PRISM: A Language for Sym b olic-Statistical Mo deling � T aisuk e SA TO y and Y oshitak a KAMEY A z Dept. of Computer Science, T oky o Institute of T ec hnology 2-12-1 ^ Ook a y ama Meguro-ku T oky o Japan 152 Abstract W e presen t an o v erview of sym b olic-statistical mo deling language PRISM whose programs are not only a probabilistic extension of logic pro- grams but also able to learn from examples with the help of the EM learning algorithm. As a kno wledge represen tation language appropriate for probabilistic reasoning, it can describ e v ar- ious t yp es of sym b olic-statistical mo deling for- malism kno wn but unrelated so far in a sin- gle framew ork. W e sho w b y examples, to- gether with learning results, that most p opular probabilistic mo deling formalisms, the hidden Mark o v mo del and Ba y esian net w orks, are de- scrib ed b y PRISM programs. 1 In tro duction W e can mak e programs probabilistic b y incorp orating probabilistic elemen ts, whic h is rather ob vious. What is less ob vious w ould b e the existence of a general learn- ing algorithm for these probabilistic programs. In this pap er, w e presen t an o v erview of sym b olic-statistical mo deling language PRISM (PRogramming In Statistical Mo deling). PRISM w as b orn as the in tegration of logic programming and the general learning algorithm with whic h programs can c hange their b eha viors, a p osteri- ori, b y learning from examples. PRISM is a new t yp e of programming language designed for sym b olic-statistical mo deling of complex ob jects and the real w orld. The theoretical basis of PRISM is �xed p oin t (least mo del) seman tics and probabilit y theory , but the de- v elopmen t w as spurred b y the noticeable success of HMM (hidden Mark o v mo del) in sp eec h recognition (and their applications to genetic information pro cessing) [Rabiner 89, Asai et al. 93], a rapid surge of the in terest in statistical metho ds in NLP (Natural Language Pro- cessing) [Charniak 93], w ell-dev elop ed uncertain t y han- dling mec hanisms in Ba y esian net w orks [P earl 88] and � This pap er is partly based on a rep ort submitted for Computational Logic Net w ork news letter. y email: sato@cs.titec h.ac.jp z email: k ame@cs.titec h.ac.jp v ery encouraging results from ILP (Inductiv e Logic Pro- gramming) [Muggleton 91]. They are all sym b olic sys- tems able to learn from statistical data. PRISM o�ers a common v ehicle for these div erse re- searc h �elds in sym b olic-statistical mo deling, and also giv es us hop es for building ev en more complex and in tel- ligen t systems. This is b ecause PRISM programs can b e arbitrarily complex (no restriction on the form or size), and what is more, regardless of the complexit y , there is, at least in theory , a metho d for PRISM programs to learn from p ositiv e/negativ e examples. T o put it di�er- en tly , w e ha v e the p ossibilit y of training arbitrarily large programs so that they b eha v e as w e desire. In the rest of pap er, w e describ e PRISM in stages. W e �rst describ e the seman tic asp ect of PRISM programs in Section 2, then mo v e to an example in Section 3 where a program mo deling h uman blo o d t yp es is presen ted. Sec- tion 4 explains learning and the EM (Exp ectation Max- imization) algorithm. PRISM as a programming system is describ ed in Section 5, follo w ed b y examples of the hidden Mark o v mo del and Ba y esian net w orks in Section 6. Section 7 con tains related w ork and Section 8 conclu- sion. 2 PRISM programs and distributional seman tics PRISM programs are roughly de�ned as logic programs with a probabilit y distribution giv en to facts. So w e can compute an y recursiv e functions as a sp ecial case of