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Abstract

Educational question generation (EQG) is a crucial compo-
nent of intelligent educational systems, significantly aiding
self-assessment, active learning, and personalized education.
While EQG systems have emerged, existing datasets typically
rely on predefined, carefully edited texts, failing to represent
real-world classroom content, including lecture speech with
a set of complementary slides. To bridge this gap, we collect
a dataset of educational questions based on videos from real-
world lectures. On this realistic dataset, we find that current
methods for EQG struggle to accurately generate questions
from educational videos, particularly in aligning with specific
timestamps and target answers. Common challenges include
selecting informative contexts from extensive transcripts and
ensuring generated questions meaningfully incorporate the
target answer. To address the challenges, we introduce a novel
framework utilizing large language models (LLMs) for dy-
namically selecting and rewriting contexts based on target
timestamps and answers in lecture videos. First, our frame-
work selects contexts from both lecture transcripts and video
keyframes based on answer relevance and temporal proximity.
Then, we integrate the contexts selected from both modali-
ties and rewrite them into answer-containing knowledge state-
ments, to enhance the logical connection between the contexts
and the desired answer. Quantitative evaluation and human
evaluation show that our approach improves the quality and
relevance of the generated questions.

Code and Data — https://github.com/mengxiayu/COSER

Introduction

In-class quizzes are often used to engage students and assess
their understanding of lecture content. The quizzes typically
feature multiple-choice questions (MCQs) due to their objec-
tivity, efficiency, and scalability. The growing prevalence of
online learning has further increased demand for high-quality
MCQs. However, manually producing such questions is a
resource-intensive process that requires substantial time, ex-
pertise, and effort. Specialists must be involved to ensure
that the questions are accurate, relevant, of appropriate diffi-
culty, and cover the target spectrum of knowledge and skills
(Mucciaccia et al. 2025). Automatic Question Generation
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(QG) systems offer promising solutions to alleviate this bur-
den on educators. While existing QG techniques have shown
progress in generating questions from structured textual con-
tent, extending these capabilities to lecture videos presents
unique challenges. Unlike well-organized written materials,
lecture videos contain unstructured, lengthy, and often noisy
speech transcripts. Generating high-quality MCQs from such
content requires precise alignment with target answers and
specific timestamps in the lecture. Key challenges include:
(1) selecting the most informative and relevant context from
lengthy lecture transcripts and complementary slides; (2) en-
suring generated questions appropriately use the context and
meaningfully incorporate the given answer.

Existing educational question generation (EQG) methods
attempt to identify relevant contexts on which the generated
questions are grounded (Ghanem et al. 2022). Simplistic ex-
traction heuristics result in either overly broad, irrelevant
contexts, or overly narrow contexts that lack sufficient in-
formation, both of which negatively affect the quality of the
generated questions (Noorbakhsh et al. 2025). Recent stud-
ies on long-context EQG (Wang et al. 2023; Ding, Hong,
and Yao 2024) performed context selection with supervised
training, which relied on annotated training data and super-
vised finetuning. Critically, existing EQG datasets (Chen
et al. 2018; Gong, Pan, and Hu 2022; Hadifar et al. 2023a;
Xu et al. 2022) are mostly built from high-quality, predefined
contexts (e.g. manually labeled segments from textbooks or
carefully edited academic resources), or manually corrected
transcripts of lecture videos. This setup does not realisti-
cally reflect typical educational settings. First, lecture speech
in real-world classroom includes filler words, disfluencies,
and auto-transcription errors. Second, the information con-
veyed in lecture speech is not as concise or structured as in
textbooks. Third, the language used in the lecture could be
informal, designed to elaborate on the formal knowledge pro-
vided in a set of slides. The mismatch between datasets based
on idealized texts and real lecture speech poses significant
challenges for the practical development and evaluation of
EQG technology. To address this gap, we construct a dataset
for video-based EQG that reflects a more realistic setting.
Our dataset includes audio recordings of live lectures in col-
lege classrooms and the associated video recordings of their
screens. We collect multiple-choice quiz questions by having
educators watch the videos, pause them to create questions as



desired, and record the associated timestamps. This dataset
serves as a testbed for video-based EQG.

