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[Abstract]

This study investigates how input representation granularity affects performance and training behavior

in Korean-to-Korean Sign Language(KSL) gloss translation. Using the National Institute of Korean

Language Korean-KSL parallel corpus (2022-2024), we compare a token/subword-based pretrained

Seq2Seq model (KoBART) with a byte-level model (ByT5). Quantitative results show a decisive
advantage for KoBART, which achieves 0.447 METEOR versus 0.1192 (=275% relative improvement").
Analyses indicate that ByTS is constrained by substantially longer effective sequences, which degrades

sentence-level generation, whereas KoBART benefits

from subword segmentation that effectively

performs structural alignment with KSL glosses, demonstrating superior suitability in terms of faithful

information reconstruction. These findings provide empirical evidence for the critical role of input

granularity design in low-resource KSL gloss translation and establish

machine translation studies.

a robust baseline for future KSL
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1) Relative Improvement (%) = (0.447 - 0.1192) / 0.1192 X 100 = 275.0%
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I. Introduction
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II. Preliminaries

2.1 Existing Approaches
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2.2 Byte-level Models for KSL Gloss
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III. Experimental Setup for KSL Gloss
Translation Validation
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Fig. 1. Experiment Design
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3.1 Data Source and Preprocessing Strategy
3.1.1 Data Source
& AN E mB=oldM Algste 370 4ol
2 W2X|(Korean Sign Language Parallel Corpus,
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"id" © "VXPAKOKS240768550",

"krlgg_sntenc" : {
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1
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"start" : 2.098,
"end" @ 2.355,
"gloss_id" : "OfL{ 1",

ofH U= dEg dER L

Fig. 2. Raw Data Structure
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3.1.2 Data cleaning
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Fig. 3. Boxplot of Length Ratio
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Table 1. Detailed Dataset Statistics and Sequence
Properties
Mean Var
ey Ceunt Kor Gloss Kor Gloss
Raw Corpus 168,651 11.31 | 10.18 | 4.82 13.92
Final Dataset| 164,485 11.29 | 10.32 4.74 9.14
Train Split 131,587 11.29 | 10.32 4.74 9.14
Validation 0 149 | 1129 | 1032 | 474 | 9.4
Split
Test Split 16,449 11.29 | 10.30 473 9.15
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3.2 Tokenization Strategy and Vocabulary
Customization
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3.3 Evaluation Metrics
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3.3.2 ROUGE
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o
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3.3.3 METEOR
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= NTHE EofA] QIZTe] At o &2 U

L

£ Ho|=E A" 7A ¥ Ut Almo|t}. BVl
qe ©ol #Foz Fafeh l-gram ©99 Q49
unigram S5 ARERI. 7 W ©o(unigram)?] &
A] &5 precisioni} recall®] £&F Y49l F, .S Al
(5)e}t ol A&Estt, 59A 22 recalldf] T =2 7HeA]
()5 Folgiti14].
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3.4 Controlled Training Protocol

= 98 7 A Aol7} 243 oIS SAol bl
2Y=E BE £US S SAGECL HAE A
< train 80%, validation 10%, test 10%=Z= &35t
o, AIFA BARS o5 1A A|EZRe ALstoict

& AoA a2 Zb Reo] mefuly i, JE
AR, BiIRl 271 2t 22 (VRAM) H53 59 Al
= [Table 2]et Zth.

Table 2. Computational Budget and Model Configurations

Metric KoBART ByT5
Model Parameters ~124 M ~582 M
Max Input/
Target Length 256 256
Batch Size 128 128
VRAM Usage ~16 GB ~44 GB

LH0) "lawoflA stolmuldtuly HAL de2 &
Se 50 290102 FUS P o4} FUT T
2Ate Mgslel 3UE A0 HF Age wd6
2R ofth oS fls hyperparameter Z|Aelofli=
Bayesian Optimization 7|H-& 7|§t02 &= Optuna
gfolHaf2E  ARESIITH16]. M duEozs
TPE(Tree-structured Parzen Estimator) 7|gtog &
2asto] ol trialo] A5g viEgoR S B2
ARz st 728 shc

24

=

I\HQ
=

IV. Experimental Results and Analysis
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4.1 Hyperparameter Optimization Outcome
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Table 3. Optimal parameters by mode

Hyperparameter KoBART ByT5
learning rate 4486 x 10°® 4538 x 10°®
weight decay 0.0484 0.0645

generation num beams 2 2
Ir scheduler type constant polynomial
optimizer adafactor adamw_torch
warmup ratio 0.0720 0.0085

4.2 KoBART Model Performance
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Fig. 5. METEOR Scores Across Epochs for the KoBART Model
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Fig. 6. BLEU Scores Across Epochs for the KoBART Model
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4.3 ByT5 Model Analysis of Structural Limits
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Fig. 9. METEOR Scores Across Epochs for the ByT5 Model
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Fig. 10. BLEU Scores Across Epochs for the ByT5 Model
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4.4 Comparative Performance Analysis
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Table 4. Quantitative Comparison of KoBART and
ByT5 on Korean-KSL Gloss Translation

Metri KoBART ByTS KoBART -
etric (Epoch 13) | (Epoch 50) ByT5
METEOR 0.447 0.1192 +0.3278
BLEU 0.2008 0.0129 +0.1879
ROUGE- 0.7937 0.3303 +0.4634

Lsum
Test Loss 0.243 0.1044 -0.1386
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Error Type KoBART ByT5
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