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Abstract In this paper, a hybrid multi-cuncept acquisition system HHMCAS is proposed. HMCAS can per
form incremental supervised learring on arbitrary sequences compased of analeg or binary inputs. The kernel
algorithm of HMCAS, named HMCAP, which integrates symbolic and neural lcarning based on the probabili-
1y ol instance space, has the ability of generating concept descriptions in the form of hybrid decision tree. The
prototype systemn of HMCAS has been applied to the field of typhoon forecasting and achieved successful
result.
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In recent years, the research of the hybrid learning methad that combines symbolic with neural learning has
become one of the hotspots of machine learning. More and more researchers focus on this field, and {ruitful re-
sults have been achieved.

Gallant proposed a Connectionist Expert System-. which uses & large amount of instances to train a depen-
dency nerwork via Pocket algorithm, and regards the trained network as the knowledge base of an expert sys-
tem. Peschl developed a method combining neural network with symbelic processing and applied it to rule appli-
cation and robotics™. In his method, the trained neural network is regarded as a heuristic function that is neces-
sarvy for symbolic processing. Towell and Shavlik proposed a method named KBANNI, which combines expla-
nation based learning with empirical learning. KBANN utilizes rough domain knowledge as heuristics to aid the
construction of the neural retwork, and uses the trained neural network to refine domain knowledge. McMillan
et af. proposed RuleNet™ , which exploits a variant of Backpropagation'™ 10 induce symbolic rules for string
mapping field through setting constraints on the change of connective weights. It uses a network to find out the
classification of symbols, and uses ancther network to generate corresponding rules. Behnke and Karayiannis
proposec CNeT that combines LVQU! with m-ary tree’™, It could solve the nncertainty problem associated with

the representation of the feature vectors by creating e structured partition of the feature space,
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Above brief review incompletely demonstrates the achievements attained in hybrid learning field in the last
two decades. In this paper. a hybrid learning system named HMCAS is proposed. The kernel of HMCAS is the
hybrid multi-concepr acquisition algorithm HMCAP™, which combines decision tree with neural ne:works. Giv-
en both a concept set and an instance set where each instance belongs to a certain concept and is expressed as a
string composed of discrete attributes and continucus attributes, HMCAS can generate the description for each
concept, This system has many characteristies: it is a multi-concept acquisition system; the symbolic processing
is coupled with the neural netwark, so cthat it could deal with continucus atwributes as well as discrete
attributes.

The rest of this paper is organized as follows., In Section 1, we introduce the hybrid learning algosithm
HMCAP. In Section 2, we describe the system archirecture of HMCAS. In Section 3, we apply the prototype
system of HMCAS 10 the field of typhoon forecasting. Finally in Section 4, we conclude the paper.

1 Hybrid Learning Algorithm HMCAP

1. 1 Hybrid learning sirategy

The hybrid muti-concept acquisition algorithm HMCAP is desigued 10 generate concept descriptions fram
training examples composed of attribute set, Given some instances, it will generate a hybrid decision tree that
embeds specific tree leaves in neural networks. After zll the leaves are trained. the hybrid rree can make
prediction,

The input of HMCAP is a set of instances where each instance is described in the form of concept-attribnte
value. Each attribute is defined by attribute name and value’s range. The entire attributes compose the attribute
set, which may involve not only discrete attributes but also eontinuous ones. On the contrary, most inductive
learning algorithms based on attribute description, such as ID3™, can only deal with discrete attubutes. And
although some algorithms, such as C4. 5%, can deal with continuous attributes as well as discrete ones, they
must perform discretization before urilizing the continuous attributes. So, HMCAP is superior to them in this
aspect.

The knowledge representation of HMCAP is based on the attribute value. This style of representation can
make the relation hetween symbolic learning ard neural network closer, and decrease the complexity of symbolic
inductive process. The reason is that the attributes of instances can be easily transformed into input-output pat-
terns, which are needed by neural network training.

