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[Abstract]

Recently, there has been a lot of research on utilizing Language Models,

and Large Language Models

have achieved innovative results in various tasks. However, the practical application faces limitations due

to the constrained resources and costs required to utilize Large Language Models. Consequently, there has

been recent attention towards methods to effectively utilize models within given resources. Curriculum

Learning, a methodology that categorizes training data according to difficulty and learns sequentially, has

been attracting attention, but it has the limitation that the method of measuring difficulty is complex or not

universal. Therefore, in this study, we propose a methodology based on data heterogeneity-based Curriculum

Learing that measures the difficulty of data using reliable prior information

and facilitates easy utilization

across various tasks. To evaluate the performance of the proposed methodology, experiments were conducted

using 5,000 specialized documents in the field of information communication technology and 4,917 documents

in the field of healthcare. The results confirm that the proposed methodology outperforms traditional

fine-tuning in terms of classification accuracy in both LoRA fine-tuning and full fine-tuning.

» Key words: Pre-training Language Models, Large Language Models, Curriculum Learning, LoRA,
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I. Introduction
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II. Preliminaries

1. Pre-trained Language Model and Large
Language Model
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Fig. 1. An Example of Curriculum Learning
g, =elof clojEle] Yols AuE AMHo| A|Z5iA]
o, Beo] AR olE] ol £5 AAsln] sigahe

M
2o
=)
il

HI10]= A2 v} k. Wsoz mue
o olagte 2k, olagie A A
ARk Faslets WY

5 el cojely
lolel2 yol=

O:
2
_|oh l":i
™ T b
oz 4 W
ot rlo &Y o2 X ofm o

o|>1
E
N
_EL
O r
=

b 8
£
ok
>

i -|g:l' o
‘T

I
oL ofl r

yo L
=L

- w4
e
ror
i)

T od -

ST

3. LoRA:! Low-Rank Adaptation of Large
Language Models
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3. Preprocessing and Embedding
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Fig. 4. Example of Data Preprocessing and Embedding

4. Measuring Difficulty of Each Data
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Fig. 5. Example of Calculating the Center
Vector and the Cosine Similarity

Contents Vector
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0.02674857 -

(a) Calculating the Center Vector From the Average of Vectors (Data for Pre-training)
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(b) Calculating the Cosine Similarity of Each Vector via the Centroid Vector (Data for Fine-tuning)

Fig. 6. Process of Calculating the Center Vector and
the Cosine Similarity

5. Curriculum Learning-based Fine-tuning
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IV. Experiment
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Table 1. Experimental Environments
GPU Tesla V100
HW CPU 32 Cores
Memory 320GB
Linux
05 Ubuntu 20.04.5 LTS
Python 3.8.10
SW
Pytorch 1.14.0a0+410ce%6
Transformers 4332
PEFT 0.5.0
—
w
Text Data
\'_/
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Fig. 9. Overall Process of Performance Evaluation
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Table 2. Example of Preprocessing and Embedding
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Table 3. Hyperparameters for Pre-training

Model KLUE/RoBERTa-large
Task Classifcation (5 labels)
Batch Sizes 16
Epochs 10
Optimizer AdamW
Learning Rate 0.0004
Scheduler Linear
Warmup Ratio 0.1
Max Length 128
Apsgol AHEE BRI §o] ool 9agh
=g Ho|= KLUE/RoBERTa-large R@o|t, 15H7]
2EFEE A
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2. Results of Curriculum-based Fine-tuning
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Table 4. Example of Train Data

Clean Contents Difficulty Label
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Table 5. Hyperparameters of Fine-tuned Models

Full Fine-tuning LoRA Fine-tuning
(A) (B) (C) (A) (B) (@)
Learning | 3.4 | 5e-6 | 5e-6 | 7e-5 | 5e-4 | de-4
Rate
Model KLUE/RoBERTa-large
Task Classification (5 labels)
Batch
Sizes 16
Epochs 10
Optimizer AdamW
Scheduler Linear
Warmup 0
Ratio
Max
Length 128
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3. Performance Evaluation
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Table 6. Performance Comparison Result

Curriculum Reverse .
Traditional
- based Order . .
. . . . Fine-tuning
Fine-tuning Fine-tuning ©)
(A) (B)
Full
. . 74.60% 72.28% 73.99%
Fine-tuning
_ LoRA 72.68% 71.98% 72.58%
Fine-tuning

75.00%
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Curriculum - based Fine-tuning (A) Reverse Order Fine-tuning (B) Traditional Fine-tuning (C)

Fig. 10. Performance Comparison
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