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ABSTRACT

KEYWORDS

Many real-world recommender systems need to be highly scalable:
matching millions of items with billions of users, with milliseconds
latency. The scalability requirement has led to widely used two-stage
recommender systems, consisting of efficient candidate generation
model(s) in the first stage and a more powerful ranking model in
the second stage.
Logged user feedback, e.g., user clicks or dwell time, are often
used to build both candidate generation and ranking models for
recommender systems. While it’s easy to collect large amount of
such data, they are inherently biased because the feedback can
only be observed on items recommended by the previous systems.
Recently, off-policy correction on such biases have attracted increasing interest in the field of recommender system research. However,
most existing work either assumed that the recommender system
is a single-stage system or only studied how to apply off-policy
correction to the candidate generation stage of the system without
explicitly considering the interactions between the two stages.
In this work, we propose a two-stage off-policy policy gradient method, and showcase that ignoring the interaction between
the two stages leads to a sub-optimal policy in two-stage recommender systems. The proposed method explicitly takes into account
the ranking model when training the candidate generation model,
which helps improve the performance of the whole system. We
conduct experiments on real-world datasets with large item space
and demonstrate the effectiveness of our proposed method.

Recommender Systems, Off-policy Learning, Two-stage Systems,
Neural Networks

CCS CONCEPTS
• Information systems → Recommender systems; • Computing methodologies → Neural networks; • Theory of computation → Reinforcement learning.
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1

INTRODUCTION

With the explosive growth of online content, recommender systems
are heavily relied on to help users quickly discover the small fraction of content matching their interests. Industrial recommender
systems are tasked with connecting billions of users to millions
or billions of items, and delivering recommendations within milliseconds. To be able to serve user highly personalized content
within the latency requirement, a two-stage approach (see Figure 1)
is widely used [4, 9, 12]. In the first stage, one or multiple efficient
candidate generation model(s) are used to produce a candidate set
that contains hundreds or thousands of items from the whole item
space. In the second stage, a more powerful ranking model re-ranks
the candidate items and recommends the top few items to the user.
The candidate generation models and the ranking model are often trained independently with logged implicit feedback data (e.g.,
user clicks or dwell time) generated by previous versions of the
recommender system. However, such data are inherently biased
because feedback can only be observed on items recommended by
the previous systems, i.e., different from the standard supervised
learning setup, we only have partial label information. Training
new recommender systems with the biased data may lead to the
“rich gets richer” problem [13]. In this work, we investigate how
to correct such biases with off-policy learning under the practical
two-stage recommender system setting.
Off-policy learning mitigates the bias caused by observing only
partial feedback in interactive systems. It corrects the biases caused
by the discrepancy between the system being trained, which is
called target policy, and the system that generated the logged implicit feedback data, which is called behavior policy. There has been
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Figure 1: A two-stage recommender system that serves users highly personalized content within the strict latency. It consists
of an efficient candidate generation model in the first stage and a more powerful ranking model in the second stage.
a large body of literature studying off-policy learning (a.k.a. offpolicy correction) in both contextual bandit [11, 18] and reinforcement learning settings [24, 37]. One of the most common off-policy
correction methods is Inverse Propensity Scoring (IPS) [15]. IPS assigns per-example importance weight, which is the probability ratio
between the target policy and the behavior policy, to the empirical
training objective over the logged data, so that the corrected objective is provably unbiased. Off-policy learning has been successfully
applied to various applications including search engines [1, 18] and
online advertisements [30].
Off-policy correction has attracted increasing interest in recommender system research in recent years [7, 14, 33]. Most existing works either assumed that the recommender system is singlestage [33], or applied off-policy correction to the candidate generation model (of the two-stage recommender system) without
explicitly considering the ranking model [7]. Ignoring the interaction between the two stages causes sample inefficiency when
learning the candidate generation policy. In the worse case, it introduces bias and results in learning a sub-optimal whole-system
policy (when the ranking policy in the previous system that generated the training data is different from the ranking policy to be
used in the current system).
To fill in the gap, we propose an efficient two-stage off-policy
policy gradient method that explicitly takes the ranker model into
consideration while training the candidate generation model. We
first formulate the target policy of the two-stage recommender
system as the composition of candidate generation policy and the
ranker policy. We then derive the importance weight of the IPSbased off-policy correction for the candidate generation model.
Unfortunately, the exact calculation of the importance weight of a
sample in the logged data has a prohibitively large time complexity
of O (mk ), where m is the size of the item space and k is the candidate
set size. To make the problem tractable, we propose an efficient
Monte Carlo approximation algorithm by making a mild assumption
about the candidate generation model.
Finally, we conduct experiments on MovieLens and Wiki10-31K,
an extreme multi-label classification dataset, where we can generate
semi-synthetic online data using simulators or supervised-to-bandit
conversion. Empirical results show that our proposed method improves the performance of the two-stage system significantly.

2 RELATED WORK
2.1 Two-stage Recommender Systems
Two-stage recommender systems with candidate generation followed by ranking has been widely adopted in industry, including
YouTube [9, 40, 42], Linkedin [4], Pinterest [12]. The two-stage setup
makes it possible to recommend highly personalized items from a
huge item space in real-time. There is still a lot of ongoing effort
to improve both the efficiency [19, 40] and the recommendation
quality [7, 42] following this general approach. This work mainly
focuses on the latter goal. Perhaps the closest work to ours is Chen
et al. [7], which shares with this work the goal of improving quality
of the candidate generation model by correcting the system biases
in the logged implicit feedback data. But we emphasize more on
the optimization of the performance of the entire system by taking
into account the ranking stage explicitly.

