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Abstract
Automated assessment of open responses in K–12
science education poses significant challenges due
to the multimodal nature of student work, which
often integrates textual explanations, drawings, and
handwritten elements. Traditional evaluation meth-
ods that focus solely on textual analysis fail to
capture the full breadth of student reasoning and
are susceptible to biases such as handwriting neat-
ness or answer length. In this paper, we propose
a novel LLM-augmented multimodal evaluation
framework that addresses these limitations through
a comprehensive, bias-corrected grading system.
Our approach leverages LLMs to generate causal
knowledge graphs that encapsulate the essential
conceptual relationships in student responses, com-
paring these graphs with those derived automati-
cally from the rubrics and submissions. Experi-
mental results demonstrate that our framework im-
proves grading accuracy and consistency over deep
supervised learning and few-shot LLM baselines.

1 Introduction
Evaluating open-ended responses in K-12 education remains
a complex task due to the varied ways students articulate their
understanding [Li et al., 2023b; Li et al., 2023d]. This is
a particular challenge in science education, where the new
vision of science education is to develop usable knowledge
for students [States, 2013]. Students with usable knowledge
should be able to apply their knowledge to solve complex
problems or explain real-world phenomena [Li et al., 2023a;
He et al., 2023]. Scientific modeling has been recognized as a
high-leverage practice to engage students in science learning
[Li, 2024; Li et al., 2023c]. Rooted in the theory of multi-
modality [Kress, 2009; Ouyang et al., 2022], scientific mod-
eling can engage students in a richer and more effective learn-
ing experience, in which they can process information[Wang
et al., 2019] more effectively through multiple sensory chan-
nels such as visual, auditory, and tactile [Kress, 2009]. Con-
sequently, scientific models are multi-representations (e.g.,
graphs, text-based explanations) constructed to explain or

*Code link: https://github.com/illidanlab/llm grading edu.git.

make predictions about natural phenomena by identifying
critical components and relations between those components
using evidence [Schwarz et al., 2017]. Multi-representations
offer students with sensory limitations (e.g., auditory or vi-
sual) opportunities to learn and express ideas through other
channels.

Despite the importance of modeling, the development of
scientific models challenges young students and teachers, es-
pecially at the elementary level [Li et al., 2023c]. This
is in part due to the complexity and diversity that con-
structed models bring to model evaluation [Li et al., 2024;
Li et al., 2023b]. Elementary students often struggle to artic-
ulate their understanding clearly, resulting in answers that can
combine text with drawings. These multimodal elements fre-
quently contain critical conceptual information, even when
responses are misspelled, syntactically unconventional, or
partially illegible [Li et al., 2024; Li et al., 2023d]. Tradi-
tional single-modal models, which predominantly rely on tex-
tual input, struggle to process such heterogeneous inputs [Li
et al., 2023b; Ouyang et al., 2023]. While multimodal mod-
els provide a broader analytical scope, they often face limita-
tions in distinguishing between unconventional yet valid rea-
soning and superficially well-formed but conceptually flawed
answers [Chia et al., 2024; Wang et al., 2020].

Recent advances in Large Language Models (LLMs) have
introduced transformative avenues for the interpretation and
evaluation of both textual and visual inputs [Lu et al., 2023].
For example, models such as GPT-4 have been effectively
employed to grade handwritten university-level mathematics
responses with commendable initial accuracy [Caraeni et al.,
2025], and—when appropriately prompted—they are capa-
ble of furnishing both scores and detailed explanations for
middle-school science answers [Cohn et al., 2024]. These
developments suggest the potential for LLMs to mediate the
nuanced challenges inherent in K-12 assessment, wherein
student responses often manifest as multifaceted representa-
tions that extend beyond conventional textual form. How-
ever, the direct application of LLMs to the evaluation of sci-
entific models has two outstanding issues: first, human evalu-
ators may inadvertently introduce biases influenced by factors
such as handwriting neatness, answer length, or preconceived
notions—factors that compromise grading fairness and con-
sistency [Cohn et al., 2024; Botelho et al., 2023]; and sec-
ond, the comprehensive, multimodal nature of many grading
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rubrics challenges zero-shot or few-shot LLM paradigms to
capture the full spectrum of student reasoning.

