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Abstract: In classification by machine learning, an ensemble method that is a combination of multiple clas-
sification models is often highly accurate. However, since an ensemble method require a large amount of
computational resources, it is difficult to use it in an environment with limited computing resources such as
mobile phones. To solve this problem, model compression that approximates an ensemble with a small neural
network has been proposed. In model compression, a large amount of synthetic data is generated based on
the original data and used for learning of the approximate model. It is important to obtain a synthetic data
distribution that closely approximates the true data distribution in this synthetic data generation in order to
bring the performance of the approximate model closer to the original ensemble. In this study, we propose
Adaptive MUNGE which generates synthetic data which is effective for learning of approximate model faster
than existing method by considering the distribution bias of each classification class. Experimental results
show that the proposed method can generate synthetic data at high speed compared with the existing method
and can realize model compression that maintains more accuracy.

Keywords: model compression, data generation, synthetic data, machine learning, ensemble method, neural
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Algorithm 1 MUNGE

Require:
r—s -ty b (2 FATNVARL) T, B7— 5 LRk,
TEFRINT A =5 p, THUST A—F s
Norm(a,b): V¥ a, RS b ORGP B5 727 v 7 Al
Output: 7 7AIXLV e L7T—%tv b D

1: D« ¢

2: while |D| < k do

3: T «—T

4 for all 7" D4 Y A% ¥ X e do

5: e — T WO e

6: for all e OFff&E a do

7: t~U(0,1)

8: if t < p then

9: if a VSEBUEEDOY; A then
10: sd — |eq —e€l|/s

11: ea — Norm(el, sd), el, — Norm(eq,sd)
12: else

13: e DFFfE L e OFET ANER %
14: end if

15: end if

16: end for

17: end for
18: D—DuT’
19: end while
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Fig. 1 Difference in pseudo data generation of MUNGE and

Adaptive MUNGE in 3D data. Each data has 2 contin-

uous attributes and a class label of “black” or “white”

ERAHD SER ‘

as a feature. Since MUNGE uses normal distribution,
there is a possibility that pseudo data is generated at
the class boundary in the classification task. Adaptive
MUNGE solves this problem by generating pseudo data

between e and €’.

Algorithm 2 Adaptive MUNGE
Require:
T =5y M T, BT — 5 A5k, HEEXTA=Fp
Output: 7 7 ATV LT7T—%+ty F D
1: D—¢
2: sampleSize — k/(T O 7 7 A%)
3: forall T 7 7 A T, do

4 D. — ¢

5 while |D.| < sampleSize do

6 T! — T,

7 for all T D4 Y A% YA edo

8: e «— T! NORE; e

9: for all e D= a do

10: t~U(0,1)

11: if ¢t < p then

12: if a PEHUSTEO Y15 then

13: €q — €q —uleq —ey| u~U(0,1)
14: el —el —uleq —e,| u~U,1)
15: else

16: e DR L ¢ OFfET ANER S
17: end if

18: end if

19: end for
20: end for
21: D, — D, UT!

22: end while
23: D — DUD,
24: end for
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Fig. 2 Comparison of pseudo data generation method in 2D

data. The wavy line shows the decision boundary of the
SVM trained with Train Data. Adaptive MUNGE re-
duces class imbalance compared with MUNGE by gen-

erating many pseudo data of minority class.
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ERLT vy TVEBEL, £7—%ty MIBWTS
TA =R ADRW AT A, RSEICL o TAHEK S
T TR, BN A T A MR E TV
THhY), INEETNVERHONGEETH.

HF—=Fty MK LT, 5 0EEREEIC X > TER
479 . 7o, b EIREBGREIC B A & T— 5 %
WT, 2515 5EIEMRFEEZIT) 2L T, RSE D37
A =5 E2PEST D, BIO 5 rEIZEMGEE 1T, MUNGE
& Adaptive MUNGE D35 XA —% g0 5. 2, 7

®1 75yt
Table 1 Description of datasets.