2.2

Reinforcement Learning

This work formulates the recommendation problem as a reinforcement learning problem. There are two major families of model-free
reinforcement learning approaches, namely value-based approaches
and policy-based approaches. Value-based approaches such as Qlearning [23, 28], typically use a function approximator (e.g., a neural network) to represent the state-action value function, and then
derive the optimal policy by choosing the action that maximizes
the value function. The policy-based approaches such as policy gradients [21, 27], instead parameterise the policy directly and learn
the policy to maximize expected long-term reward. As summarized
by Chen et al. [7], value-based approaches suffer from instability
with function approximations [31] compared with policy-based approaches, and extensive hyper-parameter search is often required
for value-based approaches to achieve stable behavior. We therefore
also focus on the policy-based approach for our recommendation
problem.

2.3

Bandit Learning in Web Applications

This work is also related to the research of contextual bandits [11,
20, 38], a special case of reinforcement learning with one-step decision making. Contextual bandits have been successfully used for
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modeling a lot of web applications such as personalized advertisement [5, 36], learning-to-rank [29], and personalized recommendations [22, 25, 35]. Many early works focus on the online learning
problem using well-known bandit algorithms, including variants
of the Upper Confidence Bounds [3, 8, 22] and Thompson Sampling [2, 6] approaches. These methods trade off exploration and
exploitation as they receive feedback on actions to quickly converge to a policy with minimum regrets. Recent works study the
off-policy learning problem in these settings [11, 32] with logged
implicit feedback data.

2.4

Off-policy Learning

Off-policy learning, referring to the setup of policy optimization
with access only to logged (batch) feedback data collected by a
different behavior policy, has been a popular research topic in both
reinforcement learning and contextual bandits [11, 17, 24, 26]. Unlike games, e.g. Atari or Go, for which we can easily build simulation
environments for on-policy learning, interactively gathering data
by running the target policy for many real-world applications is
expensive, risky, unethical, or even illegal [17]. For instance, in the
marketing domain, running a decision making policy that has not
been carefully evaluated could be risky and thus expensive. For
online web services, learning a policy in an online fashion could
cause both high computational cost and unreliable service quality.
In these scenarios, off-policy learning offers a general recipe for
policy optimization using historical data without interactive access
to a simulation environment. This is desirable for web service applications such as recommender systems or search engines, where
large amount of logged implicit feedback data are available, and
therefore has attracted an increasing research interest in these areas [7, 22, 32, 33]. While most previous works assumed the target
policy is a single end-to-end agent, this work tackles the problem
of off-policy learning in two-stage recommender systems, which
has not been well studied.

3

RECOMMENDATION AS A
REINFORCEMENT LEARNING PROBLEM

We begin with describing the setup of training the recommender
system as a reinforcement learning problem.
We first introduce the following notations of user-state and item
spaces for recommendation problems:
• S: a user-state space with each state describing a user accompanied with their contextual status, e.g., the time when
the recommendation is made, or the query text given by the
user;
• A: the set of all possible items;
Different users will surely have different states and the state of one
user evolves as he/she interacts with the recommender.
In the language of reinforcement learning, training a recommender system means that we are seeking a policy π (a|s), which
is a distribution over the items a ∈ A conditioned on the user state
s ∈ S. Such a policy aims to maximize the expected discounted
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cumulative reward over potentially infinite time horizon T ,
V (π ) = Es0 ∼ρ (s ),at ∼π (a |st ),st +1 ∼P (s |st ,at )

T
fX

g
γ t r (st , at ) ,

t =0

where ρ (s) is the initial distribution of user states, P (s |st , at ) is the
state transition probability, γ ∈ [0, 1) is a discounting factor, and
r (s, a) ∈ R : S × A → R
is the immediate reward obtained by performing an action a at the
user state s.
In this work, we assume the user-state distribution of the recommender system does not change over time. This leads to the special
case of one-step reinforcement learning (a.k.a. contextual bandit)
problem with T = 1, which seeks a policy π (a|s) optimizing
f
g
V (π ) = Es∼ρ (s ),a∼π (a |s ) r (s, a) .
(1)
For simplicity, we denote Es∼ρ (s ),a∼π (a |s ) by Eπ in the rest of the
paper.
There have been plenty of algorithms available to optimize
such reinforcement learning problems, including value-based methods [28] and policy-based methods [21, 27], as summarized in Section 2.2. In this work, we focus on the policy-gradient-based approach.
Assuming that the policy takes a function form πθ parameterized by θ ∈ Rd , the gradient of the value function w.r.t. θ can be
expressed as the following REINFORCE [39] gradient thanks to the
log-trick,
f
g
∇θ V (πθ ) = Eπθ r (s, a)∇θ log πθ (a|s) .
(2)

3.1

Off-policy Learning with Inverse
Propensity Scoring

Due to safety and infrastructure limitations, modern recommender
systems are usually trained offline with the logged user feedback
data [7, 9, 40, 42]. Here we apply off-policy learning methods to
correct the biases caused by the fact that the logged data is generated
by a historical behavior policy β, different from the target policy πθ
being trained.
One of the most widely used off-policy correction methods is
Inverse Propensity Scoring (IPS) [7, 15, 24, 26]. One can easily shows
that
g
f
g
f π (a|s)
V (πθ ) = Eπθ r (s, a) = Eβ θ
r (s, a) ,
β (a|s)
where the second equality is due to importance weighting and
πθ (a |s )
β (a |s ) is called an importance weight. Then the policy gradient in
Eq. (2) can be re-written as
f π (a|s)
g
∇θ V (πθ ) = Eβ θ
r (s, a)∇θ log πθ (a|s) .
β (a|s)
n generated
Suppose we have a logged dataset D = {(si , ai , r i )}i=1
by β, where si ∈ S, ai ∈ A, and r i ∈ R is the observed reward
for (si , ai ), for i = 1, ..., n. Then we can empirically estimate the
off-policy policy gradient as

