2005 =7 gHetsl/digtd gt EAEEstE 3
2005\ 59 13¥~14, FHoista

GA-SVM Ensemble @ X 2] accuracy$® diversityS L& 3

feature subset
MI7|M

o8k Ak ek zoroSl@snu ac.kr , zoon@snu.ac.kr

o

ol

A&

£

Abstract

Ensembleol A feature selection2 7} classifier
o] 3k dlo|H 9 L—ra =27 ste diversity
& FolH, o]z ANkl ATEANE 7=t
Feature selections & w| & HH 7;4 AR s
Genetic Algorithm (GA)O]E], GA-SVM<E GAE
71¥ -0 2 3k wrapper based feature selection
mechanism® 2 response model¥} keystroke
dynamics identity verification modelS W& wj =
& MFE ®BY. AW population 9o THE
Zke] diversityE EAFA FEiti= GH L‘Hv‘f‘oﬂ
classifierE9 accuracy® diversity®] w3dS w3
7] 913 heuristic parameter setting®] A3}y o
—7117‘4’3]10][“} sttt $-gl= GA-SVM &g+
v O 2 populationdt $HE9] fitnessE F4
o] accuracyﬂ- diversity & T il#]3}+ fitness
functione =% 3}¢] —}7}X4°L classifier A9 24
< AASAAN des FHAATIE BkS AFSE
o ﬁl*txqoi ‘DELF’-E]%Q] HEAAE FolHARE
2do] 45S AR

—

et o

o

1. Introduction
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2. Literature Review
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2.2 FS-Ensemble
FS-Ensemblee  Yul[2]7} A¢tst  feature
selection WAooz GAE o]8&3 wrapper

—| GA-Step |— —| Classifier-Selection Step |—
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<Figure 1> FS-Ensemble

feature selection®2] 91 GA-SVM¥} ensembleS 2
el R dlo]t}, FS-Ensembled =LA GA-SVM %
A9} Classifier-Selection @A 2 Yo At}
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Fitness(x)=aAcc(x)+f LT () +y DimRat(x) (1)
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A7, DimRat(x)¥ AA feature] 7<= ths] &4
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A& Asksk Zolth Yue = [l A= q,
v= 27+ 10, 1/100, 1= A3 l—ﬁ *‘aﬁ skttt
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Classifier-Selection @AM = rellA A
GA-SVM ©@Aol A WS ARES o HAipEQl
M7N¢] feature subset? FTHE %Oﬂ"ﬂ 21 A
ensembledl] Fold THE AAHE= GA ot GA
7F &= s 7)o = feature subset«] TR
=2 (diversity® Holi ¢goiv} AA|Ho=
S& accuracyES BRItk GAZE AlE APHR
feature subset?] FTHEL AA A O Zaccuracy’}
FolAY  diversityE #HAstE AEFE BT
ensemble®] F5& Eol7] flaiA= A FHRE0]
diversityE 7}7 2| = accuracy7} Eolof 3}7] uj
&l o]& 7+9] trade-off7} € 23}}[3]. Diversity
9} accuracy?t9] trade-offE L’Eﬂé‘}‘ﬁfﬂ ensemble
S =7 98 Yurb Aokt Classifier—Selection
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[FS-Ensemble Procedure
GA-Step

Step 1. Evolve a population of classifiers each of which employs a subset of features for
(1-£)-100% of time T, where T is the time necessary for convergence and 0<e<l1.

Step 2. Retum all those “premature” classifiers.

Classifier-Selection Step
Step 1. Cluster SVM classifiers f, °s based on the set of features employed. i.e., classifiers in a
same cluster use the same subset of features. The SVM parameters of these classifiers
suchas y andcost ¢ are different.
Step 2. In each cluster, select one classifier £ that has the smallest validation error, resulting
inatotal of k(<n) classifiers.
Step 3. For each classifier £, , compute validation output vector 7 = (AL, ),

where £ (k) is the output of classifier i forthe ;* validation pattern.
Step 4. Compute hamming distance HD(, j) between every pair of validation output vectors

7, and Z . (*There are a total of ,C, such distances.)

