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Computational Architectures in Biological Vision, USC, Spring 2001

Lecture 7. Coding and Representation

Reading Assignments:

None
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Variability in neuronal responses

Neuronal response f(.) can be represented as the sum of:

- a mean response to given stimuli s, given by the neuron�s tuning t(.)
- a noise term (that may also be stimulus-dependent) n(.)

f(s) = t(s) + n(s)

Examples of sources of variability (n(.) term):

- transduction noise at the sensors (e.g., quantum light absorption noise)
- synaptic noise
- cross-talk noise due to activity in neighboring neurons
- random fluctuations in ionic channel function
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Mean response

Mean response exhibits a tuning curve, typically well approximated by 
a Gaussian or cosine function.
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Noise term

but responses to exactly identical
stimuli can vary greatly from 
trial to trial�

In a first approximation, we consider the 
variability in spike count and timing, and 
discard any variability in the exact shape 
of each action potential.
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Spike Variability
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Estimating Firing Rates

Basic idea:

count spikes in
a small time interval.

Rate (frequency)=
spike count / interval.
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Population Code

Each neuron is tuned to specific stimuli.  Thus, a population of neurons 
with different preferred stimuli can represent all possible stimuli.
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Population Vector

- Represent each
preferred stimulus
by vector in stimulus
space.

- Population vector:
weighted sum of
preferred vectors
(weighted by response)
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Population Vector

Works very well
in many cases!
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Noise limits discrimination performance

a: population response to two stimuli with different directions

b: population response to two stimuli with similar directions
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Optimal Decoding
Use results from statistical estimation theory to infer a theoretical bound on 
how well any decoder can perform.

Key theoretical result: Cramer-Rao bound

- Consider a random variable X which depends on a parameter p

- Problem: try to recover p from the random observations of X

- Result: no matter what (unbiased) function we use to estimate p from 
observations x1�xn of X, we will not be able to recover p perfectly� Rather, 
we will recover p up to a given accuracy bound (the Cramer-Rao bound) 
which we can compute formally for any unbiased estimator.

Of all possible estimators, the Maximum Likelihood estimator comes very 
close to this ideal bound.

Note: unbiased means that the estimator will on average yield p, not 0.9*p or 1.1*p
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Population Code

a: tuning curves of
neural population

b: responses of all
neurons to one stimulus

c: population vector

d: maximum-
likelihood estimate
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Neural implementations

A close approximation to the
Maximum-Likelihood estimator
can be built using a neural network
(Pouget et al., Nature Reviews
Neuroscience, 2000).

Input: noisy hill (bottom)

Output: clean hill whose mean is
the ML estimate of stimulus orientation.

Difficulty: choice of weights depends
on width of input hill�
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Case study: optimal estimation

Problem: record psychophysical data but simulate neurons; how can we 
predict performance of the whole observer based on responses of a few 
neurons?

Solution: train observers, and assume that they will approach an 
optimal decoder.  Then do not worry about the implementation of the 
decoder itself.  Rather, just use the result that it will perform close to 
the theoretical limit given by the Cramer-Rao bound.
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How realistic is this optimal decoder?

In some studies, single-
neuron firing predicts very
well the behavior of the
animal!
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Population Codes May Not be Obvious!

Sometimes
responses to
different stimuli
will have
non-obvious
characteristics:

e.g., variations
in phase of
oscillatory 
response�
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Time-Dependent Coding

Neural responses often
are not restricted to a single
discharge event just following
a stimulus,

but may extend over time
in complex fluctuations�
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What more can we do?

One good thing to do is to pre-process the data such as to eliminate 
redundancy and represent it in its most �natural� basis.

How can we do that?

Principal Component Analysis

Independent Component Analysis

Clustering techniques
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Principal Component Analysis

Goal: 
transforms a set of correlated variables into a smaller set of uncorrelated 
variables.

Approach:
find eigenvectors of covariance matrix and operate a change of basis 
along a subset of those vectors that correspond to non-negligible 
eigenvalues.

Properties:
- removes redundancy in data
- finds �true dimensionality� of dataset
- linear transformation, and hence preserves distance
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PCA example

Original data is skewed along
one axis.

Transformed data is
unskewed.
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Independent Components Analysis

Goal: 
extract independent sources given only observed data as a mixture of 
the unknown sources.

Approach: 
like PCA, ICA also decorrelates the signals and reduces dimensionality. 
The main difference is that the new coordinate system may not be
orthogonal. Algorithm works by maximizing mutual information 
between assumed input sources and observed output data.

Properties:
same general properties as PCA, with the additional freedom of possibly 
non-orthogonal principal directions.
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ICA outline
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PCA vs. ICA: Example PCA Result
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PCA vs. ICA: Example ICA Result
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Implications for Computer Architectures

Population codes are omnipresent in cortex�

Advantages:

very robust to noisy signals
very robust to isolated failing neurons

Drawback:

need a decoder!  but that may not be a real drawback if the decoder has 
a clear physical meaning and is fast and easy to compute: e.g., 
population vector.