∇θ V̂ (πθ ) =

n
1 X πθ (ai |si )
r i ∇θ log πθ (ai |si ).
n i=1 β (ai |si )

(3)
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Table 1: Notations.
Notation

Description

S
A
s
a
r (s, a)
Ak
π (a|s)
β (a|s)
p(Ak |s)
q(a|s, Ak )
V (π )
D
(si , ai , r i )

user-state space
item space
user state
item
reward function
candidate set with size k
target recommender policy
behavior recommender policy
candidate generation model
ranking model
value function
logged dataset
tuple of a logged sample

generation model in this work. Specifically, we assume that the ranking model has been well-trained and remains the same during the
training and serving of the candidate generation model, which is a
reasonable assumption in most industrial practices nowadays [9]. 1
We have seen that the target policy π of the whole system, which
is what we care about most at serving, is different from the candidate generation policy p. And the degree of difference depends
on the ranking model q. If p and q happen to have very different
preferences on the items to recommend, applying an off-policy correction with p/β as the importance weight will lead to a sub-optimal
solution. Next, we introduce the two-stage off-policy policy gradient
of the candidate generation model given the ranking model.

4.2

Two-stage Off-policy Policy Gradient for
the Candidate Generation Model

Assuming the candidate generation model takes the form pθ (Ak |s)
parameterized by θ ∈ Rdд , the target policy can be written as
X
πθ (a|s) =
pθ (Ak |s)q(a|s, Ak ).
(5)

Most existing work focused on the scenario where πθ is a singlestage model parameterized by a differentiable function where the
gradients are easy to calculate, e.g., a neural network [7]. In the
practical case of two-stage recommender systems, however, πθ
either is not differentiable or requires intractable computation cost
to calculate the gradients. Next, we will give the general formulation
of a two-stage recommender system and we list the most important
notations in Table 1.

OFF-POLICY LEARNING IN TWO-STAGE
RECOMMENDER SYSTEMS
4.1 Two-stage Recommender Systems

Ak

Plugging Eq. 5 into Eq. 3, the two-stage off-policy policy gradient
can then be written as
n
1 X πθ (ai |si )
∇θ V̂ (πθ ) =
r i ∇θ log πθ (ai |si )
n i=1 β (ai |si )
n
1 X ∇θ πθ (ai |si )
ri
n i=1 β (ai |si )
n P
1 X Ak q(ai |si , Ak )∇θ pθ (Ak |si )
ri .
=
n i=1
β (ai |si )

=

4

A typical two-stage recommender system [9, 42] is comprised of
one or multiple candidate generation models and a ranking model.
To simplify analysis, here we only consider the case of top-1 recommendation, i.e., the ranking model will deliver one final recommendation to the user and only a single candidate generation model is
employed. We also assume both the candidate generation model
and the ranking model produce stochastic policies [7].
Let Ak ⊆ A denote a set of items with size k. Given a user state
s ∈ S, the candidate generation model can be represented as a
probability over all possible candidate sets Ak conditioned on the
user state s: p(Ak |s); and the ranking model can be represented as
a probability over all items a conditioned on the user state s and a
candidate set Ak : q(a|s, Ak ). In practice, the final recommendation
given by the ranker always comes from the candidate set, i.e.,
q(a|s, Ak ) = 0, if a < Ak .

(4)

The target policy π of the two-stage recommender system can
be then decomposed as
X
π (a|s) =
p(Ak |s)q(a|s, Ak ).
Ak

In practice, the candidate generation model and the ranking
model are usually trained separately [7, 9, 42]. Following Chen
et al. [7], we focus on the off-policy correction of the candidate

The exact calculation of the policy gradient ∇θ V̂ (πθ ) needs to
iterate through all possible candidate sets with size k, which results
in a complexity O (|A|k ). As |A| is at millions or billions level, this
is not computationally feasible even for small k. Therefore, we next
seek an efficient approximation of this policy gradient.
4.2.1 Unbiased Approximation by Candidate Set Sampling. First
notice that the gradient of the target policy at the ith data point
can be written as
X
∇θ πθ (ai |si ) =
q(ai |si , Ak )∇θ pθ (Ak |si )
Ak

=

X

pθ (Ak |si )q(ai |si , Ak )∇θ log pθ (Ak |si )

Ak

f
g
= EAk ∼pθ (Ak |si ) q(ai |si , Ak )∇θ log pθ (Ak |si ) ,
where the second equality is due to the log-trick and the third
equality is by the definition of expectation.
Instead of iterating through all possible Ak , we can get an unbiased estimator of ∇θ πθ (ai |si ) by sampling Ak ∼ pθ (Ak |si ). However, recall that the ranker policy q(ai |si , Ak ) follows the constraint
of Eq. (4) by definition. Therefore, if a sampled Ak does not contain
the logged item ai , the corresponding gradient will be zero.
1 Note

that the ranking model can change between the data collection (in behavior
policy) and the training/serving of the candidate generation model (in target policy)
though. Without taking into account of interactions between the two stages will lead
to learning a sub-optimal candidate generation model.
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We further mitigate this inefficiency problem by making a sampling with replacement assumption on the candidate set generation.
Although in practice the candidate set is generated by sampling
without replacement, we note that this is a reasonable approximation when the item space is large. Indeed, Chen et al. [7] also
introduced this assumption in their top-k recommender.
4.2.2 Sampling with Replacement on Candidate Set Generation.
Assuming the candidate set is generated by sampling with replacement, then we have
pθ (Ak |s) =

k
Y
j=1

pθ (Akj |s).

