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Unbiased Implicit Variational Inference

Goal: Expand the flexibility of variational Variational distribution Unbiased Implicit VI
approximations through an expressive distribution e The distribution q4(2) is defined through an e The gradient of the ELBO is
. o o . . . . . . . . . . . d t
We u}ie an U}?'pll]at variational distribution obtained infinite mixture, Vo2 (0) = E {ge °d(e,u) + g (e, u)}
in a hierarchical manner e~qle), z~qp(z|e), where
We develop UIVI, a method to obtain unbiased :
P : , or equivalently gmd(¢ 1) 2 ¥ logp(x,2) YV ho(u: €)
Monte Carlo estimates of the gradient of the ELBO 0 ) 2 " howse) 00N
. —It0
The variational parameters are the parameters of a qo(2) = / qo(2|€)q(e)de € (e 1) 2~V ) Voho(: )
. . e, u)=-—V,lo Z U; €
neural network e The dependence of the conditional gy(z| ) on ¢ is 596 2=ho(u: ) 070
Experiments: Bayesian multinomial logistic arbitrarﬂy Complex e The model component can be estimated as in
regression e We use a deep neural network with parameters 6 standard reparameterization
that takes ¢ as input e The entropy component is harder because q,4(2) is
Introduction Assumptions on the conditional g4(z] €) implicit
. C e e Keyidea: Rewrite as an expectation
e Reparameterizable distribution [ )
V. logqp(2z) =E, (/2 [V 10gqe(2] ")
e Probabilistic model p(x, z) (data x, latent variables ) u~q(u), z=hy(u; &) < z~qp(zl¢) 2 | qo(e .| z) LVg
. : . . : : . Monte Carlo gradient estimator:
e Variational inference (VI) approximates the posterior e It is possible to evaluate logqy(z| ) and its e /
p(z|x) by maximizing the ELBO gradient w.r.t. 2 (&5, us) # —V,logqe(z] Es)vehe(us; ;)
e.~ qp(€|z)
£(0) = Eyy(, [logp(x, z) —log gy (2)] 0 qo(2 | €) e S e
: e o
o Classical V- | O O\! 6 ™ do(e|2) is the reverse conditiona
- Fully factorized distribution g4(2z) (mean-field v1) e~ q(e) O 8 8 O | hg(u ; €) Sampling from the reverse conditional
- Coordinate-wise ascent 9 J o » (O 2z .
- Limited to a certain class of models u ~ q(u)o e Each pair of samples (z;, ;) comes from qgy(z, €)
e Goal: Extend the flexibility of q,(z) using an implicit - / e Thus, ¢, is as a draw from qy(¢ | 2,)
distribution K e Key idea: To sample from the reverse conditional,
. xamples SN S
- Itis easy to sample from qy(2) initialize MCMC chain with &
- It is not possible to evaluate q,(2) 1. Gaussian conditional - No burn-in period required (starts at stationarity)
e Advantages: - The conditional q4(z| €) is multivariate Gaussian - Every subsequent sample is a sample from the
- Generic inference for any (differentiable) model - Its parameters are ug(¢) and Xy (€) (given by neural reverse conditional
- Expressive distribution (beyond mean-field) networks with parameters 6 and input ¢) - Discard a few samples to reduce correlation
e Method: - Reparameterizable between ¢ and &’
- Stochastic optimization of the ELBO u~q(u)=A(u|0,I), Full algorithm
- Obtain estimates of the gradients V,.2£(6) z="hy(u; &) = uy(e) + 29(8)1/2u
: . : Input: data x, semi-implicit variational family gy (2
° Teilh.IE.lCal Cc?allingeg Tthe in]t)liopy term in the ELBO - The Gaussian log-density and its gradient are Output: variational parameters 6 %)
and 1 Slg?a len aI];el i racla € (2) available, Initialize 6 randomly
- t 1S not POSS1DIE to evaluate do\Z . . . —
. 0 . Vv, IOgCIQ(Z le) = —29(8) 1 (z— AU'G(S)) for iterationt =1,2,...,do
ur approach (UIVI): , . R # Sample from q:
- Define the implicit distribution g4(z) through an infinite 2. Reparameterizable exponential family distribution Sample u; ~ g(u) and 5 ~ g(¢)
mixture Set z5 = hg(us; €5)
- Rewrite the gradient of the ELBO as an expectation - The conditional g¢(2|¢) is in the exponential family, g Sanilplle fror? ’rev)e(rse C,Or.ltc.iilFi(;nil: )
. . . . ample €, ~ gg(€ | zs) (HMC initialized at €,
- Obtain unbiased estimates of the gradient qo(z|€) o< eXp{t(Z)T,n (&)} 4 Estimate the gradient:
¢ Key ideas: - The log-density and its gradient are available, Compute g (5, us) (Eq. 6)
Implicit variational distribution B T Compute gent(es, us) (Eq. 9, approximate using £%,)
- Use a semi-implicit distribution [Yin & Zhou, 2018] V., logqy(z|e) = V,t(z) nele) Compute Vol = giod(eg ug) + g5 (e, us)
- Rewrite the gradient as an expectation w.r.t. the reverse # Take gradient step:
conditional Set < 0+ p-Vol
- Use MCMC initialized at stationarity end for
Experiments Proof for the Entropy Component
Toy experiment : ‘ot :
y €xp S Bayesian logistic regression e Goal: Prove that
e Synthetic target distributions : ot :
y . g ® BayeSIaIl lOgIStIC regreSSIOn on two datasetS VZ lOg qe(z) — qu(g |Z) [vz log qe(z | 8)]
e ((¢)is Gaussian 1o MNIST