To address these challenges, we propose an LLM-
augmented multimodal evaluation framework that first cali-
brates grading biases before leveraging LLM capabilities to
construct a causal reasoning graph for assessment. In our
approach, an LLM is employed to analyze textual responses
and generate an expected reasoning graph that encapsulates
key conceptual elements; this graph is subsequently com-
pared with one automatically derived from the student’s an-
swer. Our framework evaluates the clarity of handwriting and
the informativeness of any accompanying drawings or dia-
grams. By integrating visual analysis, handwriting recogni-
tion, and representations from reasoning graph, our method
provides a holistic assessment mechanism that captures the
diverse modalities through which students articulate their un-
derstanding. Our approach is designed to mitigate superficial
biases and to ensure that evaluations are anchored in the con-
ceptual robustness of student responses.

Contributions. Our contributions are as follows:

• We present a novel multimodal framework for auto-
mated assessment in elementary science education that
systematically fuses LLM-based text analysis, visual
drawing evaluation, and knowledge graph reasoning to
address the challenges posed by multi-representational
student work.

• We introduce a bias correction mechanism that leverages
handwriting clarity and drawing quality metrics as aux-
iliary inputs, thereby calibrating human scores and miti-
gating the impact of subjective presentation biases.

• Through comprehensive empirical studies, we show that
our multimodal approach enhances grading accuracy
and consistency relative to deep supervised learning and
few-shot LLM baselines, with each modality contribut-
ing to the overall robustness of the grading.

2 Related Work
Automated Grading and LLMs in Education. Auto-
mated short-answer grading (ASAG) has been studied for
decades. Early systems like e-rater focused on essay scor-
ing using hand-crafted features and rubrics [Burstein et al.,
2013]. Traditional ASAG methods often used lexical over-
lap or keyword matching against model answers, which lim-
ited their ability to assess deeper understanding [Sultan et al.,
2016]. More recent approaches employed machine learning
and deep neural networks to predict scores from text, achiev-
ing improved accuracy by learning from large corpora of
student responses [Bonthu et al., 2021]. Nonetheless, these
models typically treat the grading task as a pure text regres-
sion or classification problem, lacking the ability to explain
their decisions or account for non-textual cues.

The advent of large-scale pre-trained language models has
opened new horizons for ASAG. Transformer-based models
fine-tuned on grading tasks have outperformed earlier meth-
ods in benchmarks [Sung et al., 2019]. Furthermore, few-shot
and zero-shot prompting with LLMs (like GPT-3.5 or GPT-4)

have shown that these models can approximate scoring with-
out task-specific training [Jiang and Bosch, 2024]. For in-
stance, [Cohn et al., 2024] used GPT-4 with chain-of-thought
prompts to evaluate middle-school science answers, enabling
the model to provide a rationale alongside a score.

Such capabilities are valuable in educational settings where
explaining the grade is almost as important as the grade itself.
Our work builds on this line of research by using an LLM to
not only score but also generate structured knowledge graphs
representation for deeper comparison and enabling human-
in-the-loop capability.

LLM-Based Knowledge Graph. Recent advancements in
Large Language Models (LLMs) have significantly improved
the construction and application of knowledge graphs in edu-
cational assessments [Abu-Rasheed et al., 2025]. LLMs can
extract entities and relationships from text, enabling auto-
mated generation of structured representations of educational
content [Bui et al., 2024].

Beyond entity extraction, LLMs also facilitate causal rea-
soning, enhancing knowledge representation. [Abdulaal et
al., 2024] introduced Causal Modelling Agents (CMA), inte-
grating LLM-driven reasoning with Deep Structural Causal
Models (DSCMs) for improved causal discovery. Similarly,
[Khatibi et al., 2024] proposed Autonomous LLM-Augmented
Causal Discovery (ALCM), combining data-driven and LLM-
based causal inference. Building on these advancements,
we generate causal knowledge graphs for both expected and
student answers, enabling a semantic alignment-based grad-
ing methodology that assesses conceptual correctness beyond
text similarity.

