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Brain Science

Aims at understanding questions like,

How do we recognize objects?

How do we learn to a new sequence of �nger movements?

What happens under anaesthesia?

What is schizophrenia?
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Source: Gazzaniga, Michael.S, Ivry, R.B., Mangun, G.R.,Congnitive Neuroscience, page:49, W.W.Norton, 1998.
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Brain Science

In the large, attempts to answer

What principles may be used to describe mental processes?
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Brain Science

In the large, attempts to answer

What principles may be used to describe mental processes?

What principles may be used to describe the brain?
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Source: Bear M.F., Connors, B.W., Paradis o, M.A., Neuroscience: Exploring the Brain, page:208, Lippincott, Williams and Wilkins, 2001.
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Brain Science

In the large, attempts to answer

What principles may be used to describe mental processes?

What principles may be used to describe the brain?

How does neuronal activity produce behavior?
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Focus of This Lecture

Perkel and Bullock (1968): The problem of neural coding is to elucidate
“the representation and transformation of information in the nervous
system.”
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The Star ting Point

The simplest (“textbook”) answer to the question “How do neurons carry
information?” is that a neuron responds to a relevant stimulus, or
contributes to the production of an action, by increasing its �r ing rate.
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The Star ting Point

The simplest (“textbook”) answer to the question “How do neurons carry
information?” is that a neuron responds to a relevant stimulus, or
contributes to the production of an action, by increasing its �r ing rate.

However, neurons �re irregularly, both within and across trials.
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TOP: Plot of neuronal spike trains on 15 repeated trials.
BOTTOM: Peri-stimulus time histogram (PSTH) obtained by counting
spike events within time bins, pooling across trials.
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Some General Questions

Of what relevance to neural coding is this variation?

Which features of spike trains are “signal” and which are “noise?”

What time scales are relevant to neural coding?

How do ensembles of neurons act together, advantageously?
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Outline for Today's Presentation

1. Firing rates and their variation across time.

2. Bayes' Theorem.

3. Population coding and neural prostheses.
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Rate Coding

Refers to information being carried by the �r ing rate. It is often argued, or
assumed, that �r ing rate captures essentially all relevant information.

Sometimes there is an all-or-none response, so that variation across
conditions is considered signal while variation within trials or across trials
is considered noise.

Example: object recognition in inferotemporal cortex.
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Source: Bear M.F., Connors, B.W., Paradis o, M.A., Neuroscience: Exploring the Brain, page:208, Lippincott, Williams and Wilkins, 2001.
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Responses of two neurons in inferotemporal cortex to various visual
stimuli: these neurons are essentially either “on” or “off.”

Source: Desimone, R., Ungerlieder, L.G., Handbook of Neurophysiology, page 287, Elsevier Science Publishers, 1989. . – p.19



Data Anal ysis, The Easy Case

Distinguishing “signal” from “noise” is easy when

timing is ignored

trials are assumed identical

and individual neurons are considered in isolation.
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Data Anal ysis, Complication 1: Timing

Experiment of Olson et al. concerning the nature of the supplementary
eye �eld.
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Source: Bear M.F., Connors, B.W., Paradis o, M.A., Neuroscience: Exploring the Brain, page:208, Lippincott, Williams and Wilkins, 2001.

. – p.22



. – p.23



Spatial
tr

ia
l 
n
u
m

b
e
r

-200 0 200 400 600

Pattern

-200 0 200 400 600

-200 0 200 400 600
Time (ms)

fi
ri
n
g
 r

a
te

 p
e
r 

s
e
c
o
n
d

0
4
0

8
0

1
2
0

-200 0 200 400 600
Time (ms)

0
4
0

8
0

1
2
0

. – p.24



Supplementar y Eye Field (SEF) Results

SEF is involved in higher-order processing.

Responses are timing-dependent, and much more subtle.

Required us to smooth the peri-stimulus time histograms.
Smoothing produces big gain in statistical ef�ciency .
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Mean Squared Error (MSE):

M SE = B ias2 + V ar iance

Typically, MSE decreases as 1=n, e.g., decreasing MSE by factor of two is
roughly equivalent to doubling sample size.
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In Estimating Instantaneous Firing Rate
Smoothing is a Good Idea

Illustration: small simulation study.

Kass, Ventura, Cai (2003, NETWORK)
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Computer simulation begins with a hypothetical true ®ring rate function.

