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experimental method used psychophysicists
measure relative perceptual difference of multiple stimuli in humans

allows to infer a function called perceptual scale

The perceptual scale is a function
High sensitivity that turns a physical variable into
a psychological variable

psychological

Low sensitivity

physical
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Thurstone (1927) introduces the concept of random variable in
psychophysics

Attneave (1954) and Barlow (1961) brought information theory to
neurosciences

Julesz hypothesis : perception of textures is statistical

Knill & Richards (1996) : Probabilistic / Bayes brain hypothesis

Bias <> Prior

Wei & Stocker (2017) : Encoding model M = ¢(R) + N

Bias <—— Sensitivity
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Wei & Stocker (2017) : Encoding model M = ¢ (R) + N

Bias «——> Sensitivity

Largely inspired from previous works on information in neural
populations (Brunel & Nadal, 1998)

prior o +/Fisher Info.

In psychophysics, less attention is dedicated to the encoding model

e What are the measurements M ? Univariate ?
e |sy the perceptual scale ? Prediction ?
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Perceptual distance : a score of image quality to quantify image
restoration or generation methods
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Perceptual distance : a score of image quality to quantify image
restoration or generation methods

SNR does not account for our subjective perception of images

Structural Similarity score has been
proposed : based on local image
statistics
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Perceptual distance : a score of image quality to quantify image
restoration or generation methods

Generative modeling : no reference image to compute the score

FID

FID
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Generative modeling : no reference image to compute the score

d((p1, 21), (p2, X2)) = I - po||?
FTr(S) + 5y — 2(22332)7)
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Perceptual distance : a score of image quality to quantify image
restoration or generation methods

Generative modeling : no reference image to compute the score

Frechet Inception Distance
(FID) is used to compare
generated to true datasets

d((p1, 21), (p2, X2)) = I - pol|?
FTr(S) + 5y — 2(22332)7)

How about the geometry
underlying those distances ?
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Measures of perceptual scale are overlooked

Perceptual scales have not been embedded in recent theory of
perception

Theory are often vague and based on oversimple hypotheses
(univariate framework)

Perceptual distances are limited : moving towards perceptual metric
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Gaussian Random Field textures

Gabor function

2
1 2 [

go(x) = Dy cos(z - &)e
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Gaussian Random Field textures

Gabor function Scale-Rotation operator

9o () = % cos(z - 50)6_%'%‘|2 ¢.0(z) = zR_¢(x)
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Gaussian Random Field textures

Gabor function Scale-Rotation operator

9o () = % cos(z - 50)6_%'”‘|2 ¢.0(z) = zR_¢(x)

1 :
Shot Noise F).(z) = ) > 9o(z.0,(x — Xi)) with Z, ~ Pz and O ~ P
keN
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Stochastic Visual Stimulation

Gaussian Random Field textures

» Gabor function » Scale-Rotation operator

g @) = 5 cos(a - &o)e T b.4(z) = 2R

\/_ Zga ¢Zk,@k (a: — Xk)) with Zk, ~ IP)Z and @k ~ IP)@
keN

» Shot Noise Fh.(z) =

Intensity A
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Gaussian Random Field textures

Gabor function Scale-Rotation operator
]. o2 2
go(2) = 5 - cos(z - &) T #-0(x) = 2R _o(2)
1 :
Shot Noise Fio(z) = —= > go(d2z,0,(z — Xi)) with Z, ~ Pz and 6 ~ Pg
\/X keN

Proposition 1 (Convergence and Power Spectrum). In the limit of infinite
intensity (A — oo ) and pure wave (¢ — 0), F),, converges towards a

Gaussian field F with the following power spectrum for all ¢ € R?,

5(6) = HQ,@(H&H)%(&)
where ¢ = (|[€]| cos(Z€), |I€]| sin(Z€)).
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Naturalistic textures
Image u: natural texture sample. New example synthesis: minimize the

following loss function

L
L(u,v) = ) ||Mw,(47) — pi'|* + [|Cni (A7)
[=1

N
N =

— X2y

where My, (X) and Cy,(X) : empirical mean and covariance of X (matrix of IV,
vector samples) and AY : activation of a CNN at layer [ of texture v.
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Naturalistic textures
Image u: natural texture sample. New example synthesis: minimize the
following loss function

N
N =

L
L(u,v) = Y ||My,(A7) — wi|]® +1|Cn(AD)7 — Zi2 |5
[=1

where My, (X) and Cy,(X) : empirical mean and covariance of X (matrix of IV,
vector samples) and AY : activation of a CNN at layer [ of texture v.

