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FEEICSITAIABOEFZIRMIT BICIE
KataGo ® HumanSL 723 Tt+9H ?

HME: A LAYOF — L LA 28T 3221k, AR LAYERLERED, HALD T 3B
HERERED 1 DOTHD. AFRTIE, FEENGRE L, #Hiid DY (Supervised Learning, SL) &0
x, KEDOAM T LA YOG E W8 Xz KataGo @ HumanSL €7 /LIZOWTHNS. BEHN
Wi, () A LWF =LA T VA 2EBT 372012, EMd D EZEETADTH L 2EFORRMERS
AELDEIIHHINE2ZHFHEL, (2) HumanSL O A S LXZFHM L, (3) HumanSL DA S L
XEILIWETIHERRETS. (1) 122V TIE, ERHERREADEF LB TIECEIRNMER S 1l
DIZHF YTV 7T 2TTEN LD T WS A, FcxDRIRTIE, TR AN—Y a > TH D softmax
DIZSP, BELWVHNEZERTEZ ZLHRENE. (2) 20T, BFBEE, LE, HiiFro
FEtE Wo iR VS, (3) oW TIE, EHHiF & OFHIC X 2 MIEZEREREZ ANS. ZO/RR,
HumanSL DA S L EPBEINTVWS Z & 2R L /.

F—7J—F %, KataGo HumanSL, ARS L X, EF ORI

Is KataGo HumanSL All You Need for Imitating
Human Players’ Moves in Go?

CHU-HsuAN Hsuen!'® Kokoro IKEDA:P)

Abstract: Imitating human players’ gameplay is one of the important factors when entertaining or teaching
human players. In this paper, we target the game of Go and investigate KataGo’s HumanSL model, which
was trained using plenty of human players’ game records based on supervised learning (SL). More specifically,
we (1) investigate how the probability distributions over legal moves predicted by SL models should be used
to achieve human-like gameplay, (2) evaluate the human-likeness of HumanSL, and (3) propose a method
to further improve the human-likeness of HumanSL. Regarding (1), researchers often select the move with
the highest selection probability or sample according to the probability distribution, while we find that an
intermediate version, softmax, can better achieve the desired playing strength. Regarding (2), we employ
the metrics of move-matching accuracy, likelihood, and distance to the previous move. Regarding (3), we
adjust the selection probability of a move based on its distance to the previous move. We confirm that the
human-likeness of HumanSL is improved.

Keywords: Go, KataGo HumanSL, Human-likeness, Imitation of moves
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SHEN L fEb 3., DURIE TIEEN AL LA Y%
Watwut&%®ﬁ R B o 72 (1], [2]

IETEYIPREOBEEZ A E T 2MAD T3
Eéz1fm\é[m,my

FEIZB VT KataGo ¥ W I EW AT 7L A4 YHIEET
3., HOMWMEICE DB Lzza—F0 %y b U—2 2iZ
BT, 2024 4F 7 AICRER I NIz vI5 I [5) T, KEDA
M7 LA VYORGEREBR L a2 —T %y b U—2 (M
T HumanSL T3 ) RBIE N7z, LA L, HumanSL
HFRL 7B FOMEIAEHOTEDL HWAMS LKL
TLATELIZPXASNTESL T, if:ﬁﬁﬂ‘ﬁ? L7zwn
BEICENEESHS OOV THERIIFZ .

$ﬁn®ﬁ%@£k20%é.()%¥% S DN
FZEMELT 5. (2) KataGo ® HumanSL 2Tl L 72 &F
DHELDHEHCTEDL BVWARBISLL LA TE5H
BHN, ZOMERE D LICABS LI R\ LI 3R
RETS. 2 OHOHKNEE LT, A5 LS Z2aHlis
IR B IRET 5.

BRSO NHICOWT, BHEHZETIE HERE
RERKOEFEER] WO iEe, HEREERED 1K
FEER LWSHENLCRORS [2], 3], [5. LaL,
INHOHFECEIDBINZEFIEIABS LLRZR 20T
DWTIEHH S 2T o TV iz,

A S L X ZFHIS 2 77 EICOWT, BEFERETIE—
R (O DBERERIRDEVET L, HEETERIHTL
NEBFRFALTH2EE) B flibhs (2], 3. L
L, BIZIEEFH 205D, TFIL A TORERMHELRD
90% + 10%, E7 /v B TOZRRMERD 51% + 49% & VW55
B2, ZO2200FTLVOELEXIITERVE WS HE
Db, TDRH, EHZLOHEHD»SAMS L XZFHbi3
RNEPEEZS.

