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Abstract
We derive a modified version of factor analysis for data that is poisson (rather than gaussian) distributed.
This modified approach may better fit certain classes of data, including neuronal spiking data commonly
collected in electrophysiology experiments.

1 Introduction

Factor analysis and other similar dimensionality reduction approaches (e.g., PCA or SPCA) are derived using
a state-space model. The latent state is modeled as a gaussian distribution. The observed output is modeled
as a linear function of the latent state with additive gaussian noise. This approach can provide the benefit of
reducing the dimensionality of the observed, but noisy, data to a small number of underlying factors. These
factors may then be used to provide meaningful predictions on new data.

For count, or point process, data, the gaussian output noise model used in factor analysis may not provide a
good description of the data. Instead, we modify the output noise model to be poisson. Additionally, we extend
the state-space model to incorporate a mixture of gaussians rather than a single gaussian distribution. This
extension can serve to better model the latent state, especially when there is an a priori expectation that data
is clustered. Once trained, the model can be used to make predictions of the latent (or unobserved) states for
new observed data.

We dub our new approach as “Factor Analysis with Poisson Output”, or FAPO for short.

2 Generative Model

The generative model for FAPO is given below.

x|s~N(ps,Zs) (1)
y' | x ~Poisson(h(c'-x+d)A) for i€l,....q (2)



The random variable s is the mixture component indicator and has a discrete probability distribution over
{1,...,M} (e, P(s) = ms). Given s, the latent state vector, x € RP*!, is gaussian distributed with mean p,
and covariance X,. The outputs, y* € Ng, are generated from a poisson distribution where % is a link function
mapping R — R,, ¢! € RP*! and d! € R are constants, and A € R is the time bin width. We collect the counts
from all ¢ simultaneously observed variables into a vector y € Ng * 1, whose ith element is y*. The choice of the
link function 4 is discussed in the following section.

In this work, we assume that all of the parameters of the model, namely 7, ps, Zg, ¢i, and d for s €
{1,...,M} and i € {1,...,q}, are unknown. The goal is to learn the parameters so that the model can be used to
make predictions of x and s for a new y.

3 System Identification

The procedure of system identification, or “model training,” requires learning the parameters from the ob-
served data. The observed data includes N observations of y, an i.i.d. sequence (y1,ye,...,yn) denoted by {y},
and N observations of the mixture component indicators, s, an i.i.d. sequence (s1,s2,...,sny) denoted by {s}.
The latent state vectors are hidden and not observed.

This situation is an unsupervised problem, although not completely unsupervised; the system identification
can be more challenging if s is also unknown. This latter scenario is beyond the scope of this article. Once the
model is trained, however, we estimate the most likely x and s with new observed data y, as described in the
following section.

The standard approach to system identification in the presence of unobserved latent variables is the
Expectation-Maximization (or EM) algorithm. The algorithm maximizes the likelihood of the model pa-
each iteration is performed in two parts, the expectation (E) step and the maximization (M) step. Iterations
are performed until the likelihood converges.

3.1 E-step

The E-step of EM requires computing the expected log joint likelihood, E [log P ({x},{y},{s} | 0)], over the pos-
terior distribution of the hidden state vector, P ({x} | {y},s,@k), where 6% are the parameter estimates at the
kth EM iteration. Since the observations are i.i.d. we can equivalently maximize the sum of the individual
expected log joint likelihoods, E [log P (x,y,s | 0)].

The posterior distribution can be expressed as follows:

P(xly,s,@k)cx P(ylx,@k)P(xls,Hk). ®3)

Because P (y | x) is a product of poissons rather than a gaussian, the state posterior P (x | y) will not be of a form
that allows for easy computation of the log joint likelihood. Instead, as in [1], we approximated this posterior
with a gaussian centered at the mode of log P (x|y) and whose covariance is given by the negative inverse
hessian of the log posterior at that mode. Certain choices of £, including A 1(z) = e? and ha(z) =log(1 + e7), lead
to a log posterior that is strictly concave in x. In these cases, the unique mode can easily be found by Newton’s
method.

log P(x|y,s,0)=1log P(y|x,0)+log P(x|s,0)+Cy

q .
=|) logP (y‘ Ix)) +log Nx (ps,Zs) +Co
i=1

1l
M=

1_h (ci.x+di)A+yilog(h (ci-x+di)A) —1og(yi!)) +log Nx (ps,Z5) +Cs

~.
1l

Il
.MQ

. . . . N 1
-h (cl‘x+d’) A+y'logh (cl'x+ dl)) - §X’Zs_1x+ pE x4+ Cy 4)
1

~
Il



Taking the gradient and hessian of (4) with respect to x, results in the following expressions.

q , , , . ,
Vxlog P(x|y,s,0)= (Z —Vxh(c’-x+d’)A+ylvxlog h(c’-x+d’)) —Z;1x+28_1us
i=1

9q . . . . .
V2log P(x|y,s,0) = (Z —Vih(cl-x+d’)A+ylVilog h(cl-x+d’)) -z1
i=1

Letting, {! = ¢-x+d*. For the aforementioned versions of 1 and A9, the gradient and hessians are
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respectively.