non- probabilistic facts. T o capture PRISM programs mathe- matically ho w ev er, w e need a probabilistic generalization of �xed p oin t seman tics. A PRISM program DB is a set of de�nite clauses writ- ten as D B = F [ R where F is a set of facts (unit clauses) and R is a set of rules (non-unit clauses). In the theo- retical setting, w e alw a ys equate clauses with the set of their ground instances, and allo w DB to b e coun tably in�nite. What mak es PRISM programs di�er from usual logic programs is a b asic joint pr ob ability distribution P F giv en to F . It means that ground unit clauses A 1 ; A 2 ; . . . b e- longing in F are probabilistically true and the probabil- ities are determined b y the join t probabilit y distribution

P F lik e P F ( A 1 = 1 ; A 2 = 0 ; . . .) = 0 : 3 etc. Here w e con- sider ground unit clauses as random v ariables taking 1 (true) or 0 (false). Sampling from P F determines the set of true facts F 0 , and the least mo del of F 0 [ R determines the truth of all ground atoms app earing in the original program. On the basis of this observ ation, w e extend P F to a join t probabilit y distribution P DB for all (ground) atoms ap- p earing in DB . W e de�ne the denotation of DB as P DB and call it distributional semantics . F ormal treatmen t of distributional seman tics is found in [Sato 95] where the existence of a join t probabilit y distribution for in�nitely man y random v ariables and the measurabilit y of the set of least mo dels are discussed. W e illustrate ho w w e can extend P F to P DB b y giving a small example. Let f A 1 ; A 2 g [ f B 1 A 1 ; B 1 A 2 ; B 2 A 2 g and P F ( A 1 = x 1 ; A 2 = x 2 ) b e a program and the asso ciated basic distribution resp ec- tiv ely . Supp ose w e got a sampling from P F whic h w as h A 1 = 1 ; A 2 = 0 i in v ector notation i.e. the set of true facts is f A 1 g . Imagine then a new program f A 1 g [ f B 1 A 1 ; B 1 A 2 ; B 2 A 2 g and its least mo del f A 1 ; B 1 g . This mo del determines the truth of B 1 and B 2 as h B 1 = 1 ; B 2 = 0 i . In this w a y , B 1 and B 2 b ecome random v ariables via the least mo del, and a truth v alue v ector h x 1 ; x 2 i for h A 1 ; A 2 i sampled from P F uniquely determines the truth v alue v ector h y 1 ; y 2 i of h B 1 ; B 2 i . W e denote this func- tional relationship b y ’ DB ( h x 1 ; x 2 i ) = h y 1 ; y 2 i . Then P DB ( B 1 = y 1 ; B 2 = y 2 ) is calculated b y ’ DB from P F as follo ws. 1 P DB ( B 1 = y 1 ; B 2 = y 2 ) = P ’ DB ( h x 1 ;x 2 i )= h y 1 ;y 2 i P F ( A 1 = x 1 ; A 2 = x 2 ) In the learning phase, as seen in Section 4, w e read the ab o v e equation the other w a y around, and adjust P F to maximize P DB ( B 1 = y 1 ; B 2 = y 2 ), the probabilit y of pro ducing what w e observ e. 3 A blo o d t yp e example As a t ypical sym b olic-statistical mo del, w e presen t a blo o d t yp e program. It is v ery lik e a Prolog program and as usual, v ariables b egin with upp er case letters. W e hop e that the follo wing commen ts will help the reader understand the program. 1. This program describ es ho w one’s blo o d t yp e ( bloodtype/1 ) is determined from the genes in- herited from the paren ts. It happ ens to b e non- recursiv e but there is no problem in writing recur- 1 This equation sa ys, in the case of p ositiv e observ ations, sa y h B 1 = 1 ; B 2 = 1 i , the probabilit y is the sum of those join t probabilities P F ( A 1 = x 1 ; A 2 = x 2 ) suc h that h A 1 = x 1 ; A 2 = x 2 i [ f B 1 A 1 ; B 1 A 2 ; B 2 A 2 g ‘ B 1 ^ B 2 where h A 1 = x 1 ; A 2 = x 2 i denotes the set of true atoms, i.e. atoms ha ving x i = 1 ( i = 0 ; 1). Blo o d t yp e program � � gene(P,a):- bsw(1,P,1). % Sample binary_switch_1, % and if it is on, give gene a. Else gene(P,b):- bsw(1,P,0),bsw(2,P,1). % sample binary_switch_2. If it is on, gene(P,o):- bsw(1,P,0),bsw(2,P,0). % give gene b. Else give gene o. bloodtype(X):- % genotype G=[Y,Z] genotype(Y,Z), % determines G=[Y,Z], % phenotype X. ((G=[a,a]; G=[a,o]; G=[o,a]), X=a ;(G=[b,b]; G=[b,o]; G=[o,b]), X=b ; G=[o,o], X=o ;(G=[a,b]; G=[b,a]), X=ab). genotype(X,Y):- % gene X(Y) is inherited gene(father,X), % from father(mother). gene(mother,Y). � � siv e PRISM programs (see HMM program in Sec- tion 6.2). 