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Related Work

Here, we review the nonlinear |V methods we compare in experiments:

o Kernel IV (KIV):

e Two stage regression where feature maps are in RKHS.
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P rel imingaries where 1), ¢ are adaptive feature maps parameterized by 6y, 6. ® Use the moment condition of I [Y" = fytruet(X)]2) =0

: _ e Estimate fiuct by solving a minimax objective with deep nets.
Problem Settings e Solve two-stage regression with fixed 0,0, st

e Consider the additive confounding € between treatment X and outcome Y . V@X,@z _ {%X(X)C%TZ(Z)] (E [QS@Z(Z)Qb;_X(Z)} N )\1])—1 Application to R L

Y = finet(X) +¢&, Elgf=0 Elg|X]#0 fioy s = (]E [qu@Z(Z)qbgTZ(Z)VT} N )\2[)‘1]53 [YV¢€Z(Z>} Off-policy Policy Evaluation and IV method
Regression causes bias since fiu(X) # E[Y|X] e Update parameter 0. 0 In policy evaluation, we are interested in Q-value:

Abstract

e Consider Instrumental Variable (IV) method to correct additive confounding bias.

Proposed Method

Proposed Method: Deep Feature Instrumental Variable (DFIV)
e Develop a novel method that can learn a complex structural function using neural networks. e Model

e Observe the superiority of the proposed method in empirical studies.

ee
e |nstrumental variable Z that satisfies e 0, — 0, — Oévezﬁstagel(vex,ez), Ox < O0x — aVg, Lsager(Up, 0, ‘A/'gXﬁZ) Q"(s,a) =K ZVtTt So = S,a0=aj,
® The conditional distribution P(X|Z) is not constant in Z e a e 1 o o | t=0 i
e Ele|Z] =0 where which is a minimizer of Bellman loss
. | | ) ) A 2
Flgure 1: Causal Graph Lstagel(‘/éx,92> — IEC’X,Z {H/QDQX(X) — %X,92¢92<Z>H2} + AlH‘/@XﬁZHQ LBellman — ES,GJ?r [(T + V]ES’NP(-|S,a),a’N7T(-|S’) [QW(Sla CL/)] T QW<S7 CL)) ] y
Instrumental variable can correct the additive confounding bias Lavager(t0.0, Vi o) = By 2[I1Y = )5 Voo 1,00, (Z)]7] + Mol ttg s, | |
A~ 2 .
Examp|es .............................................................................. e Repeat updating (4, V) and (6. 6,) Corresponds to IV method loss £ — Ey [(Y _E[£(X)|2]) } with
Consider you are evaluating the effect of a new tutoring program \ X =(s,d,5a),Y =r,Z=(s,a), farut(X) = Q"(s,a) — yQ" (s, a)
ote:
e [reatment X: Participation in the tutoring program . : - :
e (4, V) are functions of (Ax,0,) and can be backproped. IV methods can be applied to policy evaluation

e Qutcome Y: Marks made in the exam
e Preferable to update 8, more frequently than fx.

Off-policy Policy Evaluation Experiments

— One’s motivation can be the confounder

o Instrumental Z: Proximity of the student's dorm to the tutoring - Causal Ex pe riments
Two Stage Regression Method

e [est on three environments: catch, mountain car, and cartpole

Proposition 1 [Newey & Powell (2013)] Experiment based on dSprite dataset [Mattheyet al., 2017] e Replace the action by a random action with probability p € [0, 0.5]
Und arit o " e Image dataset generated by four latent parameters {scale, rotation, posX, posY } e Evaluate Q-value for trained DQN policies [Mnih et al., 2015]
nder regularity conditions, we have _ _ _ _ _
® d e Treatment X is the image generated (with Gaussian noise) .
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where 9, ¢ are static feature maps and u, V are the parameters. | o0t oa 0s 0a s doonalandads do o o o o
o (Stage 1 Regression) Learn V' by minimizing 0 100 : Noise Level
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e (Stage 2 Regression) Learn @ by minimizing 20 8 = = eeoGHM Performs best among |V methods, Comparable to the SOTA OPE method
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e Difficult to determine basis functions for images, words, ... Figure 2: dSprite Image Figure 3: Result of dSprite Experiment Human-levelcontrol through deep reinforcement learning. Nature 2015.
Proposed method learns features adaptive|y Performs best among nonlinear IV methods e L. Matthey, |. Higgins, D. Hassabis, and A. Lerchner. dSprites: Disentanglement testingsprites dataset, 2017.
URL:https://github.com/deepmind/dsprites-dataset/.
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