Mo deling Scien ti�c Theories as PRISM Programs T aisuk e SA TO 1 Abstract. PRISM is a new t yp e of sym b olic-statistical mo deling language whic h in tegrates logic programming and learning seamlessly 2 . It is designed for the sym b olic-statistical mo deling of complex phenomena suc h as genetics and eco- nomics where logical/so cial rules and uncertain t y in teract, th us exp ected to b e a v aluable to ol for scien ti�c disco v ery . In this pap er, w e �rst giv e a detailed accoun t of PRISM at prop ositional logic lev el. Then w e concen trate, instead of lo oking o v er v arious �elds, on one sub ject, the inheritance mec hanism of blo o d t yp es. W e sho w with exp erimen tal results that v arious theories of blo o d t yp e inheritance are describ ed as PRISM programs. Finally w e suggest p ossible extensions of PRISM . The reader is assumed to b e familiar with logic programming [8]. 1 In tro duction Scien ti�c disco v ery go es through a cycle of collecting obser- v ations, building a h yp othesis and v erifying it one w a y or another. Often times, observ ations are giv en as n um b ers and a h yp othesis is expressed as a mathematical form ula. When observ ations include non-n umeric asp ects suc h as causal rela- tionship among ev en ts ho w ev er, w e need a sym b ol manipula- tion language to b e able to express our h yp otheses. W e also need to cop e with noise or uncertain t y in the observ ations that is inevitable in the real w orld. PRISM is a formal kno wledge represen tation language for mo deling scien ti�c h yp otheses ab out discrete phenomena whic h are go v erned b y rules and probabilities [18, 19]. It is also a programming language con taining b oth logical elemen ts and probabilistic elemen ts. Syn tactically PRISM programs are just an extension of logic programs in whic h the set of facts in a program has a probabilit y distribution. Seman tically though, PRISM programs ha v e a probabilis- tic v ersion of p ossible w orlds seman tics (termed distributional semantics [18]) de�ned on a certain probabilit y space (of in�- nite dimension). Distributional seman tics extends a standard �xed p oin t seman tics and views a PRISM program as sp eci- fying an in�nite join t distribution for all p ossible �xed p oin ts. 3 1 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 2 An o v erview of PRISM w as presen ted in [19]. It w as based on the �rst implementation of PRISM and programming examples w ere c hosen from v arious �elds. 3 In logic programming, the (least) �xed p oin t of a program is the set of all ground atoms pro v able from the program. Although PRISM has the abilit y of computing all com- putable functions, it m ust b e emphasized that it is not just another programming language but a programming language with learning abilit y , and it is this learning abilit y that distin- guishes PRISM from other existing programming languages [19]. When giv en goals, i.e. conjunctiv e ground atoms whic h ex- press our observ ations together with a program that mo dels them, PRISM tries to maximize the probabilit y of the goals, b y �rst iden tifying the relev an t facts through bac kw ard rea- soning from the goals, and then adjusting the statistical pa- rameters asso ciated with the facts, b y a learning algorithm based on the EM algorithm [20]. Although our learning is just parameter learning b y MLE (Maxim um Lik eliho o d Esti- mate) applied to computer programs, and already found in, for instance, HMM (hidden Mark o v mo del) in sp eec h recog- nition and their applications to genetic information pro cess- ing [17, 2], the p oin t is that unlik e the case of HMM where the underlying mo del is restricted to probabilistic automata (t yp e 3 grammars in the Chomsky hierarc h y), PRISM ap- plies MLE to the whole class of programs (t yp e 0 grammars), and hence it co v ers not only HMMs but other w ell-kno wn sym b olic-statistical mo del suc h as Ba y esian net w ork [14] and PCF G (Probabilistic Con text F ree Grammars) [3]. After getting parameter learning done, w e let the program compute, through forw ard reasoning from the learned distri- bution and facts, probabilities of atoms that represen t phe- nomena w e are in terested in. This w a y PRISM pro vides us with a to ol to build a sym b olic mo del of probabilistic phenom- ena and, after statistical tests, allo ws us to calculate reliable v alues of probabilities of their b eha viors for the purp oses of prediction. In the rest of this pap er, w e �rst explain what PRISM is lik e in detail (this is b ecause the com bination of sym b olic ex- ecution and statistical learning lo oks new to the reader), then pro ceed to describing a series of examples of scien ti�c theories tak en from the area of blo o d gene inheritance. W e b egin b y a simple one, an ABO blo o d t yp e program, then pro ceed to more complex ones, for instance, the in terpla y of a so cial structure and the genetic inheritance mec hanism found in the Kariera trib e whic h liv ed 80 y ears ago in the w est Australia [21]. Fi- nally w e suggest future directions suc h as rule extraction from data whic h can b e made p ossible b y extending PRISM . The reader is assumed to b e familiar with logic programming [8]. ECAI 98 W orkshop Programme.

