TR ALER 2 5 84 [l = [E R =

7T-04

FERLFEZ BV BERFICE T SRRV T AR

KB TRFR + FRE ) AT
FHOTETAE T8 WHTER VB TASAE TP i mrE

1 ELC®IC HwilE Y, w = 122w >0 %L,

JEEE, e F Ty bR T ADFIEIC BT eval(vi) > 0 &7z 3. H2EEREEM o kﬁ?%?ﬂﬁﬁ

—Y P FLeC Al " .
’ U 1IRD HTERINS.

e Vey OEREEREoOWA RN LAY U@ BROR ) TREN
W15 2 b CE B TEE LCHBAE I S0 U@)LZWZ eval) o

TW3., HERWTIEEIZ, HFICED LS RiER%
K0T 2RI, HFE2 L DIRE R 2T
AND 0 ZRE T 2 Ao s - b
WCHHAAATRBZITS. RBHEOH T d AR
% _EMERGR AR BHE TR, HFoZ—-Y 2 b

ERHIREZED DV, HFORRE L2 AN

TREDPKET RS, 20k, =T—IV D%
NI, BEORHZ SO 5K TEHETH 5.

AWFZETIE, EhEVWHIAEZRS e 2HNE L,
Deep Q-Network % W THTF2 6 DIRE 2 ZIF AN S
PN 2 BEIRBO - D DFEEEILFEE 7 L — L
UV — DRI ET . £z, AR L
THEEBRZITH, XVEWEAMHZELNZDBD
ZHL2ICT S, REFEEZHOTEE 2702 —
v eHIEFEN EHWTEE R To -V
VB, MMORB -T2 ORI I AL —T
VEBRICK o THAEZ RT3 Z T, BEFED
BT RS

2 MERE

ARWFFETH S —EFEERGHERIBEETIE, 2250
i~y1y%ﬁﬁL®Px4y¢f§ﬁ%ﬁ5:t%%

Z Xﬂ:]‘){/f /5i I’l{.@ 'J—:"I],Iz L1, Z, %’EJFFE
51k£ﬁékﬂ@ BV v, B SRR

. RBHNCIRE I N 3 B ERERM (Bid) 3% a5
E?Rﬂi%*ofoiﬁfut%@f, w = v}(l,vi,...,vﬁu]
TRINS.

RBEIT5—y =¥ Mi2lE, 22N EEORAH
BRI E S 5. AL, Fs L IS 2 EA
w &, BIERI v S 2 FHEE eval(v)) 2> & RERK
SNLWHEZRDZBTH S, 7L, FMimDE

Effective Acceptance Strategy in Automated Negotiation using Deep
Reinforcement Learning
tDepartment of Computer and Information Sciences, Faculty of Engi-
neering, Tokyo University of Agriculture and Technology
#Division of Advanced Information Technology and Computer Science,
Institute of Engineering, Tokyo University of Agriculture and Technol-

ogy

2-561

max eval(v )

MBI U(w) THELN 22 EERER o O AHE
CIRER, 0L E 1 IToEKr LTINS,

AT TS 2 TlE, BB TIRSAMAHEINT
W% Alternating Offers Protocol[2] Z W 5. Z U ®IT,
—HDT—Y =¥ FHHFIEEREMZIZE (Offer)
T5. Mo —Y x> ME, ZO Offer 32T ANS
NG ERMRRERZED, Iz HlfRH £ T
HIZHEDIRT. B3 Offer ZHFDZIF AN S (Accept)
LRI T L, FREhOs B TEER R M
L7 AEZ 27 S, SRR RINICERETE R o

T, BRI k5.

3 IREFE
FREECEEICHWABREY LT, BRIEOMRES
TH3 AN - ATH) - T OWTHRET 3.
AN
Rt 1IcBI 3 ANEEE, XOR () ITR7T.
i) ]

7272 L Ua(w) (BB OXABEIC X 2 8RR FEH 0 ©
WFME, o), 3HEFPEANCHER L EEREE, T
EHIREERTTH 2. /o T, Q) BIHTFORRICL S
xbﬂ?HE‘ ERE U= 2 e A LTwd

178

FET 22 = PHWBITENZ, TAccepty F72
¥ TOffery DB LD LT 5. Accept [FHFDERTD
REEZZIAN, ZORBIL2HAMEEETRBE
BT3230, Offer 3HFLSDIREZESRL, BHY
PHFBEREZITO>BDTHS. ZOrE, HHDIHR
FHISICIIBIEFIE T D % AgentK[3] WV 5.
HREM

WIMEEE E, (A) BER O, (B) kIR D
i, (C) RRIBRBIEDRF LT 4 D 3R THILIC
EZ5.
(A) BEEFOHM X, HFD2SDIRE%RE Accept L7255

Copyright ©2022 Information Processing Society of Japan.

All Rights Reserved.



