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An Incremental Learning Vector Quantization Algorithm Based on

Pattern Density and Classification Error Ratio
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Abstract
applied to many fields such as data mining, pattern recognition, etc. However, it faces serious challenges such as huge

As a simple and mature classification method, the K nearest neighbor algorithm (KNN) has been widely

computation load, high memory consumption and intolerable runtime burden when the processed dataset is large. To deal
with the above problems, based on the single-layer competitive learning of the incremental learning vector quantization
(ILVQ) network, we propose a new incremental learning vector quantization method that merges together pattern density
and classification error rate. By adopting a series of new competitive learning strategies, the proposed method can obtain
an incremental prototype set from the original training set quickly by learning, inserting, merging, splitting and deleting
these representative points adaptively. The proposed method can achieve a higher reduction efficiency while guaranteeing a
higher classification accuracy synchronously for large-scale dataset. In addition, we improve the classical nearest neighbor
classification algorithm by absorbing pattern density and classification error ratio of the final prototype neighborhood
set into the classification decision criteria. The proposed method can generate an effective representative prototype set
after learning the training dataset by a single pass scan, and hence has a strong generality. Experimental results show
that the method not only can maintain and even improve the classification accuracy and reduction ratio, but also has the

advantage of rapid prototype acquisition and classification over its counterpart algorithms.
Key words Learning vector quantification, incremental learning, classification error ratio, pattern density, merge, split
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B AT I R S AR 2 B e, kT 42 v SR AT 2K
B HBRE WA W TR A4 (BE L%k
MG R, g JURAEEAE), SREH TR TP
C TR 8U/E B R I K R BN S TP, Al
3 TP AMIEZRIEM, H Ace(TP) = Acc(TR)
(Ace(X) Fom X AR IR IR IO ) 4 SR ).
FLAT, B DAk T R E,
AT 2 BTSRRI A SR BRI T
=8 1) AL, RGN R 4R b B %
WP — A A AR S — AT, &
VLA CNN (Condensed nearest neighbor)®l,
FCNN (Fast condensed nearest neighbor) . ENN
(Edited nearest neighbor)®! % DROPn (Decre-
mental reduction optimization procedure n) %
Hrpr ONN R H SO FONN SLSE, BARTE L
Sy SEBR, AT T OS24 1 1) R, AR ARG X
W e REACTL IR A1 AU ) B 1) ENN %
DROPn, A8 8 v IRl AR B, {HL 53
(RIS 3 S R PR, ANIE N K B A 2 f Ab . 2)
ik, BIVIE R Rl i 4 A AR AR A 8 T R A
B 2 B ARG RO R BT AR TR AR, LA
A R IAS Wr G B B 3 4[] SRR AN 1T 328 20 46 YR A
AL PNN (Prototypes for nearest neighbor)!™ .
T L B B O D5 R T R 3 T 20 R ST TT A T e
A A B BT #1 UK ) POC-NN (Pairwise op-
posite class-nearest neighbor)® %%, 3) £ ik,
BV 5 TR ARV L A% SRR A A B T D A A
U IVQ3 (Learning vector quantification 3)F,
TRKNN (Template reduction approach for the k-
nearest neighbor)0 25, gt Ji 8 £E J 45 SR 117 55
W EZ =3 1) FEaENE, [R5 a6 B 4 0 4k
FT G, SR FH AN [ S W AN U7 447 /S K A RS,
T IR ISHEAT B AR 3 DT IR SRR AR BA KB
8 A ) R SR 2 S T A i 5V PSC (Proto-
type selection by clustering)!**) Fl3EF 5% 4+ SFemg i
AN BT S B R R A A R A
AAERTIA Y ENN & DROPn EHIERIAL. 2) 14
8] S S R Al R Sy S AR
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OV 5798 a0 28 138 5 3 FF ) 4L (Support vector
machine, SVM) ) L5k 1 5 2 i AL 4
P16 g R 2 3] 5 R Rk (Incremental learn-
ing vector quantification, ILVQ)I7 45 J& 24 i 4b
PO R H s 24 fif () - 208 3) TRAE, A
HARs & ARG, JF9IN GA (Genetic algo-
rithm). PSO (Particle swarm optimization) L\
A SR W T AR PR AR B, i WLVQ (Weighted

learning vector quantification)® 2% & H §y ¥
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I R, B AR ) SE T N GRREAS, JE TR
VAR AR ) e 28 03 8% L2 ) RN 32 AR I A
BT 2] o DI ) B PR AR, AT AT 0 7 B A
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(RIRR3, 12 RBIRFEA L
s.num

Q(s.radius)

Hr, Q) b s BRI .

