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EXPERIMENTS

e Synthetic Experiment
Median method HE

CONTRIBUTIONS PRELIMINARY

In theory:
e PParticle-based Variational Inference methods
(ParVlIs), e.g., Stein Variational Gradient De-

e The Wasserstein space P (X)
Tangent vector v on P (X') & vector field X on X.

Gradient Flow (GF) of KL, (q): v*" = Vlogp — Vlogg.

scent (SVGD) (Liu & Wang, 2016), approxi- | e ParVls % ,.

mate the Wasserstein gradient flow by a com- ! _(li+ Vet o vWP() :=E, | K(z,-)Viogp(x) + V,K(zx,-)], "'. X

pulsory smoothing assumption. /._:°—=T_>°;> o o H: the RKHS of a kernel. ) )‘\ i .. E s SVGD
e ParVIs either smooth the density or smooth x "Z*(;;:,a?;g) y X H;{‘)’i (x0) e Blob (then et fll-/ 2018) v*™* = V. logp — Vlogq — . L t N

functions, and they are equivalent. t V((q/q) * K), § := q * K (convolution). '

In practice:

e LR AR S S VIR N PARVIS APPROXIMATE WASS. GRAD. FLOW BY SMOOTHING
ParVl1s and a bandwidth selection method.

e The gradient flow perspective inspires an ac- L2/ C: integr. / comp.-supp smth vec-val func. e Smoothing thg c{ensity t Blob

celeration framework for all ParVlIs. e SVGD approximates Wass. grad. tlow. vt ==V (5—q Lq(log(q/ p)]) % ‘

Thim. 2,07 = mane - argmacrc o 1 (0% Vs > v = 9 (S, flog(a/p)])
NEW PARVIS Note v = max - afgmaxve£3,||v||£2:1<UGF7 v>£3. e Equivalence: for obj. in smth. fun. E,|[L(v)],
, , | e Smoothing functions "ij L(v)] = Eq.x L(U)] (smth. dens.)
° GF Xlth smoothed density (GFSD): Theorem 3. For Gaussian kernel K and abs. cont. = Eq[L(v)* K] = Eg[L(v * K)| (smth. func.) 45 S
v™" = Vlogp — Vlogg N g, HP is isometrically isomorphic to e Necessity: well-definedness of v*". 8 g

= v = Vlogp — Vlogg. L2 Theorem 4. For ¢ = gand v € L;, opt. prob- -8 GESD
e GF with smoothed function (GFSF) g = {¢ * ‘g( : ¢ < CSO} y lem for SVGD has no Opt solution. SVGD .'.:-E.:E.’: 5’?‘5.:'.:

£q

v = Vlogp+argmin max (E,[¢-u—V- gb])z Note C°
’U,E/:,Q ¢EC§O7
— 1ol z2=1
v .=V log p+argmin Jnax EAREAEO N A CCELERATED FIRST-ORDER METHODS ON WASS. SPACE
uwEL2  GEH?,
Il p=1 Applying Riemannian Accelerated Gradient (Liu Alg. 1: Wasserstein Accelerate Gradient /

= L2: H"” smooths L. transfers the assmp. on ¢ to func.

/ \ R s

0 = g+ K/ KL, et al., 2017) and Riemannian Nesterov’s method Wasserstein Nesterov’s method. \ ] 3 7
(Zhang & Sra, 2018) to Pa(X): Use aux. distr. 7 with ptcls. {yV},. In iter k:
BANDWIDTH SELECTION requires exponential map and parallel transport. ¢ Find U(yl(ﬁﬁ by SVGD/Blob/GFSD/GFSF; . — .
e Exp. map (Villani, 2008): Exp,(v) = (id4+v)xq. , () _ @) + v (i) ); e Bayesian Logistic Regression
Dynamics de = —VIOg d+ (33) dt produces d¢ e Inverse exp. map: éz) - yl(i;l Yr—1)s 0.76 e 0.76
obeying 0:q:(x) = Ag:(x) (Heat Equation). For pairwise close samples {z(}; of ¢ and ® Y = %k = | | . RN AR A .
Ifxpproxi(glajge qt(x} by kerpel smoothed dgnsity {y(i)}i of r, (Equ_l(r)) (a:(i)) ~ () — (0 WAG: %(y,@l — xg‘zl) | | k+2‘_25v(y,§ll); > | > |
%gr,l {a: }:x,) with particles (h: bandwidth). o P;}:allel tlg?)nsgort: (if)’or pairwise close samples, WNes: ¢ (cy — 1)(x,8) — :13521); 20.72-  eVeDAWGD 20.72- o
| i i (L5() (") ~ v(z™), Pairwise-close condition holds. o  aveomae | ee. I
® (- (Qf) ~ q(x) + ?AQ(Qf) (HEE) . | — -+ SVGD-WNes ] — - Blob-WNes
® qiie(2) = q(x; {w(z)_gv log q(x(’t)) i=1) 0 2500 5000 7500 0 2500 5000 7500

EXPERIMENTS: LATENT DIRICHLET ALLOCATION

(Dynamics on the particles).
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