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Summary

The past few years have witnessed a tremendous interest in logic-based probabilistic learning
as testified by an increasing number of formalisms, systems, and applications. PRISM is a logic-
based language that integrates logic programming, probabilistic reasoning, and EM learning. It
allows for the description of independent probabilistic choices and their consequences in general logic
programs. PRISM supports parameter learning, which amounts to training probabilistic models by
using observed data. Our preliminary implementation of PRISM lacks scalability and is thus unable
to sustain large applications. The goal of this project is to develop a high-performance PRISM system
that can handle large sets of data. As tabling is the bottleneck in parameter learning, this project
entails the development of an efficient tabling system. We will develop an efficient PRISM system
that incorporates optimal tabling strategies, optimization techniques for tabling, and PRISM-specific
optimization techniques for fast EM learning. We will also apply the implemented PRISM system
to several problem domains including stochastic natural language processing, biological sequence
analysis, game analysis, and heuristics learning for constraint solving, and use these applications to
evaluate our system.
Intellectual merit: PRISM offers incomparable flexibility compared with specific statistical tools
such as Hidden Markov Models (HMMs), Probabilistic Context Free Grammars (PCFGs) and dis-
crete Bayesian networks. It is expected that the proposed implementation techniques will make
PRISM competitive in performance as well with these specific tools. The proposed research will
also have significant impact on the implementation of logic programming and deductive database
systems.
Broader impact: This is a multidisciplinary research which will be conducted at CUNY with
involvement of racially and ethnically diverse students, and also with collaboration of Taisuke Sato
at Tokyo Institute of Technology. The proposed system will be made widely available to users inside
and outside CUNY through the CUNY Software Institute.
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1 Research Background and Objectives

The past few years have witnessed a tremendous interest in logic-based probabilistic learning as
testified by large turnouts in related sessions in AI and data mining conferences, newly launched
funding programs (e.g., the DARPA Evidence Extraction and Link Discovery program), and a
number of formalisms and systems (e.g., BLP [13], CLP(BN) [7], PRM [14], PRISM [34], and
SLP [20]). Logic-based probabilistic learning is a multidisciplinary research area that integrates
relational or logic formalisms, probabilistic reasoning mechanisms, and machine learning and data
mining principles. Logic-based probabilistic learning has found its way into many application areas
including bioinformatics, diagnosis and troubleshooting, stochastic language processing, information
retrieval, linkage analysis and discovery, robot control, and probabilistic constraint solving.

PRISM is a logic-based language that integrates logic programming, probabilistic reasoning,
and EM learning [34]. It allows for the description of independent probabilistic choices and their
consequences in general logic programs. PRISM supports parameter learning. For a given set of
possibly incomplete observed data, PRISM can estimate the probability distributions to best explain
the data. This power is suitable for applications such as learning parameters of stochastic grammars
, training stochastic models for gene sequence analysis, user modeling, and obtaining probabilistic
information for tuning systems performance. PRISM offers incomparable flexibility compared with
specific statistical tools such as Hidden Markov Models (HMMs) [26], Probabilistic Context Free
Grammars (PCFGs) [44] and discrete Bayesian networks [5, 23].

PRISM employs a proof-theoretic approach to learning. It conducts learning in two phases: The
first phase searches for all the explanations for the observed data, and the second phase estimates
the probability distributions by using the EM learning algorithm. Learning from flat explanations
can be exponential in both space and time. To speed up learning, Sato and Kameya proposed
learning from explanation graphs (called graphical learning) and using tabling to reduce redundancy
in the construction of explanation graphs [34, 49]. Currently PRISM is implemented using our
B-Prolog (www.probp.com), a constraint logic programming system that provides a tabling system
called linear tabling [50, 48]. Tabling shares the same idea as dynamic programming in that both
approaches make full use of intermediate results of computation. Using tabling in constructing
explanation graphs resembles using dynamic programming in the Baum-Welch algorithm for the
HMM [26] and the Inside-Outside algorithm for PCFG [1]. Although our system has had some
success in learning from medium-size sets of data, it lacks scalability and is thus unable to handle
large volumes of data. For example, a PDCG (Probabilistic Definite Clause Grammar) program
takes hours to learn parameters from a corpus of 2000 sentences, and a game-modeling program can
only analyze tens of game records in an hour.

The goal of this project is to develop a high-performance PRISM system that can handle large
sets of data. As tabling is the bottleneck in parameter learning [34, 27, 30], this project entails
the development of an efficient tabling system. Tabling to the evaluation of logic programs is as
dynamic programming to problem solving. The main idea of tabling is to memorize the answers
to some subgoals and use the answers to resolve subsequent variant subgoals [36, 42]. During the
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last few years, several tabling systems have been implemented [32, 50, 12, 31, 48]. Some systems
employ OLDT [36, 42] which relies on suspension and resumption of subgoals to compute fixpoints,
and some other systems are based on our linear tabling mechanism [50, 48] which relies on iterative
computation of looping subgoals to compute fixpoints.

