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Abstract—The complicated decision making problem is one of
the important components for the study on the system of
artificial intelligence area. This thesis, based on the Bayesian
technology and decision-making theory, is going to optimize
the traditional IDs model and improve the ability of expression
of the model. Firstly, the structure decomposition method is
given to divide the IDs into two parts, which are probability
network structure and utility function structure. Secondly, a
new MDL evaluation standard is put forward to reduce the
dependence on statistics of the traditional MDL evaluation
standard and based on the new standard to propose to use the
PS-EM in the model choice of probability network structure;
and also by using the sum of individual utility function instead
of the joint utility function to create the BP neural network to
study the utility function structure of the IDs. The
experimental result shows the method mentioned above is
effective.
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|. INTRODUCTION

Even though Bayes network has obvious advantage on
modeling and inference of uncertainty problem, lacking of
MDL evaluation standard makes it not so ideal on
knowledge expression, decisson making and behavioral
interaction of multi-agent system.

IDs integrated the formalization of Agent beliefs and
behavior evaluation mechanism and has become one of the
most important knowledge representation tool of decision
making problem™?, and aso applied in the air defense
system construction™, military decision analysis, and
unmanned air combat simulation! and aviation image
automatic understand™®.

In the treatment of the static decision making problems,
IDs is more intuitive than the decision tree, it can reveal the
dependency relationship of internal structure in system, and
more important thing is that IDs is much stronger than the
decision tree to solve large-scale decision problems. As the
growth of the number of variables, the scale of decision tree
is under exponential growth, but the scale of IDs is under
linear growth. In addition, The IDs can model the
relationship among discrete, continuous and compound
variables, which isincapable for decision tree. 7

The reasoning of IDs is mostly based on the joint tree
propagation method, but the triangularization operation in
the construction of joint tree is still an open problem for
research; moreover, the joint tree cannot avoid completely

the high-dimensional problems occurred in the process of
reasoning in the calculation, thus reasoning of complex
system is still a NP problem. ©8°

This thesis is aiming at solving the problem among data
dependence, computational complexity and the problem of
non-probability relationship through the IDs model choice by
putting forward PS - EM agorithm to processing the model
selection of the probability structure of IDs; setup a BP
neural network by which can learn the partial utility function
to achieve the model selection on structure division. PS - EM
algorithm by introducing a kind of fusion prior knowledge of
MDL score (PS - MDL) to reduce the traditional MDL score
on the dependence of the data, improve the computational
efficiency by separately the parameters and structure of the
score calculation.

Il.1Ds MODEL

Due to the IDs model is a decision model combined of
probability graph model and utility mechanism, first we
introduce the utility theory asfollow:

A. Descriptyion for IDs Model

IDs is a directed acyclic graph and can be defined as a
triad ID = (G, P, U), among it G = (V, E) isdirected acyclic
graph constituted by the random node, decision node and
utility node, and the edge set E for the connection of al the
nodes.

IF X ={X,,..., X,} is stochastic variable sets and
D ={D,,...,D,} is decision variable set, U is the partial

utility function setU ={U,,...,U,} , and suppose every
decision variable is corresponding a stochastic variable, that
isthe partial utility function for D;is U, .

The IDs is formulated by Structure strategy sub
model, Probability sub model and Utility sub model,
following are the description of the above sub models:

(D) Structure Strategy model Structure Strategy model

confirm &, for each D, , and o, is a function between
Pa(D,) and a selectable behavior. The strategy for IDs is
8=16,}, ie[L:K] can be defined as Qp,py = Qp,
Q) indicates the REF for Pa(D;),Q, indicates the
action space of D,
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(2)Probability model ~ when the behavior of D, is

given, joint probability distribution of random variables is
bayesian network joint probability distribution. Given each

variable X, a father node set Pa(X,), the local condition
probability distribution for X; is P(X; | Pa(X;)) .Teke
Decision node as random node, for a given decision rule 6, ,

D, has the following condition probability distribution:

1 3 5 (Pa(D.)) =D.
Pd(Di|Pa(Di))={0 jﬁm\ul( a (D)) i

Random variable and decision variable of the joint
probability distribution can be expressed as:

P(X,D) =T, P(X, IPaX [T, P; (D, IPa(D,)) ()

(3) The utility model  Utility function is a function
that contact decision node and the state variable. For each

U, there is a U, (Pa(U,)) which is related with
Pa(U,) . The Sumof all local utility can be represented as:

U(X,D)=3" U, (Pa,)) @

U can berepresented as:
U; =2 P(X.D)Y U (PaU) ()
X,D

If the system random node is implied, the X represents
the set of state variables and observation variable.

