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Training of Learning Vector Quantization Neural Networks
for Improving their Fault Torelance

TAKASHI MINOHARAT!

The learning vector quantization (LVQ) is a model of neural networks, and
it is used for complex pattern classifications in which typical feedforward net-
works don’t give a good performance. Usually, conventional general-purpose se-
rial computers are used for simulating LVQ), it is expected that special-purpose
parallel neural-network processors will reduce execution time for real-time ap-
plications. However, increasing amount of hardware in relation to the number
of neurons enlarges the probability of failure. Fault tolerance is required when
the neural networks are used for critical application. Many methods for en-
hancing the fault tolerance of neural networks have been proposed, but most of
them are for feedforward networks. There is scarcely any methods for fault tol-
erance of LVQ neural networks. In this paper, I have proposed a dependability
measure for the LVQ neural networks, and then I have presented two idea, the
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border emphasis and the encouragement of coupling, to improve the learning
algorithm for increasing dependability. The experiment result shows that the
proposed algorithm trains networks so that they can achieve high dependability.
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Fig.1 Learning Vectore Quantization neural networks.
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Fig.2 Architecture for SIMD type LVQ neural networks.
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Fig.3 Winner-take-all circuit for parallel search.

(1) DOOoLOOOUOLO0OOUOUOOUOOOO0ODUOODOOODOOOODUDOUOOO
ooboooooooboooobooo
(2) 0DO0OOOODOUOOOOODOODOODOOOOUOUOODOODODOOODUOOOOOO
goboooooooboooooboooobooooooo
ggooooooooooooooooooooobooooobooobooboooooooon
gooooobooooooobooooooooooooooooboooDoobooooooDoDo
goooobooooboooooboooobouoooboooooooboboDboboboOoDOo
gooobooooooooooboooooboobobobooooooooboooooobooDooDbDo
goooooooooooooooooooooobobooooooDobooooooDbon
goobooooobooooboooooooboooboboooobobooo
e JO000OOOLODOCOOOUUOLULOOLDCOCLOOODOOOLUOLODLOOLOOOOLDOOOO
gobooouobbooooooooooon
o JO0O00OOLDLDDOOUOLUULLODODLOOOOLULOODOOOOOOODDOO
gooooooo

3. LvQUOOOOOooooooo

LvQoOOoooOooOoooooooooooooooooooooooooooooooo
goooboobooooooooooooooboOooOoboOobooooooooboooOoooooOooboon
O0000000o000ooO0ooo0o0ooOo0ooOo0oooooooooLVQOOoOooo
gbooooboooooooobooobooooboooooooooooboobooooboobooDo
goobooooobooooobooooooooboooboooooboobooboooooOooobobooooooo

(© 2008 Information Processing Society of Japan



2158 ODO0OO0OO0O0OO0OOOOCOOOOOOOOOOOCOOOOOOOODOObOOO

gooooobooooooooboooooobobooooooboooooooooooDoboobo
gobooooooooooooooooooo

2200000000O0C0O0000OCOOOODOOOOOOOOOODOOOOOOO
gooobooboodooooooboooooobooboooooooobooOoCoOobobObOoOooooDoDo
goboodooobobooooooooooooooobobooooboobooooooa

ooooUooo N, 0000 /000000 /000000 P(F)OOoOooooog
00000 x0O00O0U00O0O0UDO00O0O0 p(x)000000O0O0OOUOO EOOOO
goooooon

E= Z/S(Fi,x)P(Fi)p(x)dx (8)

