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1 FC®HIC

KE D E#FAEfiHIE (Federal Reserve System, LR
MFed) ZMEFR) 1F, 2022 4 3 AIZE S < 0%fFET
MR TOWRBEREMZ5 % EiF2023 7 H
FTOMN 1 EFLTEHE S%D5| & EFEITo 7. &
AUV, SKE D 10 4F EE DR EESF b K9 4
T 2%EF U, FTSE HAREE A > 7 v 7 RI3HmAK
19%,S&P500 FEFEEUI TR A 17% R4 LVIRERICK
XRWEERIE Lz FRIBIT O SRBUR A TS
E228BIKEL, Z0HAESH T2 221
TGS MEICL o CTHEERFETH 5. Fed B'H
DAY —FRnTHEES (Federal Open Market
Committee, LN TFOMCJ ¥ B&FR) DEEFERRIE, BOR
REEDPLDEENRZX v —ITHD, RBUK
REFREICHT 200 AMAKMIATWS.
IS BEEHINC O T 5 Z ¥ T Fed DBURD X Bk
(B 20, N MR GERIRY) 22220
ifAZ ONELRY
H R S FEALFRE T %2 -7z Fed D7 ¥ X b 7 — X 5
iz {frbh Ty, flZiX 1] % [2] 1%, LDA %
vz by 7l e miEc k22 F X2 b
It EiAE DY, BEMBANDEELHH LTV
5. LDL,B]MEHT 5 X 51 Fed EADHEF T
1) Bloomberg IZ X %
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BERHIZ L, 7F A M OERESIR L Ve
BRI W — 2B Z W, Fed &'E O iR
72X E % XF Fedspeak[4] £ WH RBIT HIFET 5.
HER 72 Fedspeak % /L — LN — 2 D W HEE 7213 T
AL Z e ITH U WAEEES D D EEE [5] %
6] X, MBI X I, N DT ) T—>ariEMNE5L
727 —&+ v b % HWT BERT % RoBERTa 72 ¥ @
Transformer X— ADETFILT I 74 VFa—=V
THATD, BINDNE Y F X O EXZ 7128
WTIL— L R—ZDETF)N% LA B HEEZER L
FERELTWS. L EIEDT—XEy M
NEENTES T, BB IEHAHIFR XA TW
5. BMEBRICL > TEINIEYF XD
MNERZEBRRZRZAITH L0, BEMBETES 7/
T—YarsNEOEE T Xty MIRLATWL
%. ChatGPT @ & 5 R KM ZEEE 7L (LLM) 23
T 7 AYFa—=r 7 U THRD HARSENLE &
27 BEMEETIUHETEZ L VWOMEIEZI TWVWD
H[71819], T a v P F Ik AR T REMAZZ Z &
T, PR 7 v —F TR DHE U RRE L
THH=AIREMEDSBET 5. SRBCRICE#E T 2 7
FRAPMTF—ZDOOITBWTSH LLM BN R
RENZREL, KOV EMR=27 A3 YT F R
FNEEET S e AHfFEINS. LR LS RER
POHARMFETIELLM ZFHLTE I NP F X
¥ N ENRANCERANT 2 AR MEET 5.
2 K&ITERE
SHEETALEZIANLMEYF XY OGRS
WIEFEEF U 7238 & LT [5](6] DA [10] 23 5.
[10] (X RMEENC R E U7 LLM OBIFICELD FH A,
LLaMa-65B[11] ICHBE T =X ZHWTA YA N5 2
SavIcAVFa— VIR Tole T A EH
NEEYFRAYMERZZIZBWTH 774~
Fa—=VIRIRTHEN ELZZE2WMELT
WR3WMFEEDETNDT 74 v Fa—= v 7IHE
MESTTOVREIATR 13RS,
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RANPRYF XY MIERZ 7T LT TS
LYY= T Y Y IHERE HTTOMGE L 72051
Hombhhold, IuryFroryy=7y 7
HRICIZZ K DTS D D, Hl 213X X 712
HTAERE oy T M A vyary T
FRAL T =27 [8][12] DHEFHNIZ V. FTH
[8] &, ChatGPT IZ Few-shot 7' 12 > 7 b [13] ZiEH L
T Zero-Shot TEAEED EA DI WA R 7T L
THHEEORELPRON-Ze2WMEL TV, %
724X LM P52 onzary 7 XX M EiEHE
THIFETHEOLNLIMEEBET 5275 —ADE 2
Z X IZEFEH L, Opnion 7' & > 7 k% automatic prompt
engineering[15] % F|F L THERL L 7z Instruction 7' 12
YT NEAHTA I TCIDEANLETZ IR
MERELTW3.
AT, LD EITHELTEE R, £3
Few-Shot 7R > 757 4 VDRI NI VF X b
NEGRXZX 7 NOBEMEZMEET 5. AT, #fgk
Fedspeak % Few-shot DHH D A0 & — AL U THER
TEHIENHLUWATRERICEERL, £ F X v MY
50 (WA R4 Y) 2oy 7 MARRED
U FRXY MIGRHICH A T4 S X SR
L7z7u> 7 OB EMIET 5.

