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Version

Date

Description

1.2.2

2016-10-1

- Allow to use “FixedValueDistribution” class for
the kernel parameter distribution.

1.2.1

2016-9-28

- Modify unit test scripts in “unit_test” folder
according to the internal matlab unit testing
framework and change the scripts so as not to
save the profile output files to reduce space
required for package.

- Add the detailed explanation in the ReadMe
file to run the scripts in “samples” folder.

1.2.0

2016-3-29

- Add a sample folder “sample2015”

- Allow to select a spline function instead of
“spapi” for 1-dimensional state sequences

- Allow to use multiple observation sequences
for a known state sequence

- Constrain particles within the grid range for
the particle filter algorithm

- Allow to update the observation function for
each dimension at each iteration

- Implement the MH with Gibbs sampling
algorithm

1.1.9

2015-12-22

- Fix LogMvnPdf.m

- Fix scripts for plotting in “sample” folder

- Add sample scripts: sample_for_Kitagawa.m,
sample_for_Lorenz.m, and
sample_for_Motion.m

1.1.9-

2015-12-12

- Delete unnecessary white spaces

- Fix the log file format

- Modify Graphs.m

- Translate Japanese comments in the source
codes into English

- Update copyright (2014 -> 2014-2015)

- Fix sample scripts for random number
generation: add “rng(‘default’)” to reproduce
the same results

- Add sample scripts for plotting

- Add unit test scripts

1.1.8

2014-12-22

Bug fixes in Graphs.m in the case that either
the dimension of state or observation variables
is equal to one

1.1.7

2014-12-14

Change the notations of “PMCMC” and
“PMCMC2” into “PMCMC” and “PMCMC2”,
respectively, in all codes

1.1.6

2014-12-08

Change the notations of “PSMC” into “PSMC” in
all codes

1.1.5

2014-11-25

Add the license information (GPL v2) in all
codes

1.1.4

2014-11-10

Bug fix for one-dimensional state variable

1.1.3

2014-06-30

Initial release
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1. [ CHIZ

AZEX. Monte Carlo Dynamic Classifier > —/VOEITFINEZFHHT DL DO TT,
Monte Carlo Dynamic Classifier > —/UiZ, [EEOBHT — X RINOET LHE, BEX
O DOHEEET VIZ K DIRBRINOHEEZIT D 70 77 LT, HEESNTET ML, B
LM T— 2 FRINCHEH L CTETNVOLRELFET LI LIk, BT —2%5D7 Z
AR EIEAT&E £, MCDC Y — i, LFO7 07T AEN ORI E T,
MCDCTrain
ETNMEET 0 7T A
MCDCTest
ETNOREHRE 0 7T A
Graphs
HEE S NT=ET VD FZ 7 fim B AR
AEOLTOEETIE, Zhoo07ar 7 AOFETHEELEFETH GB 2 ®), Yvnrs 7 A
MR (38 IOV THBILET, /2. AY—NMITHBT 2V I AT a7 Lo—i
Ti%. CMU Graphics Lab Motion Capture Database I[Z TA SN TVWHE—T a3 F ¥
TFxXT—2EFALET, ZOT =X ORAFFHFEFECOVTE 4RI LET,



TS LERTFIEE TRTSLDOET

2. 7095 LDOELT

MCDC » — /LTl BT — % Z5cx L CET AHEEE1TH9 MCDCTrain & | #ET
T E RO TRIMOBIT — & RINORIERFNIOHEFE 2179 MCDCTest Mt SV E T,
ZOEMNT, WEET NVE YT 7T A ED Y —/L & LT Graphs 7 7 A
PIREENET, KETIZINODO T 17T LDFETFTHIECHOWTHHALET,

2.1. MCDCTrain
MCDCTrain BA%i%. BHT — X ZINKH L CETAHELZITY a7 ATT,

211, RITAE
MCDCTrain B#tid, LLTFO L DIZFEITLES,

[ IDX, SKP, OKP, FV, GV, XE, YE, loglik ] = MCDCTrain( ..
algorithm, ...
grids, ...
stateKernelGens, ..
obsKernelGens, ...
stateMeanFuncs, ..
obsMeanFuncs, ..
gridDimForGramMatrix, ...
stateSplineHandle, ...
obsSplineHandle, ..
x0,
xaux, ...

u
y.
N
J
K

aspect ...

)

Flo, LEIOFEATTHA SN 7 7 A NV Z2 Bt iA I KIEFEATE T 22 &b TEET,
ZO%ETE, MCDCTrain B A LL T O X 5 ICF T LE T, MFEITORIZIE, fiEshiz
matfile 725 /37 A —F ZFi AR, HilEl &R U E CEITEZHALET, 7272 L, Name,
Value O ZHET HZ & T, AIEIOREE LEX L THEITTEET,

[IDX, SKP, OKP, FV, GV, XE, YE, loglik] = MCDCTrain(matfile, aspect, Name, Value. ...)

21.2. INSA—4
MCDCTrain D/ RXT7 XA =X T T DO ERY T,



TR S LETFIEE TOY S LOET
INTHA—4 T—HE AR
algorithm Algorithm T o= X KR
grids G doublell cell | JRAEZZRE] FICHERL S 30D K& -4 D FEFE . £k

JLDOfE% double BEF & LT L 7= L
Fle LTHRT

stateKernelGens Dx handle cell | IRREEB LD B — RV FRIDAM, Dx (2K
HEZEfMl D 5 BRHEERI R & SN DWWk e 7
2

obsKernelGens P handle cell BB S D B — R )V HRI 534

gridDimForGramMatrix | int 77 DATHWERUZ W 5 kot

stateSplineHandle handle RREEBEB DA T T4 MBS T
§i%2=0) NN

obsSplineHandle handle BRI OAT T4 NS T LT
2N

x0 Dx*1 double WREE S ORI IR e

Xaux Da*T double BANRRET — 4

u D*T double il fH 7 — &

z P*T double BT — &

N int Particle filter SETHRF DRI 14X

J int MCMC iteration O 2AD [ 1E [H14k

K int BHA 7Y b

aspect Aspect VAT LEREEH (2 7 H )

algorithm /X7 A =2 (2%, LFOWTFNND T T AZ@IRTE £7,

DS5R% 7T XLAR

PSMC IRREER B L BB 2 O AW D T v H A v
U T THERT D, /T A=ZHEII TR

PMCMC IRREER B L BB 2 H O AW D T U H A v
Vo7 THAERT D, 78T A — X H#EEIZ Particle marginal
Metropolis-Hastings #£% H %