2. PBIEMARE

Mecllroy-Young & & Maia ¥\ 5, F = 2D ARE#IHHL
BOMGEZ B LT VRIRE LT (3], IS oEE
ZHINC X o THY, BHNFIC 1 20TV E2HMMD D
FETEo7. BHIHOANE T LA Y OEFZTHIT 5
T2 DI2iE, BRI D 2 WIEZ DL DL 228 L7
EFNLED—HEIRLEVERE SN, ETHERS
DFENITIZOVW TR I N WA, FHMliHEEIC —BERH
Aousihizzry, fEhiza— FTOFAL 26, LE
RERRROBEFEER] 20 HER oo #HEHT 5.

MBI Maia D & 5 REEfDH HFEHDET LY, Alp-
haZero D X 5 it FDOET A EZ T LY FTE5 VWS F
EZRZREL, A7 LVAYOEFro—HErmLIEk
CrERLEMA. ZO200FEFAETLY R 58I

LT, ZRZNDETIH, 35—HDEFTILTI EL T
WTERVWIKHEBELTWS ZeFEFohTns. B
REICIX, Maia @ & 5 %2 Z D D EEHDOE T MITIEHA
DPRERRHAEFTH S Z 2t LT, AlphaZero ® &
IR EEDETNMCIEIEL FHITEZ WS R,
AlphaZero @ & 5 R ETMZIZIANE S L BWEBEFIRZ W
TN LT, Maia D XS RET /I AB T LA Y OE
BICHBIBENTFRINTEZ WS HTHS. £, FIH
TESLEERFHMAST 235 1 D0EEr LT, /MNISIEL
B (N7 LAY OBEFOERMERDORAIFEY)) & A,
BRENCIE, ETARTRIL, B s TEF a 2O
R P(s,a) L, 7A MEGEIH 2 FHE e N7 LA Yo
T A LIBFONDOES {(s1,a1), (s2,a2), .., (SN,an)}
TOREE, IV, P(si,a)"N) TH 5. LERRVSX
Uy b 328 THHAT 5.

KataGo ® HumanSL &, #EBDE TV %E(ES Maia &
B, 1O0ETLVTIEIERMNOEFEZ THT
% 5. BFRrAFZFOHNSPHMN R oERE, BHREOD
BHE DAL LTHEL, ETADBRO—FOMRS,
AeHRHEOBELREEZTHT S, ANNCERMBFOR
HEfbiVWmRY, ¥F a voMRkak e oo &ER
HFIZ X2 EREF S fd Maia & 272 %. KataGo 2342
5% API TIX, 7~DM#J)1% preaz_20k 2> & preaz_9d,
rank_20k 7° 5 rank 9k ¥ WS SIS IIKETE 5. preaz &
rank D7, AlphaZero DM ADTRITICHIE o F2HiHET
H2. Tz, 7ol BRAEDEEICIE, proyear.1800 2°
5 proyear 2023 £ WIS S IEERRETE LB TE 5.
EBEFMRTAEDMEVHFICONTIE, NENa— o
BE*2 Tl MERIERE D ICEFZIER] L0 D FEDHELE
3.

3. FlEAE L AES L OFHiER

ABETREED 7~ LA Y2 IZL, KataGo D
HumanSL 23 FH L 7=&FE, DL SWEE L =Bl
LW, 4EOEETHNTT 5. SV BENT
FIMEEE WS ¥ A bSO IHENINF/T, *v T
NHENFZHDTH 2 [6]. 18k 2°5 9d DEIRAITBNT,
E U BRI FE L oXE%E 1,000 323> 7V v Lk,
HEEDFAE L 1E AlphaZero TRDMAADTRAITICIZ 5 F=RID D D
TH 5729, KataGo ® HumanSL DML ] DFLEIZ preaz
PR E Uiz, HESGE LT, (1) KataGo @ H CAHHE
WEDEE LAY bV —2 (katal) ¥, (2) Leela Zero
TREEh, NHO7vEEREOHEELFH Lz v b
v—2 (Izh) Z&®7-.