Multimodal and Knowledge-Based Assessment. In K-12
education, student responses often extend beyond text, incor-
porating drawings, diagrams, and equations, particularly in
mathematics and science [States, 2013; Council, 2012]. Tra-
ditional text-based grading models struggle to interpret such
multimodal inputs, limiting their ability to assess student un-
derstanding comprehensively [Li et al., 2023b]. To address
this, researchers have explored multimodal approaches in au-
tomated assessment. Models like CLIP [Radford et al., 2021]
enable joint encoding of hand-drawn images and text, im-
proving grading accuracy, especially for responses requir-
ing diagrams or equations [Baral et al., 2021]. Addition-
ally, knowledge graphs, such as K12EduKG [Chen et al.,
2018], provide structured representations to enhance assess-
ment. Given the importance of multimodal reasoning in early
education, our approach integrates textual, visual, and knowl-
edge graph features for a more holistic evaluation of student
understanding.

Human Bias in Grading. Bias in human grading is well-
documented, with research highlighting systematic dispari-
ties where certain groups receive different scores despite sim-
ilar performance [Li et al., 2024; Gichoya et al., 2023]. Fac-
tors like handwriting neatness and grader subjectivity con-
tribute to unintended score variations [Li et al., 2023b]. AI
grading models may inherit such biases from human raters,
necessitating debiasing strategies. Prior work has proposed
mitigating grading bias through blinding demographic cues
and adjusting scoring rubrics [An et al., 2020]. Commercial
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Figure 1: Overview of the automated grading framework. Given an open-ended question, students provide answers with handwritten text and
drawings. We use LLMs to extract written text and generates a reasoning graph representing the conceptual structure. To assess alignment, the
student’s reasoning graph is compared against reference reasoning graphs constructed from other student submissions. Additionally, textual
embeddings and visual features are incorporated into the final scoring module. By integrating causal reasoning, multimodal analysis, and
structured assessment, this framework enhances the accuracy, fairness, and interpretability of automated grading in K-12 science education.

AI tools also emphasize bias reduction in grading [Schwartz
et al., 2022]. Our approach explicitly addresses presentation
bias—how handwriting and visual clarity affect scoring—by
introducing auxiliary metrics that enable the model to com-
pensate for such biases. To our knowledge, this is the first
work to integrate multimodal bias correction in an LLM-
driven grading setting, particularly within the K-12 context.

3 Methodology
3.1 Problem Formulation
In open-ended questions, elementary students provide an-
swers in the form of a hand-drawn illustration accompanied
by a handwritten explanation. These multimodal responses
require reasoning across both textual and visual modalities,
making their assessment a complex task. To systematically
evaluate the logical coherence of students’ reasoning, we
leverage multimodal Large Language Models to extract a
causal knowledge graph, which encodes key concepts and
causal relationships, thereby capturing the student’s reason-
ing process. Additionally, we extract visual and handwriting-
based features to account for presentation factors that may
influence assessment. Figure 1 provides an overview of our
workflow.

Formally, let Ti represent the transcribed text content from
the answer of student i, Di represent the student’s drawing,
Hi encode handwriting-related metadata (including legibility,
spelling accuracy, and writing style features), and Gi denote
the causal knowledge graph. We define the true response
quality as:

ytrue
i = f∗(Ti, Di, Hi, Gi), (1)

where f∗ is the ideal, unbiased scoring function that accu-
rately assesses the student’s reasoning quality.

However, human-assigned scores often introduce biases,
particularly due to subjective interpretation of presentation
factors such as drawing clarity and handwriting quality. We
denote the human-assigned score as:

yhuman
i = ytrue

i +B∗(Di, Hi), (2)

where B∗(Di, Hi) represents the bias introduced by non-
reasoning factors such as drawing style or handwriting clarity.