2 The basic idea of PRISM 2.1 Mo deling and forw ard reasoning A PRISM program D B is written as F [ R where F is a set of unit clauses and R is a set of de�nite clauses 4 . One salien t feature of PRISM is that F is giv en a probabilit y distribu- tion. W e call it a b asic distribution (of the D B ). The purp ose of PRISM programs is to represen t computa- tional mo dels of our observ ations b y logical statistical means. The R part is used to describ e logical rules w orking b ehind the observ ations whereas the F part mo dels their uncertain t y as a probabilit y distribution. Our assumption is that what w e observ e is represen table as an instance of some clause head in the program. Supp ose, for example, w e observ e phenomena concerning our health, sa y a headac he and a fev er. W e kno w from ex- p erience that drinking to o m uc h causes a headac he while a cold causes a headac he and a fev er sim ultaneously . If w e use ground atom H for ha ving a headac he, F for ha ving a fev er, D for drinking to o m uc h and C for a cold, resp ectiv ely , our causal kno wledge ab out headac hes and fev er is formalized as D B listed b elo w 5 . D B = F [ R F = f D ; C g R = f H ( D ; H ( C ; F ( C g W e also kno w that drinking to o m uc h has little to do with a cold, logically sp eaking. W e therefore, instead of further seek- ing for a logical relationship b et w een them, just in tro duce a join t probabilit y distribution ( b asic distribution ) P F for them. h x 1 ; x 2 i P F ( D = x 1 ; C = x 2 ) h 0 ; 0 i 0 : 72 h 1 ; 0 i 0 : 18 h 0 ; 1 i 0 : 08 h 1 ; 1 i 0 : 02 Here w e think of ground atoms as random v ariables taking on 1 when they are true and 0 when they are false, and w e use x i for the v alue of an atom. The basic distribution is extended to a one for all ground atoms D ; C ; H and F in the program b y taking the i� de�nition of D B [8] i�( D B ) = f H , D _ C ; F , C g and then b y calculating the truth v alues of H and F from those of D and C 6 . F or example, when D is true and C is false, H is true and F is false. This forwar d r e asoning giv es rise to the follo wing join t distribution P D B for h D ; C ; H ; F i where y i denotes the sampled v alue of H or F . 4 T o b e precise, the program has three parts, the mo deling part, the utilit y part and the con trol directiv es. W e are talking here only ab out the mo deling part for simplicit y . 5 W e assume that rules in R are alw a ys correct. 6 The use of the i� de�nition is justi�able b ecause our seman tics, distributional semantics, is a probabilistic generalization of the least mo del seman tics of logic programs in whic h the i� de�nition alw a ys holds. See [8, 18] h x 1 ; x 2 ; y 1 ; y 2 i P D B ( D = x 1 ; C = x 2 ; H = y 1 ; F = y 2 ) h 0 ; 0 ; 0 ; 0 i 0 : 72 h 1 ; 0 ; 1 ; 0 i 0 : 18 h 0 ; 1 ; 1 ; 1 i 0 : 08 h 1 ; 1 ; 1 ; 1 i 0 : 02 others 0 : 0 Once this distribution is obtained, w e are able to calculate whatev er statistics w e w an t. If w e are in terested in the join t distribution of H and F , it b ecomes h y 1 ; y 2 i P D B ( H = y 1 ; F = y 2 ) h 0 ; 0 i 0 : 72 h 1 ; 0 i 0 : 18 h 0 ; 1 i 0 : 0 h 1 ; 1 i 0 : 10 : This tells us for instance the probabilit y of sim ultaneously ha ving a headac he ( H ) and a fev er ( F ) is 0 : 10. 2.2 Bac kw ard reasoning and statistical parameters In the previous example, P F w as giv en a priori. In realit y ho w- ev er, constructing reliable P F is a ma jor problem. W e sho w that this can b e done b y statistical learning based on the com- bination of bac kw ard reasoning and the EM algorithm [20] as follo ws. First w e supp ose, to mak e matters simple that drinking to o m uc h and ha ving a cold are statistically indep enden t ev en ts. So w e write P F ( D = x 1 ; C = x 2 ) = P F ( D = x 1 ) P F ( C = x 2 ). Second, w e in tro duce statistical parameters � i ( i = 1 ; 2) suc h that P F ( D = 1) = � 1 and P F ( C = 1) = � 2 . No w supp ose w e ha v e observ ed, randomly , the state of headac he ( H ) and a fev er ( F ) three times and ha v e recorded them as h: H ; : F i , h H ; : F i and h H ; F i . The probabilit y of these observ ations happ ening is P D B ( H = 0 ; F = 0) P D B ( H = 1 ; F = 0) P D B ( H = 1 ; F = 1). W e express this probabilit y in terms of � 1 and � 2 b y using bac kw ard reasoning. T ak e for example P D B ( H = 0 ; F = 0), the probabilit y of sim ultaneously ha ving no headac he and no fev er. Since distri- butional seman tics allo ws us to logically reduce H to D _ C and F to C resp ectiv ely (this is bac kw ard reasoning), the probabilit y of h H = 0 ; F = 0 i , i.e. that of : H ^ : F is equal to the probabilit y of : ( D _ C ) ^ : C ( , : D ^ : C ), whic h is (1 � � 1 )(1 � � 2 ). Lik ewise, the probabilit y of h H = 1 ; F = 0 i is � 1 (1 � � 2 ) and that of h H = 1 ; F = 1 i is � 2 . Accordingly , P D B ( H = 0 ; F = 0) P D B ( H = 0 ; F = 1) P D B ( H = 1 ; F = 1) is calculated as (1 � � 1 ) � 1 (1 � � 2 ) 2 � 2 . 2.3 MLE and the EM algorithm T o statistically learn reliable v alues of � 1 and � 2 from the observ ations, w e app eal to the principle of maximizing the probabilit y of what w e observ ed, i.e. MLE (Maxim um Lik e- liho o d Estimate). So, w e maximize (1 � � 1 ) � 1 (1 � � 2 ) 2 � 2 b y c ho osing appropriate � 1 and � 2 , in this case � 1 = 1 = 2 and Mac hine Disco v ery 2 T.Sato

