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Herded Gibbs (HG) and discretized herded Gibbs (DHG) are deterministic sampling algorithms designed to be
used instead of random Gibbs sampling. These two algorithms use herding, which is a dynamical system that can
generate samples deterministically, and are efficient in estimating expectations. However, these are only applicable
to graphical models which have discrete variables. By following the procedure of HG and DHG, we propose a new
deterministic sampling algorithm, continuous DHG (CDHG), which can generate samples from a graphical model
which has continuous variables. We also investigate the performance of CDHG numerically and show that it can
estimate expectations more efficiently than random Gibbs sampling.
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Herded Gibbs (HG) &, Bornn 5 [Bornn et al., 2013] IZ
Lo TIREI N, Gibbs sampling = REMIZFTS TIVTY
ALTHB. Tk, Gibbs sampling (25 1F 2 5+ X 46
WNoEDY YT V% herding [Welling, 2009] & IFidh s F
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ABBIKEITHIRIZRY, EHEFIEESEATS. ZoME

HRESE: IR P, R R B S TR SR,

hiroshi_yamashita@mist.i.u-tokyo.ac.jp

LT 2 728, BEALEDOEE NI U 7z discretized herded
Gibbs (DHG) 2 2E X 1172 [Eskelinen, 2013].
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2.1 Herding
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Algorithm 1 Herding
fort=1,2,...,7 do

z® = argmax(wY, ¢(x))
TEX

w® = w4y — ()
end for

Herding ®7 V3V XA % Algorithm 1 (273F. w® 138
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2.2 Herded Gibbs
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LIIRDE) TH 5.

Algorithm 2 Herded Gibbs
fort:=1,2,...,T do
fori:=1,2,...,N do

o=—al) > 2, DIEHORE
pio =Plzi=1]0)
xgt) = ]I(wgt_l) > 0)
) =0l 4o
end for
end for

5, 6 fTH M herding ® X = {0,1}, ¢(x) = 73, 4 = pis
EUEBEICRIELUTWA. Herded Gibbs 1, HIZ Gibbs
sampling % REWRE DIZE IR 727213 TldZ <, Gibbs
sampling % EFBMFEEZ L DI EWRINT WD, HGHHY
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sampling OHEEMED D EUE O(1/VT) THATZDIZH LT,
herded Gibbs Ti& O(1/T) D#EX TP TS Z LRI NT
W% [Bornn et al., 2013]. 772U, THUAND—D I 57
D LTI, #EMEAEUVWEICDERT 2 LIFRST, 2oL ¥
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NTHZR, ERIIZIE, BGUBER RS FELHD Z A 712
BT herded Gibbs »% Gibbs sampling & FFEE U < &
Th% EEDMHEREE £ D LW FERIHRE I TS [Bornn
et al., 2013].

2.3 Discretized Herded Gibbs

HG I3 & 25U U CTEALED 2VO lpETHY, K
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Z ORI ARG 572, discretized herded Gibbs (DHG)
EWVD TN TN ZLMPREINT WD [Eskelinen, 2013]. DHG
DT NIV X% Algorithm 3 (279, DHG Tk, &A%
LT, [0,1] % BEOKMIZAHETS. HHOBIZANWS
HALR %, R SHER P = lleye) PADKMIZE-
TEDD. p MHEURKMIZAZDEFEOREOM TEGIZHANS
HAZBIIHAEINDS. FEED wp WHUT, EHFICHND

HERDMEIZERIERY 55, ZD7-0D, DHG TOEALED
FEHIEAT UH herding DHERLIF—FHETITELLE
DERY, HEMINATADNEL S, DEOMMNS 22X/
TA—=R BWREWVIZEZDEMPREL 85728, N1 T A
NSRS, DFY, BIZHHITREMGHEEE NS T A
DENZIE NV —RA 7DBEBBRELTWS.

