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Context: Electrophysiology and Psychophysics
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» Develop a parametric model of dynamic
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» Develop a parametric model of dynamic
visual stimulation;

» Run experiments in psychophysics and
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» Build mathematical models;

» Analyze data using Machine Learning
techniques.
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Iy g(x,t) \f Zg ppRe,(x — Xp — Vppt))

peN

> (Xp)pen is a 2D Poisson process,
> (pp,0p, Vp)pen are i.i.d. random variables with density
» [\ g is stationary with bounded second order moments.

Its autocovariance function is ¥V (x, t) € R3,

1(x.8) = [ caloRalx — vO)IPU(IP2(p)Po(6)dudpds (1)

where ¢, = g * g.
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First MC Formulation: Asymptotic of a Spot Noise

Proposition (Galerne et al. [2])

When A — 400, Iy 4 converges toward a stationary Gaussian field |y of zero mean and
autocovariance function ~y.

Example:

Intensity (\)
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Second MC Formulation: Power Spectrum
Consider the following texton
1 ~ o IxP
g-(x) = 5 cos({x, &)) e~ 7" (2)
Proposition (Definition of Leon et al. [4])

When o — 0, the Gaussian field I,(x, t) defined in Proposition 1
converges toward a stationary Gaussian field of covariance having
the power-spectrum ¥V (£, 7) € R? x R,

’7(&7-) _ ]PZ (HEH)P@ (45) ‘C(P"V—Vo") (_w) , (3)
§ 0§
where the linear transform L is such that
VueR, L(f)(u)= i f(—u/ cos())de. (4)
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» No average translation vy = 0; » Critical regime ie &(§) = 9(25) and A(ﬁ) = (2)2-

9?1 ol ow  FE Rl Lol s
s — sl = = I =63, —
g T g TINS5 T g T TP 0w ®)

When considering
V>0, Py_y(r)= L7Y(h)(r/oy) where h(u) = (1+ u?)~2

where L is defined in (3), equation (5) admits a solution | which is a stationary Gaussian
field with power spectrum (3) when setting

4 1

ow(§) =
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AR(2): Fast Algorithm

Numerically, we estimate Equation (5) over the Fourier domain,
MED(E) = U (OT(€) + Vo (OTD(E) + Bow () (W () — w1()),

where Z?Vo(f) ;%: (2—-Aa(8) - Az.ﬂl\(&'))e—iAv(ﬁ?
Vi (€) & (=1 + AG(E))e2iBwE,

and where w(®) — w(*=1) is a 2-D white noise with distribution A/(0, A).
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Distributions

We use biologically inspired distributions

" <Z£O) 7] P@(Q)O(exp(

29
P(z — ex —_
Z( )O( z P 2|n(1—|—0§

2
4(7e

Noting v = vp + dv with dv = r(cos(y), sin(¢))

I (’ ?

r n a)
Prv_.i(r —e —_ |,
v=w( )Ocro P 2In(1+03)

Speed am. | Freq. orient. | Freq. am.
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cos(2(6 - 90))) |
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Examples: Zoom Distribution
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Examples: Orientation and Speed Distributions

T slope vy T slope vy
oy / : :
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To Go Further

st ol ow ow
@—i_a*sajLﬁ*sI:W where WNN(O;UW)
» Texture Synthesis (Xia et al. [12]); » Trajectories in the space of parameters.

Find estimates &, (3, 5y from a texture  Time dependence: a(x, t), B(x, t),ow(x, t).
example.
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What Is Psychophysics ?

Discrimination ? ; . . . .
Detection ? Different stimulus parameters  p» VJake connections between subjective

responses and physical parameters;

» Detection, discrimination, response
time/delay.

Observer Screen
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Experimental protocol

What is the effect of spatial frequency z over perception of speed v ? (Brooks et al. [1])

z

v*, z* . reference parameter, flxed

. test parameter, change
around the reference

(v, z%)

Fixation
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v*, z* . reference parameter, flxed
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One trial
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Psychometric Function (Wichmann et al. [11])
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Psychometric Function (Wichmann et al. [11])

Definition (Psychometric Samples) Definition (Psychometric Function)
Gz 2 (v, v*) ~ B(n, oz o (v, v¥)) 0z (v, V") = <pz;”’ (v,v*)
where B(n, o ,(v,v*)) is the binomial where f is a sigmoid-like function and
distribution with n € N* trials and probability .
@z 2(v,v*) € [0,1]. 902’*“’ (v,v*) = f (M)
zz,z*
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06} / /\/ {1 os /
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Psychometric Function (Wichmann et al. [11])

Definition (Psychometric Samples)

@Z*,Z(Va

V*) ~ B(na C)OZ*,Z(V’ V*))

where B(n, o+ (v, v*)) is the binomial
distribution with n € N* trials and probability
0z 2(v,v*) €0, 1].
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Bayesian Observer (Pouget et al. [6])

» The Bayesian observer measures speed v from an internal brain measurement m;

» From these measurement m the Bayesian observer makes an estimation (/1) of speed
using a MAP estimator.

