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1 Introduction

This document includes formal proofs of in NIPS 2010 submission titled “Divisive Normalization:
Justification and Effectiveness as Efficient Coding Transform”. For convenience, we keep the same
order of lemmas as in the main submission, and mark supporting results as additional facts.

2 Basic Notations

x ∈ Rd d-dimensional vector data
xi ∈ R ith element of vector x

x\i ∈ Rd−1 vector formed by excluding the i element from x
(·)+ Rectifying function, (a)+ = a for a ≥ 0 and (a)+ = 0 for a < 0
Γ(β) Gamma function, Γ(β) =

∫∞
0
uβ−1 exp(−u)du, β ≥ 0

Ψ(β) Digamma function, Ψ(β) = d
dβ log Γ(β), β ≥ 0

N (u) Standard Gaussian density for u ∈ Rd, as N (u) = 1
(2π)d/2

exp
(
− 1

2u
′u
)

pγ−1(z;α, β) Inverse Gamma distribution, pγ−1(z) = αβ

2βΓ(β)
z−β−1 exp

(
− α

2z

)
,
β > 1, α > 0

H(x) Differential entropy of x, H(x) = −
∫
x
p(x) log p(x)dx

I(x) Multi-information [7] of x, I(x) =
∫
x
p(x) log p(x)Qd

k=1 p(xk)
dx

3 Properties of Gamma Function and Inverse Gamma Density

Fact 1 ([2])
∫∞

0
z−b−1 exp

(
−az
)
dz = a−bΓ(b) for a > 0 and b > 1.

Proof (Fact 1): First, we change variable u = a/z to have z = a/u and dz = −a/u2du. Replacing
z with u in

∫∞
0
z−b−1 exp

(
−az
)
dz, we have∫ ∞

0

z−b−1 exp
(
−a
z

)
dz = −

∫ 0

∞
a−b−1ub+1 exp (−u)

a

u2
du = a−b

∫ ∞
0

ub−1 exp(−u)du.

Note the integral in the last step is Γ(b), the result is proved.

Fact 2 The mean and mode of the inverse Gamma density pγ−1(z;α, β) is α
2(β−1) and α

2(β+1) ,
respectively. Furthermore, the mean of 1/z under the inverse Gamma density is 2β/α.

Proof (Fact 2): We discuss each case individually.

1 The mean of z is given as∫ ∞
0

zpγ−1(z;α, β)dz =
∫ ∞

0

z· αβ

2βΓ(β)
z−β−1 exp

(
− α

2z

)
dz =

αβ

2βΓ(β)

∫ ∞
0

z−β exp
(
− α

2z

)
dz.
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Using Fact 1, the last integral equals to (a/2)−(β−1)Γ(β − 1). Canceling terms, and using
the property of Gamma function that Γ(β)/Γ(β − 1) = β − 1, we obtain that the mean is
α/[2(β − 1)].

2 The mode of z is argmaxz pγ−1(z;α, β) = argmaxz log pγ−1(z;α, β). We have

log pγ−1(z;α, β) = logαβ − log 2βΓ(β)− (β + 1) log z − α

2z
,

whose derivative with regards to z is −β+1
z + α

2z2 . Setting the derivative to zero and solving for
z, we obtain that the mode is α/[2(β + 1)].

3 The mean of 1/z is given as∫ ∞
0

z−1pγ−1(z;α, β)dz =
αβ

2βΓ(β)

∫ ∞
0

z−β−2 exp
(
− α

2z

)
dz.

Using Fact 1, the last integral equals to (a/2)−(β+1)Γ(β + 1). Canceling terms, and using the
property of Gamma function that Γ(β + 1)/Γ(β) = β, we obtain that the mean of 1/z is 2β/α.

4 Properties of Multivariate t Model

Fact 3 ([3, 5]) The isotropic multivariate t model is a Gaussian scale mixture formed by an inverse
Gamma mixing density and a standard Gaussian density, as:

pt(x;α, β) ≡ αβΓ (β + d/2)
πd/2Γ(β)

(α+ x′x)−β−d/2 =
∫ ∞

0

N (x/
√
z)pγ−1(z;α, β)dz.

