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TR
2021 £ 7 H 26 H

BX

1 Foundations of Hamiltonian Monte (arld
L1 oymplectic Geometory] . . . . . .. oL o e e e e e
IL.2 Conditional Frobability . . . . . . . .. o o000 oo
.o INtegratory . . . . . . . . e e e e e e e e e e e e e e
L.4 Hamilton Dynamicg. . . . . . . . . . .. 00 s

115 Markov (Uhainl

[0) [atest Resultd
Ll Benchmarkl . . . . . . . 0o 0 0o o s
2.2 L1me STEP DI1ZE . . . . . . e e e e e e e e e e e e e e e
E.o Integration limeg . . . . . . . . ..o 0oL e e e
£.4 Kinetic Energyl . . . . . . . oo e e e e e e
E.0o Geometric BrgodiCityl .« .« . v v v v v o e e e e e e e e e e e
2.0 Advanced Algorithml . . . . . . . . . . . . e e

| Stochastic Gradient HMVO)

b Future work and Application

Bl Betancourt’d

B2 Assaclation

g3 Generalizafionl . . . . . . . . L L L e e e e e e e e
b.4 Complex ‘largety . . . . . . . . . e e e e e e e e
b.o Functional Analysig . . . . . . . . . . Lo e

i
NIV =7 YEYT A48 (Hamiltonian Monte Carlo: HMC) 122WT D AFT - Z&fifE

NN NN

Sy Ot Ot e W W NN

ESTEEN JEEN BREN B e )



M7 Em & RO O DOBUR, SHOA MO VWTE L D 5.

1 Foundations of Hamiltonian Monte Carlo
HMC OERNZA > bra &2 a (i, Conceptual introduction of HMC, 2018]
HMC OBUANERE [, Geometric Foundations of HMC, 2017]

1.1 Symplectic Geometory

HMC O&EF iz 227 Symplectic A%~ DA 3, Lectures on symplectic geometry]

1.2 Conditional Probability

SMAT 2R % mfd L THRILT % disintagration £ Radon ZEfEIZ-DWT [@, Regular condi-
tional probability]
1.3 Integrators

Hamilton flow Z3El3 % 72D ODE ORGERFH 71 3) X DA [H, Geometric numer-
ical integration 2006]

geometric integrators O [B, Simulating Hailtonian Dynamics]
1.4 Hamilton Dynamics

Hamilton 2 ® ergod 172 ¥ [@, Hamiltonian Chaos]

the standard modern texts on classical mechanics |8, Classical dynamics]
1.5 Markov Chain

Markov Chain ®7 [, Markov Chains and Stochastic Stability, 2012]

2 Latest Results
2.1 Benchmark

2.1.1 Target Distribution
T A e LTHEbLN BN ME Gaussian, Cauchy, Hierarchical 72 ¥ CT# 5. %I banana
Gaussian[[0] Hoffman and Gelman T’Sigma Wishart’ D-dimensional Gaussian.[I1, o-U-

Turn sampler, 2014]



2.1.2 Metrics
[0, Conceptual introduction of HMC, 2018] % [12, Mix and Match HMC] TZLTFD X 5
7% metrics BFET HNTWVS.

acceptance rate

autocorrelation

Effective Sample Size
ESS/T
e BFMI

2.2 Time Step Size

Hamiltonian Monte Carlo TlX Hamilton flow %3213 % 7z IZEER integrator % i 5.
integrator \ZHR§ 23R ZEZMIE S 5 72 Metroplolis @ acceptance A7 v 7 DEFEZ KT 5.
Z D7=® integrator @ time step size 25 HMC O %7 + —< Y AW E 52 5.

HMC @ a3 X + % step size DBIE e U TaHfi L, average acceptance probability % [RIFRIC
step size DD LTRT. step size /M LT3R b & acceptance probability ® %
HZH5ZEMTES. ZDXDKRFIET optimal step size IZDWTHEZ 5.

optimal integrator step size DERHFHMD—D: Beskos 51X i.i.d BRHIY A & leapfrog 12X}
LT HMC O step size DB LTD HMC ® 2 X b2 T2 67Hfli L7z, [I3, Optimal Tuning
of Hamiltonian Monte Carlo, 2013]

Betancout 513X HICHWI M & integrator DM ZEM L, Lo OFHiiZ1T - 7. [14,
Optimizing integrator step size, 2015]

2.3 Integration Time

integrator IZBE3 %35 X — & T step size & & HITHER D integration time TH 5. &%
Hamiltonian level set DEERIZB W T, integration time 2 T X 2 & level set &+ H N —
TES, EITEZEHLFAERTEZZ2ICRoTLED. 2, %% level set THoRIERICH
P72 itegration time (X572 5.

itegration time (& Hamilton flow @ dynamic ergodicity (¥R DEKRTO T LIT— F) &
LRSBEFRLTWS.