Linear tabling is a framework from which different methods can be derived based on the strate-
gies used in handling looping subgoals. The first objective of this project is to qualitatively and
quantitatively analyze possible strategies and develop a method that is most efficient in terms of
both space and time.

Current tabling systems incur considerable overhead to the execution of programs. Tamaki and
Sato states the following in [36]: “The storage requirement [of tabling] can be too demanding in some
cases and the overhead of table manipulation can be too large.” This situation has not changed since.
The second objective of this project is to develop optimization techniques to tackle this problem.
In concrete, we will investigate the following optimization techniques: (1) deferred tabling, deferring
tabling to reduce the overhead of over-tabled programs; (2) semi-naive evaluation, an algorithm
employed in bottom-up evaluation of Datalog programs [39] to avoid redundant joins; and (3) linear
recursion optimization, exploiting the characteristic of linear recursion in the evaluation of programs.

In PRISM, the EM learner walks a given explanation graph computing the inside and outside
probabilities until the likelihood converges. Therefore, the structure of an explanation graph directly
affects the performance of EM learning. We will design a compact representation for explanation
graphs to facilitate EM learning.

We will also apply the implemented PRISM system to several different problem domains in-
cluding stochastic natural language processing, biological sequence analysis, game analysis, and
learning heuristics for constraint solving. These applications will on one hand be used to evaluate
our implemented PRISM system and on the other hand be used to demonstrate the programming
methodology of PRISM.

In summary, the objectives of this project include:

• Investigating different tabling strategies and designing an optimal method based on the results.

• Developing optimization techniques for the tabling method to eliminate redundant computa-
tions.

• Developing PRISM-specific optimization techniques to speed-up EM learning.

• Developing applications of PRISM to a number problems and using these applications to
evaluate our PRISM system.

2 Prior Research Results on PRISM

There is a need for extending programming languages to facilitate the development of programs for
probabilistic computations such as probabilistic modeling and learning. Various attempts have been
made to meet this need [7, 14, 13, 20, 21, 24, 25, 30, 34, 37]. PRISM was first designed by Sato [33]
who proposed a formal semantics, called distribution semantics, for logic programs with probabilistic
built-ins, and derived an EM learning algorithm for the language from the semantics. PRISM was
inspired by Poole’s abduction language [25] which integrates Prolog with Bayesian networks. PRISM
is known to subsume several other probabilistic logic languages such as SLP [20], PRM [14], and
CLP(BN) [7].

PRISM is an extension of Prolog that provides built-ins for statistical modeling and learning.
The following built-in predicates are provided:
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• msw(S,V): Describes an independent probabilistic choice where S is the name of a multiary
random switch and V is the outcome of the switch. Each switch is defined by a sample space
(i.e. a set of possible outcomes) and a probability distribution over the outcomes in the space.
The probability distribution or parameters of the outcomes can be given by the programmer or
learned from a set of observed facts. A decision process is modeled by a chain of independent
choices each of which is represented as a call of msw.

• sample(G): Sample-executes the program against the goal G. The execution is exactly the
same as Prolog except for calls of msw which give different outcomes based on the probability
distributions.

• prob(G,P): Returns the probability P with which the goal G is true. It is assumed that all
the probabilistic ground atoms in the body of each clause are probabilistically independent
and the clauses defining a probabilistic predicate are probabilistically exclusive. With these
assumptions, the probability of the conjunction (A,B) is computed as the product of the
probabilities of A and B (independent), and the probability of the disjunction (A;B) is computed
as the sum of the probabilities of A and B (exclusive). For a switch msw(S,V), the probability
is 1.0 if V is a variable, and the probability assigned to the outcome V if V is an element
in the sample space. The probability of a goal can be computed from its explanations. An
explanation of a goal is a conjunction of ground msw atoms that occur in a proof of the goal.
PRISM provides a predicate called probf(G,E) for computing the explanations of a given goal.

• learn(L): Estimates the parameters in the program to best explain the given list of observed
facts L.

The following shows an illustrative example:

direction(D):-

msw(coin,Face),

(Face==head−>D=left;D=right).

values(coin,[head,tail]).

The predicate direction(D) determines the direction to go by tossing a coin; D is bound to left

if the head is shown, and to right if the tail is shown. The predicate values(I,Space) defines the
sample space of a switch, where I is the identifier of a switch and Space is a list of possible outcomes
of the switch. In general a decision process consists of a chain of many independent choices.

PRISM, as a symbolic statistical modeling language, subsumes several specific statistical tools
such as the HMM [26], the PCFG [44] and the descrete Bayesian network [5, 23]. The following
shows an interpreter for the HMM in PRISM.

hmm(L) :-

msw(init,Si),

hmm(Si,L).

hmm(S,[]).

hmm(S,[C|L]) :-

msw(out(S),C),

msw(tr(S),NextS),

hmm(NextS,L).
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For a given string, the choice msw(init,Si) determines the initial state, and for each state S the
choice msw(out(S),C) determines the emitted symbol C and msw(tr(S),NextS) determines the
transition from the state on the symbol. As can be understood from the decision process, two
switches are used to represent the probability distributions of the symbol emissions and transitions.