PMCMG2 WHEERB RS L BN 2 T U AN O DT o X LY

Vo7 THERT D, 78T A — X H#EEIZ Particle marginal
Metropolis-Hastings 4 HW %, JREBZE/H O E D —RITD
7% BRI D

TNITY XL ELT PMCMC2 25T 25E8121E. S 612, EE S & @85k
DB A, AT NDE =N T A —ZDFEE TR AU TrbER T £4,

D5 R%

7IIL3) XRLARE

MCDCStrategyChoicel

PEMER S & FEE T, WIS =T &R
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7093 LOEST

D5 R%

7IIL3) XRLAE

M3 2, o8BI —x Bz V5

MCDCStrategyChoice2

BAED GP surface #EWEBEE E U CREE%Z Y
VT 5, R — 3 VE SR
WaAH

MCDCStrategyChoice3

BAED GP surface #EWEBEE E U CRE%Z Y
VT 5, R — 3 VE S E
W9, EE S oEETE R Vv A

RBFKernelGeneratorStrategyChoicel

RBF W — %Dl — )V r8F A —Z & H{iI 540
MHET T LY TN TT D

RBFKernelGeneratorStrategyChoice2

RBF B —F VD H—FN8T A—H ZBEED
BOT T NY F—TIZE o TERT S

stateSplineHandle, obsSplineHandle /X7 A —# (21X, H O L2 A7 74 VO
N RVEEESETHN, MEOAT 74 VBEEELTUTEHELTHET,

A

7IIL3) XLARE

GenericSpline

LR ITEDEEEIRBEZE R TR H TE 5 — ki 7z A
7T A A OFEEE, T spapi BIE A FIIH 3
)

SimpleSpline

—WILDFETEREEMTCHHTE AT T4
#0324, GenericSpline LV & & (ZEIET
%, WESTIE spline B4 &4 2

SimpleSplinelnGrid

—WRITOBLEIRBEZE T B 1T IR BEER 5K
FIHTED AT T A AW DFELE, BN T
v RO®PFEIMIH T LE -2 &2, 77U v RO
Ui RS 5 E R ZIT

21.3. RYIE

MCDCTrain IO FITRHER & LTRSS NAEIE, LT EEY T,

& T—AE AR

1DX J*1 double j BB OKE F T o RFES BEEK

SKP A*D*2 double | % a ZPRIEUIIRIT S, KREEBEKO D
— X JLRT A —H (sigma, 1)

OKP A*P*2 double | % a ZEIEICEH T 5, BHIEEDO I —x v
NT A —H (sigma,])

FV A*D*G double | & a ZEXEICH T 5, REELEBEKICL S

B EOE, GIIkE ROV A BT
RE 2/ el

1 MCMC iteration (28T, HaBlHICZIEINIEEDOREEZ DL I ITKTLLET,
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[ T—HE ANE

GV A*P*G double | %5 a SHIEIZI T 5, BLHIBIEIZ L o4&+
R EDOE, G RoY A X—%T 5%
VoYl

XE A*T*D double | %5 a B AEIZH1T 5. Wl t DIRREEEL D
HETE P15

YE A*T*P double | %5 a ZERAEIZHT 5. WXl t OBLIZEE D
HETE P15

loglik A*1 double F a THEXEICEIT A, particle filter (2 X
% HETE O RECLEE

214. HRETZ 7ML

FEATHRFIZIL, aspect DFXAEIZ L7228 » THEMRESRIF SN E S, Zhid.mat JBRDF
YT rANELTHASRET, 77 A VIS TWLS T —ZIZLTD LB D T,

& T—AE AR

algorithm Algorithm MCDCTrain ® /X7 A — X |2 I LTz
algorithm

in MCDClInput MCDCTrain ® /N J A — % D 95 b |
algorithm & aspect #Fr< 97X T

out MCDCOutput | MCDCTrain O RV ED T GRIkiE
BLO, BIEDOKERIEL

215. A5 2I274)L

FEATHITIE, aspect DEEIIZ LTz T 77 AN HhENET, ZHIETTFA b
TBERDT 7 AWV ET, v 777 A VFUTO XD 2RI 0 £,

2014/04/26 11:29:36 — Iteration 18 / 200

2014/04/26 11:29:36 —  StateKernel[1]: [ Sigma=8.932992, L=7.409991 ]
2014/04/26 11:29:36 —  StateKernel[2]: [ Sigma=4.410584, L=2.304895 ]
2014/04/26 11:29:36 —  ObsKernel[1]: [ Sigma=1.711191, L=9.248074 ]
2014/04/26 11:29:36 —  ObsKernel[2]: [ Sigma=9.867704, L=9.599577 ]
2014/04/26 11:29:36 -~  ObsKernel[3]: [ Sigma=7.700470, L=8.679293 ]
2014/04/26 11:29:36 — Creating GramMatrix using 1 dim. .

2014/04/26 11:29:36 - StateKernel [1] Done
2014/04/26 11:29:36 - StateKernel [2] Done
2014/04/26 11:29:36 - ObsKernel [1] Done
2014/04/26 11:29:36 - ObsKernel [2] Done
2014/04/26 11:29:36 - ObsKernel [3] Done

2014/04/26 11:29:36 — Drawing GP surface. ..

