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Abstract

Research in AI applied to education increas-
ingly relies on large-scale, high-quality datasets
to support the development and evaluation of
learning analytics and intelligent educational
systems. Open educational resources provide
a promising foundation, yet few datasets in-
tegrate structured instructional content with
assessment materials in a multimodal form.
In this study, we introduce a large-scale
multimodal educational dataset (EduMUSE
- Educational Multimodal Understanding &
Solution Dataset) constructed from OpenStax
undergraduate textbooks across multiple do-
mains. The dataset integrates hierarchically
structured instructional text, figures, exercises,
and, when available, official solutions. For
exercises with solutions, we introduce an au-
tomatic method that associates each exercise
with a focused instructional subsection rather
than entire textbook chapters, estimating sub-
section relevance via solution likelihood un-
der candidate contexts using a vision–language
model. We analyze the impact of contextu-
alization on the behavior of vision–language
models across different contexts. Results in-
dicate that subsection-level instructional con-
text has a measurable impact on model perfor-
mance, with variation across model scales and
task formulations. The dataset and code are
released as open source at https://github.
com/upb-nlp/BEA-EduMUSE/ to support re-
producible research in multimodal educational
modeling and to facilitate generating similar
datasets using our approach.

1 Introduction

The effectiveness of educational technologies
largely depends on the quality and structure of
the datasets used for training and evaluation (Chen
et al., 2025). This dependency has become more ev-
ident as the use of Large Language Models (LLMs)
in educational applications, such as question an-
swering, question generation, tutoring systems, and

automated assessment, has increased (Wang et al.,
2024; Dong et al., 2024; García-Méndez et al.,
2025). LLMs typically require large amounts of
data and are sensitive to noise, inconsistencies, and
misalignment with instructional goals. As a result,
the availability of clean, well-organized, and ped-
agogically relevant datasets remains an important
factor in NLP research for education.

Many existing datasets for educational question
answering and question generation are created us-
ing crowdsourcing platforms. While this approach
facilitates scalable data collection, it often involves
contributors without formal training in education or
domain-specific expertise (Díaz et al., 2022; Klie
et al., 2024). Moreover, the availability of datasets
targeting college-level education is more limited,
where materials often involve formal reasoning,
domain-specific terminology, and structured expla-
nations, which increases the difficulty of dataset
construction and annotation.

In addition to textual content, many academic
disciplines rely extensively on visual elements such
as diagrams, figures, graphs, and illustrations (Je-
witt, 2012). These elements play a central role in
instruction and assessment across domains such
as mathematics, physics, biology, chemistry, and
engineering. However, a large portion of existing
educational datasets remains text-centric, which
constrains research on multimodal models that in-
tegrate visual and textual information in learning-
oriented tasks.

To help address these gaps, we construct a large-
scale multimodal educational dataset based on
college-level textbooks from OpenStax (OpenStax,
2026). The dataset includes textbook text, images,
exercises, and corresponding solutions across mul-
tiple domains. By sourcing content from openly
licensed instructional materials, the dataset remains
aligned with established curricula while enabling
its reuse for research purposes. The inclusion of im-
ages supports the study of multimodal educational
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tasks. An additional challenge in educational ques-
tion answering is identifying the relevant instruc-
tional context required to solve a given exercise. In
realistic learning scenarios, learners are expected to
rely on specific portions of the instructional mate-
rial rather than the full textbook. To model this
aspect, we introduce an automatic, LLM-based
method for extracting instructional context. The
method evaluates candidate text segments based
on the likelihood that an LLM produces a correct
answer.

The main contributions of this work are as fol-
lows:

• The construction of EduMUSE, a large-scale,
college-level multimodal educational dataset
derived from OpenStax textbooks, including
instructional text, images, exercises, and ref-
erence solutions across multiple domains

• An automatic, likelihood-based method for as-
sociating exercises with fine-grained instruc-
tional subsections, enabling compact contex-
tual grounding for educational question an-
swering

• An empirical analysis of vision–language
model performance that quantifies the impact
of instructional context, visual information,
and model scale on solution likelihood and
multiple-choice accuracy

2 Related Work

Large-scale question-answering datasets have
played a central role in advancing machine reading
comprehension and, more recently, LLMs. Early
corpora primarily focused on factoid question an-
swering over encyclopedic text, whereas more re-
cent efforts have explored multi-hop reasoning, ed-
ucational assessment, and synthetic data generation.
However, existing datasets often trade off between
scale, pedagogical structure, reasoning depth, and
the explicit inclusion of instructional context and
solutions.

