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1 Introduction

A large part of Artificial Intelligence (AI) is based on the idea that the best way
for a computer to produce intelligent behavior in many application domains is by
explicitly encoding knowledge about the domain in some “knowledge base” KB,
and then using reasoning algorithms to extract consequences from that knowledge.
Knowledge representation deals with the issue of defining languages suitable for
various domains and reasoning tasks; automated reasoning, with the design and
implementation of efficient reasoning algorithms for these languages and tasks.
Much of the work in this area deals with logical or probabilistic languages, includ-
ing e.g. propositional and first order logic, constraint satisfaction, Bayes nets,
Markov networks, etc. Automated reasoning can offer a substantial number of
recent successes in applications: NASA’s unmanned space missions, controlled by
a propositional system with capabilities for diagnosis, repair and automated plan-
ning [28, 24]; applications of search procedures for constraint satisfaction problems
for scheduling, production planning, telecommunications, logistics and hardware
design and verification [19, 25]; advances in theorem proving in e.g. quasigroup
completion, whose applications go from answering open problems in mathematics
to drug experiment scheduling [22]; and applications in automated planning to
problems much larger than it was ever possible before [21].

These successes illustrate that great progress has been made in scaling up
available techniques to deal with larger and larger problems, which have now
already reached real-world applications. Nevertheless, most interesting AI prob-
lems require exponential time algorithms. We have to find ways to make problems
tractable, i.e. polynomial time. Here are a few in which I have been involved:

2 Knowledge compilation

A knowledge base KB is a store of useful, reusable knowledge. It is only to be
expected that we will query the KB very often. In order to obtain much better
query answering times you can compile KB to yield a compiled KB* such that
reasoning is tractable relative to KB*. Knowledge compilation (KC), as it is called,
can incur a significant cost, but this cost can be amortized over multiple queries,
which are now guaranteed to take time polynomial in the size of KB*. This
is similar to compiling a program: the preprocessing to obtain a binary image
of the source program gives you much better running time when you actually
use the compiled program. The challenge is to minimize the size of KB* and
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compilation time, while still ensuring that every query of interest can be answered
in polynomial time.

KC may be exact or approximate, depending on whether all queries can be
answered tractably, or only a subset thereof (see next section). I have made
various contributions to approximate KC [7, 8] and exact KC [6, 11]. Current
work is focused on scaling up both types of KC by developing new, more restrictive
algorithms. My work on KC is surveyed in e.g. [1, 2].

3 Deduction with restricted query languages

The deductive task of finding consequences of KB can be made much more effi-
cient when a well-defined restricted query language is used, as search effort can
focus only on the desired subset of consequences of KB. Deduction focused on
restricted sets of consequences has many applications in AI, ranging from plain
query answering to a variety of tasks needed for automating common sense rea-
soning (see below, and also the survey [23]). This can be formally characterized
in terms of approximate KBs, which are supposed to improve reasoning over the
restricted language [7, 8, 26]. In [7, 8], and more recently in [11], I provide effi-
cient procedures for restricted consequence-finding. The latter paper introduces
kernel resolution, which despite its novelty is already treated in depth in a very re-
cent survey [23]. Recent work [13] includes the characterization of the complexity
of restricted consequence-finding, with applications such as identifying tractable
”abduction” problems (finding hypothesis that could explain facts given KB).

Kernel resolution also has applications in KC. It unifies approximate and ex-
act KC, permits incremental compilation, and allows us to focus compilation on
restricted languages, which may be used to obtain tractable commom-sense rea-
soning through compilation, or to ensure that the compiled KB* has polynomial
size.

4 Tractable satisfiability and deduction

Much work in propositional and first order reasoning deals with the problem of
consistency (so called satisfiability) of the knowledge base KB, as logical conse-
quence can be reduced to satisfiability. I’m also interested in satisfiability methods
and more generally constraint satisfaction techniques. I have identified tractable
classes of satisfiability problems based on the structure of the KB [15], and devel-
oped new, more efficient algorithms for some well-known tractable classes [12].

I also have results on mapping tractable satisfiability classes to tractable de-
duction classes, using a general notion of polynomial refutation completeness. In
[14] I show how this can be used to define a hierarchy of increasingly complex but
always tractable deduction problems.

5 Common sense reasoning

Much of what passes as automated common-sense reasoning in AI involves some
sort of generation of explanations or abduction [23, 20]. Basically, common-sense



reasoning can often be viewed as reasoning with assumptions, often more techni-
cally phrased as default or non-monotonic reasoning. Assumption-based reasoning
can in turn be formulated as consequence-finding. I examine some aspects of ab-
duction in [14, 13], identifying tractable abduction problems; current work involves
extending these results to various forms of default reasoning, again identifying
polynomial classes. Note that these problems are much harder computationally
than plain classical reasoning, hence the identification of easy cases is specially
relevant.

This is also a good place to mention that much of my less recent work involved
knowledge representation issues and algorithms for common-sense reasoning tasks
such as updating a KB that represents a dynamically changing world and thus
must deal with temporal information (see e.g. [17] and related papers), and re-
vising a KB in the face of new information that contradicts previous knowledge
[9, 18, 5]. Work on implementation of these reasoning strategies can be found in
[3, 4]. More recent work on knowledge representation involve qualitative reasoning
about perception and belief [16, 27], and connections of AI with Psychology [10].

6 Applications

As said, my research to date focuses mostly on basic research issues in AI. Nev-
ertheless, I’m interested in applications of search techniques developed for logical
reasoning or constraint programming to the wide variety of problems to which it
has been applied, some of which are mentioned in the introduction. I believe in
having real-world problems as main drivers of research. So, if you have an inter-
esting application in logistics, planning, etc., feel free to ask me about possible
collaborations. The web pages for my two graduate courses1 can also give you an
idea of the technologies I would be interested in deploying for real applications.
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