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Fig. 1

1. Symbols Related to Matrix

A Matrix

a Vector

aij Element in i-th row and j-th column of matrix A
4, Element in t-th row of vector a

trA Trace of matrix A

detA Determinant of matrix A

InA Logarithm of matrix A

diagA Diagonal matrix of matrix A

vecA Function to vectorize matrix A

véca Function to matrix vector a

Fig. 2

2. Symbols Related to Probability Theory

i) Sample space

F Complete additive class

P Probability measure in measurable space (Q, F)

(1L,F, 2) Probability space

R4 d-dimensional real coordinate space

BRY) Borel set class of RY

(R, BIRY) Measurable space related to R

X d-dimensional random vector, (RY, B(RY)) from (Q, F, P)-measurable
function

x d-dimensional variable vector in RY

Py(x) Distribution of X in (RY, B(RY))

Fx) Cumulative distribution function of X in (RY, B(RY))

px () Probability density function of X in (RY, B(RY))

12 Statistical distance

D Statistical distance matrix of D

E{X] Expected value of X

cov| X} Covariance matrix of X

corr[X] Correlation matrix of X

covlXy, Xa] Cross-covariance matrix of X1 and X2

corr[Xy, X;] Cross-correlation matrix of X1 and X2

1} d-dimensional mean vector

p d-dimensional covariance matrix

N{WwE) d-dimensional normal distribution defined by means vector y and

covariance matrix

3. Symbols Related to Hierarchical Clustering

s Cluster label set
ISt Cardinality of set S
] Cluster label

&{a,b) Distance function, map of which is 6: SxS — R
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Fig. 3
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Fig. 5
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Fig. 6
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([6] A. Krizhevsky, V. Nair, and G. E Hinton.

CIFAR-10 (Canadian Institute for Advanced Research).

Alex Krizhevsky, Vinod Nair, and Geoffrey Hinton.

"Learning multiple layers of features from tiny images’,

Alex Krizhevsky, 2009. “The CIFAR-10 dataset” , April 8, 2009
https://www. cs. toronto. edu/ kriz/cifar. html )
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Fig. 7
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Fig. 8

AIRPLANE/DOG BIRD/DOG CAT/DOG
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Fig. 11
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Fig. 12
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Fig. 13
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Fig. 14
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Fig. 15

Fig. 16

AIRPLANE AND DOG  BIRD AND DOG CAT AND DOG

Nigw 951 962 895

N medium 41 38 114
Nhigh 32 24 15
Nmedium + Nhigh 73 62 129

p 0.4381 0.3871 0.2481
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A=ay],i=1,....m, jE=1,...,n a:= ], t=1,....d
(Ahk=1,...,N ' {arh k=1, N

I
I
I
. . I
. . |
|
+—> I
n —P p1, 3 I
AZ:{ét},t:L... J— Ot I
{Ak}a k= 1, ey N",a( \\\‘. :
"“ ,;/" | D
B :=[by], i=1,...,m, j = b Lod | I:I
(Bi}.k=1,...,N SN :
I
m I
I
“—> [
n —P p2, 3 |
i | | Process: Calculate from
Bi={b, t=1, ! | Equations (6), (7), (11), (12)

{Br}, k=1, | | Output 2: Statistical distance D

|

Process: Calculate from Equations (19), (37)
Output 2: Two pairs of mean vectors and covariance
matrices 1, Z1 and W, X2 of feature vectors

Process: None
Input 1: Two populations {ak} and {bx}of feature vectors

Process: Vectorize matrices by vec(:) _
Input 2: Two populations {A} and {By} of feature matrices — Qutput 1: Two populations {ax} and {b} of feature vectors

Process: Arrange elements of sets in vectors
Input 3: Two populations {Ax} and {By} of feature sets

Input is not necessarily limited to images
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{Ap}k=1,...,N

e A K :
m Ivec(~) _ |
m><ln=d I
I [ |
n |
A:={a}, t=1,...,d | _ .
{Ak},k =1,...,N /".’- _~~\“.
b 1G

B:=[b,],i=1,....om, j+1,....n
(Bi},k=1,...,N ' (b k=1,. .

A=lay],i=1,....m, j=1,...,n a:=][d, t=1,...,d
|
|
|
|

R :=[ryy), u,v=1,...,d

Process: Calculate from
Equation (38)
Output 2: Cross-correlation matrix R

Process: Calculate from Equations (19, (37)
Output 2: Two pairs of mean vectors and covariance
matrices p1, Z1 and pp, X of feature vectors

Process: None
Input 1: Two populations {ax} and {bk}of feature vectors

Process: Vectorize matrices by vec(') .
Input 2: Two populations {Ax} and {Bx} of feature matrices — Output 1: Two populations {ax} and {bx} of feature vectors

Process: Arrange elements of sets in vectors . o )
Input 3: Two populations {Ax} and {Bk} of feature sets Input is not necessarily limited to images
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Fig. 19
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Fig. 20
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Fig. 21
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