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PCP-tuning: Personalized Continuous Prompt Tuning

for Few-Shot Learning

LIU Ting, CAI Shaotian, CHEN Xiaojun, ZHANG Qin
(School of Computer Science and Technology, Shenzhen University, Shenzhen Guangdong 518071, China)

Abstract : Pre-trained language models have achieved remarkable performance in few-shot learning with the rise
of “prompt learning”, where the key problem is how to construct a suitable prompt for each example. Sample and
prompt will be combined as a new input to language model (LM). A series of prompt construction methods have
been proposed recently, some of these methods are for discrete prompt construction, and some focus on continuous
prompt construction, both of them normally apply a unified prompt to all examples. However, the results show
that it is hard to find a perfect unified prompt that works for all examples in a task, one prompt can only help
LM assign the correct class to some samples in the downstream classification task and give the wrong result to
others. To this end, we propose a novel personalized continuous prompt tuning (PCP-tuning) method to learn
personalized prompts that are tailored to each sample’s semantic for few-shot learning. Two calibration techniques
are proposed to control the distribution of generated prompts for better prompts. Extensive experimental results

on ten benchmark tasks demonstrate the superior performance of our method.
Key words : natural language processing; large scale pre-trained models; prompt learning; text classification
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RESBUHIL O Z5 2 - Sl A 28 S50 FHLS TMEA T LA Ol ) 155 /R 28 A 55 D VRI S5 Bt T 21 5 VBB IV ) 5
SRR CRIB R AT N Weih SCRMBLRE 73 M BRI SCAS IS I 1 5 Raffel 5542 RS BT O ZR A T oA
TSR, B BYFET IO SR SR A 55 ) 7 1R 2 B8 S BN G Ao a9 =X, b N ZRmn o AR
B IR T R, S IHAFE R A AT, R, A BRI ZREE 1 727 2T 1A
Ag ) B2 ORI, ITCHE ] | AR E S R 5

TEDREARZE BB N, $oR 2 2P R S5 0 A B il 1 B2 o 5 A n) R, 3 5 )l s 5 7Y (PLMs)
SEMGEI AL 55 IR BT S BRRAFE SCARRA H 97, 51 7O E s 268K, Bilin, GPT-3st R34
NERGIRZN DA 2T ey, AUE 16 R ICHEA S T 80% MISOTALS I

PR B OCHE U AT A S G BN T (prompt) . AR AR AN T30 M s R R I
TSR ARSI SRITAR St — AR T WRXER . BlJS , BFFEA BB A S8 R P iy J7
LS IR B ARCR , JFAT T2 500, — LB i R n 1 R IR R ER E SO PINAE 55 R 1% R T L
23] (LAY Ea]) 1), R A RE (5 B 5 | R FISMR BB AR E A2, BRI 24, B REdE— K%
BRI S R R RE O G~ i R f il B ULAT B 1 2 2] R LB R AR F 0T, I R O S 7R B HK
AR ] 2 rp SRR AR LE , RS Y Rl 0A s 8] Hp g > 37 HE A R 28 R 2 AL

B B AN 24 2D T7 1 RO I A AR A I GE— 4R /R , e — VT (PR — ZCE Bk, BT R
Al ) AR R 3RS . SR, X AR BORA USRS . A LS A5~ rh , ARXESR 258 FH TAE 55 Ry A AR
M —FR. BARA TR SR IR AR BOR A 28R 25 R L ARAS B A A TR0 45 SR 001, (R AE SEBRAT: 55 v anfa i
WSCHEME R 7R S QAT SR ST R 15 27 T B2 2% ] .