2014/04/26 11:29:36 — Estimating using particle filter... (N=500)
2014/04/26 11:30:20 — Acceptance log probability = 232745. 510426
2014/04/26 11:30:20 -  loglH = -5347068. 232758, accepted
2014/04/26 11:30:20 — Elapsed time is 44.324939 seconds.
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2014/04/26 11:30:20 -  j: 8 bytes

2014/04/26 11:30:20 -  IDX: 1600 bytes
2014/04/26 11:30:20 -  SKP: 128 bytes
2014/04/26 11:30:20 - OKP: 192 bytes
2014/04/26 11:30:20 - FV: 61504 bytes

2014/04/26 11:30:20 - GV: 92256 bytes
2014/04/26 11:30:20 -  XE: 122752 bytes
2014/04/26 11:30:20 -  YE: 184128 bytes
2014/04/26 11:30:20 - loglik: 32 bytes

2.2. MCDCTest

MCDCTest Bd%#tiZ., MCDCTrain IZ k> THROLNIZET LA HWTRIMDT — X OIREE
EHEELET, BRORRLET VAR TIREBHEE 21TV, TNENOLE L kT 5 2

LT 2 T AR~ OIE b TR T

221. ERIAE

MCDCTest B3, LLTDO L SICFEITLET,

| [ result, FnState, FnObs ] = MCDCTest(u, y, N, modelFile)

222. INTA—4H

MCDCTest BA¥( D /37 A =X |ZLUTD LBV TT,

NG A=A T—AE AR
u D*T double il 7 — &
y P*T double BT —
N int Particle filter SETHRF DRI 14X
modelFile chars EFTINT 7 A )L
223. RYIE
MCDCTest BA¥tOEITHER L L TRENDEIZ, LFDEBY TT,
fE T—AE AR
result ParticleFilter | j[BIH OKE £ TORBEZ I
FnState handle AETER B
FnObs handle B ER %K
RV AED result (2, particle filter |2 X 2 RBEHEE O RN G ENE T, ZHITZLL T O
EERBET,
& T—AE AR
Particles N*T*D double | K¢l t (Z351F D &L 1 D LR
Weights N*T double FEZ t I8 1TF A KR - D EA
Loglik double HEE S VT2 R B O KB
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2.3. Graphs
MCDCTrain & X » THEE S 72ET /UL, Graph 7 7 RZER SN BAEHEEE W T
PDF 7 7 A NMICH AT H5Z N TEET, UUTFTDOT 7 7% HIARETT,

2.3.1. Graphs.YE

BT —2 R WEET NV EHWTRL T 4 VZIZE > TEIMT — & %3880 L7k
RoWH#HERE 7 7 7 2 LE9, MCMC iteration D T, 8T SN EDEIZHIT
LDWEET N EMWREELZH A LES, BT —FRINOKRTI LI T 7R hEn
F9, UTOXIICETLET,

Graphs. YE( ...
outputFileNamePrefix, ...
matFileName, ...
iterations, ...
times ...

)
INTA=FITUTOEEY TT,

INDA—4A T—45 % S
outputFileNamePrefix | charll 7S5 777 A NDT 7 A VA EERE, 7

7 A VL, FRE SN BEEEREC, otk s
YEEF. pdf 2Nz 720 Dlcn £9

matFi | eName charll HEEET V& ST Matlab 7 — % 7 7 A V4

iterations int/] 7'a oy M3 5 H#EEE O MCMC iteration % %)
2Oy

times int/] Tay b 5T — X RYIOHIPH, BT T
—ZRINOEEEH I LET

2.3.2. Graphs.XE

HEET NVERHWR 17 4 VEIC X DRERVIHEEEORHER 7 Z 7 2 M LET,
MCMC iteration DT, FEE S NT-FFEDOKEICB T HHEEET VEHWZREREZH I L
FI, WRERIIOWR T L7 I 7NEDEINET, UTFTOLHICFEITLET,

Graphs. XE( ...
outputFileNamePrefix, ...
matFileName, ...
iterations, ...
times ...

)

NI A=ZEFUTOEBY TT,

INDA—4A T—45 % S
outputFileNamePrefix | charll 7S5 777 A NDT 7 A VA HEERE, 7
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NS A—4H T—45 % AR
7 A VAL, FRE SN BEEEREIC, otk L
YEEF. pdf 2Nz 720 Dlcn £9

matFi | eName charll HEEET VE ST Matlab 7 — % 7 7 A V4

iterations int/] 7'a oy M3 5 H#EEE O MCMC iteration % %)
Ay

times int/] Tay 5T — X RYNOHIPH, BT
—ZRINOEEEH I LET

2.3.3. Graphs.YEMean

BT — 2 55 HEEET LV EHWTCR A7 4 VZIZ L > TBUHIT — % & 3BBF L7
ROWMHER 77 7 %27 LE 3, MCMC iteration DK%z LI-HEET VEZHWE
T, BT — 2 RINOWRIGTLZ L7 T 7PN ENET, UTOXIITETLET,

Graphs. YEMean ( . ..
outputFileNamePrefix, ...
matFileName, ...
times ...

)

NI A=ZEBUTOEBY TT,

INDA—4A T—45 % S
outputFileNamePrefix | charll M7 ST 77 A NDT 7 A VA HEERE, 7

7 A VAL, FRE SN BEEEREC, otk L
YEEF. pdf 2Nz 720 Dlcy £9

matFi | eName char|] WEET L EZate Matlab T — &% 7 7 A V4
times int/] Tay NI 5T — X RYNOHH, BIEEXT
— X RO KREH I LET

2.3.4. Graphs.XEMean

HEETTNLVERHWERL 7 4 VAKX DIRERSIHEEMEO R MR 77 72 LET,
MCMC iteration DK% P LI HEET V2 HWET, IREERIIOWR T L1127 T 7R
HhanEd, UFOXICETLET,

Graphs. XEMean ( . ..
outputFileNamePrefix, ...
matFileName, ...
times ...

)

NI A=ZFUTOEBY TT,

INDA—4 T—45 % S
outputFileNamePrefix | charll 75777 A NDT 7 A VA HEERE, 7
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NS A—4H T—45 % AR
7 A VAL, FRE SN BEEEREIC, otk L
YEEF. pdf 2Nz 720 Dlcn £9

matFi | eName char|] WEET L EZate Matlab T — &% 7 7 A V4
times intl] Tay NI 5T — X RYNOHH, BIEEXT
— X RINOEKREN I LET

2.3.5. Graphs.Loglik
ETNAHEEIZBW T, MCMC iteration Z & IZHEE I NT-ET VORELEEZH I L E
To UTOLSICHEITLET,

loglik = Graphs. Loglik( ...
outputFileNamePrefix, ...
matFileNamel, ...
matFileName2, ...