Our objective is to develop an automated scoring func-
tion f that predicts a score ŷi that closely approximates the
true response quality ytrue

i , while mitigating biases inherent
in human grading. By integrating causal reasoning structures
with multimodal features, our approach aims to provide a fair,
interpretable, and consistent evaluation framework for as-
sessing students’ reasoning quality.

3.2 Human Bias Calibration
As described in Equation (2), human-assigned scores often
incorporate systematic biases arising from presentation fac-
tors, such as penalties for poor handwriting or unclear dia-
grams. Since these factors do not directly reflect a student’s
reasoning ability, our goal is to estimate and correct for these
biases to ensure a more objective assessment.

To quantify the extent of presentation-related bias, we in-
troduce two auxiliary presentation metrics:

• Handwriting Quality Score qhand(Hi), which measures
handwriting legibility based on features such as the num-
ber of misspelled words and a clarity score derived from
character shape consistency.
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• Drawing Clarity Score qdraw(Di), which assesses the
informativeness and completeness of the student’s dia-
gram. This metric considers the number of key elements
present in Di and the overall level of visual detail.

To estimate the degree to which these presentation factors
influence human-assigned scores, we fit a regression model:

yhuman
i = α0 + α1qhand(Hi) + α2qdraw(Di) + ϵi, (3)

where α1 and α2 quantify the systematic effect of handwrit-
ing and drawing clarity on grading.

To mitigate these biases, we compute a bias-corrected
score as follows:

ytrue
i = yhuman

i − (α1qhand(Hi) + α2qdraw(Di)). (4)

These calibrated scores ytrue
i serve as unbiased training tar-

gets for our automated scoring model, ensuring that it learns
to evaluate responses based on their reasoning content rather
than superficial presentation attributes.

3.3 Knowledge Graph Extraction and Alignment
A key component of our approach involves leveraging causal
knowledge graphs to represent the semantics of student re-
sponses. We employ a large language model to extract a
structured representation of the response in the form of a di-
rected graph consisting of concepts and their relationships.

Positive Knowledge Alignment
To establish a structured evaluation of student responses, we
first employ a causal prompting approach [Abdulaal et al.,
2024] to extract causal relationships from the assignment task
and grading rubric. This process enables us to generate an
expected answer graph G∗ = (V ∗, E∗), where V ∗ repre-
sents key variables and E∗ denotes their edges. To refine this
representation, we further incorporate causal links identified
in high-scoring student responses, ensuring that the expected
graph reflects both expert knowledge and exemplary student
reasoning patterns.

For each student submission, we prompt the LLM to ex-
tract a corresponding knowledge graph Gi = (Vi, Ei) di-
rectly from the visual and textual inputs. Once both graphs
are obtained, we compute a structural similarity score be-
tween Gi and G∗ to assess conceptual alignment. Specifi-
cally, we define:

SKG(i) =
|Gi ∩G∗|

|G∗|
, (5)

where SKG(i) measures the proportion of expected causal re-
lationships correctly captured in the student’s response. This
alignment score provides a robust, structured evaluation be-
yond simple text-matching approaches, allowing for a deeper
assessment of student understanding based on the accuracy
and completeness of their causal reasoning.

This knowledge graph alignment score is incorporated as
a grading feature. Compared to conventional text matching
or embedding-based similarity, structural graph alignment is
more robust to paraphrasing and emphasizes the presence of
correct relationships, making it particularly effective for eval-
uating student responses that involve free-text explanations or
incomplete sentences.

Negative Knowledge Gap
To mitigate the risk of students inflating their scores by in-
corporating frequently occurring phrases from low-quality
responses without demonstrating genuine reasoning, we in-
troduce a majority-vote-based filtering mechanism. This ap-
proach identifies repetitive lexical patterns in low-scoring re-
sponses, detecting superficial answers that rely on rote mem-
orization rather than substantive causal reasoning.

