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Abstract

Text classification tasks with insufficient training data remain a challenging problem. To address this, we propose
a method that combines KoBERT-based fine-tuning with Large Language Model(LLM)-based zero-shot classification.
Focusing on the Science and Technology Standard Classification and Future Emerging Technologies(6T) systems, we
fine-tuned KoBERT to implement a model for the Science and Technology Standard Classification and established a
mapping strategy between the two systems. For subcategories where mapping was not feasible, zero-shot classification
was applied. We also employed explanation-based and verification prompts to enhance the reliability of classification
results. Experimental results confirmed that the proposed method can be highly effective in scenarios with limited
training data. This provides an approach for addressing classification tasks with insufficient data.
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Fig. 1. Methodology overview
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Table 2. Future emerging technologies (6T) systems

6T (Future promising new technologies) classification
system components

Core components Satellite technology
Next-generation Launch vehicle
network base technology

IT |Information processing | ST
systems and s/w
Other information

Aircraft technology

i Other
technologies
Basic-fundamental .
Environmental base
technology

Health and medical

BT |related applications ET Energy

Agriculture: marine-envir Clean production

onment related . .
Marine environment

applications
Nano devices and Cultural contents
systems

NT |Nanomaterials CT Lifestyle culture

(cyber communication)

Nano bio health

[tural heritage
Nano base-process Cultu a0
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Table 3. KoBERT training parameters and environment

epoch 12
batch_size 16
max_length 256
optimizer Adam
learning_rate 5e-05
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Y
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Fig. 2. Mapping process
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Table 4. Input format of explanation

description_information = {
T o
"core components” : description of core
components

"information processing systems and sfw" :
description of information processing systems
and s/w

}

uCTn . {
"cultural contents” : description of cultural
contents,

"cultural heritage” : description of cultural
heritage
}
"not applicable” : example
1

EL ZEEZE N3 HE

Table 5. Input information of prompt

Classify the  user_input  according to  the
description_information ~ provided.  (The  provided
classification information consists of the main
categories, subcategories within the main categories,
and descriptions and examples of those categories.

<<Classification Guidelines>>

description_information : { description_information }
user_input © { user_input }

E 6 7xotE 3y 7z

Table 6. Structured output format

major category : [major category codel\n
medium category : [medium category codel\n
classification reason: [reason for classification]\n
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AdoA= HolHAY B4E EAE 1E st
Aee BT AYUsHA 2437 Y3l Precision@],
Recall@l, F1 score, L8]2L Accuracy 59 37} A
EE ARBst] BEHY AHeE EAEH
Precision@1> E2o] 9] & 79| oS0l o ¢
g AgstA] Hrlskes ARE, 45 A7t A
A A=A SAHT Recall@lS 4
Mo dZo] AA AP &sh=A Hrig
Fl-scoret= Precision?} Recall 7+2] %3} S 2o|n|
atm, olgg AREL ZF Sl tisf AEH L
E ALt B4 Hloly Brtel| Aetsitt. wH,
Acauracyw A dF F AR HES YEYe A
Fo|t}, Accuracy= =8 TloJHAA T F¥
2o Hd 4 JATE Al 2d Jes 23
Ao Hristetl fr&aity olg3 Tkt Bt

AEE B 7 Hdoe TR L= Hrlstit

TP

Precision = TP 7P (1)
_ TP
Recall = —rp 7N v)
Y oq *
Fl—score = 2 Precision™ Recall 0

Precision + Recall

) _ TP + TN @
ccracy = “rpX TN+ FP+ FN

X7 M5 4ot

Table 7. Experimental evaluation
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