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Data-driven decision making in online platforms

There are many auto-decision-makings in today’s online platforms
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These systems often have large action spaces
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Off-Policy Learning (OPL) for Large Action Spaces
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Standard Off-Policy Learning Setup

OPL aims to maximize the expected reward

max V(7)== Ep(a)mp(a|z)2(T, a)]

expected reward function:  (f (33 , CL) — E[r ’ Z, CL]

Using only the historical logged data collected by a logging policy

D := {(CIZ’@,CLZ’,T’@)} ~ 10




Baseline: The Regression-based Approach

To deal with the unknown g function,
we often apply the regression-based approach

The Regression-based Approach

| 1 (a=argmaxy go(z,a"))
mola| @) := { 0 (otherwise) f

. R 9 estimated (feasible)
where 0 = argminy E i(ri — gy (567;, az)) reward function

However, this approach is sensitive to reward modeling bias



The Policy-based Approach

The policy-based approach estimates the policy gradient from
the logged data and updates the policy parameters via gradient ascent

The Policy-based Approach

6)15_|_1 <— 6)15 —+ UVQV (7'('9)

learning rate policy gradient

where the policy gradient is given as follows (via the log-derivative trick)

VoV (10) := Epz)ry(ala)a(T, a) Vg log mg(al|x)]



Baselines: The policy-based Approach

True PG: VoV (779) F= Ep(a:)we (a|x) [Q(xa a)ve log o (CL‘.CE)]

IPS Policy Gradient (IPS-PG)

n

= 1 o (@5 | 5
VoVips (me;D) == (a; Z)mvg log g (a; | ;)
n = mo (a; | i)
vanilla importance weighting D ~ o

However, this approach suffers from the variance issue
particularly for large action spaces



POTEC: A New Two-Stage OPL Algorithm

Action Clustering 1st-Stage Policy 2nd-Stage Policy
@ : action : cluster C r~ ﬂ'éSt( I .CL’) a ’/Tind( ‘ Z, (')
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e 1st-stage policy: to identify promising action clusters via policy-based
15t (C | :E) which should have much lower variance than typical IPS

e 2nd-stage policy: reg-based learning of promising actions within

Wi”d(a |z, ¢) each action cluster, easier than typical reg-based method



POTEC: A New Two-Stage OPL Algorithm

POTEC still aims to solve the same OPL problem

OPL aims to maximize the expected reward

max V
0,9

(ﬂ-g;uqbera’ll) .= (x),n.overall(a|x) [g(x, a)]

However, we decompose the overall policy and train two policies differently
1 2
ng;rall a\az § :7_‘_315 C‘QZ‘ ¢nd(a‘$76>

policy-based reg-based



Policy-based Learning of the 1st-stage Policy

First, consider how to train the 1st-stage policy given a 2nd-stage policy

Policy-based training of the 1st-stage

6)75_|_1 < 6’t —+ UVQV (Trggvgbe?“all)

we aim to improve the overall policy

the true policy gradient in this case is given as follows:

2nd

VoV (ng’(;"“a”) = Ep(z)nlst (cfa) [q”aﬁ (z,c)Vglog w5 (c | az)}



A policy gradient estimator for the 1st-stage policy

The POTEC gradient estimator

a pre-trained
regression model

A
overall

VoV pocem(mgs )
st /

1 CCL' ,CEQ: A ;
= _Z{ 157 (o : )("“z' — f(z4,a;)) Ve logmg® (c; | ;)
2nd

_I_Eﬂ.ést (Clxz) |:f77¢

(24, ¢) Ve log 5t (c | xz)} }

e substantially lower variance due to cluster importance weighting

o variance reduction will be larger with a smaller cluster space

e can optimize the regression model to minimize the bias



Pairwise Regression to Minimize the Bias

To minimize the bias, we suggest performing pairwise regression

min Y (0= = o, a) — ol b))

(:B,a,b,’l“a ,’r'b) S parameterized regression model

where the pairwise dataset is defined as:

R p— ('CUCMG’?’ra)a (ZCb,b, Tb) cD }
Prair = {(w’a’b’ FarTo) | 4 = Ty = Tp,c(x,a) = c(z,b)



(Pairwise) Reg-based Learning of the 2nd-stage Policy

How should we then train the 2nd-stage policy?

Given that 2nd-stage policy aims to identify the best action given
a cluster, we can simply use the pre-trained pairwise regressor here

ond )1 (a=argmaxg.c, —c f¢(az, a))
T (a] @) _{ 0 (otherwise)

e This is more robust to bias than the typical reg-based approach
e If local correctness is true, this 2nd-stage policy will be optimal



Synthetic Experiment Results
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Our POTEC algorithm is more sample-efficient and
robust to growing action spaces than existing methods

*we observed similar trends in the real-world experiment as well



