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Linear Population Size Reduction Z A\ \7c SHADE
OHEEH K Alex (BRI KFERFRE)
SHADE with Linear Population Size Reduction
*R. Tanabe and A. Fukunaga (The University of Tokyo)

Abstract—

Success-History based Adaptive Differential Evolution (SHADE) is an adaptive DE which

incorporates success-history based parameter adaptation and one of the state-of-the-art DE algorithms. This
paper proposes L-SHADE, which further extends SHADE with Linear Population Size Reduction (LPSR),
which continually decreases the population size according to a linear function. We evaluated the performance
of L-SHADE on CEC2014 benchmarks and compared its search performance with the state-of-the-art restart
CMA-ES variants. The experimental results show that L-SHADE is quite competitive with them.

Key Words: Differential Evolution, Parameter Adaptation, Real Parameter Optimization

NOTE: This is a shortened version of our IEEE
CEC-2014 paper [12].

1 Introduction

Differential Evolution (DE) is an efficient Evolu-
tionary Algorithm (EA) that was primarily designed
for real parameter optimization problems [9]. Unfor-
tunately, as with other EAs, the search performance
of DE algorithms depends on control parameter set-
tings such as the population size N, crossover rate
CR and scaling factor F. Thus, adaptive DE algo-
rithms which can adjust their own control parameters
on-line during the search have been studied by many
researchers.

Success-History based Adaptive DE (SHADE) [11]
is an improved version of JADE [13] which uses a dif-
ferent parameter adaptation mechanism based on this
success-history based adaptation. This adaptation
technique uses a historical memory Mcgr, Mp which
stores a sets of C'R, F" values that have performed well
in the past, and generate new C'R, F' pairs by directly
sampling the parameter space close to one of these
stored pairs. In [11], we experimentally showed that
these SHADE variants outperform previous state-of-
the-art DE algorithms, including JADE [13].

While SHADE, as well as almost adaptive DE algo-
rithms, automatically adjusts the CR and F parame-
ters, the population size IV remains constant through-
out the search. In general, the size of the population
used by EA plays a significant role in controlling the
rate of convergence. However, its appropriate size de-
pends on problem difficulty. Addition, compared to
other control parameter (e.g. F' and CR), adaptation
of population size has proven difficult [7]. In recent
years, population resizing methods based on simple,
deterministic rules (as opposed to adaptive schemes)
have been proposed [1,2,4]. These approaches have
been found to be highly effective for improving EA
performance.

In the deterministic population resizing method, we
focus on deterministic population reduction methods
[2,4]. In general, while explorative search is preferred
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in the beginning of the EA search for estimating the
promising regions, exploitative search is appropriate
for finding the higher precision solutions. According
to this general policy, the deterministic population
reduction methods use a relatively large population
size as initial population and reduce its size gradu-
ally. As a result, the search is executed with a small
population size and becomes more exploitative. This
mechanism makes EA more robust and effective.

This paper proposes L-SHADE [12], which is a most
sophisticated SHADE algorithm and incorporates
Linear Population Size Reduction (LPSR), a simple
deterministic population resizing method which con-
tinuously reduces the population size in accordance
with a linear function. Our LPSR method is a spe-
cial case of SVPS [4] which reduces the population
linearly, and requires only 1 parameter (initial popu-
lation sizes).

We compared L-SHADE with NBIPOP-, CMA-ES
[8] and iICMAES-ILS [6] which are state-of-the-art
restart CMA-ES [1] variants. Our results show that
L-SHADE is highly competitive with them.

2 L-SHADE: SHADE with Linear
Population Size Reduction

This section describes L-SHADE [12] with Algo-
rithm 1. A DE population is represented as a set of
real parameter vectors ¢; = (x1,...,zp), i = 1,..., N,
where D is the dimensionality of the target problem,
and N is the population size. In line 2, at the be-
ginning of the search, the individual vectors x; in
population are initialized randomly. The contents of
Mcri,Mp; (i = 1,...,H) are also all initialized to
0.5 in line 3. Then, a process of trial vector genera-
tion and selection are repeated until some termination
criterion is encountered.

In line 7-9, in each generation G, the control param-
eters CR; and F; used by each individual x; are gen-
erated by randomly selecting an index r; from [1, HJ.
In line 8, if M¢g,,, has been assigned the “termi-
nal value” 1, CR; is set to 0. In case a value for

PG0008/14/0000-0001 © 2014 SICE



Algorithm 1: L-SHADE algorithm

// Initialization phase

1 G=1, Noc = N™* Archive A = 0);

2 Initialize population Pg = (1,q, ..., TN,G)
randomly;

3 Set all values in Mcgr, Mp to 0.5;
// Main loop

4 while The termination criteria are not met do
5 Scr=0,5r = 0;
6 for i=1to N do
7 r; = Select from [1, H] randomly;
8 If Mcrr;, =L, CR;, g = 0. Otherwise
CRLG = randni(MCR,,«i N 0.1);
9 F; ¢ = randc;(Mp,r,,0.1);
10 Generate trial vector u; g according to

| current-to-pbest/1/bin;
11 for i =1 to N do

12 if f(ui,¢) < f(zi,c) then

13 Ti,G+1 = Ui,G;

14 else

15 | @Ti,c+1 = TiG;

16 if f(us,c) < f(xs,c) then

17 L TG — A, OR@G — SCR, Fi,G — SF;
18 If necessary, delete randomly selected

individuals from the archive such that the
archive size is |A].

19 Update memories Mcr and Mr (Algorithm 2);
// Optional LPSR strategy

20 Calculate Ng+1 according to Eq. (2);

21 if Ng < NG+1 then

22 Sort individuals in P based on their fitness
values and delete lowest Ng — Ng+1
members;

23 Resize archive size |A| according to new
|P[;

24 G=G+1;

CR; outside of [0,1] is generated, it is replaced by
the limit value (0 or 1) closest to the generated value.
When F; > 1, F; is truncated to 1, and when F; <0,
line 9 is repeatedly applied to try to generate a valid
value. These manners are according to the procedure
for JADE [13].

In line 10, a mutant vector v, ¢ is generated from an
existing population members by applying the current-
to-pbest/1 mutation strategy: v, ¢ = x;¢ + F; -
(mpbest,G - mi,G) + F; - (wrl,G - $T2,G) [13] Individ-
ual Tppest,¢ is randomly selected from the top N x p
(p € [0,1]) members in generation G. The parameter
p controls a trade-off between exploitation and explo-
ration (small p behaves more greedily). The indices
r1, 7o are randomly selected from [1, N] such that they
differ from each other as well as .

After generating the mutant vector v, g, it is
crossed with the parent x; ¢ in order to generate
trial vector u; . In SHADE, Binomial Crossover,
which is the most commonly used crossover operator
in DE, is used and implemented as follows: For each
J (J - 17'~~’D)7 if rand[oal) < CRor j = jrands
Uji,t = Vgt Otherwise, Ujit = Tjit- rand[O, ].) de-
notes a uniformly selected random number from [0, 1),
and jrqnq is a decision variable index which is uni-
formly randomly selected from [1, D].
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In line 11-17, after all of the trial vectors u; g, 1 <
i < N have been generated, a selection process de-
termines the survivors for the next generation. The
selection operator in standard DE compares each indi-
vidual x; ¢ against its corresponding trial vector u; ¢,
keeping the better vector in the population.

In JADE, an optional, external archive is used for
maintaining diversity [13]. As well as JADE, SHADE
also uses it. Parent vectors x; ¢ which were worse
than the trial vectors u; ¢ are preserved as line 16-17.
When the archive is used, &,2 ¢ in current-to-pbest/1
is selected from P U A, the union of the population
P and the archive A.

In each generation, C'R; and F; values that succeed
in generating a trial vector u; ¢ which is better than
the parent individual x; ¢ are recorded as Scr,SF
in line 17. Then, at the end of the generation, the
memory contents are updated using Algorithm 2. In

Algorithm 2: Memory update algorithm

1 if Scr # 0 and Sr # 0 then
if Mcr,k,c =L or max(Scr) = 0 then
| McoRrk,c+1 = 1;
else
| Morkcr1 = meanwr(Scr);
MF,k,g+1 = meany . (SF);
k=k+1(Ifk>H, k=1);
else
| Mcrk,c+1 = McRrk,c, Mrk,c+1 = MFk,G;

© 0w N0 Uk wWwN

Algorithm 2, an index k& (1 < k < H) determines
the position in the memory to update. In generation
G, the k-th element in the memory is updated. At
the beginning of the search k is initialized to 1. k is
incremented whenever a new element is inserted into
the history. If &k > H, k is set to 1. In Algorithm 2,
the weighted Lehmer mean meany 1, (S) is computed
using the formula below. Where the amount of fitness
improvement Afy = |f(uk,c) — f(zr )| is used in
order to influence the parameter adaptation (S refers
to either Scgr or Sg).

CaweSE L AR
Y af

As Mcpg is updated, if Mcopge = L (where L de-
notes a special, “terminal value”) or max(Scgr) = 0
(i.e., all elements of Scr are 0), Mcrkg+1 is set
to L. Thus, if Mcg is assigned the terminal value
1, then Mcgr will remain fixed at L until the end
of the search. This has the effect of locking CR; to
0 until the end of the search, causing the algorithm
to enforce a ” change-one-parameter-at-a-time” policy,
which tends to slow down convergence, and is effective

on multimodal problems.

Lines 20-23 implement the LPSR, a simple special-
ization of SVPS [4] population reduction scheme used
by L-SHADE. LPSR continuously reduces the popula-
tion to match a linear function where the population
size at generation 1 is N and the population at
the end of the run is N™. After each generation G,

meanWL(S) = 5] s
fm1 Wk * Sk
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the population size in the next generation, Ngy1, is
computed according to the formula:!

N’min _ Ninit

Ne+1 = round Km

) -NFE+ N™*| (2)

N™" ig set to the smallest possible value such that
the evolutionary operators can be applied — in the
case of L-SHADE, N™" = 4 because the current-
to-pbest mutation operator requires 4 individuals.
NFE is the current number of fitness evaluations, and
MAX _NFE is the maximum number of fitness eval-
uations. Whenever Ngy; < Ng, the (Ng — Ng+1)
worst-ranking individuals are deleted from the popu-
lation.

3 Evaluating L-SHADE on the
CEC2014 benchmarks

3.1 Settings

This section presents an empirical evaluation of L-
SHADE on the CEC2014 benchmark set which con-
sists of 30 test functions [5]. (See [5] for details.) We
performed our evaluation following the guidelines of
the CEC2014 benchmark competition [5]. When the
gap between the values of the best solution found and
the optimal solution was 108 or smaller, the error
(score) was treated as 0. For all of the problems the
number of dimensions D = 10,30, 50,100, and the
maximum number of objective function calls per run
was D x 10,000. The number of runs per problem
was 51, and the average performance of these runs
was evaluated.

The 4 control parameters of L-SHADE are set as
follows: the initial population size N*** = round (18 x
D), the archive size | A| = round (2.6 x N") p = 0.11
and the memory size H = 6. These settings were
tuned by ParamILS [3] (see [12] for details).

Currently, restart CMA-ES methods based on
IPOP-CMA-ES [1] are considered the state-of-the-art
methods for single objective, real parameter optimiza-
tion problems. Especially, NBIPOP-,CMA-ES [§]
and iICMAES-ILS [6] are one of the most efficient al-
gorithms in them because they tied for first place in
the recent competition held at CEC-2013 [10]. There-
fore, we compared our L-SHADE with them. The
source code for iCMAES-ILS and NBIPOP-,CMA-
ES, were downloaded from [10]. We minimally mod-
ified these programs so that they would work with
the CEC2014 benchmark codes. NBIPOP-, CMA-ES
and iCMAES-ILS have several characteristics in com-
mon: (1) they are based on CMA-ES, (2) restarts are
performed, (3) the deterministic population increas-
ing strategy is used, (4) the algorithms are extremely
complex. All of these features are in direct contrast
to L-SHADE.

'Eq. (2) is almost equivalent to SVPS when the SVPS con-

trol parameters are set to 7 = 1,p = 0. See [4] for a detailed
description of SVPS.
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3.2 Results and discussions

The compared results for all 30 CEC2014 functions,
for all dimension size D = {10, 30, 50, 100}, and for all
51 runs are shown in Figure 1(a). Figure 1(a) repre-
sents a normalized mean aggregated rank which calcu-
lated based on the error value of best-so-far solutions
after 10,000 x D x r (r € (0, 1]) times objective func-
tion calls according to the procedure of the CEC2013
competition [10] (See [10] for details). In Figures 1,
the method which has lower rank is better than the
compared methods. Addition to the results on all
30 functions (Figure 1(a)), we also classified the 30
functions into 4 groups: 3 unimodal functions (Figure
1(b)), 13 simple multimodal functions (Figure 1(c)),
6 hybrid functions (Figure 1(d)), 8 composition func-
tions (Figure 1(e)), and evaluated the performance on
both groups separately.

From Figures 1(a) ~ (e), we can see that the
rank of L-SHADE at the beginning of the search
is significantly higher than NBIPOP-,CMA-ES and
iCMAES-ILS (i.e. L-SHADE is worse than them).
This is because that the initial population size in L-
SHADE is very large so that its search can be en-
couraged wider exploration of the search space and
the rate of convergence tends to be slower. On the
other hand, the initial population size in NBIPOP-
ACMA-ES and iCMAES-ILS is relatively small and
doubles the population size after each restart, broad-
ening the search after each restart.  Therefore,
NBIPOP-,CMA-ES and iCMAES-ILS can outper-
form L-SHADE at the early phase of the search.

As the search progresses, the rank of L-SHADE be-
comes low gradually since the population size in L-
SHADE continually decreases so that its search tends
to result in convergence. From Figure 1(a), after
about eighty percent of the maximum number of ob-
jective function calls, L-SHADE achieves lower rank
than NBIPOP-, CMA-ES. Addition, the search per-
formance of L-SHADE is also better than iCMAES-
ILS at the end of the search. Overall, on the CEC2014
benchmarks our L-SHADE is highly competitive with
NBIPOP-,CMA-ES and iCMAES-ILS which is the
the state-of-the-art restart CMA-ES variants.

From the results of specific subclasses of problems
in the CEC2014 benchmark set (Figure 1(b) ~ (e)),
L-SHADE is outperformed by the compared meth-
ods on the unimodal, multimodal and Composition
functions. However, on the 6 hybrid functions (Fig-
ure 1(d)), L-SHADE clearly outperforms NBIPOP-
ACMA-ES and iCMAES-ILS. The hybrid functions
are the real-world like problems and have a variable
with different properties. This results indicate that L-
SHADE is able to outperform state-of-the-art restart
CMA-ES variants on real-world problem which vari-
ables in the solution vector might have nonuniform
features.

PG0008/14/0000-0001 © 2014 SICE
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Fig. 1: Comparison of L-SHADE with NBIPOP-, CMA-ES and iCMAES-ILS on the CEC2014 benchmarks for
D € {10, 30, 50,100} dimensions on all 30 functions (a) and 4 groups (b, ¢, d, e). The horizontal axis represents
the number of objective function calls divided by the maximum number of objective function calls (D x 10, 000)
and the vertical axis represents the the normalized mean aggregated rank (lower than better).

4 Conclusion

This paper proposes L-SHADE [12], which extends
SHADE [11] with a Linear Population Size Reduction
(LPSR). LPSR is a simplified, special case of Sim-
ple Variable Population Sizing [4] which reduces the
population linearly, and only requires initial popula-
tion sizes as user-defined parameter. We compared L-
SHADE with NBIPOP-, CMA-ES [8] and iCMAES-
ILS [6] which are state-of-the-art restart CMA-ES [1]
variants and co-winners of the CEC 2013 compe-
tition on real-parameter single objective Optimiza-
tion. The experimental results on the 30 benchmark
functions from the CEC2014 benchmarks [5] show
that our L-SHADE is highly competitive with these
CMA-ES variants, especially, on the hybrid functions
Fi7 ~ Fsy. This results are contrary to the current
conventional wisdom: “Restart CMA-ES is the state-
of-the-art methods for single objective, real parameter
optimization problems”.

However, as shown in Figure 1, while the perfor-
mance of L-SHADE is better than restart CMA-ES
variants at the end of the search, L-SHADE is outper-
formed by them at the early phase of the search. This
means that an anytime performance of L-SHADE
might be worse than restart CMA-ES variants as well
as the other DE algorithms including SHADE without
LPSR. Since in practice high quality best-so-far solu-
tions are requested at some a priori unknown time,
improving the anytime performance of L-SHADE is
an important direction for future work.
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Improvement on Differential Evolution by proposing rotation invariant hypersphere crossover

xM. Kanemasa and E. Aiyoshi (Keio University)

Abstract— Crossover is one of the most known nature inspired operations in heuristic optimization algorithms. It was
traditionally inspired by the evolution of species. The DNA sequences could be regarded as a long integer vector, and
evolution corresponds to finding better blueprint for the fitness landscape, surviving. However, at some point, researchers
started using them for optimizing real valued vector, which is apart from the original philosophy. In this paper, we consider
the invariance of crossover operation, and propose new crossover operation that supports rotational invariance. However,
this new operation is not invariant to the scaling of coordinate system, therefore, we use parameter to compensate for
the problem. We evaluate and compare our proposal with uniform crossover, usiagetial Evolution as the base

algorithm to verify that the proposed method is worth considering and useful.

Key Words: Crossover, Hypersphere crossover, Heuristic algorithrfieEintial Evolution, Invariance

1 [XL®Ic

B b Tk E EREORGECITEICE A 32 & X2
BEIZ B2 2%, 7T XLOBBETHDL. LrL,
ta—U AT v 7 bR TIE, 7Aa ) XA
OFEF AP 7B L > CEH I O Tt
2L, BFEDONFw—7 BT HIERERREF S, FEEE
IR E T2 W RIEOEO B S EDORREREE 5 2 5
OHEGH AR IE S Fa# 2 525 Z LIERATRET
H5. Lirb, Particle Swarm Optimization (PS®)°
Differential Evolution (DB 72 X O % 5Dt 2— U %
T 4w 7 AL TFEOB AT, EEOREZ SR O
WA L DR R E LT, KIBWREELIERER & D
BEHRMENBIEIND D, FOT AT ) XAOH
HEVEATAEEL S LTWA. £, ZhboTriay
X MIEBRNCFER R WENEEE b O F v —
7 MBI ROVEREZHTERIER S ENTEBY, 20D
B9 BE % o a A i 2 [mldis S B CEBIC T2 R
T-HE T T O & LR TEDERBELN TV D,
TR, TATY XA, EEEO ISR LCED
BRENNDaNRA N TRWED EEZLND.

T, WFECBWTEET AT XLADRF~—
KT DIERESS T T <, HMIBIEICER A B
REWEIToT-L LT, 743U XLOMRENED
50, L L IEbEVEEEZ T RVWERXE/ED
RXTHDHEVIHIREFHEHDBIEHTE WS, &I, T
AL 72 CMA-ESD N7 L2 Y X AOFREWICELE
BN RT A — X I E B E i x T\ D. —
TR N, — KRR X 73 EIEIEHR S AR 7 fk
ETIE2 L, fEH L LT DEIZB W T HlEE X8 7= [
&, TORBETHENRE AR D LW I FRIZ/AR > TWA.

L AT, FEHZEM EO ZSOBEREAICHT AR
HEIC K> TERINDIHRIL, ZO28%2ERET
HIEBER IR END Z ERBHICHREIND. £ 2
TARMWMILTIE, ZoOWEE2 k322t T, 202
RO RERLE T 28K EOFREAERT D T
BRAZY ) ZRREL, [REEEICRER 72 IZEM Eo
BREAERT L. BRI, —o0®RADOH S %
b & L7 ERE EOELE~ 7 MV ERAESE, £
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PESETS.

AL TIE, weRb7 =Y ALE LT DE Zff
AL, SEIRETHBIRZN &, — A2 —kE2EXIZ
Bl Mee s g4 5.

2 DE

DE (%, 19954F|Z Price & StorniZ L » TIRE S 7
HIREE O ARG R ZLE L Lk 2a—Y X T 4y
7 IR FER R LT VT Y X LO—FE T, BEHIK R
il

minivmize E(x) (1)

D RIGHI R fil 7 IR LR D Z &M TE D
FEE LTHEHMEENTWS. DEOTLIY XALD
FRIE, ETLABRETHY, FkATL—Tav
IZBWT, ZROEBOWB ST OEHH LIZv—>20
RAZBEEE LT, miElikEZ 2Mk) &35 & %,
HAMNZ B2 5 EE O 2" H(K), 272(K), 23(K) Z
TS EWRN D, BIEEROER~R7 FLo™K) &2 £
BT 5. BEROER~SY bV oK) ZEKT 57
DOFEHAL, B ONS AN L O F T,
2L OFMBENPREINTEY, TOMRENREIE LT
TRRH 5.

"k + 1) = 2" (K) + F(z"%(k) — 2"3(k)) 2)

7EB, FIEDHEARD/NT A—FT, poricd@mT
boH. DT ZTEET ATY XL LREDZEX D
A A L TR MLy u™K) Z2ERT 5. XX
Bex REEEPREINTVDN, AARBDOT—HKRE
XEWS bDRH L. BRI X R C, ZRE L,
—HRELBE W ROXTTF 2 AERT D FETHD.

o[ UMK, if rand™) < C,
”“”‘{xwm otherwise
BT VO EKRZ T, ZTREFML, RO

KT, BEEK K+ 1) 2FHT 5.

m _ J u™(k), if E(u(K) < E(z™(K))
r (k+1)_{ xz™(k), otherwise )

3
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REHIDZLITTD.
3 HBERX

T, —ARAY—RERR NS, H IR DA SR DA T
BEhEAEIC R U TUIARENTH 528, ESEEICKR L
VCIEE‘]T*&V\: L %%? é’T‘i&ybi, M1+M2 =1
72T 0ERIX L ORERT ET 5 2 OOXAITS
M1, My & FHW T,

u = Mz, + Mox, = M]_(:I:]_ - £L'2) + X2 (5)

ERTZENTED. LIeBnoT, FEIERIZBITD a
Do DOFATEENI ST LT,

u' =My((x1 - a) - (z2 - a)) + (x2 - a)

(6)

=Mi(xy—x2)+x2—a=u—-a

BRSNS, BB L TrLRX LT, ZXLT
NHATBE L THZOEIEDEIZIAETH L. i
W2k U TR D [RliREE R (2%t LTI,

v =M1R (x1 — x5) + Rx)

- (7)
#RM;(x1 — x2) + x2) = Ru
THY, FEHELTHEDORX ERX L THLOEELE
—FKET, R IREEREREIC R L TR TR
WZ Enbnb, EZAT, (T)RXLD

R =R MR (21 — x5) + x> 8)

DEWEEZEZXTHDLE, EILTHLORXIE, 7,
To D Ty ~DONRY ML EEIRSE, OXIZT X A
TR VERERRE Ay 72T AR U, BRI RV DRBED 25 1T
R"DEIICHEEEIETWD., ERAICAERSINDD
1T (1 + x2)/2 D& LT BRN (21 — x2) /2| BB ER
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OBEkHE Ll —fR7ellx A ER L, e T4 &7
LHRXEREL, BERRX ] EHTHZ L2756, 72
B, BAL@EKm Eo—2R RSO L RIE, N RITOIER
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THZENTEL YD, ZDLXHITHEREN D HEAHEER
W EOESE SO &35 &, HEkRXIT,

u = ||(z1 — 22)/2|IS() + (x1 + x2)/2 )

ERTIENTE D, EIRERORRRIEZfE L 72212
HERRZX 2479 &,

u' =||R(x1— x2)/2|IS() + R(x1 + x2)/2

(@1 - 22)/21S0 + R(@: + 22)/2 (10)

LIRDDITH LT, BERAZX ZAT - TH b EEROE
frifE A fid &,

u” = ||(x1 — 22)/2||RS() + R(x1 + x2)/2 (11)
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L2 m, RS() MESLBERE ORI RD &V O E
hTuw =u”’ LRI N T, BRI TEER
DOEHRIC AL E VR D,

DXL, BEEROEITE O A — VBT D REN
IZHOWTEZ S, JEIERID O R & — VA £ %4
1% A L35 L, JEREhD A7y — V288 % i L Ch
B O—kEAE XL, ®HATTHIOREIZHOWT M1 A = AM,
MDD LD,

u’ ZM]_A(:B]_ - :122) + Ax) (12)
AMl(acl - :1;2) + Axo = Au
LR, RO O A — /VIEHII B L TR
T Do L RbhD. SIUCK LT, BRI
LT,

u’ =||A(xy — x2)/2I1S() + A(z1 + x2)/2 (13)
#[(x1 — x2)/2|AS() + A(z1 + T2)/2 = Au

Ly, BB ONLE D ABER O D IT A A o —
WEBIND 28, MmO Ar— VBB LT
AW TILZR .