Proof (Fact 3): First, we expand the joint dentsity of x and z as

N (x/
√
z)pγ−1(z;α, β) =

1
(2π)d/2zd/2

exp
(
− 1

2z
x′x
)

αβ

2βΓ(β)
z−β−1 exp

(
− α

2z

)
=

αβ

(2π)d/22βΓ(β)
z−β−d/2−1 exp

(
− 1

2z
(α+ x′x)

)
.

Using Fact 1, with b = β + d/2 and a = 1
2 (α+ x′x), we have∫ ∞

0

z−β−d/2−1 exp
(
− 1

2z
(α+ x′x)

)
dz =

(
1
2

(α+ x′x)
)−β−d/2

Γ(β + d/2).

Putting all terms together, we have∫ ∞
0

N (x/
√
z)pγ−1(z;α, β)dz =

αβ

(2π)d/22βΓ(β)

(
1
2

(α+ x′x)
)−β−d/2

Γ(β + d/2)

=
αβΓ (β + d/2)
πd/2Γ(β)

1

(α+ x′x)β+d/2
.

Note that Fact 3 can be extended to multivariate t models with non-diagonal covariance matrix by
the simple technique of “unwhitening” that restore the covariance matrix.

Definition 1 ([6]) A density p(x) is known as re-normalizable if any marginal density of a subset of
vector x has the same parametric form (though may be with different parameters) as p(x).

Gaussian density is an example of re-normalizable density. Indeed, isotropic Gaussian is the only
density that is re-normalizable, factorizable into mutually independent components, and rotation
invariant at the same time, a fact known by Maxwell in the 1870s!

Fact 4 Multivariate t models are re-normalizable. Specifically, the 1D marginal density for xi of a
d-dimensional t model is a 1D t model as:

pt(xi;α, β) =
αβΓ (β + 1/2)
π1/2Γ(β)

1

(α+ x′x)β+1/2
.

2



Proof (Fact 4): First, we write out the marginal density of xi according to its definition as:

pt(xi;α, β) =
∫
x\i

pt(x;α, β)dx\i =
αβΓ (β + d/2)
πd/2Γ(β)

∫
x\i

(
(α+ x2

i ) + x′\ix\i
)−β−d/2

dx\i

Note that the term inside the integral is the unnormalized t model for (d− 1)-dimensional data x\i,
with α′ = α+ x2

i , and β′ = β + 1/2, whose normalizing property states that

(α+ x2
i )
β+1/2Γ (β + d/2)

π(d−1)/2Γ(β + 1/2)

∫
x\i

(
(α+ x2

i ) + x′\ix\i
)−β−d/2

dx\i = 1,

using which we have

αβΓ (β + d/2)
πd/2Γ(β)

∫
x\i

(
(α+ x2

i ) + x′\ix\i
)−β−d/2

dx\i =
αβΓ (β + d/2)
πd/2Γ(β)

π(d−1)/2Γ(β + 1/2)
(α+ x2

i )β+1/2Γ (β + d/2)
.

Rearranging terms in the above identity proves the result.

Lemma 1 For a d-dimensional isotropic t vector x, we have

E(xi|x\i) = 0, and var(xi|x\i) =
1

2β + d− 3
(α+ x′\ix\i),

where E(·) and var(·) denote expectation and variance, respectively.

Proof (Lemma 1): We show the result in two steps.

1 First, for the conditional mean, using the GSM equivalence given in Fact 3, we have

E(xi|x\i) =
∫
xi

xipt(x;α, β)
p(x\i)

dxi =
∫
z

pγ−1(z;α, β)
p(x\i)

dz

∫
xi

xiN (x/
√
z)dxi = 0,

the last step is due to that
∫
xi
xiN (x/

√
z)dxi = 0.

