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Statistical learning : three Ingredients and one key challenge
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Learning theory for a small size of samples
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Bayesian (23 R XJ ##EX &2 45H3)
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Theories for learning a system from different aspects
Could we a big theory that covers a system entirely ?

« integrate theories from two or more aspects consistently
e.g., one as an inverse of the other by Bayes
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Two Steps of Implementation

Step 1 Enumerate k& for a set of candidate

values, fixed at each candidate, make learning<—-;
0

6" (k) = argmin, In p(X, |6)

error

Step 2 Select the best £* by

k= argmin, J(0,k)

Very computational extensi\% k
Inaccurate for large k 1!! Ve
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VB-DNW: PR=0.847 MML-DNW: PR=0.779 BYY-DNW: PR=0.920

Figure 3.2: Two image segmentation examples from Berkeley segmentation

database. Segmentation results by each algorithm are illustrated by the high-

VB-DNW: PR=0.901 MML-DNW: PR=0.879 BYY-DNW: PR=0.933 lighted green curves

Lei SHI, Shikui TU,Lei Xu (2011), " Learning Gaussian mixture with automatic model selection:A comparative study on three Bayesian related
approaches", A special issue on Machine learning and intelligence science: ISCIDE2010 (B), Journal of Frontiers of Electrical and Electronic

Engineering in China 6(2) (2011) 215-244.
Table 3.2: Average PR scores of 5 runs on the 100 testing images of the
Berkeley image segmentation database by GMM algorithms (without post-
processings)

VB-Jef | MML-Jef | BYY-Jef | VB-DNW | MML-DNW | BY Y-DNW

0.772 0.752 0.816 0.803 0.788 0.851




Unsupervised Natural Image Segmentation via Bayesian Ying-Yang Harmony Learning Theory.
By: Shaojun Zhu, Jieyu Zhao, Lijun Guo, Yuanyuan Zhang
Neurocomputing, 121, 9 December 2013, Pages 532-539

(a) Result from [18] (b) Result of proposed method
Figure 5: Comparison between BYY-DNW [18] and our method.

Table 2: Comparison on the BED500 using the PRI, GCE, VOI, and BDE
indices. For PRI, higher values indicate better segmentation; for GCE, VOI
and BDE, lower values indicate better segmentation.

Method PRI | GCE | VOI BDE
BYY 0.7785 | 0.2076 | 2.4281 | 8.8760
CTM 0.7628 | 0.2093 | 2.0788 | 9.4038

NCuts(k=>5) | 0.6930 | 0.3255 | 2.4456 | 15.5592
MeanShift | 0.7573 | 0.0698 | 4.7244 | 8.9005
GBMS 0.7362 | 0.3570 | 2.1737 | 15.8600
GraphBased | 0.7872 | 0.2315 | 2.8308 | 8.4047
DCM(k=>5) | 0.6923 | 0.2950 | 2.0106 | 17.7190
SCKM 0.7762 | 0.2303 | 2.1141 | 10.0908
MD28 0.7735 | 0.2348 | 2.3614 | 10.3685




Chen, G., Heng, P.-A., Xu, L.: Projection embeded byy learning algorithm for gassuian mixture based

clustering, Applied Informatics (2014)

Data Set GMM-a | GMM-b I GMM—<
Algorithms ___CSR Vi PRI TSR Vi PRI TSR Vi PRI

—VBE-DNW 0.4660 1.0243 0.7730 0.5160 0.6264 0.8500 0.1060 1.3337 0.6460
MML-Jef 0.1700 3.2637 0.7345 0.1600 438235 0.7573 04140 58.0030 0.6388
BYY-Jef 0.2167 1.1135 0.7006 0.5533 0.6650 0.8257 0.0100 1.6889 0.4732

Table 1: The performance of each algorithm on three synthetic data sets after 500 trials, with the initial number
of Gaussian components is set as k = 20, where ”*” indicates the best within its column. For a good performance,
we expect that the values of CSR and PRI are big and that the VI value is small.

