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In this project, we utilize language models to develop an Al tutor aimed at enhancing the learning experiences of students in Taiwanese secondary education.
We organized the General Scholastic Ability Test (GSAT) dataset and integrated 1t with a high school social studies question bank. Utilizing BERT and
TWLLM as our foundational models, we designed four architectures to compare the results of fine-tuning. This initiative lays the groundwork for more
interactive Al-driven educational tools and outlines future research directions to further enhance Al's role 1n education.

Method

* Pre-trained model: Chinese BERT [1], TWLLM [2]
* Fine-tune method: QLoRA [3], LoftQ [4]

* Optimizer: AdamW, Lion

Architectures

(a) BERT Multiple Choice

Output Output
W e
7 Chinese BERT @, Chinese BERT
[CLS] Question [SEP] Option [EOS] Input [CLS] Question [SEP] Option [EOS]

Input

<Embedding> RyPGIEFRERE{THYEISE - BAI] © ...

! )
% MLP

[ A Ph 3 ER R SE T THYBRSE < BRI ¢ ..

tification =l 1.

: en Afrique iy .
Bl S P \2
B o | el Ak

) S 5 il

N by % a -

| £=-F g B8

. ‘U e e o 2
. REPUBLIQUE TOGOLAISE

CLIP | w

(c) TWLLM Instruction Tuning (d) TWLLM Multiple Choice

Output: 0 (A), 1 (B), 2 (C), 3 (D)

*

Output: Sentence

f Linear Layer
r N r N\
Taiwan LLM Taiwan LLM
\_ J \_ J
Input [BOS] Prompt Answer [EOS] Input [BOS] Prompt [EOS]

<Prompt Prefix> [USER]: FtE B EFAFIE NS @ &F EAEK
IR AR » FHHATE R B R A ?

A. Fiwsr1L \n B. FEAEE \n C. {EERE \n D. EIFEHEE \n
[ASSISTANT]: [EFEE XK B

<Prompt Prefix> [USER]: FLEEFIETFATIE NS > &F A&
TRy AR - AR R ERATERA] ?

A. ZFEFe45317 \n B. SEEATE \n C. fEERER \n D. ESEHEE \n
[ASSISTANT]: IEFEEZE By

Fine-Tune Methods

(a) LoRA (b) LoftQ
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Conclusion

In this project, we utilize language models to develop an Al tutor aimed
at improving the learning experiences of students in Taiwanese
secondary education. We have compiled the General Scholastic Ability
Test (GSAT) dataset and integrated 1t with a high school social studies
question bank. Utilizing BERT and TWLLM as foundational models, we
designed four architectures to compare the results of fine-tuning. This
initiative establishes a foundation for more interactive Al-driven
educational tools and outlines future research directions to enhance Al's
role 1n education further.

For future endeavors, we aim to:
1. Enhance explanations by applying Reinforcement Learning from
Human Feedback (RLHF).

2. Collaborate with Junyi Academy (34— 2§
outcomes.

) to improve educational
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Model Setting

______________________________________________________________________________________________________________________________

Model BERT Vision BERT Taiwan LLM = Taiwan LLM  Taiwan LLM

Method MC MC MC + QLoRA IT + QLoRA IT + LoftQ

Epochs 10 10 10 10 10

Batch size 8 x 16 8 x 16 16 x 1 16 x 1 4 x 4

Optimizer AdamW AdamW AdamW or Lion AdamW or Lion AdamW

Learning rate 2e-5 2e-5 2e-4 2e-4 2e-4

Weight decay le-5 le-5 le-5 le-5 le-5

Scheduler Linear Linear Constant Constant Constant

Warm up step 300 300 0 0 0
Qu a ntitative Res u |tS GSAT Performace with Prompt Engineering

Model Method Accuracy e

Chinese-BERT MC 0.3568 havenefnoers

Taiwan LLM MC 0.3286 TS 5 Ve oy career

Taiwan LLM IT+QLORA 0.3380 Think step by step

Taiwan LLM [T+ LoftQ 0.4789 gy 200 02036

ChatGPT-3.5 Zero-shot 0.5000 origina --. 02936

Table 2: Result of test performance on 108-112  yous nice doasy teat 0778
social GSAT. 0.27 0.28 0.29 0.30 0.31 0.32 0.33

Training Dataset Testing Dataset Model Method Explanation Accuracy
History QB (9000) 108-112 History GSAT Chinese BERT MC 0.4742
History QB (9000) 108-112 History GSAT Taiwan LLM  MC 0.5773
History QB (9000) 108-112 History GSAT Taiwan LLM  IT 4+ QLoRA 0.5051
History QB (9000) 108-112 History GSAT Taiwan LLM  IT 4+ QLoRA v 0.5360
History QB (9000) 108-112 History GSAT Taiwan LLM  IT + LoftQ v 0.6082
Civics QB (2035)  108-112 Civics GSAT  Chinese BERT MC 0.4177
Civics QB (2035)  108-112 Civics GSAT  Taiwan LLM  MC 0.3418
Civics QB (2035)  108-112 Civics GSAT  Taiwan LLM  IT + QLoRA 0.4051
Civics QB (2035)  108-112 Civics GSAT  Taiwan LLM  IT + QLoRA v 0.4936
Civics QB (2035)  108-112 Civics GSAT  Taiwan LLM  IT + LoftQ v 0.5443

Table 3: Results of test performance on the 108-112 history GSAT and civics GSAT, respectively. The
table illustrating experimental results demonstrates that the model trained using Loft(Q exhibits superior
performance on the GSAT dataset.

Training Dataset Model Method Explanation Accuracy
83-107 Social GSAT Chinese BERT MC 0.3568
Social QB (11347)  Chinese BERT MC 0.4507
83-107 Social GSAT Taiwan LLM IT + QLoRA 0.3380
Social QB (11347)  Taiwan LLM  IT + QLoRA v 0.5681
83-107 Social GSAT Taiwan LLM IT + LoftQ 0.4789
Social QB (11347)  Taiwan LLM  IT + LoftQ v 0.5446

Table 4: The experimental results show that training the model with the QB notably improves its
performance on the 108-112 social GSAT tests, compared to other training sets.
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