� 2 = 1 = 3. Unfortunately , generally sp eaking, MLE is a complex opti- mization problem and there is no easy w a y to calculate the parameter v alues giving the optim um, esp ecially when there are a large n um b er of random v ariables. So when designing PRISM , w e decided to b e satis�ed with a lo cal maxim um, and to apply the EM algorithm [20] to a class of basic distri- butions of v ery simple t yp e (the EM algorithm is an iterativ e algorithm for MLE whic h �ts particularly w ell when some data are missing). Note that w e ha v e a kind of data missing situation in whic h w e observ e only atoms that app ear as a clause head but facts (sampled according to the basic distribution P F ) are nev er kno wn, i.e. missing. W e th us applied the EM algorithm to this data missing situation and deriv ed a new learning algorithm for our MLE problems [18]. This new learning algorithm can apply to any lo gic pr o- gr ams as long as eac h observ ation (ground atom) has a �nite n um b er of explanations (pro ofs) from the D B 7 . Getting bac k to the observ ation of H and F , if w e ha v e a large n um b er of random samples of H and F , reliable v alues of � 1 and � 2 are obtainable b y applying the MLE (our EM learning algorithm) to the observ ed samples. And once these reliable v alues ha v e b een obtained, w e can calculate probabil- ities suc h as P D B ( H = 1 j F = 1). 2.4 PRISM programming PRISM programming has the follo wing four steps. (1) Mo deling W e build a logical-statistical mo del, assum- ing a basic distribution o v er facts. (2) Learning Giv en (random) observ ations as ground atoms, w e adjust parameters asso ciated with the basic distribution b y the EM learning algorithm. (3) T esting After learning, w e c hec k our mo del against the observ ations b y statistical tests. (4) Calculation (Prediction) W e use our mo del to calcu- late v arious statistics, for instance, for predication. V arious built-in predicates are a v ailable for these steps. T o write a basic distribution in the mo deling step, w e use bsw/3 and msw/3 . bsw(coin,2,1) for instance b eha v es as a random binary switc h named coin whic h is true (resp. false) if and only if sampling coin at 2nd time returns 1 (resp. 0). Lik e- wise msw(<name>,<time>,<value>) acts as a random m ulti- ple switc h. These atoms are statistically indep enden t random v ariables 8 . PRISM asso ciates a statistical parameter with eac h bsw (and msw ) atom as the probabilit y of the atom b eing true. Let � b e suc h a statistical parameter for bsw(coin, ,1) . It means Prob( bsw(coin, ,1) ) = � whic h also implicitly means 7 This restriction seems reasonable. In the real w orld, it is usual that w e don’t need to consider in�nitely man y causes of phenom- ena in question. 8 T o b e exact, if their name s are di�eren t, they are indep enden t. If they ha v e the same name but di�erent time s, they are indep enden t but iden tically distributed. Prob( bsw(coin, ,0) ) = 1 � � b ecause only t w o v alues, 1 and 0, are allo w ed in the third argumen t of the bsw atom. Statis- tical parameters are set man ually b y a built-in predicate or are adjusted in the learning step b y the EM algorithm. In the learning step, the user is required to prepare teac her data in the form of ground atoms. They m ust b e randomly sampled ones. Presen tly , t w o built-in predicates, learn/0 and learn/1 , are a v ailable. learn/0 is used when teac her data are stored on a �le, while learn/1 is used when teac her data are supplied as a list of ground atoms. They all execute the EM learning algorithm un til saturation b y rep eatedly adjust- ing statistical parameters asso ciated with bsw/3 and msw/3 atoms in a program to ac hiev e a lo cal maxim um of the prob- abilit y of the conjunction of teac her atoms. F or the testing and calculation steps, prob/2 and cprob/3 are a v ailable as built-in predicates. prob(<f>,<p>) is used to calculate the probabilit y p of the p ositiv e b o olean form ula f . cprob(<f-1>,<f-2>,<p>) is used for the conditional proba- bilit y p of f-1 when f-2 is true. W e no w lo ok at concrete PRISM programs. W e sho w ho w- ev er only the mo deling part of them, omitting the utilit y part and the con trol directiv es as they are of secondary imp ortance compared to the mo deling part. 3 ABO blo o d t yp e program Our �rst example is ab out ABO blo o d t yp e [5, 6]. Let us ex- plain mo deling, sampling and learning in PRISM with this example. W e already kno w that a c hild inherits genes, one from eac h paren t, and the pair ( genotyp e ) determines the c hild’s blo o d t yp e ( phenotyp e ). In the