T=%+tv b Frtm T % Bt
LETTER 16 20,000 0.0377
VEHICLE 18 846  0.2350
Mammography 6 11,118  0.0232
COVTYPE 54 38,501  0.0713
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YTV, O T — 5 DA EHCTER LIZRBO
H—=a—=F Wty b, 7TYH U7 VOEMICHNSNT
WEHONH) LIFEBDOE—F )L, MUNGE &, Adaptive
MUNGE 23 L T479. MUNGE, Adaptive MUNGE i3,
ENENOFFEL o TER S N8N 7 — 7 Tl S
72 128 D=y F RO 2O 2 —F Wy
FERYT., Z2—=F 0y ME, RE[LTLVITY RLI2E
Adam [19] % vy, /3y F4 4 Zid 128, EMEALEI R
ReLU [20], 1@ OEMALREENZIEY 7 E 4 PRI Z W
4. FEfEIEIZ1E, RMSE (Root Mean Squared Error),
BLXOFEZHAVS. FERAHE LT 5 T Mo
BEOWMETHAEINTBY, 7T ADOAHME I L CTE
MCTHDHEEZLNLTWS [9].

F2EE T, CPU I Intel Xeon E5-2420*" (6 27) 2 #%,
A E1) |2 DDR3-1333 96GB % &5k L 724 — /% Il FfH
=N L THW.

4.3 ERBEREER

3%, &£7F—% 1y MIWT5EFVEMHOFERT
HY, 55EIEMERI T 5 F i, % RMSE %
RLTWA, FllL, SWEERYELZF— 12 LT
YFELGETETWAL I EEZI/RL, RMSE X, ZDfEAS
BTWIEEETIVDOINT =< VAR EWI EEZ/RLTW
L. TNENHFLT, ROBWSRT 4 =<V A%ZRL
TV A IERIZI T — 7T 57 23 0 7O R
TdHA. F72, best neural net 1 ZILDO N T — ¥ THIH
TE5RED=2—7 )4 v b%&/RL, best single model
X7 T NVOERE B ARBORE—F TN OFIE S
7 4 —< ¥ A%RT. Adaptive MUNGE (%, LETTER,
VEHICLE, Mammography ® 3 2D 7 —% & v MI&L
T, FAi & RMSE Wi 512358 WT MUNGE X W {ERI2H 5.
F 72, WEESMEVT =5 2y NI L TIEF 0 EDSEE
TH54. COVIYPEIZH L TH, ST — s H24 % n»
& &3 MUNGE 73> TWa Y, XA MZaT7TIZELT
1%, Adaptive MUNGE %% - T\ 4. Adaptive MUNGE
Lo TORKIRY 7 ADEIGHEEZ 5 &9 IZEUT— 4 %
BT 5 28T, AT 5123 L THEMmBRDET IV
PREFEET LR, Ty 7 VOPuEER % T
EloeEZoNDL, FHNT— 5 D% A XH 800k x2S
ETH Y TNORBOEMET VLD S RWFEETH
HTETwh. F72, Adaptive MUNGE T4 L 72 100k
OE T — 7 TIFL/z=a—F Ay ML, TTOT U
7V EIRIEFESEDO RMSE, BX U, FETHHZ L%
»%. La»L, COVIYPE (335 25K\ 25, MUNGE
& Adaptive MUNGE OMEREIZH T ) ED 7%\, T

*I https://ark.intel.com/products/64617 /Intel-Xeon-
Processor-E5-2420-15M-Cache-1_90-GHz-7_20-GTs-Intel-

QPI

12



BB LR F—4~—Z Vol.11 No.2 7-15 (July 2018)