3 ERIBIT—2tEYrEETI

3.1 FOMCF—4tv bk

[5] CER XN FzT— &ty + BFH S D Git Hub
LAY MY hoBUSLTHHT 2. F— &%ty b
1 Fed O sk — 2 R— ¥ 71 &, FOMC #H5# (MM), 2
FE2RONF A7 VT b (PC),Fed EED AL —
F (SP) D 3FHFHD T F R b7 — X EZHUF L TERX
NTVWE. Fh3EEOT—XEy MiZOWTER
FN3DODTAMTF—&Ey bilisT—%ty b

DREPEFINTE D, ARFOMIETIXZN L %
@Hﬁ L7.

32 AANPEIFAIMNIOFTFYIR

RHANDEYFRAY A VT v 7 ZDIEKIC Fed
DR — L= P85 FOMC FHHX 2 B L TR
L7z BB LFEBAXDO T F A+ 7 7 4 VEZ 219
T7ANTHREY T 2ARX 9591 TV Ao
72. 2000 FE 2 A2 5 2023 £ 12 A F TOFHEAXH

2)  https://github.com/gtfintechlab/fomc-hawkish-dovish
3) http://www.federalreserve.gov/
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EFNTWVWA. R LY TV 206 ERBERED
HATEWCRE T 2 [ REE o EWE > T v 2 2 i
F270[16] DHEFEY R M EFAL, L—LR—
ATy T 2O 21T o 7. BRI Y%
XD Table2 @ PanelAl ¥ 721% PanelB1 28 £ 5 H
FEMNY VT AT T B, 52D PanelA2 % 721X
PanelB2 IZZ £ 2 BGENTEET 5, LV T Y ADHA
ZRAL, RN 1942t 7o 22 L

3.3 FIALE=ETL

X4 ¥®LLM & LT OpenAl #£® ChatGPT ¥ %
FIHT 2, BARFNICIERD 3 5L 2R T 3, gpt-
3.5-turbo-0613(GPT3.5-Turbo), gpt-4-0613(GPT4), gpt-
4-1106-preview(GPT4-Turbo). ¥ 7= GPT MU D £ F
NTHIHARTA U ETar T YOMBEDLD S
DAREES % 728, Meta 1D Llama-2-7B/13B[17] & 4
ANZHFHE L7 LLM T3 % Finma-7B[18] M3 5.
BINICFRAY VL T v 7 ZADBREETIER Y
F<— 2 ¥ L T FomcRoberta[5] ZF|H 3 3. GPT Y
M D E F W3 F R T Hugging Face¥ 7 & H15 L CTH|
HL7.

4 RERERTE

4.1 Few-shot

HENGEDE Y T RN L2ty 7 v 2%
WTr—ZhoHISFL, 7oy roRiIcary X
2P LTEMT 2 THREDRM LT 2 2KEE
L7z, 7 & X b OFELLE X sentence-transformers/all-
MiniLM-L6-v2 Z i H L1 572X 2 F )LD cosine
FEER W=, BINT 22> T 208X 1,3,10 D
3INE=V FHT 2T —XICOoVnTdHEeESR
AT 255.50%,10% > 7V 7 LU THEHT 3
BED3INRR =V THEICENPHZ PR L. R
EERDE T2 GPT3.5-Turbo ZRH L /2. 7~
7" M X Appendix IZEC#L L 7z Base 7 1 > 7 MZHR
Moty 7y 22U EOEVIEIZEM UER L
72 Fl—HIl T — 2 e T A NT—XTEHEET S
T UARFEELEED, AT -2 nsZn 5
DT ARHIRL 72 ETRIAL 7.

4)  https://platform.openai.com/docs/models/continuous-model-
upgrades
5)  https://huggingface.co/
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[ CRHEXNTWEY ) T—X—HD7 /7 —
SavhHARIAVELIMAEDH A, RI4 >
LTHOY ANy s B2EMRLTHALZ.
R=Z274 D7y v LTS5 THEHAXNT
Tuary X eRHLE EBRIMEALZ a7 b
I% Appendix IZFC#EK T 5.

