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Retention Depolarization in Recommender System

Anonymous Author(s)

ABSTRACT

Repeated risk minimization is a popular choice in real-world rec-
ommender systems driving their recommendation algorithms to
adapt to user preferences and trends. However, numerous studies
have shown that it exacerbates retention disparities among user
groups, resulting in polarization within the user population. Given
the primary objective of improving long-term user engagement in
most industrial recommender systems and the significant commer-
cial benefits from a diverse user population, enforcing retention
fairness across user population is therefore crucial. Nonetheless,
this goal is highly challenging due to the unknown dynamics of
user retention (e.g., when a user would abandon the system) and
the simultaneous aim to maximize the experience of every user.

In this paper, we propose REFAIR, the first computational frame-
work that continuously improves recommendation algorithms while
ensuring long-term retention fairness in the entire user population.
REFAIR alternates between environment learning (i.e., estimate the
user retention dynamics) and fairness constrained policy improve-
ment with respect to the estimated environment, while effectively
handling uncertainties in the estimation. Our solution provides
strong theoretical guarantees for long-term recommendation per-
formance and retention fairness violation. Empirical experiments
on two real-world recommendation datasets also demonstrate its
effectiveness in realizing these two goals.
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1 INTRODUCTION

To continuously adapt to changing user preferences, evolving trends
of content popularity, and dynamic market conditions, most in-
dustrial recommender systems actively update their algorithms by
regularly incorporating new training data, e.g., user feedback on the
recommendations. One widely-adopted approach is the repeated
risk minimization (RRM) procedure [16], where the algorithm is
updated by minimizing empirical loss on newly collected data, and
then deployed to gather new data for next-step training. The pro-
cedure is repeated for iterative algorithmic refinement over time.
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Previous studies [11, 32] show that RRM tends to exacerbate the
performance disparities among different groups of users, leading to
polarization within the user population. To make it more explicit,
consider news recommendation to two user groups, one favoring
international news and another favoring entertainment news, while
the latter group is much larger in size. Due to the focus on mini-
mizing overall loss in RRM, the recommendation algorithm tends
to prioritize the optimization for the larger group’s preference for
entertainment news, resulting in a higher error rate and diminish-
ing user experience in the smaller group that prefers international
news. This, in turn, makes users in the smaller group more likely
to abandon the system, which further shrinks its group size and
their impact on the overall training objective of RRM. Consequently,
the recommendation algorithm faces even greater challenges in
capturing the preferences of the smaller group, i.e., a death spiral.

Thus, given the primary objective to improve long-term user
engagement in industrial recommender systems and the significant
commercial benefits from a diverse user population, it is crucial
to depolarize and equalize retention across different user groups.
This also forms a new notion of user-side fairness, which we refer
to as retention fairness. However, previous research on user-side
fairness in recommender system [14, 24, 27, 28, 30] fails to address
this type of long-term fairness, primarily because of their focus
on balancing instantaneous performance a user (or user groups)
receives, measured by specific metrics, such as the prediction error
disparity across different user groups at each time step of RRM. Yet,
equalizing recommendation performance based on instantaneous
metrics does not suggest equalized long-term retention [23, 40].
Instead, enforcing retention fairness necessitates a forward-looking
approach that minimizes the disparity in retention across user
groups over time, while the recommendation algorithm is being
improved to maximize the recommendation utility. This goal is
highly non-trivial, since the retention dynamics of different users
are unknown and closely tied to the recommendations provided.