Before training the NN nodes. it i necessary 1o transform the learning instances into input-output patterns
for neural network. We manage to do so by mapping the attribute values into real values within [0,1] by Sig-

moid funetion:

fla)= T (1

1+e (T)
where a is the sensitivity of the specific attribute, # is the median of the attribute values. @ and & are different
for each attribute. In order 1o get the outouts of the NN nodes, we assume that each cutput node exports either
0 or 1. If a node’s output is less than 0.3, we take it as 0. Stmilarly, if the output is greater than or equal to 0.
5, we take it as 1. Therefore, we can express the outputs of all nodes in binary code, where each bit represents
one concept. In this way, the number of nodes in the neural network is less than that of the concepts, so that
the network complexity is reduced.
1.2 Search for the hest attribute

In order i generate the decision tree at 1he least cost. a choice among the combinations of the discrete
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attributes with concept ({a,%),c¢) is offered by HMCAP for guiding the inductive process. a is a discrete

attribute, v is one of the values of attribute @, and ¢ is a concept. This search process is called Best-State (BS).

The best attribute value {a.,v) covers the most instances of concept ¢, and excludes the most instances of other
concepts. The probability of the division of the instances is computed according to the following formula -
MEx N

T x M (N+1)

T is the total number of instances. M and N are respectively the number of instances that {a,v) covers and ex-

=142, .. .5, (23

cludes. M. is the amount of instances that subordinate to concept ¢ in M.
1.3 Algorithm description

We give out twe concepts before describing the HMCAP slgorithm, that is, the Inductive-Precision and the
Pruning-Factor. The purpose of introducing these two concepts is two-sided. First. they are helpful to elimi-
nate the influence of noisy data during learning. Second, they are useful in controlling the depth of the decision
tree.

Defigition 1. Assume S is the expression set of the attributes from the root to the current node when the
decision tree is divided to node T The Inductive-Precision of 5 for concept # is defined as:

‘ Prisd=CP 4| TINPWAVWN i=1,2,....n, (3

N is the amount of instances, | P ;.| is the amount of instances in instance set Fy,; that subordinate to concept
t,, |NP'i.|is the amount of instances that do not subordinate to concept t;.

Equation (3} can also be expressed as below :
Prisy=1— D PeHCHC ) /N i=1,2....n, (4
i=1

Pr;indicates how many instances have been abandoned on each node, Cis the amount of instances that subordi-
nate to concept # but have not been included during dividing node T,. For concept #;, if 3’s Inductive-Precision is
greater than the given value P,, S can be considered as the general description of concept .

Definition 2. Assume D, is the Pruning-Factor on node T for concept #. The value of D). is computed

aecording to the following equation .

n .
Dei=1 | 2)Pe +C}/IN i=1,2,... s (5
=1
Then the Pruning-Fzctor of Ty is computed as below
D;=min(D;...-) i=1,2~.... M (6)
The HMCAP algorithmu is described as a recursion procedure, whose pseu-code is as below:
Tree(node, Py, NominalAttrs, P}
/% rode is the object of decision tree’s node; NominalAttrs is an array of discrete attribute objects; Pyis the array of
instance set obiects, each element of Pyis a separate instance set subordinating to & concept; P, is an array of integers,
it is a global variable and represents the number of instances discarded from the root to the current node (not including
the neural network nedes). = /
[Initialization ]
NominalAttrs =discrete attribute set;
Pi=instance set of all concepts;
P,=learning precision; / % P,is a constant
node. condition=NULL;
P.[i =0, i=1.2. . m
Tree(node, Pz, NominalAttrs, P.);
[Step 1]
if (the current node only covers the instance set of one concept)

then

Pl ]. examples7nuil ;
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node. type=Ileaf; / % the current node doesn't need division
node. conceptIndex =P[7]. conceptindex;
TETUIn;
else goro Step 2;
[Step 2]
if (NominalAttrs is emnpty)
then
node. type=NN;
/ * It is needed to use NN to continue learning for having no discrete attribute values * /
node. NN =create neural network
Transform Fj to learning patiern set of neural networks;
node. NN. StartTrain{);
return;
else goto Step 3;
[Step 3]
call BS, get the best distrete attrihure value ({a,ud,c):
node. type=rnonleaf; / % the current node is not & leaf
Pauli]). examples= {x,; xS Pu[: |.examples, and ¢a,v)€x}, i=1,2,... .1
Pawy1[i]. examples={x: o€ Pi[i]. examples, and <a,0) &z}, i=1,2,... 113
nade. lefrChild =allocate node from memery;
node. rightChild=allocate node {rom memory;
node. leftChild. condition={a,#,true’;
node. rightChild. condition= (¢ ,v,false);
goto Srep 4;

[Step 4]
Prile]=1— { E P.li]— Py, [c], instanceNumber 4 E (Ps[ i, instanceNumber} :I /N;
f=1 i=1
=

