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ABSTRACT

This paper is conceming the development of multiple neural networks system of problem
domains where the complete input space can be decomposed into several different regions, and
these are known prior to training neural networks. We will adopt oblique decision tree to
represent the divided input space and select an appropriate subnetworks, each of which is trained
over a different region of input space. The overall architecture of multiple neural networks system,
called the federated architecture, consists of a facilitator, normal subnetworks, and tile networks.
The role of a facilitator is to choose the subnetwork that is suitable for the given input data using
information abtained from decision tree. However, if input data is close enough to the boundaries
of regions, there is a large possibility of selecting the invalid subnetwork due to the incorrect pred-
iction of decision tree. When such a sitwation is encountered, the facilitator selects a tile network
that is trained closely to the boundaries of partitioned input space, instead of a normal subnetwork.
In this way, it is possible to reduce the large error of neural networks at zones close to borders of
regions. The validation of our approach is examined and verified by applying the federated neural
networks system to the configuration design of a midship structure.

Key words : Federated neural network, Oblique decision tree, Tile regions, Midship structure
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Fig. 1. A Partitioned input space by oblique decision
free in 2-D space. F1, F2, and F3 are hyperpl-
ane equations of decision tree.
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Fig. 5. Solutions of the federated neural networks.
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Fig. 6. Oblique decision tree generated by OCI.
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Table 1. Solutions of single and federated neural networks with r=0.3, and b=0.5. Note that for convenience, the same
gating ratios are uscd for all regions of divided input space

Symbol Selected Local Varisbles Single neural network Federated neural
network
D V Vs L B D O T Leamning Testing No. of Leaming  Testing
w 0 Error Ermror Regions Error Error
T L
(@ BRDS (@) (@) 101E-2  1.33E-2 2 896E-3  9.79E-3
@ HTKH O © © 803E-3 1.10E-2 3 6.31E-3  7.95E-3
(@ HTKB (o) o © S41E-3  1.15E-2 3 334E-3  5.98E-3
@UWTH © © 6.63E-3  1.20E-2 3 5.79E-3  7.50E-3
UWTB © © 8.63E-3  9.59E-3 3 3.25E-3  6.84E-3
(6) CMBH © © © © 426E-3  2.76E-2 2 1.28E-2  1.29E-2
@MHCMH © 234E-2  203E-2 2 1.53E-2  1.55E-2
HUGH o O O © 991E-3  1.B3E-2 2 3.69E-3  1.44E-2
(& DBH © © © 6.27E-3  6.66E-2 3 2.21E-3  588E-3

where, NN : Neural Network, Learning and Testing Error : RMSE, DWT : Dead Weight(ton3), VOL : Volume(ton3), Vs
: Service Speed(knot), L: Length between perpendiculars, T : Draft(m), V : Breadth(m), D : Depth of Ship(m), Cb:
Block Coefficient, BRDS : Bilge Radius(m), UWTB : Upper Wing Tank Breadth(m), UWTH : Upper Wing Tank
Height(m), HTKB : Hopper Tank Breadth(m), HTKH : Hopper Tank Height(m), HCMH : Hatch Coaming Height(m),
CMBH : Camber Height(m), HUGH : Hatch Under Girder Height{m), DBH : Double Bottom Height{m)

............

Breadth

Fig. 7. A midship structure of bulk cargo ship.
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