2. bloodtype/1 calls genotype/2 whic h in turn calls gene/2 . First t w o predicates ha v e probabilit y dis- tributions determined from that of gene/2 . The distribution of gene/2 is arbitrary but m ust b e suc h that for P instanciated to father or mother , one of f gene(P,a) , gene(P,b) , gene(P,o) g is exclusiv ely true. 3. T o let gene/2 predicate ha v e an appropriate probabilit y distribution, w e use a built-in predi- cate bsw/3 , represen ting a random binary switc h. bsw(ID,N,R) sa ys that sampling a random binary switc h named ID giv es the result R ( 0 or 1 ) at N th sample 2 . The probabilit y of bsw( � , � ,1) b eing true is called a p ar ameter and PRISM programs con taining only bsw/3 predicate as built-in probabilistic pred- icates are called BS pr o gr ams 3 . 4. Sampling all bsw/3 atoms determines whic h ground bsw/3 atom is true, thereb y determines whic h ground gene/2 atom is true. Non-unit clauses to- gether with these true ground atoms join tly de- termine the truth of the remaining atoms, i.e. genotype/2 and blo o d bloodtype/1 . In this w a y , w e get a sampling from the join t probabilit y distri- bution for al l ground atoms. 4 Learning The ab o v e program is a faithful represen tation of ge- netic kno wledge concerning ho w one’s blo o d t yp e is determined. It is a computational mo del (runnable) 2 bsw(ID,N,R) is called BS atom in [Sato 95]. 3 Curren tly , w e admit only the class of BS programs as PRISM programs. Expanding the class of BS programs is a future task.

and at the same time, a statistical mo del, i.e. pro- vides a probabilit y distribution for bloodtype/1 . Since blo o d t yp e in the real w orld has a probabilit y dis- tribution, our learning task is to appro ximate it in terms of P DB f bloodtype( � ) = 1 g , the distribution for bloodtype/1 de�ned b y our program, b y assigning eac h binary switc h bsw/3 a suitable parameter v alue. Let f bloodtype(a) , bloodtype(a) , bloodtype(b) , bloodtype(o) , . . . g b e our observ ations of p eople’s blo o d t yp es. P arameters asso ciated with bsw/3 are determined b y a maxim um lik eliho o d metho d; they are calculated as the ones that maximize the probabilit y of the conjunc- tion of these observ ed atoms. An algorithm w e use for maximization is the EM (Ex- p ectation Maximization) algorithm [T anner 93]. It is an iterativ e metho d in statistics for maximizing lik eli- ho o d and has b een used in v arious �elds, in particular in the Baum-W elc h learning algorithm for HMMs in sp eec h recognition [Rabiner 89]. W e successfully com bined the EM algorithm with BS programs to deriv e a general learning algorithm for BS programs [Sato 95]. It should b e empha- sized that the deriv ed learning algorithm is v alid for the en tire class of BS programs, and second that the class of BS programs seems fairy large. F or exam- ple, it co v ers Ba y esian net w orks, HMM and PCF G (Probabilistic Con text F ree Grammar), curren tly kno wn as the most p o w erful sym b olic-statistical formalism in AI. F or more details, see [Asai et al. 93, Charniak 93, Charniak et al. 93, P earl 88, P o ole 93, Rabiner 89]. Figure 1: PRISM programming system 5 PRISM Programming System PRISM programming go es through three phases: pro- gramming, learning and execution. Since the learning Figure 2: A PRISM program phase and the execution phase require rather di�eren t treatmen t of an original program, PRISM translates it in to t w o sp ecialized programs, one for execution and the other for learning. The latter w orks in the learning phase co op erating with the built-in EM learning routine to p er- form maxim um lik eliho o d estimate. 