case of ABO blo o d t yp e, three genes ( a , b and o ) are in v olv ed; if the c hild inherits b from the father and o from the mother, his/her blo o d t yp e is B and so on (see Figure 1 ). W e also kno w that the inheritance is b y c hance. That is, for a randomly sampled c hild, whic h gene is inherited from his/her paren t is probabilistic, and the inheritance from the father and that from the mother are statistically indep enden t. 3.1 Mo deling This inheritance mec hanism that mo dels random mating [6] is succinctly describ ed as a PRISM program in Figure 2 . Practically sp eaking, PRISM programs are just Prolog programs with sp ecial built-in predicates. So, the upp er case letters X , Y and P are logical v ariables and the rest are con- stan ts. More imp ortan tly , PRISM execution follo ws Prolog con v en tion 9 . top-to-b ottom, clause-wise, and left-to-righ t goal- wise. Although it happ ens that this program is non-recursiv e, PRISM allo ws for recursion (see an HMM program in [19]) 10 . 9 PRISM has three execution mo des: sampling mo de, answ er with probabilit y mo de and answ er with form ula mo de. W e are fo cusing on the sampling mo de here. 10 Recursion in tro duces an in�nite n um b er of random v ariables, ev en in suc h a simple case as mo deling a Bernoulli sequence, Mac hine Disco v ery 3 T.Sato

Figure 1. ABO blo o d t yp e mo del blood_type(a):- (gtype(a,a); gtype(a,o); gtype(o,a)). blood_type(b):- (gtype(b,b); gtype(b,o); gtype(o,b)). blood_type(o):- gtype(o,o). blood_type(ab):- (gtype(a,b); gtype(b,a)). gtype(X,Y):- gene(father,X),gene(mother,Y). gene(P,a):- msw(gene,P,a). gene(P,b):- msw(gene,P,b). gene(P,o):- msw(gene,P,o). Figure 2. ABO blo o d t yp e program The declarativ e con ten t of this program seems self-eviden t. W e ha v e only to note that blood type(a) sa ys a c hild has blo o d t yp e a , gtype(X,Y) sa ys a c hild has the genot yp e <X,Y> and gene(P,a) sa ys gene a is inherited from P . The last three clauses use msw atoms. In the curren t case, msw(gene,P,V) stands for a statistically indep enden t and iden tically distributed ternary random switc h named gene suc h that V tak es on one of f a, b, o g as a sampled v alue at P th time. If P = father and V = a , it means the c hild happ ened to inherit gene a from father . 3.2 Sampling execution Putting declarativ e con ten t aside, there is a little in tricacy in op erational seman tics. Although PRISM has three execution mo des, w e pa y atten tion only to the sampling execution. whic h necessitates the construction of a probabilit y space with an in�nite dimension [18]. In general, the sampling execution of a PRISM program D B = F [ R is stated as the sampling of D B as a (coun tably in�nite) random v ector de�ned b y distributional seman tics [18] 11 . Ho w ev er, since our random v ariables are just the name- sak e of ground atoms, w e state a sampling pro cess in terms of ground atoms for the sak e of in tuitiv eness. The sampling pro cess starts with that of P F , the basic dis- tribution o v er F . In the blo o d t yp e example, F consists of msw(gene, ,a) , msw(gene, ,b) and msw(gene, ,o) . PRISM implicitly asso ciates t w o statistic parameters, � 1 and � 2 as follo ws. They are initialized b efore computation b y a built-in predicate. atom prob. msw(gene, ,a) � 1 msw(gene, ,b) � 2 msw(gene, ,o) 1 � � 1 � � 2 3.3 T op-do wn execution as sampling A sampling of P F determines a set of true ground atoms F 0 � F , and the least mo del of F 0 [ R determines all truth v alues of ground atoms app earing in D B . Th us, all ground atoms are sampled. This sampling pro cess suggests b ottom-up computation; �rst sample all bws/3 or msw/3 ground atoms (ev en if there are in�nitely man y of them) and then with the set of true atoms, compute the least mo del. This is ho w ev er not v ery amenable to Prolog on top of whic h PRISM is curren tly implemen ted. So while adopting Prolog’s top-do wn execution order, w e let PRISM pretend that the sampling from P F has b een done b efore an y computation starts and results are stored some- where for retriev al. With this in mind, let us trace a computation pro cess start- ing from a call to gtype(b,o) . Lik e Prolog, the call unique in v ok es the clause for gtype/2 with instan tiations X=b and Y=o , and a call to subgoal gene(father,b) o ccurs whic h then in v ok es gene/2 clauses in turn from top-to-b ottom. When the topmost clause gene(P,a):- msw(gene,P,a) is in v ok ed with P instan tiated to father , a call to msw(gene, , ) tak es place for the �rst time. PRISM samples the truth v alue of the atom, or more precisely , it samples a random v ariable whose name is gene and whose v alue is one of a , b or o . If the sam- pled v alue is b , PRISM memorizes msw(gene,father,b) as the result of the sampling at the time father . This sampling determines msw(gene,father,a) to b e false as side e�ect (an y later call to it will fail). So the second clause gene(P,b):- msw(gene,P,b) is in v ok ed with P = father . The call to msw(gene,father,b) ensues and succeeds b ecause PRISM remem b ers that msw(gene,father,b) w as true on the �rst sampling. This success completes the goal gene(father,b) . 11 In the formal setting, w e alw a ys consider D B as represen ting the in�nite set of ground instantiations of clauses in D B . Mac hine Disco v ery 4 T.Sato