)

NI A=ZEFUTOEBY TT,

INDA—4 T—45 % S
outputFileNamePrefix | charll M7 ST 77 ANDT 7 A VA HEERE, 7

7 A VI, FEE S BEERRRIC. pdf 2T
Mz T=b oz £9

matFileNamel, 2, ... | charll HEET NV EET Matlab 7—4% 7 7 A )b
Yo BET 7 ANERE LSS ThE
N&E—R¥ELTT 7 72HmL £,

BEORYEIZLLT DO L EBY TY,

RYE T—42E S
loglik double ETIVOXEAE T

2.3.6. Graphs.Rmse
T NHEICBWT, % MCMC iteration £ COHEETT V&2 A WTHEHNT — % R5 %
HEELTEEROVEY “FRELHILET, UTOXIICFEITLET,

[RmseMean, RmseStd, Rmse] = Graphs.Rmse( ...
outputFileNamePrefix, ...
matFileName ...

)

NI A=ZEFUTOEBY TT,
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INDA—4A T—45 % S
outputFileNamePrefix | charll 75777 A NDT 7 A VA HEERE, 7

7 A VAT, FRE ST BEEERA . pdf A AP
Mz 7=tz £4
matFi | eName char|] WEET L Zate Matlab T — &% 7 7 A V4

BEORYEIZLLT DO LB Y TY,

RYE T—AE AR

RmseMean double % MCMC iteration £ TOET /L CTHIE L7z
B TR O

RmseStd double % MCMC iteration £ TOET )V THIE L7=
) TR OEEFZE T

Rmse doublel] % MCMC iteration &£ TOET /L THIE LT-
Bt DY) TRFRAEOATHITT

24. 707 F LETH
MCDCTrain |2 X 2 ET AHEEOFETHI & LT, Kitagawa E7 /L0 B AR L7287 —
2 RINOHEEEAT OB 2R LET, AETHHTL2ARICEAFETHNILLTICH D £,

| samples/KitagawaMode |PMCMC2Estimation. m

241, BAT—2DERK

FPT. ETFTAMEORN L L TABNT — 22 HE LET, Ak, BHF— % I3HIE 2
S5 HOTTN, 22Tl Kitagawa EFANSAER LT-TF — 2 RN BT —% L L
THFIALET,

[x, y] = KitagawaModel (1000, 0.5, 28, 8, 0.6, 30, 10, 0.05, 0.06, 0.07, 0.08, 0.1, 0.1);
u = repmat(cos(1.2 * [1:T]), 2, 1)’ ;

ZOa— KXy, yIZBHT — X RINPEMEINE T, x ITITREDRVIDEM I L E
TN, x IZTZOHOUETIHFAHLEREA, £7-. Kitagawa 7 /L Tlix, FEOFIEHT —
BBz 570, BT —2OERICEDLE T, fIHT—2 25 Z 2 TAEMRLTHET,

242, REZEOTHA >

MCDCTrain IZ. JREEZERIETF L Z KM E L TCETAMELZITWET, BIEDO T 1 7T L
TIE, REEZER oW, WEAKOEI S FHHE G226 ERZH Y £, LT TIE, =
WITLOARFEZEM & % | £ RITIZTDONT-30 705 30 DHEPH T 2.0 AN B DK FHERELE
7

grids = { ...
[-30:2:30], ...
[-30:2:30]

-10 -
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i

ETAHEOMITIE, T CTRESNTHKE A ETH Y ZBRENOEKOMEE 7
Vo7 L, ENEATTA AT 52 & TIREBIERRES, BINREKEZEY 5, K Fa%
F0%L, KVERFIZID Z ETETAORBINIEL 20 £ 5, LHEFEHE, AT VM
BEOAKIBICHEX 22 L1270 £,

243. ETILOTHA Y

WIZ, IRIEEBE . BSOS VA2 T A LET, MCDCTrain Clik. IRIEER
RIS & BB DO F N ENITHONWT, A R@ENSEEE Y 7Y v 7T O EHE
B, I—2 N EATHE 52D Z LN TEET,

stateKernelGens = { ...
RBFKernelGenerator (UniformDistribution(0.01, 10), UniformDistribution(0.01, 10)), ...
RBFKernelGenerator (UniformDistribution(0.01, 10), UniformDistribution(0.01, 10))

};

obsKernelGens = {
RBFKernelGenerator (UniformDistribution(0.01, 10), UniformDistribution(0.01, 10))
RBFKernelGenerator (UniformDistribution(0.01, 10), UniformDistribution(0.01, 10))
RBFKernelGenerator (UniformDistribution(0.01, 10), UniformDistribution(0.01, 10))
)

stateMeanFuncs = { ..

@(x) (al .* x(1,:) + bl .* x(1,:
@(x) (a2 .* x(2,:) + b2 .* x(2,:
};

)/ A+ x(d,0) .7 2), ...
)/ (1 +x@2,0) .7 2)
obsMeanFuncs = { ...

@(x) (dl .xx(1,:) .7 2+d2 .*%xx(2,:) ."2),

0(x) d3 .*x(1,:) .72 ),

@(x) ( dd4 % x(2,:) .7 2)

)

ERROa—RITE, RFA—=F o 13& BT [0.01, 10]O—HEAGIZHE D RBF 71—
v O OERER U X Kitagawa B 7 /L OARAEER BAEL, BB 23 & L T\ E T2,

24.4. MCDCTrain @7 I)LI") XLEBE

MCDCTrain @ MCMC iteration THIHT A7 /T Y XA ERIRLE T, I—FNLXT
A =& SEHERR A FRIOAMICEE T S, BEER SRR T £,

kernelGeneratorStrategy = @RBFKernelGeneratorStrategyChoice2;
mcdcStrategy = @MCDCStrategyChoice?2;
algorithm = PMCMC2 (kernelGeneratorStrategy, mcdcStrategy) ;