Among the earliest and most influential datasets
is SQuAD by Rajpurkar et al. (2016), which intro-
duced large-scale span-based question answering
over Wikipedia articles. Questions were designed
by crowdworkers. Given its size and simplicity,
SQuAD became a de facto benchmark for read-
ing comprehension models. However, its ques-
tions largely emphasize local information retrieval
and lexical matching, with limited requirements

for complex reasoning or synthesis across sources.
To address these limitations, Yang et al. (2018)
introduced HotpotQA, which extended the single-
document paradigm by introducing multi-hop ques-
tion answering over Wikipedia articles. Questions
require aggregating evidence across passages, and
the dataset explicitly annotates supporting facts, en-
abling more fine-grained evaluation of reasoning.
While HotpotQA represents a significant step to-
ward compositional reasoning, it remains grounded
in encyclopedic knowledge and inherits the limita-
tions of crowd-authored questions, with less atten-
tion paid to pedagogical intent and question qual-
ity. Moreover, both SQuAD and HotpotQA are
now relatively dated and were designed prior to the
emergence of instruction-following LLMs, limiting
their suitability for evaluating modern educational
reasoning capabilities.

In contrast to crowdsourced encyclopedic
datasets, Xu et al. (2022) adopted an explicitly edu-
cational perspective for FairytaleQA. The dataset is
curated by educational experts and is based on chil-
dren’s storybooks, with questions designed to as-
sess narrative understanding and basic comprehen-
sion skills appropriate for young learners. While
FairytaleQA benefits from expert-driven design and
pedagogical alignment, its scope is intentionally
narrow: questions are simple, targeted at early ed-
ucation, and do not capture advanced academic
domains.

A broader educational focus is found in EduQG
by Hadifar et al. (2023), who introduced a multiple-
choice question dataset derived from OpenStax
textbooks. Questions are annotated with Bloom’s
taxonomy levels (Bloom et al., 1956), enabling
analysis of cognitive complexity across formats.
EduQG represents an important step toward struc-
tured educational QA, particularly through its ex-
plicit linkage to pedagogical theory. However,
the dataset focuses exclusively on multiple-choice
questions, limiting its applicability for tasks involv-
ing explanatory reasoning or open-ended answer
generation.

In a recent benchmark, Dinh et al. (2024) tar-
geted higher education and expert-level assessment.
SCiEx targets university exam questions and cov-
ers domains such as Artificial Intelligence, Natural
Language Processing, Human–Computer Interac-
tion, and Databases. Despite the difficulty and top-
ical diversity of the questions, the dataset notably
lacks accompanying contextual material, requiring
models to rely almost entirely on parametric knowl-
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edge rather than contextualized reasoning.
Similarly, Singh et al. (2024) propose SCIDQA,

a deep reading comprehension dataset derived from
scientific papers, with questions originating from
peer-review discussions and answers from author
responses. While positioned as a dataset for deep
scientific understanding, the alignment between
questions and the provided paper content is not
always explicit. In many cases, answering a ques-
tion may require background knowledge or inter-
pretative reasoning beyond what is directly stated
in the text, raising questions about the dataset’s
suitability for controlled reading comprehension
evaluation. As reasoning becomes more complex,
Zhu et al. (2024) introduced FanOutQA, a multi-
hop, multi-document QA benchmark in which an-
swering a question requires aggregating informa-
tion from a large number of articles. The dataset
explicitly decomposes each question into inter-
mediate sub-questions and associated documents,
offering transparency into the reasoning process.
Evaluation across several LLMs reveals substan-
tial performance gaps, highlighting the difficulty
of large-scale information aggregation. However,
FanOutQA contains only development and test
splits and is limited in size, making it unsuitable
for model training and educational use. Addition-
ally, the questions are primarily factual and analytic
rather than pedagogically motivated.