/= compute the Inductive-Precision
H (Prifc]=Pr)
then
node. leftChild. type=leaf; / % the left subnode doesn’t need division
node. leftChild. conceptIndex= Pyl c]. conceptIndex;
/ + the left subnode subordinates to concept ¢
Pli]=P.li ]+ Pyuli]. instanceNumber, i=1.2,... yn and :%¢;
else
node. leftChild. type = nonleaf,
set NominalAttrsze = NorinalAttrs;
delete NominalAttrss[a_ from Nominal Attrsy;
Tree{node, leftChild, Pu, Nominal-Attrsa,P.):
goOto Step 53

[Step 5]
Dili]=1=(TotalPe+Ci D /N, i=1.24. .. 41 / % compute the Pruning-Factor
if Cmin(De[i])=Pr)
then
delete node. rightChild ; / » the right sub-tree can be deleted

P lil=P.Li ]+ Ps—1[i] ins:anceNumber, i=1:2.... .n;
else

node. rightChild. type =nonleaf ;
set NominalArtrsa,_=Nominal Attrs;
delete NominalAttrsa_;[al. list[v] from Nominal Attrea_ [1]. list;
if (there is oniy one element in Nominal Artrsz - ([7]. list)
then

delete NominalAttrsz:— [a] from NominalAttrsag—;;

Tree(node. rightChild, P, NominalAttrsee » P.):

return;
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The predictive mechanism of HMCAP is based on the characteristic of hybrid decizion tree. The process is
performed as follows. First, rhe input attribute values are compared with the partition conditions from the tree
root to the leaves. The result of the current comparison decides which node to be compared next. Then, if
arrives at & Leaf node. the insrance is labeled with the concept of thar leaf. Or else the instance is transferred
inte a reural network input-outpur pattern. After the derermination of the nevral network, the instance gets s

classificetion.
2 Archifecture of HMCAS

The HMCAS sys:em manages the background knowledge and the rules obtained through learning by
Database Managemenr System. KnowledgeBase and RuleBase are considered and defined as in Fig. 1, in a way
that allows users to add . update and delete the background kaowledge , which includes concept set, attribute ser
and instance set, and controls the description of zach concept, Therefore, it is convenient for users to add new
instances to implement ineremental learning and extend the systern. When it is necessary to.reline or optimize
the concepts” descriptions. or to iafer with the gained deseriprions, the system gers dara from rhe RuleBase.
When users manipulate the data, the Knowledge Acquisition module and KnowledgeBase can check the valida-

tion of the new datra and maintain the inregrity of the database.

Uker interfnee

A S T | !
Krowledge acquisition] [Inductive learning)  [Incremental learning [Conclusion_explanation

[ [HMCAR] FTART] I
A i ) |

RuleBase]

: Knowledgeliase|

Fig. 1  Architecture of HMCAS

Inductive learning is the kernel of the system. It employs symbelic method and neural network algonthm to
obtain the descriptions of the concepts represented by a hybrid decision tree. The symbolic learning part exploits
HMCAP algorithm to get the descriptions and generate the optimized decision tree In which each NN node is
related 10 a neural network. The NN nodes zre trzined by the NN learning of the system. Users can choose
either FTART, which is ¢ field theary ™ hzsed adaptive resonance slgarithm#", or standard BP¥- to implement
NN learning. Within a given accuracy. the NN nodes can get correct outpnts of the nerworks,

Inducrive learning module gets data as rraining instances from KnowledgeBase and saves the result as rules
in RuleBase., When the description of a coneept cannot explain some instances correvtly, or it can be changed by
some instances, the usesr is required to add instances 10 KnowledgeBase module and ke the description more
accurate through utilizing Incremental Tearning rodule.

After ¢ training cycle, Hybrid Reasoning module can generate classifications for unsnown instances. During
the inferznce process, the given instance is matched with the partition conditions of the decision tree. The result
of the previous match decides the path of the next match. This process will not stop until it arrives at a leaf or
a neural network node. If the end is a common leat, the instance is labeled as the leal’s cless, Or else the neural

network module js started to produce correspanding classification,

3 Simulation. Typhoon Forecasting

Typhonn is an imporiant weather pheromenon that ofien influences Jiangsu Province of China. At present
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the observatory forecasts typhoon with some experience of experts, and the forecasting is performed manually,
Applying HMCAS to develop a practical system in typhoon forecast field could increase the forecasting accuracy
and result in great economical reward.