*1 https://github.com/CSSLab/maia-chess/blob/master/
README.md?plain=1#L60

©2024 Information Processing Society of Japan

*2 https://github.com/lightvector/KataGo/blob/master/
docs/Analysis_Engine.md?plain=1#1435
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(b)
1: EBRICHWZTFIMEAEDOMZEICB W T, KataGo D
HumanSL preaz_{19k, 16k, ..., 9d} & katal & lzh @ (a)
—HeRE (b) LE.
Fig. 1 (a) Move-matching accuracy and (b) likelihood of
KataGo’s HumanSL preaz_{19k, 16k, ..., 9d}, katal,

and lzh in the game records used in the experiments

that were from the Fox Go Dataset.

3.1 —HFE

NS L X DOFHIIC F 5 & ffibh s —8FE GERME
ERmDEBVETY, HiETEBRIH hEFEREL T
B 2EE) THN=. KataGo @ HumanSL @ preaz_19k
25 preaz 9d (MLEDhER) @, EINPHE 18k 225 9d D
BEE (M) 1BV TO—BEER lallRd. &8, A
T X D722 HumanSL QBRI Z 5 IWT W3S (19K,
16k, ..., 9d). » ZERAIOHFEIZBNT, EYERAL
ZOMEDHFRED—BRI b EmNMERN RSN, 2D
FERIIBEERTSE [3], [4) LA TH S, BEIZ, katal (H
O O—HEREBVWRRTRT. BRI preaz £ D
K<, katal [ZHEERRIABS LS RWEE R 3. %7z, 1zh
(7<EEE) O—HEErBWREDOERTRT. WA
TOMEDELIRANE <, EEE TOMED IR E W EA D R
b, THREDORTDH 3.

©2024 Information Processing Society of Japan

3.2 RE
QETHNLIZED, TEZIAMI LA YOEFD, £
TUZBVWTOERRERORM T TH L. —BELH
NT, TEEZHVZ XY Y MIRDEBEYTHS. GhbhH
FTEDED, s1 LW RMEICBWT, A7 LAY 10 A
F8ADRET a1, BY 2 ADETF a0 ZEATZ LWV S
EZES. AT VLA YDEFOEDWHERDMIE a1y 2
80%, a2 D320%TH 5. RICETILA LB, ar; -
a2 DT HNEINFERIZE TV A H380% * 20%, EF /LB
60% - 40%TH2 LT 5. EELDETILYS ayy HIEIRKE
BERKOEFTHD, —BENORICKRS. —HT, T
LAY BOREZERZA (0.8 x 0.22) ~ 061 &
((0.68 x 0.42)M ~ 055 1k D, EFL A BBRLTVS
TrhFRED. Fi, BOTEEEHNTWSDT, R, &
BRICEFEINFEERVHERTTHT 2 0EXEL-
MO FHI T 5.

KataGo ® HumanSL @, FFIIFHE: 18k 7> 5 9d DO#LaE
(HR) 1BV TOREZK 1b ITRT. & 2B OGS
WBWT, ZYEGNL e Z2 DI DREDLED R D &V
HEEE—BEREFAMETH 2. kB, HROBE—BRr &
%, FRZ preaz SEEDHEICITEVIIZ-E D 2 R X
5. REOER?S, TFOUAMT LA YOETFIXEEE
(DA by —2) BETIEAER GEIRMERIIER IT/NX
W) BRHDOHREZV] LEFERDBEERD.

3.3 EfFr ik

FHEDANE 7L 4 YiX, HFEOBEFIIELTZDEL I
OMEBDBH Y, W T LA VIZE ZOMEAD RV & X
3. ZOEAE KT 255 LT, AT TEFrE
AIF O ZHW5. ROV TIE Rémi Coulom K
DEF [1] ZHVWE (DUF Rémi Bl FER). BRI
x T ZEDHHE |6, & y B 722 DMERHE |5, RUZh 6
DEKREORI, DFD, |6, + |6,] + max(|6,],|5,]) TH
%. Rémi FFRfIZ1—2 1 v PR~ Ny & VHEEEIC
AT, FETLA YORBRRIGEVWEEbNT WS,
TIMFAEOMEEICEWT, AT LA YT -5 FL
Z DEHTF D Rémi FEEED 2K 2 DFED KR TR .
18k DFEREFR W SR THED OMEMTH 5. [ UM
FEOZRHED 5 KataGo @ HumanSL OFERSED T -
7% E0, ERiF L O Rémi HREORERZX 2 DI GO
MR T/RT. HumanSL OFERIFIAM T L A4 YORER L 20
SED b, £z, BRHTIERL, JJF\’Eﬁjf
BROBEFIZBOVTHIIL, EBD LN Ko7
ZERR L7223, ikk%7v4%@ﬁ%t%ﬂfu5.:
DFER D 5, HumanSL DA S U X I2E DRHINTE X
NTWVBREFZ 50D LARKRL.

