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Two Reference Papers

• Estimating Causal effects using Weighting-based Estimators. (2020)

• Idea of mSBD

• Double/Debiased Machine Learning for Treatment and Structural 
Parameters. (2018)

• Idea of Double Machine Learning 
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Recap: Classic BD estimators
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For correct estimation Nuisance functional should be correctly estimated .

Estimates for nuisance converges at 𝑜3(𝑁45/7).For 𝑁-consistency 
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Recent advance: DML estimator
Z

YX

Backdoor graph
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Double Machine Learning Estimator 
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For correct estimation 

For 𝑁-consistency 

Representation of 𝑄

Estimator 𝑄
̂
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are done with two distinct sets of 
samples (“Cross fitting”)

Either one of two nuisances should be correctly 
estimated.

Estimates for nuisance converges at 𝑜3(𝑁45/8).

(“Doubly robustness”)

(“Debiasedness”)



Preliminary — DML estimator (Chernozhukov, 2016) 

Debiasedness
A DML estimator is 𝑁-consistent whenever 𝜂

̂

converges to true nuisance at 𝑁"#/% rate. 
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Neyman orthogonal score 𝜙
For the target estimand 𝜓 (e.g., 𝜓 = 𝑃(𝑦|𝑑𝑜(𝑥))) 
and nuisances 𝜂 (e.g., 𝜂 = {𝑃(𝑦|𝑥, 𝑧), 𝑃(𝑥|𝑧)}),  a 
function 𝜙(𝐕;𝜓, 𝜂) is called a Neyman orthogonal 
score if 

2. (Orthogonality) (𝜕/𝜕𝜂)𝔼, 𝜙(𝐕;𝜓, 𝜂) |-$-* = 0.

1. (Moment condition) 𝔼, 𝜙(𝐕;𝜓, 𝜂.) = 0 where 𝜂.
is a true nuisance, and 

DML estimator
An estimator for 𝜓 that is composed of 𝜂

̂
, 

such that  

2. (Cross-fitting) training and evaluating 𝜂
̂

is 
done with two distinct sets of samples. 

1. (Neyman orthogonal score) the estimand 
is based on Neyman orthogonal score; and 



Problem Setup
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X Y

Graph G

𝑃(𝐯)

Samples 𝐷 from joint 
distribution 𝑃(𝐯)

Query (𝑄) = 𝑃(𝑦|𝑑𝑜(𝑥))
8

Research question

Construct a DML estimator 𝑄
̂

that is
• robust against model 

misspecification (doubly robust) and
slow convergence (debiased); and 

• working for any identifiable causal 
functional. (Complete)



Our Approach for marrying DML + 
Identification (DML-ID)

Result 0. (mSBD)

Result 1. (DML-ID)

• Derive the Neyman orthogonal score when there are no unmeasured confounders b/w 
(X, Y) (called multi-outcome sequential back-door (mSBD)).

• Represent any identifiable causal estimand Q=F(P) as an arithmetic (multiplication, 
ratio, marginalization) of mSBDs. 

• Derive the Neyman orthogonal score for any arbitrary causal functional in a form of an 
arithmetic of scores of mSBDs. 

Result 2. (DML estimator)
• Construct a DML estimator working for any identifiable causal functional. 
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Multi-outcome Sequential BD (mSBD) Criterion



mSBD - Example



Result 0. mSBD — Notion
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(Informal) Multi-outcome 
Sequential Back-door (mSBD)

𝐙 = {𝐙5, ⋯ , 𝐙9} satisfies mSBD criterion relative to 
{𝐗, 𝐘} if non-causal path b/w 𝑋& ∈ 𝐗 and 𝐘& ∈ 𝐘 are 
blocked by 𝐙! conditioned on {𝐗(:45), 𝐘(:45), 𝐙(:45)}. 

(Implication): No unmeasured confounders b/w 𝐗 and 𝐘.

mSBD adjustment

𝑃(𝐲|𝑑𝑜(𝐱)) = ∑
𝐳

∏
𝐕"∈{𝐘,𝐙}

𝑃(𝐯&|𝐯(&"#)),

• for 𝐕# = 𝐘# ,𝐕(#/%) = {𝐗(#), 𝐙(#), 𝐘(#/%)}; and 
• for 𝐕# = 𝐙# , 𝐕(#/%) = {𝐘(#/%), 𝐗(#/%), 𝐙(#/%)}.

