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Motivation

Predicting bioactivities between chemical compounds and
protein targets or cell lines is a central challenge in drug
discovery. The prediction can be done by using machine
learning algorithms which learn from chemical (compound
descriptions and chemical structures) and genomic (protein
structures and gene expression) spaces as well as compoundtarget bioactivity data. Although there has been a lot of
research applying machine learning to solve problems in
chemogenomics, many of the techniques have limitations that
prevent them from being applied to industry-scale data, which
is characteristically very large, extremely sparsely observed,
imbalanced and noisy. Standard chemogenomics models depend heavily on a specific type of input data and are designed
for single-task learning, while multi-task learning has proven
to improve the performance of each individual task by sharing
representations among tasks. Additionally, a large proportion
of published research has produced black-box models, providing no practical insight on feature significance and confidence estimation for predictions.
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Figure 1: An illustration of drug discovery with multi-view
matrix factorization.
• Learning relations between multiple data sources, such
as identifying drugs with positive response on targets.

Matrix factorization

The problem of bioactivity prediction can be interpreted as
an instance of collaborative filtering, for which matrix factorization is one of the most widely used approaches, see Figure 2. Bayesian matrix factorization (BMF) [Salakhutdinov
and Mnih, 2008] formulates the task as a probabilistic generative model, providing an elegant and flexible framework to
address the above concerns (with the exception of scalability). Its many attractive features include the ability to quantify uncertainty, handle missing values and predict with confidence estimation. Besides predicting missing compoundtarget pairs using relations learned from the observed bioactivity, the BMF framework can be used for:
• Optimizing biological assays or compounds in a desired way by utilizing the obtained latent features in the
model.
– Identifying compounds that promote or suppress
the bioacitivity of a target, which may be related
to some disease.
– Discovering compounds sharing similar chemical
structures, which could affect a target disease in a
similar way.

multiple targets

While in many problems, it is reasonable to assume that
at least some elements have been observed in all rows and
columns of the data matrix, a more challenging prediction
problem ensues when entire rows (or columns) of the matrix
are unobserved. This is referred to as out-of-matrix prediction. In such cases, prediction is in general infeasible without
additional side-data providing information about the missing rows. The inclusion of side-data can be approached as
an instance of multi-view learning [Damianou et al., 2012a;
Klami et al., 2015], where the missing information in the target view is complemented with information collected in additional data views, see Figure 1.
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Large-scale probabilistic non-linear matrix
factorization

Although linear models, such as BMF, are often expressive
enough to produce reasonable predictions, non-trivial prediction problems may require even more flexible, non-linear
models for improved accuracy. Bayesian Gaussian process
latent-variable models (GP-LVM) [Titsias and Lawrence,
2010] provide a non-linear generalization of BMF, but they
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Figure 2: Schematic overview of matrix factorization:
bioactivities, blue numbers are estimated latent features.
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are extremely challenging to scale up. Current distributed solutions to scale up GP-LVM [Dai et al., 2014; Gal et al., 2014]
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GP-LVM,
elements from a recently proposed hierarchical embarrassingly
parallel inference scheme for BMF [Qin et al., 2017]. In our
framework, parallel computations are coupled using the output of an initial stage of inference, in which only one data
subset is processed. Thus, compared to fully embarrassingly
parallel methods, the strategy adds only one extra stage of
communication, that of propagating the information from the
initial subset to the remaining subsets. The propagation is
done using a modified, probabilistic version of incremental
learning for GP-LVM [Yao et al., 2011], which is similar in
spirit to dynamical GP-LVM [Damianou et al., 2016].
Preliminary results indicate that our distributed framework achieves predictive accuracy close to the full model (on
medium-scale data), and has the capability to scale up probabilistic non-linear matrix factorization (Bayesian GP-LVM
and its multi-view extension [Damianou et al., 2012b]) to
industry-scale problems, such as the ExCAPE-DB chemogenomics data set [Sun et al., 2017].
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