AFHICTIL, fhTra o A — VERIC BT D HEERAS
X OEBIEDRKMNZEMET D72, BEROFEOH
BRERE A R T 5T 20035, ZOHIig,
BERE OYLRERETDHRTA—F o BEATH L,
REERAZ 1%

u =0l|(x1 — £2)/2|IS() + (1 + x2)/2 (14)

ERIND. ZIT, {ERTFIA—F o IZBH LTI,
—EfEE LA L, DEDERSOFETRR, & <I
RN L > TAEK SN DR AEOF IR LY, =
DNFGA—HEETET DHEEEBE 2D, 22,3
LR mONEDR, BEREAXICETEKkATL—23
VNGl —EAT L— g UHITRE R S gl
£ p0K) &N, SRR RO

1 M
ps(k) = 17 D P(K) (15)
m=1
ZEEHEL,
o(ps) = C+aps, (c>0,a> 0) (16)

T2 EMBEZLND. BREEERPBERZXIZ X -
TEHINC LS BH SN DG, RKIBIREROT- D
WCRERBERCERETREX L, &9 TRWEAE, XV
INSWBERCERCTRFTIRIER 2B 2709 & ) T
HITHo.
4 IalL—v3y
FHABEN T LY X AFEOREET VT Y XA
HRXEHANDN, BOBRR L, xR ERHRC
WRENEH IND T, KX Tidnxs2s7 13
ALELTDEZBERL, ERO—FRZX L DM
g3 5. £, HEE, SRIOBERRZX %MV - DE
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7-DS%Z DSP L FiLT 52 &I 5. MTFiEDthiEgk L
LT, 774723y MNERLE AV CHREEAREMEZ

PG0008/14/0000-0001 © 2014 SICE



F#7-17- DE(RIDEP &R C I a2l —vard 5.

IHCELTIE, b L OFRCTITEE DR X & EAFE
A AWEZRZX O ST ERZHIZE > TWDEN, AHF5E
TIEHRXELTONREE R D720, BEAREES HVv-
RXDHEATH. TITY XLDELTEZOFMIZD
W, TR_RTOY I ab—3 g TR, BHoR
THINB0DR U F~v—I R KT7 77 ara—nu
% 20,000 Cf#E< . RIDE OB AR HERE 2 {E 2 &
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MAGhED9®Y, DSOYAILF =0.5,07,0.9 &
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IXEE L, ¢=0.75,100,1.25¢ a=0.25,0.50,0.75, ®
A HhED 9@y, RIDE ©#A1L F = 05,0.7,09
L C=05,07,09DAAEHLED IHY DV I 2 L—
Ta rEITH.

0¥, HEIBEKE & LT, 2N-minimald%, Rosen-
brockBd%%, Alpine BA%%, RastriginBi%k, Levy Bd%k%
g S B =MEEERATS. bR F~v—7 D
HRIBIEUE, SIRSRENREERIZ -5 < x5 < 45 1Z
REINTHDN, ZoHETRTO< g < 11T
YR —Y o735, £, KEHONEEZ Y A 7r—
V7 L7tk 0 < x5 < 1 OfPH CRefig ok oy &
B—ootEseEs. e 20, Bk 5 ofE T
x°Pt = (0.0,0.25,0.5,0.75,1.0)" 7N & 72 HERICF
TRBEHEITY. ZNHOHFIGHEICONTIE F—T X
Lz kX a8EmZ1T 5. BRI, ERZ SUICE
LCiE =7 ZLOEAEII T DRV, B2 fv
B LTIt b —F 2MbEITV, AR EN 5 S E 4
BB E RTHRIEETIT . 72, ps(K) (oW T,
WEIOXNA X L —a rE Tl fEZ TS 2
LT 5.

AATEEIZ 10081 & L, ZRFENORE/ T /T Y X
LOEROFRAEL, ZNEH ECLEZTAITY XA
MOIBMLZFHET 5. ENENOT /LT Y XANTEW
TREMICE» TR EE, JBMOAEEZE 22—V
AT 4w 7 IRFMEESEL L, ®BE BOHENZ 40
DTN R DO TIELT TIENHFE E2ITV, Z
DIBRLIZR LT Welchd t EZFEITT 5. HEAKUE
1, BRI LSRR 99.9% TR 5 XL 91T,
Bonferronitt & AW THIET H. SEIIHEKZ L
TN TY RAD ALY, FOMAEDLEEE X
LT, HEAKUEE 0.1%/4Co EMIET S, MEDFIE
WZBE L CIESCHR (6) 5B T L.

5 HBRLEER

FHOT VT Y XLEN DIPDINT A—HFRETHE
AT LT/, 155172 B ABEEE D 100[EI15-4T o dufil
I+ Table 1 Z®JIE(7X Table 2272 ~7=. £T2N L&
% D1 2N-minima, Alp. I Alpine, Lev. !X Levy, Rast.
I% Rastrigin, Rosi% RosenbroclOl#:Td 5. Table
2 DIEFLITEAR DIl A & L2 LZNERZ T, [ CAED
BAE, B OEH L 7> Tn D, 72 & 21F Table 20
2N DFIIZ L 3NN S EH DN, FE LA E2HD,
(1+2+3+4+45)/5=3.0L 725> C\5%. DEII/ T A—
A OFENELTHIE, FOMBETHLRWEREHT
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Table 1: Median of algorithms with 20,000 function calls

2N T Alp. | Lev.| Rast. Ros.
DEF =05C, =05 -3916.6| 73.0| 36.3| 449.6 80.9
DEF =05C, =0.7 -3914.9| 49.1| 28.2| 430.1 134.2
DEF =0.5C; =0.9 -3640.0| 13.3| 15.0| 197.5 3076.3
DEF =0.7,C, =05 -2199.8| 945| 77.1| 554.9| 10319.4
DEF =0.7,C, =07 -3121.8| 96.1| 76.7 | 540.6 4511.7
DEF =0.7,C; = 0.9 -3875.5| 57.9| 35.9| 470.7 480.4

DEF =0.9C, =05
DEF =0.9C, =0.7

1843.3| 97.8| 101.2| 638.3| 119372.5
2667.2| 102.7 | 113.2| 670.8| 134169.5

DEF =0.9C; =0.9 -3226.7| 99.2| 62.3| 514.6 6107.6
DSPa=1.0,c=0.25 -421.6| 34.0| 69.5| 393.8| 23244.1
DSPa=1.0,c=0.50 -3506.6| 21.7| 26.1| 267.2 271.2

DSPa=1.0,c=0.75
DSPa=1.25,c=0.25
DSPa=1.25,c=0.50
DSPa=1.25,c=0.75
DSPa=0.75,c=0.25
DSPa = 0.75,c = 0.50
DSPa=0.75,c=0.75
DSF =05,0=05
DSF =05,0=0.7
DSF =0.5,0=09

-3916.6| 34.6| 24.9| 403.8 78.5
-1961.6| 32.0| 58.0| 362.5 7638.7
-3829.8| 20.7| 23.7| 274.6 110.2
-3916.6| 33.0| 25.8| 401.4 7.7
2263.1| 35.6| 104.8| 417.6| 67364.6
-2830.4| 22.7| 327 277.1 3348.6
-3916.6| 32.0| 25.4| 402.5 80.0
8909.9| 31.6 | 133.6| 457.4| 267536.0
-1691.8| 18.3| 34.7 | 423.2| 214442
-3916.6| 49.8| 39.6 | 424.0 81.8

DSF =0.7,0=05 506.4| 19.2| 43.7| 322.7| 58122.9
DSF =0.7,0=0.7 -3916.6| 42.7| 28.9| 414.8 268.7
DSF =0.7,0 =09 180.7| 83.3| 107.8| 554.7 2801.1
DSF =0.9,0=05 -3719.4| 34.9| 31.6| 435.7 1558.9
DSF =0.9,0=0.7 -3911.9| 74.5| 86.2| 484.7 115.4

DSF =0.9,0=09 8519.8| 97.9| 148.4| 689.7 | 210484.0

RIDEF =05,C, =05 || -3781.5| 30.5| 259 402.1 343.6
RIDEF =05,C, =0.7 || -3496.9| 17.7| 26.1| 339.8 1163.3
RIDEF =0.5,C; =0.9 -5623.7| 37.3| 36.8| 312.3| 27493.0
RIDEF =0.7,C; =05 || -3823.0| 32.3| 25.0| 404.7 271.7
RIDEF =0.7,C; =0.7 || -3597.9| 19.0| 25.8| 381.8 755.4
RIDEF =0.7,C; =0.9 || -1333.2| 31.4| 35.8| 289.0| 22873.3
RIDEF =0.9,C; =05 || -3850.9| 34.4| 26.7| 405.4 213.1
RIDEF =0.9,C, =0.7 || -3678.6| 24.1| 27.3| 387.3 507.1
RIDEF =09,C, =0.9 || -1773.5| 28.3| 37.4| 274.8| 16567.6

2, FOMOREORERNEL 2o TWND T EDNERE
na. =& ziX, F=05,C =09I28\TiZ Alpine,
Levy, RastriginT 1{i. & 72> T\ 573, 2N-minimalg%k
1% 1617, Rosenbrockd%kix 20fzL72>TWW5. F77,
2N-minimaPaE O MERE N FIAE 1AL 3.0 L 725 TN B /%
FA—H4 F =05,C, = 0528\ Tlx Rosenbrocks 4k
b 4N LE STV DAY, Alpine, Levy, RastriginT
BWIBNL L 72> TN DL AR IAEDNEN H> 5 K
9% &, RIDE & DSIIFF$ET 550372 <, DE & Hg
LTRWER LI -> T, RIDECEL Tidmo
T A Y XTI ORXIFE L MABEDE Tl -
TWHZEs, HEEBEOREIZL>TEY ROERR
Mo EEZX6ND. DSICBLTIE, /N7 A —F ek
Wiz F57-87- DSP»A a=1.25c=050D/3F X —#|Z
BWTC, EEO MBIV TAT AR FERE
HLTWAZ ERMRTE 5.

ZNENOT NI Y XAZBWTEERIZEI =78
T A=HZX, WO EEHEL & 22— Y 2T 1 7 70 i
FHeL+25L, DEIXF =05,C, = 0.9 BEZOAFHE
M 39 TPz E <, Rk DSPixa=1.25,c=05
DONEN. DG EHED 28, DSIZ F =0.7,0 = 0.7 DNEN.D
GFHE2 74, RIDEIX F = 05C, = 0.7 DJEN. DA EFF
N B4 L7go TN,

Zivs 4N G A K L2 s O P Fig. 1
~5 &b, B2EFETIE, BORTEREE R LE.
FOHRDFROVEED R IAE, D 23 75%, FHOT
M 25% 8, FEAMNDHNTWAROAEmIL, HoOFHE%
15f% L, Zo#HIcEENL K, b LITR/DDOA
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Table 2: Ranlof algorithms with 20,000 function calls

2N

Alp. | Lev. | Rast.| Ros. || sum| max
DEF =05,C, =05 3 28| 20 26 4 81| 28
DEF =05,C, =0.7 7 25| 13 24 8 77| 25
DEF =05,C, =0.9 16 1 1 1 20 39| 20
DEF =07,C, =05 23| 31| 29 33 25| 141] 33
DEF =07,C, =0.7 21| 32| 28 31 22 || 134| 32
DEF =07,C, =0.9 9 27| 19 28 14 97| 28
DEF =09,C, =05 32| 33| 31 34 33| 163| 34
DEF =09,C, =0.7 34| 36| 34 35 34 173| 36
DEF =09,C, =0.9 20| 35| 26 30 23 || 134| 35
DSPa=1.0,c=0.25 29 18| 27 13 29 || 116 | 29
DSPa=1.0,c=0.50 18 7 9 2 11 47 | 18
DSPa=1.0,c=0.75 3 20 3 17 2 45| 20
DSPa=1.25c=0.25 || 24 14| 25 10 24 97| 25
DSPa=1.25c=050 || 11 6 2 3 6 28| 11
DSPa=1.25,c=0.75 3 17 7 14 1 42| 17
DSPa=0.75c=025 || 33| 22| 32 21 32 || 140| 33
DSPa=0.75,c=0.50 || 22 8 16 5 21 72| 22
DSPa = 0.75,c=0.75 3 15 5 16 3 42| 16
DSF =0.5,0=05 36 13| 35 27 36 || 147| 36
DSF =0.5,0=0.7 26 3 17 22 27 95 | 27
DSF =0.5,0=09 3 26| 23 23 5 80| 26
DSF =0.7,0=05 31 5 24 8 31 99| 31
DSF =0.7,0=0.7 6 24| 14 20 10 74| 24
DSF =0.7,0=09 30| 30| 33 32 19 || 144| 33
DSF =0.9,0=05 14| 21| 15 25 18 93| 25
DSF =0.9,0=0.7 8 29| 30 29 71 103| 30
DSF =0.9,0=0.9 35| 34| 36 36 35| 176 | 36
RIDEF =05,C, =05 || 13 11 8 15 13 60| 15
RIDEF =05,C, =0.7 || 19 2 10 9 17 57| 19
RIDEF =05,C, =09 28| 23| 21 7 30 (| 109| 30
RIDEF =0.7,C; =05 || 12 16 4 18 12 62| 18
RIDEF =0.7,C;, =0.7 || 17 4 6 11 16 54| 17
RIDEF =0.7,C; =09 || 27 12| 18 6 28 91| 28
RIDEF =0.9,C; =05 || 10 19| 11 19 9 68| 19
RIDEF =0.9,C; =0.7 || 15 9 12 12 15 63| 15
RIDEF =0.9,C; =09 || 25 10| 22 4 26 87| 26

Table 4: Pairwise ranked Welch's t-test on four algorithms
for 50 dimensional Rotated Alpine func. with 20,000 func-

tion calls
[ algl [ alg2 [ tvalue [ P-value]
DE,F =0.5,C, =0.9 DSRa=125C, =050 || -17.93| 2.40e-43
DE,F =0.5,C, =0.9 DS,F=0.7,0=07 -24.37| 1.61e-61
DE,F =0.5,C, =0.9 RIDE,F =0.7,C, = 0.7 -5.76 | 3.81e-08
DSRa=125C, =050 | DS,F =0.7,0 =07 -24.37 | 1.61e-61
DSRa=125C, =050 | RIDE,F =0.7,C, =0.7 1.41 | 1.60e-01
DS,F=0.7,0 =07 RIDE,F =0.7,C, = 0.7 16.33 | 4.67e-38

Table 5:Pairwise ranked Welch’s t-test on four algorithms
for 50 dimensional Rotated Levy func. with 20,000 func-

tion calls
[ algl [ alg2 [ t-value [ P-value ]
DE,F =0.5,C, =0.9 DSRa=1.25,C, =050 || -16.10| 2.44e-37
DE,F =0.5,C, =0.9 DS,F=0.7,0 =07 -20.01| 5.61e-49
DE,F =0.5,C, =0.9 RIDE,F =0.7,C, = 0.7 -15.32 | 2.01e-35
DSRa=125C, =050 | DS,F =0.7,0 =0.7 -7.84 | 2.91e-13
DSRa=1.25,C, =050 | RIDE,F =0.7,C, = 0.7 -2.34 | 2.02e-02
DS,F=0.7,0 =07 RIDE,F =0.7,C, = 0.7 4.54 | 9.70e-06

Table 6:Pairwise ranked Welch’s t-test on four algorithms
for 50 dimensional Rotated Rastrigin func. with 20,000

function calls

[ algl [ alg2 [ t-value [ P-value]
DE,F =0.5.,C, =0.9 DSRa=1.25C, = 0.50 -4.74 | 4.69e-06
DE,F =0.5.,C, =0.9 DS,F=0.7,0=07 -10.52| 7.19e-20
DE,F =0.5,C, =0.9 RIDE,F =0.7,C, = 0.7 -7.23 | 1.62e-11
DSPRa=1.25C, =050 | DS,F =0.7,0 =0.7 -20.00 | 5.03e-49
DSPRa=1.25C, =050 | RIDE,F =0.7,C, =0.7 -9.55| 5.39%e-18
DS,F =0.7,0=07 RIDE,F =0.7,C, = 0.7 13.21 | 6.53e-29

Table 3:Pairwise ranked Welch’s t-test on four algorithms

for 50 dimensional Rotated¥2minima func. with 20,000

Table 7: Rirwise ranked Welch’s t-test on four algorithms
for 50 dimensional Rotated Rosenbrock func. with 20,000

function calls
[ algl

alg2 [ t-value [ P-value ]

function calls

[ algl [ alg2 | tvalue [ P-value |
DE,F =05,C, =0.9 DSRa=1.25C, =0.50 9.20 | 5.66e-17
DE,F =05,C, =0.9 DS,F =0.7,0 = 0.7 22.05| 3.49e-55
DE,F =05,C, =0.9 RIDE,F =0.7,C, = 0.7 -2.59 | 1.02e-02
DSRa=125C, =050 | DS,F =0.7,0 = 0.7 3.78 | 2.16e-04
DSRa=125C, =0.50 | RIDE,F =0.7,C, = 0.7 -11.47 | 1.21e-23
DS,F =0.7,0 =07 RIDE,F =0.7,C, = 0.7 -23.80 | 6.36e-60
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A Study on Performance of the Small Population Search by Re-labeling
Differential Evolution for Combinatorial Optimization

«R. Funaki, H. Takano and J. Murata (Kyushu University)

Abstract— Authors proposed a new differential evolution (DE) technique called Re-labeling Differential
Evolution for combinatorial optimization. In combinatorial optimization problems, individuals are set of
integer values. However, these integer values (indices) are used to identify several different things, and
therefore irrelevant to features such as larger or smaller. In the case that DE solves combinatorial optimization
problems, indices which are assigned randomly affect DE performance because DE algorithm includes basic
arithmetic operations. Re-labeling DE re-assigns indices in order to give indices numerical features. DE
operations with difference vectors between individuals can find better solutions, therefore DE provides high
performance even under the conditions of small population searches. This paper shows that Re-labeling
DE can solves combinatorial problems efficiently under the condition of small population. Re-labeling DE is
compared with genetic algorithms in the performance when applied to route selection problems and traveling

salesman problems.

Key Words: Interactive Evolutionary Computation, Differential Evolution, Combinatorial Optimization,
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Table 1: The parameters in five test problems. D’
means length of solution arrays. A’ means the num-

ber of alleles.
__[D]A]

F1 |16 | 16
F2 | 17 | 17
F3 |21 )21
F4 |24 |24
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Jo0dodo GAODODOODODOOD100000
goobddooooooooooooooboboboboon
Table 300000000000 RLDEOOOOOO
O00OTable4dD GAOOOODOOOOOOOO
Table 3: The parameter settings of Re-labeling DE.

| | Crossover rate(%) | F [ G |

F1 80 0811
F2 30 0511
F3 30 0511
F4 30 0511

Table 4: The parameter settings of Re-labeling GA.
| | Crossover rate(%) | mutation rate(%) |

F1 50 1
F2 50 5
F3 50 5
F4 50 )

5 Oouooon

Fig. 4 - Fig. 2300000000 100200 300 400
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Table 2:

The degree of satisfaction in F1 problem.

1 2 3 4 5 6 7

the array element number

8 9 10 11 12 13 14 15 16

object1 | 6 96 11 20 51 42 38
object 2 | 63 2 43 74 29 65 64
object 3 | 74 44 9 67 61 49 42
object 4 | 85 52 96 6 22 91 39
object 5 | 64 81 8 22 0 72 61
object 6 | 87 83 22 58 39 1 13
object 7 | 59 57 88 95 65 15 4
object 8 | 86 53 88 78 23 97 67
object 9 | 48 61 98 56 65 70 98
object 10 | 66 45 52 19 30 68 96
object 11 | 68 93 81 47 65 70 19
object 12 | 44 85 82 52 44 25 68
object 13 | 49 16 51 33 94 28 28
object 14 | 36 40 56 26 91 42 67
object 15 | 90 17 80 79 71 21 24
object 16 | 15 68 71 76 50 77 99

68 27 97 38 61 62 32 72 75
62 95 15 89 17 59 78 20 69
32 43 64 47 93 11 61 36 55

OORLDE’O0 RLDEO O OO OO O O”best fitness”
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Abstract—  The basic concept of smart environment is to be aware of the context information re-
lated to environmental and human behavioral changes, and to provide appropriate services accord-
ingly. To obtain the context information, people often use video cameras, microphones, and other

devices. These devices, however, may cause privacy problem, and cannot be used in many situa-
tions. In this paper, we study human behavior identification based on network of simple sensors

(NSSBI. The sensor used are just Zigbee infrared sensors, temperature sensors, and humidity sensors.

We ¢

_show through experiments that using these simple sensors it is possible to identi
havior patterns such as out-door, sleeping, and so on; without identifying the subjects.

several be-
esults given

here will be useful for designing smart homes, smart office, and so on.

Key Words:

1 Introduction

Smart space (e.g. smart home, smart office and smart su-
per-market) is a hot research topic in recent years. In a
smart space, many devices are usually combined together to
form a monitoring system. This monitoring system can pro-
vide different information related to the environment and
the users. Based on the information, a server can understand
the current situation of the space (region of interests), and
provide appropriate services.

Chan et al pointed out that in smart space related research,
it is necessary to take into account the legal and ethical is-
sues [1]. In order to effectively obtain environmental data,
cameras, microphones, and different sensors, are commonly
used. Cameras can collect a large amount of environmental
data, but usually have a high cost for data analysis, and pri-
vacy is a great issue. Microphones can also collect envi-
ronmental data, but some important conversation infor-
mation can be leaked to some 3rd party. Simple sensors like
infrared sensor, motion sensor, temperature, etc., can collect
very limited data, and from these data it is usually difficult
to identify the privacy of the users. Thus, monitoring sys-
tems based on network of simple sensors are considered
more important in modern societies.

In this study, we deployed some Zigbee sensors in a typ-
ical Japanese style separate house, and collected data from
each room. This time, we just used two types of sensors,
namely infrared sensor (or human detection sensor) and
temperature/humidity sensor. In this paper, we report analy-
sis results obtained based on the single infrared sensor of
each room. Analysis results of the whole monitoring system
(network) will be reported later.

Note that due to different environment noises, sensor re-
sponses for different people can be different even if their
activities are the same. Even for the same person, the sensor
responses can be different when he/she does the same thing
in different time intervals. To identify user activities in a
more robust way, we use fuzzy logic in this paper, so that
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noises can be compensated in the inference process. We try
to identify four types of activities of a user, namely high
(density) activity (HA), static activity (SA), sleep (S), and
outdoor (O). According to the results obtained based on
single sensor data of each room, the correct identification
rate is 81.1%.

The rest of the paper is organized as follows. Section 1l
provides a brief review of fuzzy logic and some preliminar-
ies related to this research; Section Il introduces the analy-
sis method in detail; Section IV shows the experimental re-
sults; and Section V is the conclusion of this study.

2 Related works

In natural environments, many things cannot be ex-
pressed clearly by languages. The concept young people is
an example. We cannot define the exact age of a young
people because this concept is person dependent. Thus, un-
certainties exist in natural environments. Zadeh proposed
fuzzy sets in 1965 2. Fuzzy sets use membership functions
to represent uncertain concepts. Fuzzy set theory and prob-
ability theory can be combined for information analysis
with uncertain and incomplete data ®. Zadeh proposed
fuzzy logic in 1973 9. Using fuzzy logic we can reason and
make decisions in a similar way to that of human.

Cool W Hot

X

Fig. 1: Concept of Fuzzy logic.
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Fig. 1 is an example of a fuzzy number (a special fuzzy
set). In this figure, the concept temperature is described us-
ing three linguistic values, namely, cold, warm and hot. The
y-axis is the degree of match (value of the membership
function). For example, when the observed room tempera-
ture is X (see the position of x in the figure), we may say
that the room is “warm.”

Mamdani et al use fuzzy logic to establish a fuzzy logic
control (FLC) system in 1975 % aFLC is shown in Fig 2.

Rule base

Inference

Input data :
engine

Fuzzification Defuzzification Output data

Fig. 2: FLC.

A FLC system contains the following components:

- Fuzzification: A fuzzifier to change the input data to
the corresponding membership function values;

- Rule base: A rule base containing many IF-THEN
rules;
Inference engine: An inference engine to make deci-
sions based on the rule base; and

- Defuzzification: A defuzzifier to change a fuzzy de-
cision into actual values.

A smart home can provide corresponding services based
on the user needs. In recent years, population aging in-
creases the demand for senior care related services. Authors
of ® pointed out that, although smart home is useful for
senior care, we must take into account the privacy issue.
Yang and Hsu have tried to use movement detector and ap-
pliance usage detector to monitor the environment for el-
derly people who are living alone. These two kinds of sen-
sors can detect activity patterns and abnormal activities .
Wang et al used sensors to record resident states of life, and
generated activity density map. According to the activity
density map, the server can understand the physical state of
the residents and send a message to the care provider where
there are some significant state changes ®. There are sensors
for obtaining environmental information. There are also
wearable sensors for obtaining patient’s physiological
changes. Using information obtained by these sensors,
medical staff can understand the physical condition of the
patients, and this can reduce hospitalization costs *.

How to effectively identify user activities is the core is-
sue of a smart home. Because the activities in different en-
vironments, times, and locations can generate different re-
sults, uncertainty exist in the activity recognition process. In
19 and ™ the authors used multiple sensors to recognize ac-
tivities in daily lives, but this may also disclose the privacy
of the residents easily. Rashidi et al proposed a system of
adaptive smart home "CASAS" using data mining to find
activity patterns and produce the corresponding decision 2.
Because the existence of uncertainties, Hong et al used
Dempster—Shafer theory of evidence (DS theory) to quanti-
g the uncertainty of the data to identify the daily activities
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In ¥ the residents are assumed to accept sensor moni-
toring. For cameras monitoring, however, this assumption
may not be true. We should use simple sensors to collect
data to reduce resident’s privacy issues. Using simple sen-
sors, however, will increase the uncertainty. To solve this
problem, we use fuzzy logic so that activity identification
can be performed via human-like reasoning based on un-
certain data.