43 BANFEIFAIRLIOTYIR

32 TER L7=T7— &%t v MIZOWT,GPT4 &
HARIA UM E Ty P E2FHLTEY TV R
BIZRZINNEYF X MRAEL, FHXXEICT
V57—t LEETHEEIROFEXDZ a7 D}
e D XN eV FAY bRV F A MERE
BT %.

#Hawkish; — #Dovish;
#Total;

#Hwakish; 13 BAS i T Hawkish & HIE@ X7zt
¥ T Y ZADE #Dovish; ¥ Dovish ¥ HIEE XNt~
TV ADE #Total; 3FAX i o ENZF
RTDEYT V2 TH 3.

5 REREER

5.1 Few-shot

HawkDovScore; =

HEOH & b, X 11T — & %2 10%H > T
LTHIH LR OARE T 5. ;B RRITDOWVWT
I¥ Zero-Shot D 7 — R & FERTHE KT Fl fH2DS 3%K
4 > FEE W E L, Few-shot 2 G 3 2 %R 23 hEER
TEL LU, AE—=F T =RIZOVTREL L AK
ERAETFLTWS Z AT, @FRT —XIZD
WTH Fl HOUERIZHRAKT 0.7% KA > MEET
DY, BEBIZRENTH 72 2K LTR AN
LU F X DGR ZXZIZEE L TIE Few-shot 7’12
V7 F ORRIIRENTD - 7=

52 HARZF14ETAVTH

K VICHAEM R 28T 5. E35MER—-—R 7
vy MAEIINIHTA R IL fFETar T
U4 RTH 5. % FNEXD RoBERTa-large (%
Shah[5] HICHE I N TV AIRIEEDOEW, 7 7
AV Fa—= v 7 EINNETIVOMGEERGE R %
FEER LTV, BEEZIARTTRA My P 2BIF S
weighted-F1 TH H,3 > — FOFHEHREL TV 3,

0.7
- mm
0.68 @ pc
- sp
0.66—r
o | ]
0.64 e e e T m— .
— -
L 0.62—f—
L
0.6 -
-
0.58
0.56
0 2 4 6 8 10
# of samples for Few Shot
B1 rrArF—05 10%%> T
M ERAZTH 5.

LURD 3 HORICEBEE Y EZ 5.

e HARFAUFETO YT FTEIT—XEY

FH2F—%+ v T,GPT4 ¥ GPT4-Turbo O
¥5 % 73 RoBERTa-large % LAl > THE D X A\ b
L UFXYPDOMNEREZZITOWTIE, Ta v
7 b DTRRET LLM IZ X % Zero-Shot DR
M7 7 A Fa—=vr7a3nz/MlerLe b
B 27 —2A0NHE 3 I EHREINT.
EFNABRIITARIAfETar 7o
IO W THERR T % ¥ LLama2-13B, GPT4,
GPT4-Turbo THEE D E ¥ - TV % LLama2-7B,
Finma-7B IZ DWW TIIEEME N L TE D, HEg
/N7 LLM TlREWSu > 7 2 H5EH
TETVWRWATREMDIH 5. GPT3.5-Turbo 12D
WTHHENMERLTED, ZHhIZOVWTIRS
BIBMOMFEDR DB Y 725,
Llama2-7B/13B ¥ Finma-7B IZ DWW TXR— X 71
T TORERENE T AL Finma RS X DY
A ZXDRKENVETINVIHKEET ER->TED, &
AL U 72 R D HUS 23R & R 7 IZR1R D3 B
ZEJHEMES LD S f-.
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B2 WERLEX Nty F R P ALY
T v 7 ADWRERRT 5. EIRD GPT4, D
FomcRoberta K2t F X > b V5 v 7 ZOH#HR,
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R1_EFL, Fu v 7 MEOREEER
Base Guideline
MM-S PC-S SP-S MM-S PC-S SP-S
Llama2-7B 0.310(0.006) 0.281(0.105) 0.458(0.028) | 0.380(0.012) 0.235(0.111) 0.356(0.025)
Finma-7B 0.451(0.043) 0.367(0.090) 0.570(0.059) | 0.282(0.015) 0.268(0.095) 0.407(0.035)
Llama2-13B 0.435(0.011) 0.325(0.119) 0.524(0.057) | 0.468(0.059) 0.452(0.182) 0.558(0.034)
GPT3.5-Turbo  0.652(0.039) 0.601(0.138) 0.658(0.026) | 0.607(0.030) 0.550(0.119) 0.639(0.051)
GPT4-Turbo 0.659(0.015) 0.674(0.074) 0.656(0.018) | 0.696(0.021) 0.720(0.015) 0.709(0.020)
GPT4 0.692(0.006) 0.670(0.085) 0.698(0.036) | 0.706(0.015) 0.688(0.045) 0.731(0.032)
RoBERTa-large 0.715(0.014) 0.535(0.058) 0.705(0.030) | 0.715(0.014) 0.535(0.058) 0.705(0.030)

