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Goals

Intro duce somestatistical methods for \reading the brain”
Give an intuitiv e feel for when thesetechniqueswill work (and
why)

Discussnovel insights about neural coding obtained via
statistical modeling e orts



The neural code
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Input-output relationship between

External obsenablesx (sensorystimuli, motor responses...)

Neural variablesy (spike trains, population activity...)

Probabilistic formulation: p(yjx)



Basic goal

...readingthe brain.

Fundamertal question: how to estimate p(yjx) from
experimenal data?

Generalproblemis too hard | not enoughdata, too many
possibleinputs x

e.g.,responsesto natural scenesn IT cortex




Av oiding the curse of Insucien t data

Many approadiesto make problem tractable:

1. Estimate somefunctional f (p) instead

e.g., NIPS03 workshop on estimation of information-theoretic
qguartities

2. Selectstimuli more e cien tly
e.g., (Foldiak, 2001;Machens,2002;Paninski, 2003b)

3. Fit a model with small nhumber of parameters



Neural encoding models

Good news: many methods available. Well-understaod, easyto
use.

Bad news: none are perfect.

Variety of approades: di erent tools for di erent situations



Encoding models

Main theme: want model to be exible but not overly so

Flexibility vs. \ ttabilit y"



Encoding models
We want p(spikejx)
O-th idea: in 1-dimensionor nite X: just take P(spikejx) =
fraction of ¥ which led to spike

Very exible (\nonparametric"), but quickly overwhelmedfor
large-D %



Additiv e models

First idea: model p(spikgx) aslinear in :

p(spikgx) = R x+ b:

Fit coe cien ts by linear regression:

R = (E(x'%) E@ spike)

| Easy, but too simple. Neuronsoften code nonlinearly;
besides |eadsto negative ring rate predictions.



Aside: regression

R = (E(%'%)) 'E(¢ spike)

Where doesthis comefrom?

Optimal least-squaregroblem: choosek to minimize

Err = E[(R x V)

Take derivative w.r.t. K, setto zero (exercise).

Is this automatically a minimum? If so,is it automatically the
only minimum?



Additiv e models

Next: polynomial (Volterra/Wiener) expansion.

p(spikex) = Ko+ Ry %+ %' Kox+ K2+ 1

- canbe t with regressiommethods...



Volterra models

... but still not great. Quadratic approximation often poor,
going beyond 2nd order requiresmuch data

— true f
2 | == quad approx




Additiv e models

Natural direction: more generalexpansions.

X
p(spikegx) = ki Fi ()

e.g.,Fi = sigmoids,Gaussianbumps
Can still be t by regressiomrmethods.

| not a bad idea, but not very commonly used. Requires:
1) good functions F; to try

2) good way to cortrol complexity (avoid over tting)



Dieren t approach: Cascade models

ldea: dimensionality reduction

Try to pick out a few important linear lters fK;g ,, andthen
t nonlinear modelsin this lower-D space



LNP model
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LNP model

KR could represen (quasilinear) presynaptic, dendritic Itering

How to t K and nonlinearity?



Spike-triggered ensemble
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Spike-triggered ensemble (3D stimulus)
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2D stimulus (flickering bars)
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= 48-dimensional vector



Stimulus

———

Response i 1 | |

time —p

* 8 x 6 stimulus block
= 48-dimensional vector

Geometric picture

*  raw stimuli

e spiking stimuli
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Geometric picture
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= 48-dimensional vector ¢ raw stimuli
e spiking stimuli



Geometric picture
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Computing the STA
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STA de nes a \direction" In stimulus space

o
o .

STA is unbiasel estimate of K if p(stim) is radially symmetric:
(Chichilnisky, 2001).



Aside: bilas and variance

In general,two kinds of estimation error to consider:

Bias: averageerror E(K) R; expecteddi erence between
estimate K and true R

Variance : spreadaround meanE (K)

| biasof STA Is zero. But still needsu cient samplesto make
variance small (reducenoisein estimate).



Projecting onto the STA




Projecting onto the STA

:

firing rate

E # stimuli # spikes

STA response



Projecting onto an axis orthogonal to the STA

# stimuli # spikes

firing rate

STA response



Projecting onto an axis orthogonal to the STA
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firing rate

LNP cascade model
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 STA provides unbiased estimate of L
in radially symmetric case

* projection onto STA provides estimate of N



Retinal example

0.40
=
0.104 %
g
§ ﬁ 0.201
< L
b5 0.00 @
@
=
&
0.001
D-1 n T T T T T T T T T T T
-0.20 -0.10 0.00 -0.04  -0.02 0 0.02  0.04
time before spike (s) generator signal
(e) U]
0.40
P e, § -
; 3
E g
g E 0.20
< .0.20 @
» B
2
&
0.001
'0.40 T T T T T T T T T T T
-0.20 -0.10 0.00 -0.04 0 0.04
time before spike (s) generator signal

(Chichilnisky, 2001)



Need to account for prior covariance!