3 Research Methods

Different environments and time easily affect the activi-
ties of residents. We do not know at which time residents
will execute what activities. But after a long period of ob-
servations, we may learn and identify some regular activi-
ties, and detect these activities easily based on time infor-
mation. That is, we may use a weight to specify the possi-
bility of an activity to appear at a certain time. Specifically,
the weights are defined as follows:

AWyctivity ={WL, W2, Ws....,Wiaa}

activityi @

all _activitys

And the values are given in Table 1. AW is composed of
144 time point (10 minutes); wais weight in the i-th time
point; activityi is single activity in the i-th time point of
number of occurrences; all _activityi 1S all activity in
the i-th time point of number of occurrences.

Table 1 Activity Weights (AW).
Activity\Time 1 2 3 144
AW, 0.071 | 0.071 | 0.071 0.071
AW 0.571 | 0571 | 0.571 0.428
AW, 0.285 | 0.285 | 0.285 0.428
AWy, | 0071|0071 ] 0071 0.071

Because human cannot describe the degree of an activity
exactly, we use fuzzy logic to transform the activity degree
(AD) into four levels: very low, low, high, and very high. In
the way, we can transform the activity variation degree
(AVD) divided into 3 levels: Minus, Constant and Plus.

The Infrared Sensors (IS) data have only two states 1 and
0. The sensor output is 1 when an activity is detected; and 0
otherwise. If there is nobody in the room, IS sends one out-
put in 10 seconds (or 6 outputs in one minute). If there is
someone in the room, the IS may send an output in less than
10 seconds (or more than 6 outputs per minute). To stabilize
the results, we use the AD value observed in 10 minutes,
and this is defined as follows:

>t

> (tf; + ntf,)

Where AD; is the AD at the i-th time point; tf; is the
number of trigger-on of the IS between the (i-1)-th and the
i-th time points, and ntf; is the number of trigger-off in
the same time period.

@

AD, =
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In our daily lives, our activities are usually continuous.
There exists some connection between one activity and an-
other. Thus, to identify the activities more accurately, we
should also consider the correlation between activates. A
simple way is to approximate the AVD using a line given as
follows:

yn = ﬂl + nﬁ2 (3)

Where B, and (3, are parameters of the line, and can be
optimized using the least squires method. The parameter 3,
can be used as the AVD. In the experiments, we used 6 AD
values to find the line, and the error to minimize is given as
follows:

5
error=> (AD,, — 4, —(n-1)5,)* (@
i=0
The above defined AD and AVD are used as the input
data of the FLC. Fig 3 and 4 are the membership functions
of AD and AVD, respectively. According to the member-
ship functions, we can be define 12 rules for reasoning, Ta-
ble 2 is the rule table. We use gravity method to calculate
the four kind’s activities degree of similarity. Results of In-
ference multiplied with AW are then used to find the find
output, which is the position of the maximum value of the
four results.
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AD
Fig. 3: AD membership functions.

Minus Constant Plus

B o = =)

Degree of membership

[ [

-0.4  -03 -0.2 -0.1 3.0 4.0

AVD

Fig. 4: AVD membership functions.

4 Experimental results

Experimental environment is a typical Japanese style
separate house. There are 6 residents, but one did not par-
ticipate in the experiment. This experiment used Zigbee
sensors for data collection. An IS was installed in each
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room except one. Experimental environment shown in Fig-
ure 5. The data collected two weeks, the first week as a sta-
tistical use, the second week as the test data, Results in Ta-
ble 3.

In this study, activity identification accuracy is 81.1% in
average. According FLC output, S and O are the most dif-
ficult activities for identification. The reason might be that
for sleeping, the AD is usually 0, which is similar to that for
out-door. We can use the weights (AW defined earlier) to
correct the false results in normal days. For some resident,
the activity identification rate can as high as 95.1%.

AW is based on a week's activity record (Including two
holidays). Residents are generally at home in holidays. Thus,
using the weight can increase the identification rate for
normal days, but cannot improve the performance in holi-
days.

=

Residents
D) 1 Resident 6 I

Fig. 5: Experimental environment.

[[JTemperature and humidity sensor

2F

") Coordinator

Table 2: Fuzzy rules for the proposed system.

AVD\AD Activity \AD | VL | L | H | VH

0]

S

Minus
SA

HA

Constant

SA
HA

Plus
SA

rlIZ( || |Rl DRI (ZT
rlr|lT|Ic|rir|lzir|rZllZ
lIT|Ir|c|ZIT|IZ|C |2
T|IZ<|rfr|zx|Z ||| |

HA

5 Conclusion

We propose a method using a simple sensor network
based on fuzzy logic identification activities. In this method
AD and AVD are first calculated and then used to make a
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decision based on fuzzy rules. According to records of ac-
tual activities, we also defined the weights to improve the
performance for normal days. In average, the system based
on AD, AVD and AW can identify the activities quite well,
and the identification rate is 81.1%.

6 Future Works

AW easily for non-regular activities recognition errors.
Therefore, AW will be amended to improve the non-regular
activities recognition. This experiment Have using other
sensors, but not using the present method. In the future
works will be using other sensor data and expansion four
kinds of activities. Let the system identify more activities.

Table 3: Activity recognition rate,

el | No.2 | No3 | Noa | Nos | Nos
5/9 91.7% | 79.9% | 95.1% | 91.7% | 89.6%
5/10 42.4% | 81.9% | 66.7% | 56.3% | 76.4%
5/11 72.2% | 58.3% | 82.6% | 61.1% | 65.3%
5/12 77.8% | 58.3% | 90.3% | 91.0% | 81.3%
5/13 94.4% | 80.6% | 88.2% | 90.3% | 94.4%
5/14 92.4% | 81.9% | 93.1% | 82.6% | 95.8%
5/15 92.4% | 82.6% | 90.3% | 82.6% | 89.6%
Mean | 80.5% | 74.8% | 86.6% | 79.4% | 84.6%
Overall 81.1%
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A dietary recommendation system based on recipe ontology

* Yu-Hsien Ting! and Qiangfu Zhao® (University of Aizu),

Rung-Ching Chen? (Chaoyang University of Technology)

Abstract— The improvement of medical technology has led to a longer life expectancy. However, unhealthy
diet, irregular life, work pressure and other factors, result in a number of diseases. Diabetes mellitus, peptic ul-
cer, and gastro-enteritis are just a few examples. To reduce these diseases, diet management is becoming an in-
dispensable part in our daily lives. The main purpose of this study is to build a diet management system that can
provide the users correct nutritional information based on a recipe ontology. In this paper, we first construct a
recipe ontology that defines various food nutrients needed for healing some common diseases. We then con-
struct an inference engine that can, given the user's health conditions as well as his/her preferences, recommend
a proper menu in each day based on the recipe ontology.

Key Words: Recipe, Ontology, Dietary recommendation

1 Introduction

With the advance of medical science and technology; in-
crease in personal income; and improvement in living
standards, our life span has been increased significantly.
However, unhealthy diet, irregular life style, work pressure
and other factors, can result in a number of diseases. Diabe-
tes mellitus, Cardiovascular, peptic ulcer and gas-
tro-enteritis are just a few examples. In fact, people are now
spending more for medical care than ever before. According
to the Ministry of Health of Japan ¥, the prevalence of
these common diseases is increasing gradually, and the av-
erage ages of people suffering these diseases are decreasing.
In order to increase the quality of living and to reduce the
expenses for medical care, it is important to understand the
dietary type and suitable intake, and to avoid uneven or in-
appropriate diet.

The main purpose of health care is to achieve a balanced
and healthy diet in our daily lives, to reduce the chances to
visit hospitals. In recent years, diet management is becom-
ing an important topic, and is now an indispensable part of
our daily lives. The Ministry of Education of Japan is
building a Food Composition Database website ¥ that pro-
vides nutrients of food query. Using this website, users can
know the nutrients intake, and may make a balanced diet
each day. However, the website does not maintain
long-term personal diet records, and thus cannot provide
appropriate diet information for each user.

In this study, in order to provide better nutritional infor-
mation for each user, we propose a recipe ontology (RO)
which is built based on SPARQL Protocol and RDF Query
Language (SPARQL); and a dietary recommendation sys-
tem (DRS) based on the above RO and a JENA Semantic
Web Framework (JENA). Our design goal is to make this
DRS able to analyze whether a user has a balanced diet
based on the user's own situation, and recommend suitable
diet recipes for the user.

For users suffering from some diseases but in an early
stage, he/she can use the DSR system to find out the rela-
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tionship between diet and diseases, and the DSR system can
recommend suitable dietary plan based on the user’ s per-
sonal needs and preference.

2 Related work

Recipe recommendation has been an important topic for
many years. Generally speaking, recipe recommendation is
based on the user’s history record 121919, Geleijnse et al. ®
represented in a prototype of a personalized recipe advice
system, which can suggest recipes based on the user’s his-
tory, which includes past selection and nutrient intake.
From the history record, it is possible to know whether a
user’s diet or nutrients intake is balanced or not.

How to achieve health through diet is a relatively new
research topic. Chiu-Ming Hu ? built a recipe ontology
based on common food recipes and a food composition da-
tabase. Using this ontology, it is possible to establish nutri-
tional and food information related for recipe, provide nu-
trient information, and calculate nutrients intake and dietary
record. This approach only constructs the recipe and nutri-
ents ontology, and does not suggest to the users personal-
ized information, include influence of nutrients relationship
between recipes.

Lo et al.  proposed a method for finding the most suita-
ble types of dietary health therapy based on the user's own
dietary needs or expectations of suffering a certain disease.
This method allows users to reach a balanced and healthy
diet goal, and thus can be used to improve the user's own
dietary health care therapy. However, this method does not
record the user's diet status, and does not manage long-term
record of each user.

Su et al. ¥ designed a Diet-Aid web service based on
health screening data of Health Level Seven International
(HL7), according to the user's health status, given appropri-
ate dietary recommendations. In contract, this paper pro-
poses a personalized recipe based on availability of personal
nutritional needs, and have long-term record. However, this
approach has not present how to prevent the diseases of nu-
trients relationship between recipe.
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2.1 Ontology

In computer science and information science, an ontolo-
gy formally represents knowledge as a hierarchy of con-
cepts within a domain, using a shared vocabulary to denote
the types, properties and interrelationships of those concepts
1%, An ontology is a description (like a formal specification
of a program) of the concepts and relationships that can
formally exist for an agent or a community of agents. This
definition is consistent with the usage of ontology as set of
concept definitions, but more general 2V,

Ontologies are often equated with taxonomic hierar-
chies of classes, class definitions, and the subsumption rela-
tion, but ontologies need not be limited to these forms. On-
tologies are also not limited to conservative definitions, that
is, definitions in the traditional logic sense that only intro-
duce terminology and do not add any knowledge about the
world. To specify a conceptualization, one needs to state
axioms that do constrain the possible interpretations for the
defined terms 9.

Common components of ontologies include classes,
attributes, relations, individuals, rules and axioms. A class
can be defined as a concept. Attributes are properties of ob-
jects in a class. Some attributes can be used to describe rela-
tionships between individuals. Relations connect different
classes or individuals to each another. Instances are the
basic objects, and through properties connect to classes.

Rules use if-then sentences to describe the logical reasoning.

Axioms are specific logical assertions.

22 SPARQL

SPARQL is a recursive acronym for SPARQL Protocol
and RDF Query Language. SPARQL essentially consists of
a standard query language for retrieving and manipulating
data stored in Resource Description Framework format. It
was made a standard by the RDF Data Access Working
Group (DAWG) of the World Wide Web Consortium 19,
SPARQL queries hide the details of data management,
which reduces costs and increases robustness of data inte-
gration on the Web. “Trying to use the Semantic Web
without SPARQL is like trying to use a relational database
without SQL,” explained Tim Berners-Lee, W3C Director
N, Therefore, SPARQL has become an official W3C Rec-
ommendation.

SPARQL uses query SELECT to extract RDF/OWL re-
pository. It can also use the CONSTRUCT query to con-
struct a new triples from existing ones, so it is different
from the SQL. An SPARQL query example that models the
question "What are the capitals of all countries in Africa?"
is shown in Fig. 1.

PREFIX abc: <http://example.com/exampleOntologyd:
SELECT ?capital
WHERE {
?x abc:cityname ?capital ;
abec:isCapitalOf ?y .
¥ abcicountryname ?country ;

abc:isInContinent abc:Africa .

?country

Fig 1: SPARQL program example
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Variables are indicated by a "?" or "$" prefix. The data set
are bindings for ?capital and the ?country will be returned.
In the query, the prefix "abc" stands for
“http://example.com/exampleOntology#” 2%.

2.3 JENA

Jena is an open source Semantic Web framework for Ja-
va. It provides an API to extract data from and write to RDF
graphs. The graphs are represented as an abstract "model".
A model can be sourced with data from files, databases,
URLSs or a combination of these. Jena provides support for
OWL (Web Ontology Language). The framework has var-
ious internal reasoners and the Pellet reasoner (an open
source Java OWL-DL reasoner) can be set up to work in
Jena 9.

The Jena API fully implements the RDF specification.
The Jena Architecture is shown in Fig. 2.

>

(o)}
£ Ont Ont Ont
..g Model Resource Resource
o T
g |

8 Dataset Model Resource Resource
= |

S \ /

Dataset "
E Graph Graph Triple Node
o

Fig 2: Jena architecture *.

From the above figure we can know, the Graph layer is
the base layer; is a SPI (Service Provider Interface), but if
you want to use this product, must to extend support of Jena.
The Model layer is creating a triple, and is an API (Applica-
tion Provider Interface). That most developers should use to
leverage Jena support in a business application in Model
layer. The final layer is Ontology layer, and is an Inference
API. This layer is not the best performance, but it has the
smallest and trivial data sets.

Ontologies~

Nutritione e

" Health & Nuiritiort,

Databases-

+" Recipe Sources.

i Cookpad com« :

i | Matron-+ :
i dietrecipe.come E

Recipe-

0’@ .
) — “

Fig 3: Dietary recommended system architecture

3 Dietary Recommended System (DRS)

This study proposes a Dietary Recommended System that
can analyze whether a user has a balanced diet based on the
user's own situation, and recommend suitable diet recipes
for the user. This DRS can be used by different users and

PG0008/14/0000-0001 © 2014 SICE



each user can obtain his/her personal recommendations.
The system architecture diagram is shown in Fig. 3.

The recommendation process of the DSR system is di-
vided into five steps as follows:

(@) Recipe are extracted from two source websites 8
19, These websites only provide the specified
recipe.

(2) A Health and Nutrition database is built based on
data extracted from the Food Composition Da-
tabase (FCD) ® and source of Japan Preventive
Association of Life-style related Disease
(JPALD) ®. This database provides various nu-
trient, an adult intake nutrient needed in a day
and calculate the amount of nutrient to eat in one
meal.

3) The ontology is constructed from Recipe, FCD
and JPALD, and this ontology defines the rela-
tionship between recipe to nutrients and diseases.
The relationship not only provides recipe queries,
but also indicates a balanced diet of nutrients in-
take, and the way for prevention of life-
style-related disease V.

4) The recipe recommendation interface uses PHP,
HTML and MYSQL to construct a website. The
users, after sign-in, by providing some limited
personal information related to his/her reference
and health condition, can obtain better recom-
mendations. A long-term diet record is used to
manage the health status of each user.

(5) User's query is converted using ontology to
SPARQL queries, and this is used to query the
recipe ontology. The DSR then makes a recom-
mendation through JENA inference.

3.1 Knowledge Base in Ontology used Protégé

Protégé was developed by Stanford Center for Biomedi-
cal Informatics Research at the Stanford University School
of Medicine. Protégé is a free, open-source platform that
provides a growing user community with a suite of tools to
construct domain models and knowledge-based applications
with ontologies 7.

| © srognr - -
KL % 4 g
*
Mot =
-
Fang#T 4[|
f WhEEUTARN
o
\ ‘ - BbEEUHRRE
'
ey -
Lt Bl
W BV ERT

Fig 4: Schematic diagram of ontology relationships
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DSR knowledge base has three classes, recipe, food and
diseases as Fig. 4. The food classes are related with recipe
by “is part of”, and reversely recipe classes are related with
food by “ingredients”. The recipe and food are related to
disease classes via “prevent”, and reversely, the diseases are
related to recipe and food via “improve”.

In our system, foods are classified into 18 categories, ac-
cording to the Ministry of health that establishment based
on the Food Composition Database website. The food sub-
class attributes include weight and nutrition, and the attrib-
ute values for real instances.

3.2 Knowledge Base retrieve and recommended

The knowledge base retrieval recipes that matches the
user preferences, through user data given fit dietary rec-
ommended. In this study, using SPARQL and JENA meth-
ods provide users with personalized systems. The first to
load knowledge base, user’s personal data from the user
profile and dietary records. Then has used a series of
SPARQL queries to generate a personalized diet. Third,
used the results of SPARQL, through JENA rules to find
out the most suitable for the user's recommended recipes.
Fig. 5 shows the example of SPARQL.

"PREFIX recipe:<http://www.semanticweb.org/ontologies/2014/1/recipe#>"
"PREFIX rdf. < http://www.w3.0rg/1999/02/22-rdf-syntax-ns#>"

SELECT ?recipe WHERE {

?ype recipe:name ?recipe

Fig 5: A sample of SPARQL query

4 Implementation

DRS is built on Microsoft Windows Professional 7. The
system uses MySQL database to record user history. The
system server is Apache Server. PHP, HTML, and JavaS-
cript are used to construct the system website. Protégé is
used to develop the ontology, and the ontology is used
along with the Eclipse-based JENA.

| Index |
" o ‘ ‘ Nutents | | " Foud ‘ ‘ . L.D.E_J'ﬂ' ) | | Re%ated |
)\ Search | Recommend | | Signwp Sttes

Fig 6: DSR basic site structure

The DRS interface includes news, nutrients search, food
recommendation, login/sign up and related sites (Fig. 6). In
the News page, a “recipe of day” is posted for everyone.
Nutrients search page provides food nutrients from which
users can know how many nutrients they should obtain each

PG0008/14/0000-0001 © 2014 SICE



day. Food recommend page includes three sections, namely,
general, prevention diseases, and dieting. The user can
choose one to fit his/her current situation. Through signup
and checking some items, the users can get better dietary
advices and recommendations to fit their preferences. The
basic site structure of the DRS is shown in Fig. 6. The user
registration information is shown in Fig. 7.

5 Conclusion and Future Works

In this paper we have studied design of an ontolo-
gy-based dietary recommendation system (DRS) that can
analyze whether a user has a balanced diet based on the us-
er's own situation, and recommend suitable diet recipes for
the user. The DRS consists of a recipe ontology (RO) which
includes SPARQL Protocol and RDF Query Language
(SPARQL); and an inference engine based on JENA Se-
mantic Web Framework (JENA). The main purpose of this
study is to consider the personal health information and
give users different dietary recommendations, to improve
the user's physical condition. In order to provide the more
recipes, it is needed to collect a lot of recipes; improve the
website contents, extend website functionality; recommend
with high accuracy; increase SPARQL query ability; and
provide suitable JENA recommendation rules. We would
like to solve the problems step by step in the future.

IRecipe recommend

Mewes Mutricats Search Food Recommend

Fig 7: DRS user registration website
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Intelligent behaviors in a changing environment: Solutions to novel problems through

switching between trial-and-error and knowledge-based strategies

* T Ogawa (Kyoto University)

Abstract— When facing novel problems, humans and primates could seek appropriate problem solutions through
trial-and-error (TE) actions and observation of their outcomes. Once an individual has obtained the knowledge to
solve a problem, knowledge-based (KB) actions may be applied in a stereotypical manner to solve the problem.
Solutions can thus be based on switching of TE or KB strategies. We trained laboratory monkeys to perform a target-
tracking visual search task and examined the problem solution process. The present study provided behavioral and
neuronal evidence how the brain appropriately control the timing and manner of switching between TE and KB
strategies during the process of updating knowledge to solve a novel problem.
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Figure 1. Trial-and-error search vs. knowledge-based solution. Humans and animals

can flexibly adapt to a changing environment, typically by switching two types of strat-
egies (trial-and-error search vs. knowledge-based solution) conceptually analogous to
the exploration vs. exploitation strategies in the field of machine learning.
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A Reward B Block 1
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\ color
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Figure 2. Behavioral task and recording site. A. Schematic flow of the target-tracking visual search task. After fixating the fixation
spot for a while, a search array consisting of six differently colored elements was displayed. Because the monkey received no instruction
about the target color, they had to search for the target color through trial-and-error actions. B. Block design paradigm of color changes.
The target color was changed using a pseudo-randomized block design. A block consisted of 20-40 successful trials. C. Lateral view of
the monkey brain and recording site. Single-unit activity was recorded from the dorsal part of the premotor area (PMd).
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Figure 3. An example of experimental sessions and trial classification. The state of an
individual trial is shown as a function of the number of trials after a color change. Numbers
on the left side indicate block number and target color. The gray-level of each trial symbol

Trial number after a color change
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indicates the color that the subject selected in that trial. The trial-and-error (TE) phase in
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(open arrow) to the first successful trial (filled arrow). The knowledge-based (KB) phase i) 1 2 >OJ5s & YN

was defined as the interval from the trial following the first successful trial to the end of a

block.
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action time (SRT) between the TE and KB phases.
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Figure 5. Saccadic eye movements in the inevitable and self-induced
error trials. For clarity, the target position is aligned in the upward direc-
tion. Dark and light gray dots indicate the eye movement traces in the 1st
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Figure 6. Activity of an example neuron during the target-tracking visual search task. The activity in the ordinary successful

trials during the KB phase (black traces) and the error trials during the TE phase (gray traces) is illustrated aligned on the time of

fixation onset, eye onset, array onset, saccade onset, and the timing of the feedback signal presentation. This neuron discriminated
whether the currently used strategy was trial-and-error search (TE phase) or knowledge-based solution (KB phase) by the sustained

activity during the period from fixation onset to saccade onset.
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Figure 7. Activity of another example neuron during the target-tracking visual search task. This neuron didn’t signal the state

of the currently used strategy (trial-and-error search or knowledge-based solution). However, this neuron specifically discriminated

the inevitable-error trials from the other error trials (self-induced errors and trial and errors), and signaled the detection timing by

exhibiting a strong phasic activity after the feedback presentation.
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Figure 8. A state-transition diagram for possible neural mechanisms underlying flexible search strategy switching.
Two rectangles indicate the states of strategies (trial-and-error search or knowledge-based solution). Edges represent *‘tran-

sitions’” either between two states or within a state caused by inputs labeled on each edge.
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Analysis Method of Period Sensitivities in Rhythmic Phenomena

Y. Kuroe and *Y. Mori (Kyoto Institute of Technology)

Abstract— Sensitivity analysis is fundamental and essential in analysis and design in any system. This
paper discusses a method of sensitivity analysis of rhythmic phenomena which are found in various systems
such as physical systems, biological systems and human societies and so on. In particular we propose an
analysis method of period sensitivities in rhythmic phenomena. Analysis of period sensitivities is very difficult
because rhythms appear autonomously as periodic phenomena in nonlinear systems and only few studies have
been done. We first derive a strict expression of period sensitivities by introducing Poincaré map. Based on
the expression we derive an efficient computer algorithm to calculate period sensitivities. It is shown that the
proposed analysis method makes it possible to obtain period sensitivities of not only stable periodic orbits
but also unstable periodic orbits embedded in chaos attracters.

Key Words:

system, Poincaré map
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Table 1: Sensitivities for the periodic orbit of (23)
obtained by the proposed method and the true values
of sensitivities
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Fig. 1: A stable limit cycle of Rossler system (24)
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Table 2: Sensitivities of stable limit cycle obtained by
the proposed method and the difference method at X,

Proposed Difference method
method Ap; =0.01 | Ap; = 0.001
g—; —2.638838 | —2.618408 —2.636909
6673; 0.9919101 0.9716511 0.9899139
% 0.06447446 | 0.06432533 | 0.06437301
8;—;‘1’1 6.493772 6.227350 6.465912
8;;21 —6.387487 | —6.266880 —6.374836
8;—;;’1 1.612144 1.611233 1.612663
ag—;(f —11.57510 | —11.23933 —11.54023
8;;22 —1.174448 | —1.133287 —1.170218
8;—;22 —0.4977688 | —0.4974902 | —0.4978180
ag—;‘f 0.000000 0.000000 0.000000
8;;23 0.000000 0.000000 0.000000
ag—;‘f 0.000000 0.000000 0.000000

Table 3: Sensitivities of stable limit cycle obtained by
the proposed method at different Poincaré sections

Yo X e
T | —2.638838 | —2.638838 | —2.638841
ST170.9919101 | 0.9919102 | 0.9919108
JT170.06447446 | 0.06447446 | 0.06447455
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Table 4: Sensitivities of unstable limit cycle obtained
by the proposed method and difference method at ¥,

Proposed Difference method

method Ap; = 0.01 | Ap; =0.001
g | —1.553529 | —1.525259 | —1.550674
go | 05276283 | 0.5172253 | 0.5264282
g | 0.02702760 | 0.02698898 | 0.02717972
6;;21 0.000000 | 0.000000 0.000000
%;gl 0.000000 | 0.000000 0.000000
ag;gl 0.000000 | 0.000000 0.000000
%;f —5.348279 | —5.494094 | —5.363464
%;gz —6.395152 | —6.287170 | —6.383896
T;gz 1.1714784 | 1.169944 1.171350
8§;§3 39.59606 | 39.41660 39.57891
3;;33 —11.44922 | —11.14445 | —11.41787
Tt | 2247130 | 2243900 | 2246857

X3

Fig. 2: Chaos attracter of Rossler system (24)
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X3
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Fig. 3: An unstable limit cycle embedded in chaos
atracter of Fig. 2

Table 5: Sensitivities of unstable limit cycle obtained
by the proposed method at different Poincaré sections

Ya X Y
g—; —1.553529 | —1.553529 | —1.553528
g—g; 0.5276283 0.5276283 0.5276281
JT7170.02702760 | 0.02702762 | 0.02702765
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A Method to Solve an Ill-posed Problem in Networks Representing Constraints
«Hideaki Suzuki (NICT)

Abstract— Deductive inference and syntax analysis are formulated as an ill-posed problem in Petri-nets,
wherein we have to choose an appropriate subnet with consistent variable substitutions. For this problem,
the paper revises a token-based algorithm ELISE (ELiminating Inconsistency by SElection) by introducing
‘genome’ for a token, and shows experimentally that the revised algorithm can extract a solution subnet from
the redundant Petri-net if the solution subnet is not large. Future research agenda for tackling a problem of

extracting larger solution subnets is argued.