Our new dataset reveals a clear need for approaches that
construct concise and relevant contexts from lecture videos
for EQG. Large language models (LLMs) demonstrate the
potential to address this challenge through their strong lan-
guage modeling and long-context capabilities. That said, this
paper introduces a novel LLM-based EQG framework specif-
ically designed to: (1) Dynamically select context segments
given a specific timestamp and guided by a desired answer,
(2) Rewrite context segments to ensure clarity, conciseness,
and explicitly incorporate the answer text, and (3) Integrate
multi-modal information from both textual data (e.g., audio-
transcribed segments) and visual information (e.g., video
frames of slides). By effectively selecting and rewriting con-
text, the framework improves the quality, specificity, and
educational alignment of generated question stems.

In summary, this paper makes three key contributions:

* A new dataset supporting in-class video-based EQG,
which consists of lecture recordings and educator created
timestamp-based MCQs.

¢ A novel framework named COSER, which integrates
Context Selection and Rewriting explicitly tailored for
answer and timestamp-aware EQG.

¢ A more reliable reference-based metric NLI score for
question generation.

Related Work
Educational Question Generation with LLM

The rapid growth of large language models has shed light on
automatic question generation to facilitate education. Wang
et al. (2022) first explored EQG with ChatGPT under dif-
ferent basic settings, and found more in-context demonstra-
tions for few-shot generation to be more effective. Lee et al.
(2024) leveraged few-shot prompting with LLMs for EQG.
MCQGen (Hang, Wei Tan, and Yu 2024) created answer-
agnostic MCQs with chain-of-thought and self-refined strate-
gies. Agrawal et al. (2024) constructed knowledge graphs
from educational contexts, which were then used to design
prompts for LLMs to generate questions for interactive learn-
ing. Maity, Deroy, and Sarkar (2025) investigated in-context
learning strategies to generate questions better aligned with
Bloom’s revised taxonomy. However, none of the studies has
explored improving noisy long context for video-based EQG.

Context Modeling for Question Generation

Regardless of their long-context capabilities, LLMs are prone
to be distracted by irrelevant context (Pan et al. 2024; Wu
et al. 2024; Shi et al. 2023). In answer-aware question gen-
eration, identifying answer-relevant contexts is important.
Previous studies (Sun et al. 2018; Liu et al. 2019) predicted
“clue” words based on their proximity to the answer, which
performed well in generating questions from short contexts.
Ding, Hong, and Yao (2024) trained a BART-based model
to identify salient sentences as an auxiliary task for QG. Li
and Zhang (2024) leveraged an LLM to identify answer-
containing sentences as key points when generating answer
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LLM-Frontier DL-Intro
Mean| Min Max| Mean| Min Max

Transcript # words |3,447.6|1,133 10,109(10,075.7|7,571 13,145

# seg. 161.8] 40 508 377.8] 207 540
Keyframe # frames 225 69 70.6] 39 94
MCQ # choices 4.0 4 3.9 3 4

—_—— )

Question # words 12.9 37 144 3 63
Answer # words 7.0 40 9.2 1 29
Distractor # words 59 40 8.3 1 31

Table 1: Statistics of our AIRC dataset. Question stem is the
target output of QG.

plans for QG. Xia et al. (2023) trained a model to plan con-
tent at fine-grained level of phrases and coarse-grained level
of sentences, thus obtaining answer-relevant summaries of
the context. The approach showed the effectiveness of in-
corporating answer spans with contexts in multi-hop QG.
Hadifar et al. (2023b) ranked document segments by rele-
vance and diversity. Savaal (Noorbakhsh et al. 2025) was a
multi-stage QG framework that retrieved and summarized
information to improve conciseness and relevancy of con-
texts. Unlike previous approaches that require annotated data
for fine-tuning, our study focuses on context selection and
rewriting for zero-shot QG with LLMs.

