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Therefore, cracking the neural code involves studying the relation between brain signals 
and these external biological signals. 
 

Figure 1. Example of spiking activity of a neuron in the human subthalamic nucleus.  (This is a 
placeholder figure only)  
 
The timing of spiking activity is related to an underlying membrane voltage process that 
is typically not recorded for in-vivo experiments.  Figure 1 is an example of a typical 
extracellular voltage trace showing the spiking activity of a single neuron.  The 
stereotyped nature of these action potentials suggests that the information contained in 
sequences of spiking activity, or spike trains, is not related to the shape of the voltage 
trace for any particular spike, but rather to the frequency and timing of these events.  At 
the same time, a neuron’s responses to repeated presentations of the same stimulus are 
stochastic.  That is, with multiple presentations of a stimulus to a neuron or ensemble, 
the set of resulting spikes will differ in their exact timing, although they may share 
common statistical features.  In some brain systems, information about an encoded 
signal can be transmitted in a small number of spikes or in the exact arrival times of 
these events.  Taken together, these properties of neural spiking suggest that they are 
most appropriately modeled as point processes. 
 
Example 1. Retinal Neuron Under Constant Light and Environmental Conditions 
 
Neurons in the retina typically respond to patterns of light displayed over small sections 
of the visual field.  However, when retinal neurons are grown in culture and held under 
constant light and environmental conditions, they will still spontaneously fire action 
potentials.  In a fully functioning retina, this spontaneous activity is sometimes described 
as background firing activity, which is modulated as a function of visual stimuli. 
 
Figure 2 shows the spiking activity of one such neuron firing spontaneously over a 
period of 30 seconds.  Even though this neuron is not responding to any explicit stimuli, 
we can still see structure in its firing activity.  Although most of the interspike intervals 
are shorter than 20 msec, a significant fraction of these ISIs are much longer, on the 
order of 60-120 msec.  We can also observe bursts of firing with multiple spikes arriving 
in quick succession of one another. 
 
Spontaneous spiking activity that does not clearly relate to any external biological or 
behavioral signals is useful for constructing simple models for how each spike relates to 
the neuron’s past spiking history, and can help us understand the fundamental 
biophysical properties of action potential generation.  We shall see that history 
dependence is an important component of virtually all neural spiking activity and that 
accurate models of history dependence are essential in fully describing most spiking 
data. 
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• Negative log-likelihood:

–

• Conditional Intensity Function:

–

• Generalized Linear Model (GLM):

–

–

• ML Estimation:

–

• Sparse Estimation:

–

– Convex: Numerical methods
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We use this result derive the joint distribution of 
observations. 

Computing with Poisson Probabilities

nt is the spike indicator function in interval t
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• Raw Data

• Discretization

• Spiking responses of 72 neurons in rat Lateral Geniculate Nucleus to

drifting gratins

• Binary Representation

• Intrinsic Frequency estimated very well !

• Only about 7 seconds of data used !

• Greedy algorithms e.g. OMP also work

time (sec) 100

time (sec) 100

time (sec) 100

• Thinning

• Model selection via AIC and estimation

• Time-Rescaling

• Test Goodness-of-fit: KS plots, QQ plots and ACF test

• Binary Data

(Homogenous)

• Self-Exciting Point Processes

– Future evolution dependent on History

• Given: a point process and an estimated CIF

• Goal: Find a statistical measure of goodness of estimate

• Rescaled process should look like a homogenous Poisson process

• Orthogonal Matching Pursuit performs good sparse estimation

• GLM’s are good candidates to capture the sparsity in neural data

• Sparse estimation overcomes overfitting and Large sample size com-

pared to ML estimation

• Error can be suitably bounded in sparse estimation methods

• Intrinsic frequency ⇠ 11 � 11.5 Hz reported using Two-Photon Mi-

croscopy

(Borowska, 2011)

Contact: {kaazemi, behtash, minwu}@umd.edu

Dependent Data
Sparse Spontaneous Activity

• Application:• Requirements:

* Parametric model of sparse dependence

* Principled inference framework

* Consistent with neurophysiology

Real-time processing of biophysical data, neural prosthetics etc.

Conclusions and Future Work

Application to LGN NeuronsMethodology

Application to Synthetic Data

Formulation

Introduction

Sparse Estimation of  Self-Exciting Point Processes with 
Application to LGN Neural Modeling 

• Requirements:

* Parametric model of sparse dependence

* Principled inference framework

* Consistent with neurophysiology

• Requirements:

* Parametric model of sparse dependence

* Principled inference framework

* Consistent with neurophysiology

• Goal: Estimation of the sparse dependence

• Goal: Estimation of the sparse dependence

• Requirements:

* Parametric model of sparse dependence

* Principled inference framework

* Consistent with neurophysiology• Parametric model

• Principled inference framework

• Consistent with neurophysiology

• Sparse estimtion significantly outperforms ML estimation

• Up to 2 orders of magnitude reduction in used data !

0 0.5 1

E
m
p
ir
ic
a
l
C
D
F

0

0.2

0.4

0.6

0.8

1
KS plot with 99% Confidence Bounds

ML

k
0 5 10 15

r
(k
)

-2

0

2

4

6

8

10
ACF test with 99% Confidence Bounds

ML

0 0.5 1

E
m
p
ir
ic
a
l
C
D
F

0

0.2

0.4

0.6

0.8

1
KS plot with 99% Confidence Bounds

Regularized

k
0 5 10 15

r
(k
)

-2

0

2

4

6

8

10
ACF test with 99% Confidence Bounds

Regularized

0 0.5 1

E
m
p
ir
ic
a
l
C
D
F

0

0.2

0.4

0.6

0.8

1
KS plot with 99% Confidence Bounds

OMP

k
0 5 10 15

r
(k
)

-2

0

2

4

6

8

10
ACF test with 99% Confidence Bounds

OMP

• Need O(s2 log p) samples for `1 and O(s2 log2 s log p) for OMP

• Extension to multivariate case

• Application in seismology, criminology, gene regulatory networks etc

• Error can be suitably bounded using sparse estimation
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