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[Abstract]

Modern Korean vocabulary comprises approximately 66-70% Sino-Korean words (EE5E)[1] whose
sub-character semantic structures encoded in Hanja radicals (#iF7) are not explicitly modeled by
existing Korean pre-trained language models. We propose a parameter-efficient fine-tuning framework
applying LoRA to KLUE BERT-base with InfoNCE contrastive loss on 19,396 word pairs from 3,128
Sino-Korean words (0.98% of total parameters updated), using Hanja radicals as supervision signals. The
proposed method achieves k-NN Acc@l of 0.7007 on a hold-out structural generalization task—
outperforming all baselines including KoSimCSE (0.5758)—and WSD accuracy of 0.8402 on the
auxiliary task, demonstrating that Hanja radical structure serves as an effective supervision signal for

semantic clustering in Korean embedding spaces.
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I. Introduction
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II. Preliminaries

1. Related works

1.1 Korean Pre-trained Language Models

BERT(Bidirectional Encoder Representations from
Transformers)[9]= The EIAE FmAofx kst
Fuie sk&sh= 0130 A& Transformer ZEl2 TROF
gF NLP BfA30)M AP ohs & mRolF(fine-tuning)
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=02 =AX}sto] KLUE BERT-baseE A|otsteitt. KLUE
BERT-baset= 127]9] of&lld 2ojof, 1279 3l|=, 768
Aol ¢4 Aejg 7HxIpf oF 19f 1t 7jo] metolel 2
e shole] Fehed sS4 wdel] sl e
A 7]9 MuSIE B3y AEsigon, gl
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1.2 Parameter-Efficient Fine-Tuning and LoRA
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1.4 Hanja Structure in NLP
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@[Evaluation]

QKRDICT Dictionary APD ([Unicode Unihan DB])
[ |

20 Core Radical Groups

[stratified 80/20 Split]

Train: 2,501

Pair Construction (19,396 Pairs)
* Positive: 9,878 Pairs (Same Radicals)
* Negative! 9,500 Pairs (Different Radicals)
= Hard Negative: 18 Pairs (Homophones)

Test: 627
(Evaluation Only)

b

[Trained Model]

[Klue/Bert-base]
+ LoRA
(Q-V, r=8, a=16)

i

i [ cLsEmbedding(7es-dim) ) :

— Task 1: WSD

Task 2: Structural

[Projection Head] Generalization

—_—

i

i

L2 Normalization(256-dim)

InfoNCE Loss +
Hard Negative Loss

Fig. 1. Overall Framework of the Proposed Method
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2. Background

2.1 Hanja Radical System
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2.2 Word Sense Disambiguation for Sino-Korean

Words

skxto] Ho]A d|A(Word Sense Disambiguation,
WSD)& =3t 5t=2 17]2 7K A2 o2 SR} 17)
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III. Proposed Method
1. Overview
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.}, k5ol AR EE 51
2 BB 85 A(pair) 4 A
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2. Data Construction
2.1 Radical Group Selection and Word Collection
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Table 1. Core Radical Groups and Word Counts
Radical Meaning Total Train Test
731(18) Cutting 317 254 63
A(75) Wood 298 238 60
A(9) Human 250 200 50
7K(85) Water 244 195 49
111(46) Mountain 35 28 7

Total (207H) 3,128 2,501 627

2.2 Train/Test Split and Pair Construction
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Table 2. Training Pair Composition

Table 3. Model Parameter Configuration

Pair Type Count
Positive 9,878
Negative 9,500
Hard Negative 18
Total 19,396

3. Model Architecture

3.1 Backbone and LoRA

718t @2 KLUE BERT-base(110.6M m}2tolg, 12
gojof, 123l=, 768AHd 24 AJE)E AREIITHSL
BERT Q12H HAIE &2 (frozen)stil, 7 2o]o]of ofHl
3 Query(Q) % Value(V) 7FsA] 2§20 LoRA[4}E A&
glth. LoRAE 5729 73R 38 WeR”™ ‘o] A33
34 BeR" "9 AcR 5 FUlsto] obgat 2o &
sk,

w,

new

= W+ BA

rank r=8, a=1622 445, 127) 2o]oj9] Q'V =3
2o Hget LoRA stg mefulE= 2949127100t
BERT QIFHE sAsh= 22 AW stad gh=of fio]
sh& HESHL AR HolH(~19K8)olM ] XSS
YRIs] Aot

O

3.2 Projection Head

LoRAZ} A=l BERTO] CLS UHH(768AH)s tix
ots A s7tez2 Algsh] flsll SimCLR[6]9] EAIE A
13}9] Projection HeadZ A5ttt 1as of2a}t Zth

