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Overview

@ HMMs formalize measurement on a latent dynamical system.
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@ HMMs formalize measurement on a latent dynamical system.
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o Infer latent dynamics and latent trajectories Z;.1
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Overview

@ Two distinct tasks:

o Infer latent dynamics and latent trajectories Z;.1
e Recover transition f(-) and emission g(-) functions from Xi.71
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= Recent connections between VI and SMC: filtered objectives.



Overview

e Filtering SMC operates on sequence of probability spaces

XO X1 X2 e XT—l
q1 q1 q1 q1
q2 q2 q2 q2
Z Z Z. V.
0 I 1 I 2 I 7 T-1
g9 g9 g g9




Overview
e Filtering SMC operates on sequence of probability spaces

e Decompose the problem across time steps.
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Overview

e Filtering SMC operates on sequence of probability spaces

e Decompose the problem across time steps.

o Define tractable proposal g, draw k samples {zf}K | ~ q(")
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Overview
o Filtering SMC operates on sequence of probability spaces

o Decompose the problem across time steps.
o Tractable proposal g, draw k samples {zf}K_ | ~ q(-|z°)
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Overview
o Filtering SMC operates on sequence of probability spaces

o Decompose the problem across time steps.
o Tractable proposal q, draw k samples {zK}K_ | ~ q(-|z")
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Overview
o Filtering SMC operates on sequence of probability spaces
o Decompose the problem across time steps.

k
o Tractable proposal g, draw k samples {zk |} | ~ q(-|z7 %)

Xo X1 X2 XT—l
Q1§ Q1§ 1115 th
‘Q2 1122 iqz q2 :
Zo - A 71 Z3 - r EZT—I
*«—— e —— e : H
NS, ) ) )
N
Xo X1 X Xr_1

o Resample particles to focus on areas of high probability mass
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Variational Inference in a Nutshell

o Approx intractable py(z,x) w/ tractable qy(z|x)

=- Trade integration for optimization

o Exploit hidden symmetry

= Duality: argmin Dk (gy(z|x)||pe(z]x)) = argmax Lego
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Variational Objectives

e Weighting samples by ratio p/q corrects for approximation
= Bias proposal towards true posterior
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Variational Objectives

e Weighting samples by ratio p/q corrects for approximation
= Bias proposal towards true posterior
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Variational Objectives

e Weighting samples by ratio p/q corrects for approximation
= Bias proposal towards true posterior
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Variational Objectives

e Weighting samples by ratio p/q corrects for approximation
= Bias proposal towards true posterior
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@ SMC constructs filtered estimate of py(x) and objective:
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e Lsyc is a biased estimator for log ps(x), bias is O(K~1)



Particle Smoothing

Forward Filtering Backward Simulation (Godsill, 2004):
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Particle Smoothing

Forward Filtering Backward Simulation (Godsill, 2004):
@ Continuous samples drawn from g in forward pass.

@ Backward pass only performs resampling.
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Particle Smoothing

Forward Filtering Backward Simulation (Godsill, 2004):
@ Continuous samples drawn from q in forward pass.

@ Backward pass only performs resampling.
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= Limits expressiveness of variational family.
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Particle Smoothing Variational Objectives

Can we use smoothing posterior to design a continuous-domain
backward proposal?
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@ Design g to approx p w/ self-normalized importance sampling

= Subsample subparticles and compute subweights.

@ Select subparticle index w/ prob proportional to subweight

@ Yields i.i.d. sample trajectories and smooth objective.
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Particle Smoothing Variational Objectives
@ Define continuous-domain backward proposal
q(z¢|ze41,x1:7)
e Sample M subparticles for each k € {1,--- K}
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@ Use samples to define subweights:
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@ Define continuous-domain backward proposal

q(zt|ze41,x1:7)
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Particle Smoothing Variational Objectives
@ Define continuous-domain backward proposal

q(zt|ze41,x1:7)
e Sample M subparticles for each k € {1,--- K}

~k,1:M ~
zy’ q(zt‘zit(+17X1:T)

@ Use samples to define subweights:

k m __ ~k,mi~k,m
t\T = p(Z; |Zt+1aX1:T)

F(Z, 0120 ™)g (xe|26™)

o< | p(ze- 1,Zt ‘Xlt 1)dze—1 ~km
q(zy ’Zt+17X11T)



Particle Smoothing Variational Objectives
@ Define continuous-domain backward proposal

q(zt|ze41,x1:7)
e Sample M subparticles for each k € {1,--- K}

~k,1:M ~
zy’ q(zt‘zit(+17X1:T)

@ Use samples to define subweights:
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Particle Smoothing Variational Objectives

Construct estimator Zsyo
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Particle Smoothing Variational Objectives