EX 2. WK RE. UFHEAR 8 Bk,
WAL ot AR D(2f, st .rep) < si.radius
HSRIURIE Y st (w = argming(D(zt, st.rep) —
st.radius)) K& v, = st.rep, 47 label(z') = st,.cls,

W 2t KN st AR SRIRE, A5 h

d(s) =

¢ .
st radius

D(zt,vt)) (2)
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2.2 IMLVQ BXEE0EidiE

& 3 i3, IMLVQ ki e b B e T
JRAAERAN S 223 B IF LA R RS, AR T ILVQ
B, IMLVQ SEATRARAE L% T 5 51 winner
I AN E R R R, RN AFEY AgeOld 45 H
A AC 35 B B W A N winmer TOEL, 1AL
LifeTime HiFEic 3 7 J5 R 4 1 1 fe 30 40 i 284
winner FIRAPILALET runner FIIREL, BIELA Gy
FA3, SR 3 Y 5l 25 T AR 1 SR i T s A 4R
(R HT. WAE SRR A ) AR AT —FR S S OB EE
Azt PR, IMLVQ 233K H 2t (AR A of) Ak
PRIFRL of LR N IRTE T Al 4R s!) AT st ARt B
FEA 55 A0 AR (A7 B AR A 8 25 R 2 kAT
ANFEEAE AR, BB T IMLVQ 59% 1 R8P
%

1) 2 o AR AL S5 7 ) <8 4k Bl e

B MREA, WF G ot e R [RP G LR
s

2) Y at AT IR AR H AN IR R AR
A, SR R B AR AE S, 3 PRI G BLdEA T
CioH

a) 41 b SRR AR R, WAL 5 i
PSS RIS 5 ) FE ARSI AR S R

b) # xt 5T BIA R, W 2 8
B A IR AR SRR AR S

3) M at RN T AN TR AR, HAX N4
BERAH R, W4T G R

4) Y ot RTINS RIS X A 5
TILRIR TN AN ], WP Fad 2 > Sk o, b 47 73 2
N N E R Y A R B = M A D PV
DX 1) 43 R 1 e

N AAE IMLVQ 32 Bk A PR 2.

Bi£ 1. #NE L Insert (z, TP)

BN WZRREAR o, ARG TP, Ay W40 B
LifeTime.

widh. %250 TP, LifeTime.
1) Initialize v = 0

if TP = () then

)
3)
4)
5) vrep =x
6)
7)  wv.radius =0
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8) else 4) s1.err = Sl?er;i:;iﬁ:itmp + 52'”;;,:;3:221"11)
9) if |[TP| =1 then 5) s1.radius = radius_tmp

10) v.radius = D(z, s1.rep)/2 6) LifeTime(s1,:) =

11) s1.radius = D(z, s1.rep)/2 LifeTime(s1,:) + LifeTime(sz,:)

12) else - 7) delete(s2, TP)

13) v.radius = Zi=1 ‘;glradius 8) delete the information of so from LifeTime

14)  end if 9) return TP and LifeTime

15) end if 2 2 4 bS] ek e T B A | Yo £ 1 A

e b st LafeTime by Rt T 0 BT S 4

LifeTime «— LifeTime U {(v,1)} U{(1,v)}
17) set LifeTime(v,:) and LifeTime(:,v) to zero
18) TP — TP U {v}
19) return TP and LifeTime

TEFRANENG T, Fk 1 —DMEEAAE R 22
AN B G AR I TR T ARG oA, AR
R T QR A2 1)~ S (EL T I R A e
B2 SEOFT, OB i 7 A Il A% [ AT R AT B 2R 0 B
P, LA T AR R BRI N GR AR A IR A 1k
Ab, EANFEA BRI T LVQ Fk RS A G )
I 3, PR g 3 I s AR R AR A

Bk 2. ¥£3E L Learn (z, s;)

N I s, WHHA .

