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Motivation

Although technology continues to progress improving the information
experimentalists acquire about populations of neurons, the data remains noisy.
Because the distribution of noise is, in general, non-Gaussian; and biophysically
realistic neural models are nonlinear, sophisticated nonlinear systems
identification tools must be developed to infer both (i) the unobserved /hidden
states and (ii) the parameters governing the dynamics. By writing models of
neurons in terms of observation states (eg, photon or spike counts), and hidden
states (eg, voltage or conductance), an Expectation—-Maximization (EM)
algorithm is a natural framework. By writing the dynamics as Markov Chains,
the EM approach is greatly simplified. Because the states are continuous with
nonlinear dynamics, exact expectations are not feasible, and we therefore
approximate them using Sequential Monte Carlo (SMC) algorithms. This
approach is very general and can be applied to a variety of models with

increasing complexity.



Generalized Linear Models (GLM)
e Cascade Linear—Nonlinear—Poisson (LNP) Models

e Unique global extrema

e Great success in spike train data
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(Generalizations

e Spike history terms for arbitrary dynamics (e.g., facilitation)

e Spike history terms from other neurons for population effects

e Noisy and intermaittent observations

e Maintains properties of GLM (e.g., log concave, etc.)

e Populations of neurons are Hidden Markov Models
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Hidden Markov Models (HMM)

Markov Property
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Expectation—Maximization (EM)

Expectation Step: Write the expected value of the joint
likelihood, Q(6,6")

Maximization Step: Maximize Q(6,60")
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EM for HMM

e Joint likelihood greatly simplifies
e Monotonically increasing

e Recursive algorithms available
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Sequential Monte Carlo (SMC)

e Lifficiently (sometimes optimally) sample from HMM

e Many samples approximate the distribution

e SMC-EM Algorithm
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Forward—Backward Approach

Forward Sampling

Hy ~ P{H,|H; 1, O] (9)

Backwards Recursion
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Linear—Nonlinear—Poisson

Calcium Model

LNP—Ca: Model Specification

At) = f(b+ K'z(t))
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LNP—-Ca: Graphical Model




Linear Filter Estimates for Subsequent EM Iterations
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Calcium Dynamics Parameters
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LLinear—Nonlinear—Poisson
Intermittent
Calcium Observations Model

LNP-ICa: Model Specification

At) = f(b+Kz(t))
n(t) ~ Pn(t); A(t)dt]

dC(t) = —aC(t)dt + odB; + Pn(t)
O(t) =nC(t)  whenever t/r € N



LNP—-ICa: Graphical Model
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LNP—-I1Ca: Density Estimation
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Linear—Nonlinear—Poisson
Noisy Intermittent

Calcium Observations Model

LNP—-NICa: Model Specification

)

)

) = —aC(t)dt + odB; + On(t)

) =nC(t) + eBy whenever t/r € N



LNP-NICa: Graphical Model
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LNP-NICa: Density Estimation
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Linear—Nonlinear—Poisson with
Spike—History and
Noisy—Intermittent—Calcium Model

LNP-SH-NICa: Model Specification
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LNP-SH—-NICa: Graphical Model




LNP-SH-NICa: Density Estimation
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Discussion

e SMC-EM algorithms efficiently infer hidden states and

parameters

e Conceptually straightforward generalization to populations

of neurons
e Spike dropping scenario can be dealt with similarly

e Synaptic plasticity easily incorporated
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