2 For the conditional variance, we have var(xi|x\i) = E(x2
i |x\i) − [E(xi|x\i)]2 = E(x2

i |x\i).
Hence, we need to compute

E(x2
i |x\i) =

∫
xi
x2
i pt(x;α, β)dxi∫

xi
pt(x;α, β)dxi

=

∫
z
pγ−1(z;α, β)dz

∫
xi
x2
iN (x/

√
z)dxi∫

z
pγ−1(z;α, β)dz

∫
xi
N (x/

√
z)dxi

.

Next, using the property of a Gaussian density, we have
∫
xi
x2
iN (x/

√
z)dxi = zN (x\i/

√
z)

and
∫
xi
N (x/

√
z)dxi = N (x\i/

√
z). Substituting these results into that of E(x2

i |x\i), we have

E(x2
i |x\i) =

∫
z
zpγ−1(z;α, β)N (x\i/

√
z)dz∫

z
pγ−1(z;α, β)N (x\i/

√
z)dz

.

Next, we use the recursive definition of the inverse Gamma density zpγ−1(z;α, β − 1) =
αΓ(β−1)

2Γ(β) pγ−1(z;α, β − 1) to obtain

E(x2
i |x\i) =

αΓ(β − 1)
2Γ(β)

∫
z
pγ−1(z;α, β − 1)N (x\i/

√
z)dz∫

z
pγ−1(z;α, β)N (x\i/

√
z)dz

,

which is further simplified to

E(x2
i |x\i) =

α

2(β − 1)

∫
z
pγ−1(z;α, β − 1)N (x\i/

√
z)dz∫

z
pγ−1(z;α, β)dzN (x\i/

√
z)dz

.

Using the GSM equivalency of t model given in Fact 3, we see that the numerator is a t model
of d − 1 dimension with parameter α and β − 1, and the denominator is a t model of d − 1
dimension with parameter α and β. Writing the density explicitly, we have

E(x2
i |x\i) =

α

2(β − 1)

αβ−1Γ(β−1+(d−1)/2)
π(d−1)/2Γ(β−1)

(α+ x′\ix\i)
−(β−1)−(d−1)/2

αβΓ(β+(d−1)/2)
π(d−1)/2Γ(β)

(α+ x′\ix\i)
−β−(d−1)/2

.

After simplification, we obtain E(x2
i |x\i) = 1

2β+d−3 (α+ x′\ix\i).
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Lemma 2 For the d-dimensional isotropic t vector x with parameters (α, β), we consider three
estimators of z as: (i) the MAP estimator, ẑ1 = argmaxz p(z|x), which is the mode of the posterior
density, (ii) the BLS estimator, which is the mean of the posterior density ẑ2 = Ez|x(z|x), and (iii)

the inverse of the BLS estimator of 1/z, as ẑ3 =
(
Ez|x (1/z|x)

)−1
. We can express them as

ẑ1 =
α+ x′x

2β + d+ 2
, ẑ2 =

α+ x′x
2β + d− 2

, and ẑ3 =
(
Ez|x (1/z|x)

)−1 =
α+ x′x
2β + d

.

Proof (Lemma 2):

p(z|x;α, β) =
p(x, z;α, β)
pt(x;α, β)

=
1

(2π)d/2zd/2
exp

(
− 1

2zx
′x
)

αβ

2βΓ(β)
z−β−1 exp

(
− α

2z

)
αβΓ(β+d/2)
πd/2Γ(β)

1
(α+x′x)β+d/2

.

Rearranging terms, we have

p(z|x;α, β) =
(α+ x′x)β+d/2

2β+d/2Γ (β + d/2)
z−β−d/2−1 exp

(
− 1

2z
(α+ x′x)

)
,

which is an inverse Gamma density with parameters α′ = α+ x′x, and β′ = β + d/2.

Now using Fact 2, we have

1 The MAP estimator is the mode of the posterior inverse Gamma density and is then

ẑ1 =
α′

2(β′ + 1)
=

α+ x′x
2β + d+ 2

.

