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The stupefying success of Artificial Intelligence (AI) for specific problems, from recommender systems to self-driving cars, has not
yet been matched with a similar progress in
general AI systems, coping with a variety of
(different) problems. This dissertation deals
with the long-standing problem of creating
more general AI systems, through the analysis of their development and the evaluation of their cognitive abilities.
Given the above challenge, in the presented dissertation we characterise a series
of human intelligence attributes (incremental, developmental and lifelong learning) and
cognitive-oriented procedures (memory and
forgetting) that, combined with the use of symbolic AI and symbolic learning, have helped
us to develop both a general-purpose learning approach as well as a knowledge handling tool. This ambitious issue should, furthermore, pervade the evaluation procedures
in AI where systems are usually evaluated in
terms of task performance, not really in terms
of intelligence (ability-oriented evaluation).
Particularly, and regarding the construction of
more general AI approaches, this thesis contributes with a pair of settings for learning and
knowledge acquisition. Firstly we present a
general-purpose declarative learning system
(gErl) (Martı́nez-Plumed, Ferri, HernándezOrallo, & Ramı́rez-Quintana, 2013, 2017)
that meets several desirable characteristics
in terms of expressiveness, comprehensibility
and versatility. gErl (Fig. 1) relies on two compatible mechanisms. The former is the definition of customised learning operators, depending on the data structures and problem
at hand, done by the user, using a functional
language. The latter mechanism is the use of
generalised heuristics, since the use of different operators precludes the system from using
specialised heuristics for each of them. The
choice of the right pair of operator and rule has
been reframed as a decision process (using a
Copyright c 2017 by the author(s).

reinforcement learning approach). Therefore,
not only is this a novel approach, but also allows us to better understand the role of operators and heuristics in machine learning. By
performing a series of illustrative experiments
we show where the flexibility stands out, since
gErl is able to solve a wide range of problems
(from recursive ones to several IQ tests).

Figure 1: gErl takes examples and learning operators as input and returns functional programs.

Secondly, the learning process is also overhauled with a new developmental and lifelong approach for knowledge acquisition, consolidation and forgetting, which is necessary when bounded resources (memory and
time) are considered.
In this sense we
present a parametrisable (hierarchical) approach (Martı́nez-Plumed, Ferri, HernándezOrallo, & Ramı́rez-Quintana, 2015) for structuring knowledge (based on coverage) which
is able to check whether the new learnt knowledge can be considered redundant, irrelevant
or inconsistent with the old one, and whether it
may be built upon previously acquired knowledge. We show that the use of complex knowledge assessment structures jointly with information theory-based principles to characterise knowledge (Fig. 2) allows for a straightforward and principled approach to knowledge
handling.
Thirdly, and moving towards AI evaluation,
this thesis analyzes whether the use of more
ability-oriented evaluation techniques for AI
(such as intelligence tests) is a much better al24
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tern is and what operators are used for each
problem (due its symbolic and declarative nature), thus providing useful insight into the
characteristics and usefulness of these tests
when assessing the abilities and cognitive development of AI systems.
Summing up, this dissertation represents one
step forward in the hard and long pursuit of
making more general AI systems and fostering less customary (and challenging) abilityoriented evaluation approach.

Figure 2: Organisation of complex knowledge
structures in terms of coverage and information
theory principles.

ternative to most task-oriented evaluation approaches in AI. Accordingly, we make a review
of what has been done when AI systems have
been confronted against tasks taken from intelligence tests (Hernández-Orallo, Martı́nezPlumed, Schmid, Siebers, & Dowe, 2016).
In this regard, we scrutinise what intelligence
tests measure in machines, whether they are
useful to evaluate AI systems, whether they
are really challenging problems, and whether
they are useful to understand (human) intelligence by analysing over 30 papers featuring AI systems addressing intelligence test
problems. Our aim here is to contribute to a
more widespread realisation that more general classes of problems are needed when
constructing benchmarks for AI evaluation.
By the same token, as a final contribution, we
show that intelligence tests can also be useful to examine concept dependencies (mental
operational constructs) in the cognitive development of artificial systems (although a superficial score comparison is misleading), therefore supporting the assumption that, even for
fluid intelligence tests, the difficult items require a more advanced cognitive development
than the simpler ones. In this sense, we
show (Martı́nez-Plumed et al., 2017) how several fluid intelligence test problems (odd-oneout problems, Raven’s Progressive Matrices
and Thurstone’s letter series) are addressed
by our general-purpose learning system gErl,
which, although it is not particularly designed
on purpose to solve intelligence tests, is able
to perform relatively well for this kind of tests.
gErl makes it explicitly how complex each pat-

References
Hernández-Orallo, J., Martı́nez-Plumed, F.,
Schmid, U., Siebers, M., & Dowe, D. L.
(2016). Computer models solving intelligence test problems: Progress and implications. Artificial Intelligence, 230, 74-107.
Martı́nez-Plumed, F., Ferri, C., HernándezOrallo, J., & Ramı́rez-Quintana, M. J.
(2013). Learning with configurable operators and rl-based heuristics. In A. Appice
(Ed.), New frontiers in mining complex patterns (Vol. 7765, p. 1-16). Springer.
Martı́nez-Plumed, F., Ferri, C., HernándezOrallo, J., & Ramı́rez-Quintana, M. J.
(2015). Knowledge acquisition with forgetting: an incremental and developmental setting. Adaptive Behavior , 23(5), 283-299.
Martı́nez-Plumed, F., Ferri, C., HernándezOrallo, J., & Ramı́rez-Quintana, M. J.
(2017). A computational analysis of general
intelligence tests for evaluating cognitive development. submitted (second revision).

gramming,
systems.

Fernando
Martı́nezPlumed is currently a
post-doctoral researcher
in Artificial Intelligence at
the Technical University
of Valencia (UPV), Spain,
where he obtained his
Ph.D. His main research
interest
encompasses
several areas of Artificial
Intelligence,
machine
learning, inductive propsychometrics and cognitive

25