5.1 Structure of a PRISM Program A PRISM program is comprised of three parts, a mo del , a utility pr o gr am and the c ontr ol de clar ations (Figure 2). The mo del part is just a logic program whose purp ose is to generate p ossible pro of trees of a target atom whic h represen ts our observ ations. Those trees ma y or ma y not con tain sp ecial built-in predicate bsw/3 . Since bsw/3 is probabilistic, so can b e the target atom, and the problem is to mak e the distribution of the target atom as close to the observ ed (empirical) distribution as p ossible. This is ac hiev ed in the learning phase b y tuning the parameters of bsw/3 atoms. The utilit y part con tains a logic program that mak es use of the distribution P DB with sp ecial built-ins suc h as learn/0-1 for learning and prob/1-2 and cprob/2-3 for calculation of probabilities. The mo del part and the utilit y part should b e conceptually distinguished, but actually , when com bined, they lo ok lik e just a logic pro- gram with sp ecial built-ins. The con trol declarations giv e information required for the learning phase. Curren tly , w e ha v e tar get de clar a- tion for sp ecifying a target atom, and data de clar ation for sp ecifying a �le con taining teac her data (randomly sampled target atoms). 5.2 Learning phase The learning phase starts with commands learn/0-1 . Prior to them, w e ha v e to sp ecify a target atom b y target declaration, and the data �le b y data declaration.

T eac her data are expressed as ground literals con tain- ing the target atom. They are henceforth called go als . What PRISM do es in the learning phase is to adjust sta- tistical parameters (asso ciated with bsw/3 ) to maximize the conjunctiv e probabilit y of these goals. Presen tly for practical reasons, only p ositiv e goals are allo w ed as teac her data. PRISM, giv en the goals in the data �le, builds a ta- ble to k eep the records of the corresp ondence b et w een a goal and the conjunctions of bsw/3 atoms that ap- p ear in one of the pro of trees of the goal. It means that PRISM computes all solutions, b y top-do wn exhaustiv e searc h, and hence sometimes b ecomes computationally ine�cien t compared to sp ecialized algorithms dev elop ed for sp eci�c tasks. An yw a y , after completing the table, PRISM sets random v alues (b et w een 0 and 1 ) to sta- tistical parameters asso ciated with bsw/3 atoms in the table. The EM learning routine then starts to up date these parameters iterativ ely un til con v ergence to attain the maxim um lik eliho o d estimators. 5.3 Execution phase After learning, w e run the learned program to c hec k ho w it learned or ho w it b eha v es. There are three execution mo des, i.e. sampling , answer with pr ob ability and answer with formula . A sp ecial command is used to sp ecify the execution mo de. Sampling is done b y the command sample/1 . F or example, for query | ?- sample(bloodtype(X)) the system returns the answ er X=a , X=b , X=o or X=ab according to the distribution of bloodtype/1 . The commands prob/2 and cprob/3 are used for the answ er with probabilit y mo de; for the query | ?