoAgent (Wang et al., 2024b) - 36.2 23.4 17.5 25.7

Demo-ICL 7B 43.4 32.0 24.0 33.1

distinct settings on the demonstration selection sub-
set. In the standard video-demo ICL setting, where
the model receives exclusively the correct video,
it achieves a 35.0% accuracy. However, when the
model is explicitly told which candidate is the cor-
rect demonstration within the broader demonstra-
tion selection context, performance drops to 29.5%.
This degradation indicates that the mere presence
of irrelevant distractors in the context window ac-
tively impairs the capacity of the model to extract
and apply procedural knowledge. Even when pro-
vided the correct target video, models struggle to
allocate attention accurately over long multimodal
inputs and are easily distracted by surrounding vi-
sual noise. These findings highlight the critical
necessity of our information assisted DPO frame-
work, which explicitly trains models to filter out
distractors and anchor their reasoning strictly on the

15397



Table 9: Related Work for Demo-ICL-Bench. Demo-ICL-Bench stands out due to its demo-driven video in-context
learning settings, setting it apart from previous video benchmarks.

Benchmark Video Domain #Videos #QAs Video-ICL Annotation

ActivityNet-QA (Fabian Caba Heilbron and Niebles, 2015) Human Activities 800 8000 ✗ Manual
How2QA (Li et al., 2020) Instructional Videos 1166 2852 ✗ Manual
KnowIT-VQA (Garcia et al., 2020) TV Show 207 24k ✗ Manual
NExT-QA (Xiao et al., 2021) Web Videos (Causal/Temporal) 5.4k 52k ✗ Manual
MVBench (Li et al., 2024b) Benchmark Videos 3641 4000 ✗ Auto
VideoMME (Fu et al., 2024b) YouTube Videos 900 2700 ✗ Manual
VideoMathQA (Rasheed et al., 2025) Instructional Videos 420 420 ✗ Manual
VideoMMMU (Hu et al., 2025) Lectures 300 900 ✗ Manual

Demo-ICL-Bench Instructional Videos 1200 1200 ✓ Mixed

most informative elements within complex demon-
strations.

C.8 More Evaluation Results

To comprehensively evaluate existing video under-
standing methods on Demo-ICL-Bench, we further
include additional categories of approaches, specif-
ically RAG-based and agent-based methods. For
each category, we select a representative model for
evaluation: VideoRAG (Ren et al., 2025) for the
RAG-based approach and VideoAgent (Wang et al.,
2024b) for the agent-based approach. As shown
in Table 8, the RAG-based method VideoRAG per-
forms well on the Text-demo ICL task, primarily
because its video knowledge indexing and multi-
modal retrieval paradigm effectively aligns videos
with the provided text demonstrations. However, in
the video-demo ICL and demonstration selection
tasks, where the model must transfer knowledge
learned from demonstrations to solve problems in a
target video, VideoRAG still underperforms. This
gap underscores the importance of these two task
designs and highlights that beyond simple video
knowledge acquisition, current video MLLMs must
also develop the ability to transfer learned knowl-
edge to new tasks. For the agent-based method
VideoAgent, we observe that incorporating agentic
strategies enhances performance on the Text-demo
ICL task, primarily because they strengthen the
grounding capabilities of current video MLLMs
and improve alignment between videos and textual
demonstrations. However, the method still under-
performs on the other tracks, suggesting that while
agentic approaches can enhance perceptual accu-
racy, the ability to transfer learned or perceived
knowledge to new tasks remains an open challenge,
which is likely crucial for advancing video under-
standing and reasoning.

D More Discussion on Related Works

In this section, we will include more details of
related works.