LETTER LETTER
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.......................... —e— MUNGE
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2 —x— Adaptive MUNGE Z 0.081 gle model
w ---- ensemble
-------- best n.eural net 0.06 4 ———rm e ————
——- best single model
4k 10k 25k 50k 100k 200k 400k 800k1000k 4k 10k 25k 50k 100k 200k 400k 800k1000k
Training size Training size
VEHICLE VEHICLE
0.981 0.225 Jr T
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5 0.94 0.175{ e
g | = munee g  best s model
€ 0.92{ —¢ Adaptive MUNGE % 0.150 9
w“ ---- ensemble o5 T T T TTTTT
0.901 ... best neural net ’
088l — best single model 0.100
4k 10k 25k 50k 100k 200k 400k 800k1000k 4k 10k 25k 50k 100k 200k 400k 800K1000k
Training size Training size
Mammography Mammography
O o S A S — 0.141 —e— MUNGE
/ —— Adaptive MUNGE
0.61 o bl
o 0.131 znsem e|
—*— MUNGE R N et sindle model
€041 —<— Adaptive MUNGE = 0.12- 9
“ ---- ensemble LS TN
-------- best neural net 0.11]
0.2 —-—- best single model
4k 10k 25k 50k 100k 200k 400k 800k1000k 4k 10k 25k 50k 100k 200k 400k 800k1000k
Training size Training size
COVTYPE COVTYPE
Ly —e— MUNGE
0.901 0.181 —— Adaptive MUNGE
o 0.161 ---- ensemble
§ 085 e— MUNGE w ’ NI VPP best n‘eural net
¢ —« Adaptive MUNGE 2 0.14] ~_best single model
w ---- ensemble
0.80 [ 7 e best neural net . 0.121
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4k 10k 25k 50k 100k 200k 400k 800k1000k 4k 10k 25k 50k 100k 200k 400k 800k1000k
Training size Training size

3 £7—%1v MIBULETVEMOKA. ensemble AT — 2 1T 27 4 ¥ TUVOFRTHY, best neural net 1ITLOFNHE
Ty Tl CTELmEDND=2—F )% v b, best single model 17 »H > 7V OEHEHL R H2HEDH—~ETNVOFEYNT -3V A %
RY. Adaptive MUNGE 1& MUNGE 121X, ¥\ 5—% (LETTER, Mammography) IZxfL T, BWA7 4 —< VA%
FEHL TV
Fig. 3 The result of model compression in each data set. “ensemble” indicates the average performance of the ensemble for the
training data. “best neural net” shows the average performance of the best neural net that can be trained with the original
training data. “best single model” shows the average performance of the best single model that is a candidate for the en-
semble. Compared to MUNGE, Adaptive MUNGE shows good performance against data with imbalanced data (LETTER,
Mammography).
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£2 E£F—¥ty MIBIILEFNVEMOIER (f-measure)

Table 2 f-measure results of model compression in each data set.

T=%+xv b ensemble  best neural net  best single model | MUNGE  Adaptive MUNGE
LETTER 0.96451 0.86841 0.94923 0.91577 0.95373
VEHICLE 0.98180 0.87680 0.96099 0.96256 0.96468

Mammography 0.73004 0.18201 0.65743 0.66022 0.70087
COVTYPE 0.92937 0.80736 0.91185 0.92124 0.92290
£ 3 K74ty MIBILETIVEMOKE (RMSE)
Table 3 RMSE results of model compression in each data set.

T—=%%tv b ensemble  best neural net  best single model | MUNGE  Adaptive MUNGE
LETTER 0.05135 0.09391 0.06179 0.07707 0.05826
VEHICLE 0.09258 0.22678 0.13627 0.13363 0.13093

Mammography 0.10253 0.14349 0.11332 0.11522 0.11091

COVTYPE 0.09911 0.15335 0.11130 0.10542 0.10512

K4 BT ICBIAVEBIRY I ADEE

Table 4 Ratio of minority class in pseudo data.

£5 RPN AR DR 2HEH ()

Table 5 Time in seconds to generate pseudo data.

- MUNGE Adaptive MUNGE . MUNGE Adaptive MUNGE 3%
T=%+tv b T=%+tv b
mean * std mean * std mean * std mean + std (%)
LETTER 0.0378 £ 0.00017  0.4941 + 0.00036 LETTER 198.839 + 4.039 91.072 4+ 3.193 54.198
VEHICLE 0.2322 + 0.00535  0.4793 + 0.01829 VEHICLE 9.102 4+ 0.093 3.354 4+ 0.422 63.151
Mammography | 0.0203 £ 0.00028  0.4387 £ 0.00277 Mammography | 58.751 £+ 3.479  29.390 £ 0.504 49.975
COVTYPE 0.0694 + 0.00015  0.4840 + 0.00136 COVTYPE |552.654 & 5.302 236.756 =+ 3.545 57.160