PRISM employs a proof-theoretic approach to learning. It conducts learning in two phases: The
first phase searches for all the explanations for the observed data, and the second phase estimates
the probability distributions by using the EM learning algorithm.

An explanation for an observed fact is a set of switches that occur in a proof of the fact. Let
I be the set of switches, and Vi be the sample space of switch i. For each switch msw(i, v), θi,v

denotes the probability of the outcome v in Vi. The following assertion ensures that each switch has
a probability distribution

∀i∈IΣv∈V iθi,v = 1.0.

Let F be a set of observed facts. For each fact f ∈ F , Ef denotes the set of explanations. Let
e ∈ Ef be an explanation. The probability of e is the product of the probabilities of all the switches
in the explanation:

θe =
∏

msw(i,v)∈e

(θi,v)

The probability of fact f is the sum of the probabilities of all its explanations:

θf =
∑

e∈Ef

(θe)

The log likelihood of fact f is defined as ln(θf ). For each explanation e ∈ Ef , let δi,v(e) denote
the number of occurrences of the switch msw(i, v) in e. Figure 1 shows the EM algorithm. The
algorithm repeats the estimation until the likelihood of the observed facts becomes stable.

The use of the term ηi,v , which estimates the number of occurrences of the switch msw(i, v)
that contribute to the observed facts, is essential in the algorithm. The probability of msw(i, v) is
estimated as the ratio of its count to the count of all the outcomes of the switch.

θi,v =
ηi,v∑

v′∈V i(ηi,v′ )

Learning based on plain explanations can be exponential. Sato and Kameya proposed a graphical
EM learning algorithm in which tabling is used to construct explanation graphs [34], and we have
implemented the algorithm by using the native tabling mechanism in B-Prolog [49]. It has been
proved that PRISM not only subsumes the symbolic-statistical models such as the HMM [26, 26],
the PCFG [44, 18]) and the Bayesian networks [23, 5], but also enjoy the same time complexity as
the native EM algorithm used in each of these models provided that the graphical EM algorithm
and tabling are used [34].

3 Prior Research Results on Tabling

The SLD resolution used in Prolog may not be complete or efficient for programs in the presence of
recursion. For example, for a recursive definition of the transitive closure of a relation, a query may
never terminate under SLD resolution if the program contains left-recursion or the graph represented
by the relation contains cycles even if no rule is left-recursive. For a natural definition of the Fi-
bonacci function, the evaluation of a subgoal under SLD resolution spawns an exponential number of
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procedure em(F) begin

initialize ε to a small positive number;
foreach i ∈ I , v ∈ Vi initialize θi,v ;
λ1 =

∑
f∈F (ln(θf )); /* initial likelihood */

repeat

λ0 = λ1;
foreach i ∈ I , v ∈ Vi

ηi,v =
∑

f∈F (

∑
e∈Ef

(θe×δi,v(e))

θf
)

/* expected count of msw(i, v) */
foreach i ∈ I , v ∈ Vi

θi,v =
ηi,v∑

v′∈V i
(ηi,v′ )

λ1 =
∑

f∈F (ln(θf ));

until λ1 − λ0 < ε

end

Figure 1: The EM algorithm

subgoals, many of which are variants. The lack of completeness and efficiency in evaluating recursive
programs is problematic: novice programmers may lose confidence in writing declarative programs
that terminate and real programmers have to reformulate a natural and declarative formulation to
avoid these problems, resulting in less declarative and less readable programs.

Tabling [36, 42] is a technique that can get rid of infinite loops for bounded-term-size programs
and redundant computations in the execution of recursive Prolog programs. The main idea of
tabling is to memorize the answers to some subgoals and use the answers to resolve subsequent
variant subgoals. This idea of caching previously calculated solutions, called memoization, was first
used to speed up evaluation of functions [19].

Tabling in Prolog not only is useful in the problem domains that motivated its birth, such
as program analysis, parsing, deductive database and theorem proving but also has been found
essential in several other problem domains such as model checking [28] and probabilistic logic learning
[27, 34, 49].

OLDT [36] is the first revised SLD resolution that accommodates the idea of tabling. In OLDT,
a table area is used to record subgoals and their answers. When a subgoal (producer) is first
encountered in execution, it is resolved by using program clauses just as in SLD resolution with the
exception that the subgoal and its answers are recorded in the table. When a subgoal (consumer)
is encountered that is subsumed by one of its ancestors, OLDT does not expand it as in SLD
resolution but rather uses the answers in the table to resolve it. After the answers are exhausted,
the computation of the consumer is suspended until the producer produces new answers into the
table. The process is continued until the fixpoint is reached, i.e. when no answers are available for
consumers and no producers can produce any new answers. Several extensions of OLDT including
SLG [6] and SLS [4] have been developed for evaluating general logic programs with negation. XSB
is the first Prolog system that successfully supports tabling [32].