""" FomcRoberta — GPT4 FF

Hawk Dov Score
FF

O H N W A~ U O
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B2 ZHINPEUVFRAUVML VTV IR

) D ART — &Y OHEFE T B 5. GPT4,FomcRoberta
WEBERINPEYFAXU ML T o IREDBIT
FF A & 488 U282 % L D%T L THR
LTWs. K3IWCFFEfle XN Y F X b
VT 7 ADZ 7 EEBEEREHILKERRL
7= MHEE D R K & 72 B D 1Z FomcRoberta T 27 8 »
H CHHREAS 0.69, GPT4 T 6 » HT0.67 THHH &
% FF AN T LT W 3. Fed 2SFEFRIC FF £F] %
5l & B BENCHEIAD b — Y ICZ(EAHTETY
5 RICOWTIE, TG e ONGELZ EH L ac e
DEFEZBET 5 2\ S BT Fed DfTEIEE & &3
LTWVWBR2WVWRE. ZRHDENS, ER L 72X I
MY FRXY AL YT 7 ADFEEALD b= DE
LA TVB L WZ B EEZ T

6 #S

AMETE T oy I =7 YU IERED
T, KRB SEET L LM IS L2 X IRV F
X DOHEEREZED 3 IEERAE L. ERY
LTEINEYF R VONETA R4 0% T

O FomcRoberta ® GPT4

Ll
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el

number of lagged months

correlation with FF
o

-0.2

B3 ZINPEYFRXY ML VTF Y 7R FEEHAOD S
) = AHEE

0y NIMAT2HA R o4 & Tay 7 2F
HATAZET LMY 74 Y Fa—=v 7N
INUEFLE ERZ 5 —2ABEEZ 2R LT,

6) FRED(https://fred.stlouisfed.org/) 7» & HUF L 7=
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A EERICFERALE=Z7OYT
EECHEH LT ey 72U NSORT.

e Base Prompt ~
Discard all the previous instructions. Behave like you are an expert sentence classifier. Classify the following
sentence from FOMC into "HAWKISH’, ’'DOVISH’, or ’NEUTRAL class. Label "HAWKISH? if it is corresponding
to tightening of the monetary policy, 'DOVISH’ if itis corresponding to easing of the monetary policy, or'NEUTRAL
if the stance is neutral. Provide the label in the first line and provide a short explanation in the second line. The
sentence:

N J

~ Guideline Prompt ~N
Discard all the previous instructions. Behave like you are an expert sentence classifier. Classify the following sentence
from FOMC into "THAWKISH’, " DOVISH’, or 'NEUTRAL class. The table below is the annotating guideline, refer
to this guideline while labeling the sentence.

Category Dovish Hawkish Neutral
Economic Status when inflation decreases, | when inflation increases, | When unemployment
when unemployment in- | when unemployment de- | rate or growth is un-
creases, when economic | creases .when, economic | changed, maintained, or
growth is projected as | growth is projected high | gystained
Tow when economic output is
higher than potential sup-
ply/actual output when
economic slack falls
Dollar Value Change | when the dollar appreci- | when the dollar depreci- | N/A
ates ates
Energy/House Prices | when oil/energy prices | when oil/energy prices | N/A
decrease, when house | increase, when house
prices decrease prices increase
Foreign Nations when the US trade deficit | when the US trade deficit | when relating to a for-
decreases ncreases eign nation” s economic
or trade policy
Fed Expecta- | Fed  expects  subpar | Fed expects high infla- | N/A
tions/Actions/Assets | inflation, Fed expecting | tion, widening spreads
disinflation, narrowing | of treasury bonds, in-
spreads of  treasury | crease in treasury se-
bonds, decreases in | curity yields, increase
treasury security yields, | in TIPS value, increase
?élsde r \rlgguctlon of bank | bank reserves
Money Supply money supply is low, M2 | money supply is high, | N/A
increases, increased de- | increased demand for
mand for loans oods, low demand for
oans
Key Words/Phrases | when the stance is “ac- | indicating a focus on | use of phrases “mixed” ,
commodative” , indicat- | “price stability”  and | “moderate” , “affirmed”
ing a focus on  maxi- | “sustained growth”
mum employment” and
“price stability”
Labor when productivity in- | when productivity de- | N/A
creases creases
Provide the label in the first line and provide a short explanation in the second line. The sentence:
J
HARTAMET YT P DORIFEBITIE Markdown TR T 7 1 > 7 MCEE L 7243 2 TR Z M)

EEE27DIRIEATRMAL TV,
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