Composing graphical models with neural networks
for structured representations and fast inference
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Probabilistic graphical models Deep learning

+ structured representations — neural net "goo”

+ priors and uncertainty — difficult parameterization
+ data and computational efficiency — can require lots of data
— rigid assumptions may not fit + flexible

— feature engineering + feature learning

— top-down inference + recognition networks



MAKE PGMS
GREAT AGAIN




Modeling idea: graphical models on latent variables,
neural network models for observations
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0 — conjugate prior on global variables
@ p(z|0) exponential family on local variables
() any prior on observation parameters

& p(y|x,v) neural network observation model




Inference?



a

(x| 0) is linear dynamical system
(y |z, 0) is linear-Gaussian
p(@) is Conjugate prior




p(x|6) is linear dynamical system

p(y|x,0) is linear-Gaussian (J(H)Q(ZE) ~ p(@, X ‘ y)

p(0) is conjugate prior

< 0,x,
£(7797 77:17) = tq(@)q(a:) [lOg g((H)q(ijs))}

ni(ne) = argmax L(ng,n.)  Lsvi(ng) = L(ng, 15 (ne))
nm

Proposition (natural gradient SVI of Hoffman et al. 2013)

%ESVI(UQ) — 77g + Eq*(az)(ta:y(f’?v y),1) — g
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p(x|6) is linear dynamical system

p(y|x,0) is linear-Gaussian (J(H)Q(ZE) ~ p(@, X ‘ y)

p(0) is conjugate prior

p(0,7,y) }

L(9,71:) = Eq(o)4(x) {10% a(0)q ()




Step 1: compute evidence potentials
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[1] Johnson and Willsky. Stochastic variational inference for Bayesian time series models. ICML 2014.
[2] Foti, Xu, Laird, and Fox. Stochastic variational inference for hidden Markov models. NIPS 2014.



Step 1: compute evidence potentials

[1] Johnson and Willsky. Stochastic variational inference for Bayesian time series models. ICML 2014.
[2] Foti, Xu, Laird, and Fox. Stochastic variational inference for hidden Markov models. NIPS 2014.



Step 1: compute evidence potentials Step 2: run fast message passing

[1] Johnson and Willsky. Stochastic variational inference for Bayesian time series models. ICML 2014.
[2] Foti, Xu, Laird, and Fox. Stochastic variational inference for hidden Markov models. NIPS 2014.



Inference?



SVALEs: recognition networks output conjugate potentials,
then apply fast graphical model algorithms
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p(xz|6) is a linear dynamical system

p(y | x,7) is a neural network decoder q(@)q(’y)Q(ﬂj) ~ p((g, Y, ‘ y)

p(0) is a conjugate prior, p(y) is generic

] p(@,%x)p(y\x,w)_
,C N6 s My T é 5 o log
(10: 713 112) = Bq(@)a@a(2) 108 = 7 0573

5 (ne,ny) = argmax L(ng, 1, 7. )
M2

ESVI(U% 777) = £(7797 T) s 77;(7797 777))



p(0,v,z)p(y | z,7)

) Eq(y) logp(yt | 2, 7)
LMo, 1y, 72) = Eq(o)g(v)q(x) {log q(0)a(v)a(x) }

AN

A 0,v,x) expi{v(x;y,p
L(09, 772+ 9) = Eq(o)g(v)a(x) [log R )}]

where 1 (x;y, @) is a conjugate potential for p(x | 0)
V(e e, )

77;; (7797 ¢) = arg max 2(7797 T s ¢) £SVAE (7797 T~ ¢) = [’(7797 Tl 77;; (7797 ¢))
7733



Step 1: apply recognition network




Step 1: apply recognition network




Step 1: apply recognition network Step 2: run fast PGM algorithms

Step 4: compute natural gradient




CE% °[o0

q'(x) £ arg(rr;axﬁ[Q(H)Q(w)]

Natural gradient SV|

— expensive for general obs.

+ optimal local factor

+ exploits conj. graph structure
+ arbitrary inference queries

+ natural gradients
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¢(2) 2N (x| ply; 0), 2(y; ¢))

Variational autoencoders

+ fast for general obs.

— suboptimal local factor

— @ does all local inference
— limited inference queries

— no natural gradients

gg
ggo

Structured VAEs [1]

+ fast for general obs.

+ optimal given conj. evidence
+ exploits conj. graph structure
+ arbitrary inference queries

+ natural gradients on 7jg

[1] Johnson, Duvenaud, Wiltschko, Datta, and Adams. Composing graphical models and neural networks. NIPS 2016.
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data space latent space
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Frame O

Alexander Wiltschko, Matthew Johnson, et al., Neuron 2015.
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fall from rear



grooming



Limitations and future work

 How expressive is latent linear structure?
capacity  word embeddings [1], analogical reasoning in image models

e SVAE can use nonlinear latent structure

« PGMs get complicated
 SVAE keeps complexity modular

 model-based reinforcement learning

future

work | ¢ automatic structure search [2,3]

e semi-supervised applications

[1] Hashimoto, Alvarez-Melis, and Jaakkola, Word, graph and manifold embedding from Markov processes, Preprint 2015.
[2] Grosse et al., Exploiting compositionality to explore a large space of model structures, UAI 2012.
[3] Duvenaud et al., Structure discovery in nonparametric regression through compositional kernel search, ICML 2013.



github.com/mattjj/svae
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[1] Archer, Park, Buesing, Cunningham, Paninski. Black box variational inference for state space models. ICLR 2016 Workshops.
[2] Gao*, Archer™, Paninski, Cunningham. Linear dynamical neural population models through nonlinear embeddings. NIPS 2016.
[3] Krishnan, Shalit, Sontag. Structured inference networks for nonlinear state space models. AISTATS 2017.



SVAEs can use any inference network architecture
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[1] Archer, Park, Buesing, Cunningham, Paninski. Black box variational inference for state space models. ICLR 2016 Workshops.
[2] Gao*, Archer*, Paninski, Cunningham. Linear dynamical neural population models through nonlinear embeddings. NIPS 2016.



Per-variable recognition nets allow arbitrary inference queries
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Fact (conjugate graphical models are easy)

The local variational parameter 77 (ng, ¢) is easy to compute.

Proposition (log evidence lower bound)

A A
----------------------------- log p(y) meeessescccesecccecenenea===. log p(y)
/\/\ H%}&XE(’I]@,UW,”I];C) /\/\ II’}?aXAC(nQ,n'y,nm)
/\/\/\/\ 'CSVAE (770’ 77’)/7 ¢) m(?,X ESVAE (77&7 7],77 gb)
> >
1o, 1y 1o, 1)~

if 3¢ € R™ with ¢ (z;y, ¢) = Ey(y) logp(y | z,7)

Proposition (reparameterization trick)

Estimate V,,_ sLsvagr(n9, 7y, @) with samples 4 ~ g(y) and = ~ ¢*(x | ¢) via

Lsvage(ne, Ny, ¢) = logp(y | 2,%) — KL(q(0)q(v)q (x| &) || (0,7, x))

Proposition (easy natural gradient)

~

Vo LsVAE (M6, Ty, @) = (Mg + By | o)t (), 1) —19)+ (Vi L(16, 11, 15 (M0, 0)), 0)




