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Agenda

I Various examples of ML models represented by Bayesian networks
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Using BNs to represent ML models

I Machine learning research papers frequently use Bayesian networks
to graphically represent machine learning models.

I They represent the data-generating process.
I Here’s an example from NeurIPS 2019 [BS19].
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https://papers.nips.cc/paper/8343-differentially-private-bayesian-linear-regression.pdf


Differentially private Bayesian linear regression
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Naive Bayes

I Kevin Murphy’s book makes extensive use of graphical models for
machine learning.

I In a naive Bayes model for classification [Bis06, p. 380] the observed
variables x = (x1, . . . xD) are assumed independent conditional on the
class variable z:

P(x, z) = P(z)P(x|z) = P(z)
D∏

i=1

P(xi |z) (1)

I Let’s have a look at a naive Bayes model. [Mur12, p. 322].
I And a latent variable model [Mur12, p. 345].
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Naive Bayes

P(π,Y ,X , θ) = P(π)

 D∏
j=1

P(θcj)


N∏

i=1

P(Yi |π)
D∏

j=1

P(Xij |Yi , θcj)


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A model with latent variables

P(θx , x , z, θz) = P(θx)P(θz)
N∏

i=1

P(zi |θz)P(xi |zi , θx)
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Hierarchical Linear Regression

Here’s a nice example of using Bayesian networks to represent different
approaches to a linear regression problem where there is extra ‘structure’.
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https://docs.pymc.io/notebooks/GLM-hierarchical.html


Standard regression (abbreviated)

P(θ, y) = P(θ)
k∏

i=1

P(yi |θ)
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Separate regressions (abbreviated)

P(θ, y) =
k∏

i=1

P(yi |θi)P(θi)
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Hierarchical regression (abbreviated)

P(θ, y , µ, σ2) = P(µ, σ2)
k∏

i=1

P(yi |θi)P(θi |µ, σ2)
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