PRIICIE, BOETANRMTH L0, FIMEREE LTHOET NV ERET H I LITTEEEA,

-11 -
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FHATET A2 7 ) > 7% ANT, iBH O MCMC 2579 5 2 L #16E LT,
XT AP TV 7 AT HEORMT 256 2SR LTI ZEWN

| algorithm. SetPMCMCProbabil ity (1.0) ;

RHEEB B, BB A RME LCH Y ABBICLAHEEZITOIT-H. RO L HITHTE
LET, WINOOBEBENENTH L5513, HEAITOTICEITTDHZ L L A[RETT, 7
X 2.5.1 i, 252825 T ZEW,

stateMode| = GaussianProcessModel (ModelKind. State, algorithm);
algorithm. SetStateModel (stateModel) ;

obsMode| = GaussianProcessModel| (ModelKind. Observation, algorithm);
algorithm. SetObsMode| (obsModel) ;

Z DM OFHTE T9, MCDCStrategyChoice2 % iR L 7= 35A 1%, IELEIRAEZE M o v CHR T
ThWE BT RLEe —OBRRLET, £, T2 THAT 57 — 2 I3ZRCOBERIEZ
MZFFO>DO T, A7 74 HlifEllEL GenericSpline Z#HE L £ 77,

gridDimForGramMatrix = 1;
stateSplineHandle = @GenericSpline;

obsSplineHandle = @GenericSpline;

245 ETIHEDOETICET HEE
ETFNHEDORKERE., ki3, £/, n 7 77 A VOB EEOREEZITVET,

x0 = zeros (1, 2);
N = 500;
J = 100000;

aspect = Aspect () ;

aspect. LogFileName = ' logs/KitagawaMode |[PMCMC2. log’ ;
aspect. MatFileNamePrefix = ' logs/KitagawaMode |PMCMC2’ ;
aspect. SavesIntermediateMat = true;

aspect. IntermediateMatInterval = 100;

BIERERINZRAME L TR F 7 4 VR ICEDHEELITOT-O, ROLIITHREL X T,
RANDBEEHDOGZAER, BEOT — 2 25 ERHTE G607 0 7T AFEITHEZONT
X, 253 HiaZH L T IEE0,

|ikelihoodCalculator = PMCMCParticleFilter (x0, xaux, u, y, a, r, N, 0);
algorithm. SetLikel ihoodCalculator (likelihoodCalculator) ;

246. ETIHEDET
ZZFETOHRTEEZHAWT, MCDCTrain IC X B EFAHETELZ FEIT L F 4,

[ IDX, SKP, OKP, FV, GV, XE, YE, loglik ] = MCDCTrain( ..
algorithm, ---

grids, ...
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stateKernelGens,
obsKernelGens,

stateMeanFuncs,

obsMeanFuncs,
gridDimForGramMatrix,
stateSplineHandle,
obsSplineHandle,

x0, ...

[1, ... % No auxiliary states

u
y.
N,
J
0

aspect ...

2.5. MCDCTrain D& ELFAA X

MCDCTrain 7' v 7 7 A% FEITT HES Algorithm 47 Y =7 M & @UIIHRTET 5 Z LI
F0. BEEOCEMEL R DZNHAEITOEDL ZENTEET, AHTIE. TO LI REERE

ITHEZOW T L E T,

251. REEBETILENENILERTET S

MCDCTrain THERE I 2 REEZEME T /LI T, ikHbl_ﬁgqfifibﬁ‘ﬁ%%DODia/\ (BRIP4
HPOETNEEZDZENTEET, TETANEZLNTEEAEIZIE, MCDCTrain Ttk

BEEBET LOHEZITHT, %@%Twmﬁm@é%ﬁwiﬁ

N HIRREERR T T V&2 5 2 521X, Algorithm 7 7 A ® SetStateModel # Y v K%

FMHLES, 2= plIZLUTITRLET,

h REBBRETILZEABEHOEINELTERT S
stateMeanFuncs = { ...
@(x) (al .x x(1,:) +bl .xx(1,:) / (1 +x(,:) .7 2),
@(x) (@2 .* x(2,:) +b2 .*x(2,:) / (I +x2,:) .7 2)
)

% Algorithm #7149 FE24ERT S
algorithm = PMCMC2 (kernelGeneratorStrategy, mcdcStrategy) ;

% Algorithm #0729 FMTREBBETILZRET S
stateMode| = FixedModel (ModelKind. State, VectorValuedFunction (stateMeanFuncs)) ;
algorithm. SetStateModel (stateModel) ;

TR LENBEIC L D2ETHNEL, BLTICHY £,

samples/KitagawaMode |PMCMCEstimation_stateFixed. m
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252 BBIETILENSBHLLERET D

MCDCTrain THEE T D IRAEZERIE T LTIV T, BT T ADBBERM O E 121X, FMD0>
DETNEG 2D ENTEET, ETADE 2 5REHE121X, MCDCTrain ClE&IHE
TNOWEZITOT | IREBEBET NVOHEEDHLZITVET,

SR B BLE T L & B 2 5 121%, Algorithm 27 5 2 @ SetObsModel # ¥ v RZ&FIH L
FT, 2= FEIZLTFIRLET,

b BAETILZELEROEINE LTEET S
obsMeanFuncs = { ...

@(x) (dl % x(1,:) .~ 2+d2 *%x(2:) .72,
@(x) (d3 .xx(,:) .~ 2 ),
@(x) ( dd4 % x(2,:) .7 2)
)

% Algoritm#A Iy FEERT S
algorithm = PMCMC2 (kernelGeneratorStrategy, mcdcStrategy) ;

% Algoritm#A Iy FZEBBRETILERET S
obsModel = FixedModel (ModelKind. Observation, VectorValuedFunction (obsMeanFuncs)) ;
algorithm. SetObsMode| (obsModel) ;

TR LENBEICLD2ETHNEL,. BLTICHY £7°,

| samples/KitagawaMode |PMCMCEstimation_obsFixed. m

253. BEKEBRINENBMOHRET S

MCDCTrain TO%7 WAHEE TIE, @H1%, BT —2 ORI OBz 52, kit 7 4 H
ZRAWTEIEREBORINZHEE LE T, 2720, BEREORII G BRI OGEIIE, BT
—ZICEDETHRMERET -2 b 5252 L TR F 7V Z ZFHETIC, B2 bR
FIOAERHEREFRE L TET VOZHMBRELFFE TN TE T, BERERIIZH
ETDa— Mzl IR LET,

