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Proximal Causal Learning
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Data: {a, z, x, w, y} ∼ P (A,Z,X,W, Y ).

The Proximal Problem

E[Y |A,X,Z] =
∫
W
h(A,X,W ) dF (W |A,X,Z)

Learn h, solution to above Fredholm integral equation. It follows:

E[Y |do(A) = a] = EX,W h(a,X,W )

Algorithm: Proximal Maximum Moment Restriction (PMMR)

Transfer minimising the discrepancy between the two sides of (1)

into working with a weighted regression objective:

min
h

E[(Y −h(A,W,X))(Y ′ −h(A′,W ′, X ′))k((A,Z,X), (A′, Z ′, X ′))]

Comparison between IV and Proximal settings
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Independence structure, IV setting: 
 Z ⊥ U

Z ⊥ Y |{U, A}

Independence structure, proxy setting: 
 W ⊥ {A, Z} |{U, X}

Z ⊥ Y |{U, A, X}

Causal Inference with Action Measurement Error
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Data: {z,m, n, y} ∼ P (Z,M,N, Y ).
Identifying The Characteristic Function ψA|Z

ψA|Z(α)︷ ︸︸ ︷
EPA|z[e

iαX](α) = exp
∫ α

0
i
E[MeiνN |z]
E[eiνN |z]

dν

 (?)

From Characteristic Function to Mean Embeddings

µ̂nA|z(y) = ∑n
j=1 γ̂

n
j (z)k(aj, y), ψ̂nA|z(α) := ∑n

j=1 γ̂
n
j (z)eiαaj .

γ̂nj (z) = (KZZ + nλ̂nI)−1KZz

Theorem. µ̂nA|Z →n µA|Z iff ψ̂nA|Z →n ψA|Z in IFT of kernel.

Algorithm: Merrorment-Error Kernel Instrumental Variable Regression
(MEKIV)
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Contributions

Proximal Maximum Moment Restriction

1 A kernel-based nonparametric estimation algorithm given by du-
ality of the loss objective; can be applied to a more general class
of inverse problems that involve a solution to a Fredholm inte-
gral equation.

2 Derive convergence guarantees for the proposed algorithm.

Measurement-Error Kernel Instrumental Regression

1 A provably consistent, kernel-based nonparametric estimation
algorithm for estimating the structural function under measure-
ment error in the action variable.

2 Connect characteristic function estimation with mean embed-
ding learning.

Results on (semi-)synthetic datasets. Top: PMMR; Bottom: MEKIV

Figure 1:PMMR results on a synthetic dataset: to evaluate the efficacy of our method on a dataset designed to be

absent of an observed valid adjustment set.
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Demand Design (Mixture of Gaussians)
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Figure 2:MEKIV results on a semi-synthetic dataset with true actions masked from model.
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