(6)

Here we have reloaded the notation pθ to denote both the joint
probability of a candidate set and the marginal probability of each
item in the candidate set corresponding to the same candidate
generation model parameterized by θ . With this assumption, we
can re-write ∇θ πθ (ai |si ) as
X
∇θ πθ (ai |si ) =
pθ (Ak |si )q(ai |si , Ak )∇θ log pθ (Ak |si )
Ak

= pθ (ai |si )

Algorithm 1: Approximate the two-stage IPS loss
n , behavior
Input : The logged dataset D = {(si , ai , r i )}i=1
policy β (a|s), candidate set size k, candidate set
sample size T , ranking model q(a|s, Ak ), candidate
generation model pθ (a|s) (the right-hand side
notation of pθ in Eq. 6), item space size m = |A|.
Output : Approximation of the two-stage IPS loss J2-IPS (θ ).
1 J ← 0;
2 for i = 1, · · · , n do
3
Ji ← 0;
4
for j = 1, · · · , n do
5
p̃(a j |si ) ← stop_gradient(pθ (a j |si ));
6
end
7
8
9
10
11
12
13

X f
pθ (Ak −1 |si )q(ai |si , {ai } ∪ Ak −1 )·

14

Ak −1

15

g
∇θ log pθ (ai |si ) + ∇θ log pθ (Ak−1 |si )
f
= pθ (ai |si ) EAk −1 q(ai |si , {ai } ∪ Ak −1 )·

g
∇θ log pθ (ai |si ) + ∇θ log pθ (Ak−1 |si ) ,
(7)


where EAk −1 stands for EAk −1 ∼pθ (Ak −1 |si ) .
In this way, we can get non-zero gradient for any sampled candidate set Ak −1 .

16
17
18
19
20
21
22
23
24

4.3

p̃ (a |s )

ω (ai |si ) ← β (ai |si ) ;
i i
for t = 1, · · · , τ do
At ← {ai };
for v = 1, · · · , k − 1 do
Sample av ∼ p̃;
At ← At ∪ {av };
end
At ← unique(At );
lt ← 0;
for av ∈ At do
lt ← lt + log pθ (av |si );
end
Ji ← Ji + q(ai |s, At ) · lt ;
end
J ← J − r i · ω (ai |si ) · τ1 Ji ;
end
J ← n1 J ;
Return J ;

Variance Reduction Tricks

It is well-known [7, 32] that the off-policy policy gradient can have
π (a |s )
large variance due to large importance weights ω (s, a) = β (a |s ) .
Therefore we apply several common variance reduction tricks in
the IPS methods, including weight capping
(
)
ω̂c 1,c 2 (s, a) = max min{ω (s, a), c 1 }, c 2 ,
and self-normalized importance sampling
ω̂n (s, a) = 1 P
n

ω (s, a)
(s ′,a ′ )∼β

ω (s ′, a ′ )

,

where c 1 , c 2 are some constants and n is the logged dataset size.
To overcome the additional variance led by the sampling approximation (Eq. 7), we introduce a hyper-parameter α ∈ [0, 1)
down-weighting the gradient of the log-probability of the sampled
candidate set Ak −1 . That is, we replace the
∇θ log pθ (ai |si ) + ∇θ log pθ (Ak −1 |si )
in the last line of Eq. 7 by
∇θ log pθ (ai |si ) + α · ∇θ log pθ (Ak−1 |si ).

(8)

5

EXAMPLE: APPLICATION ON A SOFTMAX
RECOMMENDER

Having derived the general two-stage off-policy policy gradient,
next we show how to apply the two-stage off-policy correction on
a softmax recommender. Softmax is commonly used as the output
of recommender systems [9, 34] that treat recommendation as a
classification or retrieval problem. To better illustrate the intuitions
of how the proposed method works, we start from the cross-entropy
loss, a standard supervised learning objective without off-policy
correction, and then compare the two-stage off-policy learning
objective with it. We will see that when we define binary reward
on each user state and item pair (s, a), e.g.,

 1, if a is clicked given state s,
r (s, a) = 
 0, else,

the two-stage off-policy learning objective is a weighted version of
cross-entropy. In the rest of this section, we will stick to the binary
click reward for simplicity, although the proposed method can deal
with arbitrary reward functions.
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for Ak −1 that contains a j . If there is no positive feedback for
(si , a j ) in the logged data (which is very likely as a j is a false
positive), the candidate sets containing a j will have much
lower weights compared to those without a j . This will make
the candidate generation model avoid nominating a j and
therefore compensate for the mistake made by the ranking
model.

Cross-entropy Loss. Given the candidate generation model output pθ (ai |si ) on all the logged samples i = 1, · · · , n, the crossentropy loss can be written as
JCE (θ ) = −

n
1X
r (si , ai ) log pθ (ai |si ).
n i=1

(9)

One-stage IPS Loss. Before we step into the two-stage off-policy
learning, we first give the IPS objective assuming that the candidate
generation model itself forms a one-stage recommender system
and outputs a single recommendation. This can be viewed as the
result of directly applying existing off-policy correction methods
on the candidate generation model. This objective, which we call it
one-stage IPS, is
J1-IPS (θ ) = −

n
1 X sg(pθ (ai |si ))
r (si , ai ) log pθ (ai |si ),
n i=1 β (ai |si )

(10)

where sg indicates a stop-gradient operation, and recall β is the
behavior policy.