In this paper, we present a learning framework that iteratively
updates its recommendation algorithm while enforcing long-term
retention fairness, named as REFAIR. To tackle the aforementioned
challenges, we develop a model-based reinforcement learning (RL)
solution, where we estimate the environment model to assist policy
learning. At a high level, REFAIR iteratively executes two steps: 1)
estimate an individual user’s reward feedback and retention after
he/she takes a system-provided recommendation, and 2) improve
the recommendation algorithm to maximize user satisfaction sub-
ject to retention fairness across user groups, both for the long-term.
But because the estimations may be inaccurate, relying solely on
the estimated environment can lead to sub-optimal recommen-
dation performance [4, 8, 35] and also have no guarantee on the
retention fairness. To address these issues, we propose a surrogate
optimization approach that explicitly considers the uncertainty
of the estimated environment. It incorporates an extra bonus to
encourage exploration, while relaxing the retention fairness con-
straint based on the uncertainty of environment model estimation.
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Policy gradient is then leveraged to solve the surrogate optimization
problem. Theoretical analysis demonstrates that REFAIR achieves
a sub-linear regret on cumulative reward and retention fairness
violation, under a linear environment assumption. Experiments
on two real-world datasets further demonstrate REFAIR’s effec-
tiveness in optimizing user satisfaction and ensuring retention
fairness, both in a long term. All codes and data can be found in
https://anonymous.4open.science/r/ReFair-BAB7.
In summary, our contributions are as follows:
e We introduce a model-based reinforcement learning solution that
continuously improves recommendation quality while enforcing
retention fairness in a long term.

To address the inaccuracies in the estimated environment model,
we propose a surrogate optimization approach that introduces
additional exploration bonus and a soft constraint relaxation to
counter uncertainty in environment model estimation.

e We demonstrate the effectiveness of our proposed framework
through both theoretical analysis and empirical experiments on
two real-world recommendation datasets.

2 PRELIMINARY

While the specific model architectures may vary, industrial recom-
mendation systems commonly employ a repeated risk minimization
(RRM) procedure to regularly incorporate new training data, e.g.,
user feedback on the latest recommendations, so as to provide up-
to-date recommendations tailored to users’ evolving preferences
[16]. Formally, let 7y, denote the recommendation policy at time
t parameterized by J;, and H; denote the user interactions gath-
ered by the previously deployed recommendation policy 7g,, RRM
updates the recommendation policy at time ¢ + 1 to minimize the
following loss:

Yy = AL ml;nE(u,a)~‘7-l, [£(u, a;9)] (1)
where ¢(u, a; 3;) represents the loss associated with the interaction
pair of user u and recommendation a from policy 7g,. Various
types of loss £(u, a; &) have been explored in practice, such as cross-
entropy loss [37], RL-based loss [5, 6], etc.

Numerous studies have shown that the RRM procedure in Eq. (1)
exacerbates retention disparities among different user groups. As
shown in previous studies [11, 32], minority groups, with limited
observations in H; and thus less impact on the training objective
in Eq. (1), tend to experience worse recommendation quality when
79,,, is deployed. Worse still, discouraged by subpar recommen-
dations, such users are more likely to leave the platform, resulting
in a further disparity in the sizes of training samples in H;41 and
their influence on the RRM training at time ¢ + 1. This creates a
detrimental feedback loop where minority groups suffer progres-
sively inferior user experiences, leading to a continued shrinkage
in group sizes.

While it is crucial to thoroughly investigate and address fairness
concerns on long-term user retention, it has been overlooked in
previous research on user-side fairness in recommender systems
[14, 24, 27, 28, 30]. Previous research primarily focuses on enforcing
fairness at a single step of RRM with respect to the instantaneous
metric using collected data so far, such as minimizing prediction
error gaps across user groups on ;. This however has no guarantee

Anon.

on mitigating retention disparities in a long term, since smaller
errors on an instantaneous metric (e.g., prediction error at time t)
do not imply higher long-term user retention at all [23, 40]. This
motivates our proposed framework for recommendation algorithm
optimization subject to the retention fairness constraint.

3 REFAIR: OUR APPROACH WITH
THEORETICAL GUARANTEES

In this section, we present REFAIR, a framework to iteratively im-
prove recommendation algorithm/policy while enforcing retention
fairness over time. As the first work of this type, we choose to focus
on addressing retention fairness between two user groups in this
paper, but the developed framework and algorithm can be easily
extended to scenarios with multiple user groups.

As we focus on continuously improving the recommendation
policy over time, we formulate the problem using a Markov Decision
Process (MDP) and introduce an absorbing state o to explicitly
capture users’ retention dynamics. Specifically, we construct the
following MDP M = (S, A, P, r, po, y) where
e S:a continuous state space describing the latent states of users.