An alternative line of work involves generating
synthetic datasets. Gong et al. (2025) proposed
PhantomWiki, a framework for on-demand dataset
creation by generating a synthetic universe of enti-
ties, relations, and documents, followed by gram-
matically generated questions. This approach en-
ables precise control over the complexity of reason-
ing and the difficulty of retrieval. However, the re-
sulting texts and questions are highly artificial, with
limited linguistic naturalness and no grounding in
authentic educational content. As a result, while
PhantomWiki is valuable for the evaluation of con-
trolled reasoning, it is less suitable for modeling
real-world learning scenarios. Similarly, Naeem
et al. (2025) introduced a synthetic educational QA
dataset to assess grade-level adaptability in LLMs.
While it addresses an important dimension of edu-
cational alignment, the reliance on synthetic gener-
ation raises concerns regarding linguistic diversity,
authenticity, and alignment with real instructional
materials.

Taken together, existing educational datasets
span a wide spectrum of scale, reasoning depth,

and pedagogical grounding. Large encyclopedic
datasets offer scale but limited educational struc-
ture; curated educational datasets provide pedagog-
ical alignment but are often restricted in complexity
or format; expert-level and scientific benchmarks
lack explicit context; and synthetic datasets enable
control at the cost of ecological validity. These
limitations motivate the need for a multimodal edu-
cational dataset that jointly provides rich context,
well-designed questions, and explicit solutions, en-
abling the study of grounded reasoning, explana-
tion generation, and learning-oriented evaluation
in realistic educational settings.

3 EduMUSE Construction

This section describes the construction of the
multimodal educational dataset - EduMUSE
- Educational Multimodal Understanding &
Solution Dataset) - and the procedure for aug-
menting exercises with relevant instructional con-
text. The method consists of two main compo-
nents: large-scale scraping and normalization of
college-level instructional materials from Open-
Stax textbooks, and an automatic context selec-
tion procedure that identifies the most relevant in-
structional subsections for each exercise using a
likelihood-based criterion derived from a vision-
language model.

3.1 Dataset Scraping
3.1.1 Source Selection
We construct EduMUSE using textbooks published
by OpenStax, an initiative that provides openly
licensed, college-level textbooks across multiple
academic disciplines (OpenStax, 2026). OpenStax
materials are aligned with standard undergraduate
curricula and include a rich combination of instruc-
tional text, figures, worked examples, exercises,
and solutions, making them well-suited for edu-
cational NLP tasks. EduMUSE covers textbooks
from the following domains: Business, Computer
Science, Humanities, Mathematics, Nursing, Sci-
ence, and Social Sciences. These domains were
selected to ensure diversity in reasoning styles, rep-
resentational formats, and instructional practices,
ranging from formal symbolic reasoning to concep-
tual and narrative explanations.

3.1.2 Content Extraction
OpenStax does not provide a dedicated API or
bulk export mechanism for extracting structured
datasets. As a result, data collection was performed
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by directly scraping the textbooks in HTML rep-
resentations. Although the absence of an official
scraping interface increases implementation com-
plexity, the HTML pages follow a consistent struc-
tural schema, enabling reliable content extraction.
Specifically, the HTML markup includes identi-
fiable tags and class attributes corresponding to
chapters, sections, subsections, paragraphs, figures,
exercises, and solutions. These structural cues were
leveraged to systematically extract and hierarchi-
cally organize the textbook content.

For each textbook, we extracted the instructional
content at the paragraph level, preserving the origi-
nal hierarchical organization of chapters, sections,
and subsections. Paragraphs were cleaned by re-
moving extraneous HTML elements, navigation
artifacts, and formatting tags, while retaining in-
line mathematical expressions and emphasized text.
Figures and images embedded in the instructional
content were also extracted. For each figure, we
retained both the image itself and its associated
alternative (alt) text and caption. The alt text in
OpenStax textbooks typically provides a detailed
description of the visual content. Retaining this
serves two purposes: it supports multimodal learn-
ing scenarios for models that process images, and
it provides a textual proxy for visual information
when evaluating text-only models.

