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▸ causation predicts the impact of interventions

V 1∣do(S = cat) /∼ V 1∣do(S = dog)

▸ infer the causal graph

causal structure ´ (conditional) (in)dependence
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Non-linear MERL⋆N algorithm



The MERLiN approach

Sufficient conditions

Given S (randomised), C1, w⊺F , and S → C1, then

C1 /⊥⊥w⊺F and S ⊥⊥w⊺F ∣C1 Ô⇒ S C1 w⊺F

Idea

Optimise w such that

(a) dep (C1,w
⊺F ) is high

↝ HSIC

(b) dep (S, w⊺F ∣C1) is low

↝ regression-based criterion
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Conditional independence measure

Regression-based conditional independence criterion

If there exists a regression function r with w⊺F − r(C1) ⊥⊥ (S,C1),

then S ⊥⊥w⊺F ∣C1.

Implementation

If we can find kernel ridge regression parameters (σ, θ) such that

dep ( w⊺F − krrσ,θ(C1) , (S,C1) ) is low, then S ⊥⊥w⊺F ∣C1.
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Putting things together

Idea

Optimise w such that

(a) dep (C1,w
⊺F ) is high

(b) dep (S, w⊺F ∣C1) is low

Implementation

(Non-linear MERLiN algorithm)

Optimise w and σ, θ such that

(a) HSIC (C1,w
⊺F ) is high

(b) HSIC ( w⊺F − krrσ,θ(C1) , (S,C1) ) is low

is being maximised.
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Empirical validation



Neurofeedback experiment

S :

instruction to up-/downregulate C1 {±1}

C1:

γ-bandpower in superior parietal cortex R

F :

EEG electrode signals Rchannels× time

SCI algorithm Non-linear MERLiN algorithm

both find S → γ-bp (SPC) → γ-bp (MPFC)
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