Z

YX

𝑃(𝑦|𝑑𝑜(𝑥)) = ∑
1
𝑃(𝑦|𝑥, 𝑧)𝑃(𝑧)



Result 0. mSBD — Neyman Orthogonal 
score & DML estimator
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Neyman orthogonal score for mSBD 
𝜙(𝐕;𝜓, 𝜂) = ∑

#$%

0
𝑊# 𝐻#1% −𝐻# , 

where

𝐻# = 𝑃𝐱(𝐲3#/%|𝐙(#/%), 𝐲(#/4)) and

𝑊# = ∏
+$%

# 𝐼,!(𝑋+)
𝑃(𝑥+|𝐙(+), 𝐱(+-%), 𝐲(+-%))

DML estimator for mSBD
An estimator based on the above Neyman
orthogonal score with cross-fitting is a DML 
estimator that is  

• (Doubly robust) consistent whenever nuisances 𝐻# or 𝑊!
are correctly estimated; and  

• (Debiased) 𝑁-consistent whenever nuisances 𝐻# and 
𝑊! converges at 𝑁/%/6 rate. 



Our Approach for marrying DML + 
Identification (DML-ID)

Result 0. (mSBD)

Result 1. (DML-ID)

• Derive the Neyman orthogonal score when there are no unmeasured confounders b/w 
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C-component & C-factor

• C-component 𝐂: A set of variables s.t.
connected by bidirected path.

• C-factor 𝑄[𝐂]: A interventional distribution 
of 𝐂 under the intervention 𝐕\𝐂; i.e., 𝑄[𝐂]
≡ 𝑃(𝐂|𝑑𝑜(𝐕\𝐂))

Complete ID algorithm (Tian and Pearl, 2003). 

Result 1. Revisit ID algorithm

• A causal functional 𝑃(𝐲|𝑑𝑜(𝐱)) is identifiable 
if and only if it is represented as an arithmetic of 
C-factors (Tian and Pearl, 2003, Huang and Valtorta 2006).

• ID algorithm recursively identifies C-factors.

ID algorithm
Q = P(y|do(x))

G Q = A(Q[C1],Q[C2],…)

Arithmetic function

C-factors in (G,P)

15



Revisit ID algorithm
W

R

X Y

Graph G



Revisit ID algorithm



Revisit ID algorithm









Result 1. DML-ID—Mechanism
Lemma: C-factor as mSBD

C-factors in (G,P) is given by mSBD adjustment. 

ID algorithm
Q = P(y|do(x))

G Q = A(Q[C1],Q[C2],…)

Arithmetic function

C-factors in (G,P)

DML-ID
Q = P(y|do(x))

G Q = A(M[C1],M[C2],…)

Arithmetic function

mSBD adjustment 
for C-factors in (G,P)

W

R

X Y

∑!𝑄[𝑊, 𝑋, 𝑌]
∑!,#𝑄[𝑊, 𝑋, 𝑌] =

∑!𝑃(𝑥, 𝑦|𝑟, 𝑤)𝑃(𝑤)
∑!𝑃(𝑥|𝑟, 𝑤)𝑃(𝑤)

𝑃(𝑦|𝑑𝑜(𝑥))

ID algo. Q = 

W

R

X Y

𝑀[(𝑥, 𝑦)|𝑟;𝑤]
𝑀[𝑥|𝑟;𝑤]

=
∑<𝑃(𝑥, 𝑦|𝑟, 𝑤)𝑃(𝑤)
∑<𝑃(𝑥|𝑟, 𝑤)𝑃(𝑤)

𝑃(𝑦|𝑑𝑜(𝑥))

DML-ID Q = 

mSBD adjustment of 𝑃(𝑥, 𝑦|𝑟, 𝑤) over W 16



Result 1. Derivation of Neyman Orthogonal 
Score 

Thm. 2: Derivation of Neyman Orthogonal score 
Given representation of Q = A(M[C1],M[C2],…,M[Cd]), a 
Neyman orthogonal score is given as 

∑
!"#

$
𝜙%*

𝜕
𝜕𝑀!

