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A. Pérez-Suay (Universitat de València) AI4ME 2020 1 / 36
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Introduction

d
Sensors, Students,
Systems, ...

Collect Data Build models Predictions

Student Performance

Machine Learning (ML) is a wider part of Artificial Intelligence

ML is an active field solving really challenging problems:

autonomous driving car, face recognition, natural language
processing, ...

ML builds models based on data

Models are able to infer: regression, classification, fairness,
causal inference, dimensionality reduction (PCA), ...
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Regression
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Regression

L =
1

n

n∑
i=1

V (f (xi), yi) + λ Ω(‖f ‖)

xi ∈ X , yi ∈ R
Linear model: f := Ŷ = XW

L2 norm for the errors, V := ‖Y − Ŷ‖2
2

Tikhonov’s regularization for smoothness, Ω(‖f ‖) := ‖W‖2
2

Closed-form-solution Ŵ = (X>X + λ I)−1X>Y

Prediction Ŷ∗ = X∗Ŵ
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Regression: Kernel Ridge Regression

L =
1

n

n∑
i=1

V (f (xi), yi) + λ Ω(‖f ‖H)

Map to RKHS φ : X → H, xi → φ(xi)

k(x, x′) = 〈φ(x),φ(x ′)〉 E.g.

k(xi , xj) = e−
‖xi−xj‖

2
2

2σ2 (RBF kernel)
k(xi , xj) = (x>i xj + c)d (Polynomial)
Any others... must be PSD

Representer Thm. [Schölkopf et al., 2001]
f (·) =

∑n
i=1 αik(·, xi)

Λ̂ = (K + λI)−1Y, Ŷ∗ = K(X∗,X)Λ̂
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Application: Students performance
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Application: Students performance
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Method RMSE

LS 4.42
LASSO 4.40

KRR 4.33
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Application: Students performance
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Classification
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Classification

L =
1

n

n∑
i=1

V (f (xi), yi) + λ Ω(‖f ‖H)

Now yi ∈ {−1, 1}
Map to RKHS φ : X → H, xi → φ(xi)

k(x, x′) = 〈φ(x),φ(x ′)〉 E.g.

Representer Thm. [Schölkopf et al., 2001]
f (·) =

∑n
i=1 αik(·, xi)

Λ̂ = (K + λI)−1Y, Ŷ∗ = sgn(K(X∗,X)Λ̂)
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Classification

Sentiment classification
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Fair Learning
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Fair Learning

Gender

Education

Workclass

Race

Occupation

Income

Let’s predict the income from some
reasonable covariates

Our company wants to be fair with the
gender

Removing the gender variable does not solve
the problem

Gender information is contained in other
variables implicitly

How to avoid this omitted variable bias
problem?
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Fair learning setup

Gender

Education

Workclass

Race

Occupation

Income

Goal: Respect rules, ethics, laws; avoid
disparate treatment

Premise: Protected variables are worth
including them

Definition:
“A prediction is said to be totally fair with
respect to the sensitive features S if and
only if Ŷ ⊥ S.”

Idea: Be accurate and insensitive to
protected variables
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Regularization framework for fair prediction

L =
1

n

n∑
i=1

V (f (xi), yi) + λ Ω(‖f ‖H) + µ I (f (x), s)

Linear model: f := Ŷ = XW

L2 norm for the errors, V := ‖Y − Ŷ‖2
2

Tikhonov’s regularization for smoothness, Ω(‖f ‖2) := ‖W‖2
2

Estimate independence I = HSIC
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L2 norm for the errors, V := ‖Y − Ŷ‖2
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Regularization framework for fair prediction

L =
1

n

n∑
i=1

V (f (xi), yi) + λ Ω(‖f ‖H) + µ HSIC(f(x), s)

Linear model: f := Ŷ = XW
L2 norm for the errors, V := ‖Y − Ŷ‖2

2

Tikhonov’s regularization for smoothness, Ω(‖f ‖2) := ‖W‖2
2

Estimate independence I = HSIC

Proposal: HSIC [Pérez-Suay et al., 2017]

3 Differentiable (allows closed-form-solutions)

3 Captures higher order relations

3 Multidimensional: ds , df ≥ 1

3 Allows: ds 6= df

3 Easy implementation!
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Dependence estimation

Pearson 0.94 0.04 -0.004

HSIC 0.09 0.03 0.002
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Measuring dependence with kernels

Define mapping functions φ : X → F and ψ : Y → G
Define positive definite kernel functions:
k(xi , xj) = 〈φ(xi), φ(xj)〉 and l(yi , yj) = 〈ψ(yi), ψ(yj)〉
Mapped data: X→ Φ ∈ Rn×nF and Y → Ψ ∈ Rn×nG

Cross-covariance between mapped data: Cφ(x)ψ(y) = Φ>Ψ

The Hilbert-Schmidt norm is now:

HSIC =‖Φ>Ψ‖2 =
1

n2
Tr((Φ>Ψ)>(Φ>Ψ)) =

1

n2
Tr(ΦΦ>ΨΨ>) =

1

n2
Tr(KL)

[Gretton et al., 2005]
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Regularization framework for fair prediction

L = ‖Y − Ŷ‖2
2 + λ ‖W‖2

2 + µ 1
n2 tr(ŶŶ>SS>)

Linear fair regression:

Ŵ = (X̃>X̃ + λ I + µ
n2 X̃>S̃S̃>X̃)−1X̃>Y, Ŷ∗ = X∗Ŵ

Kernel (nonlinear) fair regression:

Λ̂ = (K̃ + λI + µ
n2 K̃K̃S)−1Y, Ŷ∗ = K(X∗,X)Λ̂
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unfairness = HSIC(Ŷ,S)

Removing the sensitive
variable is worse

Kernel better in accuracy
than linear

Fairness-accuracy nice
tradeoffs
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Causal Inference
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Causal inference ANM

[Hoyer08] scheme in Additive Noise Model (ANM)
ANM is a particular case of Structural Equation Models
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Hoyer scheme
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Hoyer scheme
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Hoyer scheme
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SHSIC
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SHSIC
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SHSIC
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Applications

Collect Educational data with known causal directions

Apply developed methods

Develop novel methods to solve particular problems

A. Pérez-Suay (Universitat de València) AI4ME 2020 31 / 36



Concluding remarks
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Conclusions

4 different paradigms in ML (regression, classification, fairness,
causality)

There are others which we can explore (depending on the
problem)

Main research lines:

Collect data (and share it), databases of meaningful ME
problems
Apply developed methods in particular problems (methods
ready-to-use)
Get ME data + apply ML + infer + validate models + study

Interested on the application of AI over ME problems
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Conclusions

4 different paradigms in ML (regression, classification, fairness,
causality)

There are others which we can explore (depending on the
problem)

Main research lines:

Collect data (and share it), databases of meaningful ME
problems
Apply developed methods in particular problems (methods
ready-to-use)
Get ME data + apply ML + infer + validate models + study

Interested on the application of AI over ME problems

Thanks for your attention!!
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A. Pérez-Suay (Universitat de València) AI4ME 2020 34 / 36
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