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* Prompt-tuning & H{Z

# Prompt—-tuning method
@™ PTR: Prompt Tuning with Rules for Text Classification [Han et al '21]
: prompt Tuning with rulesE Soll many-class text classification E{A3 2=l
. e =
© oo

m) Prompt-tuning methodE S8t Classification task 45 &4

# Fine—tuning method
F EfAT

(D Dementia detection using transformer—based deep learning and natural language processing models
E3Z= fine—tuning ot X|0{ & 2

[P. Saltz et al 21]
S ESHAIHG| 7|2tok B2

BERT, ALBERT, XLNet
(2 Assessing schizophrenia patients through linguistic and acoustic features Using Deep Learning
B 22 EAT 3

rol

Techniques [Huang et al 22]
g3 17 B

BERTZ fine—tuning 6t Text2| Semantic Textual FeatureE F£&ot1, X
10 L=

m) Prompt-Tuning methodS
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« Prompt—-tuning & HiZA

# 2tH S Dataset E%
™ Language Models are Few-Shot Learners [Brown et al '20]

@ PPT: Pre—trained Prompt Tuning for Few-shot Learning [GU et al '22]
m) %2 OI0|EE &85l 8l&5H= Few-Shot learningS Sall 45 &4t
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* Prompt—-tuning approach

# Template 4+

Tt HES LY [MASK] EE2 &l 6=

‘B st OIRL0N. | | 0 Bk (MASK] | ivasi [ BT
( Input Sentence ) ( Template )

- [MASK] tokenOi| Lt MLM Head &t&
- CLS E28 0|86}= YEIXOI Fine—tuning method®} H|u! H|Wa AR O ZI5HH
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* |nput Data structure

D Y4 M| T3 2= HR, MMSE X/0f 448 ZAjof A0l W23t 20| SH ZRES0| 0f2t LRIt thatst Bl0]E
@SUb]ect = [ doctor, Slclient S}c\l{octor Sﬁllent]

 subject’= E& THY SILIZ QJ0IBHE THRIZA, [sf0°U7| 3k ZUO0IZ THEl QAR 8t |5/ 77| Q) |sflient| Wit 20|15 71

- i

TENHC IS HEES

l

@ qa; = [ doctor T Scllent] di € Vmax_len

s qa;= (AR A Eeket JISE, EAL 2ekE 2l0|, d;= qa;5 220 {i=ot7| flofl token id= HESH WO = padding

token idE F7tofl ZItH Y= MO|Z max _[enCZ &, V= ZE0UM AESH vocab2| AHO|ZZF 2[0]
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Document Prediction: X}

MLM Head o
T OEAROIEAR 0% £5°2 (3
‘ s 253 (8HXp)

, = FHaid "HEMKR (30%) Ak SxF S
o Sfl'tcx Template(-) _ 1 as
=M = 2) Verbalizer(-)

l[SDS] OMHEMHIM =4 SIHE S0 UASE M= SSsHFML. tHERH [MASK] SHCE 071= Of &, 0F |74 11, 7|2 E0UE. [EDS]J

1 ]l ]| ]

2|Ar 2=t e LHE X &t

Tl

@ ‘CHat7t [MASK] olct.” HIES2 AFEdl Input data 714

- SIXIZE ol0|st= ‘O|AH/XR’ EZ
- MAZS olnjsts ‘ME/XR EZ

@ Evaluation
- EMNYZR EHS CA| 48l voting EHHOZ 2M0| CHH OIS 2 F2
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* Task Definition
# X|0§ 2t Task
@ D_AD ( 2:X510|H4 X|0j BRKE vs HAT)

@ D_MCI ( AEQIX| 0K SRk vs AT )

X0 HAZ 2N As BEUXYOH 2titLat

® D_AMY (OtHZ0|E Uy BtAk vs OFRZ0|E S

: X|0Q| |Q10|2t= QJ5tAM AZ40| Q= =] CIEHXEl Of

(@ TN ]

HOJ= X0f SR}

M
MO
3

al
=

ZO0|=0] tholf &¥d= 20|= X[0f & Xhat 5
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Task Definition

D S_SZ (=3 &txtr vs AT )

@ S_Spectrum ( 3 AER SIXIH vs HAT)

- HYH vs

o

® S_Global ( 21X|7|5 2%

3R 27 vs E

s &g

® S_Local ( 2IX|7]
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 Dataset
# X|OH Task # XS Task
Task | of55 dloje] | 41% djole] | W7} dojy Task | ot dlole] | 1% dlold] | 97k dlols
D_AD 38 - 161 520 5 20 557 159 : 125 20 : 16 20 : 16
: - S_Spoectrum 190 : 125 24 : 16 24 : 16
D_MCT 116 : 161 15 : 20 15 : 20 -
: : — - : S_lobal Gl : 92 T:12 512
D_AMY 30 = 38 L6 1:6 S_Local 85 : 71 11: 9 11:9
st& O|O|E (8) : 45 HI0|E (1) : ™7+ H|O|EK (1)

« 4l3] Setting

- macro/micro F1 score 7|& E7} (0§ epoch O} macro, micro & Best score 22 X7%)
- 37H2] seed U= A2l Hd 452 MAl

— 2tHSHOH|0|EAM B5E AESH= Full-shot learning2t ME H|0|E{AlIZ AtE6t= Few-shot learning AL
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Full-Shot (macro/micro F1)

Few-Shot (macro/micro F1)

Task Prompt ) Prompt
Baseline ) Baseline _
Tuning Tuning
D_AD 5.08/88.00 75.08/88.00 68.60/84.00 44.44 /80.00
D_MCI 64.83/T2.86 68.84/T2.86 54.34/60.00 38.32/57.14
D_AMY 41.28/60.00 43.50/60.00 41.28/60.00 48.75/60.00
S_57 T0.67/75.00 73.92/79.17 39.28/51.39 3. 17 /5417

S_Spectrum

T3.68/76.25

70.91/71.25

38.20/53.75

03.49/58.TH

S_Global

36.49/60.00

52.26/60.00

62.20/60.00

57.76/ 60.00

S_Local

44.36,/47.50

43.66,/45.00

46.68/47.50

46.53/55.00

ZE = macro/micro F1 score 25 M& S,

It 4. Full-Shot ™! Few-Shot

215] 251}

—= T

Full-shot learning®lAl= macro— F1 score 7|& 474 EjAT M5 A

Oy

Few-shot learningtiAl= macro F1 score 7|& 37l E{A3 d5 2

2t ZE= 6HLtQ| F1-scoreft M

micro F1 score 7|& 37l Ef

oo

micro F1 score 17§ EjA= M

or



ol

8.

o
__oo

il

DA
uto prompting &

E"OEO'l =X o
I-III_1I-H§I_I_:IT- —
(=] 1} le.Gl__rL

ioJ
Kir
I

@

o0
K

7571

gl
Ll

=

nNO
KIO

4

-

b

: G|O]E]



Thank You