$#E12, katal (HCOXH) OERIF L O Rémi FHEE%E
BVWART/RT. HIZKIE preaz & h KE L, HRTFON
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—— preaz_9d
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61816141210864213
k k k k k k k k k d d

B BR E A 5 T D B AR AL
2: EBICHWITINEHEDMEEIc B W T, KataGo @D
HumanSL preaz_{19k, 16k, ..., 9d} & katal & 1zh @, &
FHERIIME D IATOHE OERTTF & D Rémi FHfE, KK
A7V A ¥ OFTF L ERTFO Rémi FHEE.
Fig. 2 The Rémi distance to the previous move of KataGo’s

HumanSL preaz_{19k, 16k, ..., 9d}, katal, and lzh when

selecting moves according to the probability distribu-

o ol
o~
Q ©o

tions and the Rémi distance of human players’ moves
to the previous moves in the game records used in the

experiments that were from the Fox Go Dataset.

T SERDBBRATFTWE EX 3. £/, Izh (F~v&E
BE) oBERFL O Rémi FFREZ BWIREGOIIRTRT.
KataGo @ katal < preaz & D/NXWEEZE 2 & W5 R
FHEIRGEW. 2B, ZOBHROFEREHEAROFEHIT
RV REOBE Y LTHRT.

3.4 #Ah

M DFHIFEIRIC D WT, AR HIXEEFED HumanSL
TLAYZWAABRNE T LAY EMMSELIRNETDH
B0, THORBOANET LAY eWNFEEED S Z L IXES
TRV, 2079, ANM7L4vofbbiz, #hark
CHIBNLTWE Iy o 2extEF e Uz, BRI
GNU Go level 10*3 (LI GNU Go, 5% kgsSk), &
O Pachi* @ kgs3k & kgs2d DFEEL WS 30D TR T 5
LW,

KataGo ® HumanSL IZDWTE, W= 71272 4D
71 (BIRAD 12E DB T3E 7 IE Y, GNU Go 1213 preaz_8k,
Pachigssk 1213 preaz_3k, Pachixgsoq 121& preaz_2d THIG
¥z, & preaz HEIWC DHBERERRADET) & HER
HERED | 2 WD 2 DDV S THEERL 2. preaz_8k
ZHITWS L, lpreaz_ 8k OERERFKOETF LIRS
LA X% GNU GoJ & [lpreaz_8k DIFHRIERED ICET %
EXT LA YN GNU Go) W o Tt ERZIT-72. 19
B HAL—L, 336 BY, SofifEAagbEIckE

*3  https://www.gnu.org/software/gnugo/
*4 https://github.com/pasky/pachi

©2024 Information Processing Society of Japan

# 1: KataGo ® HumanSL 1235 < 7L 4 ¥Xf GNU Go *

Pachikgsgk * PaChikgSQd @E#Z%?‘Z %O) 95%{§§EBFEE

Table 1 Win rates and the 95% confidence intervals for players
based on KataGo’s HumanSL playing against GNU

Go, Pachiygssk, and Pachiygsoq.

PSLITEES GNU Go Pachiyggax Pachiyge2d
HumanSL preaz_8k preaz_3k preaz_2d
RSN 82.504+5.27%  97.504+2.16%  96.00+2.72%
RS 28.004+6.22%  38.504+6.74%  24.50+5.96%

AT 200 HEITo 7.

FE OB L 2D 5% EHXE %% 1127R3. HumanSL
D preaz_8k ¥ preaz_3k ¥ preaz2d DW\WINb, HERAE
KK OEFERIGEICRELBENL L DX 2012
<, DERMERAD | ICBEFLBEIGEICEE LBl
b WSHERABR SN, FoRIBVWT, 777
LA Y OMGEER 8 LT IS OWT b L 2SR
ThTw3 7).