6

• Cross-Entropy: the supervised learning method commonly
used for the softmax recommender and the corresponding
learning objective is the cross-entropy loss (Eq. 9).
• One-stage IPS (1-IPS): the method used in Chen et al. [7],
which is a direct application of the off-policy policy gradient
method on the candidate generation model. The corresponding learning objective is the one-stage IPS loss (Eq. 10).
• Two-stage IPS (2-IPS): the two-stage off-policy policy gradient method proposed by this paper. The corresponding
learning objective is the two-stage IPS loss (Eq. 11).

Two-stage IPS Loss. We then give the two-stage off-policy learning objective, which we call it two-stage IPS, in terms of the candidate generation model pθ and the ranking model q:
J2-IPS (θ ) = −

n
1 X sg(pθ (ai |si ))
r (si , ai )h(θ ),
n i=1 β (ai |si )

(11)

where
h(θ ) =

X f

sg(pθ (Ak −1 |si ))q(ai |si , {ai } ∪ Ak −1 )·

Here we have used the name of the learning objective as the abbreviation of the corresponding learning method.

Ak −1



≃

1
τ

log pθ (ai |si ) + log pθ (Ak−1 |si )

g

f
q(ai |si , {ai } ∪ Ak −1 )·

X

(12)

Ak −1 ∼pθ



g
log pθ (ai |si ) + log pθ (Ak −1 |si ) .

The ≃ is due to the approximation by sampling and τ is the sample
size. We have summarized the procedure of approximating the
two-stage IPS loss in Algorithm 1.
Finally, we finish this section by highlighting some intuitions
about how the two-stage IPS loss can work better than the onestage IPS loss. For some logged user-item pair (si , ai ) with positive
feedback,
• if ai is ranked low by the ranking model, i.e.,
q(ai |si , {ai } ∪ Ak −1 ) ≪ 1
for most Ak −1 , the gradient of the candidate generation
model regarding this pair will be very small. This helps the
candidate generation model focus on more important items
that will be favorable by the ranking model;
• consider a case that ai is ranked high by the ranking model,
but there is a strong false positive item a j (j , i) that is
mistakenly ranked even higher by the ranking model. We
will have
q(ai |si , {ai } ∪ Ak−1 ) ≪ 1

EXPERIMENT

In this section, we provide empirical evidence to demonstrate the
effectiveness of our proposed two-stage off-policy policy gradient
method.
We test on a softmax recommender and compare the proposed
method with the two baseline learning methods mentioned in Section 5, as these methods are commonly used in current industrial
recommender systems [7, 9]. To recap, the methods for comparison
are:

6.1

Experiment Methodology

Next we introduce the general experiment methodology of evaluating different learning methods.
To evaluate whether an off-policy learning method can wellcorrect the biases in logged data, ideally we should conduct online
test by running the corrected target policy in real recommendation
environments and collect the feedback. However, such environments are rarely publicly available. In our experiments, we adopted
two surrogate methods that are commonly used in the literature
to mimic the online test for off-policy learning evaluation. The
first method is called supervised-to-bandit conversion [11, 32], and
the second method is online simulation [41]. We explain the two
evaluation methods in more details below.
6.1.1 Supervised-to-Bandit Conversion. Following Swaminathan
and Joachims [32], suppose we take a supervised multi-class mutlilabel classification dataset
n
Dfull = {(xi , yi )}i=1
,

where xi ∈ Rd is the feature vector of the data point i, and yi ∈
{0, 1}m is a binary vector with each element yia indicating whether
the data point i belongs to the class a ∈ {1, 2, · · · , m}. In Dfull , we
have full-label information, i.e., we have observed a binary label
for every class on each sample.
To build a partial-label bandit dataset, we could use a behavior
policy β (a|x) that takes the feature vector xi of some data point i as
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(a) The two-tower model architecture for the candidate generation
model and the behavior policy model. This architecture models the
users and items with two separate towers and can be optimized to
be very computationally efficient.

(b) The model architecture for the ranking model and the simulator model. This architecture is usually more powerful than the
two-tower architecture because it can capture the crosses between
the user and item features at a low level, and take extra rating features.

Figure 2: Illustration of model architectures.
input and outputs a choice of class a. Then only the corresponding
label yia is revealed. By sampling data point i and the choice of class
a ∼ β (a|xi ), we can form a bandit dataset
Dbandit = {(xj , a j , p j , r j )}lj=1 ,
where l is the total number of samples, p j is the probability of
j
the behavior policy for a certain user-item pair, and r j = ya j is
the reward. We can then train recommender systems with various
off-policy learning methods on such bandit datasets Dbandit .
In the evaluation stage, we can run the target policy π (a|x) on
some holdout set x and and see if the resulted choice a ∼ π (a|x) can
hit positive labels. We can do the online test with the supervisedto-bandit converted dataset because we actually have access to the
label of any pair of (x, a).
6.1.2 Online Simulation. While the supervised-to-bandit conversion is convenient, it requires the full-label information of a dataset.
This requirement prevents the use of most publicly available recommender system datasets because they only have partially observed
user preferences over the whole item corpus. As we are interested
in recommender systems, we further adopted the online simulation
method [41], which is another surrogate online test method that
allows us to use recommender system datasets.
We represent a recommender system dataset with m records of
logged feedback as
m
D = {(u i , ai , r i )}i=1
,