To quantify this phenomenon, we compute the cosine sim-
ilarity between a student’s response and a corpus of low-
scoring responses. This helps distinguish between genuine
logical reasoning and lexical redundancy. The cosine similar-
ity is defined as:

Sgap(i) =
Ti · L∗

∥Ti∥∥L∗∥
, (6)

where Ti represents the vectorized form of student i’s written
answer, and L∗ denotes the aggregated vector representation
of historically low-scoring responses. If a response exhibits
a high lexical similarity with these responses (exceeding a
predefined threshold τ ) while simultaneously achieving a low
knowledge graph alignment score SKG(i) < γ, it is classified
as a superficial response and penalized accordingly.

This filtering mechanism ensures that assessments priori-
tize genuine reasoning over superficial textual similarity, re-
inforcing the importance of original causal explanations in
student responses.

3.4 Multimodal Fusion
To predict student performance, we develop a multimodal
fusion model that integrates information from four distinct
modalities: (1) handwritten content, (2) student drawings, (3)
handwriting quality, and (4) causal knowledge graph align-
ment. Given a student’s response Ri = (Ti, Di, Hi, Gi). We
extract the following features:
Text Representation. A pre-trained transformer Etext extracts
a dense representation of the transcribed handwritten answer:

f
(text)
i = Etext(Ti) ∈ Rdtext . (7)

Drawing and Handwriting Representation. We also extract
a structured feature vector from original inputs, combining
visual semantics and drawing quality metrics:

f
(draw)
i = Di ∈ Rddraw , f

(hand)
i = Hi ∈ Rdhand . (8)

Knowledge Graph Representation. Knowledge Graph align-
ment is captured through a similarity function:

f
(KG)
i = SKG(Gi, G

∗)− Sgap(i) ∈ RdKG , (9)

where G∗ represents the expected answer graph.
Multimodal Fusion and Prediction. The final representation
is constructed via concatenate fusion:

zi = [f
(text)
i ∥f (draw)

i ∥f (hand)
i ∥f (KG)

i ] ∈ Rdfusion . (10)

Finally, a feed-forward neural network F (·; Θ) predicts the
final score:

ŷi = F (zi; Θ), (11)
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Algorithm 1 LLM-Based Causal Knowledge Graph Extrac-
tion and Multimodal Scoring
Input: Student response Ri = (Ti, Di, Hi, Gi)
Output: Predicted score ŷi

1: Step 1: Feature Extraction
2: Extract text embeddings: f text

i = Etext(Ti)
3: Extract drawing features: f draw

i = Di

4: Extract handwriting features: f hand
i = Hi

5: Step 2: Causal Knowledge Graph Alignment
6: Construct student causal graph: Gi

7: Retrieve expert graph: G∗

8: Compute alignment score: SKG(Gi, G
∗)

9: Compute gap score: Sgap(i)
10: Compute final graph score: fKG

i = SKG(i)− Sgap(i)
11: Step 3: Multimodal Fusion
12: Concatenate features:
13: zi = [f text

i ∥f draw
i ∥f hand

i ∥fKG
i ]

14: Step 4: Model Training (Bias-Corrected Target)
15: Compute bias-corrected score: ytrue

i = yhuman
i −

B∗(Di, Hi)
16: Train model F (·; Θ) using input–label pairs (zi, ytrue

i )
17: Step 5: Inference
18: Predict score: ŷi = F (zi; Θ)
19: return ŷi

where Θ is trained by minimizing:

L(Θ) =
1

N

∑N

i=1
ℓ(F (zi; Θ), yi). (12)

The detailed steps of the multimodal fusion and scoring
process are outlined in Algorithm 1. Each modality offers
complementary evidence of student understanding. Textual
data conveys sequential reasoning, drawings capture spatial-
visual knowledge, and causal graphs provide structural repre-
sentations of logical thought. Multimodal fusion reduces am-
biguity—if one modality is unclear, another may provide clar-
ity. Bias correction further improves robustness by remov-
ing spurious correlations. By explicitly incorporating hand-
writing quality as a feature, we ensure that the final model
learns to separate content-based merit from presentation-
based penalties. Ultimately, this framework integrates LLM-
driven reasoning with discriminative multimodal fusion, en-
hancing grading accuracy and fairness.

