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RFFETIE = DDRFICHE D &, ARBERICE
TEMRKRDOT A RICHE L NIZTHFETHT
HE2ITITAARATI Ve, BBEETLVDO—DOTH 5
GPT3 ZFHWTHET 2. £3, GPT3201 724 R
77 MR THEhEEL TS EREL, %
DHEN % few-shot ZZFIC K » TH|l 2 B2 0B
EMEET 5. RIS, FHIEBRB 7= ART 7 b
BICHRTH 5 EIREL, fine-tuning L7z GPT-3 %
FATHIEDET NV L R T 5. few-shot FHEHIZ K %
72 A A7 7 M BIIWEEIR—75 T, fine-tuning L
7z GPT-3 1 35EATi5E % [0l 2 73 JEFE 2 FE 4 L 7.

1 IXLHIC

R4 b AL, ANEBEREMEICT 729
WWHWHN 2 FRBENEE AT 2 @mTH 5. 5
HILSHILGATWR DX, 7ovreLrv4 vy
Y BEW) BT 2 A R MEN SRR L TE
ELI]. 7428, MEDSOFKHEHE
DEWVo T NBOERMNBHMKTHD, 724X
W E 2 52 3R (TAZ 724 A7 7 SR
T2 A AR T 24 AT 7 M, HRFiEECER-
DR CTHENL XNETH D, BRI TIEFHENEE
VAT LADRBIZBWTHEFEHINATWS [2,3].

T2 A AT 7 N, BEIKFEDROT 4 R
77 NORBEEHETEZXAZTH S, TATHIS
Bl R =2 —F 1%y VY =22 KB HAND
DB ERHWED, ZOXSBRETFTIVIIRED KX
AV TOEENPBETH D IR T 3.

AMETIIEBEFTLO 7 24 X727 Mo
NE2EHAECONT, BREETFTALDO—DOTH S
GPT3[4] Z W T O DR Z ML 3 5. —D2H
X, GPT-3 237 = 4 A7 7 MZBT 2 Hilkx #15
LTW2EWIRMTH S, TNERIET 2720,
i 72 A A7 7 bORTEIEMRH LTT R
FF—& e IHIZE X B few-shot ZE %175 Z & T,
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T2 ART T NEDPAEEICIR B T RER T 5.
few-shot ZEHIIBETH D FH XD D KX A s
BRIFEDME N2, & D LA RS R REIC 72
reEZHNE. —OHIX, GPT3 WX 724 A7 Y

MCBET 2 M2 H-mnwe LTy, HAirE2E
CTCHBICERRAGEZRTOS 2 WO RHTDH
. TNEWEET 5729, HiEL 72 A XT7 7 bOD
R7ZHIRT =2 e 28D D FEEToET
NERAWCTZ 2 A A7 7 VenfET 5.

EERIZ XD, few-shot #EH TIEX7 =4 X7 2 b
DREPNETHD e BHPLE. Thbb,
GPT-3 X7 =4 A7 27 b DHGEER L TWARWD,
HZEELTW2 2 LTS EOEBRTIZIER
TERDPon[REMENH 5. —7, fine-tuning L 7z
GPT-3 13Tt % LR 2 Rk 2 FH L, FlI
T — X% 2592 EIZIK S U T fine-tuning 21T - 7245
BICRITME L AEEORENE OGNS Z L ik
L7z, AT fine-tuning L7z GPT-3 DH 1 2 F5H
L, EMRER EICB I 23 EE O L.

2 5=

21 TIAMRETTA1ARTI b+

flig r o NHRRICEE T 2K TH2T7 A
ZADOMERIZ Ty 7 [51ICK > TEAZRN, B&W
DRITIA MPFAABR TR T T ITA R RAH
T4 7 TA RO FHE I EEI N, HiE R hE
POHRDOLNTZD, fFELNTZD Lizwvwe v o 7280K
TH5—)T, BEIHHDHHSCHEHBEZ AR
N BV Vo 2R TH 5.

TIARATIME, FEECHEED 7 = 4 AITHE
52 2RETHTH S, BITHE B XL TFTo=
HEEHNCT 724 A7 7 M) \FEEICHE L.

s 72 A RT7 Y MHEEE (s) I BTz b DD,

Zhe BEEHE (h) IS sz d on
e Tz ART TV DRI T 477 x4 (pos) IZ
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R1 72 A R7 27 bR ESRLERFEO—H 3. =N

DRFEBEEDS B, — NFHEFH ER, b 5 — N3G

9% EE O%E| 25, ERIFEE KFHI 22T .

ikl FEiti 7 )V

ER  Would you be interested today in making a do- hneg-
nation to a charity?