Step 5. Choose the top x% of the HDs and return the classifiers involved.
(*For instance, if HD(3,7) was chosen, classifiers 3 and 7 are identified and returned.)

<Figure 2> FS-Ensemble Creation Method
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3. Proposed Method
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Fitness(x)=aAcc(x)+f LT (o) +y DimRat(x) +0U(x)
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time¥} dimension reduction rates population?+2]
zpol 7t A o m R fitness # FHATS 95l
A AAE M2 AAFEATG (=0,7=0), learning
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o] degree of uniqueness criterias H7}stch. 1
Ao 71A%S 918 a,69 HES 12 AAHS
=

Fitness(x)=Acc(x)+U (x) (6)

—| GA-Step |— —l Classifier-Selection Step |—

| Initial Population

Pool of candidate
Feature Subsets

‘ Crossover & Mutation

New Pool of candidate
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by Uniqueness

Best classifiers ]

‘ Selection

R —

[ Best solutions }——

<Figure 4> Proposed FS-Ensemble model

4. Experimental Design

4.1 Data
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<Figure 5> "ABCD"¥ % 9] keystroke dynamics
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4.2 Model setting

Yue] +=[3]A 2220 58 IHE dolg e}
of 7)ol A 22Q1 58 dE dlo
2 XA random samplingS 3t Zﬂolﬂ o) - of]
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sSingle-FF: Single SVM with Full Feature Set
sSingle-UniFit: Single SVM with Feature
Selection with fitness function,
Fitness(x)=Acc(x)+U(x)
sSingle-YuFit: Single SVM with Feature
Selection with fitness function,
Fitness(x)=10Acc(x)+—— ! + !
100 LrnT(x) DimRat(x)
sEnsem-UniFit-Fix: SVM Ensemble based on
Feature Selection with fitness function,
Fitness(x)=Acc(x)+U (x) and fixed number of

classifier selection by fitness function
ool e Er=siEEd AR | HYe HHE () |5H2 HIE0%)
atom loveis, 207 15 21 ol
celavie ilove 3 330 17 15 ol
crapas auturnnman 1 19 10 0
daeguri 90200idg 164 17 10 0
gmother fla sua 101 17 18 38
gusegi dhfpagl, 232 15 8 26
jmin love wid 101 17 19 38
june ditidgml 151 17 14 100
oscar dusrud2? 365 17 27 B3
perfect manseiii 86 17 25 0
silee thkdwo 205 13 20 100
wooks beaupowe 76 17 24 0
wanwenry  [tmdwnsl1 108 17 1& 28
wuhwa wuhwa Tkk 388 17 12 0
bubugi anehwksu 314 17 10 100
dry fiddmswid 337 19 10 100
Jyo0 drizzle 24849 15 10 0
megadeth | difis wp 342 17 & a8
orange C,5,93/ksy 200 21 22 0
shlee dirdhfrmw 308 17 33 100
S0YE ahrfus8s 280 17 20 i5

sEnsem-YuFit-Select: SVM Ensemble based

on Feature Selection with fitness function,
1 1
100 LrnT(x) DimRat(x) and

classifier-Selection Method by Yu
<Table 1> 2178 9] 5o} g5 & dlo]H
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27t APt BEEA, Yuo] = [3]eA] At
WS ALg-3k el Ensem-YuFit-Select ¢ t}2
A& fitness function®] T2 ensembled & uwj

