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Motivation & Contribution SGMGS (Stochastic gradient MG sampler) Multiple-well Synthetic Potential
1) Improving stationary mixing efficiency in SGMCMC by leveraging a e Consider applying generalized kinetics /X (p) to SGNHT. o Generate samples from a complex multimodal distribution.
generalized (potentially heavy-tailed) kinetics. ) = VK (p)dt, U(6) & 10°—3 T2y cisin(§mi(6+4))
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2) AIIeV|at!ng numerical |ss:ue and satlsfylng cc?nlelons for stationarity dp = —[VU(0) + € © VK (p)]dt + VOATAW . —_SGNHT 1 | | —
by leveraging smooth version of generalized kinetics. ] ] S eyl OM
o | | | L d¢ = (VK (p) ® VK (p) — V2K (p))dt . 3 I [ ———
3) Ameliorating convergence issue by introducing additional first order | | | N To os i s 2
dynamics and stochastic resampling. e [he existence and uniqueness of 'Fhe sc'>Iut|ons.to.the | 2| o SGMGT
Fokker-Planck equation require Lipschitz continuity of drift . | | |
MGHMC and diffusion vectors. 1 IJJU\A s - " ; — D]
Hamiltonian Monte Carlo (HMC) leverages Hamiltonian dynamics  °® We propose a softened kinetics for a = {1, 2} 0 VAN OWM%MMMWW il
to propose neyv sa.mples ff)r X from p(x) < exp(=U(x)), driven by the _j f‘g e — 2 g 2 S tons
following partial differential equations (PDE): & 5 \ / Figure: Synthetic multimodal distribution. Left: empirical distributions
; [ gz g Qrtviﬁ‘;{jjif for different methods. Right: traceplot for each method.
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e _ : e Bayesian Logistic Regression
e Consider the generalized kinetic K (p;m,a) = 2.2 a.m > 0 Convergence issue and remedies | o
, _ . _ m Table: Average AUROC and median ESS. Dataset dimensionality is
e monomial Gamma (MG) distribution: ) e Consider a Hamiltonian system defined in a more general form indicated in parenthesis after the name of each dataset.
e m—a  _lp[77% ) )
7 (pm, a) = exp(—K (p;m, a)) = e P H = K(p)+U(®)+ F(€). MpOCK)  AMH Gen May P R cw
: : . : - SGMGT (a=1) 0.92 0.78 0.91 0.86 0.87 0.70
SGMGT (a=2) 0.93 0.79 0.93 0.88 0.86 0.62
— oy V20, SGMGT-D(a= 095 090 095 0. | .
For univariate target distribution, the one time lag autocorrelation df =V Kc(p)dt—oyVU(0)dt + v209dW ESS (Lg) - A (15) G (25) H (14) g(%(; Ig ?77) co(?agn
p(xy, 441) of the analytic MG-SS parameterized by a dp = — (0, +YVF(§)) © VK (p)dt SGMSGGT'\_'B(TaZI) A P LA A G
asym,.o?otica//y approaches zero when a —>.oo, under regularity _VU(9)dt + \/20,dW. SGMGT-D(a=2) 2700 1989 2768 3430 2265 2969
condition of U(x) and stationary assumption.
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Deep models

e Discriminative RBM & Recurrent Neural Networks. Assuming
flat prior. 5000 MC samples.

d¢ = v |VKc(p) © VKc(p) — V2Kc(p)| dt

e In addition to above, the MG-HMC with large a is particularly o VF(E)dt 4 +[2edW
advantageous for sampling multimodal distributions. oS > Vs '

| | o —0gVU(O)dt + /209dW , compensate for the weak updating 1 Algorithms Piano Nott Muse JSB  PTB
e Such a performance gain does not come in free. , i p|1/a—1 | | | _ SGLD 1137 607 1083 1125 12747
signal from VK (p) = Pl , by an immediate gradient 30.05] L SGNHT 000 424 785 927 1313
: am = 7 SGMGT (a=1) 790 435 842 867 1206
_ S ool /f/” — SGMGT (a=2)  10.17 4.64 851 884 2505
SGMCMC e The proposed SDE has better theoretic guarantee on the 2 |l | —sowr SGMGT-D (a=1) 7.51 3.33 7.1 846 1133
_ _ 2 0 esll SGMGT (a=1) SGMGT-D (a=2) 753 335 7.09 8.43 109.0
existence and convergence of bounded solutions for a =0l | SeMeT ) SGD 1113 526 1008 1081 12044
. ? R T/{/ . - | SGMGT-D (a=2) _ , RMS 7.70 348 7.22 8.52 120.45
* Sampling from f(f)) oc exp(—=U(#)) using minibatch data. e Resampling makes the sampler to immediately move to a "o o L eratons - penn Treebank
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df) = 0, K (p)dt

dp = —0pU (0)dt — €0, K (p)dt + N'(0,2B(6)dt) (Theorem . Conclusion

. T | o * Scalable MCMC inference with generalized HMC variants.
dé = (p* p — 1)dt. Bias: )IE@T — a‘)) = O (1/(Th) +h) . Future direction:
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— O (1/(Th) + h?) . e Adaptive selection of monomial parameters
) e Connection to optimization methods.
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