𝐴 𝑀[𝐂#],⋯ ,𝑀[𝐂$]
Neyman orthogonal score for the 

mSBD adjustment Mi=M[Ci]

DML-ID
Q = P(y|do(x))

G Q = A(M[C1],M[C2],…)

Arithmetic function

mSBD adjustments

Score

Neyman orthogonal score
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Our Approach for marrying DML + 
Identification (DML-ID)

Result 0. (mSBD)

Result 1. (DML-ID)

• Derive the Neyman orthogonal score when there are no unmeasured confounders b/w 
(X, Y) (called multi-outcome sequential back-door (mSBD)).

• Represent any identifiable causal estimand Q=F(P) as an arithmetic (multiplication, 
ratio, marginalization) of mSBDs. 

• Derive the Neyman orthogonal score for any arbitrary causal functional in a form of an 
arithmetic of scores of mSBDs. 

Result 2. (DML estimator)
• Construct a DML estimator working for any identifiable causal functional. 
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Result 2 — DML Estimator
Properties

A proposed estimator is  
• robust against model misspecification (doubly 

robust) and slow convergence (debiased); and 
• working for any identifiable causal functional. 

(Complete)

DML-ID
Q = P(y|do(x))

G Q = A(M[C1],M[C2],…)

Arithmetic function

mSBD adjustment 
for C-factors in (G,P)

Score DML 
Estimator
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(𝑇! + 𝑇")/2

Construction of the DML estimator
• Let {𝐷$, 𝐷%} denote the randomly split halves of 

the dataset 𝐷. Let 𝜂
̂
7 denote the estimate of 𝜂

from 𝐷! for 𝑘 ∈ {0,1}. 
• Let 𝑇& denote the solution satisfying 

𝔼8. 𝜙(𝐕; 𝜂
̂
%/7 , 𝑇7) = 0 where 𝑁 ≡ |𝐷|, and 

𝔼". denote the empirical expectation over 𝐷! . 

• 𝑇 ≡ (𝑇. + 𝑇%)/2 is a DML estimator. 





Result 2 — Empirical evidence

20

W

R

X Y

𝑃(𝑦|𝑑𝑜(𝑥)) =
∑9𝑃(𝑥, 𝑦|𝑟, 𝑤)𝑃(𝑤)
∑9𝑃(𝑥|𝑟, 𝑤)𝑃(𝑤)

• Doubly robustness — Correctly estimate 
𝑃(𝑦|𝑑𝑜(𝑥)) if 𝜂/ = 𝑃(𝑥, 𝑦|𝑟, 𝑤) or 𝜂0
= 𝑃(𝑟|𝑤) are correctly estimated. 

• Debiasedness — 𝑁-consistent if 
𝑃(𝑥, 𝑦|𝑟, 𝑤) and 𝑃(𝑟|𝑤) converges at 
𝑁1//2 rate.

𝑃
̂
(𝑥, 𝑦|𝑟, 𝑤), 𝑃

̂
(𝑟|𝑤) converges to true 

𝑃(𝑥, 𝑦|𝑟, 𝑤), 𝑃(𝑟|𝑤) at a rate 𝑁-%/0
𝑃(𝑥, 𝑦|𝑟, 𝑤) misspecified. 𝑃(𝑟|𝑤) misspecified. 

Debiasedness Doubly robustness

Plug-in estimator 

DML estimator 



Conclusion
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• Result 1 — We develop a systematic procedure for deriving Neyman
orthogonal score for estimands of any identifiable causal effects.

• Result 2 — We develop DML estimators for any identifiable causal effect, which
enjoy debiasedness and doubly robustness against model misspecification and
bias.

Q = P(y|do(x))

G DML-ID Q = A(M[C1],M[C2],…)

Arithmetic function

mSBD adjustment 
for C-factors in (G,P)

Scor
e 𝑄

̂DML 
estimator



Homework

• Describe what is the input, utilized tools and output for each step of the 
two-step learning causal effect procedure for the given causal graph and 
query.

P(y|do(x))



Thank you for listening!


