Neural Likelihood

Christoph Blessing ™', Edgar Y. Walker™'-3, Katrina R. Quinn*, R. James Cotton’,
Wei Ji Ma®, Andreas S. Tolias**”, Hendrikje Nienborg?, Fabian H. Sinz'-33

'Insfitute for Bioinformatics and Medical Informatics, University Tubingen, Germany; ?Center for Neuroscience and Arfificial Intelligence, Baylor College
of Medicine, Houston, Texas; *Department of Neuroscience, Baylor College of Medicine, Housfon, Texas; “Centre for Integrative Neuroscience,
University Tobingen, Germany; *Shirley Ryan Ability Lab, IL, USA; ®Center for Neural Science and Department of Psychology, New York University, NY,
USA; “Department of Electrical and Computer Engineering, Rice University, TX, USA; 8Bernstein Center for Computational Neuroscience, University

Toy Data

Independent Poisson
Tubingen, Germany; “equal contribution

— Dpnn=0.139 Dpnn=0.125 Dpny=0.109 Dpnn=0.118
= Dppiss=0.000 Dpoiss=0.017 Dpoiss=0.001 Dpoiss=0.001
: 20.0- E
Introduction Al A
17.51 = A A J A
* Perceptual decision making in humans and animals accounts for the uncertainty in the . T e
relevant stimulus variable . : Pst0NZ| D002 Dus0002) D000
* The likelihood over the stimulus captures the uncertainty for a fixed neuronal response ° g AN n A
e Full likelihood estimation can be challenging due to high dimensionality § ] i /\ S AN LA
* Previously used parametric models make strong assumptions about the form of the e e - e q I n I n q s e . 3 o o] I Lo 7034 I Louesvood IR L
noise correlations ] g
* \We present a simple (yet general) neural network based method that makes fewer N A VA AS A\
o . . . ) -10-5 0 5 10 -10-5 0 5 10 -10-5 0 5 10 -10-5 0 5 10
assumptions about the form of the likelihood function Do (it Roave | Reawe | Reae | Roawe
orientation (° orientation (° orientation (° orientation (°
. . —— Ground truth
Correlated Gaussign Poisson
Method rs = e
etho I e I 0 0 e C 0 e s |l pmeml il g
Our method relies on two key steps: o 5
. L O N o §
1.Recover an unnormalized likelihood from a model of \'I(/A\\\ l///‘\\\" ] g
o | JORSTAN -
the posterior using the known prior é\‘v@)@%{é@gﬁﬁ% ~ ~ ol T A
) ) ) AT ‘X“?\'{’{X. T e 5 Dpoyee=0.744 Dpuyee=0.832 Dpoyee=5.075 ; Dpaies=0.619
2 Estimate the posterior using a neural network \'!"6 \’:o“ég’o?/.'é"'&/ | : n
)0(‘}‘ /6,13%&& "’0}0"’ _ 128 3
NS, r rC ( : ool
gl“'ﬁ{‘\:/g;‘f‘ix‘\\. 0 e e U q e I S I 0 n .g o . %
W/ S s
// ., o > ° — Dpyny=1.611 Dpyn=1.043 Dpyn=1.024 Dpnn=2.492
5 O_;‘ L I (:U ﬁDpo,-ss=0.778 Dpoiss=0.582 :!: Dpojss=2.924
x &k @ ;.:..,. ... § |
Trials 25% . . £
. 0.0 I,T"‘—‘”‘ - T T T ] - AN AN VA A
0 5 0 15 20 ~10-5 0 5 10-10-5 0 5 10 -10-5 0 5 10 -10-5 0 5 10
" Do (bits) _Relative . _Relative . _Relative . _Relative .
Dlscrei-e orientation () orientation (°) orientation (°) orientation (°)
Stimulus
Different Readouts Logistic Regression
Experiments t
e Monkeys classified trials into near or m I n
far, based on the predominantly occur-
ring disparity in a random sequence of '

—— 400
— 1500

—— 400
— 1500

Log likelihood ratic
L
[=]

Log likelihood ratic

disparities.

e Multi-unit activity in V2 was recorded
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e Contrast of stimulus was varied from
trial to trial
e Multi-unit activity in V1 was recorded
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