% 40 o

¢

fl

- 617 -



2005 &7 a8l /eyl eks] FAEE e 3
2005\ 5¢€ 13U~14Y, FH5 st

classifierg A¥st= HGS 27 Al<tst= 22
2 Yud] WS AFESHA] gtk o] o] Aol
population®] diversity & *|3}7] ¢1gk WA o= 7]
23l classifier selection ®Ro]7] wo] 2= &
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F A= e Foll A 507ME g5l “*’ AHS s
S 2 5070 #"l Fol A 357+ trainingol] 23
YA 157]= fitness functionS AAFE wf 2
validation®. = ﬂ‘;‘rﬁ}oﬂ c}. GA-SVM I} A o] A
fitness functionel] 2~%] accuracy$®} learning time
L Gaussian kernelS AF&3F SVMol| o3& &A% 3]
om olw] SVM3sF5HA e 22¢] g, cost, ,0 &= &
Mol S Fal drbAQl g Aol =2 aks 3
oA 1743l Eacaa = GAZA o A=
population sizex 100, generation& 5022 A4 s}
it}. o]+ <Table 2>9] population®} generation®l
wE 2 W R W3 classifiers9Y fitness #4< E

= population =7] ¢} generationS Zo|HAA X A
Sol A 93FS ¢t FE= populationd} generation
M A sFA ). Single —UniFit 223} Single-YuFit
GA- SVM 53 714 7219 f1tness%k°] o
featureS ©] 83} single SVM A5 =439}
nE /\164 \q_/ﬂ H 9] u}i 2E = Jﬂﬁto d Zko]

rlo mlo

=
W, 5 ensemble 249 settinge <Table 3>} 7+
Ensem-UniFit-Fix Ensem-YuFit-Select
population population

generation 100 200 300 generation 100 200 300
50 160 167 165 50 2204 2209 2157
100 158 166 167 100 22389 2256 2226
200 161 162 168 200 23.00 2274 2271
D 1.60 165 166 B 2264 2246 2218

<Table 2> population® generation®l| W= fitness
4 =1 A

Seting hModel
Ensem-UniFit-Fix Ensem-YuFit-Select
Fitness = 10FRRCO+
Fitness function Fitness = FREGD + UG | 1/0100 = LinT00) +
1/DimRat(x)
population 100 100
generation [510] 50
crossover rate 0.3 0.5
mutation rate 0.01 0.m
degree of neighbor 0.2
early stoping criterion 0.2
classifier HD percentage 0.3

<Table 3> ensemble model setting

5. Result

WA HA RdEe] Ay= <Table 4>, <Table
5>3 o}, oA 7t e v A,
sAccuracy : test set 1507 & F oS o] e H]
(e}
52
*FAR : False accept rate. test set =°l E}QI3|H LS

Holggo 2 BF3 v&
«FRR : False rejection rate. test set =ol H<¢l =¥l

S el o g BEF3 v &

sAverage uniqueness : 3% ensemblecl] Zo]3+=
%X 5 9] uniqueness®] H ¥t

sNum of Ensemble : Ensemble 22! €] classifier?]
N

Ensemble E @42 average uniquenessz}o|7}
Al el " S & 4 Ak 27 Ak
3= Ensem-UniFit-Fix 249 average
uniquenessi= WH-E2] Hlolg AldA 0.769] 717}
£ S & 4 003l Ensem- YuFit-Select® @]

M= 0.227%4 &= 9] e EAS
Password |Models
Ensem—YuFit-Select
Ensem-UniFit—Fix Fitness = 10Acc(x)
Fitness = Acelx) + UG +1/(100 = LinTOO)
+ 1/DimRat(x)