PRISM then tac kles the second subgoal gene(mother,o) . This subgoal ev en tually causes a second sampling of the ran- dom v ariable gene , b ecause time stamp mother is di�eren t from father used b efore. If this sampling returns o , gene(mother,o) will b e exclusiv ely true, resulting in the success of the call to gtype(b,o) . Else gene(mother,o) will fail and so will gtype(b,o) . This w a y w e are able to sample the truth v alue of ground atom gtype(b,o) . When goals con tains v ariables, uni�cation o ccurs as usual, and when goals succeed, w e will ha v e v ariable bindings (answ er substitutions) just lik e Prolog. 3.4 Learning and testing Supp ose that w e randomly observ ed p eople’s blo o d t yp es and obtained the follo wing table 12 . atom coun t ratio blood type(a) 195 0.390 blood type(b) 97 0.194 blood type(o) 159 0.318 blood type(ab) 49 0.098 (total) 500 1.000 T able 1. Sample observ ations F or the ABO blo o d t yp e program to b e a go o d scien ti�c mo del, the probabilit y distribution sp eci�ed b y the program should b e close to the observ ed distribution. Hence, w e adjust statistical parameters asso ciated with msw/3 that determine the probabilities of gene(P,a) , gene(P,o) and gene(P,b) so that the resulting distribution gets closer to the ab o v e table. The adjustmen t is carried out b y statistical learning based on the EM algorithm [20, 18]. W e run the command learn/1 with the list of ground atoms that represen t our observ ations as follo ws. | ?- learn([blood_type(a),blood_type(a), blood_type(o),blood_type(b),...]). learn/1 starts the EM learning algorithm, and iterativ ely adjusts parameters asso ciated with msw/3 to maximize the probabilit y of blood type(a) ^ blood type(a) ^ blood type(o) ^ blood type(b) . . . After 11 iterations, the learning stopp ed. T able 2 sho ws learned parameter v alues. Finally , the distribution of blood type/1 sp eci�ed b y these parameters is computed b y prob/2 built-in predicate, giving T able 3 . Since the T able 3 is just a theoretically computed distri- bution, w e need to c hec k b y the � -square metho d ho w w ell it �ts what w e observ ed, i.e. T able 1 . By calculation, w e get � 2 = 0 : 6545. F or degrees of freedom 1 (w e ha v e t w o parame- ters � 1 and � 2 ), this happ ens with probabilit y > 0 : 4. So T able 3 cannot b e rejected, whic h indirectly supp orts, together with T able 2 , the correctness of ABO blo o d t yp e program that pro- duced it. 12 This data set is generated b y a program. It re ects the blo o d t yp e distribution in Japan. The ratio is almost A:B:O:AB = 4:2:3:1 . atom parameter learned v alue msw(gene, ,a) � 1 0.2835 msw(gene, ,b) � 2 0.1580 msw(gene, ,o) 1 � � 1 � � 2 0.5585 (total) 1.0000 T able 2. Learned parameters atom computed prob. blood type(a) 0.3970 blood type(b) 0.2015 blood type(o) 0.3119 blood type() 0.0896 (total) 1.0000 T able 3. Computed probabilities 4 Blo o d t yp e mo del for c hildren of cousin paren ts When paren ts are cousins, w e ha v e to tak e the fact in to ac- coun t to build a prop er mo del of genetic inheritance of blo o d genes. This is b ecause a c hild has the c hance of inheriting copies of the same gene from one of the grand-grand paren ts (see Figure 3 ). The probabilit y of its happ ening is calculated as 1 = 16 and is called a co e�cien t of in breeding [5]. Figure 3. Cousin mo del Figure 4 is part of a program that mo dels the blo o d t yp e inheritance mec hanism for c hildren of cousin paren ts. child of cousin(a) sa ys that a c hild of cousin paren ts has a blo o d gene a and cousin(X,Y) sa ys randomly c hosen t w o Mac hine Disco v ery 5 T.Sato cousins ha v e gene X and Y . inherit(from(XP),pair(sibling parent,other),1) describ es gene inheritance that o ccurs b et w een the cousin and the cousin’s paren ts. XP denotes the cousin’s paren t who is the source of gene X . The atom sa ys as the result of gene inheri- tance at 1st trial, XP b ecomes, with prob. 1 = 2, either a sibling paren t or the other non-sibling paren t. siblings(X,Y) sa ys randomly c hosen t w o siblings ha v e gene X and Y resp ectiv ely . W e assume that as far as non-sibling paren ts are concerned, the distribution of their blo o d t yp es are determined b y ran- dom mating. In other w ords, w e use the ABO program sho wn in Figure 2 as a program to determine the blo o d t yp e dis- tribution of non-sibling paren ts. child_of_cousin(a):- (cousin(a,a); cousin(a,o); cousin(o,a)). child_of_cousin(b):- (cousin(b,b); cousin(b,o); cousin(o,b)). child_of_cousin(o):- cousin(o,o). child_of_cousin(ab):- (cousin(a,b); cousin(b,a)). cousin(X,Y):- % randomly