IREBRS

ﬁ)\#* E 0:bad O:terrible O:ugly O:worse 0:something

1:good 1:great 1:marvelous 1:superb 1:memorable
a fast , funny , highly enjoyable movie 1 1 1 1 1 1
cool ? 1 0 0 1 0
lovely and poignant . 1 1 1 1 1 1
overall very good for what it 's trying to do . 1 0 0 0 1 1
funny but perilously slight . il 0 0 0 0 0
has all the depth of a wading pool . 0 0 0 0 0 0
it has all the excitement of eating oatmeal . 0 0 0 1 0 0
directed in a paint-by-numbers manner . 0 0 0 1 0 1
or emptying rat traps . 0 0 0 0 0 0
something like scrubbing the toilet . 0 0 0 0 0 0

NS

1 5N EEEURRAESST-2h A fAEAY 10N FE AR _E BTN £E R

BT BRI, ASCRI T —FHT/MEAR S IR ST B R ML TT 2 (PCP-tuning) , HH A2
MRS rh R AR SOR A M ISR /R . 207 1518 1 25 A MEAS 178 SCRFER I ZR— ]
SRR AR Y R 28 A A PEAR SRR | SR T A BEHE AN Z2 RS TR A JC g 47 it — 2 0

A EETTRRELAES T - 1) FIRMESS PR MEEREAR R, S 15— B, Wi T LS
—AE55 BRI — BRI 5 2) SR T PIRMSHEB AR il AL U BEA SR 9 0 A1, 2R a
INERAREA ERZHALRY , AR iR R FRIRIT L TR A, U G s B U SR iy 55— 2k, X mih
FARER Pt AR, T — BRI 5 3) 7210172 Hebenchmark FHFF TR TEAISESRE A , Bk LT
TERTAAE S LR T A TT 1%

1 #HXIE
1.1 BERERER
Il , GPT-3B A KA PLMs 1) H BB T 38 5 AT 55 R A s AT /DREAR 2 S B K ). LM-BFFI2 i —
HK GPT-3H /R 274 20 I L F iR S NI S A, A T2 IINLPAL 55 Hh sl T 5 KA GPT-3#5E AU A
MPERE.
AR 27 2] T AR AN T B R R AR BOE F R AR SC R0 S T R R I RRIeR
H SRR A8 T Z R R . Schick K 7R 2 2 [n) 8 FE B 3 A o e T 3825 2 m) i) | ik — 40
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TETEFINLPAE S5 SO 3R WA RAE 5500 . Shin%F B BCK NI 55 SBT3 A HONAT 55 , X AT DA3E o 560 B 4
FARSAT AR . Han R R 2 AN A S R 22 2 031 ) i Hu SRR AR E RSN A SR 242 3 1 Gao S5 Il H TH
B A S A AR, BRI, Bk ik R A s B GRVE R psin]) RN, TR RIB 2 [ 0%
ek, XA H BB R BRI AR

R T vk EIRRRE, Bl AT R S AR IR, XA AR 4. LinSE (il FHLSTMA: > i 4%
LRI ALY, Zhong SRl SR AL G iE 35 AT S5 Hh 090, Lin%e 4 tH P-Tuning 2k F 38 RELL LR IRA
PISRANGPTTENLUAE 55 Hh R B 6] LiZEHE T Prefix-tuning™™ , AJ AN FNLGAESS. Lester3: 181k T Prefix-
tuning J7 %08, HAERA T S0 B 1 REFE A B A/ N I TR . Gu e 1IE S T3 OB A e X fon ik it
TN LR IARAS T G M RT G 3R 19 . Zhong %848 B T Ui F SRS 75 AL PRAT 55 Al A& 615 5 B 1 BN 54855
RIRGE 7R B N 25 SR T DARAS B A p PR CS) . (HU2 IR Ty vl X T A REAR N H Rl — MR, iXFES
ZMEAN[FIREAS Z [AIFEAE TS SURFIE 22 5] AR PT LU — R4 i MR AR BUR H 2 MR 45 3 L
AATTAF A PERE , (P PR FIEE BT Ik B — I 240 TAE . ASCHRH T —Fh g1 29 ST s s s i s
%, WRAEFEA BT SCRAEAE AR TREAR IR .