Z Vo AN RN FEE 2RO D HEH S 5. P
7L A Y DEF2HEE LETVOEE, RICET IV
MDELKFETELLRET S &, EIRERFEAKDEF 2
KNI, BEREZITO 2 LEROMIRYDH 5. D LR
U2 Bl CH 20, FIZIEXD 2 RENIEWTHETF A &5
FEBHBHD, 10 A6 A A, 4 A\DB 2EL, ETL
H A r BOERERZZNLZN60%L 40%e THILzE
5. BRERREROETFZEIE VS HVHRE L EITH
BEF A 2N, FENR T LAY EIDER-oTLE
ST e H D, EPFERM D ICEF LRI WO fNTT
B ZOREICR-TES &, FINZRT LAY RN
PEoNnsd. LaL, —MANCEZDZDET AN £
FETETOVWARIENR V. £z, EEONFETIED -
ZLOREIZEDD, DEFEL TUOEWEFEEATL
F o720 HIWHIDRMMN LV ] 2 W KRIIEDH TS5 LKL
RV FRTE. 2070, EIRERED ICEFEEAL
SN T LAY XD RoTLE S Z L IFAEHT
HBLEZRDL. HELERALGAED O T L4283
7212, BHREERDEWFIZOWTHE 3 2 R/Hhidh 2 &
BZ5.

4. BERIFEDIERICKBHIE

33HITRL/Z&L S, HumanSL IZARBO LA ¥ XD
HEFFIrOHN ZA I OMHEAPD 2 Z e BERLN
Jo. ARETIE, ERiFrOECL2MELZ AN T
BFOERMERZRET 2 7 ECREL, FBINMR
% 3 EOFHEEERE TR 3 5.

4.1 REFE
BT 02 HED 2 =012, ERiFIGEVWEFDE
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RiERIE L, BOBEFOERHERMEL LB XS LEA
S EATS. JFBHE s 1ICBWT HumanSL 23 F#IL 7=, BF
a DENERE P(s,a) ¥ L, ERIFZ o~ T 258,
B U WVEIRIER T
Wia=,a) x P(s,a
lﬂ&M:EM%@ﬂ%x;@;) )

%, d%BF o LERTTF a- O Rémi i (X556
NRATERBRVEGEE), m 2HEEBOEZ L, EAEX
DFEHFHET 3.

1, if a= 2 a D8R

0.1, if d > 14

01+ (14—d)xm, ifld>d>4

0.1+ (14—4)xm, if4>d

(2)

m AR ETIUIHIEDOHENKEL D, EATFIL AT
OEADERLE 22 THT S, ZOEADITOMIEX Shi
LOHR[8] #BHFICLTWED, 2—2 Vv RO
D DIz Rémi FEExE W2 2 v, BEEBEBORD DI
R (2) ®31TH) K22k T, &hEHARBMER
RBHLEZS.

4.2 fER
4.2.1 BERIFCDHERH

BRI F e O X 2MEEX ANZMRE, £TIFE
HIF ¢ OFREECHEM L 72, 3 2D EERT AW = B0 B A
DOEED S B, A 16k, 13k, 10k, 7k, 4k, 1k, 3d,
6d, 9d DHDEMNRY Liz. A7V A YDOET LB
Fo Rémi HlfEE, 20 25HITRT (K2 OFMADK
YET). HumanSL IZDOWTIX, NRMEGE L F U ERHRAM D
preaz s &% W7z, BEEEMIIEZ LD, HumanSL DR
1A DIZHT o 72358 OERTF & D Rémi HEBEORERZ 4
FIHIWIRT. K2R LzED, A7 LA Y OfietRE
BhTW\wa.
FREERIEICOWT, (2) OFTERBOMEE m w587
X —&%, 0.03, 0.05, 0.1, 0.15, 0.2, 0.25 THERL /=.
F L WHER DA D 12HT - 72358 OERTTF & O Rémi Bk
DFEREER 2 D 5-10FIHITRT. m ZEYNEE TIUR,
ANBE 7L A Y OFEHRISEVND DAELN S Z & &R
7=, 2, HAPTHNIEY, m ERELSRELZIE S BV
W WO EAS RSN, 33HTHHELED, WS
LAXIEY, HEDOEFITIEL TE DI IO EHAHH
Wiz, ZOMBRETHEED TH .
4.2.2 —HBRLAE

K, PEHERIE R AND 2 TO—ERE LEADHER
PRIz, BEEALIE, AT LA Y OERTTF & OEEEC R
HIEWHERE1ET- m 238 A, BRI, preaz_16k iZ
m = 0.25, preaz_13k & preaz_10k & preaz_Tk {Z m = 0.2,

©2024 Information Processing Society of Japan

A B CDETVFGHJIKILMNUOZPI QRS ST
19
18
17

16 o

15
14 &
13
12
11

[y
o

P N W s U o 4 0 ©

X 3: BRiFr OHEBHC X 2MEEZAND Z 21Tk > TE
RERRRKOEFL Ik AT LA YOEF L —H LR
H (L EEOETF, =fA LR LD preaz_lk ZEIRHE
BRRKOETF).

