Ba y esian Net w ork that Learns Conditional Probabilities b y Neural Net w orks Y oic hi Motomura, Isao Hara, Hideki Asoh, and T oshihiro Matsui Real W orld Computing T eam, Electrotechnical Lab oratory , 1-1-4 Umezono, Tskuba, Ibaraki 305, Japan motom ura@etl.go.jp, hara@etl.go.jp, asoh@etl.go.jp, and matsui@etl.go.jp Abstract In this pap er, w e discuss a Bay esian netw ork that learns conditional probabilities by neural net w orks (BNNN). The real world domain is �lled with many kinds of v ari- ables, which often hav e uncertaint y factors. F or the rea- soning ab out such v ariables, w e prop ose a Bay esian net- w ork using feed forward neural net w orks. Adv an tages of this mo del are learning and universal represen tation capability for the domain mixed with con- tin uous, discrete and multi-dimensional v ariables. W e ev aluate the p otential of the BNNN on a real world ap- plication. Two exp eriments on learning conditional prob- abilities with data, which are sampled from the sensors of our autonomous mobile rob ot and Japanese meteoro- logical statistical records, are introduced. 1 In tro duction The authors are trying to realize exible intelligence in the autonomous o�ce conv ersan t rob ot, called Jijo- 2[Asoh et al. ,1996; Matsui et al. ,1997]. This rob ot acts and learns in the real w orld, whic h is �lled with many kinds of uncertainties. Coping with uncertaint y caused b y sensor noises, unpredictable motions, and dynamic c hanges in a real environmen t is an imp ortant issue in this pro ject. Probabilistic reasoning by Bay esian netw orks [P earl,1988] is one promising approach. In this mo del, appropriate conditional probabilities are necessary . How- ev er, providing them ‘a priori’ is di�cult . Therefore, the robot should obtain them from statistical data sampled in the real w orld environmen t. Neural netw orks can b e ap- plied to this problem. Recently , the imp ortance of learn- ing in Bay esian net w orks was also discussed in Unc er- tainty in AI communit y . Th us, practical learning meth- ods like neural netw orks for a real world domain are also signi�can t in the communit y . Moreov er, it is necessary to handle man y kinds of v ariables in the real world domain. The neural netw ork approach has adv an tages for the re- quiremen t, b ecause it can provide a general framew ork for represen ting and learning non-linear conditional probabil- ities mixed with contin uous, discrete, multi-v alued, and m ulti-dimensional v ariables. In this pap er, we construct a Bay esian netw ork that learns conditional probabilities by feed forward neural net w orks for a real world application. This mo del was implemen ted with the parallel pro cessing mec hanism in Jav a. Finally , learning conditional probabilities from real world samples w as ev aluated with this program. 2 Mo del 2.1 F eed forward neural net w ork W e denote the input v ector of the neural netw ork as x i , and the output vector of a neural netw ork as f ( x ; � ) = ( f 1 ( x ; � ) ; � � � ). Each output is de�ned as, f k ( x ; � ) = n X i =1 v k i 1 + exp( � ( P m j =1 w ij x j + b i )) + a k ; where v i is the weigh t of the connection from the i-th hidden neuron to the output neuron, w ij is a weigh t of the connection from the j-th input neuron to the i-th hidden unit, a is a threshold parameter of the output neuron, b i is a threshold parameter of the i-th hidden neuron, m is the num ber of input neurons (it means the input is m dimensional v ariable) and n is the num ber of hidden neurons, and � represen ts all of the v ariable parameters simply . This neural netw ork can represen t probability distri- butions. If X and Y are random v ariables, we denote P ( Y j X ) as a conditional probability distribution of Y , given X . F or discrete random v ariables, normalized out- put neurons can b e regarded as probabilistic distribution (the sum of them equals 1.0). F or contin uous random v ariables Y according to a single Gaussian distribution, the conditional probability of Y , given instance x is de- noted as, P ( Y j x ) = G ( � ( x ) ; � ( x )) ; � ( x ) and � ( x ) are approximated b y tw o outputs of a neu- ral netw ork as, � ( x ) � f 1 ( x ; � ) ; � ( x ) � f 2 ( x ; � ) : In the case of the sum of weigh ted M Gaussians (Gaussian mixture), the distribution is approximated as, P ( Y j x ) = M X k =1 � k G ( f 2 k � 1 ( x ) ; f 2 k ( x )) : by a neural netw ork with 2 M output neurons.