% Algoritm#A Iy FEERT S
algorithm = PMCMC2 (kernelGeneratorStrategy, mcdcStrategy) ;

% BERERINZBEAME LTAlgoritmA T2z FIZERET S
|ikelihoodCalculator = KnownSequence (x, xaux, u, vy, a, r, K);
algorithm. SetLikel ihoodCalculator (likelihoodCalculator) ;

KnownSequence 7 7 A2 A NT 7 ZDO/NTA—=ZFLLTFD LY TT,

NG A=A T—AE AR

X Dx*T double BLEIREET — &
Xaux Da*T double BANKEST — X
u D*T double T — &

y P*T double BT —#
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INTHA—4 T—2E AR

q double WHBER /) A ADoK
r double BLR A XD53HL

K int WA 7> b

TR LENBICED2ETHNEL, BLTICHY £,

| samples/KitagawaMode |PMCMCEst imation_knownSequence. m

254, FEAIR/ARXREZRAVWTHKRERINZHET S

MCDCTrain TOET AHEE TIE, BHIX, VAT AIZMZBIND /A RIEH T A5ARIC
LIEBISDERELET, 1272 L, AU RGHMDIENIZ S WL DNDOFERSMNBHE I
TRV, MRS EZEIRL T Algorithm A7 V=7 MIEETDHIET, IEHVTA /A X
ERHOWTRERINZHET 22 LN TEET, BERERINICMZ 6N /) A X 2R ET
La— Rz TIRLET,

% Algoritm#A Iy FEERT S
algorithm = PMCMC2 (kernelGeneratorStrategy, mcdcStrategy) ;

% EBIEIRERINICIMZOND /A XDEEIGEERT S
xdim = size(x0, 2);
stateNoise = CauchyDistribution(0, g, xdim);

% /A XDEESTE AgoritmA T2y FZERET S
algorithm. SetStateNoise (stateNoise) ;

BHRINIINZ HID ) A AR ET HITIL, FERIC ) A ZOERSAEZER LD,
Algorithm 47 ¥ = 7 F® SetObsNoise £ ¥V v R&EHWTHERSMEZRELET,

?‘““Tﬁ‘éiﬁ%%ﬁﬂﬁ&%ﬁ DNRFGA—=HFUTDLEEBY T, RKEDNFTA—FD dim
TiE. R E IR ok AR E L £,

EEI - NS A=A AR
CauchyDistribution(m, v, dim) a——55 A
CE# m, 28v)
ExponentialDistribution (mu, dim) = p il
(¥ mu)
GammaDistribution(a, b, dim) =~ S5 A

eIk a, A4 —/1b)
General izedParetoDistribution(k, sig | —f#{k/SL — b 545

ma, theta, dim) (BIR k, A/ —/L sigma, /L& theta)
LaplaceDistribution(location, scale, F 7T A5
dim) (f7.7& location, A4 —/L scale)
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BEL - INTA—4 AR
NormalDistribution(m, v, dim) EHLS AR

CE¥ m, 3 v)
TDistribution(nu, dim) t o3 AR

(H HE nu)

t PO A 7 — Vo3 A

CE¥) m, 558 v, HHE nu)
e — kR AT

(FR 1b, FBR ub)

T A T NG

(Ar— v a, IR D)

TLocationScaleDistribution(m, v, nu,d
im)
UniformDistribution(lb, ub, dim)

Weibul IDistribution(a, b, dim)

TR LENBICED2ETHNEL, BLTICHY £,

| samples/KitagawaMode |PMCMCEstimation_nonGaussianNoise.m

255 BHOBHMOT—2RINENEHLEET S

NR—= g 1.2 IO MCDC Y —/LTlE, 2.5.3 HiONEZILEL T, #HEOEMDOT
— X RINEINE PG ZTETNANRTA—ZEWETZLIIICRVELE, ZORED
a— REIZLLFICRLET,

% Algoritm#A Iy FEERT S
algorithm = PMCMC2 (kernelGeneratorStrategy, mcdcStrategy) ;

% EHOBHDT—42 K5 % AlgoritmA T2y FZERET S
likelihoodCalculator = MultipleKnownSequence (X, xaux, u, Y, a, r, K);
algorithm. SetLikel ihoodCalculator (likelihoodCalculator) ;

MultipleKnownSequence 7 7 A AL A T 7 ZD/RT A —=Z[ZLLTFO LBV TY,

NG A=A T—AE AR
X Cell of BIEREET — % o' /VELS

Dx*T double B/ Dx*T EROITHN Z ML £ 5
Xaux Cell of BINKEET — & D& /VELS

Da*T double B Da*T BEROITHZHM L £
u Cell of HE T — &% O L ELS

D*T double FE M D¥T EROITHIZHM L £
Y Cell of BT — & O' VES

P*T double FE M PYT EROITHIZHM L £
q double WHEER /A X D43k

double BLR ) A XD53HL
K int BUA 7> b
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2.5.6. Metropolis-Hastings with Gibbs sampling I1Z & 5 # 3

N—T = 1.2 PO MCDC Y —/AClx, EM EOKEEEICHE T, PMCMC &
MH with Gibbs sampling {EZ fERAITRINL TFEITTH L HICRV E LT, ZNLENDS
ADNERENDMHEREZRDO L DICHIHTEES, 0006 1 OMOEEREL., 0 2 ET D
& i 1Z MH with Gibbs sampling £, 1 Z$8E 7 5 & #IZ PMCMC {£I272 0 £9°, RIEEE
DY H OBEEMIE 0.25 TY,

algorithm = PMCMC2 (kernelGeneratorStrategy, mcdcStrategy) ;
algorithm. SetPMCMCProbability(1.0); % Don't use MH-Gibbs