chosen two cousins have % gene X and gene Y inherit(from(XP),pair(sibling_parent,other),1), inherit(from(YP),pair(sibling_parent,other),2), ( XP==sibling_parent, YP==sibling_parent, siblings(X,Y) % randomly chosen two siblings ; ... % have gene X and gene Y Figure 4. Program for c hildren of cousin paren ts After writing do wn the whole program, w e pro vide it with parameters in T able 2 , i.e. parameters for the blo o d t yp e distribution of general p eople, and calculate the distribution of blo o d t yp e for c hildren of cousin paren ts. This is a predi- cation step. W e compute an unobserv ed distribution b y using our cousin mo del. The result is sho wn in T able 4 . The next step w ould b e comparing these probabilities with observ ations of blo o d t yp es of c hildren whose paren ts are cousins. atom prob. child of cousin(a) 0.3899 child of cousin(b) 0.1988 child of cousin(o) 0.3273 child of cousin(ab) 0.0840 (total) 1.0000 T able 4. Predicted probabilities 5 Y et another blo o d t yp e theory Here w e describ e y et another blo o d t yp e theory that lost to ABO blo o d t yp e theory [6]. This theory , AaBb blo o d t yp e the- ory , assumes t w o lo ci. Blo o d t yp e is determined b y alleles at eac h lo cus according to T able 5 . t yp e lo cus-1 lo cus-2 O aa bb A A- bb B aa B- AB A- B- T able 5. AaBb blo o d t yp e theory Here A,B are dominan t genes whereas a,b are recessiv e genes. - is a don’t care sym b ol. This theory w as once one of the comp eting theories for explaining the ABO blo o d t yp e [6] but failed to pass a statistical test and ev en tually w as re- jected. W e trace this whole scien ti�c pro cess of prop osing a h yp othesis, c hec king it with data, determining acceptance or rejection, in the framew ork of PRISM programming. W e �rst write a program sho wn in Figure 5 . Note that in the program, \ - " is represen ted as an anon ymous logical v ariable \ ". Next b y using the same data, i.e. T able 1 used for ABO blo o d t yp e theory , w e let it learn statistical parameters in the program. Then w e calculate the distribution of blo o d t yp es determined from the learned parameters. Finally w e c hec k them against the observ ed data T able 1 b y � -square �tting test. blood_type(o):- gtype(1,[a,a]),gtype(2,[b,b]). blood_type(a):- (gtype(1,[’A’,_]); gtype(1,[_,’A’])), gtype(2,[b,b]). blood_type(b):- gtype(1,[a,a]), (gtype(2,[’B’,_]); gtype(2,[_,’B’])). blood_type(ab):- (gtype(1,[’A’,_]); gtype(1,[_,’A’])), (gtype(2,[’B’,_]); gtype(2,[_,’B’])). gtype(N,[X,Y]):- gene(N,father,X),gene(N,mother,Y). gene(1,P,G):-(bsw(0,P,1), G=a; bsw(0,P,0), G=’A’). gene(2,P,G):-(bsw(1,P,1), G=b; bsw(1,P,0), G=’B’). gene(’A’):- gene(1,father,’A’). gene(a):- gene(1,father,a). gene(’B’):- gene(2,father,’B’). gene(b):- gene(2,father,b). Figure 5. AaBb blo o d t yp e program The probabilities of gene/1 and blood type/1 computed Mac hine Disco v ery 6 T.Sato from the learned parameters are summarized in T able 6 . atom prob. atom prob. gene(A) 0.2845 blood type(a) 0.3455 gene(a) 0.7155 blood type(b) 0.1495 gene(B) 0.1586 blood type(o) 0.3625 gene(b) 0.8414 blood type(ab) 0.1425 (total) 1.0000 T able 6. Computed probabilities for AaBb theory Comparing the observ ed data in T able 1 with the com- puted data in T able 6 , w e �nd � 2 = 19 : 16486. With degrees of freedom 1 (again, w e ha v e t w o parameters), this happ ens with probabilit y < 0 : 001. So AaBb theory should b e rejected. 6 A case of an throp ological study { the Kariera trib e T o explore the descriptiv e p o w er of a �rst-order computa- tional language com bined with a statistical learning metho d, w e tak e up the Kariera trib e from an throp ology where so cial rules in teract with a genetic inheritance mec hanism. In the b eginning of the 20th cen tury , the Kariera trib e liv ed along the coast of W est Australia whic h had the territory of ab out 3500 square miles. A sp ecial t yp e of cross-cousin mar- riage (bilateral cross-cousin marriage) w as a norm in their so ciet y . It states that a h usband H and his wife W m ust b e cousins suc h that H’s father and W’s mother are siblings (H and W are patrilateral cross-cousins), and at the same time H’s mother and W’s father are siblings as w ell (H and W are matrilateral cross-cousins) [21]. The trib e w as divided in to four clans ’P aly eri’, ’Karimera’, ’Banak a’ and ’Burung’. ’P aly eri’ and ’Karimera’ form a mar- riage pair, and so do ’Banak a’ and ’Burung’ ( Figure 6 ). A h usband and his wife m ust come resp ectiv ely from eac h of the paired clans. Their c hildren ho w ev er b elong to the third clan uniquely determined b y the paren ts’ clans. The blo o d t yp e inheritance mec hanism in this so ciet y whic h w as complicated b y the so cial rules men tioned ab o v e can b e describ ed as a PRISM program. W e �rst include in the fol- lo wing facts ab out the Kariera