2.3.1 No-U-Turn Sampler(NUTS)

HATE, Stan THEIN TV 3 integration time ZENNICEFEL T 572D 713V X L 53 No-
U-Turn Sampler(NUTS) T# 5. NUTS & huristic 72 /47{% 7T, Euclidian Gaussian Kinetic 12
XL TDA well-difined TH 5. [, No-U-Turn sampler, 2014], [I5, No U Turn Riemannian
Manifolds, 2013]

2.3.2 Exhaustions
£ initial point {Z® U T+ 2 EEZERE & L T Exhaustions Z/E#& 3 4. Z4UZ Hamilto-
nian 23EY) 22 &M% 72 XM T & 5. "Provided that the Hamiltonian is proper a valid

exhaustion can always be constructed.” [16, optimal integration time, 2016]

2.4 Kinetic Energy

FHAHZFICHBED D % Hamiltonian @ Kinetic Energy #IRO&REICOWTHE X 5. Kinetic
Energy 2» 5#58 X1 % contangent bundle FOH|ETH % Cotangent Disintegrations THZX
N3zZedbdHs5. ZhiE HMC IZBWTHE R TOD momentum resampling DRI E R 5. 2
%. £ ¢ TO momentum resampling 2@ Energy(Hamiltonian) D734 & Energy O &5
MO EE R L HIO M ZRKTZ 5.

HEYD 73 DIEITAKSE L T Kinetic Energy ZHEUNEINED D 5. FHiliofEELE LT %
LEF—DE R} 75 s, BEMI, ESS/T(E) k055 3.

241 #ER

3, b ok dHHMA Euclidian Gaussian cotangent disintegration %\ < 22 ® HIN 7 i
WX UCEA L72#8R 2R 3. Gaussian, non-centered 8 schools target 128 U TRIED X >
7z. Cauchy % 8 schools (& & D heavy-tailed T®H - 72 7z DIRRINRNE S 7.

Z 2T 8 schools target ¥ IZFEEHIINRA ZEFLO—FT, BEENETY > Z7OFHAMLLFE
DL X Z/RTHAFITH 5. |7, Diagnosing Suboptimal Cotangent Disintegrations, 2016]

2.4.2 Riemannian HMC
Riemann $%{i/ % Kinetic energy ® mass matrix (ZEH 32 Z & THEROERZFH L %
Wiz > TV P TES.



2.5 Geometric Ergodicity

MCMC ZED 7LV X LIZBWTHEKRS NS estimator DFE#MEZE 2 % T Markov
Chain OIRIZOWTEZ 5 Z L IZEETH 5. FIT MCMC % HMC 124 L T geometric
ergodicity 23 D L0 ¥ S %k FEZ 5. HMC 12D\ T Betancourt 12 &K 255035 5.

2.5.1 results by Betancourt
position independent time:
BALBEICHTFEE T integration time 2D 2 7LDV XLT, KTV v & 2 HASEHLIIZ
HUL I TH D, gradient BERTEIEKTH % & 5 RIGEIT geometric ergodicity 27~ L 7z.
position-dependent integration time:
LEICHKE L TR MZRD 2 N TEL2HBNR T VIV X LE2EZ L. ZDTIEDH]
RUZ candidate map(hamilton flow) 28 % drift HE i #E & oK Tay br—LTZ 3
Z . Gaussian & D heavy-tailed 7% exponential family 22T geometric ergodicity 27~ L
7z. [I8, Geometric Ergodicity of HMC, 2018]

252 IFADRE

HMC DU IZEI S 2 F3EHHICIE R T > 2 v L U 1233 % log-concave 4, AJBL VU @ Lipschitz
MZIRET 2 Z 2%\, [19, HMC on log-concave, 2017]

