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How Does Artificial Intelligence Acquire, Represent and Reason Knowledge?
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Research Topic and Target

There have been major breakthroughs in the machine learning research field, particularly around pattern recognition. However higher
level tasks such as knowledge extraction and representation, logical inference have not been advancing as much. Symbolic reasoning
such as SAT and deep learning techniques such as those used in pattern recognition can be integrated together. Symbolic reasoning is
complementary to recognition and learning, and is essential towards realizing strong AI. In our research, we attempt to combine

, With
Learning
“Giatcvarior ey | LFIT is @ technique for learning This work involves learning Learning model
Tononis e | transition rules just by observing the ~ NOW to generate and [ ]_} @
Internal e | €NVironment. A normal logic program ~ €Xecute a program based N
ttractor is constructed to explain the behavior ~ ONly on execution trace. By 205"
1] [1] of the environment. This normal logic  Providing several example
o= Jof fol 2| [t [t] - program can then be used to explain execution traces, the AI will -
el Wl L [fla) the relationship between the variables, €arn about the program -
T ST L or can be used to perform predictions. that generated the execution
Output:logic pr;g;ran:ﬂizsg:lvt?:;lgrl;Tp(It) for any(Iy L., MUltlple apprOaCheS have been traces, and it can execute
i developed, including logical methods ~ the same program on N
and neural networks. different |_nputs within the
same environment.
Such techniques can be applied to An example of such application is Excel's Flash Fill. Given a
motion learning for robots, semi-completed data, the program that describes the pattern
modelling gene regulatory of the input data can be learned. That program is then used to
networks, and also predicting if a automatically complete the rest of the missing data.
patient will become sick if exposed
to certain viruses. In the future, this research is expected not only to manipulate
Recent extensions has also been made to deal with systems with strings but also to learn higher level programs like that a
continuous values, systems that contains delays or even systems programmer actually writes.

that are asynchronous.
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Real world data are often noisy and fuzzy. Most Modeling is good way to solve the
symbolic methods cannot deal with such data,  problem in real world. However it is hard
which often limit their application to real world to know sufficient numbers of variables
data. Symbolic methods also have a problem in advance. Can unstable real world

of being unable to generalize beyond the provide us enough observations ? And
training dataset. As such, it is very difficultto =~ how we can extract robust

apply such methods in fields like biology where knowledge in partial observations?

A problem of determining whether a
given Boolean formula has a satisfying
assignment is called ““SAT" problem. SAT
solvers allow us to verify that a hardware
(e.g. CPU) correctly implements its
specification or resolve the dependencies
between libraries in Linux.

data is rare and fuzzy. On the other hand, Our challenge is to complete
. . . . bservations by sparse modeling and
The aim of this research is to devise 3 neural netw_orks are robust to fuzzy data and O | | _ _
novel branching heuristic, which is a can generalize very well, but they are not Bayesian estimation, and to induce NLP
heuristic incorporated in modern SAT human-readable and interpretable. with probabilistic measure - from
solvers, that could solve SAT problem _ e f,lteidy-Stadteld'St”bUtlon under
faster. It tries to learn beneficial features 1N this work, we propose a method utilizing arkov modeis.

neural networks, that is not only robust to
fuzzy data, but also generalizes to data that
are not in the training data. At the same time,
the model it learns is also human-readable and
interpretable.

from the structural information of
graphically represented SAT problems.
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