Fig. 3 A position (game state) where a 1k human player’s
move matches the move with the maximum selection
probability after the adjustment according to the dis-
tance to the previous move (circle: the actually played
move, triangle: the move with the maximum selection

probability of preaz_lk without the adjustment.

preaz_4k ¥ preaz_1k IZ m = 0.15, preaz_3d I\ m = 0.1,
preaz_6d {2 m = 0.05, preaz_9d IZ m = 0.03 &\ o 7z5%
ExHWTe. EEHESRD 258 L RVWHEO—BERY L
EofRErZzhzn£3 R AITTRT. WTHOBRN
WKHBWTSH, —BERLEM 2 EXEZ L 2HEL
Tz, Fie, HAPTHOT LA VIFEBEIRZ WHEA R
bz,

EHTF & OFERHIC X 2fIEZ ANS 28T, —BERL L
Ezm kX R Rz EREOREZ AW CHAST 5. Bl
FE 1k 7L A YREONE» S| L 1 DOJREZ
K 312Rd. 119 FHKED T LA ¥ RI2 B, 120
FHIZHD LA YA QL2 &, HOBLHDOBICIT - 7-.
113 FH26GUTORMAITbNTE 720, 120 FH
W QI2ICH D Z L3N EICE o THiNLe LTHRTH
2#&EZ25. —7F, 120 FHIZ Q12 D preaz_lk TODEER
MERIZ 0077 TH D, FIAANUIIEFHITRKEVWREIREZT
H % J12 OERFER 0.720 IR THRD/NSWVETH -
7. m=0.15 OEMMHIEZ AN/z5, Ql2 & J12 #h?
NOOFEIRFERD 0.413 & 0.241 272D, EIRELRAOE
FREQRRXE>TABMI LA YDEFE —H L OF
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RWIGED, EFHERSMED I OGEDERT & ® Rémi FEHE

Table 2

The Rémi distance of human players’ moves to the previous moves and the

Rémi distance to the previous move of HumanSL when selecting moves ac-

cording to the probability distributions, with and without the adjustment

according to distance, in the target game records from the Fox Go Dataset.

HumanSL

BIRBEE | AR By W L FHEEIEEAD m

0.03  0.05 0.1 0.15 0.2 0.25
16k 6.56 | preaz_16k 11.58 | 894 828 7.42 6.97 6.67 6.46
13k 6.58 | preaz_13k 11.22 | 877 815 734 691 6.63 6.43
10k 6.74 | preaz_10k 11.04 | 876 8.18 7.41 6.99 6.72 6.53
7k 6.84 | preaz_Tk 10.74 | 8.65 8.11 7.39 7.00 6.75 6.57
4k 7.06 | preaz_4k 10.70 | 8.73  8.21 7.52 7.5 6.90 6.72
1k 7.24 | preaz_lk 10.70 | 8.82 833 766 7.30 7.06 6.88
3d 7.62 | preaz_3d 10.58 | 8.82 835 T7.71 736 7.13  6.96
6d 7.95 | preaz_6d 10.22 | 8.56 8.13 7.54 7.22 7.00 6.84
9d 8.77 | preaz_9d 10.44 | 8.75 8.31 7.71 739 717 7.01
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Table 3 The move-matching accuracy with and without the

adjustment according to distance.

WAL MUIERGE | WiER L WIEDD W

16k preaz_16k 0.400 0.468  +0.068
13k preaz_13k 0.431 0.494 +0.063
10k preaz_10k 0.444 0.502  +0.058
7k preaz_Tk 0.466 0.518  +0.052
4k preaz_4k 0.473 0.522  +0.048
1k preaz_lk 0.474 0.519  +0.045
3d preaz_3d 0.497 0.534  +0.037
6d preaz_6d 0.540 0.565  +0.025
9d preaz_9d 0.563 0.578  +0.015
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Table 4 The likelihood with and without the adjustment ac-

cording to distance.

PUE ST SV MIERL MEDD 3

16k preaz_16k 0.098 0.130 x1.333
13k preaz_13k 0.117 0.154 x1.308
10k preaz_10k 0.125 0.160 x1.277
7k preaz_7k 0.141 0.175  x1.238
4k preaz_4k 0.146 0.178  x1.220
1k preaz_lk 0.147 0.177  x1.208
3d preaz_3d 0.167 0.194 x1.161
6d preaz_6d 0.214 0.235 x1.098
9d preaz_9d 0.247 0.259  x1.047
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Table 5 Win rates and the 95% confidence intervals for players
based on KataGo’s HumanSL with the adjustment ac-
cording to the distance to the previous move playing

against GNU Go, Pachikgssk, and Pachiyggaq.

