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To efficiently provide cloud computing services to users over the Internet, I'T resources must
be configured in the data center based on virtualization and distributed computing technology. This paper
focuses specifically on the problem that new training data can be added at any time in a wide range of
fields, and new attributes can be added to training data at any time. In such a case, rule generated by the
training data with the former attribute set can not be used. Moreover, the rule can not be combined with
the new data set(with the newly added attributes). This paper proposes further development of the new
inference engine that can handle the above case naturally. Rule generated from former data set can be
combined with the new data set to form the refined rule.
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(Table 2) Extended data representation of Table 1.
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(Table 1) A common data set

Home Owner '\S/Ita&:tltjasl ﬁgg%ael Class
Yes Single 120 No
No Divorced 100 Yes
No Single 80 Yes
Yes Married 120 No
No Married 100 No
No Single 80 Yes
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Event Weight(i) Home Owner : Marital status : Annual Income Class

Yes No Single Married Divorced 80 100 | 120 | Yes No
1 20 1 0 1 0 0 0 0 1 0 1
2 1 0 1 0 0 1 0 1 0 1 0
3 1 0 1 1 0 0 1 0 0 1 0
4 1 1 0 0 1 0 0 0 1 0 1
5 1 0 1 0 1 0 0 1 0 0 1
6 1 0 1 1 0 0 1 0 0 1 0
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Play : 1

Play : 1 Don't Play : 3

Don't Play : 1 Play : 1

[Fig. 1] An example of decision tree
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72 1 : [Play:1] = [Outlook=Sunny]
T2 2 : [Don't Play:1] = [Outlook=Overcast]
[Windy=Truel
72 3 : [Play:1] = [Outlook=Overcast]
[Windy=False]
T+& 4 : [Play:1, Don't Play:3] = [Outlook=Rain]
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(Table 3) An output data from the rule of Fig. 1
Event Weight Outlook Temp Windy Class
# Y Sunny Overcast Rain 10 20 30 True False Play Don’ t Play
1 1 1 0 0 1/3 1/3 1/3 1/2 1/2 1 0
2 1 0 1 0 1/3 1/3 1/3 1 0 0 1
3 1 0 1 0 1/3 1/3 1/3 0 1 1 0
4 4 0 0 1 1/3 1/3 1/3 1/2 1/2 1/4 3/4
(Table 4) New data set
Event Weight Outlook Temp Windy Class
# Sl Sunny Overcast Rain 10 20 30 True | False Play Don’ t Play
1 1 0 1 0 1 0 0 1 0 1 0
2 1 1 0 0 0 1 0 0 1 0 1
3 1 0 0 1 1 0 0 1 0 1 0
(Table 5) Connect with old rule and new data
Event Weight Outlook Temp Windy Class
# 9 Sunny | Overcast Rain 10 20 30 True False Play Don’ t Play
1 1 1 0 0 1/3 1/3 1/3 1/2 1/2 1 0
2 1 0 1 0 1/3 1/3 1/3 1 0 0 1
3 1 0 1 0 1/3 1/3 1/3 0 1 1 0
4 4 0 0 1 1/3 1/3 1/3 1/2 1/2 1/4 3/4
5 1 0 1 0 1 0 0 1 0 1 0
6 1 1 0 0 0 1 0 0 1 0 1
7 1 0 0 1 1 0 0 1 0 1 0
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(Table 6) Experimental results of rule refinement problems

Attribute Num Error (%)
Data Data Number Disc. Cont. Class Num cas UChoo
splice 3,190 62 3 5.68 6.33
vehicle 846 4 31.99 31.43
waveform 300 3 28.81 30.21

(Table 7) Experimental results on data with new attributes added

Data Experimental Methods
C4.5 Training2+Rule1 Training3 Training4+Rule3
Letter 26.12 28.30 30.89 21.75
Iris 10.01 8.00 22.67 8.67
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(Table 8) Comparison of Uchoo and Adaboost Results

Data UChoo Adaboost

Glass 31.90 2595

Vehicle 22.72 22.49

Balance-Scale 17.72 16.98
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