M. IR sa

1) s;.num = s;.num + 1

2) if s;.cls = label(x) then

3)  s;.rep=si;.rep+ ni(r — s;.rep)

4) else

5)  s;.rep = si.rep — n2(x — s;.rep)

6)  s;.err = s;.err + s;.radius/D(x, s;.rep)
7) end if

8) return s;

FESLE 2 ) B0 B A0 48 s AR T R R A
A AR S R I B A TE S ST RS H o, M
no BEAT 7 2. ASCIEFE T 3CHR [17] 38 427 ) 3K
w&, g = 1/s.num, gy, = 1/(100 x s.num). 5
ILVQ 52, IMLVQ 3ha&A Ak 1) 58 4 1 8 e g
HATSCER [17) A B & i Sk fe. X7 ILVQ X
XU R HAT e 422 2], IMLVQ Jnid 7 5a 422 2]
HIREAS KL H J o S A, ) A7 ) 1 5 P SR s
M, HBEHI 9B In) Ht A AS AR RO R L, J TR A B
DT I R REA ) 3 A1

5% 3. 8HEE Merge (81, 82)
BN JRRE TP, Adr IR LifeTime, BT

S1, S2.

MW, &R TP, LifeTime.

1) Tadius,tmp _ sl4'rad'ius+52madiu23+D(sl/r‘ep,s2.rep)

2) s1.num = s1.num + sa.num

§1.numXsy.rep+sa.numxss.rep
s1.num-+sg.num

3) s1.rep =

A, LA SRS TAR TR, 2R WX PS4 kSR —
BOHAAE—E KEES. S0 B & IR
— B A A B DI Jr R AR, n] S LR AL R
FRC DR Y, T AU e 2R A A

SE 3 ST IR ERAT, R A AR s 8 HR
) P4 it 2R 08 3 I ST 0 — A AR R AR 3K, I 5
RIAREKIEA K LifeTime THiHEE, 56 TH —
S DXIRAT B (AT A0 i 2R L LI R, Al sl 1
X Ji 1 R DIl PR AR A A B, B T B Je
4

.

Bk 4. KR E % Split (1, 82, )

BN, JRBEE TP, By FIWHPE LifeTime, T4l
51,82, WEFEAR .

. RS TP, LifeTime.

1) if s1.cls = label(x) or si.err < sz2.err then

_ so.err
2) 52.€TT = 3Xsg.radius  D(s{.rep,s3.7ep)
max( D(s1.rep,sa.rep)’  2Xsg.radius )
3)  s2.num =
sg.numX(D(s1.rep,sp.rep)—si.radius+sa.radius)
2Xsg.radius
4)  sa.rep = sa2.rep + 2 X (s2.rep — s1.rep) X
(D(s1.rep, s2.rep) — s1.radius — sa.radius)
5)  sa.radius =
(D(s1.rep,s2.rep)—si.radius+sa.radius)
2
6) else
_ sy.err
7) S$1.€T7T = 3Xsq.radius  D(s{.rep,s3.7ep)
max( D(s1.rep,sa.rep)’  2Xs|.radius )
8) si.num =
s1.numX(sy.radius+D(sq.rep,s2.rep)—sa.radius)
2Xsy.radius
9) si.rep = si.rep+ 2 X (s1.7ep — s2.17ep) X
(D(s1.rep, s2.rep) — s1.radius — sa.radius)
10) s1.radius = sj.radius—ss.radius+D(sy.rep,sa.rep)
11) end if

12) LifeTime(s1, s2) = LifeTime(s1,s2) + 1 and
LifeTime(sz2,s1) = LifeTime(s2,51) + 1

13) return TP and LifeTime

OB FEAS 2t (R I S 0 Ji 2R A R R AR SR
ARSI, (KPS S Y SR AH =, i X A
SBIRSEAAR 7 HAFAE 8 R, & X )
MR R 22 Hgm J AR K R0 PE gL > 2R
SEACGH X B AR J R AR T, AR AR i 22, ki
P JsU AR ) IE AR AS TR .
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oy, wxk (3) Fron.

LG F,a+8=1(a>0,682>0). %4
a+ B =0, X (3) thnl B4k A Go i 41 5 .
WL o B, W AR 4y SR 7 R A
TEA RPN Y A F U . 52480 i, A S
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$ Sim(X,, X;) = exp(—D(X,, X;)) HACEE B
U, AAHAHLEE 5 sw.err/zzlljl s;.err F d(s,)/
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TR AL, 2 (3) WA (4).
3 EEah

T B M AR IMLVQ I PERE SR bR, A Sk
7 KNN, CNN. ENN, PSC A& ILVQ 5%, I
BRI AT« SEVEVRA AN T TR T S bR AL
3.1 BRI

Sy BT BT LA ST, Horh KNI S0 1 1N 1) 53 2
1 %5 O(knyn?); CNN LIS 24 % O(nN? +
niN?); ENN LR 5205 K O(kn® + nyN?);
PSC HiEm W E 22 h O(rrn + nyN?); ILVQ
SEk I 2 5 O AN, + nyN?) =
O(n Y\ Ny + nyN2), B I 3 4 SR 24
PR )52 2% 32, 05 5 T 8 2 S Ji 280 43 K ) 52 4%
Ji; IMLVQ 53S0 2 S50k, B0 W2
A AR AR O] O(n YN,