2 The BLS estimator is the mean of the posterior inverse Gamma density and is then

ẑ2 =
α′

2(β′ − 1)
=

α+ x′x
2β + d− 2

.

3 The mean of 1/z with regards to the posterior inverse Gamma density and is

2(β′)
α′

=
2β + d

α+ x′x
.

Therefore, we have ẑ3 = α+x′x
2β+d .

5 Maximum Likelihood Fitting of t Model

Here we describe the procedure to fit the t model to data using maximum likelihood. To simplify
computation, we assume the training data have been centered and whitened, and thus they have zero
mean and their covariance matrix is an identity matrix. Enforcing this constraint on the t model, we
have

I =
∫
x

xx′pt(x;α, β)dx =
∫
z

pγ−1(z;α, β)dz
∫
x

xx′N (x/
√
z)dx = I

∫
z

zpγ−1(z;α, β)dz.

With Fact 2, we have that
∫
z
zpγ−1(z;α, β)dz = α

2(β−1) . Therefore, this leads to α = 2(β − 1).

Next, β is estimated from training data by maximizing likelihood. Specifically, with α removed
from the model, the average log likelihood function for the t model is

L(β) =
1
N

N∑
n=1

log pt(xn; 2(β − 1), β) = β log 2(β − 1) + log Γ(β + d/2)− d

2
log π

− log Γ(β)− β + d/2
N

N∑
n=1

log(2(β − 1) + x′nxn).

Optimal β is the root of the nonlinear equation d
dβL(β) = 0, which is obtained by a numerical

Newton-Raphson procedure.
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6 Properties of the DN Transform

We adopt the standard form of the divisive normalization (DN) transform in the main submission as

φ(x) ≡ x√
α+ x′x

=
‖x‖√

α+ ‖x‖2
x
‖x‖

. (1)

Lemma 3 For the standard DN transform given in Eq. (1), its inversion for y ∈ Rd with ‖y‖ < 1
is φ−1(y) =

√
αy√

1−‖y‖2
=

√
α‖y‖√

1−‖y‖2
y
‖y‖ . The determinant of its Jacobian matrix is also in close

form, which is given by

det
(
∂φ(x)
∂x

)
=

α

(α+ x′x)d/2+1
.

Lemma 4 If x ∈ Rd has an isotropic t density with parameter (α, β), then its DN transform,
y = φ(x), follows an isotropic τ model [4], whose probability density function is

pτ (y) =
Γ (β + d/2)
πd/2Γ(β)

(1− y′y)β−1
+ , (2)

where (·)+ is the rectifying function.

Proof (Lemma 4): First, note that

y =
x√

α+ x′x
⇒ y′y =

x′x
α+ x′x

⇒ ‖x‖ =
√
α‖y‖√

1− y′y
.

Further, as x/‖x‖ = y/‖y‖, putting together, the inversion of the DN transform is given by
φ−1(y) =

√
αy√

1−‖y‖2
=

√
α‖y‖√

1−‖y‖2
y
‖y‖ .

Next, we write the Jacobian matrix of the DN transform explicitly as:

Jφ(x) =
∂

∂x
x√

α+ x′x
=

1√
α+ x′x

Id −
1√

α+ x′x
xx′

α+ x′x
=

1√
α+ x′x

(
Id −

xx′

α+ x′x

)
.

Therefore, we have

det(Jφ(x)) = (α+ x′x)−d/2 det
(
Id −

xx′

α+ x′x

)
.

Now with identity det(Id − vv′) = (1− v′v) [1], we have

det(Jφ(x)) = (α+ x′x)−d/2
(

1− x′x
α+ x′x

)
=

α

(α+ x′x)d/2+1
.