COVTYPE (213 #EBUR 2% <, MUNGE & Adaptive
MUNGE QMR IZEP O nizdiZe E2 o5,

£2 K3IWEFL4DOORNVFI—TFZNFNIIXFLT, £
MG oT o7, TOINHT— 7 T TELRER
D=a2—=F)Vty b, TUvH 7T VOEREZLIRED
%5, BXU, MUNGE, Adaptive MUNGE DX
ANRAATERY. HEIZ, 5 OB ERGEEIC BT LY
T =R VATHbE., IRXRTOXRYFIT—712B0nT
Adaptive MUNGE ¥, 2412 MUNGE O1gE% Elal b,
JEFEICBOWTOENNEEZRL TS, T2, BEEOHKW
T—=%ty MIBELTIE, ZOENEZFIIENTVS,

K4, HF—5+ty MIBWT, JlfT— 0540
L 72 100k OB 7 — ¥ 12 BT P8Ik T ADEE %R
LTwa. BARMIZIE, AT —2 2 MWCEl L7227 >~
T TN, NET— 5 OV 7 AET B ETHIL
75T — % OFEEGTHAH. MUNGE THRLE L 728887 —
FIITLOINET — & OHFHERICIEFFITHEVEZ R L T
L. FNUx LT, Adaptive MUNGE (ZJHWV &8 ) A%
K2 FZADT =45 %% HERT 52 L THED L 75
F= Y BERTHEIENTETVS,

R51, 751y MIBWT, T — 755 100k
DEFT — & BRI Do 72 2 78 LT . Adaptive
MUNGE 1%, MUNGE T T — & AR 227 5 BER % 5
BWLTHEHTETWA, gk & B Y Adaptive MUNGE
X, ANTF—=2IC LT AT EICMEEST S, 2RI

© 2018 Information Processing Society of Japan

L0, HEEIEONSRICR LT — B ESETH LT,
MEDOAr = VENSLSTHLIENTEL., TOKE,
MUNGE IZBWTR MV ay 7 &erE L, BT — % 4
WA E R TE e EZOND,

+=A
5. (=113

KEFFETIE, 7Ty TVFEOT VT XL O IR
LR WETIVIERS I EE 2 S T — ¥ ERFE 2 1%
L7z, #%T: Adaptive MUNGE TlE, AHTF—% %72
FAZEIMIS L &C, LOT— 5 ORI GEL
FeB T — 5 R ERT 4. BRI MUNGE & O s
BRCE D, 3T — 5 OWWEIRVITE, EMkET IV
DB/FEZE, BORT+—<Y VAR ERTELI L%
oMz L7z, $£72, Adaptive MUNGE 3, 1¥flf 77—
FIA L TCETVERDONT =< Axm 34572
TR, BUT— Y ERTEHEILL, S50
BRICE o TEDRIFINE R b\ XT A= 03w, It
fxgzkEI2 X 1, Adaptive MUNGE (£, MUNGE 12X} L C
BELT — & AR AR 2 BT E A T E IR L 72
Adaptive MUNGE 137 5 2A X VIZHED T, JlfiT—
Y agEI LS T — % 2T 5. kD), MUNGE
WZBWTKR MV Ay 7 Th o 72 E%E KD 2 U ORED
A= NVENSLTDLZENTEDL, 20 [45E] oL
i, T — D7 7 AIHES T TONAEDT, %7
T A FERETIEIOE ML, SO ICHED A — v

14



BRI LH/TE F—4~N—2 Vol.11 No.2 7-15 (July 2018)

ENELTAHIENRTESL., Lo T, Adaptive MUNGE
X, %77 ASHEMBEICBWTE S 20842 5%IET 5
EEZOND. %7 T AGECHIREENOMAIZ45HD
RYETH 5.

I AWZEO—ERIL, JSPS BHIFE: LSR5 16H02904)
DI X > Tirbh 7.