Interpolated naturalistic textures
Given two textures u; and us, we synthesize an interpolated textures by
minimizing
Linterp(u1, U2, 8,v) = sL(uq,v) + (1 — s)L(ug,v)
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Thurstone Scale, Fisher Info. and MLDS

= An observer deduces the
stimuli S from its

measurement M
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Thurstone Scale, Fisher Info. and MLDS

Encoding model of perception
M =R+ N where R=9y(S)with¢: S — S

@ e _:'- T
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Thurstone Scale, Fisher Info. and MLDS

Encoding model of perception
M =R+ N where R=9y(S)with¢: S — S

» M, Rand N : random variables internal to the observer

“ » An observer deduces the

stimuli S from its
measurement M
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M =R+ N where R=9y(S)with¢: S — S

» M, Rand N : random variables internal to the observer
» S :random variable, external, environment variable
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Thurstone Scale, Fisher Info. and MLDS

Encoding model of perception
M =R+ N where R=9y(S)with¢: S — S

» M, Rand N : random variables internal to the observer
» S :random variable, external, environment variable

» N : Gaussian noise with constant variance ¢% (Thurstone hypothesis)
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Thurstone Scale, Fisher Info. and MLDS
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Definition 1 (One-dimensional Fisher information). Let X and Y be two random
variables defined respectively on two abstract spaces X and Y and let Pxy be
the conditional density of X knowing Y. The Fisher information carried by X

aboutY isafunctionZ:Y — R defined forally € Y by
0 log(P ?
Iy (y) = Exy (( éyxy) (X,y)) ) :
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0 log(P ?
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N
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Definition 1 (One-dimensional Fisher information). Let X and Y be two random
variables defined respectively on two abstract spaces X and Y and let Pxy be
the conditional density of X knowing Y. The Fisher information carried by X

aboutY isafunctionZ:Y — R defined forally € Y by
0 log(P ?
Iy (y) = Exy (( éyXY) (X,y)) ) :

Log - Likelihood
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Definition 1 (One-dimensional Fisher information). Let X and Y be two random
variables defined respectively on two abstract spaces X and Y and let Pxy be
the conditional density of X knowing Y. The Fisher information carried by X

aboutY isafunctionZ:Y — R defined forally € Y by
0 log(P ?
Iy (y) = Exy (( éyxy) (X,y)) ) :

Log - Likelihood Score (gradient)
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Definition 1 (One-dimensional Fisher information). Let X and Y be two random
variables defined respectively on two abstract spaces X and Y and let Pxy be
the conditional density of X knowing Y. The Fisher information carried by X

aboutY isafunctionZ:Y — R defined forally € Y by
0 log(P ?
Iy (y) = Exy (( éyxy) (X,y)) ) :
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Definition 1 (One-dimensional Fisher information). Let X and Y be two random
variables defined respectively on two abstract spaces X and Y and let Pxy be
the conditional density of X knowing Y. The Fisher information carried by X

aboutY isafunctionZ:Y — R defined forally € Y by
0 log(P ?
Iy (y) = Exy (( éyxy) (X,y)) ) :

Log - Likelihood Score (gradient)  Curvature (Hessian)

A
S

& https://jonathanvacher.github.io

X jonathan.vacher@u-paris.fr



Thurstone Scale, Fisher Info. and MLDS

> jonathan.vacher@u-paris.fr & https://jonathanvacher.github.io



Is and Zg are different, in fact they are related Zs(s) = 9/(s)?Zr(9(s)).
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Proposition 1. Assume M = ¢(S) + N, the internal Fisher information Zy is
constant if and only if for all s € S the psychological function v verifies

(s) o / 8. st
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Is and Zg are different, in fact they are related Zs(s) = 9/(s)?Zr(9(s)).

Proposition 1. Assume M = ¢(S) + N, the internal Fisher information Zy is
constant if and only if for all s € S the psychological function v verifies

(s) o / C J/Ta@adt.

Reformulation of Thurstone hypothesis.
Internal Fisher information (Zz) is constant.
Does it make any sense ?