EE  Which charity would that be? other

ER  The charity we’re taking donations for is save the other
children!

EE T’ve seen a lot of commercials about them, but hpos+
never did a lot of research about them.

ER They are actually really great.

Spos+

myoizbohr, Thedb T4 7724
Z (neg) I[Z[AIT Bz D

s Tz A AMFOLNT=DD (+), ThE bHEX
HI=DD ()

22 JIMRT7YVLDEE

AT, FeATHSE 3] DERLEFEEL TV 5.
REED BHERT B n HDFFE D = [ur,ua, ..., u,] 1<
ML, 724 R7 27 M yLys,yn Z—23DOEIDY
T3. Iy, eYIZI\BEOZ7 24 X727+, %
7ziX other (7 = 4 RAWCHE L BEVWERESL 7 1+ 7—,
REEOARE Y AR FGTETE) ovwI D TH .

T2 ART7 7 bRBICHWLNAREN R T —
&+t v biX, Save the Children (STC) & W\ 5 ZEMK
ANDHEETEHNCE T 2 ZFH BT OBENES [6] 12
T2 ART7 7 V27 /)7 —>aryLkdbDTHs
3] B1IZT—&ty "HORFEHEDOHIZRT. ZD
F—&ty NMHOFEGEE, T—Xty McBEARZY
sneg-Z R £LOD I XNIZ, other (724 A7 7
Fe L) ZMAEADOWTIhrICHEINS.

2.3 GPT-3

GPT-3 3B ETFTNLD—DOTH D, 78, B
B, BRI R A R R A Z I ARET H 3 [4].
GPT-3 DHEN Z5I =312k, HASETE LN
ZxYVOFAVYTREHWSE Z N2\ [7,4]. 5
ZiZHwWesNnE Tay 7 s oERICEMIEERR
(8,9, 101 23 H 5. EHRIRLBEDIM2 & DX R Hi%t
R ITHIXERZEMHEATGPT3ICANL, Hh%E
RAZDEZRARTIEATH 5. FLITHETII,
Ty MNIERRIDIEREED D T L TN S
AOLDERDPIFI XN B e MEXNTWS [11].

7ua >y 7k EHWT GPT-3 O S EMREE ) 2 5
I 3ERNLRTED— DD few-shot FEHTH 5.
few-shot 22 TlX, 0> 7 MEIXR R ZICHT 335
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BH & BUE D IERRE], X 52T A T — X SRR S
N5. ¥£7, few-shot FH LT GPT3 ZiEH T %
HiEZ, MRe 32227128 T 57372 lT —
X FHWT, #HhfidH¥EETET AT 2 Fik
(fine-tuning) 3% X 541 5. fine-tuning L 7z GPT-3
WHERD7=DDT AT =R DAETO YT L
THZ, ETVOMNZR MR AT

3 Fi&

RIFFETIEE T, few-shot ZFEEH W7 =24 2
77 b EITS. 2RI, fine-tuning L 7z GPT-3 %
HWT 72 A A7 7 VaHEZITS. &&BIZ, JIF
F—ZDEEILD 25%, 50%, 75%I1ZFLE IS
L T fine-tuning L7z ETVEZHWT 72 A7 7 b
TREZITV, DEEENZNT 2T 2R T 5.

3.1 A7k

23 Bi TN EITHARICE ST e T %
REt3 5. AT, 21T 227 DFIHH -
FEEEE - 7L O=OHETEVYAML—23
DEER, FEVRAML—Ya i, DEEXAZT
HEICHOWOh 2 ERINEERXZ2E T LTV,
ARWFFETHWS 7 NILiX, Yes/No, Positive/Negative,
True/False 72 ¥ O — &A1 BRI Tl e nwi= o, £
Wiz 7 OV OERIEEZHRNE LT, B3k 7L
D—EEZTFTEVAFL—Ya ryRIZEDT-.

few-shot ZZEE CIXTE VA ML — 3 v 2EEN
RNbDEHEL, ZORBRKTEYA ML= 3
ORI ST T AN T =22 MATbDZ2—D
DO7ay 7 b AT, —J7 fine-tuning TIX, IEfE
SRLVERWEFEVA ML —YaryETary b

L, EINVEERT 2 X5 IZEIMEITS.

F 72, JATHISE 3] T, BEDOREEZEET 3
TEMT 2 ART 7 P BEICEMEERL TV S.
Z I TAERTEIRFBEORSZEZ, TOMR
ERAES 5. BEOREXEZ, 724 RX7 7 D
R LDIFEFHDAETEY AL —Y a VITAR
2EEEREI1L, ZRIMA THREDHEE —
D, ¥RE 08D A5G0 =HEEMEET 5.