1.2 DHERES]

AREAR A 2] () FEE H bl A S I 2 AR R BB A B NS5 R . W /D REAR 2= 2] Tk
45 D) PIE=2T, BRI TR DRERPRC R RG]0 5 2) Jo2g>) , Sog—ful e 2w, Elghon
W S RS TR ST B AT 55 3 3 ) B ) 2 22 3 i (R B o3 A P A T I 5. X e ik ] LU S R ) 4 Al
I, LIRS S r P

2 [EIREEX
2.1 DHEXIIGEX

BE— DB TINGNEGERILM, —NEREHRES RN VIEIGED i = (28,7, H
T Ko = K x|V (KEFER/AN), BIDyu TR REE KNSR, AIMEARS] B RTERE DI 2k
EED pain 127 2 BIRBIEAR AT HOHE ) B BRI SR [RIAS T35 2 — A S YNGR K/ A B T R B Do, A SEBR
BRI SEERE , B Duee| = [Divain| -

2.2 FFREFBERZIEX

1E55 PAEAE LRI R 22 2] 8 B R H 22 218, A — A r, = {01, 20, -2}, HF 2 25 ASC
AFEA AT (token) , LIBTRAITHSEL. B 2E, ¥a FAR MRIGIdTA 7 , P TS 5 AR C MR 2 L5 21 in]
JuRE{h;, e RV TS PRSI R F T, 8 A —NHTIAFEARNERT. HPER A5k
M prompt » Torompt e A [MASKITRCIVEIA . RGBT promp i AN S A TP MASKIHFATHA . 2pr0mp:
B SN

Zprompt = |CLS] 2, [SEP]T [SEP] (1)
TER AN FXTES T, iR 2, = (20, ;) R A R FRE, IEAD prompe B E LA
Zprompt = |CLS|x;[SEP|T[SEP|x;[SEP] (2)

FERT AT LIFIR AT = {v1y, [MASK],vp10 ) FH s o 2 s R MG, kAR . N M2 R T
AR TR S SR AIE SR (masked language modeling) , FTLAH/R P& & —ANMASK]IRDE. Yk
FIORLMITRIINE , FEUUM : Y — VI AT 5555 25 (8] Y B 75 AR BRG] e 23 [ VLS. SRS 54T 55 AT LAE
VEVE S BN T A2 prompe TRy € YIRS [R]HY 5325 01, R]

N _ __ exp(Wmgy) Ppiask)
p(y‘xm) —p([MASK] - M(y)|$prompt) - Zyley eXp(wM<y/) . h[MASK]) (3)

Horr: w, FIR1FRY € VXTI [ pre-softmax i i , hppasi W BT prompc LA [M AS K FRICAL B R 0 . e
3 3o SR/ MBS SR R R X CMGHA TR
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2.3 FFMHUESEIERFEIEX
AR T —FBr 07 s, RIS R R ], BRI RRAR 2 ) AL B R . AN s 2
TUESS b, R AR AR o, S ISR R B A 2 ot

Zpromps = [CLS)2n[SEP]T (1) [SEP] (4)

HAPT (2 A E R A e 5B ER R

ARG, ZERFXRIUES T, B, = (24, 2;,) AL PR N2 prompt

Zpromps = | CLS)2;[SEP|T (x, ) [SEP)x,;[SEP] (5)

P /MBS (3) FAYTRINRE R p(y| 2 )5 LSRR 2 18] 38 SURTH 2 M08 5 R
3 PMHEEESEENR RN

PUAT BIAR 7R 2 ) O 38 8 AT 55 N A AEAR B FH S — B4R, P fr 7e Ve R — BOPEBOR - BT REAR
Al PSRN AR . SR, AT, XRMER AT S . PR, A SR AR A REA BT A B R
AR, ST W 2R B A SR TR R 24 STHEAOR N G — A E S R R A iR . [
I, A SCHE— 4 T PR HER AR S B4 R AR A B . 1) SRR S R TEREAR 2 [ 2R84k 5 2)
AR HERR R 7N A A L TR 20 A, DAE S AR R A —EhE . 422 Rk, BN s A e Al
PR J ), Brgh e Hni A =E X

Er O INA N R 5
LSTM —_— mep [T TTTTTTTT X MR

1
1
1
1
1
1
1
1
1
v

e bR

TI
e(fcts)  e(lt is a wonderful movie.) vh--- vk e(IMASK]) e([SEP)) -
e([cLs])  e(lt is sunny today.) vg-~~v,’<' e([MASK])  e([SEP])

‘ LU i | oom —

2 AR AIPCP-tuningHESS
3.1 IRREMNE
A TE SRR R 2 2 W A AR 2.3 E E . AT T — NS B THEAL HE 7s AE Rlgs
HPG(.;0), Hof AN A 2, A BT R MECEER PG (240:0) . W2 prompe 7 278