Neural netw orks can treat multi-v alued, m ulti- dimensional, discrete, contin uous v ariable, or some mix- ture of them in the same style. If a v ariable is k - dimensional, the v ariable is represented with k neurons in the la y er. If it is a l -v alued discrete v ariable, the v ari- able can b e represented with l neurons in the lay er. 2.2 BNNN Ba y esian netw orks (also called b elief netw orks) are prob- abilistic reasoning mo dels that represent the dep endency betw een v ariables and give a concise sp eci�cation of the join t probability distribution. It is de�ned as a directed acyclic graph (DA G), which has conditional probabilities in each no de. No des mean random v ariables in a domain. Directed links in the graph mean dep endency b etw een nodes. T o simplify , let us consider ab out a simplest netw ork X ! Y . X is called the p ar ent no de and Y is called the child no de . The child no de has a P ( Y j X ). When information ab out X is given, Belief of Y (or p osterior probabilit y distribution of Y giv en P ( X )) is computed by marginalizing op erations, B E L ( Y = y ) = Z x 2 X P ( y j x ) dP ( x ) : (1) The other hand, when we hav e P ( Y ) at �rst, Belief of X is up dated by , B E L ( X = x ) = Z y 2 Y P ( x j y ) dP ( y ) = � Z y 2 Y P ( y j x ) dP ( y ) � P ( x ) ; (2) where � is a normalizing constant. F or more complex Ba y esian netw orks, such computations are propagated through all links in the netw ork. Ho w ev er, for many kinds of v ariables, t w o p oints need to b e considered. First, how can we represent conditional probabilities naturally? Second, how can we obtain for real world problems? In order to give a solution for the questions, we apply neural netw orks that represent con- ditional probabilities in the Bay esian netw ork. As seen in the previous section, we can deal with man y v ariet y of random v ariables and conditional probabilities can b e ap- pro ximated b y learning from samples. W e call the mo del Ba y esian netw ork that learns conditional probabilities by neural netw orks (BNNN). F or example (Fig. 1), the child node of the Bay esian netw ork is represented by the output neuron, and the parent no des A and B corresp ond to the input neurons. Thus, each child no de of the Bay esian net- w ork has its own neural netw ork. F or discrete v ariables, in tegral op eration, equation (1) and (2) can b e computed exactly , but not for contin uous v ariables. In the latter case, w e use Monte Carlo metho ds. 3 Learning conditional probabilities In this pap er, w e assume that a DA G structure of BNNN can b e given, thus only learning for conditional Fig. 1: Structure of BNNN Fig. 2: Learning of BNNN from database probabilities are fo cused on. Learning conditional proba- bilities are ac hiev ed by gradien t descen t metho ds (called Back Propagation). F or discrete conditional probability , a target probabilit y vector is represented by output neu- rons, and then, they are normalized to mak e the sum of outputs equals to 1.0. Learning contin uous conditional probabilities, P ( Y j X ) is regarded as approximation for nonlinear functions, � Y ( X ) and � Y ( X ). Giv en training set of X and Y , � Y ( X ) is acquired. T raining set of � Y ( X ) can b e given b y �nal error of � Y ( X ). After training the neural netw ork successfully , it can represent the conditional dep endency b etw een the v ari- ables of the training set. This prop erty means that this training sc heme can b e applied to detect conditional de- p endency b etw een the v ariables. 4 Implementation Bay esian netw orks are essentially parallel pro cessing mo dels. Monte Carlo metho d in each no de can b e executed indep endently . As these reasons, a multi- thread mec hanism and ob ject-oriented features are suit- able for implementing BNNN. Therefore, our system, called ‘BA YONNET’, is implemented in Jav a that has multi-thread capability . It works also as a probabilistic reasoning server for our Jijo2 rob ot introduced in next section. It receives requests from other program mo dules to control the rob ot and send results through TCP/IP . The Jav a applet that we developed is also av ailable at [http://www.etl.go.jp/~motom ura/BN/] (Fig. 3).