Key Words: Network, Token, Ill-posed problem
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Parameter Optimization for Autoassociative Memory Models by Using Evolutionary
Algorithms with Feasibilization Operation

ayay

RITAIE

«xK. Masuda (Kanagawa University)

Abstract— We propose new formulation of parameter optimization problems for autoassociative memory models and
their solution with the aid of evolutionary computation. In our conventional work, such models had been extended by
parametrizing particular elements in stages and the corresponding parameter optimization problems were finally formu-
lated as mixed-integer nonlinear programming (MILP) problems. However, they are hard to solve by using generic solvers
due to co-existence of many continuous and discrete decision variables. In this paper, we re-formulate them as continuous
global optimization problems to be directly solved by numerical optimization methods like evolutionary algorithms. To
handle some complicated constraints, we also propose to use the evolutionary algorithms with feasiblization operation
developed in our other work. Some numerical examples will be presented to examine the validity of formulation and the
effectiveness of numerical solution methods.

Key Words: autoassociative memories, artificial neural networks, nonlinear optimization, evolutionary computation,

constraint handling
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Fig. 1: N.N. representation of an autoassociative memory
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XD n, ZitHds &,
o=1, ;m=--=ws=0 (19a)
M =0275 M=--=ns=-0025 (19b)

£xD, py KUMIERECHEINTNS. S 5IC p;
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—FH, c=1/0 Bz @) ROEHETINEEZ,
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TRz RD B T ENTE . HEEO Nl
fiFl

& =1[0,0.2763,0.2237,0.3123,0.1877]”  (20a)

Xmax = [0.6483,0.9528,0.7840,0.9968,0.4313)”
(20b)

THO, *isd 5 HIBEEIEIZ f(€,Xmax) = 5.025 T
Hotz. 20) XDKERZHWzad#ET IV (21) KT
HZbns. E5IC,

0 =--=0ws=1
nm=--=ns=0.025

(22a)
(22b)

D, BTONX—UHEHICGEHINTWASZ &

Nohd. TOEEFIN S, TERTE - E— 7 BHEH

RERETIV) OFMAYE, BIUARRLDIRT A—2R

EREOER L DZ LN TN D SNz

4 ERETIVAEEOERLE RITULL
BEEZASEGTET7 IV XLDER
AFETIE, @) XD RILLIZETIV

w e RV*N . positive definite/semidefinite
6= meax

(23a)
(23b)

BEZD. INET, WhHZDTDITHEITHEH S2—
Y Piyes P i KO TIKE NAFUFM TSI (A
f1&) MzEZTWEDN, TOEZEERLT/IRTA—X
ftL, wk 6 Z#ERTH2EHHEZEDS. (23) XDE
THALBNZ W & 0 ZEGHEICRET T LI, #db5b
O H N SEEGTE TV BRE RElGEIRT 5 2 & 77
BT 5. £, TOXSITEINENTZET VO
EELUT, NEREZTCELETIVOEREZKRGT S
TLICEIDEMFENS.

4.1 {iTlE, w OMNFERIEE CEIEEEEEE L
TesT A—=2pueif@zeMb L, 4.2 fiTIdSITrlEE
(bS5 A LEH R 7))V T X L 725 U 7z Bdi]
R

OREUER S T2 FHL, 2RI (global best) ZHER A
THETZ2ET VML, /8T A—XFEIE w=0.729 (inertia
weight) , ¢; = ¢y = 1.49445 (cognitive and social parameters) & L7z.

"DE/rand/1/bin €T IVAEAL, /85 A—230E& F = 0.5 (scaling
factor) , CR=0.9 (crossoverrate) & L7z.
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41 RBEEDOEIRL
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%. NIt 8 w g N? [HOBEEEFFOH, Fht
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min{A,} >0 24)
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ABEDORETIE, EZED W & Xpax ICED> T
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Wi A2 B VK, 23) KoETFIVCTHT
%87 A—ZPEREZ, LUR O A2 B b

max f(wvxmax) = fl (W;xmax) +f2(wvxmax)

W, Xmax
+ 3 (W, Ximax) (25a)

subj. to  Eq. (24), max{|w,|} =wy,
Xmax € [0, 1]V (25b)

ELTERNET BT EMNTES. 12720, (25b) Kb
max{|w,|} = wo [FT75 W DELEDHMIHED R K2
wo ICTRE T 2 HALZRIETH D, wo > 0 IFIEERE
T 5.
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B LIRS OMENEMETH D, KT W DIEE
EE VSRS Z DA A2 - TR 9 2 ghEED
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IC TEATRTRE(LIEBEZ 1 5 | ELFTE T IV TY X L%
W= fiRid [16] D %% % %8,

SARMSCO TR, STk [16] Tld, — R hilfZE
& R LR miny £(x) subj. to g(x) <0, h(x) =0 ZfiE & &, fil
HIBEL g = h DIED ISR T N B 5B,
. %) FATAIREME (oI ARG EDREZFATS L
%) [ALOLRICBNTEHNBEE f BN, (
TTARBEMR LD IEIc BT flREE BIZE, px)
Y max{g(x),0} + 3, [hn(x)] DX S ICFHIIE N D) HDZA
fifk, %) FATAHEME & FATRERE & DLERIC BT IHA Tl RE
fig, ZFHRT 5K LT, BHFOMEGFIR Y IV T XLIC
Ko Tlg7z BT 8%
72 TiEL,
o HIFIBIEIC & > TH A SN2 IEMIEHEN 72K max{g(x),0} =
0, h(x) = 0 ZIEIEY LA —ZFINCHES C L 2B LT,
DOFATHREMZ D2 (px) DEZTRAD SV 2) #B1IE,
R EICHITT ZTTEDMERENT VS, fERE LT, RIS
B R FATAI LS B B 7D DYR, ZOBIIET e LT
HIBIEUAZ UG53 5720 (FFEMICHIFZE T 2 0H DR
ERMIDN%. (25) AOMETIE W OIEE ~EIEEEZED AL
END 212, TOXIBETENENTHS LR TN 5.
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G2 HiTRDIZETIV)

0.05 0.03123  —0.02237 —0.02763
0.03123 0.05 —0.00360 —0.00886
Wy = 1-0.02237 —0.00360 0.05 0
—0.02763 —0.00886 0 0.05
0.01877 0 0.00886 0.00360

6 = [0.025, 0.05623, 0.025, 0.025, 0.04377]”

42 fiTRDIZETIV B 1)

0.04971 0.01256  —0.01445 —0.00951
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42 8iTRDI=ETIV (i 2))
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EEE R,
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BTCONZ—YPIEHEICE#H SN TS, —/1, (26)
ROETIICHLT
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Q27) XDEF I LT
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FERICOVWTERT B L, £9 (25 RORENZEL
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ns DMEICIESDERR LN
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(21a)
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(26a)
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0.00380
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(27a)

(27b)

ZoO T, mifio 22b) REARH D (28), (29) Xzkt
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DRCHRENI N ED SN B AR Z RB L T\ 5. £z,
AW ORESEICEHT 5 L, (22a), (26a), (27a) 2D
ETICBWTRAROMED 0.05 1 (FIF) FLne
WO HREADDH D, FEEDEEBHBER—HRLT
W5, XZ KL OICDNTH, B3 T EH 4 7D
fED (FF) FLWiEOREMARMENS. - T,
FUBRRE I OB S MLE S T2 BTV, HBREOIED
MEEDMWEZ Bifd 5 & FRTRENTES.
—BIDBUEFRERD SRR 2  RE TR AW
W, ETIVHERZRERET S 7 Ta—FIic k- T, B
WCERBRETILMESE NS 2T TR, ToEREM
R ZlbIcAETENINOEHEZ5N%. TDXD
IIEWRERET L, SBOMIITIERT 22 EHNEEN
£9.

5 HbhYIC

AT, H MBS E ORI SREE IR %
CNETOMEZIRODIERD, Kk [8] 22k L LT
Wk [10] CIRE Lzl ET)V (TEAE - =08
BRI ET IV ) DT A—RPuEREOERbE /L
H L, BRSO 2 BN o b i 3 &
Wzt bxEiRPlz. 2 LT, EEFETILVI) XL
DORERTH % PSO XU DE ZifH LT, ZOfiE%
EHEINICHER T 5 T & ZnlREIC Uz, Bk 7z LT
#irzlmE b Y AR LT,

PG0008/14/0000-0001 © 2014 SICE



5L, HETIVOEREZETINTA—2{LLT
HHHEZ @S, T7 VAR H % Bk CRsIc RS
LZHELIRE L. TR, floE (EE ~EE
B 1B 2 HIRISEE 2 S o bR E 2 g TS
FTA—=RENET B ehRDEND T8, FEITA[HE
LB ZES | PSO *® DE % W = ik O FH 7 it 7
7o, BUEFEBNC X > T, TOEIICHIEL3T A—
ZGE M D Fpi iR N 2 4 B 7 B s % T &
RUTz. Tz, TTIVORGEDRH & al8shE 1 DRI
BENH % T LR RBd SR B 5N

Sk, KRHUR « MR RC BTN DHEY O A 2kt d
53, BUEFEZERTHEONIZMAZEML, ¥
L2 - WIBRRY - TERZEREIRZE 5 2, HICHE &R
BETIVORFE, BIUEHA N =X LOREMN
itz Hfg L7z0o.

SHEE
AWIZEE, HAAARESR A B MBe (5Tt
7% (B), mRfE#S 25870839) OBIKEZII =D TT.

BEH

1) J. A. Anderson: “A simple Neural Network Generating an
Interactive Memory”, Mathematical Biosciences, Vol. 14,
pp- 197-220, 1972.

2) T. Kohonen: “Correlation Matrix Memories”, IEEE Trans.
Computers, Vol. C-21, No. 4, pp. 353-359, 1972.

3) K. Nakano: “Associatron — A Model of Associative Mem-
ory”, IEEE Trans. Systems, Man, and Cybernetics, Vol.
SMC-2, No. 3, pp. 380-388, 1972.

J.J. Hopfield: “Neural Networks and Physical Systems with
Emergent Collective Computational Abilities”, Proc. Natl.
Acad. Sci. USA, Vol. 79, pp. 2554-2558, 1982.

5) BB, HESORRE @ DEARGUREE 7V O A A4 A REE
& Z OFFGHEAEEADIGH ), H20 ATV x v
F Y27 L 2 URYY L (FAN 2010) i HE,
A SCFS S1-4-1, 2010.

4)

5
2014 7 1 -2

49

6) K. Masuda and E. Aiyoshi: “On the Memorization Accu-
racy of Autoassociative Memory Models”, Proc. SICE An-
nual Conference 2011 (SICE 2011), pp. 530-536, 2011.

7)E#Y$,%Emwtﬁﬁﬁzﬁaaﬁﬁﬁﬁwﬁﬁﬁ
L&E%&LKLM£%A&—V®%ﬁ$ﬁ&J,ﬁﬂ
HENHEI A S AT L« AP AN 2 s i S R
2011 (SSI2011) A EE, pp. 161-166, 2011.

8) K. Masuda, B. Fukui and K. Kurihara: “A Weighting Ap-
proach for Autoassociative Memories to Improve Accuracy
in Memorization”, Proc. 2012 IEEE World Congress on
Computational Intelligence (WCCI 2012), pp. 3021-3027,
2012.

9) K. Masuda, B. Fukui and K. Kurihara: “A Weighting
Approach for Autoassociative Memories to Maximize the
Number of Correctly Stored Patterns”, Proc. SICE Annual
Conference 2012 (SICE 2012), pp. 1520-1524, 2012.

HEFHAIE, ZEESR— | T E CARBEARRC I ORCRAEE ) 2
5% BN Z AT TIL & 2 DR ENER IR T, 5B
DEAYTII Y s VAT L VRV T L (FAN
2012) FfEHGSCER, BT 1A-1-2, 2012.

AR, SEEGEE= T CAHB AR RIS NS 2 AT
%;E—bgﬁﬂ£%?7w®ﬁﬂ CIEd B L ET
FHEEHIE A2 S AT I ¢ SRS 2012 o6
THACEE, pp. 408-413, 2012.

R. C. Eberhart and J. Kennedy: “A New Optimizer Using
Particle Swarm Theory”, Proc. Sixth Symp. Micro Machine
and Human Science, pp. 39-43, 1995.

13) J. Kennedy and R. C. Eberhart: “Particle Swarm Optimiza-
tion”, Proc. 1995 IEEE Int. Conf. on Neural Networks, Vol.
TV, pp. 1942-1948, 1995.

14) K. Price and R. Storn: “Differential Evolution”, Dr: Dobb’s
Journal, April 97, pp. 18-24, 1997.

15) R. Storn and K. Price: “Differential Evolution — a Simple
and Efficient Heuristic for Global Optimization over Con-
tinuous Spaces”, Journal of Global Optimization, Vol. 11,
No. 4, pp. 341 359 1997.

16) HHAIN © [ FA7rl eI R 2 fAOA A TEE

UXkaéﬁﬁ*#H%mﬁmiﬁj
Iﬁc Vol. 134, No.9 (BR7E) , 2014.

10)

11)

12)

ﬂ:d‘%/ %

ERF R

PG0008/14/0000-0001 © 2014 SICE



TILFRARVZER=-21 -SSRy rcT—H0D

B A XA REHEFE
Ofemiya] M BEE Gl TERE)

Neural Network Size Estimation for Multi-task Learning
* A. Shibata, F. Dong, and K. Hirota (Tokyo Institute of Technology)

Abstract—

A neural network size estimation method for multi-task learning is proposed by clustering neu-

rons into tasks. It clarifies a neural network design criteria and finds a suitable network structure in low compu-
tational cost. In experiments using MNIST data base, extra neurons are estimated by its position on the cluster,
and a number of input data set related to the specific task is also detected by its variance on the cluster. The
proposal aims to generate a neural network in optimal size structure.

Key Words:
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2. Za—AYMYFRE) VT LEERETFE

21 Za—AVOBBARY FI7—995R5) V5

Z=a—F )Xy bU—7 NEOE & i & D%
T EITH 720, KEO=2—u L BOMAE MR % 7
FET LV 2RITT2—7 U v RZER EICERT S
(Fig.1).
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Fig. 1: 2D Euclidian representation
of each layer in a neural network
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0 D2D2—7 U RZEH B ko, otk
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3. EBEERAEARVIZEITS
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Fig. 2: 10 number image examples in MNIST dataset
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Fig. 3: Euclidean positions of neurons
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Analysis on Parameter Sensitivity of the Simplest
Self-Organizing Classifiers

Danilo V. Vargas, Hirotaka Katano and Junichi Murata (Kyushu University)

Abstract— Self-organizing classifiers (SOC) were able to solve very difficult problems not solved yet by
any other learning classifier systems. However, nothing has been stated about their parameter sensitivity.
Experiments show that SOC is only slightly affected by changes in the discount factor. Moreover, when
keeping the same number of individuals, experiments show that there is a trade-off between accuracy and

learning time when changing the granularity.

Key Words: Self Organizing Classifiers, Parameter Sensitivity, Learning Classifier Systems.

1 Introduction

Learning Classifier Systems (LCS) have been de-
veloped for quite some time. They are methods in-
spired by evolution which use a population of individ-
uals (solutions) which cooperate and compete with
each other © 3. Their applications range from un-
supervised learning ® to supervised learning and re-
inforcement learning problems. Different from most
reinforcement learning algorithms, however, LCS al-
gorithms do not use state-action look-up tables to pre-
dict payoff. To solve RL problems, LCS systems use
a set of individuals with condition-action-prediction
rules, i.e., solving the problem with piecewise approx-
imations 2.

Recently, a new family of LCS called Self-
Organizing Classifiers (SOC) were proposed. They
are evolutionary machine learning methods with a
structured population which were applied to complex
continuous input - continuous output mazes (some of
them changed in form and size throughout time), su-
pervised learning, pole balancing and mountain car
problems % 7). In fact, they were the only LCS able
to solve complex continuous input - continuous output
mazes.

However, nothing has been said about the param-
eter sensitivity of SOC’s systems. Here we test the
sensitivity of the Simplest Self-Organizing Classifier 2
to variations in the discount factor and state granu-
larity (input partition). Tests were made in complex
mazes with relatively big and normal sizes. The im-
portance of having an algorithm that is not sensitive
to the parameters comes from problems where, for ex-
ample, strong changes happen from time to time and
therefore it is necessary for the chosen parameters to
still enable the algorithm to work. The sensitivity of
an algorithm also reflects how easy it is to select a
good setting of parameters for it, therefore it is re-
lated with the easy of use of the algorithm.

2 Simplest Self-Organizing Classifier

Simplest Self-Organizing Classifier 2 (SSOC2) uses
a parameterless Self-Organizing Map (SOM) struc-
tured population. Therefore, the individuals are or-
ganized inside the cells of parameterless SOM.

Figure 2 display the SSOC2’s structure. The
schematic of SSOC2 is shown in Figure 1. In the
schematic one can see the input array being received
by the parameterless SOM. The cell with the weights
closest to the input win the competition and a random
individual from inside this cell’s subpopulation goes
to the action set. Subsequently, this individual acts
on the environment and its fitness is used to update
the individual which acted in the previous cycle.
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This procedure will be explained in details in the
following subsections. Before explaining its details,
both the parameterless SOM and the fitness scheme
will be explained.

2.1 Parameterless Self-Organizing Map

Parameterless SOM is an algorithm capable of cre-
ating a projection of the possibly higher dimensional

input into lower n-dimensional space ). One of its ad-
vantages over other SOM algorithms is the ability to
continue learning when relatively novel input is given.
It also preserves the topological relationship of the in-
put in the constructed map as most of the SOM based
methods do.

For every input x the grid of weights w; compete for
it (the closest weight wins the competition, i.e., the
weight having minimum ||z —w;||). After the winning
cell is decided, all cells in the grid are updated by:

Aw;(t) = €(t)hi{z(t) — wi(t)} (1)
wi(t + 1) = wl(t) + sz(t) (2)

where Aw;(t) is the weight update in the current it-
eration ¢, € is the learning rate and h; . is the neigh-
borhood function. x and w; are respectively the input
array and the weight of a given cell ¢ when the win-
ning cell index is ¢. The learning rate € is defined

r(0) = [|2(0) — we(0)]] 3)
r(t) = max([[z(t) — we(@)|],r(t = 1)) (4)
[|2(t) = we(®)]]

e(t) = 12l (5)

where w, is the SOM winning cell’s weight array. By
considering dist(i,c) the distance between cell ¢ and
the winner cell ¢, the following equation holds true:

@(6(t)) = G(t)emazy @(ﬁ(t)) > Omin (6)
hi,c = 6%7 (7)

where 0,4, and 0,,;, are respectively the maximum
and minimum of ©(e(t)). In this article, 4, equals
to the SOM’s area (width multiplied by the height of
the grid) and 6,,;, = 1 are used. This SOM is classi-
fied as parameterless because the € is derived from the
current sample’s novelty and not some decaying learn-
ing function (the case for the original SOM). Conse-
quently, the parameterless SOM can still learn after
a very long time has passed, provided that the input
is novel enough. This characteristic is of great impor-
spance for adaptive algorithms.
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2.2 Fitness

The fitness of every individual which acts on the
environment has its fitness updated by the Widrow-

Hoff rule 9): )
F=F+nF-F), (8)
where 7 is the learning rate, F' is the current fitness

and F' is a new fitness estimate. The new fitness es-
timate is given by a Q-learning based reinforcement
scheme. Therefore, given an arbitrary classifier ¢ ac-
tivated at its SOM’s cell cell, the fitness estimate of
the pair (cell,c) which were activated at time ¢t — 1 is
given by:

F(e,cell)y—y = Ry_1 +~ max {F(c, cell’)},

c’ ecell’

(9)

where R is the reward received, ~ is the discount-
factor, ma>l<l{F(t)} is the maximum fitness inside the
cece

activated cell cell’ at the current cycle t and ¢ is a
classifier which has the current highest fitness in cell’.
Notice that with this rule the individual is updated
only for the given cell even if the individual is present
insother cells.
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2.3 Procedure

In SSOC2, classifiers code directly the action by an
array of real numbers, i.e., the model is an array of
real numbers representing the output.

Each subpopulation is inside a cell of the param-
eterless SOM. The SOM population has two groups
of individuals inside its subpopulation: best individu-
als and novel individuals. Best and novel individuals
have a fixed size of 8 and v respectively. The initial
population does not have any classifiers. Classifiers
are created when the respective cell wins the compe-
tition inside the SOM.

The next subsection details how the Evolution hap-
pens.

2.4 Evolution

The evolutionary algorithm is called locally in each
cell when the cell’s experience is greater than 1S (ev-
ery cycle a cell’s individual acts, this cell has its ex-
perience counter increased). S is the number of sub-
population individuals (novel plus best individuals)
present on each cell and parameter ¢ defines an expe-
rience per individual, above which they should have

san accurate fitness evaluation. Flagosxpasteneeiof e sice



Table 1: SSOC2’s Cycle

When an input is received by the system, start a cy-
cle (exploration cycle if the past was an exploitation
cycle and vice-versa):

1. The SOM population is activated on the input.
(a) The cell’s weight array which is closest to
the received input wins the competition.

(b) Inside the winning cell, a random individ-
ual is chosen either from the novel group
or from the best group (depending if it is
an exploration or exploitation cycle).

(¢) The cell’s weight array of the SOM popu-
lation is updated by the SOM algorithm.

(d) Return the chosen individual.
2. The chosen individual acts on the system.

3. Update the fitness of the individual that acted
in the previous cycle.

4. Check if the evolutionary algorithm (EA) should
be called. If positive, execute the EA.

cell is reset after the evolution has been applied.

The evolution procedure consists of first sorting the
individuals of the given cell according to their fitness.
Subsequently, the current best £ individuals substi-
tute the previous best individuals, discarding the re-
maining individuals. v novel individuals are created
using one of the following (with equal chance of hap-

pening):

1. Indexing - A copy from (index to) a randomly
selected individual of the entire population;

2. Reproduction - Result from applying the differ-
ential evolution operator (the three vectors of the
mutant vector comes from the SOM’s entire pop-

ulation of individuals) ¥.

3 Experiments

When not specified otherwise the parameters
present in Table 2 were used. The experiment will
be conducted by, at every trial, starting the agent
at a random position in the environment. Naturally,
starting inside a wall is not possible. Reaching the
goal would give the agent a reward of 1000, hitting
an obstacle would return —20 and any other action
would return —10. Additionally, agents can not move
more than 1.0 in any direction. The collision system
is simple, if an agent tries to move inside a wall, the
system detects the infraction, sets the agent in the
previous position and returns the reward. In other
words, an agent constantly hitting the wall will not
move at all, making the simple collision system even
harder than a real system. However, an agent that
hits the limits of a maze will have its final position
limited by the environment. Therefore, it is possible
to move sideways when hitting the limit of the envi-
ronment. All results ploted are an average over 20
trials.

Figures 3 and 4 show respectively the performance
and behavior of SSOC2 on a big continuous input-
continuous output maze for four variations of the dis-
count factor. This maze is very complex (both be-
cause of its size and form) therefore it is not known
of other LCS algorithms which can solve this prob-
lem. Even though, the performance does not change
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so abruptly. Notice that the reason of the decrease
in the performance can be understood by observing
the behavior of the agent on the maze. The behavior
of places more distant of the objective start to have
poor behavior as the distant factor decreases. This
is easily understandable when the Q-learning based
function is taken into account. Because the discount
factor means how exponentially fast a function value
decreases. Lastly, the 0.999 may arrive at a good
result, but the learning time makes it not specially
useful. This happens also as a derivation of the rein-
forcement function, but here the discount factor make
state-action values too close to each other, creating
plateaus which confuse the algorithm.

A similar result is shown in Figures 5 and 6. This
time the maze is smaller and therefore the decrease
in performance is interestingly small, demonstrating
that the algorithm is not sensitive to changes in the
discount factor.