FHHRAE T GNU Go Pachikgssk Pachikgs2d
HumanSL preaz_8k preaz_3k preaz_2d
PRAERRE m = 0.2 m = 0.15 m=0.1
RS UN 76.00+8.37%  94.00+£4.65%  84.0047.19%
RS 31.004+9.06%  37.004+9.46%  29.00+8.89%

—BRELEOR FICHEM L EEZ TV S.
4.2.3 A

BRIRIC 3.4 82 Ak, preaz_Sk ¥ preaz_3k ¥ preaz_2d
WEDEoR T LAY ZENZN, GNU Go & Pachiggssk
& Pachiggeoq & MEKE 72, & preaz st E I ERMEREK
RKOEF) & NERERED ] 20D 2 0D WAHHAT
EKEEL 72, BEEEHLEHD R X —RI1ZDOWT, preaz_8k IZ
m = 0.2, preaz 3k {Z m = 0.15, preaz2d i m = 0.1 &
W B E & V2. B A S DI R AT 100
AEfTo 7.

HEEDPER & Z D IR EHIXE 2K 5 1TRT. K1 LFH
BRIz, DERIEREA) 72 EC LERMERED ) 2L
HrorFHn WO HANR ST, IR IEZ AN
£12, Pachingesq ® DERREREK] 71 A ¥ HEEERIE
RLICHARTALIEL oz 2 BN, BBROMEIZFE 1
CRERENRR NPT, ZOFER,2S, BRiFrD
BRI K 2 MIEEZ ANS Z EI3MHINDOHEN NI VWETF
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Table 6 Win rates and the 95% confidence intervals for play-
ers based on KataGo’s HumanSL with the adjustment
according to the distance to the previous move that

select moves by the softmax method playing against
GNU Go, Pachiygssk, and Pachiyggoq.

PULIGEES GNU Go Pachijgs3i Pachiygs2q
HumanSL preaz_8k preaz_3k preaz_2d
FRBEALE m=0.2 m=0.15 m=0.1
p=2.00 67.00+9.22% 79.00+7.98% 72.0048.80%
p=1.50 57.004+9.70% 78.00+8.12% 71.00+£8.89%
p=1.20 51.00+9.80% 73.00+8.70%  48.00+9.79%
p=1.10 36.004+9.41%  63.00+9.46% 36.004+9.41%
p=1.05 36.00+9.41%  49.00+9.80% 36.004+9.41%
p=1.00 31.004+9.06%  37.00+9.46% 29.00+8.89%
5. Softmax

£ 1R OBETIE, DERERRAKOETF) 2ER
CRTE, THERED | KWEFELERED I o2FHOE VD
AR SN, RETIX, 0 2 DDETFHRSAOME
WHOHER RS DERV, B x5 ¥ XOHEINGERT %
ZrxzHiEY.

5.1 AWBFE

JATH s ICBWTETF a DERMWERL P(s,a) £ T 5%
awe, NERERERKOETF) 2ERZ L%, P(s,a) x
(P(s,a)™ CRBRITenTES. THERED) OFD
P'(s,a) « (P(s, a)) L OHfEIRZ,

P'(s,a) x (P(s,a))” subject to p € (1,00) (3)

WEDERTES. p WREVIZEEL RE e THRT 5.
FEATHISE [9], [10] TIX Z DA% softmax & PR,

5.2 #ER

3.4 fir 423 H Yk [AEEIT, preaz8k ¥ preaz.3k &
preaz_2d 12 & D fE o 7z softmax 'L 4 ¥ &2 Zh ZFh,
GNU Go & Pachiggssi & Pachiggsoq & XTEEE 7. FRAE
FIERD T X — X132 4.23THLEUFE (preaz_8k 12
m = 0.2, preaz_3k {Z m = 0.15, preaz_2d IZ m = 0.1)
HW. & preaz i E I 1T, softmax DT X — &K
p € {2.00,1.50,1.20,1.10,1.05} ZFE& L 7-.