- prob(bloodtype(a),Prob) w e ha v e Prob=0.4 for in- stance. In the case that the giv en form ula is false with probabilit y 1 suc h as bloodtype(a) & bloodtype(b) w e ha v e answ er no . The commands probf/1 and probf/2 giv e answ ers with form ula. The form ula is a DNF of bsw/3 atoms whic h logically explains the giv en form ula. F or example, the answ er with form ula for bloodtype(a) is bsw(1,father,1) ^ bsw(1,mother,1) _ bsw(1,father,1) ^ bsw(1,mother,1) ^ bsw(2,mother,0) _ . . . 6 Examples In this section, w e presen t mo deling examples b y PRISM programs, together with learning results. 6.1 Blo o d t yp e The �rst one is the blo o d t yp e program in Section 3. In case of Japan, the ratio of blo o d t yp es is A:O:B:AB = 4:3:2:1. W e arti�cially generated random data with this ratio and used them as teac her data for the pro- gram to estimate the probabilit y distribution of gene/2 . The result is sho wn in T able 1. Conv sho ws con v erged parameters v alues of the bsw/3 named ID . T able 1: Result of estimation ID Conv 1 0.292 2 0.230 gene(P,a) 0.292 gene(P,b) 0.163 gene(P,o) 0.545 bloodtype(a) 0.404 bloodtype(o) 0.297 bloodtype(b) 0.204 bloodtype(ab) 0.095 6.2 HMM The hidden Mark o v mo del (HMM) [Rabiner 89], whic h has long b een a basic to ol for sp eec h recognition, stands for a class of �nite state automata in whic h transition is probabilistic and an alphab et is emitted on eac h transi- tion. What w e can observ e from outside is only an out- put string consisting of emitted alphab ets while the state transition is not observ able, hence the name of HMM. Figure 3 is an example of HMM that has a state set f s0 , s1 , s2 g and output alphab ets f a , b g . W e can see from the �gure that the transition probabilit y from s0 to s0 is 0.7 whereas that of s0 to s1 is 0.3 . W e can also see that on a transition from s0 , a is emitted with probabilit y 0.2 and b with probabilit y 0.8 etc. This HMM is describ ed b y a PRISM program on next page (the utilit y part is not sho wn). F or learning, w e limit the length of output strings to 5 and lea v e all pa- rameters asso ciated with bsw/3 unde�ned. A learning exp erimen t w as conducted using 500 teac her data 4 generated from the HMM in Figure 3. W e then let the program learn the data placed on the �le hmm.dat b y the PRISM’s built-in EM learning routine. Con v ergence is judged when an incremen t of the loga- rithmic lik eliho o d of the conjunction of all hmm/1 atoms (teac her data) b ecomes less than 10 � 6 . The result is sho wn in T able 2 ( Smp sho ws original parameter v alues). In PRISM, the probabilities of atoms are com- puted b y prob/2 predicate and the probabilit y of prob(hmm([a,a,b,a,b]),P) is | ?- prob(hmm([a,a,b,a,b]),P). P = 0.05477 ? This exp erimen t exempli�es the expressiv e p o w er of PRISM and the learnabilit y of HMMs. It is ho w ev er 4 These data w ere obtained from running the HMM pro- gram in sampling mo de. Figure 3: An HMM

HMM program � � hmm(L) :- init(S),hmm(1,S,L). % Terminate at T=5 hmm(5,S,[Obs]) :- output(5,S,Obs). hmm(T,S,[Obs|L]) :- T<5, % Output Obs in state S at time T output(T,S,Obs), % Transit from S to Next at time T trans(T,S,Next), T1 is T+1, hmm(T1,Next,L). % Initial state is s0 with probability 1 init(s0). % Transition probability pamameters: trans(T,s0,s1) :- bsw(1,T,1). trans(T,s0,s0) :- bsw(1,T,0). trans(T,s1,s2) :- bsw(2,T,1). trans(T,s1,s1) :- bsw(2,T,0). trans(_,s2,s2). % Output probability parameters: output(T,s0,a) :- bsw(3,T,1). output(T,s0,b) :- bsw(3,T,0). output(T,s1,a) :- bsw(4,T,1). output(T,s1,b) :- bsw(4,T,0). output(T,s2,a) :- bsw(5,T,1). output(T,s2,b) :- bsw(5,T,0). target(hmm,1). data(’hmm.dat’). � � not su�cien t to claim practical usabilit y of PRISM, b ecause the practical merit of using HMMs resides in the a v ailabilit y of three e�cien t algorithms for three basic problems. Namely , the forw ard-bac