The discount factor is a SSCO2’s parameter because
it is a consequence from choosing a Q-learning based
fitness function. Therefore, this designing choice adds
one parameter which has a complicated trade-off:
high values make samples more similar to each other
and thus make it difficult to evaluate which state is
better, low values make the fitness decrease too fast
and therefore multi-step problems which require many
steps may have a poor fitness spreading (the fitness
will decay to zero before the end of steps). Thus, al-
though SSOC2 can still work and give near optimal
performances for a given range of discount factor val-
ues, the sensitivity will still scale exponentially as the
problem becomes harder (see the differences in perfo-
mance for the big and small maze). Regarding this
problem, two solutions are possible:

e Adaptive Discount Factor: The discount factor
would be treated as another parameter to op-
timize and therefore would be changed through
the evolution. In this case, since the parameter
is directly related with the fitness, care should
be taken to not allow some individuals to benefit
from this fact. Possibly, the value of the discount
factor should change from time to time and the
average performance should be used as reference
to decide if the next discount factor should de-
crease or increase in value.

e Use Another Fitness Function: The Q-learning
based function is just one type of fitness function
possible for reinforcement learning. It is certainly
the standard fitness function, but a simple sum
of rewards also work, provided that the algorithm
is informed when the trial finishes.

In Figure 7, experiments evaluate the influence of
granularity, i.e., the importance of dividing the in-
put into finer pieces is evaluated. It is important
to notice that the total population size (SOM size
multiplied by the subpopulation size inside each cell)
was kept constant. A SOM with size 5x5 is just a
quarter of the original size used in all the previous
tests (10x10) and did show a similar performance and
behavior. Only a small decrease in performance is
observable. By decreasing the SOM size to 2x2, it
seems to render the algorithm completely unable to
solve the problem. This demonstrates the importance
of some granularity. However, the results here were
drawn with the simplest possible classifiers, i.e., an ar-
ray representing the output to be given independent
of the input. If more complex classifiers were used,

sgossibly, a lower granularity coulbdokeomfdagomogxizmsm s ce



Table 2: Parameters

Differential Evolution F

r;mdom((), 1)

Matrix Size

Self Organizing Map

Weight’s initial value
Neighborhood function

10 x 10
random(0,1)
exp(—chebyshev Distance()?)

Cell update threshold 0.005

n 0.2

B 2
Self Organizing Classifiers | v 5

L 20

5 0.90

Initial Fitness 0

350 400
| 1

Mumber of Steps
300
1
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1
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Fig. 3: Performance of the SSOC2 with four different discount factors: 0.8 (upper left), 0.9 (upper right), 0.99
(lower left), 0.999 (lower right). A SOM of size 20x20 was used. The dashed red line is used for reference.

accuracy (although some degree of granularity will al-
ways help, decreasing the hypothesis’ search space),
because classifiers that are a little more complex usu-
ally built their output in relation to the input and
therefore need less granularity to work. Lastly, in-
creasing the SOM to 20x20 achieves the same final
performance and behavior of the original result (see
Figures 5 and 6), though more learning time is needed
by this increase in granularity.

5
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4 Conclusions

This article presented tests to verify the sensitivity
of SSOC2 as well as analyzed the effect of granular-
ity in it. SSOC2 was shown not to be sensitive to
changes in the discount factor, keeping similar per-
formance for close values. However, the sensitivity
seems to get worse with the increase of the problem’s
complexity. Two strategies to deal with this problem
was proposed. One of it is to use an adaptive discount

sfactor and the other is to use anethes Aitaess sopaci o sice
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Moreover, when analyzing the granularity, a higher
granularity was demonstrated to relate with higher
accuracy but to cause a higher learning time. On the
other hand, with less granularity the accuracy may
decrease, depending on how much is decreased.
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Fig. 6: Behavior of the SSOC2 with four different discount factors: 0.7 (upper left), 0.8 (upper right), 0.9 (lower
left), 0.99 (lower right). The black square is the objective and the gray squares are the walls.
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Fig. 7: The performance and behavior of SSOC2 are shown respectively on the left and right columns. In this
experiment the total population size is kept the same, but the granularity and size of the population inside a
cell is changed. In the first row a SOM population of size 2x2 is used with (8 = 200, v = 500), in the second row
a SOM size of 5x5 with (8 = 32,v = 80) is used, while the third uses a SOM of size 20x20 with (5 = 2,v = 5).

The dashed red line is used for reference.
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New World of Discriminant Analysis
* S. Shinmura (Seikei Univ.)

Abstract—

Discrimination of two classes or objects is essential knowledge and technology for the science,

technology and industry. Fisher proposed Fisher’s linear discriminant function. After Fisher, logistic regression
and Support Vector Machine (SVM) are proposed. But, there are three serious problems. These problems are
resolved by Revised IP-OLDF, generalization ability of which is proofed by 100-fold cross validation.

Key Words: LDF, logistic regression, SVM, Revised IP-OLDF, k-fold cross validation. Generalization ability.
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HIHEOME NVEDN D, ZhUE r T O D
ZERNT (r+ 1) IRTT DR AE B O ZEM O 22| T D,
(r+1) WIC ORI O ZERN T MM, (272 D iR N
END. ST —% 9T, IP-OLDF 1% (X4, X6) T MNM=0
27D R oT-. 2078 MNM O HEFEIE D7)
D20 2 EEAEE T 16 HOHBIBIET MNM=0 (272 5.
Tbb 6 HOHAZLENS 63 HO 52~ 7= ]3I
BB 5505, 16 8IE MWM=0 12720, 720 47 fHo
MM 1 0 T2V, Z AT K o T H-SVM 22 L 72 MNM=0
OHIBIAE, 0 TRVVHIBIE THRFTTE 5. MWM=0 ¥
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BINEHEEZROWE, HIBITFHEO TN TR MR N ED

HDEE 2 AURNC, MW=0 ThhHI L5 TX 5
MEDOHBINEE TH Y, 85k TE 7B

R Mo/ F — U RRiE OBLIEOMEIZE T 5 2
LIIIRAEN B D . F 72 MW=0 OHIBIRESRIL,  Eri
P72 5.

(3) EHEHDFLE

IP-OLDF TIZEECHZ L ICHEE L TEZXDHZ & T, H
BB L N\ DOBUER o7, L, EHCEA 11
EE L7=DAMS, -1 & 0 IZ[EE L7z IP-OLDF % fi# <
VENRH D, ZhuE, £x)>0 725 classl, f(x)<0 7
5 class2 EFADOGHTRNTRETE T, T—F Nk
WHHTHD. (B DEFHIAZIED a,(>0) IZ[EE
L7583 O L2 IZEBETHIERW. T72b b,
TEBIEZ IED ag \IZ[EHE L7-35A 1Y, BIZ Fig. 1 0% FE
FERRODAZ i % ag (5 ICFRELZE ST A LT L.

F(x) = ax; + axx, ++++ ax, + a,
a; * (by¥x; + bykxy ++et bokx, +1) -+ (12)
a0 DA, 2 COMEBYmEIIRREZED. ¥
— VR DM CILES I & B e (gt 1) ot TR A
B2 EEZTWDHD, ZOBREITETORIEHEE
XS A8 0 HBRE E N ORIfRZ BfEIZ B4 C
TRV EHEED 0 OGEEE, B2 x, T q fHOFH]
B OB EEIUL, o ZHEOEIX 172 (q-1)1#
DOFIALEE A L OEEIAE 1 OHBI LR CIZ2D EE X
SND. TR CELN WM IXEHTEE 1 & —11C
FEL7EbDE0 Dl b b0l noT-.  IRIZ,
a, Z RN TIUTEREZ 1 ICEE LT HIRIR S o 22
LR p o=, - 1 ICETE LRI O BIZER] & 2 0
FRZRZERC 72 5. T 7205, HBREE \M ORI
K@) DEHIEN1 £-1 £ 0D 3 HODER ST MET
IEIENT q RICEMEBZ DM ERHD. b L%
A7 AR HIBIBEEL £ (x) DHBIA 27 530 L fE S D
=A% BIRT IR, T E 2 OMEON SRS
L= HIBIEIEUC 72 5. — 7 0127 B 5 — AN DA,
THADTERH D UVNEIZHIG L TWD Z E R 5.

3.2 MBSO SFEORIEDE L

BT ORI 1 1%, HIBEFm Eo s — AR
classl/class2 OWTHUTHIBIE N D NI ERFET
HH BRI\ INTEZ L THD. IP-OLDF O
FFZE T IR DN Uk L7245 B 2 sk diuiE =
DORENPRRTE D Z B hhoitz. £12, AGHIE
BEZDHERM 4 BOAF AN 50 SLLEEZAEKE L
72858, £=T1+T2+T3+T4-50 & 9 LDF 1%, f=0 Thih
IXEHE, (K0 THIUIRGHEHRITE S, ZOHREG
L, HIBIELRIS AR5 CHIREIC LR TEX 5 DT, =0
T 7B EFHE 50 MOFAEITEBEHHBITE 5.
%2 ORBEIL, MIEOBERTRE/RT — & & H-SW L &0E
IP-OLDF DISMIIEE LK TERWZ & THD. I
L4 BUBECHE LR 5. 3 ORERIL—H D

5
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HOHLEHEN—EMERY, MEER AT Y 7i5E,
— AL ATH 2B LT 5 QDF ICFEDSHE % 2 EH
BB O CHRE ZNEZEORFT2 >OA T
3 v a—W— 3 EET 5 B ERHE BT 23 R ik
ShES Nz, B T QF ofth v Ik B IER
1BRIB 3T OFIANED 5105,

3. 3 /IMERD = H D k-EAZEREEE

TR, BAREZHHIZRSC POS 7 — 42 & 5N d Web B D
KEOT—EPGFOND LI /o7. L, EY
PWi 13 L% < OIFFE TIES PV MERD T — & L)y
Bond, TOMEERERE 2 TEE L OfFEOH
NHEBET AU S E TV BERH S, £
DI DIT/IMERDT=HOIZHE 2 BV LO0EIXZ I ET
2L OBEAELTX7-Y. LA L, Bootstrap 12 &2
U TMEARNS KIEAR G 7eREERT) 2 AR d
E, THIUC K-ERERGRENEA 5. Zhia i
WT LOOVEIZR D D BT WVIRER, #E ORI FiEE
BRI AEBIE T M ERE I D HERET & 5. &
DIT, SRR & RREEEA T O AL BB e &)
BRSO MR D 5% B X M OHEE I T
_g( 5 31>.

IHT LT WIMERZ VT, RO KD 72l 72 B
SRR A VER L 100 A ZAMGELEATT 5 .

1) L7V VIMERZ MPP2) G classl/class2 B2 100
Have—L, SEEE OB E ST M5, 2 LTH
JIECAF~ER 2 C, /IMEAR &R U — A %% -2 100 {H O
HAEARIZ T T 105 100 OFSIEAR S 5.2 5.

2)  EROEEARD 1005 100 2 EEAR L L, BHURHER % 1
AFEAR L LT 100 ERZEMGEZITY . ZHUZE ST,
AT EHL RER, FHEEAR T ENN S T Y T
SNFHEARLEZ D LNTES.

4 BEHEIC L DKREE

MNM D HEFRIRPE Y, BEERFE T —~ &g, q A
DOFRBAZECTMN=0 THIUE, D q HOFRAEEE
EToaTOHBIBEELD MM 1L 0 1272 %, AHFZETIE,
X DOWFEI A D 2012 40 FrfEEER DS 1RHIE A B
D EFS. 4 EOKRMOERETIAZE S L THEFHS
SECATHIEEITY & (T2, T4) @ 2 RTMWM=0 |Z7¢ >
7. 15 fEOHIBIBEE D 5 B 4 8 TMW=0 (2720, T4
TIALRET) & 95 % EHFXE Z i3 5.

4.1 2012 FEOHFEFF AP O HEEER

2010 A7 & IR R AR D 1 A2 JHGUTHERTA
Z#Hz 5. 2 LTS & R A 10 R 100
MORBREIT> CE o, BEOAGHE TGS
10% % TV D28, AFFED 728 50% & 90% &t L7=.
/N 100 RO GERAIE T, MBS ORE 3 23 R20N >
72, £ LT 100 % 4 fHOKRMICE & O7- 2012 FEFETD
18 fll & 74 & T, LDF 384y B e == O % A 3

PG0008/14/0000-0001 © 2014 SICE



[0. 17, 0. 23], QDF DRy $fe R D& 73 [0. 01, 0. 11]
THDH I ooz, £7-%E IP—O0LDF T Tablel @
FERDG SN, 2012 FOH RO 10%KHEDOSEH
FEVL (T4, T2) @ 2B TMWM=0 1T/ 5 2 LR hoTz. K
MR <TIE, 2o 2 Mza&t 4 8oH 5%
(T1, T2, T3, T4), (T2, T3, T4), (T1,T2,T4), (T2, T4) THT
179,
Tablel Results of discrimination of
midterm exams in 10% level.

Year | P | Var. | MNM | Logi. | LDF | QDF
2010 | 1 T4 6 9 11 11
2 T2 2 6 11 9
3 T1 1 3 8 5
4 T3 0 0 9 2
2011 | 1 T2 9 17 15 15
2 T4 4 9 11 9
3 | T 0 0 9 10
4 T3 0 0 9 11
2012 | 1 T4 4 8 14 12
2 T2 0 0 11 9
3 Tl 0 0 12 8
4 T3 0 0 12 1

Table 2: Summary of 100-fold cross validations of 8
linear discriminant functions by exam scores

M1 | M2 Diff.
MNM 0.00 | 0.07 | 0.07
33s 0.00 | 0.00 | 0.00
4,2 0.00 | 0.01 0.01
0.00 | 0.00 | 0.00 | MIDiff. | M2Diff.
HSVM 0.00 | 0.81 0.81 | 0.00 0.73
32s 0.00 | 1.15 | 115 | 0.00 1.15
4,0 0.00 | 090 | 090 | 0.00 0.89
0.00 | 090 | 090 | 0.00 0.90
SVM4 0.00 | 0.81 0.81 | 0.00 0.73
31s 0.00 | 1.15 | 1.15 | 0.00 1.15
4,0 0.00 | 0.89 | 0.89 | 0.00 0.88
0.00 | 090 | 090 | 0.00 0.90
SVM1 0.00 | 0.81 0.81 | 0.00 0.73
31s 072 | 1.59 |0.87 |0.72 1.59
1,0 013 | 098 | 085 |0.13 0.97
0.76 | 1.71 095 | 0.76 1.71
IPLP 0.00 | 0.56 | 0.56 | 0.00 0.49
45s 0.00 | 0.63 | 0.63 | 0.00 0.63
4,0 0.00 | 049 | 0.49 | 0.00 0.48
0.00 | 047 | 0.47 | 0.00 0.47
LP 0.00 | 096 | 096 | 0.00 0.89
28s 0.00 | 1.10 | 1.10 | 0.00 1.10
4,0 0.00 | 095 | 095 | 0.00 0.94
0.00 | 0.80 | 0.80 | 0.00 0.80
Logistic | 0.00 | 0.96 | 096 | 0.00 0.89
20m50s | 0.00 | 1.10 | 1.10 | 0.00 1.10
4,0 0.00 | 095 | 095 | 0.00 0.94
0.00 | 0.80 | 0.80 | 0.00 0.80

5
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LDF 9.64 | 1054 | 0.90 9.64 10.47
4m50s 9.89 | 1055 | 0.66 9.89 10.55
0,0 9.48 | 10.09 | 0.61 9.48 10.08

9541 991 | 037 9.54 9.91

4.2 100 ERZERIEEIZ L BILREH DSt

2012 F-OHEIFRBR D 10%KAED S A E T MW=0 |72
% 4 {EOHIBIBEEL T 100 EARZZMFEE 1T\ Table2 Dk
RA157-. 1FH IZMNM 25228 TP-OLDF, HSVM 3 H-SVM, SVM4
L SVML 1% S-SVM T SF /LT ¢ ¢ % 10000 & 112 L7-#&
. TPLP 1%k 7E IPLP-OLDF, LP |2k & LP-OLDF, Logistic
1o VAT 4 v 7 [alE, LDF IX Fisher @ LDF D454 5
Thb. FOTFTOHFITElapsed Runtime (CPU) HEfEC
B5. A HDORe ST HRIBEET, 100 f# OB A (%
124 ) 7236 \M A ZHE L, 124 TH|-> TR EMRIZ L
BCEHMEM 2HET S, Z0% THE LT 100 {EOH)
B BE%EL 2 FREEAS (45 12400 1) (2 A LR JEMER
M2 ZsRO7=. R OBFIE, ML & M2 28 0 1272 B HBIES
BOMETHD. SWMLIE 1M, LDFIZ0 THY, sy
HERTRE 72T — Z OFEFRAE NI ML O FIEITHE R TH » T
5. SVM4 & SWI1 DG, XFAT 4 cB 1 DL DI
INELTDHE, MORRGET AR LTV D D558 7153
Lo TWD. IRICHRFHEARTHETT 5 &, &E TP-0LDF 72
J282 THY, Mo T FEITEERRSFEMER 0 TRV
ZEDSMMB. DIffIIM2 E ML DETHY, ZhIVNE
WEIULBEE DR B WE B HND R, B2 HHBIBEKT
720, 8 FIEOMEICIIEZ 72\, H-SWM LA FOFIET
%, &ML & M2 OfEZE 3T H80E IP-0LDF & D7E% &
ST MIDiff. & M2Diff. & L7z, I M2Diff. DI K&
WIEE, SO IP-0LDF X W ALEEAI BN WX 5. §F
\Z H-SVM I SV IO BEE A e R k95 Z & TIALRE IS
WZ L EFEIA U724, AFZE ClE 1P-OLDF (2T
W T L, OFIEICHATHEM M2 R HE 0.
16 B MWM=0 (2725 A A AT T — & <0 48 fHD
MNM=0 (2725 HARBEDHFITHEZ & 5 2R Th 5.

4.3 HBRE D 95%EHEX R

100 HEASZEMFEEDFEIEATHE Lz 100 EOH5H]
RELDIFAD 2.5% & 97.5% 6 VY7V 7 95%15
X ZRDD Z ENTED., 2 THLNTHBIBEEK
O EST 5. FEIMO R OB TITFEIME, 2.5% &
97. 5% DIETH B3, 100 HOETHN—EMEDOHEIEL 1 {#
OEFTZ T %R T, LUFAWE IP-OLDF OfERTH 5
K&, (T2, T4) ZAv7= MW24 & T1 2Tz
77 MNM123 13 100 8 BRI AS [ UFEEE T &> 5 . MNM24
12 T3 &N % T E A CH AR B S L
MNM234=2. 77T2+0. 4%T3+0. 79%T4-31.9 23F 5 5 23,
BU%EHEXEITEEZF > CELHTH. LrLnihd
BWEHEXMIL0 ZEET, ELEOWVTNNTHD.
MNM1234=(0. 15, 0. 15, 0. 24) *T1+(1, 27, 0. 39, 1. 32) *T2

+(0. 41, 0. 33, 0. 41)*T3+(0. 42, 0. 19, 0. 43) *T4

+(-17. 86, -18. 38, -9. 38).
MNM124=-0. 67T 1+14%T2+4%T4-147
MNM234= (2. 77, 2. 66, 2. 8) %T2+(0. 4, 0. 32, 0. 4) *T3

+(0. 79, 0. 76, 0. 8) %T4+(-31. 9, -33. 2, ~30. 61)..

PG0008/14/0000-0001 © 2014 SICE



MNM24=13+T2+4%T4—146.
fil D4 TOHHIBEHE OHHUREIT— EE/IC 2D b D
DRV, LUFIZ MNM124 & PR E4T 5. T1 D 95% 15 HEIX
HINRETO ZFATWTHBNREIX 0 £ B2 55 Th

D, R (T2,T4) 2SI LITRD.

HSVM=(0. 58, —0. 23, 5. 01) *T1+(4. 01, 0. 24, 12. 4) *T2

+(1.53, 0. 28, 4) *T4+(-55. 15, -145. 4, -7. 83)..

SVM4= (0. 58, =0. 23, 5. 01) *T1+ (4. 01, 0. 24, 12. 4) *T2

+(1.53, 0. 23, 4) ¥T4+(-55. 15, -145. 4, -7. 82)..
SVM1=(0. 28, =0. 11, 0. 74) *T1+(0. 92, 0. 22, 1. 72) *T2

+(0. 47, 0. 24, 0. 78) *T4+ (-16. 55, —29. 65, ~7. 35)
IPLP=(0. 23, 0. 67, 3. 25)*T1+ (4. 54, 0. 26, 14) *T2

+(1. 51, 0. 28, 4) *T4+ (-55. 08, —147, =7. 25)..

LP=(0. 21, =0. 67, 3. 25) *T1+ (4. 57, 0. 38, 14) *T2

+(1. 51, 0. 28, 4) ¥T4+(-55. 07, —147, -7. 62)..

Fisher @ LDF & @Y 27 ¢ » 7 [AljFdD 100 EAZEMFE
B, HRUREE I L TRV, 22T TF —4 Ty,
Z BIEE L U CEBYRSHTTIURE D R R
HIBURE BT B Z BT T 7 A VAT D> T
2O THEEIFHT T Tabled DFERE 157, WMEEAR L1
LI 72 RHE ] & 5 2 CTREMIBIGRER (Coeff. ) & HEMIFERTS:
TSN BU%EHEXMD 2.5% & 97. 5% %<9, FL
T 100 HOFEEREZBUERAN SV 7Y 7S
72 100 [HOREAR L E %, 2 TRE D Bb%EHEXMICHE
IRHER OHIBREN G E 72 MEELE Outlier 1TITR
9. LT 5 R OBTENEIRFIND. RANTEE
HIETERIENT 1 £3% (T4) ORERTHDH. wiT2 &
B (T4, T2) OFERT, BIMEN7 T2 @ 100 {HD 95%1F
FEX 2 & BEERAREL 0. 079 ANT A5 8 5 =
LAETRT. D IR (T4,T2,T1) TIXT2 L EHIETG
EXEEXMINCH D, kD 3 2% (T4, T2, T3) 13254k
HINETIIRITN TWRW. BLED S 95%(E 48 X 1)
HTEZ57%.

Table 3: Examination of Fisher’s LDF
by the regression analysis

T1L T2 T3 T4 c
Coeff. 0.034 -0.058
2. 5% 0.033 —0.082
97.5% 0.035 —0.033
Outlier 0 2
Coeff. 0.079 0.025 -0.65
2. 5% 0.075 0.024 -0.68
97.5% 0. 083 0.026 —0.61
Outlier 8 4 3
Coeff. 0.0059  0.075 0.023 -0.675
2. 5% 0.0038  0.071 0.022 -0.714
97. 5% 0.008 0.079 0.024 -0.637
Outlier 3 6 4 6
Coeff. 0.079  0.007 0.024 -0.654
2. 5% 0.075  0.004 0.023 -0.691
97. 5% 0. 083 0.01 0.025 -0.616
Outlier 7 0 4 3
Coeff. 0.0058 0.075 0.007 0.023 -0.683
2. 5% 0.0037  0.071 0.0042 0.022 -0.722
97. 5% 0.0079 0.0079 0.0099 0.024 -0.645
Outlier 5 6 2 7 3
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02T ¢ 7 ENRIE, Firth® 234 Bt rae 77—
X TR AHEEED RE IR D B LTV D, B
FHEFTHONTT 5 L a P 2T ¢ v 7 Bl & EHCEIT
TET LT3, 02, -24. 97, -7. 77, -8. 27, 351. 05 TH 1,
FEUERRZE T 328, 11234, 574, 326, 12048 & FEFIT R X\,
fhor P27 ¢ v Z7ERTHIE L £ TOEAERZEITR
BICREW., LM LEEERD L S I2h72ng— 2o
ST, &Tor AT 4 v 7 BRI REZEI R
LRWZ L HDH., WP TINHEEHENRLEL VD
Warning Tf&1E L, iE IP-OLDF T MWM=0 (T2 B Z L %
WeRB L, RIS 5258 ROC HifR 1 9 TNM=0 12725 b D2 H
L%, a VAT 4 v 7 AR CRIBSBERTEE & HIE L
7o, AOSHTHERIZHE 21T p=0. 5 O M ZRFH & TH
D, MOTEOHRFER LV BUVIE TS T AR
STWA.