-17 -
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3. 70455 LR

AKETIZ. MCDC Y — D7 a7 5 AMERIZOWTIRALE T,

31. T7 4 ILHERK

MCDC Y —/Vi%, Matlab D7 a7 7 AL L TERENTWES, Y0/ I L87 741D

—RIBUTO LB T,

T74IL% A&

Algorithm. m ETFNHEEIZANDS T LY X A& FKT
LEIES T A

Aspect. m T rT LAEEEEDDLRIES T A

BoundedNormalDistribution.m

IEDHFPHIZIRE & N7 IE o Af

CauchyDistribution.m

o3 A

CheckGridTransformation. m

7'V v ROGBITHT HHAT = v 7 B

CompositeLikel ihoodCalculator.m

BERINOREZRD D7 T A

ContinuousUnivariateDistribution.m

e AR B SR 3 AT &2 £ HBRBEE 2 T 2

DBA. m

DTW Barycenter Averaging M 324

DBAAlign.m

DBA % W\ TRAIR 24 2 2 #fiBh Y — v

Distribution.m

M= & R T HRIELIK 7 7 X

ExponentialDistribution. m

RS AT

FixedModel.m

B SNIzTT v, HEEZITHR

FixedValueDistribution. m

R E D — i & HUD o3 A

GPSurface. m

7'V v ROGRZRD % B

GammaDistribution.m

H <55 A

GaussianProcessModel. m

REZEMET v, AU AMBRIC L DHEEE

%f

)
GaussianProcessMode |Rotate. m REEZEMET L, HUABRICLDHES
75, EM 73U X ADOKKETREkD

—RTDIHEY T TT D

GeneralizedParetoDistribution. m

RIS L— R

GenericSpline.m

ZIRTEAT T A Al %L, spapi A% %
W3

Graphs. m

77 7 ] B

GridData.m

RREZERIZBIT 527 v G

[terationStrategy.m

EM 73U XADKEFE (g llE s
7 A)

IterationStrategyDefault.m

PMCMC I LD RIEZTTH

[terationStrategyMHGibbs. m

MH with Gibbs sampling | & % K18 %17
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J774IL4%

ES

-

2

IterationStrategyProbabilistic. m

PMCMC £ & MH with Gibbs sampling 7%
ZHERMITRIRT 5

Kernel.m

J1—x VB (SRIEIE 2 Z %)

KernelGenerator.m

T — VB A R R ALE 2 T 2)

KnownSequence. m

RO E T 55R5, K7 4 V5
(X DIREERINHEE 2 TP

LaplaceDistribution.m

Z 7T A3AR

LikelihoodCalculator. m

RINDLJE 2 KD DLHREEE 7 T A

MCDCInput. m

EFAMEDAN ST — X

MCDCMatFile.m

EFNAHEDOTE 7 7 A NVH 7 T A

MCDCOutput. m

BT VHETE O HITRER

MCDCRegression. m

HWEETNVIZLAEIGET 0 7T A

MCDCStrategy. m

MCMC OEEZEED HIRILE T T R

MCDCStrategyChoicel. m

MCMC O#EWEZED 5 7 7 A, EHEEE %K
EEEP, WIS o —ETF AR AT
5

MCDCStrategyChoicel _PSMC. m

MCMC OEMEEZED D 7 T A, EHIHEBEK
BT, W7 — T AT
5

MCDCStrategyChoice2. m

MCMC OEEEZTED D7 7 A, BHED GP
surface Z FH¥JMER%E L CEAEKEZ Y7
Vo745,

MCDCStrategyChoice3. m

MCMC OEMEZED D7 T A, BFED GP
surface & FHERASE L TEEEZ Y7
Vo745, oEEKREFEET. EE
SN HATHN 2 VW D

MCDCTest. m HEETTVOXEHE 0 7T A
MCDCTrain. m ETTNMEET 0 T T A
Mode . m WEEZEMET NV ERTHREE Y 7 A

Mode |Functions. m

TV ROBBIIXTBHARATT A B

Mode |Functions2. m

TV ROBBIZXTBHATT A B

ModeIKind. m

7 VAR

MultipleKnownSequence. m

B DB ORINT 5T 5 LEFHR 1T 9

NormalDistribution.m

ERL AR

PMCMC. m

ETNAHEET VT Y XL, REEEBEM L
BB A T 7 BN DT o F N
TV T TAERT D, RNT A=K HEI
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274IA RE
Particle marginal Metropolis-Hastings {£
ZHn5

PMCMC2. m ETAMEET LAY X5, REEBREE L

BB E T AN DT U F N
TV T THERT D, RTA—FHIEIC
Particle marginal Metropolis-Hastings 7%
WD, REEZEF ORFE D —IRITTD I %
OBV D

PMCMCParticleFilter.m

ki 7 4%, PMCMC ECTHIAT %729
\Z Ancestor sampling %17 9

PSMC. m

ETAHEET VT XL, REBEBREK L
BRI AE T AEENO DT U H LY
TV T THERT D, NT A= ZHEEITAT
DR

ParticleFilter.m

AR R

PlotGraph. m 77 7@ 7 —F >, Graphs.m > 5 Fl)
Hahns
RBFKernel.m RBF B — /L, w7 2@ FE o0 458k &

L TR %

RBFKernelGenerator. m

RBF 7 — L BAEUAE pl#

RBFKernelGeneratorStrategy. m

RBF 71— 3 VBB DR T EE ED 5
GIK T T A

RBFKernelGeneratorStrategyChoicel. m

RBF 7 —x VBEUER T LY X, T —
FIIRT A =R B B{I AN D T X L
YT T A

RBFKernelGeneratorStrategyChoice2. m

RBF b —x VAR T AT XA, —
FNINT A= EBIEENO DT X LY
F— 7k THEKRTS

SimpleSpline.m

—RILTDAT T A il BI%L, spline B4
HERWD

SimpleSplinelnGrid.m

—WITDIRREZE R I 1T D IR BEE R B4 H
DATZ A B, spline BA%% v
5, BRENTY v FOFHIN & 72 o725
BEZ Y v R aEET 5

SkewTDistribution.m

Skewed-t 434

TDistribution. m

t AR

TLocationScaleDistribution. m

t LB A A — VA

TruncatedDistribution. m

TR ERTH B8 6 7o =R oA
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2744 RES
UniformDistribution. m — KRR