Dataset: AIRC
Overview

Existing EQG datasets such as LearningQ (Chen et al. 2018),
KhanQ (Gong, Pan, and Hu 2022), and EduQG (Hadifar et al.
2023a) primarily deal with short contexts. FairytaleQA (Xu
et al. 2022) includes long contexts from books, but not lecture
transcripts.

We present AIRC (short for Artificial Intelligence in Real
Classroom), a dataset for video-based EQG. The dataset
consists of two college-level courses collected from real
classrooms. One course, LLM-Frontier, is a graduate-level
course about frontier research on Large Language Models.
It consists of 27 research talk-style lectures, covering topics
such as instruction tuning, pre-training, and reinforcement
learning. The other course, DL-Intro, is an undergraduate-
level course on deep learning. It consists of 8 one-hour lec-
tures, covering various topics such as graph neural networks,
computer vision, and language modeling. Descriptive statis-
tics of our dataset are shown in Tab. 1. Compared to existing
EQG datasets in Table 2, our dataset provides full recordings
of live lectures in real classrooms, reflecting the practical
challenges of EQG with long and noisy context.

Data Collection

We collected educational question data through a systematic
process. First, we gathered authentic lecture recordings of the
courses. These lectures were captured by the widely used plat-
forms Zoom and YouTube, along with transcripts generated
via their automatic captioning features. The video record-
ings primarily consisted of the instructors’ screen-sharing
sessions, typically displaying lecture slides.



‘ LearningQ

‘ EduQG ‘ FairytaleQA ‘

AIRC (ours)

Dataset

‘ TED-Ed Khan-Video Khan-Doc ‘ ‘ ‘ LLM-Frontier DL-Intro
Source e-Learning Platform e-Library | e-Library Live Lectures
Materials Videos Videos  Textbooks | Textbooks | Storybooks Videos Videos
Level K12 K12 K12 |Undergrad| Children Graduate  Undergrad
Avg. Words| 847.6 1,370.8 1,306.6 | 12,641.5 2,313.4 3,447.6 10,075.7

Table 2: Compared to existing EQG datasets with educator created questions, our dataset is under realistic settings for in-class

quiz question generation.

Next, annotators were instructed to review the lecture
videos carefully. We recruited three volunteer annotators,
one professor and two graduate students who have served as
teaching assistants in related courses. They manually iden-
tified and documented timestamps associated with key in-
structional moments. For each timestamp, annotators created
multiple-choice quiz questions designed to assess students’
understanding of the associated context. To ensure the answer-
aware QG task is optimizable and the collected questions can
be used as references, we instructed the annotators to follow
these guidelines: (1) ensure that the question is grounded
on the lecture content, and (2) avoid generic answers, e.g.,
“yes”,“no”, “none of the above”, etc. In total, we have col-
lected 352 MCQs for LLM-Frontier and 70 for DL-Intro.

Data Postprocessing

For transcripts that do not have punctuation, we run a punctu-
ation restoration model (Guhr et al. 2021). For visual informa-
tion, we first crop video frames to include only the lecturers’
screens, then run a keyframe detection algorithm to extract
slide images. Lastly, we associate keyframes with transcript
segments based on the timestamps. To obtain textual descrip-
tions of slide images, we prompt an LLM, i.e. GPT-40-mini
(Achiam et al. 2023), to describe each extracted keyframe.

Preliminary

Answer and Timestamp-Aware Educational
Question Generation

We formally define the task of answer and timestamp-aware
question generation (ATEQG) as follows: Given a lecture
video V/, consisting of both audio-transcribed speech and
visual keyframes of the lecturer’s screen, the objective is
to generate a meaningful and contextually relevant question
conditioned upon a specified timestamp ¢ and a target an-
swer A. The target answer is not necessarily a span from the
transcript.

Specifically, the input lecture video comprises transcribed
speech segments denoted by S = [S1, S, ..., Sn], where
each segment S; € S is a sentence. Additionally, the vi-
sual modality of the video is represented by a set of vi-
sual keyframes F' = [Fy, Fy, ..., Fir), each corresponding
to visual content captured from the lecturer’s screen. Cru-
cially, these keyframes and transcript segments are tempo-
rally aligned, such that each keyframe F); can be associated
with one or multiple transcript segments .S;.
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For any given timestamp ¢ € [0, T, where T denotes the
total duration of the lecture video, and ¢ maps to a transcript
segment .S;,, where i; € [1, N]. The provided answer span A
is represented as a sequence of tokens A = [ay, as, ..., ax].