5 ElrHLIFETIm YT FORE

ARHFFETIE, IP-OLDF Ty BfIBI5HT 8 Ly En
RAEFB L, HBISHT O 3 SOREENE 1P-OLDF ¢
fRRCEDHZ L ERLTZ. Z LT, /IMERDZDHD 100
B ZERREEE VT, 8 EOBAHIBIBEE OIALRE
771 & HIBIREL D 95 % (EEX DL 21T > 7o FH N
ta—URT 4y VT Fa—F TN T L D5
BRI HIBIBE S R & 5 ReEOBA LIZKE,  TMW A&
eI K % LDF 135 AR T Over—fit T 50T, HiE
FEARTIALRE N DL 72 DT Ok % g U 7125
Loz, £ L CIESSMZRKE L7 Fisher @
LDF [ IMGGHEA CHALRE I N BV L& 2 D& L fRfi
SNTz) . FEDICEDORY D LIV WD EE D SERERF
ZECTHER L TV e B2 T EHAB L ERTY)
(CHefm LiBd S iz V. KBFZEIE, SEAERFZE T MNM £
HEIZ L A UGE TP-0LDF OF A MR T 5 7=, 1997
FELIEIZ TP 2 FN T IP-OLDF & 2% TP-OLDF % B %
L, &< 05T —% % AW CEIFE 2 T-> T &
7~. HW/=F—%|%, Fisher 7% LDF ORIV
Fisher ® Iris 5 —4#, AA AGUTHUET —4, £H
DB 5 CPD T — 2 9 REDFET — 4 Th D,
SATT — X TR B ATREZR MBI DO BN 3000
AT — & CHIBIE I EORIE & fRIENR S Do T
Z 2T 2010 ENGISHMZEE LT, 877 — 212
2 CRBR DA THIE CRYE T BERTRE 22 BB HL D A1 A
72 FD% L OBERIE TQDF T class? 25 classl |27
B SN A RIE 3 OFERICEE A EI L, &5 =<
2012 FRIZ—FH OREOEEAED — & THEEDN X 5D
L EZXITHELMETHDZ N2 . ZOfE
Peazz T, KREOHIETH H4FE LDF OHT, D LDF
D—FINALRESI MBI TN D03 % 100 EEASAERRARE T
2013 4ED 5 B W FHAAUE TP-OLDE 28— F BN T & 234y
Moz, FETHBISATIXHERR G 7 & B TH Y
(Fisher ORFLH b RFFAFEMESR & BEARR 7 FaE S
DEMRITII D> TS 10) | HIBKHEER D 95% (5 FEX
2353672 o 7o, 20U 100 EASERGEE DO BUE
FER DA B AW TR T E 7.
ARFFEAERIL, LR D 2 DT — % THEER LT=2Y,
W OHERE TESHIEBIZE BT,

1) AA AGTHEEE S — 2 CTld 2 2258 (X4, X6) T MNM=0
THY, 6 HOFHEEDETOMAEDE 63 D 5
16 T MWM=0 (272 5.
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2) I HL 29 HifE b/ VEL 15 HifE A 6 H MR THR)
T5 THEOHERIT—4 | 1%, BHERE L JEEROE |
T MWM=0 (2725 DT, 63 fHOHRIRTE D 5 5 48
23 MNM=0 (272 5.

HIBNSHTIE, BB, 7 LW, SF— iRk
I P TCHEERFIETHD. TTCICHBRTE LB BEFD
HBI BRI IXRED B 0 PRI R b O, il 2 X ES
P CIMEMER N R E WO T, & - T2 isimont o
b OB E N EE 2, BEEALNEREIT RE
VR H D .

ERFe Y7 FORE
BN HIFZE A RIE T 72012, 225D

UNEESF & FERFE AL D BT D 2 & A RE L2V,

EEX, CHRISHTIC DD AEEEZB X 2T 5, b5
WIEZEUCEET 2 2Rt 2 LTI Lz e
EZTWA.
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Classification of Corresponding Points for 3D Measurement

Using Camera attached with 6-axis Sensor

*T. Akamatsu, F. Dong, and K. Hirota (Tokyo Institute of Technology)

Abstract—

A classification method of corresponding points is proposed using a moving camera attached with

a 6-axis sensor. It makes possible to classify corresponding points between 2 consecutive frames containing
still/moving objects and choose appropriate corresponding points for 3D measurement. Corresponding point clas-
sification experiment with original CG images shows that accuracy is 0.97, precision is 0.96, and recall is 1.00.
The proposed method is planning to be included in 3D measurement method with actual images containing
still/moving objects and also to be applied to obstacles avoidance for vehicles or mobile robot vision.
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Fig. 1: The image from viewpoint
before the device movement.

Fig. 2: The image from viewpoint
after the device movement.
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Initial frame Frame after the time progress

Fig. 3: The bird’s-eye view image of positional relation between objects and device.

Initial frame Frame after the time progress

Fig. 4: The image of extracted corresponding points.

Initial frame Frame after the time progress

Fig. 5: The image of classified corresponding points that belong to still object.
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Table 1: The experimental result Table 2: The index of classification experimental result.
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Initial frame

Frame after the time progress

Fig. 7: The image of revised corresponding points.
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Hand-eye-vergence Visual Servoing in Camera-depth Direction

Y. Cui
M. Minami

K. Maeda

K. Nishimura
A. Yanou and T. Matsuno (Okayama University)

Y. Sunami

Abstract— In this research, two hand-eye cameras mounted on the hand of a robot are utilized for visual
information. It is di cult for a hand-eye con guration xed at hand to keep target’s projected position
in camera image frame at the center, since the hand’s dynamical oscillation inevitably defect the hand-eye
visual servoing feedback information. In order to overcome defaults of the xed-hand-eye system, hand-eye-
vergence system is proposed on a view point that the visual servoing controller of the hand and eye-vergence
should be separated. In this system, left and right cameras can be rotated to observe and keep the target
object to be seen at the center of camera images, depressing the in uences of aberration of camera lens. In
addition it is hard to recognize the target moving in camera-depth direction because of the less sensitivity
than lateral camera motions. To resolve this problem, the real-time evolutionary pose tracking system that
enables on-line pose estimation using Genetic Algorithms is utilized. We have con rmed the e ectiveness of
the hand-eye-visual servoing system through experiments using real robot. And this system can improve the
observability and tracking ability on visual servoing in camera-depth direction.

Key Words: Visual Servoing, Eye-vergence, GA

1 Introduction

Visual servoing is a control method of robot’s mo-
tion through visual information in the feedback loop,
which is obtained from visual cameras [1]-[4]. Some
methods have already been proposed to improve ob-
servation abilities, by using stereo cameras [5], multi-
ple cameras [6], and two cameras; with one fixed on
the end-effector, and the other done in the workspace
[7]. These methods obtain different views to observe
the object by increasing the number of cameras, leav-
ing the system less adaptive for changing environ-
ment.

Recent researches on visual servoing are limited
generally in a swath of tracking an object while keep-
ing a certain constant distance [8]-[10]. But the final
objective of visual servoing seems to lie in approaching
the end-effector to a target object and then work on
it, like grasping. In this case, the desired relation be-
tween cameras and the object is time varying, so such
eye-vergence camera system is indispensable to keep
suitable viewpoint all the time during the approach-
ing visual servoing, utilizing the changeable cameras’
eye direction so as to look the target the center of
camera images. The other merit of eye-vergence is
concerning dynamical effects to keep tracking a mov-
ing target in the camera’s view. For example, when
people keep tracking a moving object, they may catch
up to the object in case of the object moving slowly,
but when the object become to move faster and faster,
human’s face cannot be kept positioned squarely to
the object, while human’s eye can still keep staring
at the object because of its small mass and inertial
moment. Needless to say in visual servoing applica-
tion, keeping closed loop of visual feedback is vital

5
2014 7 1 -2

74

| >
- cRy, mins an, min CRy\ 1 mag
S/ Searching Ared
A X o
,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,, e ﬁ 7
=i S
CRyy faa™ y
Solid Model

C

oy =Ca, Sy 2nC 1nC earr,C eand]”

Fig. 1: Coordinate systems of dual eyes

from a view point of closed loop control stability. By
a previous work, it has been clarified that the eye-
vergence system has superior stability and trackabil-
ity performances in pose tracking dynamical motions.
However, pose tracking of longitudinally moving ob-
ject has a difficulty for depth distance to be estimated
than laterally moving one, because the image changes
becomes less in cameras’ view against when the ob-
ject’s motion in real world. In this report, we conduct
some visual servoing experiments about object’s lon-
gitudinal movement, and confirmed that the full 3D
visual servoing can be achieved. From the experiment
results, we verified about the error of object estima-
tion by showing the action of GA in time-domain dur-
ing visual servoing.

2 3D Pose Tracking Method

In this paper,we take a rectangular solid block as an
example of the target to explain The 3D Pose Track-
ing Method.The shape and color of the solid block

PG0008/14/0000-0001 © 2014 SICE



is assumed to be known.Other different kinds of tar-
gets can also be measured by model-based matching
strategy if their character is given.
2.1 Kinematics of Stereo-Vision

We utilize perspective projection as projection
transformation. Fig. 1 shows the coordinate system
of the dual-eyes vision system. The target object’s
coordinate system is represented by 3, and image
coordinate systems of the left and right cameras are
represented by ;7 and YX;g. A point i on the target
can be described using these coordinates and homo-
geneous transformation matrices. At first, a homo-
geneous transformation matrix from right camera co-
ordinates, g to X is defined as BT y,. And an
arbitrary point ¢ on the target object in Yo p and
is defined “Er; and Mr;. Then “Br; is,

CR’I”Z‘ = CRTM M’I"i. (1)
Where Mr; is predetermined fixed vectors. Using a

homogeneous Yy to Ycrg, ie., WTcg, then Wr; is
got as,
(2)

The position vector of ¢ point in right image coordi-
nates, /fr; is described by using projection matrix P
of camera as,

w w CR
r; = TC’R r;.

IRT‘Z' =P CRT‘Z'.
By the same way as above.
CL’I“Z‘ = CLTM M’I‘i. (4)

w w oL
ri="Tcr 77
IL'T‘Z‘ =P CL’I"Z'.

Then position vectors projected in the X7z and ¥y,
of arbitrary point ¢ on target object can be described
IRy, and "Fr;. Here, position and orientation of X,
based on Ycpr has been defined as “%ap,,. Then
Eq.(3), Eq.(6) are rewritten as,

{ iy, = fR(CR¢M, Mri)

Ly, = f,(Clap,, Mr,).

This relation connects the arbitrary points on the ob-
ject and projected points on the left and right images
corresponding to a 3D pose “Fap,, of the object. The
measurement of “®ab,,(t) in real time will be solved
by consistent convergence of a matching model to the
target object by a “1-Step GA”.

2.2 Model-based matching

The 3D solid model is shown in Fig. 2. The model
is constituted of inside space S;, and outside space
Sout- The left and right 2D searching models, named
Sr and Sg, are shown in Fig. 2(on the bottom).
Supposing there are distributed solid models in the
searching space in Xy, each has its own pose “Fapr
CLap ;. To determine which solid model is most close
to the real target, a correlation function used fitness
function in GA is defined for evaluation. Here, we

(7)
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Input Raw Image

Fig. 3: Flow chart of 1-Step GA recognition

use color information to search for the target object
in the images. In order to evaluate difference of hue
value between the object and the searching model.
The hue value of right image at the position /fr; is
expressed as p(!f'r;), and the hue value of left image
at the position 'r; is expressed as p(!Fr;).

Z p(IRTi) Z p(IR’l"i))

IR, €SR,in(CBpps) TET,ESR 0ut (CRyps)

ZP(ILTi) Z p(ILri)>

TLpr, €Sy in(CLypr) TETESL 0ut (CLwns)
{Fr(°Rwnr) + FL(Ctwn)} /2 (8)

Eq.(8) shows the fitness function that calculate the
correlation function between the search model and
image. When the searching model fits to the target
object being imaged in the right and left images, then
the fitness function F(“4,,) gives maximum value,
ie, FF=1.

Therefore the problem of finding a target object and
detecting its position/orientation can be converted to
searching 1), that maximizes F(“,;). We solve
this optimization problem by GA. The genes of GA
representing possible pose solution “4s,, is defined as,

+( /2

te ty ts €1 €2 €3

0100 0111 0101 0101 1101 10.
12bit 12bit 12bit 12bit 12bit 12bit
The 72 bits of gene refers to the range of the search-
ing area: 150 < ¢, < 150[mm], 0 < ¢, < 300[mm)],

01
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(a)

Fig. 4: Calculation of tilt and pan angles
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(&) Sketch map of the eye-vergence system
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ls. Y10
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lsr 2

Yo Tg
(b) Sketch map of the cameras

Fig. 5: Frame structure of manipulator

650 < t, < 950[mm], and 0.3 < 1, 2, 3 < 0.3,
where ; is defined as quaternion and represents al-
most the same range of 54 < roll, pitch,yaw <
54[deg].

Although GA has been applied to a number of robot
control systems [13], it has not been yet applied to a
robot manipulator control system to track a target in
3D space with unpredictable movement in real time,
since the general GA method costs much time until
its convergence. So here, for real-time visual control
purposes, we have employed GA in a way that we
denoted as “1-Step GA” evolution. This means that
the GA evolutional iteration is applied one time to the
newly input image. While using the elitist model of
the GA, the most accurate pose of a target can be de-
tect in every new image by the pose of the gene with
highest fitness value. In addition, this feature hap-
pens to be favorable for real-time visual recognition.
The ow chart of the 1-step GA process is shown in
Fig. 3. The pose of the best gene is output in every
newly input image on a on-line measurement result, to
be used as command value to the manipulator’s con-
troller. Thereby real-time visual servoing can be per-
formed. Our previous research has confirmed the 2D
recognition method enabled a eye-in-hand robot ma-
nipulator to catch a swimming fish by a net equipped
at the hand [11]. Fig. 3 shows that the image in-
putting process is included in the GA iteration pro-
cess seeking for the potential solution, i.e., toward the
target. That is, the evolving speed to the solution in
the image should be faster than the speed of the tar-

5
2014 7 1 -2

76

Fig. 7: Object and the visual-servoing system

get object in the successively input images, for the
success of real-time recognition by “1-Step GA.”

3 Hand & Eye Visual Servoing Con-
troller
3.1 Hand Visual Servoing Controller

The block diagram of our proposed hand & eye-
vergence visual servoing controller is shown in Fig.
8. The hand-visual servoing is the outer loop. Based
on the above analysis of the desired-trajectory gen-
eration, the desired hand velocity "+, is calculated
as,

w

. W W .
rq=Kp,"Tpps+ Ky, TEgEd, 9)
w w

where "' 7g g4, g Eq can be calculated from ET w4
and ET ed- Kp, and Ky, are positive definite matrix
to determine PD gain.

The desired hand angular velocity Ww, is calcu-
lated as,

Wy = KPOWREEAE + KVOWwE,Ecu (10)
where £ Ae is a quaternion error [12] calculated from
the pose tracking result, and Wwpg pg can be com-
puted by transforming the base coordinates of T g4
and BT, from Y5 to Yw. Also, Kp, and Ky, are
suitable feedback matrix gains. We define the desired
hand pose as W’lﬂg = [Wrl Wl T

The desired joint variable gz, = [q14d, - - -
qpq is obtained by

) Q7d]T a’nd

aza = (Wl (11)
. + W’i"d
depqd = JE(‘I) [ Wiy ] (12)

where f~'(Wepl) is the inverse kinematic function
and J}(q) is the pseudo-inverse matrix of J p(q), and
J}(q) = JE(JpJ %)=t In this report, we made g
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Fig. 8: Block diagram of the hand visual servoing
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Fig. 9: The relation of the position of a target object
and a hand(A target relation)

is 0, and used the inverse kinematics to calculate all
joint angles. It can solve the redundancy problem.
Meanwhile we took a controller to make the joint of
angles approximately as the desired joint angles. So
we defined the formula of the desired joint angles in
the new controller as

W,",.d
dpa=kp(@pa ap)+ JE(‘]) [ Wi } (13)

where k,, is P positive gain.
The hardware control system of the velocity-based
servo system of PA10 is expressed as

q) +Ksp(a, q) (14)

where K gp and K gp are symmetric positive definite
matrices to determine PD gain.

T=Ksp(g,

3.2 Eye-vergence Visual Servoing Controller

The eye-vergence visual servoing is the inner loop

of the visual servoing system shown in Fig. 8. In this
paper, we use two pan-tilt cameras for eye-vergence
visual servoing. Here, the positions of cameras are
supposed to be fixed on the end-effector. For camera
system, gg is tilt angle, g9 and ¢;¢ are pan angles, and
gs is common for both cameras.
As it is shown in Fig. 4 (a) and (b), Pz, Zyyy.
zy; express position of the detected object in the
end-effector coordinate. The desired angle of the cam-
era joints are calculated by:

E

Gsd = atanQ(EyM,EzM) (15)
goa = atan2( lgR+ExM7E Zyr) (16)
qioa = atan2(lsy + Ty, F 2y) (17)
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Fig. 10: The relation of the position of a target object
and a hand(nearer than target relations)
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Fig. 11: The relation of the position of a target object
and a hand(further than target relations)

where lg;, = lsg = 120[mm] that is the camera lo-
cation. The controller of eye-visual servoing is given
by

dsca = Kp(gza as) (18)
doca = Kp(qa qo) (19)
dioca = Kp(qioa qi0) (20)

where Kp are positive control gain.

Because the motion of camera motor is an open
loop, we can only make it rotate a certain degree
without getting the actual angle during the rotation,
which make us cannot get the accurate camera angle.
So the desired camera angles are input in every 33ms,
and the input is limited to a certain value.

4 Experiment Of Hand Eye-Vergence
Visual Servoing
4.1 Experimental system

To verify the effectiveness of the hand & eye vi-
sual servoing system through real robot, we used a
robot, PA-10 robot arm that has a 7-DoF robot arm
manufactured by Mitsubishi Heavy Industries. Two
rotatable cameras mounted on the end-effector are
FCB-1X11A manufactured by Sony Industries. The
frame frequency of stereo cameras is set as 30fps. The
image processing board, CT-3001, receiving the im-
age from the CCD camera is connected to the DELL
WORKSTATION PWS650 (CPU: Xeon, 2.00 GHz)
host computer. The structure of the manipulator and
the cameras are shown in Fig. 5 (a) and (b).

The 3D marker as used for the target object in the
experiment composes a red ball, a green ball and a
blue ball, whose dimension is shown in Fig. 6. The
coordinate of the target object and the manipulator
in experiment are shown in Fig. 7, the white arrow
under the object express the move direction of it.

In order to check the visual servoing system, first,
we did an experiment in which true object’s, z, v,
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z, €1, €2, €3, are assumed to be given to servoing
controller. Then we did 3 groups of experiments of
frequency response. In these experiments, we made
3-Dof position are recognized by the cameras respec-
tively. For every group, we set w=0.209, and w=1.256
separately, which are angular velocities of the object.

4.2 Experiment condition

The initial hand pose is defined as ¥ g,, and the ini-
tial object pose is defined as ¥,s,. The homogeneous
transformation matrix from Xy to X g, and from Xy
to Xy, are:

0 0 1 890[mm]
w |1 0 o0 0[mm]
Teao=19 1 o 500[mm)] (21)
0 0 0 1
0 0 1  1435[mm]
w |1 0 o0 0[mm)
Two=19 1 o 500[mm)] (22)
0 0 0 1

The target object move according to the following

time function
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Moz r(t) 150 150 cos(wt)[mm]  (23)

The relation between the object and the desired
end-effector is set as:

Edapy vy = [0, 90[mm)], 545[mm], 0,0, 0] (24)

4.3 Experiment Results

Fig. 9 shows the time varying fitness function dis-
tribution combined by both left and right camera is
depicted, and the position of the white circle with
a notation "GA” represents that the 1-step GA has
found the indicated position represents most possible
position.

There fore the deviation between the peak (tar-
get real position)and the GA’s position means on-line
tracking error of object in 3D space as shown in Fig.
9.

Fig. 10 depicts the situation that the object place
nearer than prescribed desired position relation of the
object and the hand, and Fig. 11 shown vice versa.

Fig. 12 shows a time transition of fitness value dis-
tribution. The GA discovers peaks of these fitness
value in real time, and estimats the target object.
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In this experiment conditions, we have carried out
some longitudinal frequency response experiments to
moving object. We made x-position, 3-Dof position,
and 6-Dof position and orientation are estimated by
GA respectively, and take the results of 3-Dof posi-
tion. From each of the results we can see that the eye-
vergence system has smaller delay phase which means
it will observe the object better. Then we have carried
out a full search of the fitness value in each case with
eye-vergence visual servoing. I show the relationship
between the GA genes and the object position and
orientation by writing the results of the GA obtained
from a full search in Fig. 13, 14.

Fig. 13 and Fig. 14 show the data of the position
of the end-effector, the position estimated by GA and
the actual position of target object. And the eight
graphs in these figures mean the result of the fitness
values obtained from a full search every 4 seconds in-
tervals, whose peak of fitness value distribution rep-
resents the target object’s real position in 3D space.
The white circles represent the GA genes. There-
fore the position difference between the fitness peak
(real target’s position) and GA’s detected position
(detected position by 1-step GA) represents tracking
error of target motion by 1-step GA. The cycles of
the target object motion is w = 0.209 and w = 1.256
respectively.

In the Fig. 13 the GA can estimate the target object
and can track without delaying because the target
object motion is slow. In the Fig. 14 the GA can
estimate target object and track, but the PA-10 can
not track the target object. Because the moment of
inertia of camera is smaller than PA-10’s, which is a
characteristic of eye-vergence system.
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5 CONCLUSION

In this paper, we have carried out some longitudi-
nal frequency response experiments to evaluate the
observation and tracking ability on a moving object
of visual servoing system. Also, we have carried out
a full search of the fitness value in each case with
eye-vergence visual servoing. From the experiment
results, we can draw a conclusion that the object mov-
ing in camera-depth direction can be recognised and
1-step GA can discover peaks of fitness value in real-
time, meaning the 1-step GA can track the target in
real-time. And we grasp the real-time estimate track-
ing error by revealing the relationship between the
GA and the target object that was searched in Hand-
eye-vergence system.
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Dynamic Reconfiguration Manipulability of Bipedal Humanoid Walking

T. Feng Y. Kobayashi M. Minami and A. Yanou (Okayama University)

Abstract— In this paper, we propose a new index inspired by dynamic manipulability for redundant robot proposed
by Yoshikawa in order to estimate dynamic ability to change configuration by using remaining redundancy, while prior
task is controlled, for example, end-effectors being controlled to a desired trajectory in task space. Several indexes
have been proposed so far to measure statical and dynamical capability of robot manipulator. For example, Dynamic
Manipulability Ellipsoid (DME) describes a distribution of joint ~ s acceleration produced by normalized joint torque.
Besides, Reconfiguration Manipulability Ellipsoid (RME) denotes a distribution of each joint ’ s velocity produced by
joint angular velocity. In this paper, we proposed a new concept named Dynamic Reconfiguration Manipulability (DRM)
which combined dynamic manipulability with reconfiguration manipulability, and applied the DRM to verify its usability

to humanoid robot walking on uneven ground.

Key Words: Dynamic Reconfiguration Manipulability, Humanoid Robot, Shape-changeability.

1 Introduction

For walking control of humanoid, ZMP-based walking
is known as the most convincing approach, which has been
proved to be a realistic control strategy to demonstrate sta-
ble walking of actual bipedal robots, since it can guaran-
tee that the robots can keep standing by retaining the ZMP
in the supporting area of convex hull V), 2). In addition
to the ZMP, another approaches which put importance on
keeping the robot’s walking trajectories inside a basin of
attraction ¥->) include a method referring limit cycle to
determine input torque ©).

These previous researches are based on simplified
bipedal models, which tend to avoid discussing the effects
of feet or slipping existing in real world. Contrarily to
the above references, a research 7 has pointed out that the
effect of foot bears varieties of the walking gait, which
dimension of the equation of motion varies according to
contacting conditions to floor of feet standing or in the air.
Our research has begun from such view point of 7) as aim-
ing at describing dynamics of gait as correctly as possi-
ble, including surface or point-contacting state of foot and
toe, slipping of the foot and heel-striking, where walk-
ing gait states based on the results of walking motions,
called event-driven. And what the authors think important
is that the dimension of dynamical equation will change
depending on motions of the walking gait (event-driven re-
sults), which has been discussed by®) on one-legged hop-
ping robot.

To achieve a stable walking since humanoid robot will
turn over when the point of ZMP is in the toe of feet, we
proposed “Visual Lifting Approach” strategy *) and have
confirmed that it can confine unstable toe-off state in a sta-
ble limit cycle, making the closed-loop walking dynamics
stable. Humans can change whole configuration-height or
horizontal trajectory of waist avoid obstacles while walk-
ing and gazing at something existing ahead. The humans’
behavior utilizes redundancy as a result of primary task
of walking and gazing. Therefore we want to discuss
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Lifting the head using
Feedback Control

Dynamic Reconfiguration Manipulability
Ellipsoids (DRMEs
acceleration ellipsoids

(a) For Redundant Manipulator

(b) For Humanoid Robot

Fig. 1: Applications of Dynamic Reconfiguration Manip-
ulability

about dynamical redundancy of humanoid robot in this
paper, proposing a dynamical reconfiguration manipula-
bility(DRM) concept, which is a measure of how much a
dynamical system can potentially produce a motion in a
work space with normalized input torque, by combining
the Dynamic Manipulability(DM) '©) with Reconfigura-
tion Manipulability(RM) 'V, This new measure represents
how much the dynamical system of robots possess shape-
reconfiguration acceleration ability in workspace by unit
torque input for all joints while executing primary tasks.
The DRM has been applied to humanoid robot, whose
prior task is allocated to sustain head position to be as high
as possible. The concept is shown in Fig. 1(b) and the
DRM of floor-fixed four link robot which was published
in '2) is shown in Fig. 1(a). In this paper, we would utilize
the DRM to bipedal humanoid robot walking on uneven
ground, and verify humanoid robot’s shape-changeability
and the leeway of tolerance of feet to uneven ground.

