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The recent widespread of availability of sensors, as
part of the IoT, presents the opportunity to learn
the properties of compound distributions in practical applications. Understanding temporal distributions by observations collected from the IoT
can advance many intelligent applications. In this
poster we present an algorithm to learn influence
between stochastic processes using observations obtained from the IoT. The proposed method learns
these processes using temporal models independently, and then attempts to recover the underlying distribution of influence between them. Experimental results are provided which demonstrate the
effectiveness of our method.

The architecture of the proposed algorithm is given
by Figure 2 as is as follows. In (i), we input the processes to learn influence between; in (ii), we learn
each stochastic process independently as a HMM,
denoted by hH0, H→i, using Bayesian estimation
(BE) and expectation maximisation (EM) to maximise the likelihood function for latent variables; in
(iii), we compute the structure score of an influence
network between HMMs using a dynamic scoring
function (and relearn parameters if we have introduced new independence assumption in (v)); in (iv)
we choose whether to terminate the algorithm; in
(v), we perform an operation to change the structure, which encodes the distribution of influence between HMMs, to improve the network fit to data.
We iteratively perform steps (iii), (iv), (v) until we
could not improve the dynamic score for the network. The structure between models with the best
score is selected.

Intuitively we would like a score to measure if a set
of independence assumptions between sets of HMMs
is preferred, then we would get more information
from having these assumptions than having different ones in DhI0,I→iG . We adopt an extension of the
likelihood score called the d-BIC for this task. The
d-BIC score trades-off fit to data with model complexity, thereby reducing overfitting. The d-BIC,
denoted scored−BIC (hI0, I→iG : DhI0,I→iG ), is given as
the following:

In this section we present the performance of seven
parameter and/or structure learning tasks with respect to generative ground-truth distributions. The
performance is summarised in Figure 3, which shows
the relative entropy to the generative ground-truth
network (left y-axis, log-scale, solid lines) and execution times (right y-axis, log-scale, broken lines) over
the number of training samples (x-axis). The right
y-axis is the execution times for each learning task.
In all learning tasks both the latent and observable
parameters were learned from sets of synthetic sensor observations.

• Extending

the traditional BIC score for
random variables to scores between dynamic
Bayesian networks.
• An structural assemble to relate dynamic
Bayesian networks to explicitly show the
influence between them.
• A complete algorithm to track influence
between hierarchical dynamic Bayesian
network.
• Empirical results which shows the effectiveness
of using our method.
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Figure 1: Two unrolled HMMs, hA0, A→i and hB0, B→i, with 3
time-slices. The HMMs are connected with a structural assemble (α = 1) indicated by the red dotted lines.

Figure 2: An overview of the proposed algorithm to recover
influence between stochastic processes represented as temporal
networks.
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where M is the number of samples; K is the number of dependency models; T is the number of timeslices for any dependency model; N is the number
of variables in each time-slice; and DIM [G] is the
number of independent parameters in the entire influence network.

Structural Assembles
In the previous section we introduced the d-BIC
score for between HMMs which weighted a network based on empirical correlation between sets of
HMMs with respect to the data. Each variable in the
network is paired with a parent set whose members
may span variables in multiple HMMs in addition to
variables in its own network structure. To intuitively
capture this influence structure between temporal
models we need to insert dependencies between different time-points that span various models. How
far back the dependency between time-slices go depends on the influence structure of the distribution.
More generally, we can describe delayed influence
with respect to α-many previous time-slices for a
family of temporal models. For example, Figure
1 illustrates delayed influence between two unrolled
HMMs, hA0, A→i and hB0, B→i, with α = 2.
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Figure 3: The performance of seven parameter and structure
learning methods for HMMs.

The sensitivity of the BIC and AIC scores to judge
when to restrict the structure guides the selection of
independence assumptions, with roughly the same
execution time, and outperforms all other methods
for a large number of samples. This means when we
have fewer IoT observations, we are better off using
sparser structures which also take a shorter time to
learn. More generally, tree structures summarise the
most important dependencies which allow us to perform inference faster, while random graphs provide
a faster learning time but, through their density, will
suffer for inference tasks.

Acknowledgements
The first author gratefully acknowledges the support of the Teaching Development Grant Collaborative Project funded by the Department of Higher
Education, South Africa (Ref. APP-TDG-0020/21); and the NRF Scarce
Skills Doctoral Scholarship (Ref. SFH14072479869).

