
Unified Covariate Adjustment:
Estimating Multilinear Causal Estimands

Yonghan Jung
School of Information Science (iSchool)

UIUC
www.yonghanjung.me 

2025 INFORMS

http://www.yonghanjung.me


Unified Covariate Adjustment:
Estimating Multilinear Causal Estimands

Yonghan Jung
School of Information Science (iSchool)

UIUC
www.yonghanjung.me 

2025 INFORMS

NeurIPS-24 
Unified covariate adjustment for causal inference

Yonghan Jung 
Thesis (2025) Working papers

http://www.yonghanjung.me


2

Motivation: Multilinear Causal Estimands
A causal effect    is often identified as a multilinear functional. 𝔼[Y ∣ do(a)]



2

Motivation: Multilinear Causal Estimands
A causal effect    is often identified as a multilinear functional. 𝔼[Y ∣ do(a)]

A Y

X

  , ∑x
𝔼[Y ∣ a x]P(x)

Back-Door (BD)



2

Motivation: Multilinear Causal Estimands
A causal effect    is often identified as a multilinear functional. 𝔼[Y ∣ do(a)]

A Y

X

  , ∑x
𝔼[Y ∣ a x]P(x)

Back-Door (BD)

A1 Y

X1

 , , , ,∑x1,x2
𝔼[Y ∣a2 x2 a1 x1]P(x2∣a1 x1)P(x1)

A2

X2

Sequential BD (SBD)



2

Motivation: Multilinear Causal Estimands
A causal effect    is often identified as a multilinear functional. 𝔼[Y ∣ do(a)]

A Y

X

  , ∑x
𝔼[Y ∣ a x]P(x)

Back-Door (BD)

A Y

X

 , , ,∑x,a
𝔼[Y ∣z a x]P(z ∣ a x)P(ax)

Z

U

Front-Door (FD)

A1 Y

X1

 , , , ,∑x1,x2
𝔼[Y ∣a2 x2 a1 x1]P(x2∣a1 x1)P(x1)

A2

X2

Sequential BD (SBD)



2

Motivation: Multilinear Causal Estimands
A causal effect    is often identified as a multilinear functional. 𝔼[Y ∣ do(a)]

A Y

X

  , ∑x
𝔼[Y ∣ a x]P(x)

Back-Door (BD)

A Y

X

 , , ,∑x,a
𝔼[Y ∣z a x]P(z ∣ a x)P(ax)

Z

U

Front-Door (FD)

A1 Y

X1

 , , , ,∑x1,x2
𝔼[Y ∣a2 x2 a1 x1]P(x2∣a1 x1)P(x1)

A2

X2

Sequential BD (SBD)

A Y

X

B R

U1 U2

  ∑abrx
𝔼[Y ∣ rbax]P(r∣bax)P(b∣ax)P(ax)

Verma



2

Motivation: Multilinear Causal Estimands
A causal effect    is often identified as a multilinear functional. 𝔼[Y ∣ do(a)]

A Y

X

  , ∑x
𝔼[Y ∣ a x]P(x)

Back-Door (BD)

A Y

X

 , , ,∑x,a
𝔼[Y ∣z a x]P(z ∣ a x)P(ax)

Z

U

Front-Door (FD)

A1 Y

X1

 , , , ,∑x1,x2
𝔼[Y ∣a2 x2 a1 x1]P(x2∣a1 x1)P(x1)

A2

X2

Sequential BD (SBD)

A Y

X

B R

U1 U2

  ∑abrx
𝔼[Y ∣ rbax]P(r∣bax)P(b∣ax)P(ax)

Verma

Empirically, P( multilinear | ID) > 99% for various random graphs 
(randomness imposed to # observables, # latents, # treatments)
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Sample efficiency: A doubly robust and sample efficient estimation framework3
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Simulation Results 

DimensionDimension

TimeTime

MSE MSE

#samples

• Existing estimators’ evaluation time 
increase as dimensions increases

• UCA estimator exhibits computational 
efficiency gains.

• UCA estimator exhibits sample 
efficiency. 

FD Verma
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Sample efficiency: A doubly robust and sample efficient estimation framework3