O0000s(F,x)JOOD0OU0OO xO00OD0O0O0O0ODO0O0OD0O0ODO0ODOD0O0OOOO0O0OO
s(Fi,x)=1 N;0 x00O0OO0OOOO0O
class(N;) # clasJ 00000000 9)
s(F;,x)=0 0000000 (10)
000000000000 0Db0O0000 p(x) DO00D0OO0O0OO0ODOOODOOOOOO
goboooboobobooboobooboboboobobbooboboboboboboo
000000000 XUO0O0oOOooooooooUO p(x)D0000b0ooooooooo
mUO0O000000x,,---,x,, 00000000000000O0O0DOO0O0O0OOODOOOO
goobooobbooobooo

m

B(X) =Y s(Fi,x;)P(F) (11)

i =1

ooooUoooUo0n Pl U0O0O0O0OOO0O0O0ODDOOLOOUOOODODOOOOO
gooooooooooboooo

BE(X)pry=r =AY Y s(Fix;) (12)

iJ

o00o00ooOoOo0oLvQUOOOO0OoooOO0oooooooooooooooooooo

000o0oooog Vol 49 No. 6 2155-2163 (June 2008)

01 000000000ooOo0o0000ooO
Table 1 CE(X) of the networks trained by the Iris plants database.

# of Neurons 8 9 10 11 12 13
Running Length of Training 400 600 800 1,000 1,200 1,400
Total Accuracy (mean) 96.73 | 96.73 | 97.13 | 96.80 | 97.47 | 97.33
w/o Faults(%) (s.d.) 0.36 0.38 0.35 0.42 0.24 0.23
CE(X) (mean) 25.5 199 | 195 | 20.2 142 | 174

(s.d.) 1.78 1.79 1.16 1.88 1.49 1.72

02 0000O0O0ooo0o0o000000O
Table 2 CE(X) of the networks trained by the speech signal database.

# of Neurons 150 200 250 300 350 400
Running Length of Training 6,000 8,000 10,000 12,000 14,000 16,000
Total Accuracy (mean) 92.88 93.73 94.32 94.81 95.10 95.31
w/o Faults(%) (s.d.) 0.10 0.14 0.08 0.10 0.03 0.05
CE(X) (mean) 201.1 183.9 181.0 175.9 168.6 162.3

(s.d.) 4.92 2.34 2.85 4.80 2.12 3.44

m
CE(X)=> " s(Fi,x)) (13)
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Table 3 Coefficient of error and accuracy (%) of the classification for the iris plants database.

# of Neurons 8 9 10 11 12 13
OLVQ1 CE(X) mean(s.d.) 25.5 (1.78) 19.9 (1.79) 19.5 (1.16) 20.2 (1.88) 14.2 (1.49) 17.4 (1.72)
accuracy mean(s.d.) | 96.73 (0.36) | 96.73 (0.38) | 97.13 (0.35) | 96.80 (0.43) | 97.47 (0.25) | 97.33 (0.23)
LvVQ3 CE(X) mean(s.d.) 13.2 (0.83) 12.3 (0.55) 9.3 (1.07) 8.5 (1.12) 3.4 (0.53) 4.8 (0.80)
accuracy mean(s.d.) | 97.67 (0.11) | 97.73 (0.14) | 97.47 (0.13) | 97.80 (0.16) | 97.60 (0.10) | 97.80 (0.17)
FTLVQ3.1  CE(X) mean(s.d.) 9.2 (0.61) 9.3 (0.40) 8.3 (0.58) 6.9 (0.73) 4.6 (0.38) 6.7 (0.93)
accuracy mean(s.d.) | 97.53 (0.19) | 98.00 (0.00) | 98.00 (0.00) | 98.00 (0.19) | 98.07 (0.15) | 98.20 (0.10)
FTLVQ3.2 CE(X) mean(s.d.) 1.6 (0.32) 2.6 (0.45) 1.9 (0.50) 0.9 (0.30) 0.8 (0.19) 0.6 (0.25)
accuracy mean(s.d.) | 94.60 (0.93) | 97.67 (0.11) | 97.60 (0.34) | 97.07 (0.30) | 97.93 (0.06) | 97.53 (0.10)
FTLVQ3.3 CE(X) mean(s.d.) 4.1 (0.52) 3.3 (0.60) 3.5 (0.75) 2.9 (1.17) 1.0 (0.64) 1.1 (0.50)
accuracy mean(s.d.) | 97.20 (0.53) | 97.93 (0.06) | 98.00 (0.94) | 97.47 (0.32) | 97.87 (0.25) | 98.00 (0.13)

04 DO0O0O00D0OOOODOOOOOOOOOOO

Table 4 Coefficient of error and accuracy (%) of the classification for the speech signal database.