32 T—RDEEDHVL

AKHETIZ 22 fiTHRREF—&Ey b %2 H
W3, NERIEMNERA DR 6 1Zid# T 5. GPT-3 D
fine-tuning 1795728, T =X+t v D 80%% FlIff
T=RIZ, "D D20%%ET AT —=RIZHEIT 5.
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K2 REEBORINIDFEDTEV AL — a YERT. [KOTHEBNT XNH2EHKFEIS U TEREIN, #
NN DOEMIEREEREZBECTEEINS. 7R M T — XTI “Answer:” DELZZEM L T 5. GPT-3 17 DZEH %= H
»5 b= H (P TIEHFRTHEN hpos-23a%H$5) #HAL, ZANDEHRe Rexhsd.

TEYARL—23Yy (FOYT FO—8)

Question: Read the following script, and classify EE ’s last utterance of the script “ Not really, please tell me anything! ~ based
on whether its face act is spos+, spos-, hpos+, hpos-, sneg+, hneg+, or hneg-. If there is no corresponding face act, then classify

it as other. Note that “STC” stands for “Save the Children.”
Script:

ER: I'd like to tell you about an organization called Save the Children.

ER: Have you heard about them?
EE: Not really, please tell me anything!

Answer: | hpos-

728, few-shot FEH TIX, Jl7T—2x 7> 7 b
EDDZTFTEVAML =Y a v EERT 270120
AEHL, 7A M T —XOPHERERET 5.

few-shot ZE TlE, 77— &ty DO /\HEED Z
NIUZDOWT, T — &2 5 HEET — D3 DMME
BIHELTTFE A ML —v a VRERT S, %
72, 7Yy rHAOFEYRA L —Y a3 YONER
EFF72 ¥ DRI Z 27012, TEPEKL 2 =
Hosary 7 2HEL, Zho2HOWIEGEEDT
BRI % £ 5. —7 fine-tuning 12 B W T I,
AT —ZARD T 24 27 27 b DRHDIRD & 8RR
TEDICE—N—H T T EREHAT .

4 HRR

BREITBIT 2 FEBERER 3BT S, 3
few-shot " CTlX, HMREIX2IKE L THRITHR
IO B RoT. ¥/, HFEEEZRI TSI
TN NI 2 % & FRAICPEREDMER N 3 5 [
DHRONZ. THUIDTEN RO RGEITERDY T
{0l THBEEZONS. —J7T spos+=°
hneg-, other 7z ¥ i1Zfthdd 5 X)L ¥ LB L T FI &
AT7HELIRoTED, RHNDXZAIZTHoTd
few-shot ZEIZX D 724 A7 7 b DfEAIZITEL,
PEEATO TEEAARETIIRVWI EDER 5.

—7}5 T fine-tuning Tl T DE CIHRATHIEZ L
M2 KEEEZ. MAT, BEIREVZESET =4
2727 D Fl Ra7ym bl JlT— %234
W71 (spos-, hpos-, sneg+, hneg+) DTl
X, AT —XBEEICH B DD e N THHEMERE
WEHz. RIIRTED, T — 2% 25% &%
WIS L7z & LT EITHISE & RIFRE O HEREDIHERE
NI, T-REHEPT LIk MEEM o’
Birzhiger ke d3hv. chuderotaen B
WIE T — ZEDME DI S oL EERE R 1) B X B
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FliET — 4 DEAZEZ Cfine-tuning L= EFIVIC L B#ER

o
o

FIZa7nv o 0¥y
o =}
w N

o
)

—o— RFEEREORT =1
REREORE =2
- REBEORT =3

o

0 25 50 75 100
TOHFRT— & IS L. RRICHER LAIRT — 5 OFIE (%)

B1 JT—XD@EEZEZTETILE fine-tuning L 7235
BONEMBEE RS, RERIESEITIE 3] TR LI
FlRa7o~7aEThs. Ko mEiliss —x
ZHWRWEE (zero-shot 22E) DFERERLTWVWS.

LRENRDY, TRBEDSDEHEPT LD B,
TNV DRD 2O TRHEDD B LR LTV 5.

5 EE

few-shot 7% & L8 U 7z fine-tuning @ F| 53 &,
fine-tuning 217 o T & D NEE IR EHI 2 ER T 5.