P LI L BTt o O P L B BT O
90200idg 52,80 2400 7040 0.72 31 5573 6906 1946 017 10.80
ahifussg 88.60 586 1493 0.73 31 80,00 3626 373 0.22 10.20
anehwksy 80,53 160 17.33 077 31 86,26 1280 1466 0.23 13.40
autumniman 93.60 000 1280 0.76 31 9200 1083 5.06 017 11.40
beaupowe 86,00 17.33 1066 0.75 31 78.00 3866 5.33 017 9.20
c.5.93/ksy 93.20 133 1226 0.78 31 92,66 6.66 £.00 0.45 23.60
dhfpal 94.40 000 11.20 0.76 31 96,73 133 7.20 0.20 11.20
dirdhfmw 96,93 0,00 6,13 0,75 31 98,13 0,80 2,93 0,18 11,20
difis wp 86,46 000 2906 0.80 31 93.06 186 12,00 0.20 12.40
ditidgml 90,93 000 1813 0.77 31 95,73 160 693 0.22 10,60
drizzle 82,13 6.66 9.06 077 31 8746 21.06 4.00 0.20 11.60
dusrud27 90,13 000 1973 073 31 93,06 133 1253 031 15,40
ilove 3 94,93 1.08 9.08 0.78 31 91,08 1066 7.20 0.14 8.60
love wid 88.80 1413 8.26 0.75 31 84.40 2720 4.00 0.20 11.80
loveis, 92,13 £.00 7.3 0.78 31 88.06 20,00 1.86 0.27 12.40
manseiii 8306 1840 1546 0.74 31 7400 4813 5.86 0.20 13.00
rhkdwo 93.06 053 1333 0.79 31 93.60 453 2.26 0.31 7.80
rla sua 97.20 1.86 373 0.76 31 8973 1680 373 0.18 10.80
tiddmswid 90,93 026 17.86 0.78 31 91.20 240 1520 0.26 14.40
tmdwns|1 90.26 000 1946 0.78 31 93.60 160 1120 0.25 11.00
wuhwaTkk 97,06 0,00 5,86 0,76 31 97.33 0,00 5,33 0,17 11,80
min 52.80 0.00 373 072 31 BBT3 0.00 1.86 0.14 7.80
Max 9720 1840 29.06 0.80 31 98,13 48,13 1520 0.45 23.60
average 89,67 481 1583 0.78 21 88,18 1879 7.83 0.22 12.03

<Table 4> Ensemble 2952 41}

s e B o Y ol HET R B9
input vectorE°] Ensem— YuFit-Select® 2ol A=
A8 o2 Ensem- UniFit-Fix®Edx1 ot AR 717}t
old] a3 Ak AS EIle Foe=
uniqueness 7} ZthH, ensembleEE 9 feature
subsetEo| Z}7}9] cla551f1er7} H S v, classifier
= Fe] FANES THH B 2 uhe A EhA] 2
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6. Conclusion and Future work

6.1 Conclusion

AE Qokst Wi <Table6>9} Brh Wa ¥
Al oAl 7] BE A sl dloly Alof A
7V £ accuracy® RHAE EES YERH,
accuracy’k &2 A% $5 EA SIATh. 919 el
A E 915%0] 217191 Ag dlolg A F 174
A Single Z9eo] 7} -3k accuracyE B3
vl 18 2R classifier sty ARESe] WhE 29
3} ensemble 29 Hlu st = W ensemble R &
o] accuracyE F°o|WA o= dlo]E] Ao A} 7] &
e ASS HoFEgorna o 5t ¢ 5
Q). g ensemble 24 I A,
Ensem UniFit- F1XE"“JJr Ensem- YuFit-Select
A5 vaste] B owf, F 2RO accuracy SHNA =
]%E‘} AN lio%—r‘?i‘jr% As & Aot AR
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Password  [Models

Single-UniFit Single-YuFit Single—FF

{Gamma = 0,2, u=0,05) |(Gamma =0,2, u=0065) |(Gamma =02, u=008)

