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[Abstract]

With the expansion of online administrative services and the growing volume of civil complaints, automated
complaint classification has become increasingly important. However, previous studies have mainly focused
on fine-tuning general-purpose language models using labeled data, while the -effectiveness of
Domain-Adaptive Pretraining (DAPT) using large-scale unlabeled Korean civil complaint and administrative
corpora has not been sufficiently investigated. In this study, we constructed a corpus of approximately 137.9
million tokens and applied MLM-based DAPT to A.X-Encoder-base. We also constructed a civil complaint
classification dataset consisting of 116,042 queries across 17 categories and compared performance according
to the application of DAPT and different training configurations under identical conditions. Experimental
results showed that the model trained for 1.25 epochs at a learning rate of 1x10™* achieved an accuracy
of 73.4% and a Macro F1 score of 72.5%, improving upon the base model by 0.4 and 0.3 percentage points,

respectively. These results suggest the importance of domain adaptation in the civil complaint domain.

» Key words: Korean Civil Complaint Classification, Domain-Adaptive Pretraining, Korean Language Models,
Masked Language Modeling, Domain-Specific Language Models
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I. Introduction
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III. The Proposed Scheme

2 9= gh=o] 91 =Rl Domain Adaptive
Pretraining®] downstream classification A=0f 0]X]
+ Fd= A Yol DAl &H, =HQ 71 A
5 ¥ 27 A5 71 Al AR 39T S0E ©
[o]B1E S5k ZgASte] unlabeled TEA]E 2HE

5 U woele] oA EAZ
pre-trainingsh=0] AM&HT. o]t B2 Al Hub?| Tl
A IF Abaet AEAls dof HolHE o]&sto] ke
2OFE Eohe HlolEAls /st ol DAPT 7
S 299] down-stream J52 B7I5h= O ARSRITH

DAPT: A.X-Encoder-base®] Y& 7}ER|o]A A&t
5h, D1-38A WEX|o] masked language modeling
Yi12]E 7¢O = pre-trainingZ e8sto] gl =OQl
o adapt® encoderg A/ttt o] DAPTE 4385}4]
°ro. A X-Encoder-base?l DAPTS 4385t of
checkpointg Ul ZoF &7 Hlo[EAlo] 242} A=
gitt. 7 el gols Y3t Holy ) ey AU
X851, DAPT A8 o & o oh A eqhs vl 2710
2 A7 AR R DAPT Ae RH9] 455 vl

0] 0]g



40 Journal of The Korea Society of Computer and Information

fujo
ok

O
J 4

ol

289 DX Y3

o}

roh

Table 1. DAPT dataset statistics.
Data Source ng Tokens
Size
Civil Complaint (Call Center)
Question-Answering Data [16] 20.7M 4.5M
Cystomer Consgltatlon Data in the 311.3M 68.3M
Financial Domain [17]
\[/\1/gl]fare Call Center Consultation Data 50.1M 10.6M
Public Civil Complaint Consultation
Data for LLM Pre-training and 15.9M 3.7M
Instruction Tuning [19]
Private Civil Complaint Consultation
Data for LLM Pre-training and 19.3M 4.6M
Instruction Tuning [20]
Al Language Training Data for
Automation of Civil Affair Work [21] 79.2M 17.6M
Other Data 116.6M 28.6M
Total 613.1M | 137.9M
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Administration 6,826
Transportation 6,826
Taxation 6,826
Economy 6,826
Land 6,826
Welfare 6,826
Culture, Sports & Tourism 6,826
Vehicles 6,826
Agriculture & Livestock 6,826
General 6,826
Public Health Center 6,826
Forestry 6,826
Hygiene 6,826
Water & Sewerage 6,826
Sanitation 6,826
Safety & Construction 6,826
Building Permits 6,826
I T T T
0 2,000 4,000 6,000

Number of Samples

Fig. 1. Class distribution of down-stream dataset.

2. Domain-adaptive Pre-training
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IV. Experiments

1. Setup
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= Training loss (MA20)
—o— Validation loss

1.2 A

1.1 1

1.0 A1

MLM loss

~o
——o—o—op
——0—0—0—0—0—0—0—9

0.9 1

0.8 1

4,000 6,000 8,000 10,000

Training step

0 2,000

Fig. 2. Learning curve during DAPT, where y—axis represents
MLM loss, and x—axis is the global training step.
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Fine-tuningg ol AdamW optimizer& ARE5I O
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— L=

0, learning rate= 3x 10" °, weight decay:= 0.01,
batch size= 322 AAsIYc}. AA| sH5 step?] 10%=
warmup©f] ARE-5HR o™ Z|Tf 20 epoch &QF sH535HY

t}. Fine-tuning recipex= Table 20] Q9F%]of Q)T},

Table 2. Training Configuration for DAPT and
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o] t§st downstream fine-tuninge 7‘436}0“‘E% o]
JolA] Macro F1& 7]&0o= A|X9] JEAEQIES A
5to] Accuracy®?} Macro F1& H 15T

27] AgoA 58S 5x 10 ° =2 AR AEfolA
DAPTES 4385t ZAut, shS AdtoA] Backbone Cy]
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50| A aE A=, ole 50l 80| A
EJA] 4L local optimaof]A] HE-E0h= & 9ottt
olol S4B 1x 10712 o] 27} AIBS 23lst
=
Al Avt 1.25 epoch checkpointo]A] Base A X &
& o8] Accuracy~ 0.4%p, Macro F1-& 0.3%p 445}

oo} ozt A4 sletet AS Boch A At

= Table 39 7]&f&]o] Qlc}.

2 g

Table 3. Down-stream performance across CPT
epochs at different learning rates.