OLDT is non-linear in the sense that the state of a consumer must be preserved before execution
backtracks to its producer. This non-linearity requires freezing stack segments [32] or copying stack
segments into a different area [8] before backtracking takes place. Recently, another formalism,
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called linear tabling1, has emerged as an alternative tabling method [35, 50, 12]. The main idea
of linear tabling is to use iterative computation rather than suspension to compute fixpoints. A
significant difference between linear tabling and OLDT lies in the handling of variant descendents of
a subgoal. In linear tabling, after a descendent consumes all the answers, it either fails or turns into
a producer, producing answers by using the alternative clauses of the ancestor. A subgoal is called
a looping subgoal if a variant occurs as a descendent in its evaluation. The evaluation of looping
subgoals must be iterated to ensure the completeness of evaluation.

Linear tabling is a framework from which different methods can be derived based on the strategies
used in handling looping subgoals in forward execution, backtracking, and iteration. The framework
can be defined by three primitives on tabled subgoals: start(A), memo(A), and check completion(A).

• start(A) This primitive is executed when a tabled subgoal A is encountered. The subgoal A

is registered into the table if it is not registered yet. If A’s state is complete meaning that A

has been completely evaluated before, then A is resolved by using the answers in the table.

If A is a pioneer of the current path, meaning that it is encountered for the first time, then it
is resolved by using program clauses.

If A is a follower of some ancestor A0, meaning that a loop has been encountered, then it is
first resolved by using the answers in the table. After the answers are exhausted, two possible
actions can be taken: One is to fail A. This strategy is called FDF (Fail Descendent Followers).
The other is to resolve A by using the alternative clauses of its ancestor A0. This strategy is
called SAC (Steal Alternative Clauses).

• memo(A) This primitive is executed when an answer is found for the tabled subgoal A. If the
answer A is already in the table, then fail; otherwise the answer is added into the table. Two
different strategies can be used after the answer is added. One is called Consume Immediately
After Produce (CIAP), which lets the subgoal succeed and consume the answer. The other
strategy is called Produce All Before Consume (PABC), which fails the primitive and forces
the system to backtrack to find the next answer.

• table completion(A) This primitive is executed when the subgoal A is being resolved by using
program clauses and all the clauses have been tried. If A has never occurred in a loop, then
A’s state can be set to complete and A can be failed after all the answers are consumed.

If A is a top-most looping subgoal, then different actions should be taken depending on whether
this is A’s normal evaluation or re-evaluation. These actions depend again on what strategies
are used by start(A) and memo(A). In any case, if no new answer is produced in the last
round of re-evaluation of A, then A’s state can be set to complete and A can be failed after all
the answers are consumed.

For a pioneer in a loop that is not a top-most looping subgoal, two different strategies can be
used after the subgoal exhausts all the clauses and answers. One is to fail the subgoal. This
means that under this strategy re-evaluation starts only at top-most looping subgoals. The
other strategy is to iterate the evaluation of the subgoal until it reaches a temporary fixpoint.
The fixpoint is temporary since the top-most subgoal on which this subgoal depends has not
been completely evaluated.

Linear tabling is relatively easy to implement on top of a WAM-like abstract machine thanks to its
linearity. Linear tabling is more space efficient than suspension-based methods since the states of

1Notice that the word linear here has nothing to do with complexity or linear logic. It has the same meaning as L

in SLD: a derivation is made up of a sequence of goals G0 ⇒ G1 ⇒ . . . ⇒ Gk such that Gi+1 is derived from Gi.
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subgoals need not be preserved. With the subgoal optimization technique proposed in [48], linear
tabling has been shown to be as competitive as OLDT in terms of time efficiency as well.

4 Proposed Research

As described above, linear tabling is a framework from which different methods can be derived: each
is a combination of strategies for handling looping subgoals in forward execution, backtracking, and
iteration. For example, for the forward execution of a looping subgoal that is a descendent of a
variant ancestor, one strategy is to fail the subgoal after it consumes all the available answers, and
another strategy is to let the descendent produce answers by using the alternative clauses of the
ancestor. The decisions on how to handle looping subgoals in forward execution, backtracking, and
iteration are orthogonal, and different methods can be designed by combining different strategies.
One of the objectives of this project is to qualitatively and quantitatively analyze possible strategies
and perfect a method that is most efficient in terms of both space and time.

No tabling method could lead to an efficient system without optimization. Another objective
of this project is to investigate several optimization techniques. We will also be investigating the
method for handling cuts under various kinds of strategies.

4.0.1 Deferred tabling

Current tabling systems incur significant overhead to the execution of programs. Tamaki and Sato
states the following in [36]: “The storage requirement [of tabling] can be too demanding in some
cases and the overhead of table manipulation can be too large.” This situation has not much changed
since. For example, for the naive reverse program both XSB and B-Prolog slow down by over 30
times if the predicates are declared tabled.

The overhead problem of tabling is a common problem to all current tabling systems. We propose
a technique, called deferred tabling to tackle this problem.