A R

2018 EFPW AT, Fd (MEH
). AERKEEY 70— M A
. &) 27 v— b7y B Y-
A i),

[1]  Dietterich, T.G.: Ensemble Methods in Machine Learn-
ing, Proc. MCS, pp.1-15 (2000).

[2] Bauer, E. and Kohavi, R.: An Empirical Comparison
of Voting Classification Algorithms: Bagging, Boosting,
and Variants, Machine Learning, Vol.36, No.1, pp.105—
139 (1999).

[3]  Opitz, D. and Maclin, R.: Popular Ensemble Methods:
An Empirical Study, JAIR, Vol.11, pp.169-198 (1999).

[4]  Zhou, Z.-H.: Ensemble Methods: Foundations and Al-
gorithms, Chapman & Hall/CRC, 1st edition (2012).

EME (ExA)

2012 FEBORAER AP LIS T,
it (T2). FEFPAR REREN
WA T 1 T RBYE. BEAREE ORI
fEFE. HARF— 7 N— 234, ACM
#KIERH.

[5]  Dietterich, T.G.: Machine-Learning Research: Four Cur- HYFERE w4 WB)
rent Directions, AI Magazine, Vol.18, No.4, pp.97-136 - a
(1997).

[6] Zeng, X. and Martinez, T.R.: Using a Neural Network
to Approximate an Ensemble of Classifiers, Neural Pro-
cessing Letters, Vol.12, No.3, pp.225-237 (2000).

[7]  Bucilug, C., Caruana, R. and Niculescu-Mizil, A.: Model
Compression, Proc. ACM SIGKDD, pp.535-541 (2006).

[8]  Lindgren, T.: Model Based Sampling - Fitting an En-
semble of Models into a Single Model, Proc. CSCI,
pp.186-191 (2015).

9] Liu, A., Ghosh, J. and Martin, C.E.: Generative
Oversampling for Mining Imbalanced Datasets, DMIN,
pp.66-72 (2007).

[10] Chawla, N.V., Bowyer, K.W., Hall, L.O. and
Kegelmeyer, W.P.: SMOTE: Synthetic Minority Over-
sampling Technique, J. Artif. Int. Res., Vol.16, No.1,
pp.321-357 (2002).

[11] He, H., Bai, Y., Garcia, E.A. and Li, S.: ADASYN:
Adaptive synthetic sampling approach for imbalanced
learning, IJCNN, pp.1322-1328 (2008).

[12] Caruana, R., Niculescu-Mizil, A., Crew, G. and Ksikes,
A.: Ensemble Selection from Libraries of Models, Proc.
ICML (2004).

[13] Zhou, Z.-H., Wu, J. and Tang, W.: Ensembling neural
networks: Many could be better than all, Artif. Intell.,
Vol.137, No.1, pp.239-263 (2002).

[14] Li, N. and Zhou, Z.-H.: Selective Ensemble under Regu-
larization Framework, Proc. MCS, pp.293-303 (2009).

[15] Tsoumakas, G., Partalas, I. and Vlahavas, I.: An En-
semble Pruning Primer, SUEMA, pp.1-13 (2009).

[16] Hernandez-Lobato, D., Martinez-Munoz, G. and Sudrez,
A.. Empirical analysis and evaluation of approximate
techniques for pruning regression bagging ensembles,
Neurocomputing, Vol.74, No.12, pp.2250-2264 (2011).

[17] Lichman, M.: UCI Machine Learning Repository (2013).

[18] Vanschoren, J., van Rijn, J.N., Bischl, B. and Torgo,
L.: OpenML: Networked Science in Machine Learning,
SIGKDD Ezplorations, Vol.15, No.2, pp.49-60 (2013).

[19] Kingma, D.P. and Ba, J.: Adam: A Method for Stochas-
tic Optimization, CoRR, Vol.abs/1412.6980 (2014).

[20] Glorot, X., Bordes, A. and Bengio, Y.: Deep Sparse Rec-
tifier Neural Networks, Proc. AISTATS, Vol.15, pp.315—
323 (2011).

© 2018 Information Processing Society of Japan 15



