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Multitask learning algorithms generally represent the similarity among tasks in one of
three ways: all tasks are assumed to be equally similar [2, 5]; the similarity among tasks is
estimated from the same data that will be used to train the model [7, 3]; or the similarity
between tasks is provided by some other source such as task-specific domain information
or an expert [1]. This third option has been explored recently for zero-data classification
problems when no training data are available for certain tasks [4, 6]. They show that
knowledge of the relationships among tasks can compensate for lack of training data.

We extend this use of domain knowledge to the unsupervised problem of multitask Bayesian
network structure learning. Learning a different network for each task allows for variability
at the cost of fragmenting the data into small chunks for each task. Domain knowledge can
provide a task-relatedness metric to facilitate the intelligent sharing of information across
tasks to compensate for lack of data. Therefore, the inputs to our TRAM algorithm come
in two forms. The first is training data associated with each task and the second is a metric
describing the relatedness of all tasks.

In our fMRI application, observed task-specific fMRI data are become random variables
of networks. A set of clinical variables with contextual information represents an entirely
different type of knowledge about the subjects and is used to describe task-relatedness.
Incorporating this information into our multitask representation allows us to learn Bayesian
networks for a very large space of contexts with limited data from a limited number of tasks.
Indeed, we see that the nature of the relationships among tasks affect the performance of
other algorithms in predictable ways, demonstrating that task-relatedness knowledge could
be exploited to improve other multitask algorithms as well.

If we did not have multitask structure learning, we could would have to decide between
learning networks independently for each task or pooling the data to learn a single network
representing all tasks. We show that the best choice between these two options depends
on how closely the set of tasks are related to each other as shown in Figure 1.
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Our multitask algorithm takes advantage of the knowledge of the relatedness of tasks to
produce more robust networks than pooling, learning independently or multitask learning
without task-relatedness knowledge. Unlike these other methods, our results further extend
to zero-data learning, in which we estimate a network for a task with no training data.
We show that our estimated graphs better fit the true network than a network estimate
by pooling data from all related tasks.
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(a) Independent tasks
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(b) Pooling task data
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(c) Pooling beats independent?

Figure 1: BIC score on holdout data for 6 different training sets (left and center). Pooling data
performs better than independent learning when tasks are most similar (right). Pooling beats
independent learning above the line, and vice-versa below.
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