The task then is to generate a natural-language question
Q = [q1, g2, --., @] that is semantically coherent and contex-
tually grounded in the aligned transcript segment .S, , its asso-
ciated keyframes, and the specified span A. Mathematically,
this task can be framed as modeling the following conditional
probability: P(Q | S, F.t, A) = P(lg1. ¢z, -...q1) | C, A) .
where the context C'is an informative representation derived
from the transcript segments and keyframes relevant to the
question.

Context Construction for ATEQG

We decompose the ATEQG task into two main stages: context
construction and question generation. Given a question gener-
ation function G4, which produces a question () conditioned
on a context C' and answer span A, we have: Q = G4(C, A).
In this formulation, the question generation parameters ¢
remain fixed. Thus, context construction becomes the sole
focus of optimization. Formally, the objective is to construct
a context that contains precisely the information needed for
the fixed generator G to successfully produce the target
question () based on that context and the given answer.

Method

In this section, we propose COSER, an LL.M-based frame-
work for ATEQG. As shown in Fig. 1, COSER involves two
main stages: (1) Context selection extracts transcript seg-
ments and visual keyframes conditioned on the given times-
tamp and answer span, and (2) Context rewriting revises the
extracted context such that it is better suited for QG.

Context Selection

First, we prompt an LLM to select relevant context for cre-
ating a quiz question. Given a lecture represented by au-
dio transcript segments S and visual keyframes F, times-
tamp ¢, answer span A, the context selection process
aims to identify a continuous subset of segments S,.;, =
[Sa, Sat1s---Sp), where 1 < a < b < N, or keyframes
Fy, = [Fy,Fut1,-.., Fy], where 1 < u < v < M. The
extracted context should meet the following requirements:
(1) integrity: for transcript-based context, the output should
be one or more unaltered segments directly extracted from



Full contexts from lecture

Step 1: Dynamically select relevant contexts

/ Audio Transcripts S Visual Keyframes F'

00:00| |r7mzmrnmmommmm ey
(ID 0) so we are now !

:arrived at one of my i
‘favorite lectures of the :
course. :

03:34

E(ID 9) now there's :
another whole class of !
iproblems out there in -
‘machine learning :

Summary

Context from Transcripts

Background | In this section of the lecture, the focus is on unsupervised learning,

Context from Keyframes

Supervised vs unsupervised learning

Supervised Learning Unsupervised Learning

Daca: (x,) Data:
xisdaays

Goal: |

which differs from supervised learning by not relying on labeled data.

icalled unsupervised
ilearning problems...

Step 2: Rewrite contexts into knowledge points

T

56:31

Timestamp ¢ |03:34; ID 10
"Learn the hidden
structure of the data"

1. The goal of unsupervised learning is to analyze input data X
independently and learn the hidden structure of the data.

2. Unsupervised learning does not rely on labeled data; instead, it
aims to learn the hidden structure of the data through techniques
like clustering and dimensionality reduction...

&

v

“What does unsupervised learning aim to achieve
instead of mapping input « to output y?”

Figure 1: Our proposed framework COSER. Using all lecture content (left) as context results in generated questions that are too
general and fail to incorporate keywords. COSER (right), which (1) dynamically selects relevant contexts from both transcripts
and keyframes, and (2) integrates and rewrites them into answer-containing knowledge points, yields more specific and relevant

question.

the lecture transcripts; (2) relevancy: it must be sufficient and
concise, clearly providing all information required for cre-
ating the quiz question; (3) temporal proximity: the selected
segments might be near the given timestamp.

Context Rewriting

Next, to incorporate the desired answer, we ask the model to
rewrite the extracted context into several concise knowledge
points or statements that contain the answer span in them.