Construct estimator ZASVO and objective Lsyo:

K
k=

5 1 o P27 x0:7) 5
Zsvo =7 ) —p 1, Lsvo=E [log sto]
K Z:I q(zf 7 lxw.7) q
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Construct estimator ZASVO and objective Lsyo:
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Particle Smoothing Variational Objectives

Construct estimator Zsyo and smoothing variational objective:

5 1 p(Z5. 7, x0T 4
Zsvo =15 q(l'T)7 Lsvo =1 ['Og sto]

K
K k=1 (le(:T|X1:T)

where proposal factorizes

T-1

sk . T k sk k sk sk
q(z1.7Ixu:T) =M YT q(Z7|x1:7) | | [wt|T -q(Z; ‘Zt+17X1:T)} :
t=1

@ SVO generates unbiased estimate of marginal likelihood.

Zsvo — po(x1.T)
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@ PSVO should be more than a good autoencoder.
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Evaluation Metric

How to evaluate model performance?

@ PSVO should be more than a good autoencoder.
@ L go is not comparable across models.

o Latent trajectories connected by smooth transformations
can result in equivalent representation of X;.7.
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@ Repetedly apply transition function f(-) and emission
function g(+) to form predictions.
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Evaluation Metric

@ Repetedly apply transition function f(-) and emission
function g(+) to form predictions.

o Compare predicted observations X1.7_x and data xy.7_x
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@ Repetedly apply transition function f(-) and emission
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Evaluation Metric

@ Repetedly apply transition function f(-) and emission
function g(+) to form predictions.

o Compare predicted observations X1.7_x and data xq.7_x
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Particle Smoothing Variational Objectives: FHN

@ Integrate over 200 time bins w/ random initial points
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Particle Smoothing Variational Objectives: FHN

@ Take 1D observation forming partially observable system
xt = N(z1,0°)

= Filtering cannot infer initial point from 1D observation.



Particle Smoothing Variational Objectives: FHN

Inferred hidden trajectories and dynamics topologically similar
with ground truth
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Particle Smoothing Variational Objectives: FHN

@ Outperforms filtered nonlinear objectives and linear dynamics.
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Particle Smoothing Variational Objectives: Lorenz

@ Integrate over 250 time bins w/ random initial points
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Particle Smoothing Variational Objectives: Lorenz

@ Define 10D nonlinear observations for dimension reduction

21 = 0'(22 — 21)
n=z(p—2z3) — 2
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Particle Smoothing Variational Objectives: Lorenz
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e Tighter bounds log Zsyp — log pg(x1.7) as K, M increase
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Particle Smoothing Variational Objectives: Lorenz
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o Lsyo consistently outperforms Lspc with fewer particles
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Particle Smoothing Variational Objectives: Lsyo

e VIl is a tradeoff b/t tractability of gy (z1.7|x1.7) vs
expressiveness of py(z1.7,x1.7)

o If variational family is /imited, training both 6 and ¢ can pull
po(z1.7, X1:T) — Q¢(21:T|X1:T)

= Share transition function b/t q4(z1.7|x1.7) and ps(z1.7, X1:7)



Particle Smoothing Variational Objectives: Lsyo

e Lsyo convergence when sharing f(z:|1(z:—1)) b/t g4 and pg



Particle Smoothing Variational Objectives: Lsyo

75

@ Slower convergence of Lsyp and lower values for separate
transition parameters.



Particle Smoothing Variational Objectives:

Lsvo

S L

Shared Evolution Term {¢, .0}
(K=16)

Exclusive Evolution Term {s,0}
K= 16)

@ A closer look at Lsyo convergence when K = 16.

= Faster convergence w/ shared parameters

200 300
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Particle Smoothing Variational Objectives: Allen

o Electrophysiology data of individual neurons from mouse
visual cortex downloaded from Allen Brain Atlas.



Particle Smoothing Variational Objectives: Allen
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@ Download 30 trials of neuronal spiking from input current.



Particle Smoothing Variational Objectives: Allen
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@ 10-millisecond prediction captures depolarization and
hyperpolarization nonlinearities.



Particle Smoothing Variational Objectives: Allen
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@ SVO outperforms filtered objectives and linear systems.
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Takeaways

PSVO:

e Consistently outperforms filtered objectives.

@ Learns nonlinear transition and emission functions from
partially observable systems.

o Augments backward proposal support and boosts particle
diversity.

@ Well-motivated variational objective Lsyo from a consistent
and unbiased likelihood estimate.



Thank You

@ Implementation and datasets for experiments online:

= https://github.com/amoretti86 /PSVO

@ Thanks to Christian Naesseth and Daniel Hernandez for
helpful discussions


https://github.com/amoretti86/PSVO
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