Multimodal Video Understanding for Knowl-
edge Acquisition. Recent research in video un-
derstanding has moved beyond low-level percep-
tion towards extracting structured knowledge from
videos, like procedural steps, events, and concepts.
Large-scale instructional datasets have been instru-
mental in this shift. For example, a lot of instruc-
tional datasets (Miech et al., 2019; Tang et al., 2019;
Zhukov et al., 2019) have driven the development
of models that seek to learn high-level knowledge
from video, rather than just recognize objects or
actions. Moreover, VidSitu (Sadhu et al., 2021)
addresses video situation recognition by densely
annotating 10-second movie clips with semantic
role labels, which provides a symbolic knowledge
representation of the video. By learning to predict
such structured representations, models can acquire
a form of event knowledge from videos. Similarly,
HT-Step (Afouras et al., 2023) aligns the textual
instructions from wikiHow (Koupaee and Wang,
2018) with corresponding segments in instructional
videos. It provides 116k temporal segment anno-
tations in 20k how-to videos, each labeled with a
step description from wikiHow, enabling models
to learn to ground declarative knowledge in proce-
dural video footage.

To better learn from such knowledge-intensive
data, early multimodal learning approaches applied
language-modeling techniques to video data. For
example, VideoBERT (Sun et al., 2019) quantizes
video frames into discrete “visual words” and then
uses a BERT-like transformer to learn joint repre-
sentations of sequences of visual tokens and narra-
tion text. Following models such as ActBERT (Zhu
and Yang, 2020) extended this masked language
modeling paradigm to action recognition data, and
ClipBERT (Lei et al., 2021) improved efficiency by
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sampling sparse key frames for end-to-end video-
text pretraining. By learning from millions of nar-
rated video clips, these models demonstrate an abil-
ity to embed procedural and commonsense knowl-
edge implicitly in their representations. (Zhou et al.,
2023) proposed the model Paprika used PKG-based
pre-trainng procedure to generate psuedo labels for
instructional video to train. StepFormer (Dvornik
et al., 2023) addresses the problem of discovering
and localizing key procedure steps in instructional
videos without human supervision. It uses video
with subtitles (ASR) only, with a transformer de-
coder that attends to video frames via learnable
queries to produce a sequence of key steps. (Chen
et al., 2024b) proposes a framework, MPTVA, that
aligns video segments with procedure steps derived
via LLM from narration text via long-term seman-
tic similarity and short-term fine-grained similarity.

Multimodal In-Context Learning. Inspired by
the textual CoT prompting, recent works curate
multimodal datasets with human-written rationales
to encourage step-by-step prompting (Tian et al.,
2025b; Zhang et al., 2025b; Tian et al., 2026).
Video-CoT (Wang et al., 2024c) provides video
QA examples paired with detailed explanations,
while Video-Espresso (Han et al., 2025) scales
this approach to large collections of reasoning ex-
emplars. Beyond data-centric methods, (Arnab
et al., 2025) propose Temporal Chain-of-Thought,
an inference strategy for long videos where the
model iteratively selects relevant clips and reasons
over them, enabling efficient multi-step reasoning
over extended sequences. A complementary line
of work extends retrieval-augmented generation
(RAG) to video. VideoRAG (Ren et al., 2025)
and related work (Tevissen et al., 2024) index long
videos into databases of visual and textual descrip-
tors. At query time, relevant segments and tran-
scripts are retrieved and passed to the language
model as context, grounding answers in explicit
video evidence. This improves factual accuracy,
transparency, and scalability, especially for long
videos where direct end-to-end processing is infea-
sible.

E Potential Risks

There are some potential risks of this work. First,
since the model learns task behavior from demon-
strations, it may unintentionally imitate undesirable
or biased patterns present in the provided exam-
ples. Second, the use of video demonstrations can

raise privacy concerns, as videos may contain sen-
sitive personal information, identities, locations, or
unintended background content. This highlights
the need for careful data curation, anonymization,
and responsible deployment practices. Third, im-
proving a model’s ability to infer procedures from
demonstrations may increase the risk of misuse
in safety-critical or harmful domains, where users
could provide demonstrations of inappropriate ac-
tions and ask the model to generalize them. Finally,
as demo-driven learning makes model behavior
more dependent on the given context, the model
may become more vulnerable to misleading, ad-
versarial, or malicious demonstrations that induce
incorrect predictions or unsafe responses.

F Usage of AI

We clarify that AI tools are used solely to assist
with paper writing, including word- and sentence-
level language refinement, and are not used for
research design, data analysis, or the generation of
scientific conclusions.
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