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The neural code

Spike Responses

Input-output relationship between

e External observables x (sensory stimuli, motor responses...)

e Neural variables y (spike trains, population activity...)

Probabilistic formulation: p(y|x)



Retinal ganglion neuronal data

Preparation: dissociated salamander and macaque retina

— extracellularly-recorded responses of populations of RGCs
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Stimulus: random spatiotemporal “flicker” visual stimuli



Multineuronal generalized linear model
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— Fit by Ll-penalized max. likelihood (concave optimization)
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Network vs. stimulus drive
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— Network effects are ~ 50% as strong as stimulus effects



* improved prediction, but not of mean ratel!

Spike Train Prediction

LR N T

rgo fv oAt T o4 .

g YRR i v ;‘ ‘ : i' B 3
u i B’ P e
1] ; [] “I F' v. { ill £l‘ I‘ 1 ‘-. ! ' .:g
unmupIEd Il ".f:“ |"'..'| l y ': :":i."' i I .: 'Iiz
model [+ ° W) - R :i

Y i LTI . o .

e i .ITI. Lll It‘l L] F‘. I‘-. ‘ & Ii:rl I: ?' :: -

ORI IR o R O - T A

full [ o oot Y B,

i A - SO
model fry B ¥ . e 1‘
£ | L | . . ""rll'l ' 'l-f_- y A :"Iu'_

rate (sp/s)

full model

full model

psth prediction
(%Yvar)

-
o
o

0
o
o

o)
o

GID 80 100
spike prediction
(bits/sp)

o
2 oe
50

°
o
&o

1.5

1:5 2
uncoupled



Network predictability analysis

» fix all other neurons for a single trial

rgc raster

psth — ~_

single-trial prediction
@ - « draw single-trial predictions of this cell's
spike train
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rgc raster

corr coeff
with true spikes
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Model captures spatiotemporal cross-corrs
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Triplet correlations

RGC full model uncoupled

3 ON cells 300 g
< 200(-~""1 e T = |
100 _

—
=]

3 OFF cells

e
o On
=]

rate (sp/s)
)

—‘i * “ '
A rl:ﬁ.-!pn-::.n*' ;
‘“1_\,““ ”;\“, e
e
* .f‘u.'h‘ *

-50 -50
cell 1 spike time cell 2 spike time



Trip
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Optimal Bayesian decoding

— Compute E(stim|resp) via MCMC under each model
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— Including network terms mproves decoding accuracy.



Next: Large-scale network modeling

— Do observed local connectivity rules lead to interesting
network dynamics? What are the implications for retinal

information processing?
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Fitting coupling terms exposes smaller

receptive fields

A RFsize (stdev) B pairwise RF corr (12)
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