o oon 1o o2

hsung951027 @kookmint.ac.kr, *sckim7 @kookmin.ac.kr

Evaluation of sentimental classification performace
by fine-tuning methods based on Pre-trained BERT

Hong Sung Kyu, Kim Sang Chul*
Kookmin Univ., *Kookmin Univ.

o o

BERT(Bidirectional Encoder Representations from Transformers)i= 2017 *d 7-2 ol 4] ¥ 3% ¢t Transformer 7] 1F2]

W EE S S ARt dojREolth @ 5 dojwEl o] g TF A Kol mha}, A A o' 2l A Y AT
Fobodlel ol ¥ ol SrrbstaL Qltt. o] # 3k LA & sl A st7] S8l Abd st 0101 £ Fine- tum g 3k Aol A ater e &
ZFsl A1717] e dEd o= AdapterFusmn 7} LoRA ¢} -2 Fully fine-tuning < th A s}+= ] AT YTk
L A= A 2% Fine-tuning 7|'H & BERT ¢l 4 -&3}H, ﬂ% AR A S o] o] = = 60—% A=A AT-gket
I.A&
2017 d F-=olA Transformer TZ[1]E AQtsIAA (1) BERT ¢ 912
NLP Qefelli= 7]F°] RNN 52 LSTM 3 22 452 s = -
QAHe Aze  deceel  AHHAT  oldw BERT | 912}& 4] /b4 ]9 & 3k dabs e,
= R )= l . el .
Transformer 7]uFe] WElSS O -uzbx] uhA s A A WA= 7 E—E’*% WE] Representation <1 Token
OpenAl |4 "E# GPT(Generative Pre-Training)[3]3} embedding ©]t}. + WA= Positional embedding ©]th.
o] A o BERT(Bidirectional Encoder Transformer 7]¥F 2212 RNN(Recurrence Neural Network)
= o AL D = - =1 -
Representations from Transformers)7} $It}h. sbAFh 1 Xjag’:dg'% _/Ex]:j‘ == %_X] w7] mE el Z'LLE%Q] A1
vho| = v 2 = wlebu| el o] F RVt ADGE S5 WA} ARE FojsFoler itk Al ‘ﬂWHOL Segmerét
o219 AATH5). el m2, mele] QA sefulEshopd qn  Cmbedding Sih. wde] ofell Gud A, = IS
depulE e Ao A2 4+ =% AZE Finewning | o | 7o Segmentembedding o At a,
ZIHEo] AGEa Qrh EA O F, Multi-task transfer
learning ol #Z3}sl7] 9|3t AdapterFusion I} Rank (2) BERT A}4 8H55 314
factorization & 283} LoRA 7} 9t} £ =l A= F 714 BERT © Atd&% 348L Unsupervised &< Self-
Fine-tuning 7] ¥ £& BERT °f 4 &3t} - o L

supervised learning .2, ] x4 0.2 F 7}X| o]t} A M A =

MLM(Masked Language Model) ©] T}, BERT 2} o] Sl A &
4 %1%©] Denosing AutoEncoder 9] g & 3o} 1 o] f-+=

II. BERT (Bidirectional Encoder Representations from

Transformers)

BERT ¢} 22 Transformer 7] WF2] AFH &5 91 o & 2 (Pre-
trained Language Model)> T2 A% &<5 94 (Semi-
Supervised learning)s WE7A Ht} o]= Edo tjEke]
e | (Corpus)E WH]A|E 8}<5(Unsupervised learning)<
WA & ol s dstaat b= B0 A HolHE
B3 mAH =4 (Fine-tuning) I ol A Z %= 8H5(Supervised
learning)& ¥t} BERT & GPT & H2/ SWdFo=
B~ E 9] representation = 8} 325 A Al E S TH2).

El
>

1™ X

A EZ el A A vt HeE EEE5S °ﬂ*‘0}7]
otk o] HAA nAF) HEE wol|=E A
DAE 2# d|4lo] 7153lth F+ Al &= NSP(Next Sentence
Prediction) ©]t}. g 29 7o) Eolghe W, F 7o) b
EAAA A5 0]' HAoltt, ol gt BT E 7 A el

(3) BERT V| A =74 ¥4

BERT 2| Fine-tuning ©7Al= o$- w@sld). n|
AbA 8ol Fo] 9l BERT Rdle] HAbvhe] sfAstiat
Easl EeE R xﬁ”i?& Head 2 3 vtol] v x| &1 @}, &3

I 2 A sk AR AL epoch ©] 28.57] v,

)



AdHer HE Praw 7} 3k
huggingface(https://huggingface.co/)ell  ®|3EF o] Q=
AP EFE 298 Python #17]#] Q] transformers & %3l
& 43l

