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[Abstract]

This study evaluates the performance of second language acquisition models learning Korean and English
using the GPT-2-Small model, analyzing the impact of various training conditions on performance. Four
training conditions were used: monolingual learning, sequential learning, sequential-interleaved learning, and
sequential-EWC learning. The model was trained using datasets from the National Institute of Korean
Language and English from BabyLM Challenge, with performance measured through PPL and BLiMP
metrics. Results showed that monolingual learning had the best performance with a PPL of 16.2 and
BLiMP accuracy of 73.7%. In contrast, sequential-EWC leaming had the highest PPL of 41.9 and the
lowest BLiMP accuracy of 66.3%(p < 0.05). Monolingual learning proved most effective for optimizing
model performance. The EWC regularization in sequential-EWC learning degraded performance by limiting
weight updates, hindering new language learning. This research improves understanding of language

modeling and contributes to cognitive similarity in Al language learning.

» Key words: GPT-2 model, sequential learning, continual learning, programmed plasticity,
second langauge acquisition modeling
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II. Related Works
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2. Bilingual Model Training Conditions
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2.3 Sequential Learning with EWC
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IV. Proposed GPT-2-Small Based
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Table 1. Hardware for Experiment Execution
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4. Preprocessing
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Table 2. Statistics of the Training Datasets
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VI. Results

£ Aolye 550l YAZ ujgoR PPLE}
BLIMP A|&E A}3lo] o] ¢lo] Balo] AL Hotst

4

1, EWC 8778} 718e Hgstel 203 jade &
B3 5, 2 ok a0l ntetolel WS BASHY
t}. ol E3] L1} L2oJx] 20| ofs] A155}eA|S
At

PyTorch®t Transformers 2fo]¥23{2]S Eaf t}fst
Z7o]A] Hugging Face Transformers z}o]Ez{2]9]
GPT-2 BHZ XNSHEH NN, Al 7HK] &AM el
A(@AL @A-wAL $A-EWC) 2504 L2 92 &
At L1 2 A ZZRIEOA =22 FEJUlo]A=2 AJAF
5tH, st A2 FAIGIT. BHlo] shEshA] st
FHES 0% Z7HAZ e, £ & T A8 S5 E
2 50% ZFAAZTH16-18].

Fig. 39] GPT-2-Small ®{F9] &%} &4 AT ¢lo]
o shauk dutet 7)o AREH £
Table 30 7J2]s}ict.

P

o

Table 3. Overview of GPT-2 Hyperparameters

Hyperparameter Value
n_layer, n_positions, n_embed 12, 1,024, 768
activation_function gelu_new
optimizer adamw_hf
Ir_scheduler linear
device_train_batch_size 32
adam_betal, adam_beta2 0.9, 0.999
adam_epsilon 1e-8
max_grad_norm 1
layer_norm_episilon Te-5
weight_decay, dropout 0, 0.1
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Fig. 7. PPL on the L2 validation set after L2 training
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