5.1 fine-tuning MF 5

—DODT7 24 A7 7 MZHLTZo2DHlDAE
Z % few-shot “Z TR, fine-tuning TldAk & 728
R—VDRFERRMUTES. 20D T2 ART D
N OFAUIT I L7 FTREMEDS B D, few-shot “F
CHARTHEBEDSM E L. £72, fine-tuning D
J7 73 few-shot 228 & D b JBIEZ Bk L 72 0 B D3Rl HE
Yizolz. ZORMEIE, F1 2a7 D~ aFE Dl
LICBIR LU 7z spos-D 7B TR TENS. &
REHEST 2HEMEI—XDEL, FLZEFLICED
N3ZedbZ2Vicd, BEDBREZ ST 208N
H5. HlZI3FR 4 DRBEDOFHFIEZ, EE D ER DER
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R3 ZTHZOREXCBI 27 =24 X727 b HOKBZ/RT. Dutt ZSEITHIZE 3] THONLMRERLTED,
“Few” |X few-shot FEICH T B4R, “Fine” I fine-tuning DFERZ R LT3, “Few” ¥ “Fine” DA DT FEFE B E
DEIZRLTVWS. “Acc” I accuracy, “FI” I ZNEFND T T B Fl Ra7 D~ v, 2 LT “4nv” i1,
EUMHDTANT=2D5H, WADBEMNRT 2 A AT 7 FTRBIobDOERT. 724 A7 7 FDFNTH
LZNTRDENML, FFEDEBRBEICEHIT S precision, recall, # L TFl 2a7 (ph/fl) Z/RLTW3. few-shot F&

DFERIZ 3 MOFITOFIEN 72D DTH 5.

spos+ spos- hpos+ hpos- sneg+ hneg+ hneg- other Acc F1 #Inv
Dutt - - - - - - - - .69 .60 -
Few, 1 | .32/.75/.44 .07/.87/.13 .49/.25/.29 .05/.02/.03 .03/.14/.19 .04/.48/.07 .48/.57/.51 .79/.19/.30 | .33 .25 0
Few, 2 | .27/.76/.39 .07/.87/.12 .41/.13/.17 .04/.02/.03 .55/.07/.13 .02/.30/.05 .48/.22/.29 .82/.19/.31 | .26 .19 18
Few, 3 | .27/.77/.39 .07/.92/.12 .48/.12/.17 .06/.03/.04 .50/.02/.04 .02/.20/.03 .54/.22/.28 .85/.22/34 | 27 .18 74
Fine, 1 | .74/.70/.72 1.0/.20/.33 .70/.77/.73 .53/.52/.52 .78/.55/.65 .38/.62/.48 .74/.79/.777 .75/.771/.73 | .72 .62 2
Fine, 2 | .79/.70/.74 1.0/.80/.89 .75/.77/.76 .57/.53/.55 .81/.60/.69 .38/.62/.48 .79/.76/.78 .75/.78/.77 | .75 .71 0
Fine, 3 | .79/.72/.75 .67/.80/.73 .78/.78/.78 .57/.52/.54 .71/.66/.68 .43/.60/.50 .82/.76/.79 .76/.79/.78 | .76 .69 1

R4 BB spos-IC I N B 2EHEOH.
A Fah

EE no, I do not wish to donate at this time.

EE there are other charities I'd like to donate to over this one.
EE I'm sorry.

5 fine-tuning L7z GPT-3 TR OEETE Lo =HiED
. FHOTNIHEBEDRE XN 3 TH - 72D GPT-3

OFWERL TS,
Al FEai g Tl
i1 EE lliketolearnasmuchasIcan sneg+ hpos+

about an organization before
donating.

fil2 EE  Make a wish is really cool. spos+ other

13 ER  I’'mnot a fan of charities that spos+ other
keep alot of their proceeds for
themselves.

il 4-a ER  Ithink you can donate as little hpos+ hneg+
as one cent.

fil 4b ER A little goes such a long way! hneg+ hpos+

PHEEBTHRAETH 5729 spos-ICTFHEIN L. Z
DESWCHNHFIF CHFATH-oTH T = A X7
W —RBICEE ST, RGBT OB % iR
HI27-DICHHAREREEZ5 5.

5.2 fine-tuning TIIXFIEHVEE L LVEH

5 TRONCEIT 2 oD %X —1%, &ERH
REFEMMBNNET, BEDOFETIIAREINIFER
W FETH 2. BED ODRE—1F, T—
Xty bOWHEICE#ET2HDTH 5.

BB BRI T 299X TH B, K5
DORAIDOHNZ, T <HSROWEIRIIEFMNTE R
W EPWOBEEAEELTWS. SENHIFDOH
B IBR B FFIBEEZ DN Z e BE L,
72 A RT 7 NOGEPRNERGEDD S .

