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Industrial machine learning

Web ML

• (Seemingly) mild consequences

Examples: E-commerce, web search, NLP

Industrial ML

• Safety is a main concern

Examples: Machine control, commissioning
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Properties of industrial ML

Uncertain models

Domain knowledge

Need for trust
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Research Questions

Deep learning Bayesian statistics

Data-driven insights Yes No

Strong scalability Yes No

Interpretable results No Yes

Trustworthy predictions No Yes

Semantic model-selection No No

RQ1

RQ2

RQ3

How to combine data-driven insights and trustworthy predictions?
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Gaussian Processes

Definition

A Gaussian Process (GP) is a collection of random variables {𝐅𝐱}, any finite subset of
which has a joint Gaussian distribution.

Mean and Kernel Functions

In supervised learning, 𝐅𝐱 models the function value 𝑓 (𝑥). A GP is completely

determined by two functions.

Mean function 𝜇𝑓(𝑥) = 𝔼[𝑓 (𝑥)]

Kernel function 𝒦(𝑥, 𝑥′) = cov[𝑓 (𝑥), 𝑓 (𝑥′)]

𝑥

𝑓 (𝑥)
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Deep GP model for wind propagation

𝐮

Wind Fronts

Front Turbine

Back Turbine

𝐭

𝐲

𝐭

𝐲

𝐭

𝐲

Lillgrund Wind Farm

• Interpretable factorized uncertainties

• Strong priors enforce physical plausibility

• Experts can validate their expectations
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A Bayesian graphical model

Multi-Output GP

Deep GPDeep GP
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A primer for Deep GPs

A stack of 𝐿 functions modeld with GPs

𝐲 = 𝑓𝐿(𝑓𝐿−1(⋯ (𝑓1(𝐗)))) + 𝜖

with a joint likelihood

p(𝐲 |𝐗) = ∫ p(𝐲, 𝐟1, … , 𝐟𝐿 |𝐗) d𝐟1… d𝐟𝐿

Variational approximation yields the bound

ℒNVC ≥ log𝒩(𝐲|𝚿𝐿𝐊
−1
𝐮𝐿𝐮𝐿𝐦𝐿, 𝜎 2

𝑛 I) −
𝐿

∑
𝑙=1

KL(q(𝐮𝑙) ‖ p(𝐮𝑙))

− 1
2𝜎 2

1
tr(𝐊11 − 𝐐11) −

𝐿

∑
𝑙=2

1
2𝜎 2

𝑙
(𝜓𝑙 − tr(𝚿𝐥𝐊

−1
𝐮𝑙𝐮𝑙))

−
𝐿

∑
𝑙=2

1
2𝜎 2

𝑙
tr ((𝚽𝑙 − 𝚿T

𝑙𝚿𝑙) 𝐊
−1
𝐮𝑙𝐮𝑙 (𝐦𝑙𝐦

T

𝑙 + 𝐒𝑙) 𝐊
−1
𝐮𝑙𝐮𝑙)

Likelihood Prior

Nested Variational Compression

𝑁

𝐱𝑛

𝐟𝑛,1 𝐮1

𝐟𝑛,𝐿 𝐮𝐿

𝐲𝑛
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Deep Multi-Output GPs in the wind model

Convolutional MO-GP models covariances between turbines.

cov[𝑓𝑑(𝐱), 𝑓𝑑′(𝐱′)] =
𝑅

∑
𝑟=1

∫𝑘𝑑,𝑟(𝐱 − 𝐳)𝑘𝑑′,𝑟(𝐱′ − 𝐳) d𝐳

=
𝑅

∑
𝑟=1

(2𝜋)
𝐾
2 𝜎𝑑,𝑟 𝜎𝑑′,𝑟

∏𝐾
𝑘=1 ℓ̂

−1
𝑑,𝑑′,𝑟 ,𝑘

exp(−1
2

𝐾

∑
𝑘=1

(𝑥𝑘 − 𝑥 ′𝑘)2

ℓ̂2𝑑,𝑑′,𝑟 ,𝑘
)

Need to derive joint Psi-statistics

𝜓𝑓 = 𝔼q(𝐚)[tr(𝐊𝐟𝐟) |𝐰𝟏, … ,𝐰𝐑]

𝚽𝐟 = 𝔼q(𝐚)[𝐊𝐮𝐟𝐊𝐟𝐮 |𝐰𝟏, … ,𝐰𝐑]

𝚿𝐟 = 𝔼q(𝐚)[𝐊𝐟𝐮 |𝐰𝟏, … ,𝐰𝐑]

for a variational bound, for example

(𝚿𝐟)𝑛𝑖 = ∫ cov[ ̂𝑓 (𝐚𝑛), ̂𝑓 (𝐙𝑖)] q(𝐚𝑛) d𝐚𝑛

= 𝜎̂ 2
𝑛𝑖
√

(𝚺𝐚)−1𝑛𝑛
ℓ̂𝑛𝑖 + (𝚺𝐚)−1𝑛𝑛

exp (−1
2

(𝚺𝐚)
−1
𝑛𝑛ℓ̂𝑛𝑖

(𝚺𝐚)−1𝑛𝑛 + ℓ̂𝑛𝑖
((𝝁𝐚)𝑛 − 𝐙𝐢)

2) .
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Data-Association model for gas turbines

Siemens gas turbine Combustion Dynamics

• Data from different operational regimes

• Robust inference for faulty sensors

• Trustworthy Reinforcement Learning

8



Contributions

RQ1: Reduce model-bias of white-box models

• Bayesian interpretation of data association

• Application to dynamics of a gas turbine

RQ2: Reduce data-bias of black-box models

• Bayesian deep nonlinear time-series alignment

• Enforces physical plausibility with strong priors

RQ3: Semantic model-selection

• Semantic decomposition of RL system dynamics

• Surrogate models for informative structure in BO
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Future Research

1. How to make effective use of uncertainties?

• Hierarchical posteriors are complex

• Which uncertainties should we care about?
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2. What do hierarchical priors mean?

• Systems combine well-understood priors

• How do they interact?

3. What makes a model or system trustworthy?

• Performance metrics are not enough

• Can we reason about system-context?
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