A original STRF
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Accoun ting for prior covariance

Instead of taking raw STA, take

kK=C 1RSTA

C = prior covariancematrix, E (x'x).

| Sameasregressionsolution we usedfor additive model

| Unbiasedfor elliptically symmetric p(¢), not just radially
symmetric (exercise:prove this.)



Asymmetric examples: STA failures

“sparse’” noise uniform noise



What Iif symmetric nonlinearit y? Or
> 1 lter?

Generalized LNP response model
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Spik e-triggered covariance
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Maximizing the change In variance

We want to pick the direction where changein varianceis
largest:

maximize ¥ C w subject to jjwjj, = 1;
C = Cprior Cspike

=) nd eigervectorsof C with very large/ small eigervalues



Multiple linear filters

Complex cell

Adelson & Bergen 1985



Constructing the 2D nonlinearity
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Suppressive 1interactions

divisive normalization




firing rate
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Example from vy visual system
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V1 cells aren't so simple

STC - Excitatory Suppressive
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What If neither mean nor covariance

change?

Fit L and N at sametime.

Leadsto unbiasedestimators, no matter what p(stim) Is |
symmetric priors unnecessatry.

...but takeslongerto compute.

(Wels

perg and Welsh, 1994)



Cho ose most modulatory direction
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(Paninski, 2003a;Sharpeeet al., 2004)

Proof that this givescorrect K requiresinfo theory - will come
bad to this in a couplelectures



Other applications: response-triggered
averaging

Psydophysics(\classi cation images")
fMRI
Optical imaging



In terneuronal Interactions

Above: ring rate given stimulus.

What if we want rate given activity of neighboring cellsin
network?

In a sensejust rede ning what we mean by \stim ulus"

=) samemathematical techniquesapply!

Can incorporate single-or multi-unit activity, or LFP, etc.



Predictions from neighbor activit y in V1
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(Tsodyks et al., 1999)



Predictions from neighbor activit y in V1
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Predictions from neighbor activit y in V1
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Combining kinematic, neighbor activit y in Ml

kinematic filter (k)
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Combining place eld and neighbor
activit y in hipp ocampus
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Regularization

Fitting stimulus, neighbor e ects =) lots of parameters.

Lots of parameters+ not enoughdata =) over tting.

How to avoid this?



Regularization, linear version

Instead of minimizing

Err = E[K x y)°];

minimize

Err+ 4jKjj2+ 2JJDK]jj2;
iiKjj» = K K. Solution:

Riegg= (C+ 1l + ,) *Rsra:
1, 2! 0 =) noregularization
1! 1 =) RKieg! 0:shrinking
2! 1 =) Keg! 7T smaothing



Theoretical justi cation

ldea: introduce somebias to reducevariance

If 1; 2 chosencorrectly, K;¢q IS @ better estimate for K than
Rsta, for all underlying K (Jamesand Stein, 1960)



Bayesian interpretation

Kreg = posterior meangiven data f x; yg, under Gaussianerrors,
Gaussianprior on K (exercise)

1, 2 large =) we expectK to be smooth and small



Regularization can impro ve estimates
of V1 receptiv e elds
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(Smyth et al., 2003)



Regularization

can Impro ve estimates

of A1 receptiv e elds

(a) naive estimate

(b) ridge estimate
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Regularization can impro ve
predictions given M|l neighbor activit y
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One last problem...

We assumedabove that spikesare conditionally independent
given x.

What if spikesare history dependert?

(they are... refractory period, adaptation, burstiness,etc.)



STA Is biased If spikes
history-dep endent

STA Estimated kernels

T=45ms T=45ms
t=15ms t=15ms
— 1= 5ms — T= 5ms

(a) t (b) t

(Pillow and Simoncelli,2003)



Summary so far...

Intro duced cascadadea, geometricintuition
DiscussedSTA, STC tting procedures

Extended cascadadeato include interneuronal e ects
lllustrated importance of \complexity cortrol," reducing

over tting

Next: incorporating history dependence cortinuous-time
models
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