Fig. 3: BA YONNET 5 Exp eriments W e introduce tw o case studies using our system. 5.1 Autonomous mobile rob ot (Jijo2 rob ot) The rob ot’s sonar provides distance measures that can distinguish the di�erences of the situation in the environ- men t. W e make the realistic assumption that the rob ot does not use a 2D geometric map . W e don’t assume that the rob ot can know exact p osition in the map. The in- formation ab out an environmen t is only represented as a relation b et w een lo cations and the rob ot’s actions in its experience. Lab els for the lo cations are giv en by sp eech recognition from a human trainer. The rob ot’s lo como- tiv e exp erience is accumulated in a table as shown in ta- ble1. S t � 1 A t S t D 1 t D 2 t E-232 go forward E-231 50.0 10.0 E-232 go backw ard E-233-1 175.0 5.0 : : : : table 1. Eac h row of the table represents the starting lo cation S t � 1 , an action of the rob ot A t , the destination lo ca- tion S t , the v alue of o dometry of this motion D 1 t , and the v alue from angle-sensor D 2 t . S t � 1 ; S t ; A t are discrete v alues. D 1 t ; D 2 t are contin uous v ariables. Due to obstacle av oidance b ehavior of the rob ot, and uctuation caused by slipping, the reading v alue of the odometry v aries at eac h trial. In order to cop e with such uncertain t y , eac h sensor v alue of the rob ot is considered as a random v ariable conditioned by S t � 1 and S t . The next lo cation S t is regarded as a discrete random v ari- able conditioned by S t � 1 and A t . This dep endency is obtained from the statistical example of the rob ot’s ex- perience in the environmen t. Thus, the state transition probabilities P ( S t � 1 j S t ; A t ) and observ ation probabilities P ( D i t j S t ; S t � 1 ) ; ( i = 1 ; 2) are mo deled as a Bay esian net- w ork (Fig. 4). Fig. 4: Bay esian netw ork for rob ot na vigation Belief ab out the current lo cation is ev aluated by P ( S t j S t � 1 ; A t ), and b elief ab out the sensor v alue, given S t � 1 andS t is ev aluated by P ( D j S t � 1 ; S t ). They are learned from the actual data sampled by the rob ot. F or P ( S t � 1 j S t ; A t ), the neural net w ork learns the probabili- ties’ table of them. F or P ( D j S t � 1 ; S t ), the neural netw ork learns the mean and standard deviation of the Gaussian. In this exp eriment, the rob ot is moving around tw elv e lo cations and actions are ’go forward’ and ’go backw ard’. The neural netw ork used here has t w en t y-four input neu- rons, ten hidden neurons, and three output neurons for angle data, and t w o output neurons for o dometry data. Evidence v ariables (input neurons) for Net1 take a start lo cation and an action. Evidence v ariables for Net2 take the start lo cation (12-dimensional vector), and a destina- tion lo cation (12-dimensional vector) for Net2. In order to get samples for learning, the rob ot mov ed with a hu- man trainer in the environmen t hundred times. In the learning stage, the rob ot collected destinations for Net1 and sensor observ ations for Net2 as a training set. The num ber of learning iterations for each neural net w ork was ten thousand. As the result of learning, knowledge ab out the envi- ronment is stored in the conditional probabilities of the BNNN. Th us, b efore the start, the rob ot can predict p os- sible lo cations to reac h by P ( S t j S t � 1 ; At � 1). In a lo co- motion, the rob ot can detect the error of sensor v alue by P ( D t j S t � 1 ; S t ). Moreov er, the learning results can giv e exible func- tion to the rob ot. The total b elief ab out v ariable X in the situation S is estimated by the entrop y , Z x 2 X � P ( X j S ) l og P ( X j S ) dx: The rob ot can make appropriate questions by watc hing the entrop y . When b elief is high, the rob ot can select a plausible candidate without questions. These exible b ehaviors can decrease the load on a human op erator. 5.2 Meteorological data F or an example of learning from a large database, we use Japanese meteorological records in 1995, whic h was taken ev ery hour for the year, provided by the Japan