4 Experiments
4.1 Datasets
To evaluate the effectiveness of our approach, we intro-
duce two open-ended K-12 educational datasets. These
datasets contain scanned student assignments, each consist-
ing of handwritten textual responses and hand-drawn dia-
grams, along with teacher-assigned scores on an ordinal scale
from 0 to 3. Together, the two datasets comprise a total of
1,427 student responses.

Beyond serving as a benchmark for automated grading,
these datasets present unique challenges due to their vary-
ing degrees of difficulty and openness. Dataset 1 consists of

responses to a question with a well-defined expected answer
structure, allowing for more straightforward evaluation. In
contrast, Dataset 2 includes responses to a more open-ended
question, where students demonstrate a wider range of rea-
soning patterns and response styles. This variation enhances
the generalizability of grading models and better reflects real-
world applications in educational assessment.

Each student response is provided in two formats to sup-
port different evaluation paradigms:

Raw Data. The raw dataset consists of scanned images of
student responses, preserving the original handwriting and
drawings. This format is suitable for direct image-based pro-
cessing and enables few-shot prompting with large language
models (LLMs), facilitating open-ended assessment without
requiring structured annotations.

Processed Data. To facilitate structured analysis and auto-
mated assessment, we construct an annotated version of the
dataset with extracted multimodal features, including:

• Transcribed handwritten text for text-based analysis,

• Automatically extracted causal knowledge graphs to
capture reasoning structures,

• Identified key elements in student-drawn diagrams with
corresponding semantic labels,

• Handwriting quality and drawing clarity scores assess-
ing legibility and visual coherence.

The inclusion of both structured and unstructured re-
sponses in these datasets makes them well-suited for evaluat-
ing a range of machine learning models, including supervised
learning, multimodal fusion, and large language model-based
reasoning. The diversity in question complexity and response
styles further enhances the applicability of these datasets to
real-world educational assessment tasks, ensuring that auto-
mated grading methods can generalize across different levels
of student reasoning and expression.

4.2 Baselines
To evaluate the effectiveness of our proposed approach, we
compare it against a diverse set of baseline models, including
both traditional image-based classification methods and large
language model (LLM)-based grading approaches. These
baselines provide insights into the impact of multimodal in-
tegration and structured knowledge representations on auto-
mated student response assessment.

Supervised Learning. We implement standard supervised
learning models, including logistic regression, decision trees,
and ResNet, which use raw image representations of student
responses to predict scores. These models rely solely on vi-
sual information and serve as benchmarks for evaluating the
efficacy of multimodal integration. As they do not incor-
porate textual reasoning or structured knowledge representa-
tions, their performance is expected to be limited, particularly
for responses requiring conceptual understanding.

Multimodal Large Language Models. To evaluate the
reasoning capabilities of LLM-based assessment methods,
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Type Model Dataset 1 Dataset 2

Accuracy Precision F1 Accuracy Precision F1

Classification Logistic Regression 76.54 75.67 46.06 33.89 34.25 33.87
Decision Tree 69.27 35.09 30.90 31.54 29.41 31.29
ResNet 70.39 74.18 75.34 37.85 36.45 36.18

Multimodal LLMs ChatGPT-4o 61.03 76.04 66.64 42.13 39.85 41.22
LLaMA 3.2-Vision-11B 60.42 71.69 60.42 34.83 36.48 34.62
Qwen2.5-VL-7B 62.43 77.81 66.87 30.33 28.77 36.92
DeepSeek-Janus-Pro-7B 47.85 67.12 54.95 27.63 30.06 20.37

Proposed Multimodal LLaMA 3.2 Multimodal KG 74.63 77.59 76.08 41.23 42.38 44.13
GPT-4o Multimodal KG 81.94 68.36 74.54 61.22 61.13 61.06

Table 1: Performance Comparison of Different Models

we employ state-of-the-art multimodal large language mod-
els, including GPT-4o, LLaMA3.2-Vision-11B, Qwen2.5-
VL-7B, and DeepSeek-Janus-Pro-7B. These models process
both handwritten text and visual content using CoT few-shot
prompting to generate scores based on in-context learning
[Cohn et al., 2024]. While multimodal LLMs exhibit strong
reasoning abilities, they operate in an implicit and unstruc-
tured manner, lacking explicit causal knowledge extraction
and structured alignment mechanisms. Consequently, their
scoring may exhibit inconsistencies, particularly in open-
ended reasoning tasks where deeper conceptual understand-
ing is required.