V2(m) = argmax log(Pyv,z(m|v, z)) + log(Pyz(v|z))
v A S/

likelihood prior
bias
: : - Pm|v7z(m‘v72)
= Py z(m|2)

- Posterior probability

Bayesian observer i . m
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Inverse Bayesian Inference

Bayesian Inference:

Vz(m) = argmax log(Pyv,z(m|v, z)) + log(Pyz(v|z))
v . ~
likelihood prior

» Goal (inverse): find likelihood Py 7 and prior Py knowing estimates V,(m) (Stocker
et al. [8], Sotiropoulos et al. [7]).
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Inverse Bayesian Inference

Bayesian Inference:

0z(m) = argmax log(Pujv,z(m|v, 2)) + log(Py|z(v|2))

likelihood prior

» Goal (inverse): find likelihood Py 7 and prior Py knowing estimates V,(m) (Stocker
et al. [8], Sotiropoulos et al. [7]).

» Drawback: only comparisons ¥,(m) > ¥;(m) are accessible from experiment.

To simplify we assume parametric likelihood and prior:

[m—v|?

Pujvz(mlv,z) xe 2% and Py z(m|z) o< e*Mg,,  1(m).
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In the Bayesian model, the psychometric function is defined as

Pz 2 (v, v) E E({v*2(m") > 0z (m)}V", v).

Under the hypothesis of a Gaussian likelihood and a Laplacian prior one has

fou,x
@Z*,Z(V*v v) = sz;lg (v, v)

where

NN

1
f() =50 +ef(), e =m0z — a0 and T, =\[ol +o
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» Minimize the likelihoods for each pair (z,z*):

. A e [T My —_ (PZ*,'(’? V*)
min 32 KLGe (v VI V)
N 1 _a 1
where KL(p|p) = plog 2 +(1—p)log & ;
p 1-p
» Solve (u, ¥2) = M(a,0?);
» Minimize the global likelihood: . Vv
min > KL(@z 2 (v, ) |3(v", V).
z,z* v
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» Minimize the likelihoods for each pair (z,z*):

min 7 KLz 2(v*, v)|eh% (v, V) — e (v
N ’ ~ . <pz;a7’.‘7(., V)

. (P X 1-p\ 1
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Synthetic Data

Fit on Synthetic Data
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Real Data
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Real Data
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Electrophysiology and Optical Imaging
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Electrophysiology and Optical Imaging
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» Stimulate with a
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Electrophysiology and Optical Imaging
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imaging
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Supervised Classification

Supervised classification: Vi € I, (x;,y;) € X x ) where y; is the class of the feature x;.
Goal: find a function f : x € X +— f(x) =y € V.
Existing work in fMRI: Thirion team [9] and Gallant team [5].
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Supervised Classification

Supervised classification: Vi € /,
Goal: find a function f : x € X +— f(x) =y € V.

Existing work in fMRI: Thirion team [9] and Gallant team [5].

(s,p)

JUN VWY TV Y VU
02 an ah M AWAMDAD A A anmn
A A

A AR
AMAAAA‘.. » BRAA.iamaiu
W W DY W | BTN
RN YV VU
(W YV W

o 400 800 1200 1600 2000
o 400 800 1200 1600 2000

(xi, i) € X x ) where y; is the class of the feature x;.
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Supervised Classification

Supervised classification: Vi € I, (x;,y;) € X x ) where y; is the class of the feature x;.
Goal: find a function f : x € X +— f(x) =y € V.
Existing work in fMRI: Thirion team [9] and Gallant team [5].