3.1.3 Exercise and Solution Extraction
In addition to instructional content, we extracted
end-of-chapter exercises. Exercises were identi-
fied using HTML tags specific to assessment con-
tent and are associated with a corresponding chap-
ter. Each exercise was cleaned to remove residual
HTML markup, footnotes, and styling elements.
Mathematical expressions originally encoded us-
ing MathJax were converted into a normalized tex-
tual representation to ensure compatibility with lan-
guage models. This normalization step produces
equation strings that are syntactically explicit and
easily parsable by LLMs. When available, we also
scraped the official solutions linked to the exer-
cises. Exercises with solutions typically include a
hyperlink to a separate solution page, which was
followed and processed in the same manner as the
exercise text. Solution content was cleaned using
the same normalization pipeline applied to exer-
cises. For exercises that included images or graphs
in the problem statement, the visual elements and
their corresponding alt text were retained, as they
may be necessary to solve the exercise.

3.1.4 Limitations of Chapter-Level Context
While exercises are associated with chapters in the
textbook structure, chapters are often extensive,
containing thousands of tokens. Providing the full
chapter as context for an exercise is impractical for
many language models due to context length limi-
tations. Even for long-context models, such large
contexts can lead to diluted attention, increased
inference cost, and spurious reliance on irrelevant
information. This motivates the need for a more
granular approach to identifying the instructional
content most relevant to each exercise.

3.2 Context Augmentation

3.2.1 Motivation
In realistic educational settings, learners solve exer-
cises by relying on specific instructional segments
rather than the entire textbook chapter. However,
existing datasets typically associate exercises with
coarse-grained contexts (e.g., entire chapters or no
context). To model a more realistic and pedagogi-
cally meaningful scenario, we aim to identify the
most relevant instructional subsection for each ex-
ercise.

Each textbook chapter is hierarchically orga-
nized into sections, which are further subdivided
into subsections. These subsections generally cor-
respond to coherent instructional units focused on
specific concepts, methods, or examples. As such,
we consider subsections as candidate instructional
contexts and aim to select, for each exercise, the
subsection that provides the most relevant informa-
tion for solving it.

3.2.2 Relevant Subsection Selection
The context augmentation procedure is applied to
exercises for which an official solution is available.
The presence of a reference solution enables an
objective evaluation of how well a given instruc-
tional context supports a model’s correct answer
generation.

For a given exercise with question text e, a ref-
erence solution s, and a set of candidate subsec-
tions c1, ..., cN from the corresponding chapter, we
evaluate the relevance of each subsection by mea-
suring how well it supports the generation of the
correct solution. Formally, for each candidate sub-
section ci, we compute the conditional probabil-
ity: P (s | ci, e), where ci and e are provided in
the prompt, as instructional context and exercise
statement. This probability is estimated using the
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token-level logits of an instruction-tuned vision-
language model. The probability is computed by
decomposing the solution into a sequence of tokens
s = (s1, ..., sT ) and summing the log-probabilities
assigned by the model:

logP (s | ci, e) =
T∑

t=1

logP (st | s<t, ci, e) (1)

where e is the target exercise, ci is the instruc-
tional context, s is the annotated solution, and t
iterates over the solution’s tokens.

This formulation captures how consistently the
model predicts the annotated solution when condi-
tioned on a given subsection.

For each exercise, we compute P (s | ci, e) for
all candidate subsections within the chapter. The
subsection that yields the highest probability is se-
lected as the most relevant instructional context:
c∗ = argmaxci P (s | ci, e). This selected sub-
section is then associated with the exercise as its
contextual grounding.

3.2.3 Experimental Setup

We employ Qwen2-VL-7B-Instruct1 (Team et al.,
2024), an instruction-tuned vision-language model
that supports both textual and visual inputs. This
choice allows the context evaluation procedure to
incorporate not only textual instructional content
but also associated images when present. More-
over, Qwen models allow for multiple images in
the input, unlike other VLM families. For exercises
or subsections that include figures, the images are
provided according to the model’s input specifica-
tions and are correctly positioned in their original
locations within the text.

3.2.4 Outcome

After applying the previous procedure, each exer-
cise with an available solution in EduMUSE be-
comes paired with a specific instructional subsec-
tion that is empirically validated to be maximally
supportive of correct answer generation by a vision-
language model. This context augmentation en-
ables more realistic evaluation of educational ques-
tion answering and reasoning tasks while reducing
context length and mitigating the effects of irrele-
vant instructional material.

