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Sequential multivariate count data
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Sequential multivariate count data
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Sequential multivariate count data
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Sequentially observed count vectors
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Sequentially observed count vectors
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Sequentially observed count vectors
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Sequentially observed count vectors
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Sequentially observed count vectors
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Sequentially observed count vectors
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Sequentially observed count vectors
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Sequentially observed count vectors
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Sequentially observed count vectors



Sequentially observed count vectors
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Modeling sequential count data

Many reasons to want a probabilistic model

e Prediction (forecasting, smoothing)
» Explanation

» Exploration (interpretability!)



Modeling sequential count data

Many probabilistic models for sequential counts

* Autoregressive models
* Hidden Markov models
* Dynamic topic models

 Hawkes process models



Modeling sequential count data

Linear dynamical systems

e Expressive
e Parsimonious

e Gaussian®* unnatural for count data

misspecified likelihood...

...Or non-conjugate



Modeling sequential count data

MY COUNT DATA IS REALLY NON-GAUSSIAN

USE THE LDS.




The case for naturalness

Natural models

v likelihood matches the support of the data
v conjugate priors

o Statistically and computationally efficient
* the right inductive bias constrains the hypothesis space
* the right inductive bias supplements a lack of data
» quantities of interest available in closed form

 Important for measurement



Poisson—gamma dynamical systems

Our contributions:
* Novel generative model
e Matches the form of linear dynamical systems

2

* Natural for count data
 Auxiliary variable-based MCMC interence q =

Benefits of the model:
e |nference scales with the number of non-zeros

(not size of data matrix, like the Gaussian LDS)

 Superior forecasting and smoothing performance

» Highly interpretable latent structure



Poisson—gamma dynamical systems
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Poisson—gamma dynamical systems
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how active event type v
is in component k



Poisson—gamma dynamical systems

1) . (< (t)
y  ~ Pois Z@wé’k

=

how active component k
Is at time step t



Poisson—gamma dynamical systems
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Poisson—gamma dynamical systems

Qlit) ~ (Gam (

(conjugate prior to Poisson)



Poisson—gamma dynamical systems

how active component k’
Is at time step t-1



Poisson—gamma dynamical systems

the probability of transitioning
from component k' into k




Poisson—gamma dynamical systems

concentration
hyperparameter



Poisson—gamma dynamical systems
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Poisson—gamma dynamical systems




Poisson—gamma dynamical systems

E |g®] = met—1

1D y(t) — 9t

(matches linear dynamical systems)



Inferred latent structure

International relations data from 2003



Inferred latent structure

0.2

0.15
¢kv

0.1

0.05

‘Sp R My ’"o,? IS p4<

Nt A N Nt A Ky Nt 7, Ky
‘4( (/\94 ‘q/r 08'4 84 08'4

The top event types for component k=1



Inferred latent structure
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Inferred latent structure
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Inferred latent structure
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Inferred latent structure
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Inferred latent structure
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Inferred latent structure

Apr 2003

May 2003

2003 invasion of Iraq
Part of the Iraq War

\!--

.S. rmy M1A1 Abrams tanks and their crews pose
for a photo in front of the "Hands of Victory" monument
at Baghdad's Ceremony Square in November 2003.

Date 20 March - 1 May 2003
(1 month, 1 week and 4 days)




Inferred latent structure
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Inferred latent structure

Six-party talks

From Wikipedia, the free encyclopedia

The six-party talks aim to find a peaceful
resolution to the security concerns as a result of
the North Korean nuclear weapons program.
There has been a series of meetings with six

| participating states:

o ‘o! South Korea

« B North Korea
« W= United States of America

« il China

e ® Japan

o pmm Russia

Timeline [edit]

1st round (27 Aug - 29 Aug 2003)
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Inferred latent structure
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Legend
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Legend

Technical challenge | oraissonmsttinomia
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(conditional posterior has closed form)



Legend
Augment and Conquer O Poisson/Multinomial
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Legend
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Legend

Th ree I'U IeS O Poisson/Multinomial

O Gamma/Dirichlet

Relationship between
Poisson and Multinomial
Steel (1953)
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Legend
Th ree I'U IeS O Poisson/Multinomial

O Gamma/Dirichlet

Negative binomial

Negative binomial as gamma-Poisson
Greenwood & Yule (1920)
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Legend
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Legend

Three rules

O Poisson/Multinomial
O Gamma/Dirichlet
Negative binomial

Magic bivariate

count distribution
Zhou & Carin (2012) P(l, m ‘ x, 5)
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Legend

Three rules
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Augment and Conquer
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Legend
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Solution
Backward filtering—forward sampling (BFFS)

Backward filtering
AW ~ P(AD | AT Y 0,11, v)

Forward sampling

00 ~ P(O® 941 A Y, II, v)



Conclusion

Elegant inference in the natural mode|
that scales with the number of non-zeros

and relies on a novel auxiliary variable scheme

Come to ‘poster
#1903 umigﬁt'

https://github.com/aschein/pgds
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