e Start with log-derivative identity,

e The variational conditional is Gaussian, el 1
_ - V.lo Z) = \V4 Z
qe(z|g)_ﬂ(z ‘ue(g),dlag(o')) o -3 b4 gq@( ) qQ(Z) ZqQ( )
|
b [timodal Ll « e .
1 e 4 o ~3.5¢ e Apply the definition of g4(2) through a mixture,
Ot '} o .® 3t R —4 o 1
! :}?‘?% 2t o 0 20 40 60 80 100 120 140 160 V., logqy(z) = (2) /szIQ(Z | £)q(e)de
=2 .a‘ ¢ o1y 1 _."}. 7 :5'.'"3 Time (minutes) Jo\2
-3 5’ - - of IR A s 000 RART e Apply the log—derivative identity on qy(z] €),
—41 oy ‘. - ..-:\ VAR A
_ .,l.. o 1} . .-,.. .:. :...'..J.s. . _8000_
-5 . o & e %" o Y/
| RN V.10846(2) =~ [ 4olz] £)a(e)V, loggy(z] e)de.
-6 O -9000¢t 9( )
-7 o -3t E
O I S 0000y e Apply Bayes’ theorem
3 2 -1 0 1 2 3 6 -4 -2 0 2 4 6 —11000 SV
UIVI [this paper]
~12000¢ 20 40 60 80 100 120 140
Variational autoencoders Time (minutes) Related Work
_y MNIST
e Fitting a VAE on two datasets
Lo e Linear response estimates [Giordano+, 2017]
average test log-likelihood 5 e Structured variational family [saul & jordan, 1996
method MNIST  Fashion-MNIST S asl Y [Saul & Jordan, 1996]
g ® Mixtures [Bish 1998; Gersh 2012; Sali & Knowles, 2013
Explicit (standard VAE)  —98.29 —126.73 [Bishop+, 1998; Gershman+, 2012; Salimans & Knowles, 2013]
SIVI —97.77 —121.53 04 1 1 1 , , , , , ® BOOStlng VI [Guo+, 2016; Miller+, 2017; Locatello+, 2017]
- _ _ 0 20 40 60 80 100 120 140 160
UIVI [this paper] 94.09 110.72 Time (minutes) e Copulas [rran+, 2015; Han+, 2016]
HAPT : :
m B n . E . 03¢ e Hierarchical models [ranganath+, 2016: Tran+, 2016: Maalge+, 2016]
. 035 e Invertible transformations [rezende+, 2014; Kucukelbir+, 2015]
; le
S -04r ® NOrmathng ﬂOWS [Rezende & Mohamed, 2015; Papamakarios+, 2017]
P
2 -0.45+ SIVI ® Sampllng meChanlsmS [Salimans+, 2015; Maddison+, 2017; Naesseth+,
UIVI [this paper]
® -05 I I I I I I I 2017, 2018, Le+, 2018, Grover‘l‘, 2018]
E [1 0 20 40 60 80 100 120 140 S .
U Time (minutes) ® ImphCIt distributions [Mohamed & Lakshminarayanan, 2016; Nowozin-+,

2016; Huszar, 2017; Tran+, 2017; Yin & Zhou, 2018]




