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[Abstract]

Recently, pretrained hyperscale language models based on Transformer architectures have been used to improve the performance
of task oriented dialogue systems. However, as the size of pretrained language models increases, problems typically arise with
fine-tuning. Because fine tuning processes for language models require learning the entire parameter set, training takes longer as
the size of a model increases, and storage space requirements also increase accordingly. To solve these problems, in this study,
we propose a method to reduce the number of parameters of a language model and allow it to learn more efficiently. The
proposed approach enables more efficient learning of conversational knowledge by combining an adapter and low-rank adaptation
(LoRA) without learning parameters corresponding to Transformer-based language models. We evaluated the performance of an
implementation of the proposed approach using the MultiWOZ 2.0 benchmark dataset, which is commonly used to evaluate the
performance of task-oriented dialogue systems. The results show that despite learning with 8% fewer parameters compared to
fine-tuning an existing model, the proposed method showed similar performance within the 2% error range. These results
demonstrate that the efficiency of the proposed model improved dramatically in terms of learning time and storage space

requirements.

QIO

s
x3 o5

Ateio] Xzl S5 X[2f Ci=h AL, OfR-E, OIA| 284

Keyword : Natural Language Processing, Task-Oriented Dialogue System, Adapter, Fine-Tuning, Training Efficiency

http://dx.doi.org/10.9728/dcs.2023.24.6.1221
This is an Open Access article distributed under
the terms of the Creative Commons Attribution

I . Non-CommercialLicense(http://creativecommons

.org/licenses/by-nc/3.0/) which permits unrestricted non-commercial
use, distribution, and reproduction in any medium, provided the
original work is properly cited.

Copyright (¢©) 2023 The Digital Contents Society

Received 15 May 2023; Revised 02 June 2023
Accepted 12 June 2023
*Corresponding Author; Sangwoo Kang

Tel: +82-031-750-8669
E-mail: swkang@gachon.ac.kr

1221 http://www.dcs.orkr  pISSN: 1598-2009  elSSN: 2287-738X


https://crossmark.crossref.org/dialog/?doi=10.9728/dcs.2023.24.6.1221&domain=http://journal.dcs.or.kr/&uri_scheme=http:&cm_version=v1.5

C|X ™ 2El X &5 =&X|(J. DCS) Vol. 24, No. 6, pp. 1221-1228, Jun. 2023

BA40 7 sh= Apdo] Al FH
Ad A, 59 dof 94 I F o
8 gt B EHR1e] dlolEH| o]
2 ARE Algow AREARe] Al g $E-g gtk dE
Al B2 A fist AR 2] ofF] RE(NLU;
Natural Language Understanding), i3} A 4 2%
(DST; Dialogue State Tracking), W3} A2 % BE
(POL; Dialogue Policy Learning), AF3o] A4l ZE(NLG;
Natural Language Generation)®] A% dfo]xa}e] Fx
£ Z=tH1]. sAIRE glolazelel Frxe] B4 A& g3} Al
2852 5YAQ BE 7H] @ {7t AuE I A= =l
oA A-go] ofel Al o] EAIg oA 7 To|zaEel
T2 FARE sl H8l HAl ATES 5HA
S Pre-trained language modelS &g sh=E &
55 ARG 2Z] ey AP EEE o] REs
ARg-sto] A 2| gk Tﬂﬁr A|2=gls E wf lo] mele] Tlejn)
Elo] 7} = W) o AR ST ] whiEel vt 2 Al
o) WAy},

AR, A shgE o] RS Fine-tuning® W A s
ZHEE o] Eshy] wliel detn|E 7 5T S
Azl 28 A~ T}

%ﬂﬂ Hyper—scaleQ] /\};H a2

s

=5
& 7
[e]
=

m il

2 < 9
TE skeE Rdlo] A
= F7ro] 2 30}\;}
W ﬁ:ﬁoﬂ/ﬂ Zﬂ‘*c}t A2~ Hyper—scale®] AFd &+
8 t71 91l Adapter 714k
EHEE} A 2E1S Aobat
o