The data we used to train HMCAS were provided by Jiangsu Observatory. P. R. China. There are 7,251
instances in the training set. Each instance has 12 attributes and a concept label. Table 1 shows the background
knowledge of this task.

Table 1 Background knowledge of typhoon forecasting

Name Value Range

Type High pressure inshore, subtropical pressure,

west wind chamfer, no chamfer

South pressure grester than north no, yes

588 line west ridge longitude west of 116E, 116E~120E, 120E~127E, east of 127E
West wind chamfer beyond 35N None, 104E~~120E, out of J04E~120E
Central value of the nearest H-P ring >>5920 gpm, <,5920 gpm

Latitude span from center to eastern 588 line 0~~13

Central latizude change in 24 hours 0-~40

Latitude span from center to subtropical ridge 0~15

Subtropical pressure center latitude 0~~£0

Subtropical pressure center longitude 90~179

Longitude begin 113.5~~123

Latitude begin 21,8~ 33

North bound of subtropical pressure 588 line 22~34.1

From Table 1 we can see that there are 4 discrete attributes and 8 continuous attributes, and the classifica~

tion label is the type of typhoon. Figure 2 shows the hybrid decision tree gencrated by HMCAS,

A=V There are respectively 5,2,3 instances falling into
}/\n\ the three neural network nodes in Fig. 2. For the pur-
Cy A=V 7 pose of comparing the function of FTART., we zalso
T
_//"’y/ Iy provide standard BPB) to be used at the same time.
AV A=t Figure 3 shows the final £ NN1
- . lgure 3 shows the timal structure o .
BRI o ¢ :
c A=V, 7 c A=V, 7 As a comparison, we also apply C4. 507 to this
/Y/\f‘ /Y/\\“ task. The reason we did’t use other hybrid learning
=V 8 =V, 7 . .
Gy A‘)AOE\' Gy A1/‘fw\ methods for comparison is that nearly all those algo-
y n ¥ n
A =Vip? NG & ol rithms are not fit for this field. For example,
/\\n KBANN needs domain knowledge to aid the construc-
NIN] NNZ

tion of the neural networks, but there are no such sym-
Fig. 2 Hybrid decision tree generated by HMCAS bolic rules available, RuleNet™ could deal with contin-
uous attributes, but it is designed for string mapping

field that has characteristics different {from typhoon forecasting.

After the training process, we use another instance set composed of 1,200 instances to test those madels.
The testing results are shown in Table 2, It is obvious that HMCAS achieves higher testing set accuracy than
C4. 5 whatever neural network is adopted. When employing FTART, the training time of HMCAS is very close
to that of C4. 5, and the training set accuracy is higher than that of C4. 5 as well as the testing set accuracy. So,
HMCAS with FTART is a good choice at least in the typhoon forecasting field.

© HEERERKLEIF  hps/ www. jos. org. cn



Hie F ~HRLAEERARRE SR — 159 —

—0. 63358 —Q0. 29521 Loyout
- , layer /(
/ - y Q -

Fig. 3 The smucture of NNI
Table 2 Comparison of testing resuits

Model Training time(sec) Traiming setl accuracy (%) Testing set aceuracy( %)
C4.5 2.7 98.5 78.33
HMCAS Employing FTART 3.4 104 84.52
Cmploying BP 284 04,17 94. 17

4 Conclusions

As an alternative to the symbolic methods and neural network methods, we suggested the use of hybrid
learning. In this paper. we propose a hyhrid mulii-concept acquisition system named HMCAS, which combines
symbolic induction with artificial neural network learning. Compared with previous inductive learning algo-
rithms, the kernel algorithm of HMCAS hss many characteristics. Tt eould acquire multi-concept, and could
deal with continuous attributes as well as discrete ones.

A neural network algorithm FTART could be embedded in HMCAS. FTART is a field theory based adap-
five resonance algorithm, which could change the classifications generated during learning according to the prob-
ahility of the samples in instance space. The reason is that FTART employs a unique way to resolve the conflict
between the instances and dynamically extend the area of classifications. In aur experiments, HMCAS employ-
ing FTART has got the best resulis. It achieves the highest acvuracy through fast learning.

The conclusion we can draw from the experiment is that the hybrid learning method can be used in real
warld tasks . such as weather [orecasiing. In parricuiar, this approach can compete guite well with other meth-
ods, such as solo symbolic methods or neural networks in domains where structurai knowledge is relevant and

where bath discrete and continuous attributes exist.
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