;

Sy-cls, 47 D(x, sy.1€p) > Sy.radius 8% D(z, s,.rep) > s,.radius
) Sy -ETT d(sw)
arg min <D($, Sw-reP) + U + ﬁmv\ ,
label(x) — 1:21 S;.erT 1:21 d(s;)
Sy.err d(s,) -
D(z,s,.rep) + a TP + TP ) cls, iyl
> si.err > d(s;)
i=1 i=1
(3)
S.cls, # D(z, 8y.7€p) > Sy.radius B D(z, s,.rep) > s,.radius
Sw-€TT d(Sy
arg max (exp(—D(x, Sw.TeED)) + Ot + 5\TP|( ) ,
label(x) = 2:21 Si-€TT ; d(s;)
S,.err d(s,) -
exp(—D(z, s,.rep)) + « TP + Bp > .cls, eyl
> sg.err > d(sy)
=1 =1
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Table 1  The comparison between IMLVQ and ILVQ on
handwritten digits dataset
% A AgeOld |TP| Ace Str
200 200 1406 97.78 31.27
300 300 1431 98.08 31.83
400 400 1408 97.83 31.32
ILVQ
500 500 1396 97.86 31.05
600 600 1415 97.90 31.47
700 700 1391 97.97 30.94
200 — 1033 98.10 22.98
300 - 1099 98.26 24.44
400 — 1086 97.79 24.15
IMLVQ
500 — 1022 97.97 22.73
600 — 1073 98.17 23.87
700 - 1097 98.34 24.40

%2 FLIREERE T IMLVQ FIILVQ Hok

Table 2  The comparison between IMLVQ and ILVQ on
breast cancer dataset
Sk A AgeOld |TP| Acc Str
7 7 177 87.96 38.88
14 14 178 89.46 39.26
21 21 129 89.19 28.32
ILVQ
28 28 136 89.89 29.77
35 35 134 87.44 29.46
42 42 132 89.63 29.09
7 - 22 89.90 4.88
14 — 23 92.44 5.12
21 - 29 91.69 6.44
IMLVQ
28 — 29 92.18 6.46
35 — 29 91.30 6.33
42 - 33 92.71 7.29

T A AR I SR R AR LA SRS RN R 4 L Y T
XERER) A Fl AgeOld Z30H ILVQ SER 458, (HE
AR RS9 T TLVQ 5395, 7218 10 A
I, K 10 AT, IMLVQ 8053445 47 I i)
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Table 3  The operational results obtained by IMLVQ using the different parametric
a=0.3, 6=0.7 a=06=0.>5
Sk A
Acc Str Time (s) Acc Str Time (s)
200 97.90 20.35 283.40 97.69 20.73 285.91
300 98.13 22.96 303.32 98.02 22.89 306.84
400 97.99 23.28 295.41 98.31 23.53 319.01
Optial Digist
500 98.33 24.82 362.02 98.10 25.20 359.88
600 98.25 25.84 388.20 98.33 24.17 371.88
700 98.11 26.28 394.99 98.63 25.32 385.57
7 91.22 3.56 4.38 91.28 4.22 4.95
14 93.32 4.61 5.25 91.91 4.66 5.31
21 89.98 4.83 5.43 91.76 4.39 5.10
Wdbc

28 91.56 4.66 5.34 92.68 4.57 5.19
35 92.62 5.62 6.15 91.74 6.46 6.84
42 92.27 5.89 6.39 91.98 5.76 6.33

