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Abstract Mondrian Forests is an online learning method based on framework of Random Forests. At the online
learning, Mondrian Forests add a node where is judged as necessary for updating by based on difference between
trained data and additional data. This makes fast online training of decision trees. Since Mondrian Forests use
may label information at the updating, tree structure contain unnecessary nodes. Therefore, this paper presents
an efficient framework of online learning for Mondrian Forests by introducing supervised learning. The proposed
method uses label information to design splitting function, and to decide whether additional node is necessary or
not. The proposed method can reduce the size of decision tree about 68%, comparing with the conventional method.
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F1 Bz 0 FEOEADFL (letter recognition)

¥ [msec] | #iAl [msec] | / — FE| AR (%)
RF - 17.6 387 93.71
Mondrian 24.7 16.8 | 3172.56 89.63
REFIE A 326.8 18.8 | 998.33 93.84
REFEB 28.1 18.7 | 1986.58 90.13

£ 2 HbidH o ¥FEOEADFHE (MNIST)

¥ [msec] | @il [msec] | / — FE| #AIE %)
RF - 17.3 455 92.65
Mondrian 26.3 17.5 | 3237.12 89.62
REFEA 184.2 17.6 | 1183.38 92.11
REFIEB 28.7 16.9 | 2104.65 89.98

# 6 [MREHEA OIS DFHE (Concrete Compressive Strength)

¥ [msec| | @Al [msec] | / — R | [FER
RegF - 12.7 73 11.64
Mondrian 21.5 14.6 167 19.42
RETFIE 123.6 15.2 147 11.91
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MNIST &, 0225 9 F TOFEEZOXFRBETS>T—X &Y
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OHEGEN? 57 5. FHliY >~ T, FEICHEH L TWRNY
VINVERWS.
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MDOFETREAROEIICHIRZHEL L\, 2, ¥ TLD
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5. WEFERE LT, @Y7 VvE 2O TH¥E L7z Random
Forests(RF) & Mondrian Forests(Mondrian), 8% A, £
KF1E B 2 KT 5. letter recognition W T, FEHHY
TNEE 6,000 & U754 DORERE &K 1 1R d. MNIST % H
W, ZEEY U TIVEE 60,000 & L7GE0KERE2E 2 1R
ER EEAERP S, BEFEAIZL /) —Fbizh)0FEK
[l Mondrian Forests & lEZL THML TW 325, fEkIh
LET VDY A XL letter recognition Tl 70.59%, MNIST
TIX 66.84%HIIEL TH D, HHKEEIZEE SHH EL TS,

FERFEOBMOER & LT, BT~V % T4k B8 # s
FHOFPSIHERDP o 7B ZENL TWE I EREZ SN,
SRR E N Z NV & FH W WIRETFL B T, Mondrian
Forests & [FEFDFHETH 5.
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EER 2 T, FHif RF 2H U256 082475 . Fii
RF D37 X —=&1%, KO¥E 10, HE % 10, FIKITDRER
FIE 5, BIEOZNELE 10 &35, HEFHE LT, Hi
FEHEBALURWEE L HATEE 2B AL 2546 O Mondrian
Forests(Mondrian), $#EFiE A, REFIEB 2HIKT 5. let-
ter recognition % AT, FFIFE L L TH Y 7IL#012,000 &
U7 C HETEE Y~ TV 6,000 & U, BT Y 7IVE
% 6,000 & U725 E 2 IR U 72458 2K 3 12] L. MNIST %
FHWT, HETEE R LU TY Y 760,000 & LG4E & Hil
FEY VT VEE 30,000 & U, BIY 2 T IVEE 30,000 & L
TG E R U MR AR 4 1RT. EEBER»S, HiiFY
EEATBHILICLY, KD/ — FETAROME THE
THdIEHWHERTES. oML, HEl RF P Haiy > 7
NEFeDTHHETEHLTWDD, V1 VERERD
BUMT- 7256 L0 /NS RARBE CREARECHDZ L, F
HiR F 2RO ARG 52 8T, / — FOBMOBE
MMEFTEZ LD 2 MBRERLTWSEEXSNS.
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28# 3 TlE, Mondrian Forests % [A[IFEENIGH U 72355 OFRE
fliz475. [ERFAEANORHADFHIEIZIE, UCI Machine Learn-
ing Repository 7* 5 Concrete Compressive Strength & En-
ergy efficiency % fifi 9 %. Concrete Compressive Strength
i, av 2V — NOEMEREEZRIRT 52200 T—X v b
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Mondrian Forests(Mondrian), ##%&FELE KT 5. &b, K
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%2 5 1Z/R L, Concrete Compressive Strength % F\T, %
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# 3 FATFEHEAOHM (letter recognition)

HAEE R L HETFEH Y
J = R AR (%] | 2 — NBC| FAIER (%) | B (%)
Mondrian | 3172.56 89.63 | 993.81 92.36 68.69
REFIEA| 998.33 93.84 | 432.13 93.94 56.50
REFE B | 1986.58 90.13 | 631.23 92.62 68.22
£ 4 FHAFEEAOM (MNIST)
HErFE AL HAIFEH Y
J = R AR (%) | 2 — NEC| AR (%] | B (%)
Mondrian | 3237.12 89.62 | 952.84 92.12 70.59
RETFEA| 1183.38 92.11 | 406.32 92.58 65.68
RETIE B | 2104.65 89.98 | 614.79 92.16 70.81

£ 5 [AIREFEEA OIS OFHIE (Energy efficiency)

¥ [msec] | #iAl [msec] | / — N | [IREFEZE 1 | [FJRFEZE 2
RegF - 11.8 51 1.94 2.04
Mondrian 19.6 13.2 103 6.39 10.49
REFIE 118.1 12.6 85 2.23 2.43
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AW/ — FOBEMHEDEATSH S, #HiT Nz N
J—RoEHEEBEAT ST, ZHY Y IV BNy
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