In current tabling systems, a table-declared subgoal is tabled the first time when it is encountered
regardless of whether the answers can be reused or not. For a predicate for which no subgoal occurs
twice, tabling it is a waste. For a predicate for which even if some subgoals may occur multiple
times, most subgoals may occur only once. Tabling those single-occurring subgoals is a waste.
This technique amounts to defer tabling a subgoal until a sufficiently close subgoal occurs again in
execution.

The deferred tabling tachnique is analogous to the buffering technique used in operating systems.
One of the key components in the design of this technique is to define the closeness of subgoals. We
will rely on subgoal abstraction to check the closeness of subgoals and explore several definitions for
subgoal abstraction.

4.0.2 Semi-naive evaluation in linear tabling

Linear tabling relies on iterative evaluation of top-most looping subgoals to compute fixpoints. Blind
re-computation of all subgoals and clauses is not computationally acceptable. A system should re-
evaluate only those subgoals and should use only those clauses and answers that can contribute to
the generation of new answers.

The semi-naive algorithm used in bottom-up evaluation for Datalog programs [2, 39] can be used
to avoid redundant joins in linear tabling. In concrete, in each round of evaluation, the join of the
subgoals in the body of each rule must involve at least one new answer produced in the previous
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round. Let “H :−A1, ..., Ak, ..., An” be a clause where Ak is the last subgoal in the body that may
depend on H (i.e., all the subgoals to the right of Ak that have occurred in early rounds must be
already complete when H is re-evaluated). For each combination of the answers of A1, · · ·, and
Ak−1, if the combination does not contain any new answers then Ak should consume new answers
only.

We need to surmount several hurdles in order to implement the semi-naive algorithm in linear
tabling. Firstly, we need to identify the last subgoal Ak in the body of each rule that depends on the
head. We can extract this kind of information from the call-graph of the program or the dependence
relation of all possible subgoals that can be reached from a query. Secondly, for each combination
of answers for the subgoals of A1, · · ·, and Ak−1, we need to detect whether there is any new answer
involved. This detection is not as easy as it looks like due to the fact that during the evaluation of a
top-most looping subgoal T anther subgoal T ′ (which is an ancestor of T ) can be discovered to be a
dependent subgoal of T and thus the next round of evaluation will start at T ′ not T . The difficulty
is caused by the fact that an answer of a subgoal old to T can be new to T ′.

The semi-naive algorithm will have as great an impact on linear tabling as it has on bottom-up
evaluation. With this algorithm, linear tabling can constantly beat the magic-sets method [39] since
instantiation information of goals are passed down automatically in top-down evaluation and linear
tabling enjoys far better space efficiency than the OLDT and bottom-up evaluation methods.

4.0.3 Optimization of linear recursion

A predicate is said to be linear-recursive if it contains only one recursive clause which takes the
form:

p(. . .) : −A1, ..., Ai, p(. . .), Ai+1, ..., An

where p(. . .) is the only recursive subgoal depending on p in the body. In particular, the predicate is
said to be left recursive if p(. . .) is the first subgoal, right recursive if p(. . .) is the last subgoal, and
inner recursive if p(. . .) is neither first nor last subgoal in the body. Many relations in deductive
database such as transitive closure and same generation can be defined by using linear recursion (see
[39] for related references). The HMM interpreter shown before is also linear recursive.

For linear recursion, no two loops can intermingle with each other. This means that the latest
looping subgoal must be top-most looping subgoal. This characteristic can be exploited to optimize
further the evaluation algorithm.

4.0.4 PRISM-specific optimization techniques

The graphical EM learning algorithm walks a given graph many times until it converges. Therefore,
a compact and efficient representation for explanation graphs is crucially important. To this end,
we propose two techniques, namely auto-tabling and graph compression.

The auto-tabling technique amounts to devising a standard for automatically tabling predicates.
It is daunting for programmers to declare what predicates need to be tabled. Users’ declarations can
be inaccurate. Programs may slow down significantly because of over-tabling or may fall into infinite
loops because some predicates are not tabled. Furthermore, table declarations affect directly the
structure of the resulting explanation graph. Therefore, such a standard should take the following
into consideration: (1) the overhead of over-tabling, (2) the cost of re-computation because of lack
of tabling; (3) the possibility of infinite loops; and (4) the compactness of the resulting explanation
graph.
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The resulting explanation graph from a program may not be optimal even if a wise standard is
used in selecting table predicates. The graph compression technique reduces the size of the graph
further by eliminating redundant nodes and edges, and by combing possible subgraphs.

4.1 Applications of PRISM

PRISM is suited for building complex systems that involve both symbolic and probabilistic elements
such as discrete hidden Markov models, stochastic string/graph grammars, game analysis, data
mining, performance tuning and bio-sequence analysis.

4.1.1 Stochastic natural language processing

The difficulty of natural language processing (NLP) is due to the ambiguity of languages. For a
grammar that describes a nontrivial subset of a natural language, each sentence may receive an
overwhelmingly large number of parse trees. It is of paramount importance for NLP systems to
identify most plausible parse trees automatically. During the last few years, several formalisms of
stochastic grammars have been developed for this purpose [18].