Meteorological Agency on CD-R OM. In order to handle the data easily , we loaded it into a commercial database soft w are pack age, and accessed it through JDBC (JA V A DataBase Connectivit y) API from our system. Generally , w e know that weather at a particular p oint depends on the previous weather in more western areas. The BNNN is constructed according to the dep endency (Fig.5). W e consider predicting the time when it b egins to rain in city X after the news that it starts to rain in city B i . When we hav e evidence f T B i j i = 1 � � � 3 g , the b elief about the rainfall in cit y X is computed in the BNNN as, P ( T X j T B 1 ; T B 2 ; T B 3 ) = Z A 1 ;A 2 P ( T X j T A 1 ; T A 2 ) 2 Y i =1 P ( T A i j T B i ; T B i +1 ) dP ( T A 1 ) dP ( T A 2 ) : (3) where T city denotes the time of the b eginning of rain in the cit y . In this exp eriment, observ ations at f T okyo, Mat- sumoto, Iida, F ukui, Gifu, Nagoya g are used as f X; A 1 ; A 2 ; B 1 ; B 2 ; B 3 g resp ectively . The num ber of data at every hour through the year was 8760, and the n um ber of data ab out a start to rain was around 150. All condi- tional probabilities in the BNNN ware trained from the data with at most 10,000 iterations and conv erged with the mean square error (m.s.e.) less than 0.02. T raining data is taken for cases where precipitation exceeds 1.0mm, and the time di�erence b etw een rainfall for neighbor cities is less than 24 hours. The start of rainfall is taken to b e the hour prior to which precipitation was �rst measured to b e more than 1.0mm. As compared with an ordinary neural netw ork, which has output X and input B 1 ; B 2 ; B 3 , the BNNN can give sligh tly b etter prediction (m.s.e. are 0.018 vs. 0.023), and the BNNN can also giv e the current accuracy of the prediction b y � T X . 6 Related works The relation b etw een Bay esian netw orks and neural net- w orks is also discussed in a general discussion ab out graphical netw orks[Bun tine,1994], parameter learning lik e neural netw orks[Russell, Binder, and Koller,1994], applying feed forw ard neural netw orks to discrete do- main[Music k,1994], and sigmoidal b elief netw orks for bi- nary domain[Neal,1991; Jordan,1995]. The study in this paper extends the idea that a neural netw ork is e�ective for learning in a Bay esian netw ork for a more realistic do- main, which includes contin uous and discrete v ariables. It sho ws a success of a learning conditional dep endency for the real world application. 7 Concluding remarks In this pap er, Ba y esian netw ork using neural netw orks w as discussed. W e hav e also presen ted an implementa- tion of the mo del and the results of learning conditional probabilit y from statistical data sampled in real world domains. The BNNN as a whole is regarded as one kind of neural net w ork: it is a large netw ork constituted of Fig. 5: Bay esian netw ork for rainfall prediction many feed forward net w orks. As remark able di�erence of the BNNN, it can represent the relation b etw een their v ariables explicitly by the graph of a Ba y esian netw ork. Ackno wledgemen ts This work is supp orted b y the Real W orld Computing Program organized by the Ministry of International T rade and Industry of Japan. The authors thank Dr.Steven Phillips for helpful comments, and Prof. Stuart Russell of the Univ. of California at Berkeley for information ab out R.Musick’s dissertation. References [Asoh et al. ,1996] H.Asoh, Y.Motomura, I.Hara, S.Ak aho, S.Ha y amizu, and T.Matsui, Combining prob- abilistic map and dialog for robust life-long o�ce navi- gation. In Pr o c. of IR OS’96 . 1996. [Buntine,1994] W.Buntine, Op erations for learning with graphical mo dels. Journal of Arti�cial Intel ligenc e R e- se ar ch, vol.2 . 1994. [Jordan,1995] M.Jordan, Why the logistic function? a tutorial discussion on probabilities and neural netw orks. MIT Computational Co gnitive Scienc e T e chnic al R ep ort 9503 . 1995. [Matsui et al. ,1997] T.Matsui, H.Asoh, S.Hay amizu, I.Hara, and Y.Motomura, An o�ce conv ersan t mo- bile rob ot that learns by navigation and conv ersation. Pr o c. of 1997 R e al World Computing Symp osium, R e al World Computing Partnership T e chnic al R ep ort TR- 96001 . 1997. [Musick,1994] R.Musick, Belief Network Induction . PhD thesis, University of California at Berkeley . 1994. [Neal,1991] R.Neal, Connectionist learning of b elief net- works. Arti�cial Intel ligenc e, 56 . 1991. [Pearl,1988] J.Pearl, Pr ob abilistic R e asoning in Intel li- gent Systems . Morgan Kaufmann Publishers. 1988. [Russell, Binder, and Koller,1994] S.Russell, J.Binder, and D.Koller, Adaptive probabilistic netw orks. T e ch- nic al r ep ort UCB//CSD-94-824 . 1994.