Zprompt = |CLS| 2, [SEP) PG (214;0)[SEP] (6)
X“J’@@?‘X‘T%’é@ﬂ/‘]%/\xm = (x“xj)'ﬂﬂﬂﬂ
Zprompt = | CLS)2;[SEP| PG (x:y;0)[SEP]x ;[ SEP] (7)

FETLinSERIHTFE00, SR N A RZAH BN ST, BT LA SCHE P K IIHCAZ /25 (LSTM) , 455l
T ReLUBGE B2 2 21800 &% (MLP) RAE N7 s i 284
3.2 ZHMRME

SERXF A 2T B RS 2420 ARSCRENS Ly > T Rt e b 5 DI D7 IO R Ayt 2 7 0
FEI R IR AR 29, AR SCHIARS ek, B A FREA IR R AP /R Z B B R BRI, 48—



13 X T, 45 : PCP-tuning s T [a)/)MEEA S 2] B PEAL I SEAR /R PRI 63

Ay, ZARTERHERIR Lo (250) E LN

exp(s(PG(zin;0), PG(x;0)) /1) (8)
Zm;neB' exp(s(PG(zin;0), PG(x!,;0))/T)

Ly(xi,)=—log

Horprs s()RARTZARRUE %, FITF iR R TR Z M BARRIE , X b > PR R4 o el
AR BHPRE (JEC-H S0 30) 2 (R RIIGTREA. BY =BUB*, BRI R IIAFEALE S, B UEBXTIY
(1) BT AT SRS
3.3 NWRE

R T B IR SR AR T IO, B T AR R LR R 0 A T T RERE 0 A, AT G )
AN — B T S A Ve HbR A, el LIS e s, WG . A e SR w4 Wi
e 1) PR A RS o2 B 1 B R s X s AR R i A T I 25 5 2) JERCHEXRT AR & AR At B R A T
. PIRD RIS LD R

TRRSAE. IR 4G IECINZRAT , Jefli H—MUFH B BER R T 2R AR AR PG (. 0). 4 AR
A2y € Divain » W ZiH T e/ MELL T B A TORI LA

Lpac(wm)=— Y MSE(PG(w:;0),h(T")) (9)

Tin €Dtrain

Hbh(T) 2B R /R T AN AR sk . TOIZRJS A5 s AR et A= G R IR T 8 2045 (R (T ), 02) B 3
N, JT 20 TR T A N R 2R

PR DA A ) I R E AT T AR Z BTHEA T . PR, AT LR A R R A s OB 2D B TRk
W, PEFRAIE R HARR AR T AR B2 ARSI ATk [ FLM-BFF O H A s $i

FRHRUE. IZRIS AL RS | ABUI M IR R A X R A A it AT e AR B, 1A i B0 T e A
BREA — ML B R T, (8] LUE I LT ARGRAHAHE S B R T = h(T*) + APG(x;0) , Hep 245
B AR R F R TR A A A 1 RS Z [ RIS AR . TeE IR T3 5 AN (h(T 1), Ao?) , oA
(77 25000 4 718 2B RS ) il 1 R4

STURCHESRADL , HEPEATE A B R /R TR SR rP AR BB ASSCHR Y 1 PR ] A 23 7 TR A i
AR 1) A O BOT R R R R 5 2) il RIATEBELZE G B B R R . BAR RO I A B RS B
Y, IF HIS A TEREORIIE , (EX T 208 RAE S5, SO B R OIS A 5 4k . Bt AASCRE R 1 o5 —Ff
SRR s . RRE AN IR S S (A0 “the” “a” “.” 5F) BEHLHEZI AL LT 5 s BT B4
A[MASK el VB e /m i, Bl AR50 24T 55 Fh RS- S DB i B B O s A 2 P e
3.4 LB

E— Ay, , PR HE AR R PR

‘CS(ajimyin) :CE(p(ymlmm)) <10>

Hoip € B S SRR
a1 ZREVEIR R RS, D, IR PRECH

K(ximyin):Es(xin7yin)+/8£d(xin) (11)