VectorValuedFunction. m

ERITTD AN 7 —fEEEE X7 BB
WELOBNL—TFT

Weibul IDistribution. m

T A T IVA AR

|ogmvnpdf. m

%2 AL i O e E BB O X B e 7
%9 %/L—F >, Benjamin Dichter (Z XY
EiEXN.BSD S AL ATABRIN T
b0,

%7z, samples 7 4 L7 R ULITFIZIE, o7 A7 —2iZx LT, MCDC > —/L%&
TETNAHEE, HIERZIT I 20D T a7 7 57 7 A VHREEINLTWET, samples 7 1
L7 MVZEEND 7 7 ANVO—BIILUTO LB T,

J774IL4%

ES

KitagawaModel. m

Kitagawa &7 /WIZ & 5 R 1A Bl B AL

KitagawaMode |[PMCMC2Estimation. m

Kitagawa 7 WHEEER 7 v 7 F 4
(PMCMC2 7 /L= U X A% FIF)

KitagawaMode |PMCMC2Est imation_knownSeq
uence. m

Kitagawa &7 VHEEFER T 0 77 L BTE
WEEZRVIDNEEFOBEDOY v FL
(PMCMC2 7/ =Y XL Z2FIH)

KitagawaMode |PMCMC2Est imation_nonGauss
ianNoise. m

Kitagawa E7 WHEEFR T v 7T LI
TA) A R NBIEEDOY T
(PMCMC2 7/ =Y XL Z2FIH)

KitagawaMode |PMCMC2Estimation_obsFixed
.m

Kitagawa &7 WHEEFR T v 7 F 2 B
TN OGEEDOY T
(PMCMC2 7/ =Y XL ZFIH)

KitagawaMode |PMCMC2Estimation_stateFix
ed.m

Kitagawa 7 WHEEFR 7 v 7 F L RHE
EBETNANBREHOLEDT T
(PMCMC2 7/ =Y XL ZFIH)

KitagawaMode |[PMCMCEstimation. m

Kitagawa E7 MHEEER 7 v 7 F L
(PMCMC 7 /v =Y X 5% F )

KitagawaMode |[PSMCEstimation. m

Kitagawa E7 NMHEEER 7 v 7 F 4
(PSMC 7 /v ) X L% FI )

KitagawaMode| _WriteGraphs.m

Kitagawa &7 /WHEE KGR A 7 2 7T L

LinearStateSpaceModel. m

MIZARREZE T 7 /W1 K % e R A A pl B AL

LinearStateSpaceMode |PMCMC2Estimation.
m

IR T NHEE ER T 0 /T A
(PMCMC2 7 /o= U X5 %2F )

LinearStateSpaceMode |PMCMCEstimation. m

IR T NHEE ER T 0 /T A
(PMCMC 7 /v =Y X 5% F )
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J774IL4%

ES

LinearStateSpaceMode |PSMCEstimation. m

IR T NHEE ER T 0 7T A
(PSMC 7 /v = U XL %FIH)

LorenzModel. m

Lorenz &5 /LT & A KR 514 A BE %L

LorenzMode |PMCMC2Estimation. m

Lorenz €7 WHEEFEER 7' 10 75 A
(PMCMC2 7 /L = X 1 ZF| )

LorenzMode |PMCMC2Est imationWithoutAnch
or.m

Lorenz ET WHEEER T 7T L, T H
—EFIVERE LRSS0 7L
(PMCMC2 7/ =Y XL Z2FIH)

LorenzMode |PMCMC2Est imation_knownSeque
nce. m

Lorenz &7 WHEERER 7 1 7T &, IBIER
RERFIMBEII DS H DY 7L
(PMCMC2 7 /L =) X 1 ZF| )

LorenzMode |PMCMC2Est imation_obsFixed. m

Lorenz £ WHEEER 7 1 7 F A, BT
TIVIBERI D5 O T v
(PMCMC2 7 /L= XL Z2FIH)

LorenzMode IPMCMC2Estimation_stateFixed
.m

Lorenz 7 WHEEEER 7 1 7 F b, IREEE
BETFTANEMOLEEDY T
(PMCMC2 7 /L= XL Z2FIH)

LorenzMode |PMCMCEstimation. m

Lorenz €7 WHEEFER 7' 10 75 A
(PMCMC 7 /v X5 %F )

LorenzMode |PSMCEstimation. m

Lorenz €7 WHEEER 1 7 7 A
(PSMC 7 /v =2 Y X L& F )

LorenzModel_WriteGraphs. m

Lorenz &7 /VHEE RS RAGHE 7' 1 7 F L

MotionCapture. m

MotionCapture 7 — ¥ 2> & O R R 5|7 — ¥
A Rl BRI

MotionCapturePMCMC2Estimation. m

MotionCapture €7 WHEE LR 7 1 7 7 A
(PMCMC2 7 /v = U X% FH)

MotionCapturePMCMC2Test. m

MotionCapture 7 7 A/ ¥FEER 7 v 7 F L

MotionCapture_WriteGraphs.m

MotionCapture & 7 /L HEE A5 K fiim 7' 1 7
7 I

amc_to_matrix. m®

AMC 7 7 A L) B Matlab 1T R~ DL
Ha B

3 CMU Graphics Lab Motion Capture Database (http://mocap.cs.cmu.edu/) IZTABENTWDH DO TY, v rs7

LOFIZHE L 2D 72D R L TWET,
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4. 54 2 AREL

MCDC V— 1V OEBRHAS L TLTF—FDr L, F—arF vy 7 FyTr—F 205
DIZOWTIH. U TOT =7 %A MZTABENTWLET—4%, V— L ZFHLTEITLE
7,

CMU Graphics Lab Motion Capture Database

| http://mocap. cs. cmu. edu/

U7 A M SN TSR FEREZ L TIR LET,

This data is free for use in research projects.

You may include this data in commercial ly-sold products,

but you may not resell this data directly, even in converted form.

If you publish results obtained using this data, we would appreciate it

if you would send the citation to your published paper to jkh+mocap@cs. cmu. edu,
and also would add this text to your acknowledgments section:

The data used in this project was obtained from mocap. cs. cmu. edu.

The database was created with funding from NSF EIA-0196217.

-23 -