2 Dynamic Reconfiguration Manipulability
2.1 Dynamic Manipulability

In general, equation of dynamics for serial link manipu-
lators is written as

M(q)§+h(q,q)+g(q) + Dg=T1 (1)

PG0008/14/0000-0001 © 2014 SICE



Executing
hand task

(b) Dynamic reconfiguration manipulability
(DRM) ellipses and segments

(a) Dynamic manipulability
(DM) ellipses and segment

Fig. 2: (a) Dynamic manipulability ellipsoids (DMEs) rep-
resent the possible accelerations for each link with no prior
task and (b) dynamic reconfiguration manipulability ellip-
soids (DRME?5) represent the possible accelerations for in-
termediate links during the system executing primary task.

where M(q) € R™ " is inertia matrix, h(q,q) € R"
and g(q) € R™ are vectors which indicate Coriolis force,
centrifugal force and gravity, D = diag[dy,d2, ,d,]is
matrix which means coefficients of joints’ viscous friction
and 7 € R" is joint torque. The kinematic equation of
a robot, that the relation between the ¢-th link’s velocity
7; € R™ and the angular velocity ¢ € R" is represented
by

(i=12, ,n) ©))

Here, J; € R™*™ can be desc~ribed as Jacobian matrix
with zero block matrix, J; = [J;, 0]. By differentiating
Eq. (2), we can obtain the following equation.

# = Ji(a)d+ Ji(a)d )

where we can understand that J :(@)q is the acceleration
as Coliolis and centrifugal acceleration resulted from non-
linear relation of two-coordinates-space represented by g,
to ;. Then, from Eqgs. (1) and (3) we can obtain the fol-
lowing equation.

;= Jiq

i Ji@)d
=JiM~'[r h(g.4) g(ag) D4ql ¢4
Here, two variables are defined as follows:
F 2 1 hied) glo Di  ©)
foS E Ji@d = Jia)d ©)
So, Eq. (4) can be rewritten as
r=J M 'F (i=1,2  ,n) @)

Considering desired accelerations #id of all links yielded
by a set of joint torques T which satisfies an Euclidean
norm condition, thatis, || 7|| = (72 +73+ +72)1/2 <1,
each tip acceleration shapes an ellipsoid in range space
of J;. These ellipsoids of each link have been known as
“Dynamic Manipulability Ellipsoid (DME)” '©) (Fig.2(a))
which are described as

Fid [Ji(MTM) 7 I 7y <1, and 759 € R(J;) (8)

where, R(J;) represents range space of .J ;.
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Fig. 3: Reconfiguration at intermediate link during hand
task executed

2.2 Dynamic Reconfiguration Manipulability

Here we assume that the desired end-effector’s acceler-
ation #,4 is given as primary task. The relation between
7, and T is denoted to change i to n from Eq. (7), then,

rp=J, M 'F 9)
Solving Eq. (9) for T yielding desired acceleration Tnd

T = (JnMil tr

) Tnd
+I, (J.M YT, MU (10)
11 is an arbitrary vector satisfying I € R™. The left su-
perscript “1” of 11 means the first dynamic reconfiguration
task. In the right side of Eq. (10), the first term denotes the
solution making 7 minimize in the null space of J, M !
during implementing Tna. The second term denotes the
components of torques at each joint, which can change the
shape of manipulator regardless with the influence of Trnd
given arbitrarily as end-effector acceleration for tracking
the desired trajectory. Providing the first dynamic recon-
figuration task, that is the first reconfiguration task 17";]-61
(j =1,2, ,n 1), is given to the j-th link, shall we
discuss realizability of '# 4 in the following argument. In
this research, '#;, is assumed to be commanded by an dy-
namic reconfiguration control system of higher level. We
can obtain the relation of 11%- and #nd from Eqgs. (7) and

(10).

5, = LM Y J.M Y7,
+ ;M7  (J,M YT (J,M )1
Then, according to the relation of Eq. (6),
o Jiq M ILMTY (g Jag)
=J;M I, (J,.M YHY'J,M ) (12)
Here, we define three variables shown as
2 dig M I M e Jagi13)
Al 2 L LF (14)
A E MM, (T MY R(ILMY)] (15)

In Eq. (13), 1 ; 18 represented for the acceleration caused
by manipulator’s shape-changing. In the right side of Eq.
(13), the first term is denoted as the Coliolis and centrifu-
gal acceleration of j-th link, and the second term is rep-
resented for the influence of 17,4 on j-th link except Co-
liolis and centrifugal acceleration at n-th link because its
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QO : Number of link

[J : Number of joint

Head Table 1: Physical parameters

Fig. 4: Definition of humanoid’s link, joint and angle number

acceleration is peculiar on its coordinate flame. So, Eq.
(12) can be rewritten as

A= 1A (16)

The relation between '#; and A'#; is shown in Fig. 3.

However, the problem is whether we can yield desired
A'#;4, that is, whether we can find 'l to generate A'# ;4.
From Eq. (16), we can obtain ' as

N=TATAY (L AT A ) (17)
In Eq. (17), 21 is an arbitrary vector satisfying 2l € R".
Assuming that 1 is restricted as ||11|| < 1, then we obtain

next relation,

(AY#) T (CADTIAT AN < 1 (18)
If rank(*A;) = m, Eq. (18) represents an ellipsoid ex-
panding in m-dimensional space, holding

A'ijg =N AT Ay, Alitg €RT (19)
which indicates that A'# 4 can be arbitrarily generated in
m-dimensional space and Eq. (16) always has the solution
11 corresponding to all A'#;; € R™. On the other hand,
if rank(*A;) = r < m, A#¥;4 does not value arbitrarily
in R™. In this case, reduced A7 is denoted as A'#5,.
Then Eq. (18) is written as

(AN CADTIAT AN, <1

(AN, = TATAT AN g) (20)
Equation (20) describes an ellipsoid expanded in 7-
dimensional space. These ellipsoids of Egs. (18) and (20)
are shown in Fig.2(b).

2.3 Dynamic Reconfiguration Manipulability Shape
Index(DRMSI)
In this section, we propose the index evaluating DRM.

Thus, by applying the singular value decomposition for
this matrix A , we get

A, ='UBiVT 2D
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o Upper body Link l; m; d;

Upper arm Head 024 | 45 0.5
rd Upperbody | 041 | 21.5 | 10.0
Lower arm Middle bOdy 0.1 2.0 10.0
/ Lower body 0.1 2.0 10.0
Middle body Upperarm | 031 | 23 | 0.03
Lower body Lowerarm | 0.24 | 14 1.0
™ Hand Hand 0.18 | 04 2.0
K\\\Nwﬂ Waist 027 | 2.0 | 100
Upper leg Upper leg 038 | 7.3 10.0
Lower leg Lower leg 0.40 34 10.0
Foot Foot 0.07 1.1 10.0

" Total 1.7 63.8

r n T
Uj,l 0
Iy, = 7 0 (22)
0 1 O'jﬂn
m o 0 0

In Egs. (21) and (22), 'U € R"™*™ 'V € R"*" are or-
thogonal matrixes, and r denotes the number of non-zero
singular values of *A; and 01 ojr > 0. In ad-
dition, r<m because mnk(lAj)gm. So, dynamic recon-
figuration capability of j-th link when hand of manipulator
operating task can be described by following equation.

1, 1 1 1
W =051 0452

Ojr (23)
In this paper, we defined the value of w; in Eq. (23) as dy-
namic reconfiguration manipulability measure (DRMM),
which indicates the degree of that reconfiguration acceler-
ation of j-th link can be generated for arbitrary direction.
And, volume of dynamic reconfiguration ellipsoid at the

j-th link is described as W R;j» Which is given as follows:

Worj = ¢ 'w; 24)
. 220)r=D/2/[1 3 (r 2)r]  (r: odd)
" { 2m)2/2 4 (r 2)r] (r : even) 25)

Then, in order to consider dynamic reconfiguration mea-
sure of the whole manipulator-links, we define a index
named dynamic reconfiguration manipulability shape in-
dex (DRMSI) as follows:

n—1

1 2 : 1
WDR: a; VDRj

j=1

(26)

Here, a; is unit adjustment between different dimension.
In this paper, singular-values increase a hundredfold to en-
large value of ellipsoid, compared to ellipse or line seg-
ment.
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£ is force that lift up head to
prevent from falling down

Supporting-leg

Fig. 5: Concept of Visual Lifting Approach
3 Dynamical Walking Model

We discuss a biped robot whose definition is depicted in
Fig.4. Tablel indicates length [; [m], mass m; [kg] of links
and joints’ coefficient of viscous friction d; [N m s/rad],
which are decided based on '3). Our model represents rigid
whole body—feet including toe, torso, arms and body—
having 18 degree-of-freedom. Detail explanation of this
model is omitted, which is described in 4.

4 Visual Lifting Approach
4.1 Feedback lifting torque generator

This section presents a vision-feedback control for im-
proving humanoid’s standing/walking stability °) as shown
in Fig. 5. Here, the force exerted on the head to minimize
0p(t) =1,(t) p(t) calculated from measured position
or pose, we assume this parameter as being detected cor-
rectly in this paper. The joint torque 7 (t) that pulls the
robot’s head up is given the following equation:

Th(t) = Jn(q)" Kpouh(t),

where Jp(q) in Fig.5 is Jacobian matrix of the
head pose against joint angles including gq1,¢go,gs,
44,99, 10, 411, ¢18, and K, means proportional gain sim-
ilar to impedance control. We use this input to compen-
sate the falling motions caused by gravity or dangerous
slipping motion happened unpredictably during all walk-
ing states.

27

4.2 Feed-forward leg and body motion generator
In addition to 7, (¢), we used two input torques:

T+(t) = [0, ,0,75,0, ,0]T to make floating-leg
(joint-5) step forward and
Tw(®) = [0, ,0,7411,0, ,0]7 to swing waist’s roll

angle (joint-11) according to supporting-foot. The element
T¢5 and 7,11 of 74(t) and 7, (¢) are settled by approximate
human’s walking-cycle as below:

7e5 = 20 cos {27 (t — t1)/1.85} (28)
_ [ 30sin {2n(t — 0)/1.85) (f Rightleg) o
T T 50sin {2n(t — 41)/1.85) (if Left leg).

Here, t; means the time that supporting-foot and
contacting-foot are switched.
4.3 Combined lifting/swinging controller

Combining three torque generators expressed as Eqgs.
(27), (28) and (29), a controller for walking is created as
T(t) = 7h(t) + T(t) + T (t).
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5 Simulations

5.1 Analyses based on Dynamic Reconfiguration Ma-
nipulability

In this section, three kinds of lifting-proportional-gain
are set to be K, = diag[20,290,1100] (Large lifting-
gain), K, = diag[20,290,950] (Medium lifting-gain)
and K, = diag[20,290,900] (Small lifting-gain) to
compare walkings by DRM. The humanoid walked as
shown Fig. 6(a), (b) and (c), respectively (scaling el-
lipsoids). Then, there are no DRM ellipsoids (existing
line segments) at knee of (a)-4, (b)-4 and (c)-4, since
supporting-foot is surface-contacting, that is, joint angles
q = [q¢2,q3, ,qs]’. On the other hand, there are
DRM ellipsoids (ellipses) at knee of the other phases,
since supporting-foot is point-contacting, that is, joint an-
glesq = [q1,q2, ,qis]”. InFig. 6, the heights of waist
of (c) are lower than that of (a). Furthermore, DRM ellip-
soids volumes of (c) are larger than that of (a). In Figs. 7,
as lifting gain larger, DRMSI representing whole volumes
of DRM ellipsoids is smaller. This means walking of (c)
has higher shape-changeability than (a), but it seems that
walking of (b) and (c) are far from human’s walking, so,
we called them monkey-like walking.

5.2 A comparison between two gains based on
Dynamic Reconfiguration Manipulability when
walking on uneven ground

In this simulation, in order to seek the variety of Dy-
namic Reconfiguration Changeability according to the
height of steps on uneven ground, we set the trajectory
of ground like Fig.8, and we set the height of steps dh =
0.01[m], 0.02[m], 0.03[m] etc. And then, we set lifting-
gains of feedback control equation K, to two kinds of

PG0008/14/0000-0001 © 2014 SICE
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values, these are K, = 1100(human-like walking)and
K. = 950(monkey-like walking), to find which has a
higher adapting capability to uneven ground.

In the case of K, = 1100, we can see from Fig.9 to
Fig.12 that the larger the height of step becomes, the lower
the Dynamic Reconfiguration Changeability is when the
foot reaches the first step. And, when the height of each
step turns to 0.04[m], humanoid robot will fall down when
reaches the first step.

From Fig.13 to Fig.18, we can see that in the case of
K,. = 950, the DRMSIs that indicate the Dynamic Re-
configuration Changeability are higher than the case of
high lifting-gain ’ s in the whole areas. Besides, we can
also know that the larger the height of step becomes, the
lower the Dynamic Reconfiguration Changeability is when
the foot reaches the first step. And when the height of
each step turns to 0.06[m], humanoid robot will fall down
when reaches the first step. For these reasons, we can
say that the lager the height of each step becomes, the
lower the changeability is when supporting foot turns to
contacting foot. What’s more, we can know that the lee-
way of tolerance to uneven ground of monkey-like walk-
ing (K, = 950) is much better than that of human-like
walking (K, = 1100).

6 Conclusion

In this paper, we proposed an index of Dynamic Re-
configuration Manipulability which indicates robot’s dy-
namic shape-changeability, and applied it into humanoid
robot to verify its usability to humanoid robot walking on
uneven ground. To humanoid’s walking, we introduced
Visual Lifting Approach into humanoid walking, which
can keep humanoid robot’s posture stable and guarantee
it walking smoothly, and added input torques to arms so
that it can walk much more authentic. Through simula-
tions, we can realize that, the humanoid walking with the
shape of monkey-like (K. = 950 and (K. = 900)) has
higher dynamic shape-changeability than that of human-
like (K, = 1100). And the leeway of tolerance to un-
even ground of monkey-like walking is much better than
that of human-like walking.
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Noise Robustness of Gradient Descent Learning Rule
for Complex-valued Hopfield Network

xMasaki Kobayashi (University of Yamanashi)

Abstract— Complex-valued Hopfield networks have had problems for learning time, storage capacity and
noise robustness. Lee proposed gradient descent learning rule to improve their storage capacity. After that,
a modified gradient descent learning rule is proposed to improve their learning time and noise robustness.
It was concluded that the improvement was related to the variance of weighted sum inputs for the training
patterns. In the present work, we attempted to improve noise robustness by continuing learning algorithm

for a long time.

Key Words: Complex-valued Hopfield network, gradient descent learning, noise robustness
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Fig. 3: Simulation result for noise robustness in the
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Speeding Up of Complex-Valued Multilayer Perceptron Learning
by Search Pruning

xS. Satoh and R. Nakano (Chubu University)

Abstract— In the search space of a complex-valued multilayer perceptron having J hidden units, C-MLP(J),
there exist flat areas called singular regions, as is the case with a real-valued MLP. We have found that singular
regions created by the optimum of MLP(J) can be excellent starting points for the search of MLP(J+1).
Making good use of this characteristic, C-SSF was proposed and showed excellent solution quality; however,
the processing time gets larger as J gets large. This paper proposes C-SSF1.1, a faster version of C-SSF.
C-SSF1.1 introduces search pruning, where a search is pruned if its route is considered to merge one of
previous search routes. The present method is evaluated through computer experiments.

Key Words: Complex-valued multilayer perceptron, Singular region, Search pruning
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Fig. 1: Conceptual diagram of search pruning of C-
SSF1.1.
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Table 1: Numbers of initial and nal routes of C-SSF
for arti cial problem 1.

C-SSF1.1

S| CSSELO e T

1 30 30 26

2 56 56 56

3 89 89 71

4 139 139 65

5 162 162 73

6 219 219 113
total 695 695 404

Table 2: CPU time for arti cial problem 1
(hr:min:sec).

J C-BP C-BFGS | C-SSF1.0 | C-SSF1.1
1 00:34:52 | 00:00:39 | 00:00:16 00:00:08
2 01:01:42 | 00:00:50 | 00:00:22 00:00:24
3 01:17:47 | 00:01:17 | 00:01:23 00:01:17
4 01:41:23 | 00:02:29 | 00:08:09 00:04:20
5 01:34:43 | 00:03:03 | 00:10:06 00:04:47
6 01:53:50 | 00:03:41 | 00:22:28 00:05:52
total || 08:04:18 | 00:11:58 | 00:42:43 00:16:47
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Fig. 2: Training and test errors for arti cial problem
1 (The black circle shows the result of learning where
the initial weights are set as shown in Eq.(23). ).
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Table 3: Numbers of initial and nal routes of C-SSF
for arti cial problem 2.

C-SSF1.1
S| CSSFLO e T R
1 18 18 16
2 26 26 23
3 37 37 36
4 63 63 40
5 70 70 55
6 85 85 49
7 93 110 71
8 125 115 70
9 140 567 77
10 656 619 61
11 663 713 419
12 676 485 409
13 829 602 562
14 747 658 577
15 667 668 598
16 808 700 604
total 5703 5536 3667
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Table 4: CPU time for arti cial problem 2
(hr:min:sec).

J C-BP C-BFGS | C-SSF1.0 | C-SSF1.1
1 00:38:58 | 00:01:03 | 00:00:10 00:00:05
2 01:11:01 | 00:01:46 00:00:20 00:00:16
3 01:12:26 | 00:03:38 | 00:00:36 00:00:33
4 01:29:03 | 00:04:47 | 00:01:57 00:01:19
5 01:39:42 | 00:06:10 | 00:02:51 00:02:32
6 01:55:47 | 00:07:22 00:02:57 00:02:17
7 02:11:15 | 00:09:22 00:04:14 00:03:23
8 02:22:59 | 00:11:08 00:04:32 00:04:04
9 02:33:36 | 00:13:54 00:14:07 00:22:10
10 02:54:17 | 00:15:51 02:45:08 00:24:49
11 03:04:18 | 00:18:23 02:52:13 00:25:46
12 - 00:19:35 02:35:52 00:18:21
13 - 00:22:03 02:55:25 00:14:31
14 - 00:26:08 | 00:39:25 00:20:55
15 - 00:25:33 | 00:30:36 00:20:10
16 - 00:28:11 00:42:17 00:23:43
total || 21:13:22 | 03:34:55 13:32:40 03:04:53
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Fig. 3: Training and test errors for arti cial problem
2.
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Dynamics of Complex-valued Self-Organizing Map for Adaptive Classification in
Millimeter-wave Active Imaging System

*Yuya Arima and Akira Hirose (University of Tokyo)

Abstract— Millimeter-wave is the regions of electromagnetic wave with a frequency of 30-300GHz. These
regions have a high penetration with dielectric materials such as plastic, cloth, paper and etc. and a high
directivity. In a security imaging, we use this feature to discover weapons concealed with cloths. In this
paper, I propose a millimeter-wave imaging system for moving targets consisting of one-dimensional array
antenna, parallel front-end and complex-valued self-organizing map (CSOM) to deal with complex texture.
Experiments demonstrate that the CSOM visualizes successfully a liquid-filled small plastic bottle even for
measurement data in which we can see almost random phase and amplitude. The system construction is
presented with the adaptive processing dynamics in the CSOM.

Key Words: Neural network, Self-organizing map, Millimeter-wave
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Fig. 1: Spectrum of electromagnetic wave.
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Fig. 5: one-dimensional millimeter-wave antenna ar-
ooooooooooooooboooooooooo ray composed of eight LTSA elements.
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Fig. 4: Millimeter-wave envelope-phase-detection (EPD) radar system including a transmitter, parallel front-end
using a bulk linearly tapered slot antenna (bulk LTSA) array, and CSOM image processing unit.
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¢ : winner class
wa(t) : reference vector of the winner class ¢é
wa+1(t): reference vector of the neighbor class ¢ £+ 1

K : input feature vector

t : iteration number in self-organization

T : maximum iteration number

a(t)  : self-organization coefficient for the winner
B(t) : self-organization coefficient for the neighbors
C : number of the neurons in the CSOM
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Fig. 12: Experimental setup.
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Unsolved Issues of Unmanned Sailing from the View Point of Computational Intelligence

*Hideaki Manabe and Kanta Tachibana (Kogakuin University)

Abstract— About the Unmanned Sailing, target survey, database construction of sail and rudder, and
sailing fuzzy control are researched, but they are unsolved issues. Sailing ships which have no supply

power are influenced by wind and wave, we has to estimate vector fields. To high accuracy, we are
necessary to get hold of sea surface, the sky and into the sea conditions. Propulsive of sail is changed
by the relative velocity between boat and wind; we need to predict the decision of course. We show
the state and unsolved issues of unmanned sailing, and consider calculation intelligence method to

resolve the issues.

Key Words: Sailing, Reinforcement Learning, Fuzzy Expert System
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Cayley-Dickson #fe Y AT LD T=H DERBIZEH &
BERAY A VEEANDIGH

Ot 32 1l o) (R TR

An Algebraic Real Translation of Cayley-Dickson Linear Systems with
Applications to Hypercomplex Online Learning

«T. Mizoguchi and I. Yamada (Tokyo Institute of Technology)

Abstract— The m-dimensional Cayley-Dickson number system is a standard extension of real, complex,
quaternion, octonion and sedenion etc. In this paper, we introduce a systematic algebraic translation of the
Cayley-Dickson valued linear systems into a real vector valued linear model. This translation is designed by
using jointly two isomorphisms between real vector spaces and enables us to straightforwardly apply the well
established schemes in real domain to problems for the hypercomplex linear model. We also present useful
algebraic properties of the proposed translation. As an example of many potential applications through
the proposed algebraic translation, we present A,,-APSM (adaptive projected subgradient method) both
linear and nonlinear hypercomplex online learning problems. Numerical examples show that the proposed
hypercomplex learning algorithms outperform existing algorithms.

Key Words: Hypercomplex number, Linear system, Online learning
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V2= T 74 7R3, aRXTF4 7 AV nEDTL
PO THARICH NS, B UMDY TIE m Xt
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T, INLTIRBEES VI VEET LT XL A,,-#
IS 8% A BLi (A,-adaptive projected subgradient
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WP AL 101D (APSM) % BEZk % kil L i
AR % C-D fEISICHRER 9% 2 & THELC 2 D3 TE,
A -NLMS i, A,,-7 7 4 VEE (A,-APA) , A,,-
YIS 2 AL (A,,-APSP) &\ o - gHYIc I
O BEEL Y TA VERT LT XL EZIEL L &,
o=V MYy Z7HEATAEIEICED, ZNnD
DERETNVLITY RALFIEIEA v 74 VEE 7 LT
RLNHRICHRET 2 2 8 TE 5,

BAEBITIE C, H, O &> 7=fRER 7% C-D DR
B A7 LFERECIERIE T v » 2 OVSLREIC &
W, RETABEET VIA VEETLTY) AL
BEFEO 7L Y A LD Z RE kN3 2 & 2iER
LTw3,

2 BEFNERE
2.1 Cayley-Dickson #{
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KRBT L3CE S, 7, FREEBITRTOEEK
AR LA BEN S 2 WIZHTHE L D2 EET S
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W HED 1 2TH S, ZOHEIFFER 2EFEKC
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N TIEBAT D & 9 72 Cayley-Dickson f#fZ> A 7 4
"EZD,
y=Ax+b (5)
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Ths, ZZTUTOIHHLEEGHRZEANT 5,
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2. (Af) = ET (A € AMXN) gL
(o, Agig) = ATiy =, Agi]

3. (AB) = AB (VA € AMXN yB ¢ ANXL)

4. (Az) = AZ (VA € AM*N vz c AN)
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T 22 LT, MIET 2 C-DEARZ R Pt ¢ AM

BRSNS, REFRF NS DFIEZ BT k’C%EU
WOTEE N £ ORBESRERH O T E 2 #E

7 S T OHEENE x°Pt 2135 2 L ZAJREICT B, u@
RTIE, MATLAB® quaternion toolbox??) 7 & Dt
BERBGIEDORMNE 74 77 ) 2 H0 2038037\ 2
EBHMELLTHE

4 A1 FEZFADILH

KEITIE, RETIEMRERZH A Y T4 VY
TN ALZHHNT 5,

4.1 AV FBHEE
DN & 9 HilEA v 74 28 0E GG 7 4 L
yﬁﬂﬁ%) %%2_50 U = [uk,uk717...,uk71\[+1}—r S
AN ZWZ kBT D AR PLEL, 250
frﬂﬂ TR FE LD Up = [uk,uk 17...,uk,r+1]€
ANXT 2R kWS BT B ATMTINE T2, £, ny €
Am%/4fab,ﬁ%7&%%%®yx%A%
h* = [h5,hs,... hN]T € AN LT 2, n, =
[nk,nk,h...,nn,wﬂ]—r € A;l %H%ZU k LCZBU'EJ
JAARRY PV ETBLE, BHIZINET—% d), =
[diydi—1,- - dp_rs1]T € AT IZDATD X9 BRED
C-D#Bs 257 LTHRETE S,
dp = UPh* +ny, (14)
L7 4 vyo7ay 7HER 2R, E81 &
M$ 22 ETUTD L) BIEIGHIL S 2 T L TREL
INDZEEMET =5 dp € R B2 6B 6n 5,

-~ ~ T ~%x -
d,:=U,h +n, (15)
L7edsoC, MEHEHIE7 4 V& B8 (U, di) €

RMNXmr o R™T N < n OIER» S, REAOERIES
AT b h € RN ZEZEOWEILE7 4 VY h, € R™N T
RS IG5 L TE S,
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4.2 A, -BIFRELEAEE (A,,-APSM)

HIGHE S AL 10 1D (adaptive projected subgra-
dient method, APSM) % X— ZIC L 7 Ml w75
TNa) ZLERENT B, APSM 13 IEEMBIEG % i
W ERIMET 2872 7L 2 R L E LTI
CRE SN, LTI, K 1IOR LRI
T APSM oi# % C-D BUTHRE L 72 A,,,-APSM
ZHNT S

O : AN — [omukem%@%&#ﬁ&%ﬁWﬁu
LL, 00k(y) % O Dy € AN ITB T 250 &
T %, A,-APSM i3S C ¢ AN BT 6, oBIKYI
EWREIIC I MET 3 & 5 7 C-D A~ R LFI% AR
T37LTY RLTH 5,

EH 1 (A, SEEHYS IR (An-APSM)). 2412
52 5N7 ho € AN ICH LT, An,-APSM LT
X577 MLF (hk)keN ’Eiﬁi?%o

}%MQ%—M|®WW O} (hy)

AT

(if ©(hx) # 0),

(otherwise)

hipi =
ngn(hk)
ZZ7T @;C(hk) S 8@k(hk), 0< N\, <2TH 53,

FHPEBOBE L RIS, A,,-APSM THER I N
X7 VI (hy)pen F BN

hisr = Bl < [y — By,
hfW)GKM::{hEECKh{h):igé@kmﬂ}
PHRME, WREEME GELCI1EY) LEoMEER

T5, A,-APSM O—#llE LT, UTokILrLa
) X LHDENT B,

ZIWTAVXL 1 (A,,- 8075521 (A,,-adaptive
parallel projection, A,,-APP)). Si(k) CAN ieT; C
ZZPAMES LT 5, BEESIZLIT D &9 ICELT 5.