PCFGs [44, 18] are a probabilistic extension of context-free grammars (CFGs) where each non-
terminal is associated with a probability distribution over the productions. In a language defined
by a PCFG, each derivation receives a probability and each parse tree receives the probability of its
corresponding derivation. Derivation steps are assumed to be independent.

The encoding of a PCFG in PRISM is quite straightforward. For each nonterminal we use a
switch that has the nonterminal as the name and an outcome for each of the productions. The
outcome corresponding to each production is encoded as the string of symbols on the right hand
side of the production. The following shows a parser for a PCFG:

parse([Wd|R],[Wd|L0],L):- % matching

terminal(Wd),!,

parse(R,L0,L).

parse([A|R],L0,L2):- % reduction

msw(A,B), % choose a production

parse(B,L0,L1),

parse(R,L1,L2).

pdcg([],L,L).

Suppose s is the start symbol and S is a given string encoded as a list of words, the goal parse([s],S,[])
tries to generate a parse tree for S. This program can be used not only to find most plausible parse
trees for a given sentence but also to estimate the probability distributions from a corpus.

We have encoded the ATR grammar [40] in PRISM and succeeded in training the grammar with
a corpus of 2000 sentences [49]. We will experiment with larger corpora and try other grammars
developed by the NLP community.
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4.1.2 Biological sequence analysis

Many problems in computational biology can be reduced to some sort of linear sequence analysis.
Since a family of sequences can only be described statistically, traditional string matching algorithms
are not useful. The Hidden Markov Model, which is originally developed for speech recognition [26],
is very well suited for many tasks in biological sequence analysis [43, 9].

An HMM is a probabilistic finite automaton where all the transitions and symbol emissions are
probabilistic [26]. Various kinds of HMMs have been designed for biological sequence analysis [10].
It is straightforward to implement HMMs in PRISM as illustrated by the example shown before.
For each state, we use two switches to describe the probability distributions of the transitions and
symbol emissions, respectively. With this representation of an HMM, we can write programs to
carry out tasks such as aligning and scoring sequences. It is also possible to train the model, i.e.
estimate the probability distributions from observed sequences.

We will translate the Pfam protein database [3] into PRISM and write programs for training
models and analyzing biological sequences. We will compare our EM learner in PRISM with the
Baum-Welch algorithm [26] for model training. An HMM can be considered a probabilistic au-
tomaton for a probabilistic regular grammar. In contrast, PRISM is based on Horn logic, which
is far more powerful than regular grammars. Certain problems such as RNA folding and structure
predication for proteins [15] require a more sophisticated grammar than a regular grammar. We will
apply PRISM to these problems and compare it with other approaches developed in computational
biology.

4.1.3 Bayesian networks

Bayesian networks have become a popular representation for encoding and reasoning about uncer-
tainty in various applications [5, 23]. A Bayesian network is a graphical model for probabilistic
relationships among a set of random variables. PRISM subsumes Bayesian networks. The condi-
tional probability table in a Bayesian network can be represented by complex switches in PRISM.
Let B and C be two random variables. Assume C has the possible outcomes {c1, ..., cn}. The condi-
tional event (B|C) can be represented by using n switches: msw(b(ci), Vi) (i=1,...,n). The graphical
EM learning algorithm can be used to train parameters of Bayesian networks from data.

The XML-BNIF2, which was developed by Microsoft, has emerged as a standard format for
researchers to share Bayesian network models. We will develop a converter in Prolog that converts
XML-BNIF to and from PRISM. We will also compare our PRISM system with the specific modeling
and inference tools for Bayesian networks such as the tool developed by Hugin.

4.1.4 Learning heuristics for constraint solving

Many search problems can be formulated as constraint satisfaction problems (CSPs) [16, 38]. A CSP
is defined by a set of variables each of which is defined over a domain and a set of constraints amongst
the variables. A solution to a CSP is an assignment of a value to each variable such that all the
constraints are satisfied. We have developed a language called Action Rules [46] and implemented
several propagation-based constraint solvers using the system. We have also applied the solvers to
problems ranging from packing [47], VLSI design [45], to planning.

Most CSPs are NP-hard problems for which we have to rely on good heuristics to search for
solutions. For CSPs, the strategies used to order variables and values can have a dramatic effect
on the performance. Various kinds of strategies have been proposed (e.g., the first-fail principle

2http://research.microsoft.com/dtas/bnformat/
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for ordering variables [16] and the mini-conflict strategy for ordering values [11]). Nevertheless, for
many problems users still have to experiment with different strategies and tune them manually. This
process can be very tedious and painful.

We propose to integrate PRISM into our constraint solvers so that strategies for ordering variables
and values can be learned automatically. More specifically, we use a switch for variable selection
and use a switch for value selection for each variable. Learning can be conducted from traces, which
can be obtained from runs of the program on small problems or partial runs on large problems.
Learning can be done offline or can be intermingled with the search process. We plan to apply the
integrated system to several real-world problems including packing, VLSI design, scheduling and
planning problems.