kw ard algo- rithm [Rabiner 89] for calculating the probabilit y of a giv en string, the Viterbi algorithm [Rabiner 89] for de- ciding the most lik ely state transition sequence for the giv en string and the Baum-W elc h learning algorithm [Rabiner 89] to estimate the probabilit y parameters of an HMM. W e exp ect that since PRISM is a general pro- gramming language, it will not b e v ery di�cult to write PRISM programs for these algorithms. T able 2: Result of HMM learning ID Smp Conv 1 0.60 0.574 2 0.30 0.319 3 0.70 0.672 4 0.20 0.198 5 0.85 0.849 6.3 Ba y esian net w orks No w w e turn to Ba y esian net w orks [P earl 88]. Ba y esian net w orks are a kno wledge represen tation language to Figure 4: A Ba y esian net w ork represen t statistical dep endencies among random v ari- ables. W e con�ne ourselv es to a case where random v ariables are binary , i.e. prop ositions. Dep endencies are expressed as a directed acyclic graph where no des repre- sen t prop ositions and links indicate direct probabilistic dep endencies quan ti�ed with probabilities. The graph as a whole represen ts a join t probabilit y distribution of prop ositions. F or example 5 , In Figure 4, it holds that P ( T amering ; Fir e ; A larm ; Smoke ; L e arving ; R ep ort ) = P ( R ep ort j L e aving ) P ( L e aving j A larm ) P ( A larm j T amp ering ; Fir e ) P ( Smoke j Fir e ) P ( Fir e ) P ( T amp ering ) F ollo wing [P o ole 93], w e describ e this Ba y esian net- w ork as follo ws: Ba y esian net w ork program � � target(world,6). data(’world.dat’). % Joint distribution: world(Ta,Fi,Al,Sm,Le,Re) :- fire(Fi),tampering(Ta),c_smoke(Sm,Fi), c_alarm(Al,Fi,Ta),c_leaving(Le,Al), c_report(Re,Le). smoke(Sm) :- fire(Fi),c_smoke(Sm,Fi). alarm(Al) :- fire(Fi),tampering(Ta),c_alarm(Al,Fi,Ta). leaving(Le) :- alarm(Al),c_leaving(Le,Al). report(Re) :- leaving(Le),c_report(Re,Le). tampering(yes):- bsw(ta,none,1). tampering(no) :- bsw(ta,none,0). fire(yes):- bsw(fi,none,1). fire(no) :- bsw(fi,none,0). c_smoke(yes,Fi):- bsw(sm(Fi),none,1). c_smoke(no,Fi) :- bsw(sm(Fi),none,0). c_alarm(yes,Fi,Ta):- bsw(al(Fi,Ta),none,1). c_alarm(no,Fi,Ta) :- bsw(al(Fi,Ta),none,0). c_leaving(yes,Al):- bsw(le(Al),none,1). c_leaving(no,Al) :- bsw(le(Al),none,0). c_report(yes,Le):- bsw(re(Le),none,1). c_report(no,Le) :- bsw(re(Le),none,0). � � 5 This example is tak en from [P o ole 93].

T able 3: Result of Ba y esian learning ID Smp Conv ID Smp Conv fi 0.10 0.116 ta 0.15 0.160 sm(yes) 0.95 0.966 sm(no) 0.05 0.054 al(yes,yes) 0.50 0.250 al(yes,no) 0.90 0.880 al(no,yes) 0.85 0.889 al(no,no) 0.05 0.049 le(yes) 0.88 0.898 le(no) 0.01 0.016 re(yes) 0.75 0.769 re(no) 0.10 0.082 An exp erimen t w as conducted using 500 teac her data sampled from the ab o v e program with parameter v alues sho wn as Smp in T able 3. Con v ergence is obtained after t w o iterations of the EM learning routine and the con- v erged parameter v alues are sho wn as Conv in T able 3. After learning, w e can c hec k v arious probabilities b y using built-in predicates suc h as prob/2 and cprob/3 . F or instance, P ( Fir e j Smoke ; : A larm ), the probabilit y of a �re breaking out while smok e is observ ed but the alarm is not ringing, is | ?- cprob(fire(yes),(smoke(yes),alarm(no)),P). P = 0.27739 ? 