THHALEE 2 2 84 [l [ K&

B/ THD, ROKG)ITRT 3 X — v 2fE
BRI 5.

chcept = U, (w%—_l)A) (3-a)
rzccept ) tanh {5 (UA (‘UZ;,A) - 0'5)} +1 (3-b)
r?ccept = tanh {5 (UA (wgiA) - 05)} (3-C)

(B) VB RFOIREN L, FHTFD 5 DIRREIES L Offer
AT 5B WE2HWMTH D, ROK @) 1ITR”T 3%
R—VEIBRT 5.

Pt = o (4-a)
t—1
Joffer _ 1= U (@) (4-b)
b 100
oy 11—
porrer = —‘;:)%’"“ge (4-¢)

ZDrE, K (4-c) D average \FMHFD 52 TE - 7212
ROMAEDOME 10 Bl DT TH 5.

(C) IBRMIRF DR F VT 413, RBOHIRKHEZ i =
THORUPERCES BP0 IHETR BRI VT 4
ThHYH, -1, 05, 0D3RR—VZ2RET 2,

4 RER

RELZZBEEEHOTHEEEZITY, 2O R % i
FTREDIRES I 2L —a VEREITS. 2O
BR5213 OpenAl Gym % FIWTERRL L, FEBICIZHER
W77 v b7 % —24 NegMAS %W 3.

2235121% Deep Q-Network # Fvy, 3 B TR A
J1 478 - W ERET 5. 2ok &, WEE (A)B)O)
DH 1 DT ODHAEDLEIZOWT ENETNEE 21T
5. FEIMHHT 2 RBHFOL—-T =2 LT,
Gahboninho ¥ W5 T—Y = >~ + ¥, boulware T— =
> hD 2% HAWS. Gahboninho 1%, HilFRREEERT X
THHOMAEIEVIREL 28T, Z0%EST S
g2 o TWB L —Y 2 FTHD, boulware X
112 B1 2 HHOMAEI XD (5) 1t - 7B DI
BBEOBIBBRTET -2 NTH5.

t

Usareer(t) = 1 - (;)7 5)

¥ 72, KX A 2idEnglandZimbabwe KX 4 Y2 W3,
W e HHF T —> = > bOEF 5438 D OflAEDEIICD
W, ZRZAHANTIC 10 B OFE 21T 5.

FERTIX, 1 BIOFECO 2% 100 [0, fHAED
1 DZ 2 IZEFH 1000 BIORPBEITV, F23HED
PR R LT 5. FEBRICHWS B X A V3 party

2-562

ST Ef[? %]%;

=== — -

0.6

e

0.4

0.2

0.0

Gcb-0 Gee-0 Gee-0.5 Bab-0 Bac-0 Bcb-1 KATFE

1 R RTFIR & AT A X 2R AED L

FXA4 Y, HEZ—-YxzY MI AgentK &5 5. N—
AT A4 2, AT (1] OFEZHER S 5.

LiE, #HICHOIEFZ - = v P T DR AHE
R AL 3 oD A, FATFEZ IR L AR TH
%. ZOXTIX, #HFIZ Gahboninho, HAEMIZI (3-c), =X
(4-c), —0.5 2 L 7= DI Gee-0.5, tHFIZ boulware,
23R (3-2), X 4-b), 0 BFEH L= DL Bab-0 ¥
LTWwW3., KERID, K (3-a), (3-¢c), 4-b), (4-¢) i
EEMRAPEL R2EA»D 2 FR 5. ZhuE, K
BB ICERIM 2152 Z e TTE 2R URBERIT T
HFEOESEIISHL, XHICEEROWMMIE L 2
VWOT, KOEVIIAEZS XS e HREEZT 50T
H3. F7z, boulware IZ & %22 Z Gahboninho 12 & %
FEEDIMAMEIE L RBMEEICH D, 1ITRL
72 3 DT FRE L B LT, BE/KE 1 %D Welch
D EIC X DEBIANERICE N LRI
7=, ZAUX, boulware D JTHEE DRI ZHER ASIH
52657379 ThH5.

5 ¥

AT, HEIRHBICZBT 22 A O FEERL
FEIL LTI BRRE L. BRI, BITFE
FEEDBEWEIHMEIE SN, KFEOEMEIIER
T&E7-.

BE 3

[1] Yousef Razeghi, Celal Ozan Berk Yavuz, and Reyhan
Aydogan. Deep reinforcement learning for acceptance strat-
egy in bilateral negotiations. Turkish Journal of Electrical
Engineering & Computer Sciences, 28(4):1824—-1840, 2020.

[2] Ariel Rubinstein. Perfect equilibrium in a bargaining model.
Econometrica: Journal of the Econometric Society, pages
97-109, 1982.

[3] Shogo Kawaguchi, Katsuhide Fujita, and Takayuki Ito.
Agentk: Compromising strategy based on estimated max-
imum utility for automated negotiating agents. In New
Trends in Agent-Based Complex Automated Negotiations,
pages 137-144. Springer, 2012.

Copyright ©2022 Information Processing Society of Japan.

All Rights Reserved.