BSDS500
Human | Mean Shift | MN-Cut | gPb-owt-ucm | MML-Jef | VB-DNW | pBYY
PRI 0.88 0.8157 0.8066 0.7489 0.7851 0.7866 0.8106
VI 1.17 2.2012 25163 1.7530 3.4066 3.5580 2.8140
CR 0.72 0.430 0.303 0.430 0.325 0.325 0.487

Table 3: Performance scores on the BSDS. The performance of each algorithm is evaluated separately against
each of five human-drawn ground-truth segmentations per image, and then their average is obtained as the score
on this image. For the Covering Rate (CR) metrics, a larger value indicates a better performance.
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pBYY
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VB-DNW MML-Jef BYY-Jef BYY-DNW

PBYY

Figure 3: Density fitting on 1-D real-world data
sets. From left to right: Acidity data set, Enzime and
Galaxy data set; while from top to down: BYY-DNW,
BYY-Jef, MML-Jef, VB-DNW and pBYY algorithm.
(Red curve indicates the overall density function and
green curve the density function per component)
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Figure 5: Pairwise comparison of segmentation algo-
rithms on the BSDS500. The coordinates of the blue
dots are the PRI, VI and CR scores pBYY and its com-
peting algorithms, obtained per image. Red line rep-
resents the boundary of equal performance by the two
algorithms, and the boxed digits indicate the number
of images where one algorithm is better. For example,
the last one shows MN-Cut outscores pBYY merely on

4/100 images.
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See Sec.3.2& Sec.5,1

Discriminative Learning
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Front. Blectr. Flectron. Eng. China 2010, 5(3): 281-328
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Bayesian Ying-Yang system, best harmony learning, and
five action circling
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Front. Elcetr. Eloctron. Eng. China 2010, 5(3): 251 525
DOI 10,1007 /511460-010-010
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Bayesian Ying-Yang system,
five action circling

{ RBF networks and

alternative mixture of
best harmony learning, and

experts (AME)

Tndependent factor analysis (FA)

Gaussian

dimension reduction

c=4.y, y=W.E 2D

T

hree layer networks

x‘.e . @

k z lmvm“

- \
Linear regression with |

ﬂLv
%. See Sec3.2 :

Temporal FA (TFA)
for latent terporal structures

\ See Sec3.1 |

/" Local FA (LFA) *\
See Sec3.2

Subspace based
function (SBF)

NAAN

W\

12



exp{-0.5TH{YLY"]}
Z(L)

anearest |
neighbor g8

certain

nonGaussian
q9(3:)

—

cross-column

dependence ( \ (€ iﬁ”h \
e

B, ={b; 05}

#8p
A, = a5}

X, =4y +e

\igééy

ccomposition

of network biology

(W) BikA:
ROHREANL
A% (REEL) “%
L5303 LLfETRE”
CHAEMR) RRE
‘RS, &
[, i, B
RERGE  (RBHMRD
“FHEAB "
“BHLARH MR
RS, ik, M

> B

BHFH FLAT A8 R4 versu Learning System

(EEzy (B
CEFREY

BHPFA: FIiE:
RYeH R LA L ©
(hardware) (software) e
ARG FRAE
(&« ZA%) “RAEXR
A, T5Fi”

- (EF) “ARFEE"
RGBT HERE

Implementation

IR A PR DA BR LB
s B BN RIE
BBAIGR.

®) T RGatT

CiHFs - P (BETFNZ) BRE-KZREMFENLE FEpR”

KRR (ER - BHRE) “AREK”
HATTeg Sheng—Ke—Cheng-Hui: A4, #H3E, M, IHE

13



Three levels of
Inverse Problems
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Bayesian Ying-Yang System
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YING Machine
q9(X,R) = ¢(X[R)g(R)

YANG Machine
P(X,R) = p(R|X)p(X)
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(c) KRABZE CHBISLRD
“PHLARAHZEL”  “BILABH IR~
@ A5 CEEFLY “ELiBMn. HhLLEeE” Ying design :

(ﬁggﬁ%gg ’%ggg%’ T least complexity principle

q(R)
least redundancy
¢(X|R) divide-conquer.