clans. child(’Banaka’, parents(’Palyeri’,’Karimera’)). child(’Burung’, parents(’Karimera’,’Palyeri’)). child(’Palyeri’, parents(’Banaka’,’Burung’)). child(’Karimera’,parents(’Burung’,’Banaka’)). Here child(C, parents(FC,MC)) for instance means if the father’s clan is FC and the mother’s clan is MC then the c hild b elongs to clan C . W e then add the usual ABO blo o d pro- gram ( Figure 2 ) appropriately mo di�ed to the Kariera case. F or instance, to sa y a randomly c hosen t w o individual in Figure 6. Clans in the Kariera trib e gtype(C,[X,Y],N):- N>0, children(C,parents(FC,MC)), inherit(genes,from(X1,Y1),pair(X,Y),N), cousins(clan(FC,X1),clan(MC,Y1),N). clan C has genot yp e <X,Y> at the N -th generation, w e de�ne gtype(C,[X,Y],N) as follo ws. inherit(genes,from(X1,Y1), pair(X,Y), N) sa ys the par- en ts ha v e genes f X1,Y1 g as a set and the c hild’s genot yp e <X,Y> coincides with either <X1,Y1> or <Y1,X1> with proba- bilit y 1 = 2. cousins(clan(FC,X1),clan(MC,Y1),N) sa ys a ran- domly c hosen t w o cousins, one (male) in clan FC and the other (female) in clan MC , ha v e gene X1 and Y1 resp ectiv ely at the N -th generation. Since all married couples are cousins in this so ciet y , cousins’ ancestors are also cousins. This brings un b ound recursion through generation in to the program. And a su�cien t n um- b er of recursion through generations are exp ected to lead the blo o d gene distribution computed b y the program to a sta- ble state. In actual computation ho w ev er, computational cost of recursion w as so high that recursion depth w as limited to 2. W e here describ e one of the sev eral learning exp erimen ts with arti�cial data. W e �rst randomly sampled 100 ground blood type/1 atoms (the sampling ratio w as A:B:O:AB =4:2:3:1) and obtained T able 7 . In the learning step, w e let the program learn statistical parameters from this data set in whic h w e assumed the ratio of clan p opulation is ’P aly eri’:’Karimera’:’Banak a’:’Burung’ = 2:2:1:1. The table T able 8 of probabilities computed from Mac hine Disco v ery 7 T.Sato atom coun ts ratio blood type(a) 34 0.340 blood type(b) 27 0.270 blood type(o) 33 0.330 blood type(ab) 6 0.060 (total) 100 1.000 T able 7. Sample observ ations the program using learned parameters (and this passed suc- cessfully � -square �tting test). atom prob. blood type(a) 0.3382 blood type(b) 0.2690 blood type(o) 0.3312 blood type(ab) 0.0616 (total) 1.0000 T able 8. Learned results Unfortunately , due to the lac k of conrete data and for other reasons, this learning exp erimen t can only b e theoretically meaningful. It ho w ev er exempli�es that PRISM program- ming can still w ork for suc h complicated phenomena as the in teraction b et w een so cial rules and a genetic mec hanism. 7 Discussion and related w ork Mo deling is an indisp ensable step in the pro cess of scien ti�c disco v ery and PRISM w as designed exactly for this purp ose [18, 19]. Since PRISM in tegrates a general logic programming lan- guage and the statistical learning b y the EM algorithm at seman tic lev el and at pro cedural lev el, not only can it declar- ativ ely describ e and sim ulate complex phenomena go v erned b y rules and probabilities, but can learn from data (goals), and hence, can c hange the b eha vior of programs adaptiv ely . In this pap er, w e ha v e presen ted the basic idea of PRISM and its mo deling examples tak en from the area of blo o d gene inheritance. It should b e men tioned ho w ev er that PRISM program- ming tends to b e more di�cult as w e ha v e to consider logical meaning and probabilistic relationship at the same time, and enco de them, coheren tly , in to a single program. This means if w e w an t to v erify our program, w e need the logical and statistical v eri�cation of the denotation of the program, i.e. a join t distribution of all ground atoms. Little is kno wn ab out suc h v eri�cation ho w ev er. Despite these di�culties, w e ha v e sho wn b y examples that PRISM can b e a v aluable to ol with �rst-order descriptiv e p o w er and learning abilit y for mo deling complex phenomena from HMM to Ba y esian nets [18, 19] to the ones presen ted in this pap er. Next step seems div erse. One is rule extraction from a basic distribution. First w e augmen t PRISM with a more p o w er- ful class of basic distributions suc h as Boltzmann distribu- tions than random switc hes. W e then maximize the probabil- it y of giv en goals (random samples) b y the Boltzmann ma- c hine learning metho d [1]. Since the learned distribution re- ects probabilistic correlations b et w een atoms, w e ma y ha v e a go o d c hance of extracting logical rules from it. Another is mo deling dynamic temp oral phenomena suc h as co op eration among agen ts with logical reasoning abilit y . This seems to require an on-line learning mec hanism unlik e the curren t o�-line learning mec hanism of PRISM . Researc h in the area of reinforcemen t learning will b e of m uc h help. Last but not least, it is also imp ortan t to explore new areas whic h PRISM mo deling can