AE 72585713 Langevin Monte Carlo (2B 3 2 ##032% 1272 5. (20, log-concave ULA]
[0, smooth and log-concave]

log-concave P2 DWW TO—EAYZHEE RHIZ 22, Log Concavitym 2011]

253 BEWRIEHR

HMC OUXH I B3 % #a O M 1% Markov Chain OBFRTH 2. £7z, BEHUL L7 SDE
DK IZEI T % & & Ergodicity ZaEHH S 6 L T2& 12/ 5. [23, Markov Chain 2005] [24,
Exponential convergence for LD 1996]

2.6 Advanced Algorithm

HMC 2 5IREL7T7 VTV ALEHELSFET S5 LWV, &703 VU X AT 10003 XTET
FERZITo TS, NIA=RIZOVWTHHllRH > TS, [12, Mix and Match HMC]



2.6.1 Scheme
HFER ¥ — A OHMECOWTORER. FHIEKITLD 8T X — R ZEF O FEIN U TIE AR
b LW, 25, multi stage integrator, 2016]

2.7 Stochastic Gradient HMC

7T —XET% full-gadient ZFt BT 2DZ B 272DICT VR LRI =Ny FOT—X 2o
T gradient Z3TL3 % 571EH Stochastic Gradient HMC TH 3. ZDOHIEEX T Y X aMEL1 5
local 7% minimum 2> 533 Z £ 23T E, non-convex optimization IZ bR THZ. ZD
74T 7 DREEWFE BT 287 X = ZFFITBWTHELL SGD Th 5. H

2.7.1 survey

(Rom 3R D) BONc 7025 26, SGHMC] B, 2 2 TIEHET ¥ & v L O 2 MR
HPLZED ) A XZ2WT 572 DIEBIHZEALTWS. KIRKRETEIF—DdDHokbHL
V. B

[Z2, SRVR-HMC, 2019] & stochastic gradient @ variance Z{#& & 3 7/ 3V X & SRVR-
HMC %422 L, Z ® non-log-concave target density ZXF L CTINH Di&if% L, Gaussian-
mixture (X3 2 FEEHREITo TV 5.

Z Ofth, [28, finite-time performance of SGHMC, 2020] 72 £23% 5.

2.7.2 non-log-concave
HMC DUIHRIZB W T density D log-concave P (b L <1FKRT ¥ > v )LD convex %)

3 Future work and Application
3.1 Betancourt's

Betancourt RAIZ X2 26D A AMEZ R LD H 5. HMC OEFHIZR step size D
Fa—=v IR ZNIZET % geometric ergodicity 72 ¥ HMC BEFEDIZBI T % 3 D, Bregman
Hamiltonian % integrator D#RET ¥ W - 7z symplectic optimization B D b D, X 5121% Adi-
abatic Monte Carlo DFEZE L Vo FE#ENZEIF 5T\, https://betanalpha.github.

io/projects/index.html

*LHi0 ® Dix Adam
*2 254 ¥: http://people.ee.duke.edu/~1carin/Wenzhao?2.13.2015.pdf
*3 http://www-mmds.sigmath.es.osaka-u.ac.jp/structure/activity/seminar.php?id=233


https://betanalpha.github.io/projects/index.html
https://betanalpha.github.io/projects/index.html
http://people.ee.duke.edu/~lcarin/Wenzhao2.13.2015.pdf
http://www-mmds.sigmath.es.osaka-u.ac.jp/structure/activity/seminar.php?id=233

3.2 Association

Molecular Dynamics (& natural Hamilton structure % % 2. [29, Understanding Molecular
Dynamics, 2001]

3.3 Generalization

BHYOMREZRHET 2. SiREZEANL TEZENZFOMICHIGT 5. Adiabatic Monte
Carlo [30, Adiabatic Monte Carlo, 2015]

3.4 Complex Targets

Hierarchical Models [31, HMC for Hierarchical Models, 2013]

3.5 Functional Analysis

Hilbert ZZfH] £ ® HMC*The key idea is to construct an MCMC method which is well
defined on the Hilbert space itself* [32, on Hilber space]

PDE D%, BE%f#MT 33, MCMC methods for functions]

SDE & @B [34, Second order SDE]

2021/02/01 &R FRBELDF M7 http://soil.en.a.u-tokyo.ac. ip/jsidre/search/
PDFs/20/75B1-52%5D.pdf
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