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Abstract
• Consider Instrumental Variable (IV) method to correct additive confounding bias.
• Develop a novel method that can learn a complex structural function using neural networks.
• Observe the superiority of the proposed method in empirical studies.

Preliminaries
Problem Settings
• Consider the additive confounding ε between treatment X and outcome Y .

Y = fstruct(X) + ε, E [ε] = 0 E [ε|X ] 6= 0

Regression causes bias since fstruct(X) 6= E [Y |X ]

• Instrumental variable Z that satisfies
• The conditional distribution P (X|Z) is not constant in Z
• E [ε|Z] = 0.
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Figure 1: Causal Graph

Instrumental variable can correct the additive confounding bias
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Examples
Consider you are evaluating the effect of a new tutoring program
• Treatment X : Participation in the tutoring program
• Outcome Y : Marks made in the exam

→ One’s motivation can be the confounder
• Instrumental Z: Proximity of the student’s dorm to the tutoring. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

Two Stage Regression Method
Proposition 1 [Newey & Powell (2013)]
Under regularity conditions, we have

fstruct = arg min
f

EY Z
[
(Y − EX|Z

[
f (X))2

]]
Two-stage regression [Newey & Powell (2003); Singh et al. (2019)]
• Model

fstruct(x) = u>ψ(x) and EX|z [ψ(X)] = V φ(z),

where ψ,φ are static feature maps and u,V are the parameters.
• (Stage 1 Regression) Learn V̂ by minimizing

Lstage1(V ) = EX,Z
[
‖ψ(X)− V φ(Z)‖2

]
+ λ1‖V ‖2

• (Stage 2 Regression) Learn û by minimizing
Lstage2(u) = EY,Z[‖Y − u>V̂ φ(Z)

' E[f (X)|Z]
‖2] + λ2‖u‖2

, Has closed-form solution, Consistency Proof, Sample Efficient
/ Limited flexibility
• Difficult to determine basis functions for images, words, ...

Proposed method learns features adaptively

Proposed Method
Proposed Method: Deep Feature Instrumental Variable (DFIV)
• Model

fstruct(x) = u>ψθX(x) and EX|z [ψθX(X)] = V φθZ(z),

where ψ,φ are adaptive feature maps parameterized by θX, θZ.
• Solve two-stage regression with fixed θX, θZ

V̂θX ,θZ = E
[
ψθX(X)φ>θZ(Z)

] (
E
[
φθZ(Z)φ>θX(Z)

]
+ λ1I

)−1

ûθX ,θZ =
(
E
[
V̂ φθZ(Z)φ>θZ(Z)V̂ >

]
+ λ2I

)−1
E
[
Y V̂ φθZ(Z)

]
• Update parameter θX, θZ

θZ ← θZ − α∇θZLstage1(V̂θX ,θZ), θX ← θX − α∇θXLstage2(ûθX ,θZ, V̂θX ,θZ)

where
Lstage1(V̂θX ,θZ) = EX,Z

[
‖ψθX(X)− V̂θX ,θZφθZ(Z)‖2

]
+ λ1‖V̂θX ,θZ‖2

Lstage2(ûθX ,θZ, V̂θX ,θZ) = EY,Z[‖Y − û>θX ,θZV̂θX ,θZφθZ(Z)‖2] + λ2‖ûθX ,θZ‖2

• Repeat updating (û, V̂ ) and (θX, θZ)

Note:
• (û, V̂ ) are functions of (θX, θZ) and can be backproped.
• Preferable to update θZ more frequently than θX.

Causal Experiments
Experiment based on dSprite dataset [Mattheyet al., 2017]
• Image dataset generated by four latent parameters {scale, rotation, posX, posY}
• Treatment X is the image generated (with Gaussian noise)
• Outcome Y is

Y = ‖AX‖
2
2 − 5000

1000︸ ︷︷ ︸
Structural function

+ 32(posY− 0.5) + ε︸ ︷︷ ︸
Additive confounding

, ε ∼ N (0, 0.5),

where A is random matrix.
• Instrumental Z = (scale, rotation, posX)
. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

Figure 2: dSprite Image
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Figure 3: Result of dSprite Experiment

Performs best among nonlinear IV methods

Related Work
Here, we review the nonlinear IV methods we compare in experiments:
• Kernel IV (KIV):
• Two stage regression where feature maps are in RKHS.
• DeepGMM
• Use the moment condition of E [Y − fstruct(X)|Z] = 0
• Estimate fstruct by solving a minimax objective with deep nets.

Application to RL
Off-policy Policy Evaluation and IV method
In policy evaluation, we are interested in Q-value:

Qπ(s, a) = E
[ ∞∑
t=0

γtrt

∣∣∣∣∣s0 = s, a0 = a

]
,

which is a minimizer of Bellman loss
LBellman = Es,a,r

[(
r + γEs′∼P (·|s,a),a′∼π(·|s′) [Qπ(s′, a′)]−Qπ(s, a)

)2
]
.

Corresponds to IV method loss L = EY Z
[
(Y − E [f (X)|Z])2

]
with

X = (s′, a′, s, a), Y = r, Z = (s, a), fstruct(X) = Qπ(s, a)− γQπ(s′, a′)

IV methods can be applied to policy evaluation
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Off-policy Policy Evaluation Experiments
• Test on three environments: catch, mountain car, and cartpole
• Replace the action by a random action with probability p ∈ [0, 0.5]
• Evaluate Q-value for trained DQN policies [Mnih et al., 2015]

0.0 0.1 0.2 0.3 0.4 0.5

10 1

1

10

Ab
so

lu
te

 E
rro

r

cartpole

Algorithm
DeepGMM
FQE
KIV
DFIV

0.0 0.1 0.2 0.3 0.4 0.5

10 4

10 3

10 2

10 1

catch

0.0 0.1 0.2 0.3 0.4 0.5
Noise Level

10 1

1

10

mountain_car

Figure 4: Result of OPE Experiments

Performs best among IV methods, Comparable to the SOTA OPE method
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