Algorithm 3 Discretized herded Gibbs
fort:=1,2,...,T do
for i:=1,2,...,N do
p=P@ =1z
bE pel,thl) 2T EEE TS,

2 = I(w, " > 0)
wiy) = w4 p— ol
end for
end for

3. EE2%HM L TD Herded Gibbs

R 25 7 4 JIVE TV FIZHEEE X N7z herded Gibbs
ZERETL. LT, 2O7I)NTY) X A% continous DHG
(CDHG) &I,

3.1 FIITYXL

DHG & [RBRIZ, 1 DOBHIIN G L L0 %< Dh
DEAEIZHT, TORTEALRELEL TEROEH %17
I, (1) EZRO YD LS REEBEOMT IEADHE] 217
S, (i) HEINALEAR EDE S ICEHZ T D0, (i) #H
APLED I IZHUVWVEROEEZ D DD, OME»DH D
A, CDHG TIXIRDEH12§ 5.
(i) DHG T3 &M SfEROE= XEIZHHIL, FUXHEO
BN TEHMEBZ2HEGELU TN, ZHILi>T, ko LSz
2175, FMASETARFEIMEIRTTDINT A—ZRT N)L
O(zn(iy) WL E2Tplai | zn)) = pizi; O(Tp())) LRIN
TWd T3, RNITA—ZRT MVORTHEMEE L BREX
DO Ry} ICHEIL, BHEBIZ 1 DT OEAER wip 24
X TS, EHIE () BAB T Ry (CHIST 5 HAE
Bowiy &FIOTHS.
(ii) Algorithm 2 ™D 5, 6 TH & ERkDPRIE LT, X = {0, 1},
d(x) =z, p=7 L UELED herding &2 5. T,
BHALH w % w<+ wmod 1 &BIXET I LT Algorithm 4
DEIZEMBRT N T ALICEESHR DI ENTED.

Algorithm 4 Herding 12813531 M A
fort=1,2,...,7T do
z® =T < )
w® = w® Y 4 7 (mod 1)
end for

ZOTNTY XLTIE, WEBIREE w IXEHEEGIC & > THEH
XN, 7 BEIEEOL X, wlid[0,1] KEIRIZ—FRRIZAMT 5.

CDHG TERBRIZ, w ik [0,1] KM —FRIZHMHET S &
DITHEHF LT, &7z, HEOREE LIFD720I1T, GLEF
CHBLUTEVE AT EMHLENTOIRD LS &
B2 NS,

o BE&HMEES] w® — w4 (/5 -1)/2 (mod 1)
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1935) z® 2 AWT, w® = w® 4+ 2O (mod 1)
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(iii) ALBOFREITHEBIEEZ HWS . FEABGEIE, 1 25
RAGNODOY VTV Y TIZENT, —HEL v e [0,1] &%
B AR OBEER F~(x) 2T T o = F ' (u) &YV

TNE2HETHD. EALE wiE
2D, g udRDYIZ

4. WIERBR
%L 72 CDHG OiERE%

(2)-(6)-C )

MEDY VT VT %diolz. M E0F (s | 25) (5 #

[0, 1] KB —1c
AnsdZ&izd s,

RS2, 2 BHER DA

i) WFIERDA N (,02) £B2H, u=px;, 02 =1—p>T
HoT, oldz; TEIET—ETHD. £oT, NTA—L%
P OHZEST ..., [-0.5/B,0.5/B),[0.5/B,1.5/B),... Ll

1/B Tz #I U7z, BIREAEIDNTA—2THD.

JEH D Gibbs sampling &, BEADEH M D 5 % FHBMA
[m#51 (G) 3B\ M van der Corput %1 (V) & U7z 2 FE¥EHOD
CDHG % IiKd 5. UFTIEAY IO FIX CDHG 28
7% B D=k

Gibbs

K 1: &7 3T XAOFIDD 500 KD

Gibbs sampling & B =16 &£ U7z CDHG TOD#]&HD 500
ME7OY MLAZED%K 112”7, Gibbs sampling & X,
CDHG Tk b 50852 Hi- 725663V T Esn&
FIZHSIE>TOWD Z P HEMIZ NS,

72, K7V TY AL EMANT Elxy], Elzize] OHEEZ 100
]9 217572, CDHG TR EID/NRT A—X% B =4,16,64
D 3BIITERTEREIT .