. – p.30



Histogram (PSTH) for one simulated data set, overlaid on true rate.
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Mean Integrated Squared Error for PSTH is large.
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Mean Integrated Squared Error for smoothed estimate is much smaller.
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Sometimes smoothing is tric ky

Example: Neuron recorded from inferotemporal cortex.
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Problem: how to capture sudden jump, but keep rest smooth?
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Our “High-T ech” Solution

BARS: Bayesian Adaptive Regression Splines.

Computationally intensive (several seconds of computing time to
smooth a single PSTH).

Based on �tting cubic splines, using powerful Monte Carlo simulation
to �nd knots.
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BARS �t shown as dark curve.
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Ef�cienc y of BARS

In this setting reduces MSE by factor of 2.5.

. – p.37



BARS Software

Available on web, described in:
Wallstrom, Liebner, and Kass (2005)
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Bayes' Theorem:

P(AjB ) =
P(B jA)P(A)

P(B jA)P(A) + P(B jAc)P(Ac)

Bayes' Theorem for Hypotheses:

P(H jdata) =
P(datajH )P(H )

P(datajH )P(H ) + P(datajnot H )P(not H )
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Bayes' Theorem:
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Bayes' Theorem for Data Anal ysis:

p(� jdata) =
p(dataj� )p(� )R
p(dataj� )p(� )d�

Increases in computing power led to a “Bayesian revolution” during the
1990's. (See Malakoff article in Science.)
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Data Anal ysis, Complication 2: Populations

Large groups (ensembles, or populations) of neurons act together.
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Population Coding

Physiological starting point: Neurons in motor cortex not only drive
muscles, they also respond in a manner that correlates with movements
that are extrinsically de�ned.

Georgopoulos, Schwartz, and colleagues (1980's).
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Source: Baer et al. Neuroscience
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Source: Georgopoulos et al.
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Source: Georgopoulos et al.
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Neurons are “tuned” with varying precision throughout the cortex,
e.g., in primary visual cortex ...
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Source: Henry et al.
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Neurons are “tuned” with varying precision throughout the cortex,
e.g., in primary visual cortex, but the observed tuning of neurons in
primary motor cortex is both broad and extrinsic.

By combining �r ing from hundreds of neurons, movement can be
predicted reasonably well.
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The Population Vector Algorithm (PVA)

Each tuning curve may be characterized (reasonably well) by that

cell's preferred direction
!
D .

The Population Vector is
!
P=

P
wi

!
D i

!
D i is i -th neuron's preferred direction
wi scaled version of �r ing rate of i -th neuron
!
P is predicted movement direction
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Source: Kandel, Schwartz, and Jessell
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Directional tuning of motor cor tex neur ons may be
captured to create a neural prosthetic device .
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Show Schwartz lab movie.
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Population Vector Algorithm
vs. Bayesian Decoding

The PVA
!
P=

P
wi

!
D i is simple and reasonably effective.

Problems: need to (1) improve prediction based on small set of
neurons, (2) have framework for automated control, including
learning.

Our Bayesian decoding scheme uses a �e xible framework, suitably
modifying the Kalman �lter (Kalman, 1960).

Brockwell, A.E., Rojas, A.L., and Kass, R.E. (2004) Recursive
Bayesian decoding of motor cortical signals by particle �lter ing,
Journal of Neurophysiology, 91: 1899±1907.
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Bayesian Decoding

Pr ob(spike) = f (state; noise) where the function f involves
parameters that must be determined from training data.

state evolves smoothly over time.

Bayes' theorem gives prediction of state at time t, using data together
with previous predicted states.

We ran a small simulation study and re-analyzed some data to
document performance.
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Population Vector Algorithm
vs. Bayesian Decoding

In our simulation study, Bayesian decoding was 10 times more
ef�cient than the plain PVA. In reconstructing hand movement from
motor cortical data Bayesian decoding was 7 times more accurate
than the PVA.

Other advantages: Bayesian decoding can accommodate
non-uniformly distributed preferred directions, variable time lags for
behavior, non-cosine tuning functions, �ne resolution in time, etc.
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Summar y and Comments

There are many ideas in neural coding. I have described rate coding
and population coding.

Bayes's Theorem is an indispensible tool in modern analysis of
neuronal (or any other) data.

There are many continuing challenges!

(Contin ued ... A Final Thought)

. – p.58



Cognitive Neuroscience is Multidisciplinar y

Biophysics—Computer Science—Engineering—Genetics
Mathematics—Neurophysiology—Philosophy—Psychiatry
Psychology—Radiology—Statistics
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A Statistician's View of Cognitive Neuroscience
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A Statistician's View of Cognitive Neuroscience
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