5 Experience and Capabilities of the PI

The PI, Dr. Neng-Fa Zhou, has been an active researcher in programming language systems for
over ten years. He has authored over thirty papers on programming language, constraint-solving,
graphics, and machine learning systems including over fifteen papers published in top journals (ACM
TOPLAS, Journal of Logic Programming, Theory and Practice of Logic Programming, Journal of
Functional and Logic Programming, and Software Practice and Experience) and major conferences.
His papers on compilation of logic programs, constraint solving, and tabling have received a number
of citations. He is the main developer of the B-Prolog system, a cutting-edge constraint logic
programming system which has tens of thousands users worldwide in both academia and industry.

6 Plan of Activities

The implementation and application of PRISM are the two objectives of this research. A preliminary
version of PRISM has been developed. It is therefore possible and desirable to conduct the research
activities in parallel. This project will be conducted jointly by the PI’s research group at CUNY
and Taisuke Sato’s group at Tokyo Institute of Technology. The responsibility of PI’s research group
includes the development of an efficient PRISM system and the applications of PRISM to biological
sequence analysis and heuristics learning for constraint solving.

We expect that three PhD and several master and undergraduate students will be involved in
this project. Funds are requested from NSF for supporting the PhD students. Separate funding is
being sought from the CUNY software institute for supporting master and undergraduate students.

6.1 Year I

The major activity for the PI and part of the students in the first academic year will be the study
of the implementation techniques for PRISM. As tabling plays a prominent role in constructing
explanation graphs, this project entails the development of an efficient tabling system. Several
different strategies can be used in different stages of tabling. Since most of the strategies are
orthogonal, a dozen combinations of the strategies are possible. If optimization techniques and
data structures for tabled subgoals and answers are taken into account, the number of combinations
can be very large. We will first analyze possible methods qualitatively and identify those that are
promising. We will then design data structures and optimization techniques for those methods. The
soundness and completeness of the optimization techniques will be proved.



N.F. Zhou 12

Another activity to be undertaken in the first academic year is to apply the current version
of PRISM to bio-sequence analysis and heuristics learning for constraint solving. Attempts will be
made to convert existing HMMs for bio-sequence analysis to PRISM and train the models using small
size data sets. As for heuristics learning for constraint solving, we will try to model the ordering of
variables and values as a random decision process and analyze the model by using different constraint
satisfaction problems such as SAT and coloring problems.

6.2 Year II

By the beginning of Year II we will have the first prototype of a new PRISM system ready. The
primary research task of this year will be the implementation and evaluation of the optimization
techniques. The prototype applications developed in the first year and the applications developed
by Sato Taisuke’s group will be used to evaluate the implementation.

With the maturity of the PRISM system, the applications will be scaled up to handle larger
sets of data. As long as the application to bio-sequence analysis is concerned, problems that are
considered difficult to solve with regular HMMs, such as RNA folding and structure predication for
proteins, will be studied. As for the application to heuristics learning, real-world problems such as
packing, VLSI design, and scheduling will be used to train and evaluate the models.

During this year, all the participants in the project will attend at least one professional conference
and present research results.

6.3 Year III

The focus of this year is on the application, evaluation, and dissemination of results. The PI and
students will make refinements to the system which they determine as necessary. The results will
be disseminated through several avenues including news groups, conferences, demos, and possibly
journals. The PI teaches at the CUNY Graduate Center a course on “Programming Languages and
Their Implementation” where the implementation techniques of some major high-level languages are
covered. Two or three lectures will be planed to cover the implementation techniques of Constraint
Logic Programming languages including tabling.

7 Intellectual Merit of Proposed Research

Probabilistic models are becoming increasingly important in analyzing large volumes of data in
bioinformatics, diagnosis and troubleshooting, stochastic language processing, information retrieval,
linkage analysis and discovery, user modeling, and optimization of responsiveness of various kinds of
hardware and software systems. Because of the usefulness of probabilistic models and the potential of
huge markets for the applications, probabilistic modeling has received tremendous attention among
academia and industry as well. Numerous software packages have been developed during the last
decade3, companies like Microsoft have started a number of research projects in related areas.

