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Abstract

▶ We are interested in finding the optimal treatment recommendation policy that
maximizes the reward with respect to the control recommendation policy for each
user

▶ known as the Individual Treatment Effect(ITE)
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Definition and notation
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Definition and notation

▶ pj ∼ πx(.|uj) : a probability for the user ui to be exposed to the recommendation
of product pj

▶ rij ∼ r(.|ui, pj) : the true reward for recommending product pj to user ui
▶ yij = rijπx(pj|uj) : the observed reward for the pair i,j of user-product according to

the logging policy πx
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Definition and notation

▶ Rπx =
∑

i,j rijπx(pj, ui)p(ui) =
∑

i,j yi,jp(ui) =
∑

i,j Rij : the reward associated
with a policy πx

▶ ITEπx
ij = Rπx

ij − Rπc
ij : Individual treatment effect

▶ π∗ = arg maxπx ITEπx where ITEπx =
∑

i,j ITEπx
ij

Lemma.1 ) For any control policy πc, the best incremental policy π∗ is the policy that
shows deterministically to each user the product with the highest associated reward.
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Inverse Propensity Scoring

▶ In order to find the optimal policy pi∗, we need to find for each user ui the
product with the highest personalized reward ri∗.

▶ In practice, we do not observe directly rij but yij ∼ rijπx(pj|uj)

▶ (IPS) Predict unobserved reward r̂ij ≈
yij

πc(pj, ui)
▶ Products with low probability under the logging policy πc will tend to have higher

predicted reward.
▶ One potential solution is then to use the biased data from the current πc and

learn to predict the outcomes under a randomized policy.
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Inverse Propensity Scoring

▶ But Using uniform exposure recommendations( denoted as πrand) is impossible in
practice due to the resulting low recommendation quality.

▶ The proposed method will use randomized policy and control recommendation
policy together.
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The proposed method

▶ We assume the existence of two training samples
Sc = {(ui, pc

j , yc
ij)}

Mc
i=1 : very large sample of exposed users with outcomes

collected with the control recommendation policy
St = {(ui, pt

j , yt
ij)}

Mt
i=1 : much smaller sample of exposed users with outcomes

collected with the fully randomized recommendation policy
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The proposed method

▶ The authors assume that both the expected factual control and treatment rewards
can be approximated as linear predictors over the fixed user representation ui

▶ yc
ij ≈< θc

j , ui >

▶ yt
ij ≈< θt

j , ui >

where θc
j , θ

t
j are the control/treatment vectorial representations of product j.
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The proposed method

▶ ltij = L(< θt
j , ui >, yt

ij) + Ω(θt
j )

where L is an arbitrary loss function and Ω(.) is a regularization term over the
weights of the model. Switching to matrix notation,

Lt =
∑

(i,j,yij)∈St

ltij = L(UΘt,Yt) + Ω(Θt)

▶ Using same way
Lc = L(UΘc,Yc) + Ω(Θc) + Ω(Θt −Θc)

▶ Lprod
CausE = L(UΘt,Yt) + Ω(Θt) + Lc = L(UΘc,Yc) + Ω(Θc) + Ω(Θt −Θc)

▶ LCausE = L(ΓtΘt,Yt) + Ω(Γt,Θt) + Lc = L(ΓcΘc,Yc) + Ω(Γc,Θc) + Ω(Θt −Θc)
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Algorithm
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Experiments

1. MovieLens10M
- 71567 unique users, 10677 unique products.

2. Netflix
- 480189 unique users, 17770 unique products.
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Experiments