CLS (768) — Linear (768—768) — LayerNorm —
GELU — Linear (768—256) — L2 normalization

sk A= Projection Head®?] Z3(256AH4)E
InfoNCE &4 Alhtol] &-8<tt}. 7} Task 1(WSD)of|A]
L 24 o] ulag sl CLS Qe8RS A
AFRSHH, Task 2(3+2A  UuishoA=  Projection
Head £3(256A1)S &83H} Projection Head?] &+
mj2folE = 788,9927]0]0], LoRA m2ulEE Ateh
a5 mEfu]E = 1,083,90471= HA12] 0.98%0] s
t}. Table 32 2@ mletolg] 1A-S UERHCH

g b o

Component Parameters Trainable
KLUE BERT-base 110,617,344 Frozen
LoRA 294,912 v/
Projection Head 788,992 v/
Trainable Total 1,083,904 (0.98%)

4. Training Objective
4.1 InfoNCE Loss

HiA] W G2 8 Y ©olsol Alsor 24 oAl
(in-batch negative)2 Ahgstch ¢ oh2holg 1=0.15
+ sfojmjnleiole) S 5 APEdT BR 7N 2
U4t 9o InfoNCEE B4 F2)4 2o S 9

4.2 Hard Negative Loss
Liya= maX(O, m— (1 —

Saoldo] Aol ol <1A] tpl £4d(hinge margin

loss)S %7} ALsto] £=20]9]o] #o] Ay Z7tof|A]
HAROR WHoR|E2 9ty AE shy AL

L=Lyncet A Ly,,°18, A=1.0, margin=0.52 A
Aok . B 70N 23 SLolojo] He 18%
o7 427t Agtdola g, Hard Negative Loss= WSD
5o AR AR U3t SHLCH Qi B
A §golojo] 10| BAK Bl Bxsts AFe
2 g|Adsto] AAsI). WSDo| EgtEl AL SRS

&k 42 hard negative Ho|E|9] T2 &Hito]
510, ol T AT A= I

h;[ moll 2

I-HJ

i) _JH:I _IR
fo

4.3 Hyperparameter Search

z|A sto|jmuj2lu]E= rank — temperature —
dropout®] 3TA| ¢AF EM(seed=42)S Foll 275
o}, ZF ©@AloA o]

Ao] 2)xzre 1As A kS o}
2HO|E| 2 ERAlste 8RS Rsh,

3 Wt ARz A1ge
Train R@1-& &t o] AIsk Uof|A 588t A7) 7AM
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(self-retrieval) Recall@lo|t, %% hold-out Z7}of A}
/&= 62771 g7} ©oj= stojHujeiug Ao AR8s)
A] opaict

Table 4. LoRA Rank Ablation (1=0.10, dropout=0.1,
seed=42)

rank Trainable Train MRR Best
(r) Params R@1 Epoch
2 4 862,720 0.7018 0.7517 95
4 8 936,448 0.6986 0.7514 90
8 16 1,083,904 0.7113 0.7618 45
16 32 1,378,816 0.7033 0.7511 40
32 64 1,968,640 0.7097 0.7619 105

Table 40{A] rank r=80] Train R@1 0.71130.2 7}&t
=2 352 HoJu], Best Epoch 452 27 ~&gitt,

r=2, 4= B BE02 Mto| Ui, r=16, 2t 5
nteo]E7} Sojdol e r=8 o8] A% o] glo] 477
© do]g] &7 Ted BIr} WS AARI,

olof r=8, a=16S wAslT TS T xIsysict

Table 5. Temperature Ablation (r=8, dropout=0.1,
seed=42)

T Train R@1 Train R@5 Train R@10 MRR
0.05 0.6842 0.8102 0.8692 0.7449
0.07 0.6858 0.8102 0.8596 0.7501
0.1 0.7113 0.8134 0.8437 0.7618
0.15 0.7289 0.7943 0.823 0.7643
0.2 0.7129 0.7879 0.8262 0.7539

Table 504 1=0.157} Train R@1 0.7289, MRR
0764302 7V 4%t 5L Bk Ul 124
(0.05, 0.07) R@12 Yo} R@10L =olx]= Z7ko] Q)
Lo, o] e 2wrt QY 74 whesh AEAIA
AR} 2 HUEL Dojxle) W 2R &
2Jsp Atgsb| oz shNEct 1=0.15% Rely}
MRRE SAlo Z|chalsts 2HAOZ, ol st ot
S Wiz R

Table 6. Dropout Ablation (r=8, 1=0.15, seed=42)

Dropout Train R@1 Train R@5 MRR
0 0.7193 0.7959 0.7604
0.05 0.7241 0.799 0.7621
0.1 0.7289 0.7943 0.7643

Table 6°|A] dropout=0.10] Train R@1 0.7289, MRR
0.764302 71 =2 M9 Holt} dropout=0.0 TH]
A s Aol WEES], Al HolE o)A
dropouto] e}t guts Al =Rl

Y 2A AnprHE 2N AAZ r=8, a=16, 1=0.15,
dropout=0.12 &F5I9ict. %% ©wHle o] Mo
seed=42, 1, 29| 3-seed Ag 45t ZAute] A
AE)dg sttt