7 Related w ork PRISM is a general programming language with the abil- it y of learning, and w e don’t ha v e man y predecessors with the same c haracter and p o w er. Probably , most di- rectly related one is P o ole’s Probabilistic Horn ab duction [P o ole 93]. His seman tics ho w ev er excludes large part of usual logic programs 6 . F urthermore probabilities are considered only for �nite cases (no join t distribution for in�nitely man y random v ariables). Accordingly there is no w a y to express Mark o v c hains suc h as HMMs. Ng and Subrahmanian prop osed Probabilistic Logic Programming [Ng 92]. Their approac h is based on in- terv als. They assign probabilit y ranges to atoms in the program and c hec k, using linear programming tec hnique, if probabilities satisfying those ranges actually exist or not. The use of linear programming con�nes their ap- proac h to a �nite domain. Neither of P o ole’s prop osal or Ng and Subrahmanian’ prop osal men tions learning. Charniak and Goldman prop osed a sp ecial lan- guage FRAIL3 for construction of Ba y esian net w orks [Charniak et al. 93]. Although their rules lo ok m uc h lik e de�nite clauses annotated with probabilit y dep en- dencies, the seman tics is not v ery clear and no learning mec hanism is pro vided for their programs. Hashida [Hashida 94] prop osed a rather general frame- w ork for natural language pro cessing as probabilistic constrain t logic programming. He assigned probabilities to b et w een literals and let them denote the degree of the probabilit y of in v o cation. He has sho wn constrain ts are e�cien tly solv able b y making use of these probabilities. 6 This is due mainly to the acyclicit y assumption made in [P o ole 93]. 8 Conclusion W e ha v e presen ted PRISM whic h is a new mo deling lan- guage for sym b olic-statistical phenomena. It not only has general computing p o w er com bined with probabilis- tic seman tics but also has a general learning mec hanism that enables any PRISM program to learn from exam- ples. Belo w are t w o p oten tial application areas. PRISM programs can de�ne Mark o v c hains suc h as HMMs with mathematical rigor. Using this prop ert y , and taking adv an tage of PRISM’s �rst order expressiv e- ness, it lo oks feasible to describ e Mark o v decision pro- cesses con trolled b y complex sym b olic reasoning. This migh t con tribute to mo deling agen ts with ric h kno wl- edge, in teracting and learning one another. NLP is another promising area b ecause of the ob vi- ous need for describing statistical correlations b et w een syn tactic structures and seman tic structures. It is also noticeable that a large corpus is already a v ailable for learning. Computation p o w er and learning p o w er should b e uni�ed to giv e a new dimension to programming. W e hop e that PRISM brings us one step closer to the cross- fertilization of computation and learning. References [Asai et al. 93] Asai,K., Ha y amizu,S. and Handa,K., Prediction of protein secondary structure b y the hidden Mark o v mo del, CABIOS 9 No.2 pp141-146, 1993. [Charniak 93] Charniak,E., Statistical Language Learn- ing, The MIT Press, 1993. [Charniak et al. 93] Charniak,E. and Goldman,R.P ., A Language for Construction of Belief Net w orks, IEEE P AMI 15 No 3, pp196-208, 1993 [Hashida 94] Hashida,K., Dynamics of Sym b ol Systems, NGC 12, pp285-310, 1994. [Muggleton 91] Muggleton,S., Inductiv e Logic Program- ming, NGC 8, pp295-318, 1991. [Ng 92] Ng,R. and Subrahmanian,V.S., Probabilistic Logic Programming, Information and Computation 101, pp150-201, 1992. [P earl 88] P earl,J., Probabilistic Reasoning in In telli- gen t Systems, Morgan Kaufmann, 1988. [P o ole 93] P o ole,D., Probabilistic Horn ab duction and Ba y esian net w orks, Arti�cial In telligence 64, pp81- 129, 1993. [Rabiner 89] Rabiner,L.R., A T utorial on Hidden Mark o v Mo dels and Selected Applications in Sp eec h Recognition, Pro c. of the IEEE 77, No. 2, pp257- 286, 1989. [Sato 95] Sato,T., A Statistical Learning Metho d for Logic Programs with Distribution Seman tics, Pro c. of ICLP 95, pp715-729, 1995. [T anner 93] T anner,M., T o ols for Statistical Inference (2nd ed.), Springer-V erlag, 1986.