Following is an example to show the usage of IDs:

If an oil profiteer wants to drill il (Drill)> on some
land, the uncertain factors for him as: Drilling expenses
and the inventory of the oil. Because we only can get the
information of oil inventory (Result) by testing first (Test)
in order to make decision on whether to dill or not, then
whether to do the test or not become the most important
decision making problem. The Oil Wildcatter as below:

!

Test+ - UT «

Chart 1 Oil Wildcatter Model
(1) Indication for each of the node from above chart

1:

(Drandom node

Qil: Qil indicates the oil content of the land, the possible
REF asdry. wet. soak;

Result: indicates the testing result, REF as no
structure(Ns). open structure(Os). closed structure(Cs).
no result,

@Decision Node
Drill: REF for drill as not drill and drill
Test: REF for test as not test and test
(@ Utility node:
UD: UD is the utility function for drill and related with
oil and drill;
UT: UT is the utility function for test and related with
test;
(2) utility node to utility function:
Table 1 Utility function for node drill

dry wet soak
Not drill $0 $0 $0
Drill -$70 $50 $200

Table 2 Utility function for node Test

Ns Os Cs
Not test $0 $0 $0
Test -$10 -$10 -$10

According to chartl, if not drill, whatever the ref for oil
is, the utility value for profiteer is 0. If drill, when the REF
for oil aredry. wet, soak, the utility value for profiteer are
—70. 50. 200. Similar with drill node, chart 2 shows the
utility function for Test node.

B. Decomposition of IDs Structure
If Vg is the node set from IDs node set V after taking
away all the utility node, then Vj can be considered as

probability network node set under & = (9,,..., 5, ) .

Between Utility node and random node is not
probability dependency relationship, but a function relation,
S0 you can't use the current method that study probability
structure relation to study the structure of the utility part; In
addition, the utility node easily separated from the IDs
structure, this is because the utility node has no child node,
the decomposition won't destroy the internal structure of the
network, and even can make the structure of network
becomes simple and easy to realize model selection.Chart 2
Bayesian network after taking away the utility node in Chart

Chater 2 Bayesian network of Oil Wildcatter Model

Published by Atlantis Press, Paris, France.
© the authors



Proceedings of the 2nd International Conference on Computer Science and Electronics Engineering (ICCSEE 2013)

I11. IDSMODEL STRUCTURE CHOICE

The commonly used probability network structure score
standard has two kinds: BDe score and MDL score. BDe
rating depends on the prior distribution of the model
parameters, the dependence of the data is relatively lower,
but lean to choose complex network structure, with high
computational complexity; MDL score bias in the selection
of simple network structure, the computational complexity
is low, but with no prior knowledge of using network
structure, the dependence on the data is much more that
requires a big scope and integrity of data without much
deviation™. This paper combined the thoughts of with BDe
score and MDL score to put forward a kind of fusion
structure prior knowledge of MDL score for structure score.

A. Evaluation Function for IDs Structure

PS - EM & gorithm by introducing a kind of fusion prior
knowledge of MDL score (PS - MDL) to reduce the
traditional MDL score on the dependence of the data,
improve the computational efficiency by separately the
parameters and structure of the score calculation. The total
length of Fusion structure prior knowledge network
structure description has four parts: length of sample
description, length of existing generation network structure
description, length of existing network structure description
and complicated structure of the penaty term. Traditional
MDL score contains only the first two parts.