F 4 Pk UCT B4 s R

Table 4  The information of the selected UCI
benchmark datasets

HpEtk BR%4 ek FEAEL
Glass 9 6 214
Tonosphere 34 2 351
Iris 4 3 150
Liver disorders 6 2 345
Pima Indians 8 2 768
Wine 13 3 178
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Table 5  The results of classification accuracy and reduction ratio obtained by compared algorithms on
UCI benchmark datasets
LG/ S KNN CNN ENN PSC ILVQ IMLVQ
Acc Str Acc Str Acc Str Acc Str Acc Str Acc Str
Glass 65.08 100 62.64 66.59 59.77  48.07 60.69 72.78 64.69 28.74 62.44 19.98
Ionosphere 88.68 100 85.89 48.33 86.93  50.17 86.18 45.19 89.29 1991 89.01 10.51
Iris 96.67 100 95.50 59.71 90.83 71.63 92.89 64.83 93.07 45.04 93.60 12.17
Liver disorders 67.61 100 55.80 16.67 60.72  54.80 61.88 67.21 60.87  15.89 60.41  28.37
Pima Indians 71.74 100 61.24 18.80 69.89 64.53 64.89  29.30 66.78  10.25 69.69 11.64
Wine 70.80 100 71.23 67.94 68.25 68.19 62.21 73.74 67.64 41.12 69.52 9.83
Average 76.76 100 72.05 46.34 72.73  59.57 71.46 58.84 73.72  26.83 7411 15.42
#6  HUREEIISAT I G (s)
Table 6 The running time results obtained by compared algorithms on UCI benchmark datasets (s)
LAG/TE S KNN CNN ENN PSC ILVQ IMLVQ
Glass 0.94 1.12 3.72 3.10 2.50 1.81
Ionosphere 2.53 2.58 4.39 3.02 3.93 3.84
Iris 0.48 0.57 2.10 0.74 0.67 0.53
Liver disorders 2.35 1.37 8.78 2.43 3.49 3.94
Pima Indians 2.33 2.75 6.58 2.48 2.94 2.30
Wine 0.64 1.30 3.02 1.28 2.11 0.57
Average 1.55 1.61 4.76 2.18 2.61 2.16

BT OAFEEIIELR UCT Hlndefs &

Table 7 The information of different scale UCI datasets

R{EITES SR ESHIEA AL
Haberman 3 2 306
Ecoli 7 8 336
Breast cancer 9 2 699
Transfusion 4 2 748
Ctg 20 3 2126
Yeast 8 10 1484
Landsat 36 6 4435
Page 10 5 5473
Pendigits 16 10 10992
Letter 16 26 20000
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Table 8 The results of classification accuracy and reduction ratio obtained by compared algorithms on
different scale UCI datasets
Dataset KNN CNN ENN PSC ILVQ IMLVQ
Acc  Str Acc Str Acc Str Acc Str Acc Str Acc Str
Haberman 71.98 100 53.45 28.66 71.75 71.08 71.57  41.18 72.04 26.94 71.42  13.82
Ecoli 86.45 100 77.44  53.71 76.32  53.82 74.93  42.89 83.87  42.96 84.13 12.46
BreastCancer 96.50 100 88.12 7.15 97.13 80.41 78.05 10.55 96.00 15.56 94.99 8.40
Transfusion 76.07 100 67.72 15.49 69.39 67.27 69.44  46.77 73.72  20.63 73.78 5.76
Ctg 82.09 100 62.68 42.91 74.43  52.08 74.86  41.66 68.06 8.23 76.04 7.45
Yeast 57.19 100 48.11  37.56 44.99  26.76 40.17 18.46 55.32 7.70 48.59 19.84
Landsat 90.27 100 76.71  24.79 65.19 48.82 80.65 25.65 87.73 24.45 88.21 15.78
Page 95.54 100 80.09 24.53 92.17 4741 88.17  33.28 91.69 6.37 92.73 5.96
Pendigits 99.13 100 98.67 33.16 84.76  10.19 82.67 13.30 91.27 10.14 98.57  8.02
Letter 94.56 100 72.39 6.18 91.92 50.62 78.71 23.92 72.55 9.81 92.32 6.88
Average 84.98 100 72.54 27.41 76.81  50.85 73.923  29.77 79.23 17.28 82.08 10.44
®9  WEREERNZATIN AR (s)
Table 9  The running time results obtained by compared algorithms on different scale UCI datasets (s)
Dataset KNN CNN ENN PSC 1ILVQ IMLVQ
Haberman 1.43 0.78 1.73 0.91 0.79 0.65
Ecoli 4.01 3.61 3.71 1.88 3.42 2.07
Breast Cancer 11.47 3.06 22.66 2.25 27.27 3.53
Transfusion 4.41 3.09 13.02 6.68 4.61 2.77
Ctg 90.92 42.90 133.26 41.82 37.64 38.60
Yeast 166.19 61.91 249.16 31.58 13.05 7.03
Landsat 690.73 170.89 843.52 212.66 209.37 180.42
Page 300.48 122.66 429.02 192.13 187.15 156.85
Pendigits 1629.88 593.64 1917.92 402.96 549.78 142.61
Letter 6488.37 462.77 9683.57 650.37 428.09 329.45
Average 938.79 146.53 1329.76 154.62 146.12 86.40
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