Yes ! An observer only accesses to its internal measurements. It makes
senses to equalize the precision over all internal states R.
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» Samples along the stimulus domain {s;,...,s4} € S

> jonathan.vacher@u-paris.fr & https://jonathanvacher.github.io



Thurstone Scale, Fisher Info. and MLDS

» Samples along the stimulus domain {s;,...,s4} € S

= Suppose the existence of a perceptual scale v
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Thurstone Scale, Fisher Info. and MLDS

» Samples along the stimulus domain {s;,...,s4} € S

= Suppose the existence of a perceptual scale ¢

Observer model in the MLDS framework.
Comparison of relative differences

Ak = [0(s:) —¥(s5)] — |¥(s5) — Y (k)| + Nmias

where Nigs ~ N(O, 012111ds)'

M jonathan.vacher@u-paris.fr & https://jonathanvacher.github.io



Thurstone Scale, Fisher Info. and MLDS

» Samples along the stimulus domain {s;,...,s4} € S

= Suppose the existence of a perceptual scale ¢

Observer model in the MLDS framework.
Comparison of relative differences

Ak = [0(s:) —¥(s5)] — |¥(s5) — Y (k)| + Nmias

where Nigs ~ N(O, 0'12111(18).

Experimental data : we get estimates p; ; . ~ E(A; ;r > 0)
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Samples along the stimulus domain {si1,...,s4} €S

Suppose the existence of a perceptual scale ¢

Observer model in the MLDS framework.
Comparison of relative differences

Ak = [0(s:) —¥(s5)] — |¥(s5) — Y (k)| + Nmias

where Nplds ~ N(O, 012111ds)'

Experimental data : we get estimates p; ; . ~ E(A; ;r > 0)

In practice, the absolute values are ignored !
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Samples along the stimulus domain {si1,...,s4} €S

Suppose the existence of a perceptual scale ¢

Observer model in the MLDS framework.
Comparison of relative differences

Ak = [0(s:) —¥(s5)] — |¥(s5) — Y (k)| + Nmias

where Nplds ~ N(O, 012111ds)'

Experimental data : we get estimates p; ; . ~ E(A; ;r > 0)

In practice, the absolute values are ignored !

In this case: MLDS <= Encoding model and
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X jonathan.vacher@u-paris.fr & https://jonathanvacher.github.io



Standard hypothesis in psychophysics : univariate representation

— distributions of local features in the image (shot noise)

X jonathan.vacher@u-paris.fr & https://jonathanvacher.github.io



Standard hypothesis in psychophysics : univariate representation

— distributions of local features in the image (shot noise)

Example with Log-normal distribution for scale (or spatial freq.) Z ~ LN (zy,bz)
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Standard hypothesis in psychophysics : univariate representation

— distributions of local features in the image (shot noise)

Example with Log-normal distribution for scale (or spatial freq.) Z ~ LN (zy,bz)

2
e [ aln()- e
P7(2; 20,bz) = exp | —

zbz+/In(2)7 In(2)b%
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Standard hypothesis in psychophysics : univariate representation

— distributions of local features in the image (shot noise)

Example with Log-normal distribution for scale (or spatial freq.) Z ~ LN (zy,bz)

2
e [ aln()- e
P7(2; 20,bz) = exp | —

zbz+/In(2)7 In(2)b%

The Fisher information carried by Z about Z; is Z(zy) = %ﬁn—@)
0%Z
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Standard hypothesis in psychophysics : univariate representation

— distributions of local features in the image (shot noise)

Example with Log-normal distribution for scale (or spatial freq.) Z ~ LN (zy,bz)

2
e [ aln()- e
P7(2; 20,bz) = exp | —

zbz+/In(2)7 In(2)b%

The Fisher information carried by Z about Z; is Z(zy) = %ﬁn—@)
0%Z

Then, the perceptual scale is ¥(z) « In (*’gg)) (Weber-Fechner law)

0
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Alternative hypothesis : use of the image itself (pixels)

The texture can be expressed for all z € R? and s € S, as

F(z,s)=p+ /R2 k(z —y,s)dW(y)

where k(-,s) = F1(1/4(+,s)) and W is a classical Wiener process.
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Alternative hypothesis : use of the image itself (pixels)

— distribution of the image (Gaussian Field)

The texture can be expressed for all z € R? and s € S, as

F(z,s)=p+ /R2 k(z —y,s)dW(y)

where k(-,s) = F1(1/4(+,s)) and W is a classical Wiener process.