(s,p) A typical dataset is

5= (sq,t,c,r)(q,t,c,r)eQxTxCxR
with

Q: pixels or neurons

T time samples

<~- stimulation >

04 w0 w0 s ws (o experimental conditions
VTR VY 1V DT VSR R: repetitions
0.2 An Al M MﬁMAM}AMM p
AMAMA‘A . Ad Lo y:C
— T WY W | BTN
D VYV Ve I=TxCxR

[ VoY Wy
s orl =CxR
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Classifiers (Logistic Classification)

A vector x belongs to class y € ) with the following probability:

e<X7"Jy>

PyixoV¥) = o
) Zy ey e(x wyr)

The estimated weight vectors (®1, -+ ,&c) are
obtained by minimizing A typical weight
vector obtained on

Uwr, - we) = Z<Xn wy,)+log Z ebirey) VSD recordings
i€l y'ey




Classifiers (Logistic Classification)

A vector x belongs to class y € ) with the following probability:

e<X7wy>

PY\X,G(y’X) Zy ey e(x wyr)

The estimated weight vectors (®1, -+ ,&c) are

obtained by minimizing A typical weight

vector obtained on

Uwr, s we) = Z<X” wy,)+log Z eliney) VSD recordings
i€l y'ey

Other classifiers:

» Linear and Quadratic Discriminant Analysis

(LDA/QDA),

» Gaussian Naive Bayes (GNB),

» Nearest Centroid (NC).
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Evaluation of Classification Performances: Cross-Validation
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Evaluation of Classification Performances: Cross-Validation
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Evaluation of Classification Performances: Cross-Validation

S I
mSquare class S 8
o Circle class ",
It(ria)in It(eis)t - ] ¢ ..
ok R

repeat for ® .

i € {1, .y nf°|ds} ‘a
)
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Dataset splitting
and 19,0 It(és)t =0

I = Unfolds/( ) Wlth v’ # _j) ‘/test‘ = ’/tGSt test

= test

Learn on lt(ram / \ltest Make predictions on /}Qt (i, 9i="~f(xi) ).
mSquare class o ®
Circle cl %, "
® Circle class P def. f(xi)
l(:) /(l) ] 2 u Ulrest = “ ’ Z Yi
train test " l‘ Y test i€ lraer
0 U
repeat for % . @ Nolds
j % 2 n =
e {1’ " nfOIdS} = % : I. nfolds IE_: i test

)
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VSDi / Comparison of the Different Algorithms

120 » on raw vectors
= . QDA, GNB and
100 - = == GNB :
- NC fail
[ [ LC
80
60

40
i II iii |

Dataset 1 Dataset 2 Dataset 3 Dataset4 Dataset5 Dataset6

111
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VSDi / Dimension Reduction and Comparison of Algorithms

The Principal Component Analysis (PCA) allows for dimension reduction.

Av. Score (%)

— LDA
— QDA
— GNB

LC

100

80

(o))
o

W~
o

N
(=)

5

=

10 20 40 80
Number of PCA components

160

» there often exists a number of
PCA components that maximizes
the scores

» this number is often between 5
and 160
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VSDi / Dimension Reduction and Comparison of Algorithms

The Principal Component Analysis (PCA) allows for dimension reduction.

120 » with dimension
s LDA d .
= QDA reauction
100 == cNs QDA GNB show
mm NC
. LC better results
NC still fail
60
40 l
. _ chance IVl
20" i
0

Dataset 1 Dataset 2 Dataset 3 Dataset4 Dataset5 Dataset6
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VSDi / Comparison of Activation and Orientation Maps

gdeg. 45 deg. 90 deg. 135 deg. . 150 » PCA + Nearest Centroid

135
m): activation maps

o: orientation map

» PCA + Logistic Classif.

Vg e Q,
2im6
0q = %Arg <Zy mc(vy)e|y|y)
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VSDi / Spatially Localized Predictions

How to identify highly predictive areas ?

» 2D Gaussian Sliding window

! A2
Ve € Q gq(q') = exp <—”q22q”> and
Tg

Pyix,0,4(ylx) =

e<X7 8qwy)

Zy/ey elx-gawy)
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VSDi / Spatially Localized Predictions

How to identify highly predictive areas ?

» 2D Gaussian Sliding window

o — ql? Il
Tap ) Preal =ty

Vq' € Q, g4(d') =exp <—
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VSDi / Spatially Localized Predictions

How to identify highly predictive areas ?