Formally, it is expressed as: Rewriteg (Sp:q, Fu:v, t, A) =
K, ..., K, . Each knowledge statement K; is a sequence of
tokens K; = [k; 1, ki 2, ..., ki,m, that satisfies three require-
ments: (1) explicitness: each statement K; explicitly includes
the provided answer span A : A C K;,VK; € {Ky,..., K, };
(2) atomity: all statements should contain atomic knowledge
and eliminate ambiguous references and indirect speech; (3)
multi-granularity: the set of statements should cover knowl-
edge of different levels of granularity, ranging from concep-
tual or high-level knowledge to specific details.

The rewriting stage plays a crucial role in bridging the
gap between raw lecture transcripts and QG by converting
implicit relationships into explicit statements and integrating
the desired answers while maintaining natural language flow.

Multi-Modal Integration

To integrate information from both modalities, we first ex-
tract context from audio transcripts and visual keyframes sep-

arately. Then, we instruct the model to rewrite the transcript-
based context into knowledge points, with context from
keyframes as complementary information.

Experiments
Evaluation

NLI Score Recent QG studies (Luo et al. 2024; Ding,
Hong, and Yao 2024; Wang et al. 2023) adopt traditional
natural language generation metrics such as BLEU,
ROUGE, and BERTScore. However, these metrics often
emphasize surface-level similarity and lexical overlap,
which may not accurately reflect semantic fidelity in QG
tasks (Mohammadshahi et al. 2023). We aim to identify
a metric that can reflect semantic fidelity of candidate
question. To this end, we experiment on two benchmarks
on paraphrasing questions: Minimal Edited Questions
(MEQ) (Zhang et al. 2023) and Quora Question Pair (QQP).
These benchmarks consist of positive pairs of questions
that are paraphrases of each other, and negative pairs of
questions that are not. We investigated the ability of QG
evaluation metrics in accurately distinguishing the positive
pairs of questions from negative ones. Specifically, we
experimented with the following off-the-shelf scoring
metrics: (1) Natural Language Inference (NLI) models,
including three state-of-the-art DeBERTa-based models;
(2) LLLM zero-shot and few-shot; (3) Parascore (Shen et al.
2022); (4) ROUGE (Lin 2004); (5) BLEU (Papineni et al.
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GPT-40-mini Llama-3.3-70B Qwen-2.5-72B

NLI R-L RQG NLI R-L RQG NLI R-L RQG
Transcripts Only
All 3125 2871 3.18 | 24.05 26.84 294 | 23.01 2730 2.61
Rule-Best 28.75 2290 297 | 3221 2631 3.03 | 29.77 2732 2.88
Direct 3242 2570 3.68 | 33.22 2746 3.85 | 3281 2732 3.63
+ Rewrite 3480 25.10 4.86 | 33.44 2729 498 | 35.66 28.75 4.88
CoT 31.86 24.83 4.18 | 3545 29.31 431 | 3336 30.19 4.05
+ Rewrite 3442 2480 4851|3533 27.66 499 | 37.76 2943 4.86
Keyframes Only
All 21.58 20.84 252 | 1548 1830 2.29 | 1546 18.75 2.06
Rule-Best 26.68 2485 290 | 26.12 2546 278 | 24.62 2350 248
Direct 28.22 2327 299 | 2823 2298 3.09 | 28.10 24.19 3.02
+ Rewrite 29.07 2390 2.82 | 29.65 2546 4.83 | 31.12 2522 4.85
CoT 2635 2417 296 | 28.08 2474 3.17 | 26.36 2345 295
+ Rewrite 30.84 25.13  3.13 | 31.28 2698 4.85 | 30.32 25.05 4.84
Multi-Modal
CombineMM | 3341 27.12 4.06 | 36.07 31.04 431 | 3578 30.83 3.97
+ Rewrite 3449 27.17 480 | 36.19 28.10 4.96 | 3557 30.00 4.80

*Notes: R-L denotes Rouge-L F1; RQG denotes RQUGE. Higher means better for all metrics.

Table 3: Results on LLM-Frontier. Rewriting (highlighted in light green) consistently improves NLI and RQG score.