Yang design
a generalized inverse of Ying
a variety preservation principle
* match its demands
* enhance the performance

p(RIX) varies around
JRIX) = X IRIGR)
JaX1R)g(R)dR

generally subject to
U(p(R,X))=U(q(R,X))
U(Yang )=U(Ying)

EE )
Learning theory
value system
(software)

BAAE# q(») = ]_][q(y(”)

Informax . I

BAEREE MME uniform Theories for learning
BRANTIK - a system from

Least qE Lo different aspects

Redundangy, o tems ICA

PCA

HAZRERA

Modeling Perspective
(Best Data Matching)

/1
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Taoism philosophy perspective :
p(X’R) = p(R | X)p(X)_léest Harmony_ q(X,R) = q(X ’ R)q(R)
Best Harmony Learning Principle
best matching + (least complexity or most firm)
Max H(p|| 4.k,0), H(p| q) = [p(R] X)p(X)In[g(X | R)q(R)]dXdR

H(pllg) = [ p(R|X)p(X) In[g(X|R)g(R)]dXdR
subject to U(p(X, R)) = U(q(X, R)).

max H(pllg), H(pllg) = [ p(R] X)p(X)In[g(X | R)q(R)JdXdR
= [PRI X)p(X)In p(R| X) p(X)dXdR - KL(pllq)

minKL(pl|q). KL(pllg) = [ p(R| X)p(x)in ZELZOPET) | X)p(X)

9(X | R)q(R)
a—
i RGEFOiMAH R
© CER) “AmPrHE"
) BIRURIRRAR A AR 9
P Ay
o v
pX)

PASBRSLE 7 A

Ying and Yang seeks a best agreement via minimizing KL(p||q) in a most tacit
manner via minimizing the information -H(p||p) that is transferred by Yang.

Front. Electr. Electron. Eng. China 2010, 5(3): 281-328
DOI 10.1007 /s11460-010-0108-9

RESEARCH ARTICLE See Sec.4.1 and esp. Eq.(24) in

Lei XU
Bayesian Ying-Yang system, best harmony learning, and

five action circling
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RAAERZ B : BIHAERE S E R R

p(X,R) - p(R ‘ X)p(X) ]?est Harmon}l_ q(X, R) = q(X ‘ R)q(R)

MaxH(p| q), H(pllg)= [ (R X)p(X)In[g(X | R)g(R)}dXdR

Matching nature
max H(p”q) — ¢g(X,R)approaches p(X,R)
q

The trend is g(X,R) = p(X,R)

Least complexity nature

At the limit, max H (p" p) actually minimizes the system entropy

H(p|p)=-[ P(X.R)In p(X, R)iXdR

BRAEILAC+HB N R R

best matching + (least complexity or most firm)

BYY Best Matching B £EILAT
-
‘ aB .
. X|R
9&@ PRIX), T
‘ 4 a
PX)
ssghmnb]m 5(3): 281-328 See Sec.4.1 in dP(R,X)
=pR|X)p(X)>0 R| X)p(X)dXdR =1
T PRIX)p(X)>0  [p(RX)p(X)
Bayesian Ying-Yang system, best harmony learning, and dQ(R,X) _ X | R)g(R)dXdR =1
five action circling dRdX B q(X | R)q(R) >0 fq( oo

MaxKL(P||0), KL(P||Q) = - fln%dP(R,X)

Best Harmony Learning Principle T AR

best matching + (least complexity or most firm)

Mar H(plq). H(P| Q)= fin 2 =1 dP(R. )
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Harmony measure : A Randon-Nikodym Derivative perspective

/ H, (P ‘Q):f%ln(%)z/‘u \

o-r wu = Lebesque
/ ﬁ u= P ~a Da
P P
H,(P| P) =filn(i)d,u H, (P Q)= [p(X)Ing(X)dX

‘ Jdu  du KL(P||Q) =-H (P Q)=f|n<‘/—P>(/P ey = ZE (x) =22

“ 0 P ax e V0" ax
u = Lebesque dP do
=P, p(X)=——, g(X) ==
l u=P, p(X) X’ q(@) X

H(p|| p) = [ P(X)In p(X)dX
— H(p || p)isan entropy

H,(P||Q)=-KL(pllq)