1https://huggingface.co/Qwen/
Qwen2-VL-7B-Instruct

3.3 Dataset Characterization

This subsection provides a quantitative overview
of EduMUSE after scraping, normalization, and
context augmentation. EduMUSE was constructed
from 39 textbooks across multiple academic do-
mains. From these sources, we extracted 40,971
exercises in total. Among these, 7,195 exercises
(17%) are multiple-choice questions (MCQs), re-
flecting the diversity of assessment formats present
in the original textbooks.

A subset of the exercises includes official refer-
ence solutions. In total, 15,297 exercises (37%) are
paired with solutions, of which 2,037 are MCQs.
These exercises constitute the primary subset used
for context augmentation, as a reference solution
is required to compute solution likelihoods during
subsection selection.

EduMUSE also contains substantial visual in-
formation. A total of 2,239 exercises include one
or more images directly in the problem statement,
such as diagrams, plots, or illustrative figures. In
addition, 8,595 exercises are associated with in-
structional subsections that contain images. This
enables the evaluation of multimodal reasoning sce-
narios in which visual content appears either in the
question, the instructional context, or both.

Figure 1 illustrates the distribution of the num-
ber of exercises across the textbooks included in
EduMUSE. The majority of textbooks contain a
substantial number of exercises with official solu-
tions, while a non-negligible subset includes no
exercises with solutions. In addition, only a lim-
ited number of textbooks provide exercises in the
form of multiple-choice questions. By contrast, a
significant proportion of textbooks feature multiple
exercises that incorporate visual elements, such as
diagrams or figures, into the problem statement or
instructional context.

In terms of instructional content granularity, text-
book chapters are relatively long, averaging 13,133
words and reaching a maximum of 64,511 words.
By contrast, subsections are significantly shorter,
with an average length of 200 words and a maxi-
mum of 5,921 words. This disparity highlights the
practical importance of subsection-level context
selection, as subsections provide focused instruc-
tional units that are substantially more manageable
for language and vision-language models than full
chapters.

Overall, EduMUSE supports a wide range of ed-
ucational modeling scenarios, including text-only
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Figure 1: The distribution of the number of exercises per textbook in the OpenStax dataset.

and multimodal question answering, solution gen-
eration, and context-aware reasoning. The combi-
nation of diverse domains, varied exercise formats,
explicit solution annotations, and fine-grained in-
structional context makes EduMUSE suitable for
evaluating models under realistic instructional con-
ditions.

4 EduMUSE Validation via VLM
Probes

We use vision–language models (VLMs) on Edu-
MUSE as probes to validate that it encodes mean-
ingful instructional structure, with particular focus
on the contributions of visual information and the
selected instructional context (Section 3.2). We
employ a VLM of a different family than the lan-
guage model used for context augmentation while
constructing EduMUSE. This separation ensures
that the instructional signals encoded in the dataset
generalize to newer and stronger vision–language
models rather than reflecting model-specific biases.
Specifically, we use Qwen3-VL-[8/32]B-Instruct 2

(Yang et al., 2025) as the answering model, evalu-
ating two parameter sizes: 8B and 32B.

4.1 Probabilistic Evaluation of Annotated
Solutions

In the first evaluation setup, we consider exer-
cises for which a reference solution is explicitly
annotated in the dataset. For each such exercise,
we compute the probability that the model gen-
erates the correct solution, following Equation 1

2https://huggingface.co/Qwen/
Qwen3-VL-8B-Instruct, https://huggingface.co/
Qwen/Qwen3-VL-32B-Instruct

described in Section 3.2. This formulation allows
us to assess how different forms of context influ-
ence the model’s likelihood of producing the cor-
rect answer, without relying on discrete generation
or heuristic matching.

We consider three contextual conditions: a) full
multimodal context: the complete instructional con-
text, including both text and images; b) text-only
context: the full textual context, with images re-
moved but their associated alternative text retained;
and c) no context: the exercise prompt alone, with-
out any instructional context. For each exercise and
model size, we compute the token-level likelihood
that the model assigns to the reference (annotated)
solution, given the exercise prompt and a speci-
fied context. This yields three probabilities: one
with the full multimodal instructional context, one
with text-only context, and one with no additional
context. To enable meaningful comparison across
exercises with widely varying base difficulty, we
compute within-exercise probability ratios between
(i) the full multimodal context and the text-only
context, and (ii) the full multimodal context and
the no-context condition.