E[z1], Elz122) OHEFEOFOTFREN 212, FHL 5
WeR1ITET. FHOTHTIE, APz, uAiE2s
IS—t VEALIVENDS 15 83— VAL IVEETOHF 2 KT
F7z, RRRIBUMED D RKRMEE TOHIFHEZRT

YO TIZBWTE CDHG DAEMEALTHY, KX

IZBWTZDEENRIV, SEONIIERD L, MWD
T =10% TRAEDOH W G4),V(4) WERETH M, T K
L BRZIZONTHEDOHMNNE ONEFEED D WVIE EED

&2 RBERMMSALND. £z, HEIOHN G(4),V(4) T
T =100 IZBWVWTHED NS 7 AWNIESLDE % EE->TL
FoTWb.

5. &8

/75‘

AR TIE, herded Gibbs D3 NDHILHR Z T4,
BERDHEDOY > 7)) 7128\ T, Gibbs sampling & 'ﬁab
% HRU 7=

BYTANVBBDIZE ST [ o0 fu)du ZRD BB
erthuLﬂﬁﬂ%%wémfia<,erLtﬁ%
IZE S X B KA VE W (low-discrepancy sequence) & EIE
NDPEIR 1 F % VD Z 212 & > THEEMED 280 H S
DFENHY, HEE VT AV D (quasi-Monte Carlo, QMC)
LIFEN TS, Owen 5 [Owen & Tribble, 2005] 1£E D&
BEWS % Gibbs sampling (ZHWS Z & TH#EE Y T )L
ED & 5 BHREMED S EDHNENTEL I 2R Uz, 20D
FHIE MCQMC (Markov Chain quasi-Monte Carlo) & &
nd.

MCQMC & ARG TRE I N/t L TD herded Gibbs
WBREMZRY Y TV T T7NTY ZALTHY, FELSEE L.
TOFHMEELR L, HRERESBROFEL L.

6. HEE

ARIFFED—IRIL, MERIZHM - 1 ) R—Ya va:@ic k)
BB X N2 T 2B R e 7 0 275 A (ImPACT) 12
£V, BEEEMHREEE 2B L CREINZEDTH .
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2: HEEIRADF O
# 1: Elz1]( L), Elzix](FE) OHEEHAE
T =10° T =10* T =10°
mean | variance mean | variance mean | variance
Gibbs 1.10e-02 | 1.35e-02 2.15e-03 | 1.56e-04 | -4.05e-06 | 1.42e-06
G(4) 4.14e-03 | 4.10e-03 1.25e-04 | 1.83e-06 1.39e-06 | 3.36e-10
G(16) 3.01e-03 | 7.27e-03 5.58e-05 | 3.99e-06 2.12e-06 | 1.04e-09
G(64) 1.08e-02 | 1.16e-02 7.09e-04 | 1.09e-05 1.00e-06 | 3.24e-09
V(4) -7.23e-03 | 3.78e-03 1.31e-04 | 1.26e-06 5.00e-08 | 3.38e-10
V(16) 2.42e-03 | 6.92e-03 1.58e-04 | 4.02e-06 9.60e-07 | 1.41e-09
V(64) 1.66e-03 | 1.08e-02 | -3.88e-04 | 1.23e-05 7.16e-06 | 3.61e-09
T =102 T = 10" T =10°
mean | variance mean | variance mean | variance
Gibbs | -9.20e-03 | 1.19e-02 5.68e-04 | 1.09e-04 1.59e-04 | 1.18e-06
G(4) 1.35e-03 | 5.48e-03 | -7.67e-04 | 7.34e-06 | -7.96e-04 | 6.67e-07
G(16) | -2.36e-03 | 8.20e-03 | -2.66e-04 | 7.89¢-06 | -1.47e-05 | 5.16e-09
G(64) 8.61e-03 | 1.24e-02 | -4.39e-05 | 2.07e-05 | -5.70e-06 | 9.04e-09
V(4) -4.55e-04 | 4.41e-03 | -2.10e-04 | 7.85e-06 | -5.53e-04 | 4.05e-07
V(16) | -1.51e-02 | 6.64e-03 3.18e-05 | 6.52e-06 | -1.51e-05 | 4.12e-09
V(64) | -1.86e-02 | 1.34e-02 | -3.76e-04 | 2.18e-05 1.04e-05 | 7.90e-09