2002); (6) BERTSsore (Zhang* et al. 2020). Results show
that NLI models outperform other metrics. NLI score
evaluates the logical entailment between the candidate
and the reference, thereby capturing deeper semantic
relationships. We select the best-performing NLI model
sileod/deberta-v3-large-tasksource-nli
on Hugging Face as our reference-based metric, termed NLI
score.

We also report a traditional reference-based metric
ROUGE-L, and a reference-free metric RQUGE (Moham-
madshabhi et al. 2023). RQUGE scores a question candidate
from 1 to 5, based on its answerability given the context
and target answer. We allow LLM to generate up to 5 ques-
tions, and calculate NLI@5, RQUGE @5, and RougeL @5.
We evaluate QG under zero-shot setting, using all data from
LLM-Frontier and DL-Intro for testing.

Experimental Settings

Context Settings We compare our method against the fol-
lowing context settings: (1) All. Use the entire transcript or
the complete set of keyframe descriptions as contexts, pre-
sented as an ordered list. Each segment is appended to an
ordered ID. In the instruction, we also provide the segment
ID indicating the timestamp. (2) Rule-k . Use the given
timestamp to locate relevant content, then apply a fixed-
length context window of size k, where k denotes the number
of transcript segments or keyframes. We experiment with
k € {1,3,5,7,9,11}. and report the best-performing set-
ting as Rule-Best. For our LLM-based context selection, we
explore two strategies: (3) Direct Provide the model with
straightforward instructions for selecting relevant context. (4)
Chain-of-thought (CoT) After providing instructions, en-
courage LLM to explicitly output its reasoning process (Wei
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et al. 2022). Specifically, we manually define the reasoning
process as first listing all relevant segments, then refining
its selection on a sentence-by-sentence basis. We also ex-
plore a basic combination strategy (CombineMM) where we
concatenate segments selected by CoT from each modality.

Question Generation and Base Models We use a consis-
tent prompt for QG for all context settings, which has been
carefully engineered and optimized under Rule-Best settings.
We allow the LLM to generate up to 5 questions. We use
GPT-40-mini (Achiam et al. 2023), Llama-3.3-70B-Instruct-
Turbo (Grattafiori et al. 2024), Qwen-2.5-72B-Instruct-Turbo
(Yang et al. 2024) as our base LLMs. We use the same LLM
for context selection, rewriting, and question generation.

Results and Analysis
Main Results

Results on LLM-Frontier and DL-Intro are shown in Table 3
and Table 4, respectively.

Using all transcripts or keyframes as context is subop-
timal for QG. In most cases (except for GPT on LLM-
Frontier), using all transcripts or keyframes as context leads
to the lowest performance, indicating that excessive or unfil-
tered context negatively impacts question quality. While the
best fixed-length context window (Rule-Best) outperforms
full context, our LLM-based CoT selection yields better con-
text. Specifically, direct extraction (Direct), as a basic strategy,
outperforms Rule-Best with all models on LLM-Frontier, but
underperforms Rule-Best on DL-Intro. However, CoT consis-
tently improves over Direct, yielding higher NLI scores than
All and Rule-Best. These results shows the effectiveness of
CoT in dynamically selecting relevant context for QG.



GPT-40-mini Llama-3.3-70B Qwen-2.5-72B

NLI R-L RQG NLI R-L RQG NLI R-L RQG
Transcripts Only
All 3464 2986 3.05| 28.49 28.69 291 | 2545 2641 2.63
Rule-Best 3399 2835 297 | 3832 28.76 3.25|37.17 2659 3.14
Direct 3148 24.04 341 | 3554 2621 357 | 36.11 2593 3.40
+ Rewrite 3519 2653 476 | 38.82 26.69 495 | 3634 2771 479
CoT 3278 24.66 394 | 39.34 27.07 3.87 | 33.36 30.19 3.96
+ Rewrite 3836 2736 470 | 3898 27.60 494 | 37.33 29.14 4.80
Keyframes Only
All 28.34 2376 2.89 | 20.89 1822 2.66 | 25.04 22.02 2.65
Rule-Best 31.23 2474 247 | 2423 2423 273 | 2640 2252 253
Direct 29.08 2494 286 | 36.64 26.04 331 | 36.11 2593 3.06
+ Rewrite 3294 2205 4.60 | 35.05 24.67 493 | 37.19 2660 4.80
CoT 3238 2527 296 | 3529 25.10 332 | 32,10 2438 3.07
+ Rewrite 3549 29.19 4.66 | 3635 2499 493 | 36.21 26.61 4.76
Multi-Modal
CombineMM | 37.65 26.79 3.89 | 38.61 27.22 392 | 37.12 3038 3.79
+ Rewrite 41.09 2532 471 | 37.57 2592 490 | 3856 29.11 4.79