3]
ot Rlaoae

Z7149 @g 7}%‘} Layer% %7}%@:}. 71 4 *}Xd i‘%‘
Iﬂ

o o)
)
re

rt ©
al
mEL
tlo
fole 1
i
22
o »
R
_|01' ﬂ.u

> gy o
ol

o
>
ok

T

lo
> 4
=
J0{| 00{’
>

i,

re
i

3l
&‘
éé

E

2

o A} 2 =AY

gloll 71l ﬂ%i} A e JJrA_r—L' i
3lt}, o]9} o] sHeE A 2|8k
= Sl WAvka ﬂlOlEﬁ *ﬂEOL Multi-WOZ 2.0[71& AH&
sk}, wjo)Agkele T5(8] 7|wkez s} A sk =4
S UFow e PPTOD[ 12 A}g3i)
ARt Bele WA devElE 8531 Fine-tuning 3
B} 8%4 tpulEghs Sl #gol A Skt 1 A

FEA SHAAME 5 AR 18.4%7} SWHO* om A
3+ jo"d'% 92.2%% deFd 4= Q). 3k 5o SHolME
7|& 2Eo] g E 8% APl s Bkl Al
oF 292 Fine—tuning¥} W13t 22 W9 2% W] A
< A g

http://dx.doi.org/10.9728/dcs.2023.24.6.1221

I & a3
2-1 Pre-Trained Language Model

Aldoixg] Hololl = Transformer?] 5% o]% o]

855 Transformer 7|8+ Qo] Relo] #8-317] 8] o
B8] FHA~EHE ojo] £ 9 o3& dFeth AR
shE Qo] mElS ALRELY] 98] YH¥HE o 2 Fine-tuning
WS ARESl Aol AEjo] BE AQlellA £ d5s
&3

Transformer?]  <¢lx  7|4ke]  ®P(BERTI[9],

RoBERTa[10], DeBERTa[11])& #}¢1of o]af 2lS 9]
3 Fine-tuningS s =& s HoFrh =g
BERT(110M) - RoBERTa(125M) - DeBERTa(1.5B)2]
A2 2o g7t F7be

Transformer?] Y= 7]¥ke] 2al(GPT-1[12], GPT-2
[13], GPT-3[14], LaMDA[15], OPT[16])& #}¢1o] 44
S 98l Fine-tuningS 235l =& Al5S HojFr) w3k
GPT-1(117M) - GPT-2(1.5B) - GPT-3 (175B)¢] =M=
r2do] deju|gr} 7kt 9o LaMDA(137B), OPT
(175B) B3 A&k sk2brlel & 7Hd)

Transformer«] o5 tlEy 7)wke] EEl(BART[17],

8])2 Ao ofae} AFde] Aol Fagt wejolt &

‘%E X—}Od 5ol Fine-tuning § A&} o|w] AlEshe
BART(400M), T5(11B)% 24| sengr} S7lshs &
Aol St

2-2 Task-Oriented Dialogue System
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2-3 Adapter Based Learning Methods
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3-3 End-to-End Dialogue Modeling
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Table 1. Adapter type experiment results

Model Inform Success BLEU Comb.
PPTOD-small 83.7 75.4 19.07 98.62
+ LoRA =32 84.4 73.6 18.58 97.58
+ P.Adapter 83.3 73.5 18.16 96.56
+ H.Adapter 82.0 71.8 17.50 94.40
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Table 2. LoRA r experiment results

Model Inform | Success | BLEU Comb. | Param.

PPTOD-Small 83.7 75.4 19.07 98.62 100%

+LoRATr=4 70.1 60.9 15.96 81.46 0.24%

+LoRAT=8 75.2 62.3 16.95 85.70 0.49%

+LoRAT=16 82.8 72.2 16.95 94.45 0.98%

+LoRAT =32 84.4 73.6 18.58 97.58 1.95%

+ LoRA =64 82.7 73.6 19.08 97.23 3.90%

+LoRAT=128| 84.3 73.7 18.7 97.70 7.80%
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Table 3. Efficiency experimental results.

Model T.T S.S Param.
PPTOD-Small 100% 100% 100%
+LoRA =128 81.6% 7.80% 7.80%

+ P.Adapter 76.9% 0.66% 0.66%

+ H.Adapter 78.8% 1.32% 1.32%
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