8ol

II. Fine-tuning Approach 1 : AdapterFusion
F < dojmEl e shetv g g7k A3 73 ol whe Fine-

tuning ©] @A A o2 BIFsA 2 o AAHS 9 B2
AFE Yax Z2 Agro] 2957 wFo|th 1 Wy
oy}, =214 vl M| %4 (Sequential fine-tuning) =& t%-
Ej~3  &<5(Multi-task learning)¥} 2 Ho] o
ol o] k. o3 FAZ a2 s7] 38 2021 I Jonas
pfeiffer ol 2] 3] AdapterFusion ©] 2} theto] Al A 5] $1TH4].
AdapterFusion = Transformer 7] ¥k 2. @l o]] 4 83 4= 9l o,
AYES IA F HAZ FAEH Stk A ¥MAR,
Transformer @ ©]©] || Task-specific adapter & =% 3t} F+
HA= Fusion do]olE& A &35}o], F2E Adapter Sl
Attention M| 7] U F& A &5to] A o] =T o) #3}st
Adapter o] TFEXE  Foste] @43 A7ITh
AdapterFusion < 7] Transformer 7] ¥+2] ¢1o] 2 el o] Fylly
fine-tuning = A ¥, o] 71E X =S 54 (Freeze)dt
t}2-oll, Adapter 9} Fusion #o]o]ol o gt 7}5X] 7t 8}<53) o]
u]-§- A2 7} A (Single-Task adapter 7], Pre-trained
model 9] 3.6%<] 7} *])7HS <53} Adapter 7} 285
29&  AdapterHub(https://adapterhub.ml/)oll 4  Python
3} 7] %] 21 adapter-transformers = £3j 222 4= v}

IV. Fine-tuning Approach 1: LoRA

LoRA(Low-Rank Adaptation)< 2020 I Aghajanyan <]
Intrinsic Dimensionality Explains the Effectiveness of
Language Model Fine-Tuning =25 E 7k whol
ArE =wolth LoRA o A4S Wy + AW o] Rank
factorization < H-gate] W, + BA=Z $2< WAsE=
Zolth (B € RY", A € R™¥F) o714, Wy = Abd gt
7t dEE 9usta, AW = FHE e tdE-S
AulolEE ow|git). a1, W& 4% JedA, Bt
ARF HHlo]EdL7] wiZoll 7] Fully fine-tuning Xt} &
setr g R 853 4 A #th LoRA + AdapterHub 7}
ofd, who] F & 4 32 E o A s AR
t| 2 %] E 2] (https://github.com/microsoft/LoRA) ]| A]

o] 7}53lt) @A LoRA = Pytorch Z & )] ol A qt
A8 JbsstH, AFE7bs3d delol= nnlinear,
nn.Embedding, nn.Conv2d 7} )t}

V. 2934

APE S8l nsmc(MlelH 3t R dHeolHA
https://github.com/e9t/nsmc) & &3 74 - (Sentimental
Classification) H| =3 & P}t AFS Ps 2L A

1A = &) e,

(1) bert-base—multilingual-cased

(2) bert-base—-multilingual-cased +
ko/wiki@ukp pfeiffer adapter

(3) Bert-base-multilingual-cased +
linear layers

LoRA

232 Tesla V100 GPU |4 15 ¥hzle] 3k Ho|HE
5 wAA ZorbdA dtold IemlHE FA A

3loly  IeH|ElE AdamW

PPt s5s A
le o

SEvlo] 4 9} learning rate < 2e75, epsilon & 1le”8,
epochs £ 4 = AAIPY AHs HrF AEE
4 8t 5= (Accuracy) & AHE R 2.1, LoRA 9] &fol 3 ste}m] B =
r & 15 9] Hio] B & &<53 Al o] 2o A vk Fd T,

Training Test Precision Recall F1-
time per accuracy Score
epoch
(mm:ss)
Vanilla ~ 17:01 ~ 0.871 0.864 0.882 0.869
17:04
Adapter = 12:29 ~ 0.858 0.856 0.863 0.855

Fusion 12:30

LoRA  10:59~  0.726 0.745 0.692 0.711
(r=64)  11:01

LoRA 10:52 ~ 0.722 0.741 0.688 0.707
(r=32) 10:53

LoRA  10:50~  0.716 0.751 0.651 0.691
(r=16)  10:51
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Training Test Precision ~ Recall  F1-Score

time per ~accuracy

epoch
(mm:ss)
Vanilla 11:19 ~ 0.864 0.859 0.873 0.862
11:28
Adapter  08:20 ~ 0.850 0.849 0.853 0.847

Fusion 08:21

LoRA  07:19~ 0683 0692 0662  0.670
(r=64)  07:21

Training Test Precision ~ Recall F1-Score
time per accuracy
epoch
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Vanilla  05:40 ~ 0.848 0.840 0.863 0.847
05:42
Adapter  04:10 ~ 0.830 0.836 0.824 0.826

Fusion 04:12

LoRA 03:40 0.634 0.620 0.706 0.653
(r=64)
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