*Notes: R-L denotes Rouge-L F1; RQG denotes RQUGE. Higher means better for all metrics.

Table 4: Results on DL-Intro. Rewriting (highlighted in light green) consistently improves NLI and RQG score. Com-

bineMM+Rewrite

Rewriting context improves relevancy and answerabil-
ity. Rewriting improves NLI scores in most (24 out of 30)
settings. For instance, CoT with rewriting reaches 38.36, up
from 32.78 without rewriting, using GPT on DL-Intro. A
similar trend is observed in keyframe-based context. The
gains suggest that rewriting helps better align questions with
instructional goals. Notably, rewriting consistently improves
on RQUGE score. This suggests LLM context rewriting, as
the essential component of our framework, is effective in
re-organizing extracted transcripts or keyframes into answer-
containing knowledge points that serve as concise and rele-
vant context.

Transcripts are more useful context than keyframes,
moreover, combining both modalities further improves
question quality. Using transcripts alone consistently out-
performs keyframe-based contexts across all settings. More-
over, the best performance is achieved when combining both
modalities. On DL-Intro, CombineMM reaches an NLI of
37.65 without rewriting and 41.09 with rewriting, marking
the highest scores overall. This demonstrates the comple-
mentary nature of the lecturer’s speech and slides and the
effectiveness of the rewriting step in enhancing question qual-
ity. While CombineMM does not always achieve the highest
scores across all datasets, this may be due to our current,
simplistic method of combining the two modalities, which
presents an opportunity for future improvement.

Impacts of Rule-Based Context Window

As demonstrated in Figure 2, varying context window sizes
has a notable influence on the quality of generated questions,
and simply expanding the window often fails to yield consis-
tent improvements. Moreover, providing the entire context in

40930

most cases did not lead to the highest performance, suggest-
ing that using all available information can introduce noise or
dilute key details for question formation. We also observed
that the optimal context window size differed across both
datasets and models, indicating that there is no one-size-fits-
all approach. These findings highlight the need for adaptive
and selective context retrieval strategies, rather than relying
on a static, predetermined context window.

LLM-Frontier DL-Intro
————°
L, 30" 36 P—
% 32-
26-
= 28-
2295911 AP*ssin Al

Num. Sentences
Llama-3.3 —— QWen-2.5

Num. Sentences
—o— GPT-40-mini

Figure 2: Increasing context window does not always improve
question generation.

Human Evaluation

To assess the performance of our question generation (QG)
methods, we conduct a qualitative human evaluation. With
limited human effort, we focus on evaluating the effectiveness
of the Rewrite and Multimodal combination modules. Our
selection included the Direct and CoT methods (transcript-
only) and the CombineMM method, both with and without
the Rewrite module. We randomly sample 50 instances from



Reference Question: How does the ReL.U activation function work?
Target Answer: It transforms all negative values into 0, while leaving positive values intact.