4.3 Results and Analysis

Table 1 presents the comparative performance of different
models across the two datasets. The results demonstrate the
advantages of multimodal integration and structured reason-
ing in automated student response grading.

Performance of Traditional Classification Models. Tra-
ditional supervised learning models, such as logistic regres-
sion, decision trees, and ResNet perform well on Dataset 1,
achieving accuracy scores of 76.54% , 69.27%, and 70.39%.
This is primarily due to simplicity of the task, which asks
students to describe the effects of deforestation on squir-
rels. Most responses consist of simple drawings of felled
trees accompanied by short, negative phrases such as ”die”
or ”death.” These responses exhibit clear visual patterns with
minimal semantic variability, allowing traditional image clas-
sification models to achieve competitive performance, in
some cases even surpassing vision-language models.

However, their performance deteriorates significantly on
Dataset 2, with accuracies dropping to 33.89%, 31.54%, and
37.85%. This dataset presents a more abstract, open-ended
question: ”If the land is flooded, what adaptations might
squirrels develop if they continue to live there after a mil-
lion years?” Unlike Dataset 1, this task requires students to
engage in conceptual reasoning, leading to highly diverse re-
sponses that vary in both textual explanations and graphical
representations. As traditional classifiers rely solely on low-
level visual features, they fail to generalize effectively, under-
scoring the limitations of purely image-based approaches for
evaluating complex reasoning.

Multimodal LLMs Performance. Multimodal large lan-
guage models (Multimodal LLMs) exhibit varying perfor-
mance across the two datasets, revealing both their strengths
and limitations in assessing open-ended K-12 responses. On
Dataset 1, GPT-4o achieves an accuracy of 61.03%, while
other models, such as LLaMA 3.2-Vision-11B and Qwen2.5-
VL-7B, perform similarly. This suggests that for simpler
tasks with structured expected answers, different multimodal
models perform comparably, as the reasoning required re-
mains relatively straightforward.

In contrast, Dataset 2 poses a greater challenge, leading to
a decline in performance across all Multimodal LLMs. No-
tably, GPT-4o achieves the highest accuracy at 42.13%, while
other models perform considerably worse. This trend sug-
gests that larger models with more advanced reasoning capa-
bilities, such as GPT-4o, generalize better to diverse and ab-
stract responses. However, the overall drop in accuracy high-
lights the difficulty of open-ended educational assessments
for existing multimodal models, which lack explicit causal
reasoning mechanisms and structured answer alignment, re-
sulting in inconsistencies in scoring.

Effectiveness of Our Approach. Our proposed method,
which integrates multimodal learning with causal knowl-
edge graph extraction, achieves the highest accuracy on both
datasets. GPT-4o Multimodal KG outperforms the strongest
baseline by +19.5% on Dataset 1 and +23.4% on Dataset 2.
LLaMA 3.2 Multimodal KG also shows substantial F1 gains,
with improvements of 16.7% and 9.5% on the two datasets,
respectively. These results underscore the effectiveness of in-
corporating structured causal representations in grading stu-
dent responses. By modeling causal relationships and lever-
aging multimodal features, our approach delivers more ro-
bust, interpretable, and generalizable scoring.

Impact of Dataset Complexity. The consistent perfor-
mance drop from Dataset 1 to Dataset 2 across all baselines
reflects the increasing challenge posed by open-ended assess-
ments. While traditional classifiers struggle due to their re-
liance on visual features, Multimodal LLMs exhibit limita-
tions in reasoning and answer alignment. The superior per-
formance of our approach across both datasets underscores
its ability to generalize to diverse response structures, mak-
ing it more applicable for real-world educational assessment.
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Ablation Acc (%) AUC Precision F1

w/o Text Embedding 54.08 74.64 53.18 53.27
w/o Graph 51.02 66.56 46.89 48.82
w/o Drawing 56.12 74.92 56.17 55.78
w/o Writing 59.18 71.79 60.08 58.90

w/ Full Model 61.22 75.41 61.13 61.06

Table 2: Ablation Study of Our Proposed Method

Figure 2: Graph Complexity and Modality Performance

4.4 Ablation Study
We report the results of our ablation study in Table 2, where
we systematically removed different modalities to assess their
individual contributions to model performance.