Lemma 5 If x ∈ Rd has an isotropic t density with parameter (α, β), then its DN transform,
y = φ(x), follows an isotropic τ model [4], whose probability density function is

pτ (y) =
Γ (β + d/2)
πd/2Γ(β)

(1− y′y)β−1
+ , (3)

where (·)+ is the rectifying function.
Proof (Lemma 5): Relation between densities of transformed random vector gives that p(x) =
p(φ(x)) det(Jφ(x)), or p(y) = p(x) 1

det(Jφ(x)) . Using the Jacobian determinant of the DN trans-
form given in Lemma 4, we have

p(y) =
αβΓ (β + d/2)
πd/2Γ(β)

1

(α+ x′x)β+d/2
× α(α+ x′x)d/2+1 =

αβ−1Γ (β + d/2)
πd/2Γ(β)

1

(α+ x′x)β−1
.

Next, with the inversion of the DN transform given in Lemma 4, we substitute x = φ−1(y) on the
right hand side of the above identity to have

p(y) =
αβ−1Γ (β + d/2)

πd/2Γ(β)
1(

α+ αy′y
(1−y′y)+

)β−1
=

Γ (β + d/2)
πd/2Γ(β)

(1− y′y)β−1
+ .
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7 Properties of Multivariate τ Model

Fact 5 The multivariate τ models are re-normalizable. Specifically, the marginal density of yi from
a d dimensional τ with parameter β model is a 1D τ model with parameter β + (d− 1)/2, as:

pτ (yi) =
Γ(β + d/2)

π1/2Γ(β + (d− 1)/2)
(
1− y2

i

)β+(d−3)/2

+
.

Proof (Fact 5): First using definition, we can write p(yi) explicitly as:

pτ (yi) =
∫
y\i

pτ (y;β)dy\i =
Γ (β + d/2)
πd/2Γ(β)

∫
y\i

(
(1− y2

i )− y′\iy\i
)β−1

+
dy\i

=
Γ (β + d/2)
πd/2Γ(β)

(1− y2
i )β−1

+

∫
y\i

(
1−

y′\iy\i
1− y2

i

)β−1

+

dy\i

Next introduce d− 1 dimensional vector u = y\i√
1−y2

i

, we have

pτ (yi) =
Γ (β + d/2)
πd/2Γ(β)

(1− y2
i )β−1+(d−1)/2

+

∫
u

(1− u′u)β−1
+ du.

Note that the integral is an unnormalized d − 1 dimensional τ vector with parameter β. Therefore
we have

pτ (yi) =
Γ (β + d/2)
πd/2Γ(β)

(1− y2
i )β−1+(d−1)/2

+

π(d−1)/2Γ(β)
Γ (β + (d− 1)/2)

.

After we rearrange terms, the result follows.

8 Entropy and Multi-information of Multivariate t and τ Models

Fact 6 The differential entropy of a d-dimensional t vector x is

H(x) =
d

2
logαπ + log Γ(β)− log Γ(β + d/2) + (β + d/2) [Ψ (β + d/2)−Ψ (β)] .

Similarly, the differential entropy of a d-dimensional τ vector y is

H(y) =
d

2
log π + log Γ(β)− log Γ(β + d/2) + (β − 1) [Ψ (β + d/2)−Ψ (β)] .

Proof (Fact 6): We prove each case separately.

t model. Using the density fuction of t model and the definition of differential entropy, we have

H(x) =
d

2
log π − β logα+ log Γ(β)− log Γ(β + d/2)

+ (β + d/2)
∫
x

log(α+ x′x)pt(x;α, β)dx.

All we need to compute is the last integral, and we next show that∫
x

log(α+ x′x)pt(x;α, β)dx = logα+ Ψ(β + d/2)−Ψ(β).

First, by the normalizing property of the t model density function, we have∫
x

(α+ x′x)−β−d/2dx =
πd/2Γ(β)

αβΓ (β + d/2)
.

