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Abstract

Humans encode unstructured information hierarchically to understand knowledge effectively and apply it to

the real world. Encoding is a core strategy for acquiring knowledge and transforming short-term memory into

long-term memory in human cognitive processing. Therefore, building a proper encoding strategy for fostering

effective knowledge acquisition is crucial. In this paper, we investigate the possibility of utilizing a large language

model to foster human encoding in the educational domain. We first construct an evaluation dataset that consists

of middle and high school students’ self-study hierarchical summarization and textbook subjects in a pairwise

form. In our few-shot experiment, we found that the current large language model shows plausible classification

performance when the input is given a hierarchical textual form, implying the possible use case for utilizing the

large language model as an educational encoding tutor.
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1. Introduction

[ Human encodes the knowledge into structural form to
acquire and store the knowledge into long-term memory [IJ.
Consequently, developing proper encoding strategy for effec-
tive and efficient knowledge acquisition for human has been
emerged and studied in education [2,[3|[4]. Moreover, it is im-
portant to implement the encoding strategy by personalized
learning, since learning is formed through an individual’s in-
teraction and experience [5]. Therefore, personalized tutor
and effective tutoring for constructing encoding strategy is
needed in educational domain.

In the educational domain, various sub-tasks utilize lan-
guage modeling to realize personalized tutoring with stu-
dents’ products during their learning. Knowledge tracing
is a task that predicts the learner’s academic achievement,
whether a learner solves a given problem based on the
learner’s problem-solving record [6l [7]. Automated essay
scoring ranks or calculates the score, which represents the
quality of the student’s essay by considering the consistency,
clarity, and grammatical errors in the given essay [8]. Despite
employing students’ record or textual product for personal-

ized learning with the Al, there are no task for building en-
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coding strategy with the students’ structural product during
learning.

In this work, we present a novel task, educational subject
classification with hierarchical information that utilizes large
language model (LLM). The task is to measure the process-
ing capability of structural information in educational do-
main. We construct evaluation dataset that consist of mid-
dle and high school student’s self-study hierarchical summa-
rization and textbook subject in a pairwise form. Then, we
perform experiments with LLM in a few-shot manner for val-
idating the processing capability of structural information in
educational domain. We found current large language model
shows plausible classification performance implying the pos-
sible use case for utilizing large language model as an edu-

cational encoding tutor.

2. Methods

In this section, we describe the evaluation dataset con-
struction process and the features of the constructed evalua-
tion dataset. Our proposed task, educational subject classifi-
cation with hierarchical information, consists of a structured
keyword set as input and the corresponding type of subject

within the textbook as output.
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Figure 1. Detailed example of the evaluation dataset
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Table 1. 2-shot prompt used for the experiment

To construct the dataset, we gathered four students’ self-
study textbook encoding output, varying from middle school
to high school. As shown in Figure [I} students extract the
core keywords and list the keywords in structured and hier-
archical form. Since the original encoding output is merged
into a single markdown file, we divide the file into unit-level
sections to evaluate the language model’s structural process-

ing at a fine-grained level.

The statistics of the proposed evaluation dataset is shown

in Table 2| The dataset consists of four subjects, covering a

Subject Number of dataset
Non-literature 21

Science 26
Social studies 34
World history 28

Total # 109

Table 2. Statistics of the proposed evaluation dataset

variety of educational domain: science, non-literature, social

studies, and world history.

3. Experiment

We conduct an experiment to verify the LLM’s structural
comprehension capability in the educational domain. For
the experiment, we use llama-3-Korean-Bllossom-8Bf] Ko-
rean instruction-tuned model based on Llama3 [9]. Given the
student’s self-study hierarchical information, we prompt the
model to predict the subject type. The prompt used for the
experiment is shown in Table [I} We use social studies and
science for the 2-shot example. For the evaluation metric,

we use precision, recall, and fl-score to assess the structural

*https://huggingface.co/MLP-KTLim/llama-3-Korean-
Bllossom-8B



Model Subject Precision Recall F1

llama-3-Korean-Bllossom-8B  Non-literature  64.00 76.00 70.00
Social studies  92.00 68.00 78.00
World history  89.00 86.00 87.00
Science 78.00 96.00 86.00
Overall 81.00 81.00 80.00

Table 3. Education subject classification result with hierarchical information

comprehension capability in a classification manner.

The main result is presented by the subject in Table
The llama-3-Korean-Bllossom-8B showed a plausible result,
achieving 80% in the Fl-score. Regarding precision and re-
call, both social studies and science achieved the best results
in the subject. This is due to the 2-shot example’s domain,
which gave a marginal hint for comprehensing the struc-
tural form of the student’s hierarchical information. Interest-
ingly, the llama-3-Korean-Bllossom-8B model demonstrated
the best performance in Fl-score for the world history sub-
ject, despite this subject not receiving any significant cues
from the 2-shot examples. However, the model showed low-
est performance on the non-literature subject, showing 67%
in precision. In conclusion, our result shows the possibility
of utilizing LLM for comprehensing structural information
in educational domain, but future work is needed to enhance
the comprehensibility of the LLM in processing hierarchical

information.

4. Conclusion

In this paper, we propose a novel task of educational sub-
ject classification with hierarchical keyword information from
students’ self-study output to support learners’ building en-
coding strategy. To this end, we constructed an evaluation
dataset and evaluated the LLM’s hierarchical information
comprehensibility in the educational domain. In future re-
search, we plan to develop an effective training method for
enhancing LLM’s hierarchical information comprehensibility

in the educational domain.
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