The most significant drop in accuracy occurs when remov-
ing the causal knowledge graph (w/o Graph), reducing ac-
curacy from 61.22% to 51.02%, with a notable decrease in
AUC (from 75.41% to 66.56%) and F1-score (from 61.06%
to 48.82%). As shown in Figure 2, higher-scoring responses
tend to have a greater number of nodes and edges, indicat-
ing that structured causal reasoning is crucial for capturing
conceptual depth and distinguishing nuanced differences be-
tween responses.

Interestingly, removing the drawing modality (w/o Draw-
ing) results in a smaller performance reduction (accuracy
drops to 56.12%), suggesting that while student diagrams
provide valuable complementary information, their impact
is less critical compared to text and causal structures. Fig-
ure 2 further supports this finding, as drawing clarity shows
a weaker correlation with score progression than knowledge
graph features. Removing handwriting features (w/o Writ-
ing) leads to a moderate decline, with accuracy dropping to
59.18%. The figure suggests that handwriting quality slightly
increases with score, but its contribution is relatively minor
compared to other modalities. This result indicates that while
handwriting legibility plays a role in presentation, it has a
lesser impact on content-based assessment.

Overall, these findings reinforce the necessity of a multi-
modal approach, where causal reasoning, textual semantics,
and visual elements collectively enhance student assessment.
The full model achieves the highest accuracy (61.22%) and
F1-score (61.06%), demonstrating the effectiveness of inte-

grating multiple modalities for a comprehensive evaluation.

5 Future Work
While our framework demonstrates the effectiveness of
multimodal grading, further improvements are necessary
to enhance reliability, fairness, and scalability. One crit-
ical direction is strengthening the robustness of causal
knowledge graphs, as LLM-generated graphs are prone to
inconsistencies[Zečević et al., 2023]. Integrating structured
knowledge sources, such as educational ontologies or cu-
rated concept maps, could provide better grounding for causal
relationships[Rousseau et al., 2018]. Additionally, develop-
ing automated verification techniques can furthe help mitigate
hallucinations, ensuring that extracted knowledge structures
align with domain expertise.

Another key challenge is mitigating biases in automated
grading. Although handwriting and drawing quality are in-
corporated as auxiliary features, presentation factors may still
subtly affect scoring. Future research can explore fairness-
aware training strategies that explicitly disentangle content-
based evaluation from surface-level biases [Kamiran and
Calders, 2012]. Incorporating human-in-the-loop mecha-
nisms, where educators review and refine intermediate rep-
resentations such as causal knowledge graphs, could further
enhance transparency and trust in AI-assisted grading.

6 Conclusion
We propose a multimodal framework for automated grad-
ing in K-12 education, integrating causal knowledge graphs,
handwriting recognition, drawing analysis, and text embed-
dings to enhance assessment accuracy and fairness. By lever-
aging LLMs for structured causal representation, our ap-
proach moves beyond surface-level text and visual similarity,
capturing deeper reasoning structures critical for evaluating
student understanding.

Experimental results demonstrate that multimodal inte-
gration improves grading reliability, with causal knowledge
graphs playing a central role in differentiating reasoning qual-
ity. Ablation studies further confirm their impact, showing
that structured representations significantly enhance grading
accuracy. To support further research in AI-driven educa-
tional assessment, we introduce two multimodal K-12 sci-
ence datasets, including transcribed handwritten responses,
extracted knowledge graphs, and annotated visual elements.

By combining causal reasoning with multimodal analysis,
our framework advances AI-assisted grading, making it more
interpretable, fair, and applicable to real-world education.
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