Next, take derivative w.r.t β to both sides, we have

−
∫
x

(α+ x′x)−β−d/2 log(α+ x′x)dx =
∂

∂β

(
πd/2Γ(β)

αβΓ (β + d/2)

)
,
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then multiply −αβΓ (β + d/2)/πd/2Γ(β) on both sides to obtain∫
x

log(α+ x′x)pt(x;α, β)dx = − ∂

∂β

(
πd/2Γ(β)

αβΓ (β + d/2)

)
αβΓ (β + d/2)
πd/2Γ(β)

=
∂

∂β
log

αβΓ (β + d/2)
Γ(β)

= logα+ Ψ(β + d/2)−Ψ(β).

Last, substitute the result to the entropy computation will prove the result.

τ model. First, using the normalization property of the τ model, we have
πd/2Γ(β)

Γ(β + d/2)
=
∫
y

(1− y′y)β−1
+ dy.

Next, taking derivatives with regards to β on both sides yields

πd/2
d

dβ

Γ(β)
Γ(β + d/2)

=
d

dβ

∫
y

(1− y′y)β−1
+ dy =

∫
y

(1− y′y)β−1
+ log (1− y′y)+ dy.

Then multiplying Γ(β+d/2)
πd/2Γ(β)

on both sides further yields:

d

dβ
log

Γ(β)
Γ(β + d/2)

= Ψ(β)−Ψ(β + d/2) =
∫
y

pτ (y;β) log (1− y′y)+ dy. (4)

Next, logarithm of the τ model is
log pτ (y;β) = log Γ(β + d/2)− log Γ(β)− d/2 log π + (β − 1) log (1− y′y)+ ,

therefore the entropy is

H(y) = d/2 log π + log Γ(β)− log Γ(β + d/2)− (β − 1)
∫
y

pτ (y;β) log (1− y′y)+ dy.

Next, using Eq.(4) to replace the integral in the last term, the result follows.

Lemma 6 The MI of a d-dimensional isotropic t model (Σ = I) is

I (x) = (d− 1) log Γ (β)− d log Γ
(
β +

1
2

)
+ log Γ

(
β +

d

2

)
+ d

(
β +

1
2

)
Ψ
(
β +

1
2

)
−
(
β +

d

2

)
Ψ
(
β +

d

2

)
− (d− 1)βΨ (β) .

The multi-information of a d-dimensional τ model with density in Eq.(3) is

I(y) = d log Γ
(
β +

d− 1
2

)
− log Γ(β)− (d− 1) log Γ

(
β +

d

2

)
+ (β − 1)Ψ(β)

+ (d− 1)
(
β +

d

2
− 1
)

Ψ
(
β +

d

2

)
− d

(
β +

d− 3
2

)
Ψ
(
β +

d− 1
2

)
.

In both cases, Ψ(β) denotes the Digamma function which is defined as Ψ(β) = d
dβ log Γ(β).

Proof (Lemma 6): To compute multi-information, we use its relation with the differential entropy,
as I(x) =

∑d
k=1H(xk) − H(x) and I(x) =

∑d
k=1H(yk) − H(y). H(x) and H(y) can be

directly obtained using Fact 6. On the other hand, as we consider only isotropic models, we have
H(xk) = H(x′k) and H(yk) = H(y′k) for k 6= k′.

To compute H(xk), we make use of Fact 4 that states t model is re-normalizable, so we can simply
use the parameters from the 1D marginal t density in the entropy given in Fact 6 to obtain,

H(xi) =
1
2

logαπ + log Γ(β)− log Γ(β + 1/2) + (β + 1/2) [Ψ (β + 1/2)−Ψ (β)] .

Similarly, H(yk) can be obtained using the re-normalizability of τ model as

H(yi) =
1
2

log π + log Γ
(
β +

d− 1
2

)
− log Γ

(
β +

d

2

)
+

(
β +

d− 3
2

)[
Ψ
(
β +

d

2

)
−Ψ

(
β +

d− 1
2

)]
.

Putting all these results together and after some tedious algebraical manipulations, we obtain I(x)
and I(y) as stated in the Lemma.
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