Accuracy  FAR FRR Accuracy AR FRR Accuracy  FAR FRR
90200idg 50.66 BBT3 4293 52.00 13.38 $2.60 4733 9333 1200
ahrfusgs 85,60 1333 1046 56,53 110 8781 20,00 40,00 0,00
anehwksu 85,73 2320 5.33 73,54 261 50,29 3133 37.53 0,00
autumnman 88.93 17.33 4.80 75.08 445 4540 9133 17.33 0.00
beaupowe 81.46 1520 21.86 65.54 093 B7.97 78.00 42.66 1.33
©.5.9%/ksy 91,60 933 7.46 77.55 468 40,20 90,00 20,00 0,00
dhfpgl, 9413 11,48 0.26 95,44 6,90 221 90,66 18,66 0,00
dirdhfmw 96,53 8.93 0.00 87.09 079 25.01 90.66 18.66 0.00
difis wp 87.06 2533 053 85.74 577 2274 72,66 54.66 0.00
ditidgml 91.46 1653 053 8153 708 29.85 87.33 2533 0.00
drizzle 87,06 1200 13,36 64,87 528 6476 36,66 2266 400
dusud27 88.40 2320 0.00 86.62 188 24.87 30.66 38.66 0.00
ilove 3 94.53 3.00 2.83 87.33 586 19.48 93.33 13.83 0.00
love wid 79.46 2826 12.80 7255 6.19 48.70 76.66  44.00 2.66
loveis, 87.46 %63 1663 70,45 221 BG83 38,66 22,66 0,00
mansedi 7280 1146 4293 56.59 213 8467 84,00 29.33 266
thkdwo 91.46 16.80 0.26 92.92 452 9.62 90.00 20.00 0.00
Ha sua 95.20 7.46 2,13 55.29 235 87.04 36.00 28.00 0.00
tiddmswid 90,40 18,93 0.26 86.20 481 22,77 20,00 40,00 0,00

Ensem_ tmdvms! 1 9053 18,66 0.26 76.87 6,20 40,04 7866 4266 0,00

yuhwaTkk 96.13 73 0.00 9557 1.64 7.20 92.66 1466  0.00
min 50.66 8.93 0.00 52.00 0.79 221 4733 13.33 0.00
hanc 9653 2826 4293 95,57 708 2781 93,33 93,33 1200
average 8698 1692 9.10 76.92 432 4381 8317 3267 1.08

<Table 5> Single &l E 9] A3}

Ensem-UniFit-Fix |Ensem—YuFit-Select | Single-UniFit | Single—YuFit |Single-FF
90200jdg 52.80 55,73 50.66 52.00 47,33
ahtfus8s 88.60 80.00 85.60 55.63 80.00
anehwksu 90,53 86,28 86,73 7364 81.33
adtumnman 93,60 92,00 22,93 75,08 91,33
beaupowe 86.00 78.00 £1.46 6554 78.00
©.3.93/ksy 93.20 92.68 31.60 7765 90.00
dhfpgl, 94,40 95,73 34,13 95,44 90,88
dirdhfmw 96,93 98.13 9663 87.09 90.86
dlfis wp 85.46 93.08 87.06 85.74 72,86
citjdgml 90,83 25, 73 31,46 8163 87.33
drizzle 92,13 87,46 87.06 64,97 86,66
dusrud27 013 93.08 28.40 86.82 80.86
ilove 3 94.93 91.08 9453 87.33 93.33
lowe wjd 88,80 84,40 73,46 72,65 76,66
loveis, 92,13 89,08 87.46 70,45 88,66
manseili 83.06 74.00 72.80 56,69 84.00
thkdwo 93.06 93.60 91.46 92,92 90.00
Ha sua 97,20 89,73 395,20 55,29 86,00
tiddmsuwic 90,93 91,20 90,40 86,20 80,00
tmduns1 90.26 93.60 90,63 76.87 78,86
uhwa Tkk 97.06 97.53 96,13 9857 92,86
average 83,67 88.18 86,98 75,32 83.17
Mumber of
highest accurac: o i Y Y L

