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Representation and Method

Structure Score

Stochastic processes are commonly used for describing the evolution of variables over time. Despite this,
the question of how several of these processes may
influence each other has received little attention. In
particular, when these processes are not fully observed. Learning the structure between processes is
useful in discovering micro-behavior in econometric
models [1]; identifying interacting networks in the
brain; and for causal interpretation [2].
We propose using score-based structure learning for
structure discovery between processes since it can
(a) consider the complete influence structure between processes as a state in the search space; (b)
preserve basic score properties allowing for feasible
computations; and (c) provide a clear indication of
the independence assertions between processes relative to the data.

We can represent a stochastic process by using a dynamic topic model (DTM), denoted by hH0, H→i, as
shown by Figure 1. The shaded nodes are observable
and the un-shaded are latent variables.
The architecture of the proposed algorithm is given
by Figure 2. We (i) learn each topic model independently (using Expectation Maximization (EM));
(ii) compute the structure score of the model; (iii)
relearn the parameters for the model (with the new
independence assertions) which gives us the candidate network (iv); (v) perform an operation (edge
addition, reversal, removal) to try to improve the
network fit to data; steps (ii), (iii), (v) are repeated
until we can not improve the score for the structure.
We then select the best network (iv).

The BIC score is a derivation of the likelihood score
that is biased to simpler structures, but as it acquires
more data it can prefer a more complex structure
to describe the distribution. The BIC score for a
k
DTMs, hH0k , H→
i, is given w.r.t its parents as:
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where we have M samples; K dependency models; T
time-slices per model; N variables per time-slice; IP̂
is the mutual information in terms of the empirical
distribution; and DIM [G] is the number of independent parameters in the influence network. The
BIC score trades-off fit to data with model complexity, thereby reducing overfitting.
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Figure 3: Results of the IUS and CTS data-cases.

The General Algorithm
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We make the following contributions:
• Extending

traditional scoring functions for
random variables to dynamic Bayesian
networks.
• An assemble to relate dynamic Bayesian
networks.
• A complete algorithm to track influence
between dynamic topic models.
• Empirical results which shows the effectiveness
of using our method.
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Figure 1: Two unrolled dynamic topic models, hA0, A→i and
hB0, B→i.

Figure 2: The architecture to solve the IUS data-case.

Direct Influence Assemble
Direct influence between two stochastic processes,
A→ and B→, is defined by a proportional relationship between them. This implies that changing a
value at the time t1 in A→ this will affect the value
at exactly time t1 in B→. Since in direct influence
the observations are relatively instantaneous compared to our time granularity, for any two dynamic
topic models, hA0, A→i and hB0, B→i, we will use
the configuration of edges in Figure 1. We represent
the intra-time-slice edges as solid lines; the persistent inter-time-slice edges are given by the broken
lines; and edges induced by the assemble are given
by the dotted lines.
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Results and Discussion
We evaluate our model by considering two datacases: complete data with the true structure (CTS),
and incomplete data with an unknown structure
(IUS). Figure 3 shows the relative entropy between
the recovered Bayesian networks and the ground
truth as we increase the number of samples in each
data-case. Direct influence was tracked between 4
DTMs, where each was specified as in Figure 1.
Optimistically, we see that it is not significantly
harder to recover both the structure and parameters
than just the parameters. Moreover, taking advantage of the structure search optimization techniques
with complete data makes our search for the true
structure more manageable.
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