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ABSTRACT

Bayesian networks (BNs) are an important subclass of graphical
machine learning (ML) models that enable probabilistic reasoning
about interactions between variables of interest. Their interpretabil-
ity makes them an ideal model for making high-stakes decisions
in fields where explainability is desirable. However, learning BNs
with even few thousand variables using existing software libraries
requires an infeasible amount of time. This has prevented BNs from
becoming a viable alternative to other ML models. To address this,
we have developed scalable high-performance libraries for learning
large-scale BNs. In this poster, we present our work on parallelizing
a variety of popular BN learning algorithms, including a method
for constructing parameter-sharing specialization of BNs — module
networks. Our experiments show that the optimized open-source
implementations of our parallel algorithms reduce the time required
for learning networks with tens of thousands of variables from mul-
tiple months to a few hours by efficiently utilizing thousands of
cores.
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1 INTRODUCTION

Bayesian networks (BNs) are a subclass of probabilistic graphical
models that employ directed acyclic graphs to compactly repre-
sent exponential-sized joint probability distributions over a set of
random variables [10]. Since BNs enable interpretable reasoning
about interactions between the variables of interest [24], they have
already been successfully employed in multiple fields with high
human-impact [8, 18, 22]. Furthermore, the recent focus on the need
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for explainability in the decisions made by machine learning (ML)
models [6] has led to a push for the use of inherently interpretable
models like BNs for making high-stakes decisions [11].

Given a data set sampled from a joint probability distribution,
learning the exact BN structure is NP-hard [5]. Correspondingly, a
wide range of heuristic algorithms have been developed for learn-
ing BN structure. However, the heuristics are also computationally
intensive and can take months to sequentially learn large-scale net-
works [16]. The existing libraries for learning BNs that support mul-
tiple heuristics are either completely sequential (e.g., pcalg [7]) or
support only limited parallelism (e.g., bnlearn [13] and Tetrad [12]).
We posit that the lack of a high-performance library for expeditious
learning of large-scale BNs is a major hurdle in their viability as an
alternative to other ML models.

2 METHODOLOGY

To fill the void discussed in Section 1, we developed scalable parallel
algorithms for a wide variety of popular BN learning heuristics.
First, we developed a generalized framework for parallelizing the
algorithms classified as constraint-based. Using this framework,
we proposed efficient parallel versions of five different sequential
algorithms in the category: GS [9], IAMB [20], Inter-IAMB [20],
MMPC [20, 21], and SI-HITON [1]. Then, we proposed the first
parallel approach for the construction of module networks (MoN-
ets) [14] — a parameter-sharing specialization of BNs — using the
score-based method known as Lemon-Tree [4].

The design of these parallel algorithms utilize two key ideas: 1)
fine-grained definition of the total available work through tuples,
and 2) distribution of tuples for load balancing. All our parallel
algorithms are designed to produce the exact same networks as the
corresponding sequential versions, irrespective of the parallelism
used. We implemented these algorithms using C++ and MPI and
optimized them for good performance in practice.

3 RESULTS

We evaluated our implementations for an important application of
BNs - construction of gene-regulatory networks from gene expres-
sion data sets. In our experiments, we learned the genome-scale
networks for two model organisms, Saccharomyces cerevisiae and
Arabidopsis thaliana, from big data sets [2, 19]. Our implementations
show significant sequential speedup over the prior state-of-the-art
(up to 60X over bnlearn for learning BNs and 3.8X over Lemon-
Tree [3] for learning MoNets). Further, they scale well for learning
networks with tens of thousands of variables and reduce the time
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required for learning the corresponding BNs from more than a
week using bnlearn to less than 38 seconds using 2048 cores, and
that for learning MoNets from more than a year using Lemon-Tree
to less than 2.8 hours using 4096 cores.

These results improve and add to our previous works that have
been accepted in peer-reviewed conferences [16, 17]. We have also
released the corresponding implementations as part of open-source
libraries — ramBLe [15] and ParsiMoNe [23]. Our implementations
are agnostic to the underlying application and can be used by ML
and application-domain researchers for expeditious construction
of large-scale BNs and MoNets.

4 FUTURE WORK

We are planning to make our libraries more accessible by mak-
ing them available as Python and R packages. Additionally, we are
planning to implement more learning heuristics and investigate
accelerators like GPUs for improving the performance of our im-
plementations further.
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