<Table 6> AA 242 accuracy® number of the
highest accuracy
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6.2 Future work
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fitness function®ol] A uniqueness Z7124 3
accuracy Z=712& ] dete WA S 343}31%
] o] A4S multi-objective -7 ol A 04?
7} 91o ™| training datags AY 5SS
0}1%1} W] 9] key stroke patterno] &t
T2 QI3 outlier”} & 3ol H¥

Za™

m{o m?L'_
o N N
J8 TPl
>
21> 0 o

Abgape] gElo] npy = AES oA
3 A7 H Q3 Aol

ot
o
rlr
o%
e
=2
=

7. Reference

[1] gt 3] (1997), = Ebx} sfEde] 7] Rksgh AF8-2}
o] =, .316]—/\‘]/\]_6]—‘145:.‘1_, J.?;]—S'ﬂ,].tﬁd—ﬁ

[2] E. Yu (2004). Constructing Response Model
Using Ensemble Based On Feature Subset
Selection. & &HFAFSHE] =1, Al dl gl

[3] E. Yu, S. Cho (2004), Keystroke dynamics
identity verification—its problems and practical
solutions. Computers & Security, 23(5),
pp428-440

[4] N. Srinivas, K. Deb (1994). Multiobjective
Optimization Using Nondominated Sorting in
Genetic Algorithms, Evolutionary Computation,
2(3), pp221-248, Fall

[5] D. Opitz (1999), Feature selection for
ensembles. AAAI/TAAL pp379-384.

[6] G. Brown, J. Wyatt, R. Harris, and X. Yao
(2005), Diversity creation methods: a survey
and categorisation. Information Fusion, 6(1),
pp 5-20

[7] J. Yang, V. Honavar (1998), Feature Subset
Selection using a Genetic Algorithm. in
Feature Selection for Knowledge Discovery
and Data Mining, H. Liu and H. Motoda
(eds.), Kluwer Academic Publishers,
ppll17-136

[8] S. Cho, K. Cha (1996),Evolution of neural
network training set through addition of
virtual samples, International Conference on
Evolutionary Computation, Nagoya, Japan,
pp685-688

[9] S. Hashem (1997), Optimal Linear
Combinations of Neural Networks. Neural
Networks, 10(4), pp599-614

[10] R. M. Karp (1972), Reducibility among
combinatorial problems, in R.E. Miller and
J.W. Thatcher (eds.) Complexity of Computer
Computations, Plenum Press, New York

[11] L. Breiman (1996), Bagging predictors.
Machine Learning, 24(2), pp123-140.

[12] T. G. Dietterich (2000), Ensemble methods in

machine learning. First International
Workshop on Multiple Classifier Systems,
ppl-15.

[13] Y. Freund, R.E. Schapire(1996),

Experiments with a new boosting algorithm.
Proceedings of the 13th International
Conference on Machine Learning, Morgan
Kaufmann, pp. 148156.

[14] J. Sullivan, J. Langford, R. Caruana, A. Blum
(2000), Featureboost: A  meta-learning
algorithm that improves model robustness.
Proceedings of the Seventeenth International
Conference on Machine Learning.

- 619 -



2005 &7 a8l /eyl eks] FAEE e 3
2005\ 5¢€ 13U~14Y, FH5 st

[15] Y. Liu (1998), Negative correlation learning
and evolutionary neural network ensembles.
Ph.D. thesis, University College, The
University of New South Wales, Australian
Defence Force Academy, Canberra, Australia.

[16] X. Yao, Y. Liu (1998), Making use of
population information in evolutionary artificial
neural networks, in: IEEE Transactions on
Systems, Man and Cybernetics, Part B:
Cybernetics, vol. 28, IEEE Press, pp. 417425.

[17] N. Sharkey, J. Neary, A. Sharkey (1995),
Searching weight space for backpropagation
solution types, Current Trends in
Connectionism: Proceedings of the 1995

Swedish Conference on Connectionism, pp.
103120.

- 620 -



	MAIN
	TABLE OF CONTENTS