HhpiESH.
B, SHE SR LM (. W)FIPG(.;0) 4 TR

0 W+ —arg m(1/Koral) Z L(Tin, Yin) (12)

Zin € Dirain
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4 I
4.1 EWKE

HEES. A GLUERT 10N AFEEMEE S5 3647 T Wil , (45580 0255 : SST-2, MR, CRP®,
Subj, TREC , MPQA ; ] TR} A1/0 254145 - MNLI, SNLI, QNLI, MRPC. J%X46T-5 45 5%} H 3 P-Tuning
V1O EE—30, DUE AT DAXEE R T4 BRI e g

£ (baselines) . 43 =FPZEHL: 1) THUR, TEDFEASE SRR E T , BRI
TIPTS50 2) N T8N, R —ANEE N TSR EE S ABRON , 5GPT-3H A 2E2] |
BRI R B 3) nAE )i, LM-BFFU2E— M LR B R /R 7 2] U7 k. P-Tuning V1M HIDART I
SIS ST AR

FEIEHR (metrics) . ARSCRIEHERPE (Ace) FFFRECKRIFAL BRI MERE.

SLPIMEM T . FEFintel(R) Xeon(R) Platinum 8255C CPUAINvidia V100 GPU. fXAS7EPy Torch®Y [ 5CHE.
SCER P IEA Y B S LM-BFFU2 FMIDARTAH A . BEAMMERERINPEAL I i, X FRMES , T T 54 @ 1 B LR
FSecea={13, 21, 42, 87, 100} 435I TELHY , RIS MG R, IH1FHRoBERTa-large/F 3L AR
Ei
4.2 FEHR

FRUE/R T PCP-tuning ¥ AT 5570245 R U K AT 55 T AHOCKT FLBATAE YA 45 . PCP-tuningZEFRMPQA
ZHMAPTAAES LR T E . SHEASE AL, 3 AESubjMITRECHE 55 1 3R15 T 2.1% )14 hE
2T, TEQNLUESS E8EF 176.1% , ZEMRPCOAE S5 8T 173.1%. 3R] 1AM PR 2 2 BEX DA AR 2 5 ]
PR, SCREIUHTITIEEMPQAMESS ERIUNE, il AT A IZAE 55 HREAR R A B A IR0 50 (40
AKBEE/NFSANL) , ik ORFEFE R AT T 75 2 N A rh 4 HUE UE B e A s 2k, SR, S0 FHT5A A
YERFE R AE RAS I LM-BFFA LL , B 5 | ARSI AR A AR H R m ), IORRRE A TR AR

#* 1 PCP-tuningZE10MEHEE R SR

Jik SST-2 (MEHi#%) MR (%)  CR (fEHE%)  Subj GEHI%) TREC (MEfHR)

EZ vie S 50.9 50.0 50.0 50.0 18.8

TREARBE R 2P 83.6 80.8 79.5 51.4 32.0
“GPT-3” 522> 84.8(1.3) 80.5(1.7) 87.4(0.8) 54.6(1.0) 26.2(2.4)
AR 81.4(3.8) 76.9(5.9) 75.8(3.2) 90.8(1.8) 88.8(2.1)

XN 95.0 90.8 89.4 97.0 97.4
LM-BFFJ5i% 92.3(1.0) 85.5(2.8) 89.0(1.4) 91.2(1.1) 88.2(2.0)
P-TuningJ5 i 92.2(0.4) 86.7(1.2) 91.8(1.1) 90.3(2.2) 86.3(4.5)
DART % 93.5(0.5 88.2(1.0) 91.8(0.5) 90.7(1.4) 87.1(3.8)
PCP-tuning (i) 94.0(0.5) 89.8(0.7) 92.2(0.5) 93.3(0.7) 90.0(2.2)
PCP-tuning (J5t%Hi) 94.2(0.5) 89.8(0.6) 92.0(0.8) 92.8(0.7) 89.8(3.3)

itk MPQA (fEffi38) MNLI fEf3R) SNLI (fERi%) QNLI (#Efi%E) MRPC (fE#HR)

EZ die S 50.0 32.7 33.8 49.5 81.2

TREA RSP 67.6 50.8 49.5 50.8 61.9
“GPT-3" 24> 63.8(2.1) 52.0(0.7) 47.1(0.6) 53.8(0.4) 45.7(6.0)
REATR R 72.0(3.8) 45.8(6.4) 48.4(4.8) 60.2(6.5) 76.6(2.5)