BRI, GPT-3 2355:#E D% % IEME IR
TERWVWILTHD. R5SOD_HFHDHID X S1Z,
EE 23t DA (Make-A-Wish) (2% 2 EEZR
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L7:%&, EEWZER OER K D b BT OESE 2B
LTW3729IC spos+ I N 5. —F/ TEEW
[STCICHF[T %) 25 Z21E, ER OFHEICEHRL,
ER OHHE %R T2/ hpos+IZHXN 5. 2D
X352, AU MFM) 2 WHITHTH > THEED
VB ko T 724 A7 27 MIZELL S 5.
BZOMEZ, RROEFELISHRTERVWED
W2, BT LTORWHENTELEWSATHS. T
T—=RDIER T NVERFERERE RS Z e THNEX
NZGEERDHD, FCHOEEIIRIZOFREGE L E L
TR EEINS. FIZERO=ZFHOHNX, %
N7 TlE spos+IZ T FHI N2 WS, B D ER O
FEaH [STC I3 BEREAMMoTWVWE] EFRL
TWa7, #iid R 2 E 2 T STC DIE4ME
EXFTEDDL BRI, spos+lZfHIN5.
HrUoMEX, BEUMLEREER>27 24 A7
ZEBHFILIC W e TH B, HlZIXFE 5 DA
4-a ¥ 4-b X, ER 2’ EE IZ#EITZ2ME T HEG (hpos+)
¢, ER2PFHFMNOAHEZES T 2HNE LH
75 (hneg+) @ 2@ D DR AIRET H 5728, UL
TNBEDOHFETH o TH 7D —FL TV,

6 &HbHIC

ARIFZGETIE, GPT-3 & AW 7= few-shot Z2EIC L
72 A AT Y MEPBIRTIINEETH 2 LB S D
W2 L72—J5T, fine-tuning ZH W3 Z ¥ THERDE
T SWRENM ET 2 MR L. -,
AR 7 — & % 25%FRFE IR S LT BT & [FfE
FEDMRER MRS 2 Z ¥ 2RER L 2. SRSt
B/xEET -2ty M7 /7=y avEREL, LA
Wiz 7 =24 X727 VR RICHBETADNENTH S
PEE LWV, F, KhEERTa Y 7O
SRR ERAT2 I DELERGHTH S.
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&6 LS/ FET—XFDOITVDGHERLTED, BRAVEEKFHEOHERLTWVWS. BEEE—DOD I A AT
FR7 T =2 avE LT FAMEEL, SREREDCADORHESEENPD Y T2 REOLKREIET.

spos+ spos- hpos+ hpos- sneg+ hneg+ hneg- other | #conv
Agir—& « FF—258 991 4 1928 154 110 219 656 2733 | 185
AT —% - IEFF—25E 265 3 329 118 76 46 211 699 | 52
TAMT—X& - FF—2FF 262 3 511 40 28 33 161 682 | 46
TAMTF—& - JEFF—FE | 71 2 76 22 45 7 45 186 | 13

A T—=2ty O5E

£ 612, REBRICBI 2T —X T AT —

ZDONRZERT. FF—5E3 EE BEBICHEFE L
JeRFhE AL, ERF—REEIEEDEBICEN L
B ol RFEERT. RERTIE, FF—RFE2IE
RF—RFED I BEZNZTND 80%% HEAE L1l H
LidboxAlT—2v L, BDETAMF—&¢E
L7-.

B ETILIHRIFDRE

AEBRTIXMEE O GPT-3 O € 7L (Ada,
Babbage, Curie, Davinci) @ 5 %, Curie ¥ Davinci %
R U7z, few-shot 22 TlX, 1750 fBD 8T X — &
Z ¥ o & 3 58 /] 72 Davinci “E 7 /U (text-davinci-002)
ZEH L7z, —7 T fine-tuning Tl%, ZFKH M
BEORWETILTH 3 130 BED T X —RERD
Curie E7 /L (text-curie-001) Z#HHL 7=, EFILD
B DM % X B B BRITIE, OpenAl @ APIY % |
HUL7%. %7, fine-tuning DA »X—=%F X — &K%
OpenAl D APL DF 7 #+ )L h DREZFIFH L 7=

HEEmICBAT 2 ET LD 8T X =212 TRE) »
WO N—=2 V8 3. AEBETE, Hhos
VELEERETEEDICIEEE 0IWICKRELE.
7=, WO =2 8ig3 L7 GPT3D +—2F
A¥—arTldother 1 b—2 > THDH, o
T2ARAT7 7 MNEET3 =20 ThH3B. D7
», 7z AR7 7 MERRZ b—2 3R B XL
HAOLBWES T 37018, "RK3 bh—2V%T
Lo LRnwiREL L=,

1) https://openai.com/api/
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