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4 SEERERTE

Y — X & 7 I)LIZ &, BERT-base [8], GPT-2 [9],
MPNet-base [10], OPT-125M [11], RoBERTa-base [12]
ZHW. 22— v b E 7 ILITIE RoBERTa-large
[12] Z W7,

T — X%ty MZIFEE 7 % D Rotten Tomatoes
movie reviews [13], Sentiment Analysis [14, 15], SST-2
[16, 17], »82 7 L — X57%H®D MRPC [17, 18], KA
i @ Irony Detection [19, 15], ~A ks A ¥ —FHH]
@ Hate Speech Detection [20, 15], X & @ BCEEMH]E
@ Offensive Language Identification [21, 15] Z W\ 7=,
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2y LT, J#T— XD 10% % MiET—2 & L
TERAL 7.
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MREOFIFNC X D, AR TIE BERT-base & €7
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FEOBEALFEIE A € {0.1,0.3,0.5,0.7,0.9}, Nanncaling
MOMRET — X TEIRL, RIFTH - 72308 DGR
PR, EEIZELZ S — NMEEHWT S BTV,
ZDOWEE e B RATRET 5. R1ITY—XE
FLOTay T Fa—= IHRERTRT. £212
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(Single) Z/R73. EiRIZ, K3 WHIICHR#ELL 72
20DY —ZA 7 Y7 (Baseline) &iRRFIETHR
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F3R 1, £3 XD, Baseline, Ours ¥ b IZHEEE
Tay 7 sOMEEEIRY —RAEFTARBIS IS
FF 2 —= Y THRRICIERATOWRWEGERZ N D
EBbhn5b.

RizFE2 &b, B—y— 28 (Single) 3% < D
R 27T Manual # ERloTED, HBEZDOH DN
—EDENEE DO L DR TE 3.

%123 3 TlX, BERT-base ¥ MPNet-base % ¥ —
At 3 5MEETIE, BEFIE (annealing) 23
Baseline # 7 X A 7™ 5 X 27T LEED, 5T Hate
¢ Irony THED R SNz, —7F T, BERT-base &
RoBERTa-base DA A H TIX, Rotten Tomatoes % H[»
CHREE RO MR X =, %72, Trony B & OF MRPC
Tl Baseline, Ours DN TDFED Empty DTERE
RE->TW3.
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R1:YVY—RETFTARBIFEZ 0y v Fa—= v 7R

Models Tasks Hate (M-F1) Irony (Fli=irony) MRPC (25EL)  Offensive (M-F1) Rotten Tomatoes (Acc) Sentiment (M-Rec) SST-2 (Acc)
BERT-base 41.5+1.8 593+1.3 76.9+1.5 73.4+0.6 82.4+04 66.3 £0.8 87.1+0.4
GPT-2 489+04 57.0+0.1 74.5+0.5 54.6 £2.7 80.6 £6.2 64.3+0.9 86.0 0.2
MPNET-base 413 +4.7 57.8+1.3 76.1 +0.6 74.1+0.8 87.7+0.3 61.1+2.4 91.5+0.1
OPT-125M 429+29 58.6+0.9 75.7+0.9 69.8 5.1 85.2+0.3 72.0+0.3 89.9+0.5
RoBERTa-base 404 +£2.7 56.5+2.9 76.3+0.9 73.1+£0.9 86.4 £ 0.3 69.7 +£0.8 91.9+0.4

X2 Ty T b Fa—=r IRl I B—ETNH 6 OEBMRE
Target Model : RoBERTa-large
Tasks
Src Prompt Type | Src Models Hate (M-F1) Irony (Fl;=jony) MRPC (w) Offensive (M-F1) Rotten Tomatoes (Acc) Sentiment (M-Rec) SST-2 (Acc)
Empty - 323 65.9 74.8 40.5 67.8 443 71.0
Manual - 354 58.2 74.8 39.8 72.6 46.3 76.7

Single BERT-base 326 £0.8 62.5+£0.9 73.9£0.6 42.1+09 77.6 £0.7 49.1+0.2 789+ 1.0
GPT-2 31.3+0.2 61.8+1.4 73.9+0.8 42.3+0.6 76.3+0.8 49.5+0.2 80.4+0.5
MPNet-base 325+0.3 61.0+0.6 743+0.5 40.7+0.2 61.1+1.5 46.4+0.9 80.8+0.3

OPT-125M 324+0.2 609+1.3 74504 40.5+0.5 61.3+0.4 444 +0.5 78.0+2.6
RoBERTa-base | 33.0 +2.0 62.3+1.7 73.0+0.9 42.1+0.7 77.6 +1.1 49.2+0.6 77.6+1.8