. X))
KL(p|lg)=[p(X)In ——dX
J q(X)
KL — divergence

DOI 10.1007/511460-012-0190-2

Lei XU

Front. Electr. Electron. Eng. 2012, 7(1): 147-196

RESEARCH ARTICLE

On essential topics of BYY harmony learning: Current

status, challenging issues, and gene analysis applications

See Fig.5 in

Rival Penalized Competitive Learning (RPCL)
(penalizing particulars)

d,>d,>d
2 1
3 d >d,>d
m . 1 2 3 , )
m d 2/ ,/’/* d, §< 4d ) a5
2 S -To, o m; .- b & 3
*\ - o [e°) 1T oo 7T o) ® S
dl . Pl d3 o8 goooO * d X o 8 P €2 * &
o o o o 1 v 0 o %
o XL © 080000 0 6 o 9 9.9, o o o
v % X o, % °© ° o Lo °8 % o o 2 og S
0 000, 8 (e} 0.8 oo 2o Q > < o
2 ‘oo 0. ¥y méogogg o ° m, s S
(e o) [eie) o o~
o (e} [e's) (oYe} 10 m
° 80880 [ © gy ° o © * % © 2
o oo o o
(a) m, is the winner

(a) my is the winner

m, is the rival

m, is the rival
See Xu, Oja & Krzyzak, ICPR92, then
Xu, L., A. Krzyzak, and E.Oja, IEEE Tr. on Neural Networks, Vol.4,

Google Scholar ~ >600 SCI-

(¢) m, and m, are converged

m, is driven far away

No.4, 1993, pp636-649.

Expanded > 300
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Automatic Model Selection : A new road

*For 6, =U"_6", thereisasubset 657 C Y.

an indicator W(6;)) — 0 or even some parameters in 65, towards 0 means
effectively a model with its scalereduced by one (e.g., £ — £-1).

a,=0 and Tr[2,]=0.

* There is either a learning

algorithm (e.g., RPCL learning, 1992)
or a learning principle

(e.g., Ying-Yang harmony).

X-Space

* Learning (either an implementation of the algorithm

or an optimizati on of the principle)drives

that W(6S)) — 0 or/and some parameter in 8% towards 0,

if corresponding components are redundant and thus discarded.

featured with either J(G,,,) = or J(6,,,) =J(6,)

Model Selection
Search a 6, in a dimension reduced space ©
for a model with a less number of free parameters.

‘ Y=[Y0,¥15000¥1] ‘

i : P
x=Ady+e %8,)=q(@k)

o e e .

Th¢ number of hidden unit ‘ X=[X0,X15e . .oXd] ‘

s L 1 & o 3 HH el ]:
o |
Regularization X, | OOlR)
Large enough to accommodate the true structure ‘
But impose certain constraint on regularity Xy
Sparse learning since 1995 mﬂvm(m’

*model selection prunes away extra individual columns of A,
focusing on pruning away individual parameters in A per element.

Automatic Model Selection : sincel992, e.g., RPCL (Xu, Kryzak, and Oja)
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BYY harmony learning

A RGEFUARAIE

Learning theory Ying-Yang best harmony
Learner

value system
e software
Ll ._9 ( ) (5 B BAKR,
izl
() “RMpriEE”
Implementation
Algorithm
T SEH
HAT:RABITHERE
harmonizing dynamics

FAFH: R AR AL
BYY system design
Learning tasks
dependent

Hough transform (Hough, 1962)

information
acquisition .

partial EE s T
e
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ia accumulation .-

M

* Accumulation window
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critical drawbacks * Quantization resolution

Missing objects due to window

Blurring peaks due to low quantization

Cost increasing exponentially with d

Disturbing accumulations: useful pixel and noise
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Randomized Hough Transform (RHT) ' \ ----- -

(tackling the problems via a new fundamental mechanism)

X k

* Flexible window

* Flexible quantization

* Dynamic storage

* Reduced disturbances

A new curve detection method: randomized Hough transform (RHT)
L Xu, E Oja... - Pattern Recognition Letters, 1990 — Elsevier
SCl-citations >350 Google Scholar >820

Randomized Hough transform (RHT): basic mechanisms, algorithms, and computational complexities
L Xu, E Oja - CVGIP Image Understanding, 1993
SCl-citations >200 Google Scholar >530

ARG E
accumulation
& amalgamation

A3 HEGE
accumulation and

oy 0= (k5) e
ﬁ‘,a:" RHT

A2 A4
assumption apex-seeking

fir AR

AR | 7

assumption

‘D

apex-seeking

) H
m "; <. two points —one point

-5
s

Y ~.
ESHLLE ORI
acquisition

A3 HERR B

affirmation

[ / ’
R S ;
\ image -

acquisition

JLEF {18

=

[ RBKAEZ ASHESE (since 2003)

A unified perspective and new results on RHT computing, mixture based
arning, an i-learner bas oblem solving™
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