# of Neurons 150 200

250 300 350 400

OLVQL CE(X) mean(s.d.) | 201.1 (4.92) | 183.9 (2.34)
accuracy mean(s.d. 92.88 (0.10) | 93.73 (0.14)

181.0 (2.85) | 175.9 (4.80) | 168.6 (2.12) | 162.3 (3.44
94.32 (0.08) | 94.81 (0.10) | 95.10 (0.03) | 95.10 (0.05

LVQ3 CE(X) mean(s.d. 88.0 (4.28) | 61.5 (2.41)

)
)
)
accuracy mean(s.d.) 94.63 (0.12) | 94.99 (0.11)

47.9 (2.71) | 42.4 (2.40 32.7 (0.65) | 31.0 (1.85
95.14 (0.10) | 95.30 (0.10) | 95.30 (0.09) | 95.39 (0.08

FTLVQ3.1 CE(X) mean(s.d.) | 107.9 (5.19) | 61.0 (3.53)
accuracy mean(s.d.) | 95.85 (0.06) | 96.12 (0.06)

96.12 (0.12) 96.06 (0.10 96.04 (0.11) 96.02 (0.08

FTLVQ3.2 CE(X) mean(s.d.) | 61.6 (2.02) | 49.2 (2.93)
accuracy mean(s.d.) | 93.92 (0.14) | 94.62 (0.08)

44.9 (1.66) | 46.1 (2.61 39.5 (2.66) | 36.9 (1.93
95.06 (0.05) | 95.51 (0.08) | 95.57 (0.09) | 95.78 (0.08

FTLVQ3.3 CE(X) mean(s.d.) | 63.2 (4.87) | 45.2 (5.09)
accuracy mean(s.d.) | 95.47 (0.15) | 96.02 (0.16)

30.9 (2.72) | 26.1 (2.68 17.1 (2.63) | 13.9 (1.07
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Fig.4 Coefficient of error for the iris plants database.
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Fig.5 Coefficient of error for the speech signal database.
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mode <= “normal” ; j<=1;k<0;l<1
while (1 < Lruntength )
loop: /* The selection of the input vector */
if ( mode = “normal”)
if (j <= Nsampledata )
X < X;
else
mode <= “additional”
goto loop
else
if(k>=1)
X <= Yk
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else
mode <= “normal” ; j <1
goto loop
/* The calculation of the distance between
codebook vectors and the input vector */
for (i <= 1; j < Npeuron; t < i+ 1)
di <= |[m; — x||
/* The search for codebook vectors which
are the closest, the 2nd, and the 3rd place. */
if (di <dz)
if (d2 <ds)
celires2;t<3
else if (di1 < ds)
ce=lire3;t«=2
else
ce=dhr<sl;t«=2
else if (di1 < ds )
ce=2r<=l;t<=3
else if (d2 < d3 )
ce=2r<=35t<=1
else
ce=dhres25t<=1
for (i <= 4; % < Npeuron; t <1+ 1)
if (d; <d.)
t<r;r<c;c<st
else if (d; < d, )
t<=r;r<a
else if (d; <d:)
t<=1
/* The update of the codebook vectors */
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if ( class(m.) # class(m,) )
if ( mode = “normal”)

yve<x; k<k+1

else if ( class(m.) = class(x) )
if ( class(m;) # class(x) )
m. < m. + o(l)(x — m.)
m, <m, + a(l)(x —m,)
else

m. <= m.+e-a(l)(x—m.)
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m, < m, +¢€- o(l)(x —m,)

l<=l+1

if ( mode = “normal”)
j&=j+1

else
kesk—-1

(00 190 100 8000)
(00200 304000)
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