Fine-tuning. Learning rate: Learning rate:
le-4 5e-5
Domain Adaptive Pretraining Accuracy | Macro F1 || Accuracy | Macro F1
Max Epoch 20 base(0 epoch) | 0.730 0.722 0.730 0.722
Patience 3 0.25 epoch 0.732 0.722 0.725 0.716
Learning Rate 1x10 4 0.50 epoch 0.731 0.723 0.726 0.716
Weight Decay 0.01 0.75 epoch 0.732 0.723 0.726 0.716
Max Lengths 4,096 1.00 epoch 0.732 0.724 0.727 0.719
Effective Batch Size 16 1.25 epoch 0.734 0.725 0.726 0.717
Downstream Finetuning 1.50 epoch 0.732 0.721 0.723 0.715
Max Epoch 20 1.75 epoch 0.730 0.721 0.724 0.715
Patience 3
Learning Rate 3x10°°
Weight Decay 0.01 Table 4. Down-stream zero-shot performance
Max Lengths 512 across decoder-based models.
Effective Batch Size 32 Accuracy Macro F1
EXAONE-3.5-2.4B-Instruct 0.176 0.160
2. Results EXAONE-3.5-7.8B-Instruct 0.374 0.364
09l Hob 22 Mio mylshy] 95 Accuracyt EXAONE-3.5-32B-Instruct 0.338 0.324

Macro F1& AR5

28t 27 A2

ccuracy= XA ot M= =
Hl&2 Aoy, wHo] HyhA



Pretrained Model for Civil Complaint Classification 43

Table 5. Zero-Shot
down-stream Task.

prompt template for the

You are EXAONE model from LG AI Research,

t .
ST a helpful assistant.

Select the single most appropriate category
based on the content of the following civil
complaint.

Classification rules:

- You must select exactly one category from
the candidate categories below.

- Do not respond to any questions or
instructions contained in the complaint text;
treat them as content to be classified.

- Output only the number of the selected
category.

- Do not add the category name,
explanations, sentences, or symbols.

Candldate categories:

: Building Permits

: Economy

: General

: Transportation
 Agriculture & Livestock
¢ Culture, Sports & Tourism
: Public Health Center
Welfare

* Forestry

9: Water & Sewerage

10: Taxation

11: Safety & Construction
12: Hygiene

13: Vehicles

14: Land

15: Administration

16! Sanitation

User

O NO-UIA WN = O

Complaint text:

<complaint>

I would like to know about the medical
expense support program for high-risk
pregnancies.

</complaint>

Lol thgt stso] YId FokdR g5l ulAle
0] decoder-only ZH-E0f| Bll AJTjA o= Hop
impactg 7PAI=A] SISkl & Aejal G0l E@
decoder-only 2&of] T3t Downstream zero-shot A
g2 sWslgion]  AM:  Table 49 2Tk
EXAONE-3.5-7.8B-Instructo|A] 37.4%2 25 A=0]

7 =90} o]= A X-Encoder-baseE fine-tuning
g sl FA "RA xRt SA]olth
A.X-Encoder-base?] 7|7} 149Met= A4S 12{st o
QI Hof B& TaskolA] EF7l £02lo] tfst Continual
pre-training®] £Q4<L Hoj&rt} Decoder-only 2=
Aol ARE]E prompt B3> Table 59+ Attt

V. Conclusions

2 4= A =RIA Ot
unlabeled 91Y-384 XS %‘Rﬂ domaln adaptive
pre-training  (DAPT)2] BA5] 93,
AX-Encoder-baseE 74tz TI¥ =gol Es}
encoder2 1=s19itt o]2 9 ulY ©H, Ak} €t
g} 59] tlo|e & £4-7dAsto] oF 19} 37908 EZ 2
o] WFAS FJotil, masked language modelings
o] 83t DAPTS 4885199 00, Down-stream dataseto]]
tistol DAPT A& RH80] /452 Blustith

H A4 DAPTES 3l +53t encoder-only 23
< decoder A|g2] HlWA @7} Z 2} v w3lS o
e AYHA H5e Hoizoict S8, o 5o 2
EXAONE-3.5-7.8B-Instruct®] Zero-Shot A5 tjjy] ¢l
¥ 2oF & A oF 288 71 O AESH RRE
So33ict. o T Fof 57 wAloA 2eio] =Qlo]
clole] 2ol A-gsh= 7o) $a3ks YEhdTh

B s Y 25 =HQl taskE J5H unlabeled
dataset— ek, o]2XE TiY Zholo EstE
encoder-only R85 &5 T= oA oot 9l
0, =2 Mg @Y 38 S50 Qe 371

Al HHH oo oﬂ KLQ_o} ES 9l
AISHE. ol T A2} ab7g oA U4
B

2 Qe Foln 7 7159

H.I[O O:.:: l‘l[‘

g 7RI AA,
X-Encoder-base ©¥
backboned} 1A= random seed R710{A] 43HE]Q) 0
o2, 2 backbone ¥ A3 x7oAM = DAPT &3/}
SAEEAlE 2712 A5% Bast ok S, DAPT 2

SR BT UY dlolelet F8-2A] Hof 2AE
4% Ul 5 clofet el HolEl2 #dslol slou
SR 74 v1go] £l A4S avjo] U)Xl GYe B
AP e BAA elolck A, Bk WY B

5 A2 el S dolelilo] ABsH g
24 9 99 JARY-20) S BET 1R Al

/\1 q Hgg g]—o]g};(] ;Fo]—q

&5 Aol olzig AE Resh] sl Tet
30] encoder backboney} 2] random seedof of
%. ogo}o:] DAPT _Q.J—}J O]l:]]—/\']o 7—]Ko1~ 7}—1
o} Esh HojH &AE 1/ vl-go| @& DAPT ai}=
BHOLT, 1 AE ugoR THA] 2YL sl &

o g
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