For observation n, let @, be a gaussian distribution in R? that approximates P (xn Iyn,sn,Bk) and has
mean &, and covariance V¥,,. The expectation of the log joint likehood for a given observation can be expressed



as follows:

En=Eq, [log P(Xy,¥n,5n | 0)] (10)
q .
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The terms that do not depend on x, or any component of 8 can be grouped as a constant, C, outside the
expectation. Doing so, and also moving terms that do not depend on x,, outside the expectation, we have
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where (13) is simplified to (14) by using the following relationship:

Eq, [x,2;, %] = Eq, [Tr (x,2; %)
=Eq, [Tr (25, x:x;)]
=Tr (25, Eq,[xnx,))
=Tr(Z;1 (¥, +&nk))).
Because the posterior state distributions are approximated as gaussians in the E-step, the expectation in
(14) is a gaussian integral that involves non-linear functions g and 4 and cannot be computed analytically in
general. Fortunately, this high-dimensional integral can be reduced to a one-dimensional gaussian integrals

(with mean ¢?-¢,, and variance (¢’) ¥, (c)).
The expectation of the log joint likelihood over all of the N observations is simply the sum of the individual



&, terms:
E=Eq [log P ({x},{y},{s}| 9)]

N
=Y &,
n=1

3.2 M-step

The M-step requires finding (learning) the 6%*! that satisfies:

%1 = argmax Eqlog P (i), iy} (5} 10)]. (15)

This can achieved by differentiating & with respect to the parameters, 0, as shown below. The indicator

function, I(s, =s) will prove useful. Also, let N = Zflvzl I(s, =s).

¢ Prior probability of mixture component identification s:

1 N
= — I = ].6
s Nn;1 (sn=15) (16)
* State vector mean, for mixture component identification s:
& X
=Y I(sn=9) (2" -2, ps) =0
.~ O )
a7

g1 1
I“ls+ :ﬁzl(sn:s)fn
S n=1

* State vector covariance, for mixture component identification s:
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* Observation mapping constants:



We want to maximize the following objective function, with respect to ¢! and d’:

i_il_h (¢, +d') A+ yhlog [k [e'-x, +d') A
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First, let us instead examine the following more general problem: maximize the objective function
E4lg(e-x+d)] with respect to ¢ and d, where g is concave and x is gaussian distributed with mean
¢ and covariance ¥. Defining the new variables €& = [¢' d]' and X =[x’ 1]’, the objective function can be
equivalently expressed as

O=Exlg(c'x+d)]
= f g (&%) Nx(&, P)dx

= f gINL(EE e Pe)dz, (20)

where & =[¢' 1]’ and ¥ is a matrix in RP*D*(P+D with the upper-left p x p sub-matrix equal to ¥ and
the rest of the elements set to zero. This objective function can be maximized using Newton’s method
since it is concave in €. However, to perform this optimization method, we require the gradient and the
hessian of O. The gradient can be obtained as shown below.
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Taking the partial derivative in (21) requires the following quantities.
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Using the equations above, we can reduce (21) to
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While there does not exist a convenient analytic solution to the above integral, it can be accurately and
reasonably efficiently approximated using gaussian quadrature [2], [3]. Specifically, gaussian quadra-
ture rules state that

J
ff(z)Nz(/.t,Uz)dzz ijf(Zj) forZj=p+vyjo, (23)
z j=1

for any function f, where w; are the quadrature weights and y; are the normalized quadrature points.

Identifying the function f in (22) and substituting z = Z; = ¢dE+y ive P&, the quadrature function for
the gradient is

fily) =g@¥&+y;Ve've)
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The following quantities will be useful.
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Next define a function a(-) as

a(y;) = (26)
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Substituting these expressions into (25), the quadrature function for the hessian is:

foly;) = g@&+y;&'Pé)|a(yaly;) +

2 @27




For certain choices of & it is possible to compute the gradient and hessian analytically. To illustrate, we

start with the following form

2
2 _ 1 _(Z—#)
fzg(z)Nz(u,o )dz = Vo Zg(z)exp( 552 dz

(28)

for g(z) = —exp(z). The classic method to solve this integral is to “complete the squares” in the exponent.
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Relating this form back to (20), the gradient with respect to € is
-1 - - 1 - -
5 | (é’: *3 (é"{’é)) = —exp (é’f t3 (e've)|(&+Pe)
Likewise, the hessian can be computed as follows.
- 1 ~ - - -1 ~ I - = -
5 | &P (é’z +5 (é/\yé)) (E+7e) | = —exp|&E+ o (é"I’é)) ((£+ ¥e) (E+WPe) + \P)
[d

For another choice of g(x), €&, the gradient is trivially & and the hessian is the zero matrix.

4 Inference

P(sly,é)oc P(yls,é)P(slé)
=71 (fo(y,xls,é) dx)

=715 (fXP(ylx,é)P(xls,é) dx)
=sExis [P (y | X,é)]-

(29)

(30)

(31)

Once the model parameters have been chosen, the generative model can be used to make inferences on the
training data or new observations. For the training data, the hidden state vector x is the only variable that
must be inferred. The posterior distribution of x can be approximated by a gaussian, exactly as described pre-
viously. This results in a distribution @ with mean & and covariance ¥. Therefore, the maximum a posteriori
estimate estimate of x is simply &.

When performing inference for a new observation, the mixture component identification, s, is assumed to
be unknown. The posterior distributions of both s and x, given the data, y, are potentially of interest. The
first of these distributions can be expressed as follows:

(32)



where the expectation in (32) is of a product of poissons with respect to a gaussian distribution that has mean

ft, and covariance ;. This expectation can be computed using sampling techniques or Laplace’s method
To infer x given the data, the following derivation applies:

P(x|y,0) Z (x1y,s,0)P(s|y,0)

I ME ||

P(xly,s, 9 ns xis [P (ylx 9)] (33)
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