Generated Questions with Different Context Settings
All Transcript: What does the nonlinearity operation ina convolutional neural network do to negative values ? (NLI: 15.88)

CoT: What does the rectified linear unit (ReLU) activation function do to negative values in the output? (NLI: 41.32)

CoT+Rewrite: What is the primary transformation performed by the ReLU function ? (NLI: 42.77)
CombineMM: In the context of deep learning, what is the primary role of the ReLU activation function ? (NLI: 40.32)
CombineMM+ Rewrite: How does ReLU affect values during its operation? (NLI: 47.95)

Contexts from CombineMM

Extracted: Contextual summary: In the context of convolutional neural networks, activation functions play a criti-
cal role ... From Transcript Excerpt: “a common activation for convolutional neural networks are, rectified linear
units or relu, right? think of this as really just deactivating pixels in your feature map that are negative, right? so

anything that’s positive gets passed on and anything that’s negative gets set to zero. ” From Keyframe Excerpt: “... Here’s a sum-

mary of the key points: 1. **Application**: ... 4. **Graph Representation**: The function g(z) = max(0, z) illustrates how ReLU

operates, where values less than zero are set to zero. ...”
Rewritten: 1. Activation functions are crucial in

convolutional neural networks as they introduce nonlin-

earity into the model. 2. The rectified linear unit (ReLU) is a common activation function that is applied

after every convolution operation in CNNs. 3.

ReLU operates as a pixel-by-pixel transformation, where

It transforms all negative values into 0, while leaving positive values intact. ”

Table 5: An example in LLM-Frontier. With extracted and rewritten contexts, generated questions contains more
relevant information aligned with instructor’s intent and less imprecise or irrelevant information.

ModelSetting LLM-Frontier DL-Intro

Nat. Rel. Ans. Nat. Rel. Ans.
Direct 365 372 279 4.60 4.05 3.77
+ Rewrite 3.87 3.57 329 4.67 428 347
CoT 433 372 297 460 447 392
+ Rewrite 435 4.00 349 458 450 4.08

CombineMM 439 399 355 465 437 3.85
+ Rewrite 437 4.07 391 4.68 4.67 445

Table 6: Human Evaluation Results.

the LLM-Frontier dataset and 40 instances from DL-Intro
dataset. We engage 3 human judges, all fluent in English and
experienced in education in Al fields. Judges are asked to rate
each generated question on a 5-point Likert scale (1=Very
Poor, 5=Excellent) in terms of three criteria: Naturalness
(Nat.), Relevance (Rel.), and Answerability (Ans.) following
previous studies (Zhang et al. 2021; Nguyen et al. 2024).

The evaluation results are summarized in Tab. 6. Our anal-
ysis shows that (1) Rewrite module provides a consistent
boost to performance, especially in Answerability. With Com-
bineMM, Rewrite module improves Answerability by 0.6
(from 3.85 to 4.45). (2) Our final method, CombineMM
+ Rewrite, consistently achieves the highest scores across
nearly all criteria and datasets. We measured inter-annotator
agreement on the ranking of the 6 model settings using
Kendall’s W (ranging from O to 1). For the LLM-Frontier
dataset, the coefficients were 0.74 (Naturalness), 0.72 (Rel-
evance), and 0.81 (Answerability), indicating strong agree-

40931

ment. For the DL-Intro dataset, the scores were 0.61, 0.61,
and 0.59 respectively, showing moderate agreement. Overall,
these values demonstrate a reliable and consistent evaluation.

Case Study

Tab. 5 shows a test case from LLM-Frontier. In this case,
based on the target answer, the instructor intended to assess
the operation of ReLLU activation function. With All Tran-
script as context, the generated question involves a general
concept “nonlinearity” and an irrelevant concept “convolu-
tional neural network™. The CoT context selection has cor-
rectly identified the relevant concept of ReLU, but still only
asks about “negative values” imprecisely (ignoring positive
values) in the generated question. The rewriting step and the
integration of both modalities have rectified this issue, further
aligning the generated question with instructor’s intent.

Conclusion

In this work, we address the challenge of constructing appro-
priate contexts for generating educationally aligned questions.
First, we construct a dataset of instructor-written quiz ques-
tions based on real-world classroom lectures, highlighting
the limitations of existing EQG solutions when applied in
realistic settings with long and noisy contexts. To bridge
this gap, we propose an LLM-based EQG framework that
first extracts relevant context pieces, then rewrites them into
answer-containing atomic statements, and finally integrates
multi-modal information from transcripts and slides for QG.
Experiments with three LLMs demonstrate that COSER pro-
duces more relevant and concise contexts, thereby improving
relevancy and answerability.
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