con tribute to. W e are curren tly lo oking in to the p ossibilit y of applying PRISM mo deling to the area of mark eting. W e state related w ork. Ng and Subrahmanian com bined (function free) logic pro- grams with probabilit y ranges (upp er and lo w er b ounds) to express uncertain t y [12]. After assigning probabilit y ranges to atoms in the logic program, they c hec k ed if probabilities sat- isfying those ranges actually exist or not b y the tec hnique of linear programming. The use of linear programming ho w ev er con�nes their approac h to a �nite domain. Learning w as not considered. Recen t dev elopmen t is describ ed in [7]. Probabilistic Horn ab duction [15] also com bined logic pro- grams with probabilities, in whic h P o ole sho w ed, for example, ho w to express Ba y esian net w orks. His seman tics on the other hand excludes large part of usual logic programs b ecause of the requiremen t of acyclicit y of programs (programs m ust b e strati�able b y the assignmen t of in tegers to ground atoms) [15]. His recen t publication [16] fo cused on mo deling dynamic b eha vior suc h as that of agen ts and dealt with decision/game theoretic means based on acyclic logic programs (with nega- tion as failure). Neither of the framew orks men tioned ho w to learn probabilities. Charniak and Goldman prop osed a sp ecial language FRAIL3 for construction of Ba y esian net w orks [4]. Although their rules lo ok m uc h lik e de�nite clauses annotated with probabilit y de- p endencies, the seman tics is not v ery clear and no learning mec hanism is pro vided for their programs. Hashida [9] prop osed a rather general framew ork for natu- ral language pro cessing as probabilistic constrain t logic pro- gramming. 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. Koller [10] deals with the problem of gene inheritance. Kno wl- edge ab out gene inheritance is enco de b y a �rst order language and then translated in to a Ba y esian net w ork. The EM learn- ing algorithm adapted for Ba y esian net w orks is applied to sta- tistically estimate parameters in the net w ork. It is not clear Mac hine Disco v ery 8 T.Sato ho w ev er ho w to extend this approac h to a general program- ming language with T uring computation p o w er. She also pro- p osed a functional probabilistic programming language [11] for sto c hastic pro cesses. A CKNO WLEDGEMENTS W e w ould lik e to thank the referees for their commen ts whic h help ed impro v e this pap er. REFERENCES [1] Ac kley ,D.H., Hin ton,G.E. and Sejno wski,T.J., A learning al- gorithm for Boltzmann mac hines, Cognitiv e Sci. 9, pp147-169, 1985. [2] 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. [3] Charniak,E., Statistical Language Learning, The MIT Press, 1993. [4] Charniak,E. and Goldman,R.P ., A Language for Construction of Belief Net w orks, IEEE P AMI 15 No 3, pp196-208, 1993 [5] J.F.Cro w, Genetics Notes (8th ed.)(translated in to J), Burgess Publishing Compan y , Minneap olis, 1983. [6] J.F.Cro w, Basic Concepts in P opulation, Quan titativ e and Ev olutionary Genetics (translated in to J), W.H.F reeman and Compan y , New Y ork, 1988. [7] Dekh t y ar,A. and Subrahmanian,V.S., Hybrid Probabilistic Programs, Pro c. of F ourteen th ICLP , pp391-405, 1997. [8] Do ets,K., F rom Logic to Logic Programming, MIT Press, Cam bridge, 1994. [9] Hashida,K., Dynamics of Sym b ol Systems, NGC 12, pp285- 310, 1994. [10] Koller,D. and Pfe�er,A., Learning probabilities for noisy �rst- order rules, Pro c. of IJCAI’97, Nago y a, pp1316-1321, 1997. [11] Koller,D., McAllester,D. and Pfe�er,A., E�ectiv e Ba y esian In- ference for Sto c hastic Programs, Pro c. of AAAI’97, Rho de Island, pp740-747, 1997. [12] Ng,R. and Subrahmanian,V.S., Probabilistic Logic Program- ming, Information and Computation 101, pp150-201, 1992. [13] Ng,R., Haddawy ,P . and Helwig,J., A Theoretical F rame- w ork for Con text-Sensitiv e T emp oral Probabilit y Mo del Con- struction with Application to Plan Pro jection, Pro c. of the elev en th UAI,Mon treal, pp419-429, 1995. [14] P earl,J., Probabilistic Reasoning in In telligen t Systems, Mor- gan Kaufmann, 1988. [15] P o ole,D., Probabilistic Horn ab duction and Ba y esian net- w orks, Arti�cial In telligence 64, pp81-129, 1993. [16] P o ole,D., The indep enden t choice logic for mo deling multiple agen ts under uncertain t y , Arti�cial In telligence 94, pp7-56, 1997. [17] Rabiner,L.R., A T utorial on Hidden Mark o v Mo dels and Se- lected Applications in Sp eec h Recognition, Pro c. of the IEEE 77, No. 2, pp257-286, 1989. [18] Sato,T., A Statistical Learning Metho d for Logic Programs with Distribution Seman tics, Pro c. of ICLP’95, pp715-729, 1995. [19] Sato,T., and Kamey a,Y. PRISM:A Language for Sym b olic- Statistical Mo deling, Pro c. of IJCAI’97, pp.1330-1335, 1997. [20] T anner,M., T o ols for Statistical Inference (2nd ed.), Springer- V erlag, 1986. [21] H.C.White, An Anatom y of Kinship, Pren tice-Hall INC., 1963. Mac hine Disco v ery 9 T.Sato