» 2D Gaussian Sliding window

el 8at)

, " g’ —al? p B
Vq' € Q, go(d)=exp|——55—] and Pyxgq(yIx) =

2

20'g
ok
60

Zy/ey elx:8awyr)

og =15
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VSDi / Dynamic of Prediction Scores

Protocols:




VSDi / Dynamic of Prediction Scores

Protocols: What is the effect of this sharp rotation
on the VSD signal 7

» New indexes set
Before: | =T xC xR
Now: [y ={t} xC xR
Definition (Time Av. Score)
d . Nfolds
... e L
Lt Nfolds IZ:: It( Zest
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VSDi / Dynamic of Prediction Scores

----- stimulation ---------

100

Protocols: What is the effect of this sharp rotation
on the VSD signal 7

60
» New indexes set g . ‘
Before: | =T xC xR E :
Now: [y ={t} xC xR
“u 140 540 940 1275
Time (ms)
100 I Pt p—
Definition (Time Av. Score) .
E 60
Nfolds & 10
ﬁ def. Z . :
ot (i) E
‘ Nfolds < It test S 2
=1
0

80

Correct predictions (%)

)

Correct predictions (%)
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VSDi / Dynamic of Activation and Orientation Maps

(v)

New indexes set /; = activation maps m;”’ and orientation maps o; for each t € T.

Activation maps (top: +135°, bottom: +90°): Orientation maps:

10.0% 60.0% 10.0% 20.0% 0.0% 0.0% 70.0% 0.0% 100.0% 0.0%
“

“ ‘ !’ ]
m“n
135

0ms. 0ms. 0ms. 0ms. 440 ms.

60.0% 0.0% 20.0% 20.0% 0.0% 70.0% 100.0% 0.0%

s
m “ D
135

0 ms. 0ms. 0 ms. 0 ms. 440 ms.
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VSDi / A Model of Activation Map
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VSDi / A Model of Activation Map

Definition
Let g € R/7Z, 61 = 0 + % and denote (M%), M) the two activation maps.

V0 € R/nZ, Zy = (MO +iMO))exp (—2i(0 — 6p)).
The activation map evoked by a stimulus with orientation 6 € R/7Z is

M) = Re(Zy).
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Let g € R/7Z, 61 = 6o + % and denote (M%), M) the two activation maps.

V0 € R/7Z, Zg = (M) +iM0))exp (—2i(6 — 6p)).

The activation map evoked by a stimulus with orientation § € R/7Z is

M) = Re(Zy).
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ER / Dimension Reduction and Comparison of Algorithms

» on raw vectors LDA, QDA and GNB fail
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ER / Dimension Reduction and Comparison of Algorithms

» with dimension reduction LDA, QDA and GNB show better results
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ER / Orientation Bandwidth Encoded in Neurons 7 (Goris et al. [3])

» 6 orientations tested » b5 orientation bandwidths tested
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ER / Answer of Supervised Learning

True label
bel

True

.= 34.67 %
i ,=0.21
Chance: 3.33 %

Predicted label

w,= 77.33 %
i d,=0.13
Chance: 16.67 %

Predicted label

1= 38.44 %
Nd,=0.23
Chance: 20.00 %
Predicted label

» Neural population of V1 is sensitive to orientation bandwidths
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ER / Spatial Frequency Bandwidth Encoded in Neurons ?

» 6 orientations tested » 6 spatial frequency bandwidths tested
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True label

uw,=31.94%
(ll,= .
M Chance: 2.78 %

Predicted label

u,= 96.67 %
| d,= 0.02
Chance: 16.67 %

Predicted label

[ = 32.78 %
4,= 0.20
M Chance: 16.67 %

Predicted label

» Neural population of V1 is sensitive to spatial frequency bandwidths
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ER / Localized Predictions and Single Neuron vs Population Coding

Gaussian Sliding Window Growing Window
/ 2
/ 1)y |t — 1] ) lift' <t
Vt S T, ht (t ) = exp <_M th c 7-’ hi(_» )(tl) — | x 4
h 0 else.
where oy, is the window size.
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i y 520
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g Prediction using & °
0 250 500 750 1000 1250 1500 1750 2000 h(2) B 00 250 500 750 1000 1250 1500
Time (ms) t Y

Time bin (ms)

45 / 50



ER / Natural Images vs Motion Clouds

Individual
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Conclusion

» Interdisciplinary contributions : mathematical modeling, cognitive science,
experimental neurosciences;
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Conclusion

» Interdisciplinary contributions : mathematical modeling, cognitive science,
experimental neurosciences;

» Stochastic approaches for modeling and data analysis : sPDE, (inverse) Bayesian
inference, logistic classification;

» Machine learning and neurosciences : experimental protocols benefit from
classification tools.
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Perspectives

Dynamic textures :

» Control the parameters with respect to neural responses using Bayesian prediction
models;
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Perspectives

Dynamic textures :

» Control the parameters with respect to neural responses using Bayesian prediction
models;

» Improve naturalness.
Bayesian brain :

» Find correlates of priors in neural population;
» Make connections between Bayesian approach and LNLN models;

> Link between Bayesian priors and short time adaptation mechanisms.
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The End

Thank you for your attention!
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