® 3 JERTFIR, RRFIEDOMEREHEL
Target Model : RoBERTa-large
Tasks
Src Prompt Type | Hate (M-F1) Irony (Fl;=iony) MRPC ( @) Offensive (M-F1) Rotten Tomatoes (Acc) Sentiment (M-Rec) SST-2 (Acc)
BERT-base + GPT-2
Baseline 31.7+0.3 623 +1.2 74.1+£0.6 42.4+0.5 77.0+04 49.3+0.2 793+1.1
Ours 1=0.3 31.5+£0.2 63.2+12 744+ 0.5 428 +0.7 75.8 +0.7 494+03 792+1.5
BERT-base + MPNet-base
Baseline 329+1.4 62.2+24 744 +04 42.4+08 78.0+0.9 49.2+0.3 81.5+0.4
Ours Mannealing 33.8+04 63.3+1.6 745+ 0.6 42.1+0.5 78.3+0.8 49.1+£0.3 81.8+1.0
BERT-base + OPT-125M
Baseline 33.6+0.5 61.0+1.4 742 +0.7 42.4+0.6 77.0+0.7 48.5+0.7 78.7+1.3
Ours 1=0.3 33.4+£04 61.7+1.3 742+ 0.5 42.8+0.7 77.3+0.6 48.1+£0.5 78.7+2.4
BERT-base + RoBERTa-base

Baseline 331+12 62.1+0.7 74.0 £ 0.8 42.1+0.7 784 +19 495+09 794 +19
Ours 1=0.1 32.6+1.0 63.4+13 73.7+0.6 413+1.1 73.5+1.6 49.2+0.2 80.6 +2.5

5.1 HEROER

Iy S YRV —REFLDO S0 S b
Fa—= Y IHREIC KRB WIGEEDFRYTH D, 7
vy MERRIC KX B MEREIR T O REHINEETH 5 Z
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T a7V =R LT, REFETREL
L7z7ay 7 DB HREIEY —XET VDA
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RoBERTa-base (&% —% v b Td % RoBERTa-large ¥
FRMTH 2720, IBEFEOBERIC K D ARERE
BB TN, EBICAFNE WAL D 5. T2
2L, ZORITBMAHTIC X DMEELADETH 5.

F7z, —HRAZTIX Empty % REI 272 Y, @k
WHER a7~ OREC BRI LW &R
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BXxh, khhhray v Fa—= v FFER
BHT A2 ORMED 5.
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Target Model : RoBERTa-large

Tasks

Src Prompt Type ‘ Hate (M-F1) Trony (Fl;zjjony) MRPC (%) Offensive (M-F1) Rotten Tomatoes (Acc) Sentiment (M-Rec) SST-2 (Acc)

GPT-2 + RoBERTa-base

Baseline 351+34 62.9+1.0 73.7+0.2 41.9+0.2 77.0+3.7 49.3+0.3 80.5+0.6
Ours A¢ps=0.5 32.6+1.3 634+14 73.7+04 421+0.6 755+ 1.1 497 +0.2 81.0+09
MPNet-base + RoOBERTa-base
Baseline 34.0+3.0 60.9+1.2 74.0+0.5 24+07 789+1.2 49702 792+ 1.7
OUTS 7annealing 31.6£0.4 619+1.2 742+ 0.6 41.8+0.8 773+1.2 49.2+0.4 80.5+1.6
OPT-125M + RoBERTa-base
Baseline 36.5+27 63307 73.0+1.8 2010 76.9 +0.7 49.2+0.5 79.4 + 1.6
OUTS Tannealing 32.0+0.7 61.3+1.0 73.7+0.8 41.7+0.9 77.5+0.9 494+03 79.6 + 0.8
O m— i“_‘é 6: j\jjﬁ
A HRENFA—2
Method Prompt
Ty Fa—= T DRI RA=RIZELT
o et o L Empty ) 1]
Z A Z A
& : Wu 0[6] i;{ v , Opthrompt [3] ix_ E/T v 5 . Manual [X] ;nZI <S> <template> [Y]
7D/7%§@k%b§j§5L7D/7L%l~ Prompt Tuning  [X]"., (s} [¥]
YT DRI RA—=RERT . EARRNIZ Wu b [6] 12
57, EERE R OINFHEEEATERAT v 7 KT 7¥TL—h
% 2000 — 10000 ~NEMXE TV 3. Dataset (template)
25 a N Fa—=r T DRI RA—X& Rotten Tomatoes movie reviews It was
Parameter Value Sentiment Analysis It was
Learning rate 5e-3 SST-2 It was
Training steps 10000 MRPC Are the sentences
Optimizer Adam [22] equivalent?
The number of anchors 8192 Irony Detection It was
Hate Speech Detection It was

B EINDEERFEE

7% 6 IZ RoBERTa-base & Z DD ET L% Y — X
ETNLE LEBROEBHRZ T, £3 O BERT-
base RoBERTa-base 23 Y — A E T /L DEE & HE T,
SST-2 IZB W TIXRIF R EREZ /R T — /7 Hate TIEK
ZHEED AL T2 Z e DR TE S, o TAX
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