KELDBFR L 2D 5% EBXMEE 6 1TRT. p ZiEY)
WCEE TR, HEMNCERTE S, DF D EEE 50%
BEICTES 2R L. EBOMED S, preaz 8k
12 p =1.20, preaz_3k iZ p = 1.05, preaz_2d IZ p = 1.20
MELTWDE ZeD0hol=h, 2IKRNICH preaz BRIEIC
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£ 7. TuMEETO HumanSL & 7L > FO—HH
Table 7 The move-matching accuracy of HumanSL and the

blend models in professional game records.

HumanSL 7L Y K E
GoGoD 2012 0.555 0.568 40.013
GoGoD 2022 0.566 0.586  +0.020

YO p REDEVDIZTOWVWTIE, AR SR — VB ROH
LI oTz. TDXKDRANR =V PIEIET 2D OfFIA% 1T
kRoFEL LTHKT.

6. TOMETOVHHER

AETIEHFAED a2 x5 L, KataGo @ Hu-
manSL & HOXMERDO v b7 =2 % T VLV K [4] T5%)
Reohd 5. SHCHOWIEERE, GoGoD 7—&t v
F*5 D 2012 F & 2022 FEOHEED 5 1,000 /T o9 > 7
VY7 LibDTHS. 2012 Fk 2022 FoMGEzhzh
12, KataGo ® HumanSL @ proyear_2012 & proyear_2022
CWVWIOBEEIIL L2, HumanSL £ 7L Y FO—HEKERT
WRS., EBLDEDERTH, HONEAYy bV —2 ¢
TVYRFTBILT, —BEBB LR 2R L.
ZDFERD S, HumanSL O a1+ D& FEfICEB W T
SWEDORMMN D 2 Z v ZR LT,

7. BHOHIC

AR Tl KataGo ® HumanSL ¥ W5, KEDAM 7L
A XY OMFEEHNTEY L2ET VOB REVWE L Z
DANE S L ZIZDOWTHAN., HumanSL 121, FHIL 7
WERRL 2 AT TIEET 2 Z e B TE, HAOWKITEFE
RERDO DB EENS. LrL, HEEFICLZVWE
BRIDESIBHERDMZ LSS DMICOVWTERIL
V. AT DERERERDEFZES) HiE (OF
Dp xp®) & NERERBEODICETEERIAE] (0F
hp oxcpl), RUZNEDHEIRTH % softmax (DF D
p o p?, pe(l,00) ZFN. ZD3DDFEE, HH
DEEHID 70 75 A et X 27265 R, DERERRE KOS
F Pl TE, DERERED ) 20055,
DFEF T A =& p ZHYNCEIETUE, HumanSL 12
AN UTBHAL C IZIEFR CHNICTE 2 Z e 2R L.
F72, 7YOHET L 4 Y OMGEEE Y, HumanSL @
ANHEBLE%, BF—E, LE, EiiFeolEfrvo
THEETHFHME L7z, ZhooiRed iz, SHICAMS
LE M EXE2HEERE L. BERMNCTERFL O
FRBEIC & 2 fHIE 2 B HREERIC AN 2. BRI FIOIWVIE Y%
RIERPKE , BEBWIFEEIRMERI NS 725 X5 ITH
BEfTof. Zhud, ABFIZLAY (RRCHVT LA v)
EHIFIZIGC TZOEL TR s/ dTH

*5 https://gogodonline.co.uk/

softmax
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5. BEERTIE, 3V AVIEEAES LXon LR
MREL, —BRIFRK 68 RA Y hORENR SN,

FERDFEL LTV 2 0EIREIATHS. £,
EPRBRNERODAOMFVHIZONT, THERSMHED I
FER) HIETD softmax FIRTD, R 0.001 D &S 7,
TEADD LR WETFNBIXN 2 RN H 5. HEIRE
BOIEHITNECEFEZRINTZ2 74 LR VT EGET L
72w, Fie, ARETIEEEBERHIES softmax FAD T X — &
70y RYy—F TFEEHTHRD D, FHIL 2 WERAD
Ebol=D, HILWEFADRHED T30, 57X —
X% FEITHRD 3 DIIFNRNPEN0, MrOEEIcE L
LA WhEEZTWS., EELT, SO05HTiE7
DT VLAY EHINATo 7228, TrofEhicsut, fi
ZAXEFITFIC & 2 HEEEIES R 2 RO N2V, &
%12, BRBERIIE  softmax & d L IXE- 727 LA YOETF
BEDL BVHRICAZ 222200 T, EEIAM 7L A
YIFHEL TH S5 2 dEITVWAS.

HEE A BFFE X JSPS B P B JP23K17021 ¥
JP23K11381 OB %237 DTT.
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