The Fisher information carried by F about S is

1 1 o5& 8)|* . 1
5= 5 L BE P | 0s | % ‘5/]1@2

2

LI

0s
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Alternative hypothesis : use of the image itself (pixels)

— distribution of the image (Gaussian Field)

The texture can be expressed for all z € R? and s € S, as

F(z,s)=p+ /R2 k(z —y,s)dW(y)

where k(-,s) = F1(1/4(+,s)) and W is a classical Wiener process.

The Fisher information carried by F about S is
2

1 1 49| ., 1 [ |0In(5( )
L0 =3 forear | o | %ok | %
Together with Proposition 1, this leads to the same prediction as the standard
hypothesis.
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The case of interpolated naturalistic textures

Though, assume that measurements are feature activations of the CNN !
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The case of interpolated naturalistic textures

— No result such as the one for shot noise

Though, assume that measurements are feature activations of the CNN !

If those activations are Gaussian then
Ap(s) = pr(s) + Ze(s)N
where N ~ N (0, 1;,).
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The case of interpolated naturalistic textures

— No result such as the one for shot noise

Though, assume that measurements are feature activations of the CNN !

If those activations are Gaussian then
Ap(s) = pr(s) + Ze(s)N
where N ~ N (0, 1;,).
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The case of interpolated naturalistic textures

— No result such as the one for shot noise

Though, assume that measurements are feature activations of the CNN !

If those activations are Gaussian then
Ap(s) = pr(s) + Ze(s)N
where N ~ N (0, 1;,).

Mean and covariance : closed form (Wasserstein interp. of Gaussians)
The Fisher information carried by A about S is

Ts(s) = pi(s)Sr(s) " ai(s) + %Tr (Zk(s) " Zh(5)Zk(s) " k()
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Predictions (Gaussian Textures)

= st (zp)
m sf bdw (b,)

= ori. bdw (o)
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Results (Gaussian Textures)
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Results (Gaussian Textures)
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Results (Gaussian Textures)
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Results (Gaussian Textures)
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Predictions (Interp. of Naturalistic Textures)

pixels (histogram) images (power spec.) wavelet VGG19 (conv 2)

207

VGGI19 (conv 3) VGG19 (conv 4) VGG19 (conv 5 VGGI19 (averaged)

perceptual scale

interpolation weight
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Results (Interp. of Naturalistic Textures)
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Early sensitivity group
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Early sensitivity group

1 0- pair01 pair(2 pair03 pair04 pair05
0.5- 7 ¢
e human E
0.0 : 1 : ] , ] , ] |
0.0 0.5 1.0 0.0 0.5 1.0 0.0 0.5 1.0 0.0 0.5 1.0 0.0 0.5 1.0
Late sensitivity group
1 0- pair06 pairQ7 pair08 pair09 pairl0
]
)
0.5 II
e human [}
— theory II
0.0 . . : . ——Ta - .
0.0 0.5 1.0 0.0 0.5 1.0 0.0 0.5 1.0 0.0 0.5 1.0 0.0 0.5 1.0
X jonathan.vacher@u-paris.fr & https://jonathanvacher.github.io




Conflicting prediction group
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Results (Interp. of Naturalistic Textures)
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Results (Interp. of Naturalistic Textures)

= Measurement hypothesis comparison
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Measurement hypothesis comparison

Area Matching Score :

[ sign(fule) — ) (furle) ),
avss = | ful@) - @ d

where f,, and f,;, are the measured and
predicted scales
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Measurement hypothesis comparison

— score = 1 (True) -- score > 1

-= (0 < score < 1 -= score < 0

Area Matching Score :

[ sign(fule) — ) (furle) ),
avss = | ful@) - @ d

where f,, and f,;, are the measured and
predicted scales
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Results (Interp. of Naturalistic Textures)

W pixel 0 image (auto-cor.) © wavelet M vggl9 (layers 2-5)
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Results (Interp. of Naturalistic Textures)

= Measurement hypothesis comparison

W pixel 0 image (auto-cor.) © wavelet M vggl9 (layers 2-5)
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Discussion and Conclusion
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Perceptual scale is predicted by Fisher information of an appropriate
generative model of observer internal measurement
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Perceptual scale is predicted by Fisher information of an appropriate
generative model of observer internal measurement

Gaussian textures : same prediction for different measurements hypothesis
(Shot Noise local distributions vs Gaussian random field power spectrum)

Interpolated naturalistic textures : require to make hypothesis about
measurements = mostly driven by power spectrum

Measure of perceptual path instead of distance : going towards measuring
perceptual metric!!
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Questions ?
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