Currently, different specialized tools are used for different applications. For example, hidden
Markov models are used for analyzing biological sequences [43], the Viterbi [41] algorithm is used
for searching for most probable parses for ambiguous languages, the Bayesian networks are used

3See http://fulcrum.physbio.mssm.edu/ sdy/panningsearch/HiddenMarkovModels.htm for a list of HMMs for gene

sequence analysis, and http://www.ai.mit.edu/ murphyk/Bayes/bnsoft.html for a list of software packages for Bayesian

networks.
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in diagnosis [23]. As a probabilistic modeling tool, PRISM subsumes all the popular tools such
as the HMM, the PCFG, and the discrete Bayesian networks. As a symbolic language, PRISM
offers incomparable flexibility by allowing the use of arbitrary logic programs to describe probability
distributions and reason about the consequences of choices. The graphical EM learning algorithm
renders the more specific EM learning algorithms such as the Baum-Welch [26] and Inside-Outside [1]
algorithms unnecessary. Moreover, an implementation of graphical learning based on a fast tabling
system can give comparable efficiency with those specialized EM learning algorithms. Several other
logic-based probabilistic modeling and learning systems (e.g., BLP [13], CLP(BN) [7], PRM [14],
and SLP [20]) have been developed during the last decade. Compared with these systems, PRISM
enjoys both generality and efficiency. It is the first system that seamlessly integrates EM learning
with a tabling system.

Our research will also have a significant impact on logic programming and deductive database
research. As far as logic programming is concerned, the need to extend Prolog to narrow the gap
between declarative and procedural readings of programs has been previously urged [22]. Although
tabling has been perceived as necessary to narrow the gap, it has not become a standard feature. One
primary reason may be the lack of an easy-to-implement and efficient tabling method. Our optimized
tabling method will accelerate the acceptance of tabling as a standard feature of logic programming.
Deductive database used to be a very hot research area. A number of bottom-up evaluation methods
have been invented for evaluating recursive Datalog rules [2, 39], and several systems have been
developed [29, 17]. Deductive database was expected to replace relational database as the next
generation database model. Nevertheless, deductive database research failed to meet the early
expectations. The reasons for this failure are that bottom-up evaluation lacks the efficiency and
flexibility of top-down evaluation and most Datalog implementations do not allow function symbols
which are necessary for representing complex data in many application domains. Our linear tabling
method has the potential to revitalize the research and development of deductive database systems
and applications.

8 Broader Impact of Proposed Research

Our research will have broader impact on society and education. The Computer Science PhD
program at CUNY is the largest in New York City, which enrolls a body of 130 racially and ethnically
diverse students. The founding of the CUNY Software Institute (CISDD) (www.cisdd.org) and the
hiring of distinguished scholars such as Sergei Artemov, Robert Haralick, and Amotz Bar-Noy have
significantly strengthened the program. Our research will seek to involve and develop the academic
skills of CUNY students including undergraduate and minority students.

Our research will be conducted collaboratively by groups at CUNY and Tokyo Institute of Tech-
nology. It will therefore foster collaboration between these two institutions. The proposed system
will be directly applicable to many other projects that are being undertaken at CUNY such as Simon
Parsons’s multi-agent systems project, Susan Epstein’s constraint programming project, and Rohit
Parikh’s research in game and voting theories.

Our research results will be disseminated through several channels including courses, seminars,
conferences, and journals. The PI will integrate part of the results developed by this project into
his courses taught at the CUNY graduate center and other CUNY colleges. The software system
developed by this project will be made available to the public.

The CISDD serves as a hub that connects software industries and institutions in the greater New
York region. We will make use of office spaces for students and visitors provided by CISDD and
establish a close relationship with industry through CISDD.
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Budget Justification

A total of $443,792 is requested for our three-year project. In this section, we provide detailed
justification for each expenditure.

Senior personnel ($20,000 each year)

Zhou will be spending two months in each summer of the three years working on the project. A
one-month summer salary of $8,000 is budgeted for him. The amount is equivalent to 1/9th of his
current nine-month salary. His work for the second month will be supported by other sources.

Zhou will be spending significant amounts of time on the project during the academic year.
Release time is requested for one course at the rate of $6,000 a course for each semester. The
teaching load at CUNY is 21 credits a year for tenured faculty, and therefore the requested amount
of release time is necessary.

Graduate students ($54,000 for first year, and 4% increase for years 2 and 3)

Three PhD students will participate in this project. Each student will receive $18,000 for 950
hours worth of work in the first year, and an estimated 4% increase from the previous year for
the subsequent years. This project will also involve master and undergraduate students. Separate
funding is being requested for supporting these students from the CUNY software institute.

Fringe benefits

The fringe benefit rate for summer salary is 20% and that for release time is 28% for senior personnel.
The fringe benefit rate for graduate students is 8%.

Equipment

No funds are requested for equipment. CUNY (the graduate center, the software institute, and
Brooklyn College) will provide facilities and equipment for this project.

Travel ($6,000 each year)

Funds are requested for domestic and international travel in each of the three years to allow the
project senior personnel to present results at appropriate conferences and symposia on Data Mining,
Logic Programming, AI, and Database Management. Funds are also requested for the graduate
students supported by the project to participate and present results in domestic conferences.

Indirect costs

The indirect costs are computed at 53% of the direct costs.
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Other

Funds are requested in the first year for purchase of a desktop personal computer to be used for the
project. The computer will have a 64-bit CPU and run 64-bit Windows and Linux. It will also have
large memory and disk capacity that is needed to meet our data requirements. Funds are requested
for supplies, software, books, and proceedings. A $500 honorarium is requested for visitors who give
lectures at CUNY.
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