where u i ∈ U indicates a user and ai ∈ A indicates an item. We
also have m < n = |U | × |A| to reflect we only have partial-label
information.
Following Zhao et al. [41], we first train a simulator model h 0
using D. The simulator model takes the user-item pair (u i , ai ) and
their features as input, and predicts the immediate feedback r i .
The well-trained simulator h 0 can then serve as a proxy of the real
online environment, as it can give the feedback for all the user-item
pairs. And we can build a full-label proxy dataset Dfull . Finally, we

can apply supervised-to-bandit conversion on Dfull in the same
way as shown in Section 6.1.1 and get a bandit dataset Dbandit .
6.1.3 Experiment Procedure. We then introduce the general experiment procedure after we get a partial-label bandit dataset Dbandit
and its corresponding full-label dataset Dfull .
(1) Train a ranking model on the bandit dataset Dbandit .
(2) Given a learning method, train a candidate generation model
with this learning method. Note that the trained ranking
model from (1) is used for two-stage IPS method.
(3) Evaluate the two-stage system assembled (in the way shown
in Figure 1) with the ranking and candidate generation models trained from step (1) and (2) respectively.
(4) Repeat (2) and (3) for different learning methods (CrossEntropy, 1-IPS, and 2-IPS).

6.2

Detailed Setup

Having explained the general experiment methodology, we next
introduce more details of the experiment setup.
6.2.1 Datasets. We use two publicly available datasets for our experiments: MovieLens-1M 2 , a popular recommender system benchmark dataset, and Wiki10-31K [43], an extreme multi-label classification dataset3 .
The MovieLens-1M dataset contains approximately 1M ratings of
3,900 movies made by 6,040 users. Each user has some demographic
features and each movie has title and genre features. Each rating
has a 5-score rating and the time of the rating. We binarize the
explicit rating data by keeping ratings of 4 or higher and interpret
them as the positive implicit feedback. Similarly, ratings less than 4
are interpreted as negative feedback. All the user-item interactions
with observed feedback are used for training the simulator. We
need relatively dense ratings of user-item pairs and user features to
2 https://grouplens.org/datasets/movielens/1m/
3 http://manikvarma.org/downloads/XC/XMLRepository.html
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(b) The histogram of likes given by the users.

Figure 3: Histograms of the simulation data. Both histograms have long tails in the distribution.
learn a good simulator that can generalize well on missing ratings.
Therefore we choose the MovieLens-1M dataset rather than its
larger counterparts, e.g., MovieLens-20M4 , which do not have user
features and where the rating is sparser.
The Wiki10-31K dataset contains approximately 20K samples,
each sample with bag-of-words features and labels of 31K classes.
Each sample can have more than one class labeled as positive. We
choose this dataset rather than the ones in the UCI machine learning
repository that are used in Dudík et al. [11] and Swaminathan and
Joachims [32] because we want to evaluate the performance of a
two-stage recommender system and the dataset with large label
space is more natural for such systems. In the rest of this section,
we will refer the sample in this dataset as “user” and the class as
“item” to unify the terminology.
6.2.2 Model Architectures. We use neural networks for all the models involved in the experiments and we keep the architectures of
the models to be the same for different learning methods for comparison.
4 https://grouplens.org/datasets/movielens/20m/

To test these learning methods, we need to specify the architectures of three models, the behavior policy model, the candidate generation model, and the ranking model on the Wiki10-31K
dataset. On MovieLens-1M, we need to specify an additional simulator model. For behavior policy and candidate generation models,
we need compact and efficient model with acceptable performance.
While for ranking and simulator models, we usually want them to
be much more powerful. Thus, larger model capacity and auxiliary
features could be used.
For all the behavior policy model and the candidate generation
model, we adopt the two-tower neural network architecture from
Yi et al. [40]. As shown in Figure 2a, the two-tower architecture
first models the user representation and the item representation
with two separate neural networks, which are called towers, and
then calculate the dot product between the user and item representations to capture the relatedness between the user and the item.
The separation between user and item representations, while not
capturing crosses between the user and the item, can be optimized
to be very computationally efficient. On the Wiki10-31K dataset,
we set the user tower as a network with a word embedding layer
followed by a fully-connected layer. We set all the hidden-layer
dimensions as 20. The item tower is just set as an item embedding
layer as there is no item feature. On the MovieLens-1M dataset, we
set the user tower as a network beginning with multiple categorical
feature embedding and then followed by a fully-connected layer.
We set the categorical feature embedding dimension as 10 for each
feature, and set the dimension of the fully-connected layer as 20.
The item tower is simply the concatenation of the item embedding
and item feature embedding, with a total size 20.
For the ranking model and the simulator model for MovieLens1M, as shown in Figure 2b, we instead combine the the representations of the user and the item, and take the user-item pairs as
input [9, 41]. On the Wiki10-31K dataset, we concatenate the user
tower and the item tower as mentioned in the candidate generation
model, and stack another fully-connected layer on top of the combined representation. All the hidden-layer dimensions are still set
to 20. The ranking model on the MovieLens-1M dataset is similar
except there is a time of the rating feature associated with each
movie rating. So in addition to the user tower and item tower, we
also concatenate the rating feature. Compared to the ranking model,
the simulator model for the MovieLens-1M dataset takes a larger
model capacity, with two fully-connected layers (with hidden size
100 and 50, respectively) following the combined representation.
6.2.3 Evaluation Metrics. Although we are improving the learning
of the candidate generation model, we are primarily interested in
the performance of the whole two-stage recommender system. So
rather than directly measuring the quality of the top recommendations of the candidate generation models, we measure the quality of
the top recommendations given by the ranking model conditioned
on the candidate set provided by the candidate generation model.
That is, given a user (and context), we first select the top-k items
predicted by the candidate generation model as a candidate set,
then feed this candidate set to the ranking model to re-rank these
candidates. And we measure the quality of the top-recommended
items after re-ranking. We use k = 50 for Wiki10-31K and k = 30
for MovieLens-1M.
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Table 2: Ranking metrics (%) of two-stage evaluation on MovieLens-1M. The number after ± indicates the standard error of
the mean over 20 runs. The percentage in indicates the relative improvement over the Cross-Entropy method.