To summarize these ratios across EduMUSE,
we report the median (50th percentile) ratio for
each model and comparison. Using the median
reduces sensitivity to extreme values arising from
individual exercises where probabilities are unusu-
ally small or large. Therefore, the resulting values
represent a typical multiplicative increase in solu-
tion likelihood attributable to instructional and/or
visual context. Table 1 reports these median ratios
for both the 8B and 32B models.

The purpose of this evaluation is not to achieve
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state-of-the-art problem-solving accuracy, but to
verify that EduMUSE encodes instructional struc-
ture in a form that is operationally detectable by
contemporary multimodal models and that confi-
dence substantially increases when appropriate con-
text is provided. If the extracted instructional con-
text is meaningful, then conditioning on it should
systematically increase the likelihood assigned to
expert-annotated solutions—particularly in exer-
cises where visual material plays a pedagogical
role. The observed probability gains therefore
serve as evidence that EduMUSE captures instruc-
tional signals that models can exploit, rather than
as a metric of absolute task performance.

The results indicate a consistent and substantial
benefit from providing instructional context, partic-
ularly when visual information is included. For the
larger Qwen3-32B model, the median probability
of generating the correct solution is approximately
13× higher when the full multimodal context is
provided compared to a text-only context without
images. In contrast, the smaller Qwen3-8B model
exhibits a much stronger dependency on visual in-
formation, with a 366× increase in median proba-
bility in the same comparison. A similar trend is
observed when comparing the full multimodal con-
text to the no-context condition, with probability
ratios of 94× for the 32B model and 462× for the
8B model.

These results suggest that larger models are more
robust to reductions in available instructional con-
tent. The Qwen3-32B model likely compensates
for missing contextual information by leveraging
external knowledge encoded in its parameters, re-
sulting in smaller performance degradation when
images or context are removed. Conversely, the
smaller Qwen3-8B model relies more heavily on
explicit instructional signals, particularly multi-
modal cues, to produce correct solutions. Nev-
ertheless, across both model scales, the inclusion
of multimodal instructional content consistently
yields higher probabilities of correct answers. This
highlights the importance of multimodal context
for educational question answering across diverse
exercise types, including structured problems and
open-ended responses.

4.2 Multiple-Choice Question Answering
Performance

In the second evaluation setup, we assess model
performance on multiple-choice questions (MCQs).
For each MCQ, models are prompted to select the

correct answer option, constrained to output only
a single letter corresponding to one of the choices.
To ensure consistent and unambiguous outputs, we
employ structured decoding that restricts genera-
tion to the available answer set.

As in the probabilistic setup, we consider three
contextual conditions: full multimodal context,
text-only context (without images but including
alternative text), and no context. Performance is
measured by accuracy, defined as the percentage
of exercises answered correctly. In this setting,
multiple-choice answering is used as a stress test
for the dataset’s contextual structure under con-
strained output conditions. Unlike probabilistic
solution likelihood, this formulation requires mod-
els to compress potentially rich instructional infor-
mation into a single discrete decision, making it
particularly sensitive to context length and model
capacity.

Table 2 reports accuracy results across all MCQ
exercises in the dataset, while Table 3 considers
only exercises whose instructional context contains
at least one image. This stratification enables a
more direct analysis of the impact of visual infor-
mation on question answering performance. Com-
parisons across model sizes and context conditions
reveal how scaling and multimodal inputs jointly
affect VLMs’ capability to solve college-level text-
book problems.

In contrast to the probabilistic evaluation pre-
sented earlier, this setup requires explicit answer
generation under a constrained output format. Un-
der these conditions, we observe that the smaller
Qwen3-8B model is negatively affected by the in-
clusion of large instructional contexts. For both the
full set of exercises and the subset containing im-
ages, the 8B model achieves the highest accuracy in
the no-context setting, with performance decreas-
ing as more context is provided. This suggests that,
for smaller models, long or information-dense con-
texts may negatively impact the generation. Nev-
ertheless, this behavior does not impact subsection
selection, as the selection is performed based on
likelihood derived from model logits rather than on
the generated output itself.

This behavior is consistent with findings re-
ported by Hsieh et al. (2024) who show that smaller
models experience more pronounced performance
degradation as context length increases. Limited
parameter capacity and narrower effective attention
spans reduce their capability to attend to relevant
information in long contexts. As a result, additional

364



Context Comparison Qwen3-8B Qwen3-32B
Full vs. Text-only Context 366 13
Full vs. No Context 462 94

Table 1: Median probability ratios (50th percentile) comparing full multimodal context against reduced-context
settings for Qwen3 models.