EXENT 87.8 89.8 92.6 93.3 91.4
LM-BFFJ5i% 85.8(1.9) 68.3(2.5) 77.2(2.1) 68.3(7.4) 76.2(2.3)
P-Tuning J5 ¥ 74.1(5.3) 61.5(2.1) 72.3(3.0) 64.3(2.8) 74.5(7.6)
DART 5% 80.7(4.4) 67.5(2.6) 75.8(1.6) 66.7(3.7) 78.3(4.5)
PCP-tuning (FiAZH#i) 80.5(4.3) 67.2(2.9) 78.1(1.2) 74.4(3.9) 81.4(1.1)
PCP-tuning (J51%HE) 81.5(4.0) 68.6(3.0) 78.4(2.3) 73.5(4.2) 79.9(1.4)

T a N BHEARBCE, DIFREARRE. ASCHITAESREK=16 (BZEARNE0D
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4.3 HRLKIG

FR2BIRATIEWTER LI A5 . Rrh Ik B X IR . DA ZHEERHE (Diversity calibration) , WRA
M HE (Well-designed prompt for pRe-calibration , &5 B EHER ) , WO R EHHE (Well-designed prompt for
pOst-calibration, =i LR ), SONERHE (Simple-words prompt for pOst-calibration , fijEi-ia] Y FEHLHE
FIRHAR R ) - ATLAE R, 5IARHERCEE, S 0] LIRS PERE. 7ECR . QNLIMIMRPCAESS L HID + W RN &
NI, FESST-2MIMRAE S5 ED+WORMEA:. HIHEN , D+ W RAIREEE & RAIZRAMES , MiD+WOn]
REEEIS & /0) T X RBUESS . BIRD + SOBA L T HE RN , (HETERZEUE 5 EARE " A 4R . % &)
HART ST A TR A R , R AU BT 55 AN R e 4

% 2 7ESST-2. MR. CR. QNLIFIMRPC{E% ARt SLIb £ R

Tk SST-2 MR CR QNLI MRPC
¥ 92.3(0.5) 87.7(1.1) 89.8(1.2) 64.5(4.4) 78.3(2.0)
D 93.5(0.8) 89.0(0.3) 91.6(2.2) 72.4(5.3) 80.3(1.3)
D+WR 94.0(0.5) 89.8(0.7) 92.2(0.5) 74.4(3.9) 81.4(1.1)
WO 93.6(0.7) 88.3(0.6) 91.1(2.1) 72.8(3.6) 79.7(2.2)
D+WO 94.2(0.5) 89.8(0.6) 92.0(0.8) 73.5(4.2) 79.9(1.4)
D+S0 93.8(0.3) 89.3(0.4) 91.6(1.9) 66.6(2.1) 78.7(3.1)

4.4 BBHSHERAL

ARICHAT T — RIS R AR TS B VAR AL AR 7R 734 g ] LA

RRKE. WE Ap={1, 3, 5, 10}, IAER3PRARAFH AR TE M AME ST ERIZER. sl A, SR
KK FENERE TR, SST-24E 55 R B3RS R e fE , MRAE S FAEN 1, IXCRWIA R MR 5548 R KB
B BHINE .

* 3 FRETRKEMIEER

P gt SST-2 MR
1 {v1, [MASK]} 90.80 88.60
3 {v1, va, [MASK], vs} 92.30 87.70
5 {v1, --, va, [MASK], vs} 91.32 86.53
10 {v1, --, vo, [MASK], vi0} 90.98 86.86

BESENORYE LS. B ESIA THESEOPE B R 2 s A BGE SR IR SRR, ik
SR BB T W55 A W B R AR ERG R HA G . RIS | ad Kee /N AR BER 2 T B A R
MR, MBS EEEE =1, 3=10.

74.50

76.00

75.00 74.25 4

74.00 74.00 -

73.00 73751

" g
£ 72.00 <2 73507

71.00 73.254

70.00 4 73.00 1

69.00 72754

T T T T T 72.50 ~— T T T T
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