Cross-Entropy
1-IPS
2-IPS

Precision@5

Precision@10

Recall@5

Recall@10

NDCG@5

NDCG@10

95.8 ± 0.1 (+0%)
95.1 ± 0.2 (-1%)
98.1 ± 0.1 (+2%)

93.9 ± 0.0 (+0%)
93.3 ± 0.2 (-1%)
96.8 ± 0.1 (+3%)

2.2 ± 0.0 (+0%)
2.0 ± 0.1 (-8%)
2.9 ± 0.0 (+33%)

3.5 ± 0.0 (+0%)
3.4 ± 0.1 (-3%)
4.9 ± 0.0 (+39%)

96.4 ± 0.1 (+0%)
95.7 ± 0.3 (-1%)
98.3 ± 0.1 (+2%)

95.0 ± 0.1 (+0%)
94.3 ± 0.2 (-1%)
97.5 ± 0.1 (+3%)

Table 3: Ranking metrics (%) of one-stage evaluation on MovieLens-1M. Notations are the same as Table 2.

Cross-Entropy
1-IPS
2-IPS

Precision@5

Precision@10

Recall@5

Recall@10

NDCG@5

NDCG@10

86.3 ± 0.1 (+0%)
90.1 ± 0.4 (+4%)
95.7 ± 0.2 (+11%)

86.4 ± 0.1 (+0%)
88.9 ± 0.3 (+3%)
95.3 ± 0.2 (+10%)

1.2 ± 0.0 (+0%)
1.5 ± 0.0 (+27%)
2.3 ± 0.1 (+102%)

2.4 ± 0.0 (+0%)
2.8 ± 0.1 (+17%)
4.5 ± 0.1 (+89%)

86.3 ± 0.1 (+0%)
90.3 ± 0.4 (+5%)
95.4 ± 0.3 (+11%)

86.4 ± 0.1 (+0%)
89.4 ± 0.3 (+3%)
95.3 ± 0.2 (+10%)

For MovieLens-1M, the corpus is relatively small so we report
multiple finer-grained ranking metrics including: precision, recall,
and normalized Discounted Cumulative Gain (NDCG) with truncation to be 5 or 10.
For Wiki10-31K, as the task is relatively hard, which requires
the recommender system to recommend items from a large corpus
of 31K items, we just measure the top-1 precision of the two-stage
system.
As a reference, we also report these metrics that directly measure
the ranking given by the candidate generation models. To differentiate the two different measuring methods, we call the former one
(measuring on the predictions of the whole two-stage system) as
two-stage evaluation, and the latter one as one-stage evaluation.

the users (Figure 3b), respectively. As can be seen from the plots,
the histogram of the items follows a long tail distribution, and the
histogram of the users has its peak around 500 and also has a long
tail in the distribution.

6.2.4 Implementation Details for MovieLens-1M. We summarize
more implementation details for experiments on MovieLens-1M.

Candidate Generation Models Training. Finally we train the
candidate generation models with different learning methods on
the bandit training dataset. For all methods, we use AdaGrad [10]
as the optimizer with the initial learning rate set as 0.05. For both
1-IPS and 2-IPS, we apply self-normalization and weight capping
with c 1 = 10, c 2 = 0.01. For 2-IPS, we set α = 1e − 2 (see Eq. 8) and
the candidate set sample size τ = 100 (see Eq. 12). For each learning
method, we train 20 candidate generation models initialized with
different random seeds. We apply early stopping with the metric
Precision@10 on the validation set and report the average values
of all metrics on the test set. Note that we apply early stopping
separately for one-stage evaluation and two-stage evaluation.
As a reference for the task difficulty level of the simulation data,
we also run WRMF [16] on this bandit dataset, and it obtains 78.7%
for Precision@5, 76.8% for Precision@10, 1.0% for Recall@5, 2.0%
for Recall@10, 78.8% for NDCG@5, and 77.5% for NDCG@10.

Simulator Model Training. As mentioned in Section 6.1.2, for
this dataset, we need to train an online environment simulator. We
split the original logged ratings from the MovieLens-1M into training, validation, and test set with 3:1:1. And we train the simulator
with binary classification on each logged rating of user-item pairs.
The trained simulator can achieve considerable performance on
predicting the missing ratings 5 .
Then we use this simulator to generate predictions of ratings
for all the user-item pairs. To do this, we need to impute the rating
features of the missing user-item pairs. In this case, we have one
rating feature, the time that the rating is made. We impute each
rating time by sampling from a Gaussian distribution with its mean
and standard deviation specified by the empirical mean and standard deviation of all the logged rating time of the corresponding
user.
After we get the predictions for all user-item pairs, we choose a
threshold such that the false positive rate on the validation set is
relatively low (around 0.1 in this case). Then we are able to assign a
binary label for each user-item pair, with 1 indicating that the user
likes the item and 0 indicating that the user does not like the item.
In Figure 3, we plot the histograms of the number of positive
feedback (i.e., likes) received by the items (Figure 3a) and given by
5 This

is measured by an AUC value of 0.723 on test set.