IV. Experimental Results

1. Experimental Setup

1.1 Evaluation Tasks

Task 1(gtxto] 59)7d sli4, WSD)> B 7 ef23
2, 52019 rfort SAste 4847 wdolA 2HkE
SR} oJul& Al®st= BjAa3olt). 7t HlojH e tad
o] #&35ict. KRDICT AP APLE &3l 5¥et o=
W5 7Y M2 o e e #2718 Ald 53090 =

]

d
Lo} g7F 278+ 7H ol £ oA BY|(E0]
= = u], KRDICT g2f|o] A0 FES FH o]
=2 ARSI AE 2lole2 KRDICT 89 #A|o]
FEE 7IEoR AlE fofsiglen, F2 452 fsh A
A BYH 2 & AR FES 2170 S2(95% 41F
&, QAMS +£5%)ol| tisll ALAPE A &2
e 2olee] 2R 98-S a5 dosidith da 2
QFE2 1% DjRtez Qw0 fiojy FAo] Feds
A3ttt ks Tol(2,5071)7F 29 =32 AR
Mt dlofe +45 YA, A

o] 71l AREEICE B7F WA &

rlo

1.2 Baselines

vl B2 el vjwe} ool or LRSIt o
ol HlwoM= U 7Hx] BES ARSI Zero-shot
BERT: molEW Q- KLUE BERT-base A% 3131
UEHfH, BM25= oJ3]Al ZE(lexical overlap) 7]¥H9]
HAAY 71FA410]o}. KoSimCSE[8]:2 SimCSE H¥&2
ghol 2 el 370 o UHlE g, e ShAto]
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t2. Projection Head®gt
Attt BERT Full FT= A
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(InfoNCE)2 sh5et 22, A% HloE{of|A] LoRA tf
o] ZA) melsdol aube wlmdich 2R vlaes 9
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2. Main Results
Table 7.¢ Task 1(WSD)} Task 2754 Qutsho] chst
ol v A2 YERHATE Ourse 3-seed(seed=42, 1
2) B4t ¥ BEHEAE mo|HEh

Table 7. Main Comparison Results

Model Task 1 WSD Acc. Task 2 k-NN Acc@1
Zero-shot BERT 0.7707 0.4258
BM25 0.4917 0.6443
KoSimCSE 0.8554 0.5758
Ours 0.8402 + 0.0059 0.7007 = 0.0112
Zero-shot BERT
(k-NN Acc@1 = 0.4258)
¢ " ,‘. 3
. . : ]
ot .
&
B A(9) BN +(32) B L(46) Flo4) 8(12)
7(18) W f(3s) WM 3(61) Wem X(67) Wmm F(74)

Task 1(WSD)of|A] Ours(0.8402)= KoSimCSE(0.8554)
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Fig. 2. t=SNE Visualization of Test Word Embeddings (627 words, 20 radicals)
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3. Ablation Study
Table 82 oj22Jo]d At Lehdt

Table 8. Ablation Study Results

Model Task 1 Task 2 k-NN
ode WSD Acc. Acc@1
Zero-shot BERT 0.7707 0.4258
B2 0.8037 0.5460
(flat grouping)
B3
. 0.8182 0.5375
(random grouping)
Proj-only 0.7707 0.5534
0.7542 + 0.6858 =+
BERT Full FT 0.0029 0.0065
0 0.8402 + 0.7007 =
urs 0.0059 0.0112
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4. Per-Radical Performance Analysis

Table 9+= 207f 4 Z¥zto]| st Ours®@t B29] Task
2 hold-out k-NN A% H| WS UERHTH3-seed HH).
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Table 9. Per-Radical Task 2 Hold-out k-NN Acc@1
Comparison (Ours vs. B2, 3-seed Average)

Radical VJS:‘;S Ours B2 A
£(167) 15 0.9333 06222  +0.3111
7-(104) 14 0.9048 07857  +0.1191
#(38) 32 0.8750 06979  +0.1771
A9) 50 0.5267 03467  +0.1800
Wh(140) 9 0.4444 04074  +0.0370
Average
20) 0.7161 05634  +0.1527
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5. Catastrophic Forgetting Verification
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Table 10. KLUE-NLI Linear Probing Results

Model NLI Accuracy
Zero-shot BERT 0.5470
Ours (LoRA, 3-seed Average) 0.5138 = 0.0064
Difference (Ours — Zero-shot) —0.0332

Biderman et al[7]9] 7|Zo] =W, X}o]7} —0.05
o4} —0.01 T|9rel L 'A]4 B3 WHsHminimal drift)'
2 gA"n. 2 AdoA —0.03329] Afol= o] HZo
55, LoRA melFdo] gHrto] Sat BjAF0o] A3
= oA BIhjspl WAl DlAIEH B wsjele
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