If X ={X,,..., X} is the random variable set of the
network, S={x",..., X"} is the sample set for X , the set

12 :
value { X, Xi ;.1 Xin' }or each X, € X, the description
length for each part as::

(1) length of sample description
IF sample set Swas complete, N, (X = X) refers to

the amount of sample X = Xin S the description as :
HOX TPa(X ) == 3 3 N(X;, Pa(X, ) 10g(8y purx,)) ¢

XieX X;,Pa(X;)

Among that H(X; | P&(X;)) isinformation entropy;

_ EINCX;, PaX)) | X :)ﬁj)]
1UXIPa(X) T i °
EIN(Pa(X;) | X =X']
(2) length of existing generation network structure
description
If the number of variable is n, constant is d, the formula
is:
Z[ki lon(n) + d(ni _l) Hnj]

xeX X ePa(X;)

That N is the condition number of X

6)

()
. K is the number
of father node for X; (3) length of description on

difference of existing network structure description existing
generation network structure

To suppose there is description for a current generation
network structure ( By ) , the existing network structure

( Bg ) only describes the difference aspect with By, :1)
Reverse edges, (both B and B, have but different
direction.); 2) the lost edge from B (B, has, but B. does
not have.); 3) the added edge for B (B¢ has, but By, does
not have). For each node in B, when By is given, if
r., & ,m arethe number of the reverse, lost and added edge

of By , Length of description on difference of existing

network structure and existing generation network structure
can be represented as:

210 +m +a)log,[n(n-1)]]

XijeX
The result of r, v @ and M can be got by test,. There

are nnodes, the number of possible edge will be n(n-1).

Length of description on difference of existing network
structure description existing generation network structure

can be thought of as kind of punishment for using loss
rate sample learning network structure and cause significant
change of existing network structure, tend to select a best
network structure that has less difference, actualy it is kind
of protection to the best network structure.

(4) complicated structure of the penalty term

> 129N B(x, Pax,) [ X, = X))

B(X,Pa(X | X)) Refers the number of parameter

required by P(X, | PG(X,)) Complicated structure of the

penalty term makes the PS-MDL score to find a simple
network that can balance the accuracy and complexity of the
network, avoiding the overdo matching.
So the Score, the length of description for B is:
Scor(B:S)= ) Scor, (6,,Pa(X;):S)

XieX

(8)

9)

H(X, [Pa(X,)) + D_[(r, +m +a)log,[n(n-1)]] +
D Ik log,(M+(n -1 []n;] +
xeX XjePa(X;)

Y 99N g(x, Pa(x) X, =x)  (10)

X;eX

Each proof can be thought of as new data from
environment. However the existing network structure is
from the domain expert or before learning, and they are
independent from each other, so their trace length can be
calculated respectively. This study is to optimize existing
network structure, enabling to reduce the dependence of the
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data.

B. Selection algorithm of IDs model

Compare to traditional EM agorithm, PS-EM algorithm
has its advantage. PS-EM algorithm can be used in the study
of parameter and structure. The basic process as. firstly to
maximize the parameter with EM algorithm, then use PS-
MD score to make the modd selection. Among them, the

given initial model is M ®, M (i > 0) is generated in the
NO. i Timeof EM agorithm, and the sequence number of

the model is same as and iterative times
algorithm can be descript as below:

Given initial model and parameter selection as M %and
90
loop n=0,1,...until algorithm convergence
{ loop | =0,1,...until algorithm convergence or

max

{make @™ =argmaxQ(@:M",6™,S)}
17

0n+l — 0n,|+l;

Give the lowest score  model between
Scor (M :6",S) and Scor(M : 6™, S) to M ™

Give the parameter of M ™ to 8™ }

V. CONCLUSION

This chapter discusses the calculation of IDs model
selection and maximum utility. To begin with, introducing
utility theory and 1Ds model representation and providing a
structural decomposition analysis towards IDs. It resolves
IDs into probability network structure and utility structure to
reduce the calculated amount of model selection. In addition,
providing a PS-MDL which brings in fusion structure prior
knowledge to reduce the dependency of troditional MDL
towards data. Based on this standard, coming up with PS-
EM agorithm is used for model selection of probability
network structure. Improving computational efficiency of
the model selection through calculating parameter learning
and structural scoring separately. Meanwhile, for the high-
dimension of IDs joint utility space, by representing utility

function to the sum of each part function to reduce
dimension of utility space, form BP neura network used for
learning part utility to realize learing of 1Ds utility structure,
and by introducing weight threshold to avoid over-fitting
problem. At last, discussing decision-making process based
on IDs model for oil Wildcatter model.
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