




We also studied the impact of varying the fraction
of global parameters in the true underlying probability
model from 0 to 1, while holding the training set size
constant at 1K. KL(T,PSNB) is essentially constant as
the fraction of true global parameters varies, because
PSNB does not take advantage of parameter sharing.
In contrast, both GNB and SSNB improve considerably
with an increasing fraction of global parameters. Again,
SSNB dominates the other two methods, as it can mix
global and local parameters in its model.

7 Summary and Future Work

This paper presents a theoretical approach for incorpo-
rating several types of parameter related domain knowl-
edge in learning procedures for graphical models param-
eterized by conditional probability tables. The main
reason for taking advantage of such constraints is to
alleviate learning from sparse data sets. First we de-
scribe in detail a General Parameter Sharing Framework
that characterizes learning in a wide variety of graphi-
cal models like HMMs, DBNs or Module Networks. We
develop sound procedures for learning in such models
from both a Frequentist and a Bayesian point of view,
from both complete and incomplete data, in the case
when a domain expert can specify the structure of the
graphical model and the parameters to be shared. Also,
we prove some formal guarantees about our estimators
and suggest ways for deciding among several potential
Parameter Sharing Schemes. Second, we investigate a
hierarchical extension of this framework based on Pa-
rameter Sharing Trees. Finally we present algorithms
for using domain knowledge that specifies that certain
groups of parameters share certain properties. In sec-
tion 6, as an example, experimental results show that
our shared parameter model achieved lower KL diver-
gence to the true distribution when compared to two
other classical methods: a global model and a standard
Bayesian Multinet without parameter sharing.

This research suggests several directions for future
work. First, we are developing proper conjugate prior
distributions over the space of parameters that would
allow us to develop MAP estimators in the setting
presented in section 5. Second, we intend to explore
the interaction between the different types of domain
knowledge presented in this paper. Another interesting
thing to investigate is how one can take advantage
of parameter related domain knowledge to learn the
structure of the graphical model.
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