S ier, wPda,, (hie, S, (2, 50)
Or(x) =

(if Ly # 0),

0 (otherwise)

7T, L = ez, widy,, (e, SO,

Sier W = 1, @#mgkc(mufﬁéaﬁ

%5, ZOLE,

L% i€y wz(k)(m - PA(k)( )
90y (x) > O(x) = (if Ly, #0),
0 (otherwise)

BT B, O, ISRHL T (4.2) % C C AN & LT
T3 LN OHEFIAET 5,
hk>

hy + pug (Z w; (k)
i€Ty,

e,y € AN BXU v € (0,1), O(ve+(1-v)y) < vO(x)+

(1-v)0(y) il T L&, B o AN — RIZMBKLEN

%

60 0 y LB B E © O y o B BEARAKDS 75
FBOLLTERT S, T4b5 00(y) = {s € AN|(@ — §,8)s +
110(y) <O(z), Ve € AY} TH 3,

hypi1 =
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ZIT, hoeC, py€0,2M,] THD,

(k) || pAm _
Ztezk w; Pslgk) (hi)—hy

N
m

2

My =

i

k
thezkw£>f§a)aw>—hk

N
A m

(f hi & Niez, S,

1 (otherwise)

THBETZ, 7LITY XL 113109 THEINATY
2 S E G S B 0 C-D fHigi~ D H AR 2 iR
2o TWw3, ZRWZ NLMS 2D 27 7 4 V&
%22 (APA) @ C-D BEA~DHE, A,,-NLMS % A,,-
APA ZRilGE L LTET, EHICA, =CDLE,
Ay -APA I N THBLRGHISTIRESINTE HE
77 4 V2 (C-APA, r =1 @ & 13 C-NLMS)
LT 5, ERINERIVEFE S AT LT (14) DIET
RKBTE L0 (R 12H), o DAEREET
AT B 73 R h, Bl ZIEEERIGEET 7 14
v G 20 (widely linear complex affine projection,
WL-C-APA) bFRRICE T 5, 7VTY XL 11BN
5 DEFEFL TIRESINTCELTILTY XLD C-D A
ADIRRZ T TR, I THEEGHBTO A RE
ENTOLEMUTO7 LY X LD C-D FEEA~DIREE b
Bl BB &E ATV S,

Bl 3 (A,,- BN HIS % ABLE (A,,-adaptive parallel
subgradient projection, A,,-APSP) ). I, = {k,k —
L...,k—q+1},C=AN,

Sz‘(k) = Hi_(h'k)
= {z € AY|(Z — hy,) " Vgi(hi) + g:(hy,) <0}

EEDD, ZIT, ¢lRF7Taey FOET g(x) =
|U{z—di|}, —p,Yp>0ThHB, COLE, THTY
AL 15 A, -BIENEFIS % AL (A,,-adaptive
parallel subradient projection, A,,-APSP) 23&E» 4
%, FEEHEROLE 2 LIS, A,,-APSP 1385
D ERHFEOEAN E V25 2 & TA,-NLMS
DEVEE 3R b 2L O OMEERE T TOEM T
ELINHMREZER L T3, £72, 7La) LN
@%ﬁm@»&%@@MV%@L%Lfﬁ%R&MM

DIFEITEEIEER 1 20 THKCHEE NS
LICHEHEBE I N,

4.3 A, TOA—FRIBERFEME

FEM MR VW IERE AR L, AT =%
IR A % i L CEOnRME I 5B L, 20
Fiefic B W THYED P2 T2 2 £ THEHZ
N5, FHEERICEB T 255 PN A% HwTRE
ENTVBEE, ZONBEDOHEZ D —2VEEDEH
HICEEHZ 22 L2k, BRnEMcoEZDG
HaBWETHIENTESL, ZOT 7= 7% h—%
LRy 7 LR, HHR—FR27 FLw v 29 Oy
B2, L DOEETNVITY AL BHA—FNV Yy 7%
O TIFIZICIRESI N TE 227, JEETIEZ DS
FALDE Y T VFBEDOHEHAIEANATOILS X
I 7E o T2 ) C-D HEBRIC BT H FRRIC ) — %
2014 7 1 -2

WVEY w712k C-DIEDIERIE S A T & D
% C-DEHDOFIEY 25 L D BEICRE T2 2 &
TE 2%, C-DFEISIC A — 2 VIERIE IG5 [ %
MU B ICEAK A, ICB T 2HEKOHERZ T 20
Y B3, INLTIZZ DN Y ICFE2 Z LIcT 3,
ur € Uy, PRIk TOANRZ P LvET S, 22
T, Uy, 1ZAN Oa v 7 MiaHEA, ThbLAER
KIC/ VLR (AN, || - lan) DRERHAEATHS LT
%, A—F NI X 2EREIZATIRY bV OBHY
Z5I1F EBMEIC o T, A — VIR A ERMET
B X B AMESRE A Z 4 LB A, ZRUTRELE
TN > T EWIHREDBH 5, ZDORFE
ZIEGET 270, RLAL LR ATTDO—F DA
PI) AN ZANN=2{LE I T 7=y 7BHGL N
B Joo= {0008, 0 c L2, k- 1) %0
AEICBTDRATHEAET S, U™ = {ulucly,},
H—2NVEEEZ KU xU™ SR ELLLEE, A
FEAITHIET 5 7 — 2 VB OES {K(7,45)} jeq,
BREE LIRS, 22T, BERHLRANIES
Nkes, BHPLLFEFHINLL LICHEET S, Fr
BOF—y7atA%d, =pup) L L, Y €Hy, %
HEETNESEBE T2 L, H—3OVEIGEE MR
FOIZER% o %

er(-) = > K(7,0)a, (16)

JETk

T T MEICRETE S, 22T, HEHEKE
LRL B ZER 29 L L, Hy, = {f = fiir +--- +
fmZm|fz;7fm € H}, ajk € A,, Thb, T5HL
T—% 70t ZOHEEM d), = pp(ug) FATDO X9 &
X7 PR TEETE S,

di, = op(ug) = K, oy, (17)

22T K o= [K(@w, a0, K (@, ), -
K(ajélz)7ak)]—r c Rk, ay [Oéjik)7k7ajék),k,
...,aj(k) k]T c Afrli VC%%O :@ﬂéﬁ&i o CCF;'SL"C
Sp 0

I TH B LIcHEEIN W, f{fHEOD, h—
v K FHRAL VA 2RO, $hbb K(u,u) = 1,
Vu eUTHDBETH, HIAD—FNIE T DEM%
72 ¥, WATHED T OWEHITIEZ SR 2 TIRESINT
W B REHER b B, BURIICIZLUT oL HEDSii 72 S
72L&, WAFE %" T, 18T 5,

max | K (g, u;)| <1 (18)

JE€ETk

22T, n>0kBIEEET, FEEMEEROEE 2 &
Rz, AHEGDavy 7 Mk, AI5F—%
DHERICE Z oz & L THEENEIRTH S Z &3
RIEINT VD, £ T, = DL E, pp(u) := 0,
VuclU &L, &M (18) IXABINICHi /- S 3,
4.4 BERI—RIVBELZZE7ZILIIVZLA
LT 587 X =8 (RAIDY AT L) Za &L
T7LITY) XL LEHATIUE, DT RliEEE
BIZEIREE 7 LT RABES NS,
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ZILTVZXL 2 (A,-7 — 3OV )55 55k
(A,,,-kernel adaptive parallel projection, A,,-KAPP)).
S® copse, W) ASHL (Vi e T, € Z) R
Gl Yol =1 {w}ier, c (0,1 ThHB L
&, A,,-KAPP OBHAEM T TEA N5,

(1) (18) M7= SNV EE, Ty =Tk &L,

Q41 = Ot + [ig (Z ng)Pﬁg% (o) — ak) ;
i€Ty, ‘

(19)
(2) (18) MifiZeINb L E, Ty =T U{k} EL,
a1 = O + fig (Z wEk)P§(z> (a) — Otk)
i€y ‘
(20)
22T, o = o, 01T € ANt o €

[0, 2M (0, S™)], e € [0,2M (@, S)] TH D,
zeAS, S CAS IRLT

Siez, o || Per @,
m 2 "
My (x, S;) = Hzl‘elk wi" P (w)’mHAfn
(if ® & Nicz, Si),
1 (otherwise)
Tbhsr 75,

TATY RN 1 EFEBRIC, LTV XL 21T
) AN TN T XL 2Rl R e a I &L,
Bl 4 (Ap-71—F N7 7 4 VHHEEHE (A, -kernel affine
projection, A,,-KAPA)). Hj € Rs*" % (p, q) BHKIZ
(Hk)p’q = K(ﬁjlgk),ﬁk,qul) ZhD s xr {1l Th B
ET%, (19) & (20) I2BVT, I, = {k},

SZ-(k) = arg min ‘H;—a —d, , (21)
achyk AT,
S‘i(k) = argmin ﬁde —d, (22)
acatt Am
L, dy = ldydy_y,....dy_ 4] € AL,

gk = [H;—,ﬁ;—]—r S R(Sk+1)xr7 ’le =
(K (g, ), K (U, T - - K (T, Up—rg1)] EED
5L, Ap-h—FIT 7 4 VEEE (A,-KAPA) 73
HENB, ZOPLITYRLEH—FNT 7 4 V5
528 (KAPA) @ C-D #HIS~D HABIKIRIC % > T
%, EEMEFROLE EFEEIC, R, r=1DLZ
A,,-KAPA 75 C-D $ICHEEE S 17 KNLMS %, ¢
bbb A,-KNLMS EERN S,

5 BuEsl
ARETIZAZCTHENLEZBEISEE 7 LY RLADH
itk %, C-D fHOFBIGEIE S A 7 L 8l R & e
F ¥ FVEARTEOEUER I X > THERT 5, 25D
WG 7L T XL IF—MD C-D BTHi—icikit S
TWw37d, C-DBEORITLBDEHTT LY A L%
FREGETT 20380370\, AN TR O#EE b, &4
IZEB W T—EOFEHEBIC O W TOAENT 508, il
DFEIR T OBMEERAE T OV TE ) 2SI N0,
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5.1 #®EYRT LRERE
DLTD h* € AN 258U b D C-DEC AT L h* €
AN (N :=200) 252 3%,

“ _ 2m(k —100)\ ] .
hi o= am » (-1 1+ —
L= K:I( ) [ cos ( 5000 )] i

(23)
ZZTk=1,...,200, ap, € RIFHSL/ VAT D X
I (Q, ag) = (0.0422,0.0274) LEET 2, D%
ENFEFRECT OG- E I THEICH Y & 1 2 $iE
#1117 @ C-D fHHAD HARLIRIRIC R > T3, AT
B85 ug (€ Ap) IFZNZNDOFE T T D K 9 ITER
ENBHHDET 2,

Up = 21 ki1 + 22 k02 + 23 k03 + 24,p04 € H,
8 .
U = 22:1 20kl € @,

I Tzp €R (U =1,...,8) FMSTH—DFH 0
L DEBUES 7 AGAGIHET s /A R ny € Ay,
30D CDEARY Y AT THB ET B, T
bbb, n = z;n:lné,ki@ Thh nge € R £ =
L...,m) BZNEFNAHOT I A S TH 5, B4
HHIXFSNR =30dB TH3 L9 5%, 22T, SNR:=
101og, o (Elu h* |2 /E|ng|?), E(-) % 2T,
PITEUc B\ TIE 7L TY AL 1 BHIND A,,-
APSP DV DG, b b H-APSP & BEFDOMY
JLEL LMS i 30 (H-LMS) & & VWt 7 7 « v &
8 (H-APA) %K $ 2. JUtBuc B TIZA SR
DIZB W THHFOBEIREE 7N Y ZLDHREI N T
WD T, J\TGEOBED 53D %M I H-LMS
THEE T % Fik (element wise H-LMS) % BEAAFIE &
LT3, RS2 L offfiicgalnpg
72\ OCECHEIR S 7 L 3 2 L O-LMS % O-APA A7
FHE LT 2, AFEFITHGSNT WD 87 X —
S DOEMAENREZR 1 TRT, FHBICBEWTAT Y
THA X (N, ) FHIHIAGRE DA 1272 % K 9 1T
FHELTWw3,

# 1: 5.1 TDONRI A —FHE

r=1 r=2

H-LMS A =0.001 N/A
H-APA M = 1.0 M = 1.0
H-APSP M = 2.0, M = 2.07
¢=100 | ¢=100

element-wise H-LMS || A = 0.001 N/A

O-LMS A =0.001 N/A
0O-APA =05 | pp=0.25

X3 X4 &2l &\ DEIG T )L T
VA L% AT DAL (system-mismatch) CTHE
L7t EOMRILIRKTH 5, kFEDERELAEED
C-DfED > AT LA—FE sysmiss, (k) IZEAFTEH A
511, 300 MEATOV9% & 2,
1h* — halzy

1h* 12

COEEEIZY AT AFERETHEIC o5 (FE

sysmiss, (k) := 10logy (24)

1ff) ¥ AT LABIED C-D Hildod i dbediils Sl sice



= = -H-LMS (A=0.001)
== H-APA (=1, r=1)
—— Proposed (H-APSP, p=2, r=1, q=10)

System mismatch [dB]

Number of iterations (x103)

- = H-APA (=1, =2)
—— Proposed (H-APSP, u=2, r=2, q=10)

System mismatch [dB]

Number of iterations (x103) ’ "
B 3: VLB DL 6 DRETIE EMFTED r =1 (1
) & =2 (FR) 1B 5 M

10

=N, s l,\,.\.._\I “vor,

= = = element-wise H-LMS (A=0.001)
= = Proposed1 (O-LMS, A=0.001)

* " Proposed2 (O-APA, j=0.5, r=1)
Proposed2 (O-APA, j=0.25, r=2)

System mismatch [dB]

o 2 n 6 8 10

Number of iterations (x103)
4: )OO GG DRETIE LB F RO r =1 (K
§) & or=2 (JHR) 0B 2 ik

%, VUTCHEGEIS T 133 480: H-APSP 23 Fl5HY o B
WX DD JWEFEHREZER L w5 (K3) . /\Ju
DY, TREEHRIZ X > THiICER I - 0-LMS
® Q-APA BEFIREICIRL T3 pic L, HE
LD H-LMS ZEBD /TS AT L% R TET
W WROIEL Twisw, 7, 0-APA (r=2) T
WFWEDATMELZGIEAT 22 ETr =1 DA &
D RWERMERZER L TW»3,

5.2 JEREF v o RIVE(LRERE

DUT DEFE LD T v v 2 NVEEZEZ 5, A
JfE5 sy BT THEZS6N % LT 5,

sk = 0.70 (I = Bz1,ki1 + Brayiz) € C

ZIT, 2o (0=1,2) FHSZICH— DI 0538 1 D
FEUEA 7 AGAEIHED LT 5, ZEETHIIENS
BRIEMTTEZoN5 LT 5,

Y = Tk + (027,1 + 02512).23%
+ (0.124y 4 0.0942)2} + ny € C,
Tp 1= (—0.9’i1 + 0.8i2)8k + (0.6i1 — 0.77;2)816,1 eC

2%, FyrVRBRALORIEY AT L EIERRD
FERENE 2§ 5 2 & TIPS AT L ELTET
Meais, £ n, € Ay, (= C or H) 1& C-D fE

OAYAMETHY, wy =y —np € CETDEMF

TGATHEE HIE SNR = 101ogo(E |wi|? /E|ngl?) = 18
2014 7 1 -2

dBTh2 LT 2%, Fr R VELHEDHW L7
AN EBETHEICHD, DFD, RELIES
(Yn)n<k DPHANZ 5, ZHILT D EZHINET 5,
502F v v 2IVEALED 7ay 7z RT, AN
FVE wg = [YntD, YntD—1s- s YntD-N+1) | € CV
(N=5) &LT, IO NZd, =5, £T5, 22
T, D=2 3% okRiErE£ T, Ko L,
ST BT TS U N % I BB D 6 D & % Bl
Bl ELTRAT 2, POTEDSGADEAEGIZ Y %517
SN,

B |k

R Wk Nk
715 _)(_

PEe%

AN Yk

BIH7 LY

SE =: dy,

~1
HEERE
d, — dy, |

5: JERIE T v 2V ELRTE

dj,

£

AREAEH] TP DI BEILFEH 7L T A LT
»HHEFESE A — 7 b 1) (complex multilayer
perceptron, C-MLP), EEIEMEREKE T (com-
plex nonlinear gradient descent, C-NGD) & #3%E%D
BEDORETFIEA,,-KAPA, T4bb C-KAPA (r=1
DA DT C-KNLMS & %) % Hifli2e £efififil & L
TH# S %, C-MLP & C-NGD 1Zxf LTI EALE
L UCEHFEINFRIERZBIZL (fully complex hyper-
bolic tangent) tanh(-) Z V>, C-KAPA IO Tld
A —FVEEE L THEBIEAD Y A —3 )V K(z,y) =
exp(— ||z — @H]?R /5%), Ve,y € CN 25,

72, AEMEHITHOGTL 287 X —& O BRI 72l
BR2IRT, ATy 7 AR (N, ) 1 EEF RS R
BRA22 EHIGER, X6 IO IERIEIN 7

#2: 52 TDNT X —YTE

C-MLP A=0.01

(# of hidden layers) = 40
C-NGD A=0.01
C-KAPA || pup=0.5,7r=1.0,n=0.7

/C—MLP

~NGD

10log, |MSE [dB]

Proposed (C-KAPA) : : - .
0 2 4 6 8 10

Number of iterations (x103)
6: BEFOIERIZBIGAE 7L T AL ERET IV
Y R L DYERE H

FILDY AL ERETILTY XL LOHIRERT, BE
7L 3 XL C-KAPA ZBEFD C-MLP % C-NGD X
DY RVERMERZERL TWS, It A,,-APSM

1P b D HFREHIE 2 & O RRT Bk frdede-dd Do 2014 sice



6 5

INCT IR ER (C-D) fHE S A 7 L D FEE % ]
L, ZOEHIZ X 5T C-D BT TV & Sl 72 IR
BEFADNELICHEONE I EE2R L, ZDHEEH
22 ODEBEEHASGDLE S Z LIZk > THHEX
NnTws,

REL LBWMOBEEL v I 4 VB~ &
LT, WSHES AR (APSM) 2 X—2 & L - BE
TN FEE TN ) XL Ay,-APSM 288 Lz, Ay,
APSM 3% { OBBEEEILFE 7L 3 R L %2Rl 7z
et L TEATYS, ¥/, A=V MYy 7%
T2 2 LT AL-APSM ZIERIZ OIS 7L a3
ALIZIRRT 2 2 ENTE B, BEFEHRTIX, HML
7RG E 7L 2 R L OVEREDSEEAEH: D 1 BE
ZREL LW ERRL 72,

REL =BHE RO T LT Y AL ETFTEL, H#
BOMFTHBIBEI NS L O RENLZ T LY XL
% C-D FHIICIAET 2 Z L ICHFHTE R 2 L 24
L TEL,

A
ABIRRANDFFMR % 52T 72 E - Rl
AT OB I 2 A L LI E 5
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Learning Dynamics of Three-Layered Complex-Valued Neural Networks
in the Neighborhood of the Singular Points

*Tohru Nitta (National Institute of Advanced Industrial Science and Technology, AIST)

Abstract - In this paper, the effects of the singular points on learning dynamics in the complex-
valued neural network are elucidated. It is learned that the complex-valued neural network cannot
be easily influenced by the singular points, whereas the learning of the usual real-valued neural
network can be attracted in the neighborhood of singular points, which causes a standstill in
learning. Simulation results on the learning dynamics of the three-layered real-valued and complex-
valued neural networks in the neighborhood of singularities support the analytical results.

Key Words: Neural network, Complex number, Singular point, Learning speed
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Table 1  Learning patterns

(a) Learning pattern 1

’ Input pattern ‘ Output pattern ‘
| 1.0 \ i |

(b) Learning pattern 2

’ Input pattern ‘ Output pattern ‘

| i | — |

(c) Learning pattern 3

’ Input pattern ‘ Output pattern ‘
| 01401i | 05405i

Table 2 Initial values of the weights and

the thresholds.

(a) Complex-valued neural network

w10 141 )
0.5+ 0.52 | 0.000001 + 0.000001z | 0.0
case 1 case 2 case 3
w11 —0.5 —0.5+0.52 0.52
case 4 case b case 6
w1 | 0.5+ 0.52 0.5 0.5—0.52
case 7 case 8
w11 —0.5¢ —0.5—-0.57

(b) Real-valued neural network

w10 %1 1% V10 | V20
0.5 | 0.000001 | 0.000001 | 0.0 | 0.0
case 1 | case 2 | case 3 | case 4
wyy | —0.5 —0.5 0.0 0.5
W12 0.0 0.5 0.5 0.5
case b | case 6 | case 7 | case 8
w11 0.5 0.5 0.0 —0.5
w19 0.0 —0.5 —0.5 —0.5
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Table 3 Learning speed (the number of learn-
ing cycles needed to converge). Case number
means the initial values of the weights between
the input layer and the hidden layer (See Ta-
ble 2). The superscript * of a number means
that the weights between the hidden layer and
the output layer stayed in the neighborhood of
the singlar point 0 or (0, 0) from the beginning
to the end of leaning.

(a) Learning pattern 1
[ r—2%F=5] 1 ]2 [3[4]5]6]
B3 NN 7] 5 [3[4]3]5
% NN 1313|7555
| r—2&F= [ 7] 8 |
BENN || 7] 13"
F NN 71 13*
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[ 7=2%F5 [ [« 7 —A&RVFS |
#HFE NN 5.9 4.9
% NN 8.5 5.8

(b) Learning pattern 2

[ r—2&5 1] 2 [3[4]5] 6 |
BENN [7]713*[7[5[3] 4
F NN 715 |55 7]13*

—2#T ] 7 ] |
5

#HE NN 3
% NN 13* | 13*
[ 7 —2%FS [ FH [« 7 — 2RV FH |
#3% NN 5.9 4.9
FE NN 8.5 5.8

(¢) Learning pattern 3

[ r—2FS [ 1]2]3]4][5][6][7]8]
BWENN [[7]7]16|5|5(5[6]7
NN 9/8|8|8|8[8[9]9

’ r—A%E ‘ SEYY ‘ x T — AR\ SEY ‘
HE NN 6.0 6.0
F NN 8.4 8.4

Table 4 The Euclidean distances between

the weights (between the hidden layer and
the output layer) and the singular point 0 or
(0,0) after the first learning cycle: |v1| for the
complex-valued network, and |v| for the real-
valued neural network. Case number means
the initial values of the weights between the
input layer and the hidden layer (See Table
2).

(a) Learning pattern 1

(r—2F5[ 1 | 2 [ 3] 4] 5 ]

BHENN | 0.23 1038 |0.44 | 0.53 | 0.44

3 NN 0.00 | 0.00 | 0.23 | 0.38 | 0.38
| r—2F5] 6 | 7 [ 8 | V4]

BENN [ 0.3810.23]0.00 0.33

# NN 0.38 | 0.23 | 0.00 || 0.20
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(b) Learning pattern 2

[ r—=2%=] 1 [ 2] 3] 4] 5 ]

HENN | 0.23]0.00 | 0.23 | 0.38 | 0.44
% NN 0.23 | 0.38 | 0.38 | 0.38 | 0.23
[ r—2FS 6 [ 7 [ 8 [ ]
BENN [ 0.53]0.44 | 0.38 | 0.33

E NN 0.00 | 0.00 | 0.00 || 0.20

(c) Learning pattern 3

[ r—2FS [ 1 [ 2 [ 3] 4] 5 ]

HEENN || 0.21]0.21]0.23]0.25 | 0.25
% NN 0.14 | 0.16 | 0.18 | 0.19 | 0.18
| r—2F5 ] 6 | 7 | 8 || W]
HENN [[025]0.23]0.21] 023
% NN 0.16 | 0.14 | 0.13 || 0.16
5 fEim
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