Context Condition Qwen3-8B Qwen3-32B
Full Multimodal Context 31.66% 41.04%
No Context 37.65% 40.89%

Table 2: Multiple-choice question accuracy for Qwen3 models under different instructional context conditions
across all exercises.

Context Condition Qwen3-8B Qwen3-32B
Full Multimodal Context 45.05% 58.97%
Text-only Context 47.39% 58.89%
No Context 53.74% 58.81%

Table 3: Multiple-choice question accuracy for Qwen3 models on exercises whose instructional context contains at
least one image.

instructional content, while potentially useful, can
hinder decision-making in constrained generation
tasks such as multiple-choice answering.

In contrast, the Qwen3-32B model exhibits sta-
ble or slightly improved performance when an in-
structional context is provided. For the full exer-
cise set, accuracy is comparable across the whole-
context and no-context conditions, whereas for ex-
ercises containing images, the full multimodal con-
text yields slightly higher accuracy. This indicates
that larger models are better able to leverage ex-
tended and multimodal contexts, likely due to in-
creased parameter capacity and more expressive
attention mechanisms that enable effective filtering
of relevant information.

Finally, across all evaluation conditions, we ob-
serve a clear performance gain when moving from
the 8B to the 32B model, confirming the expected
scaling effects of model size on educational ques-
tion answering accuracy.

5 Conclusions and Future Directions

This work introduces EduMUSE, a large-scale,
multimodal educational dataset derived from
college-level OpenStax textbooks and designed
to support research on solution generation and
context-aware question answering in realistic in-
structional settings. By systematically extracting
textbook text, images, exercises, and official solu-
tions across multiple academic domains, the dataset

addresses several limitations of existing educa-
tional benchmarks, including the lack of pedagogi-
cal grounding, insufficient multimodal content, and
coarse or absent instructional context.

A key contribution of this work is the proposed
automatic context augmentation method, which as-
sociates each exercise with a focused instructional
subsection selected based on the solution likeli-
hood predicted by a vision–language model. This
approach produces compact contexts that better
reflect how learners engage with educational mate-
rials. The resulting subsection-level grounding mit-
igates the challenges posed by long chapters while
preserving pedagogical coherence. By validating
the dataset through controlled model probes, this
work aligns with goals of educational technology:
understanding how structure, context, and repre-
sentation shape performance in learning-oriented
tasks.

Overall, the dataset and accompanying analyses
provide a foundation for studying multimodal ed-
ucational reasoning under controlled yet realistic
conditions. The combination of authentic instruc-
tional content, explicit solutions, fine-grained con-
text, and diverse domains enables future work on
curriculum-aware modeling, explanation genera-
tion, context selection, and the interaction between
visual and textual information in learning-oriented
tasks. The dataset also offers opportunities for in-
vestigating the impact of context length and model
scaling behavior.
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Limitations

Despite the strengths of EduMUSE, several limita-
tions should be acknowledged.

First, although the dataset spans multiple aca-
demic domains, it is constructed from a finite set
of OpenStax textbooks that primarily cover widely
taught undergraduate subjects. As a result, the
dataset may not fully capture the breadth of spe-
cialized, advanced, or less commonly taught topics.
Extending the dataset to include a broader range of
disciplines, including graduate-level materials and
niche subject areas, would improve its coverage
and applicability.

Second, the proposed context selection method
relies on model-derived likelihoods to identify the
most relevant instructional subsection for each ex-
ercise. While this approach provides a principled
and scalable mechanism for automatic context as-
signment, it is inherently dependent on the behav-
ior and calibration of the underlying model. In
particular, although likelihood-based scoring us-
ing logits offers a reasonable proxy for contextual
relevance, it does not disentangle whether improve-
ments arise from genuinely informative context
or from increased model confidence in generating
specific token sequences.

Overall, these limitations highlight important di-
rections for future work. Addressing these aspects
should aim to improve the reliability and generaliz-
ability of multimodal educational datasets and un-
derstanding on how models leverage instructional
context in realistic learning scenarios.
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