Behavior Policy and Ranking Models Training. We train a
behavior policy model based on 10,000 random user-item pairs with
labels generated by the simulator. We construct a bandit dataset by
sampling the top-5 items predicted by the behavior policy for each
user as the training data. And then we train a ranking model based
on the bandit dataset with binary classification. For evaluation, we
first de-duplicate the items that appeared in the training set and
then evaluate on the remaining items. We randomly split 2K users
as validation set and the remaining 4K users as test set.

6.2.5 Implementation Details for Wiki10-31K. We summarize more
implementation details for experiments on Wiki10-31K. In this
dataset, we do not need to train the simulator as we have the fulllabel information.
Behavior Policy and Ranking Models Training. We first split
the dataset into train, validation, and test sets with size 10K:4K:6K,
by different users. The test set is from the official split. Throughout
our experiment, the test set is held out until the final evaluation. As

WWW ’20, April 20–24, 2020, Taipei, Taiwan

there are a few dominant items that are associated with most users,
we removed 30 items with the highest frequency from the dataset
to make the task harder. Then we train a behavior policy model
with 500 random samples from the training set, and train a ranking
model on the full training set. Following standard supervised-tobandit conversion mentioned in Section 6.1.1, we randomly sample
20K users with replacement from the training set, and reveal the
label of the top-1 item predicted by the behavior policy model to
construct a bandit dataset.
Candidate Generation Models Training. We train the candidate generation models with different learning methods on the
bandit training dataset. We find the candidate generation models
are likely to crash if they are trained with either 1-IPS or 2-IPS from
scratch, possibly due to the large item space. However, we find
this can be easily fixed by pre-training the candidate generation
models by the Cross-Entropy method for 100 steps. And we find
the final performance of the IPS methods is not sensitive to the
number of pre-training steps. For both 1-IPS and 2-IPS, we apply
self-normalization and weight capping with c 1 = 10, c 2 = 0.01. For
2-IPS, we set α = 1e − 5 and the candidate set sample size τ = 100.
We use the same setting as that on MovieLens-1M dataset for the
optimizer, repeated runs, and early stopping strategy (except for
using the top-1 precision as the early stopping metric).

6.3

Off-policy Learning Results

6.3.1 Results on MovieLens-1M. We first report the experiment
results on the MovieLens-1M dataset, which are shown in Table 2
and Table 3. We give the mean, the standard error of the mean, and
the relative improvement over the Cross-Entropy method for each
metric. From both tables, it is easy to see that the relative trend is
consistent for all ranking metrics.
Table 2 shows the ranking metrics of different methods in the
two-stage evaluation. The proposed 2-IPS outperforms all the baselines in all ranking metrics, indicating that the two-stage off-policy
policy gradient indeed improves the performance of the whole twostage recommender systems over learning methods commonly used
in industrial recommender systems.
Table 3 shows the same metrics in the one-stage evaluation.
While the 1-IPS method outperforms the Cross-Entropy method
as expected, the proposed 2-IPS method also outperforms the 1IPS method in this evaluation regime. We conjecture this may be
caused by the fact that the ranking model is more powerful than
the candidate generation model, and there is a transfer learning
effect as a side-product of the 2-IPS method.
Bringing the two types of evaluations together, it is interesting
to see that, while the 1-IPS method outperforms the Cross-Entropy
method largely in the one-stage evaluation, the advantage does
not carry to the two-stage evaluation. In fact, the 1-IPS method is
even a little worse than the Cross-Entropy method in two-stage
evaluation. This highlights the importance of taking the whole
system into consideration when designing the learning methods
because improving part of the system does not necessarily lead to
the improvement of the whole system.
6.3.2 Results on Wiki10-31K. The results on Wiki10-31K are shown
in Table 4. We also give the mean, the standard error of the mean,
and the relative improvement over the Cross-Entropy method for
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Table 4: Top-1 precisions (%) of two-stage evaluation and onestage evaluation on Wiki10-31K. Notations are the same as
Table 2.

Cross-Entropy
1-IPS
2-IPS

One-stage Eval

Two-stage Eval

19.3 ± 0.4 (+0%)
20.8 ± 0.4 (+8%)
21.7 ± 0.4 (+12%)

38.8 ± 0.3 (+0%)
39.6 ± 0.3 (+2%)
40.5 ± 0.3 (+4%)

each metric. Similar with the results on MovieLens-1M, the proposed 2-IPS method outperforms all the baseline methods on both
two-stage evaluation and one-stage evaluation, indicating the effectiveness of our method. On this dataset, the trends of the two
types of the evaluations are consistent and the 1-IPS method outperforms the Cross-Entropy method in both one-stage and two-stage
evaluations.

7

CONCLUSION AND FUTURE WORK

In this work, we tackled a novel challenge of correcting the biases
in learning a two-stage recommender system from the logged implicit feedback. By formulating the two-stage recommender system
policy as the decomposition of the candidate generation policy and
ranking policy, we derived a two-stage off-policy policy gradient
method for the candidate generation model. We also overcame the
expensive exact calculation of this gradient by an efficient Monte
Carlo approximation algorithm. Through extensive experiments on
real-world datasets, we demonstrated the proposed method is able
to improve the performance of the two-stage recommender systems
over common learning methods in current industrial practices.
Following the idea of optimizing the whole-system performance
in this paper, we would like to look into more practical recommender system settings in future work. For example, how to extend this work from a two-stage recommender system to a multistage recommender system? And, while end-to-end training of the
ranking model and the candidate generation model simultaneously
seems engineeringly impractical for now, can we also incorporate
the knowledge of the candidate generation model into the off-policy
learning of the ranking model? We believe that this is an important
direction to further improve large-scale recommender systems.
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