Here s, ; = 0 suggests user u leaves the platform at time ¢. Other-

wise, sy,+ encodes the latent state at time ¢ of user u based on the

his/her historical interactions with the system (e.g., capturing
and summarizing overall satisfaction of the system so far).

e A:adiscrete action space, containing all the recommendation
candidates.

e P: SXA XS — Ris the state transition probability, where
P(0[sy,s, a) denotes the probability that user u leaves the platform
after being recommended content a under state s, ;.

o r: S XA — Ris the reward function, where (s, a) € [0, 1]
represents the reward (e.g., rating) that the system obtains when
recommending content a to user u at time ¢. Notably, once the
user leaves the platform, no further reward can be obtained, i.e.,
r(o,a) =0foralla € A.

e po: the initial user state distribution at t = 0.

e y: the discount factor for future rewards.

We employ two MDPs to represent two distinct user groups, such
as those interested in entertainment news and international news
in our previous example, respectively. These two MDPs share the
same state space, action space, and discount factor, but they can
differ in terms of initial state distributions, transitions, and reward
functions. We use superscripts g € {a, b} to denote the two groups.
For example, p§ and pg denote the initial state distributions of the
two groups, respectively. To simplify our notations, variables with-
out superscripts are utilized to represent the entire user population.
For example, po denotes the initial state distribution over all users.
At each time step t = 0, 1,...T, the system samples an item from
its latest recommendation policy 7g,, which is a probability dis-
tribution over all recommendation candidates. The sampled item,
denoted as ay,; ~ 7y, (*|sy,t), is then recommended to user u. Our
goalis to find the 79, that maximizes the cumulative reward from all
users and concurrently realizes retention fairness between the two
groups of users. This is formulated into the following optimization
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problem,
T-t
k
n;;%x Esu,t~dt,7r‘9 Z Yy -r (su,t+ks au,t+k) (2)
k=0

Esu,t~dt“,7r,9 [P(¢ Olsu,taau,t)] - w- Esu[~d;7,7r‘9 [P(i Olsu,t,au,t)” <€

In the above, the constraint captures the retention fairness require-

ment we impose at each time step ¢:

e di(-),df(-) and di’ (+) denote the state distribution in the whole
population, user group a and b at time ¢, respectively.

e The hyper-parameter w is pre-defined to capture varying de-
grees of fairness requirements. For example, w = 1 indicates an
equalization of retention between the two groups.

o P(# olsys, aut) is an abbreviation for P(syt+1 # 0lsus, aut),
which represents the probability of user u under state s;, ; chooses
to stay on the platform after being recommended to content a,, ;.

Under the context of recommender system optimization subject to
retention fairness constraints, conventional value-based or policy-
based reinforcement learning (RL) solutions become infeasible, as
we cannot afford policy training by directly interacting with the
environment (i.e., the users). More specifically, applying a policy
that is not well optimized can cause deviations in the interaction
trajectory from being satisfactory, leading to either poor cumulative
rewards or significant violations of retention fairness. In particular,
once a user abandons the platform, there is no way for the system
to get the user back. In other words, our problem is not episodic:
once initiated, we can never restart from the initial state.

Thus, we appeal to a model-based RL solution, which builds an
environment model based on the estimated transition dynamics
(I@)t) and reward function (#;) at time . The recommendation policy
is then learned under the estimated environment. However, directly
substituting the ground-truth reward function r and transition dy-
namics P with their estimates to optimize Eq.(2) is not feasible. This
is because the estimates cannot be perfect. Relying solely on the
estimated rewards can lead to sub-optimal recommendation perfor-
mance [4, 8, 35], while enforcing fairness based on the inaccurate
estimations of transition dynamics can be misleading and thus fail
to effectively ensure retention fairness.

As a result, we have to explicitly factor uncertainty of the esti-
mated environment model into policy optimization, which closely
couples the two iterative steps in REFAIR:

e Environment learning. Provide the estimated reward function
7+ and transition dynamics I@’t, along with the associated uncer-
tainties required in the subsequent policy optimization step.

e Policy optimization with the estimated environment. Up-
date the recommendation policy 7y, under the estimated envi-
ronment (7, P;) at time ¢, with respect to the uncertainty of the
estimated environment.

In the following, we start our discussion from policy learning,
which imposes requirements for environment model learning.

3.1 Policy Improvement with An Estimated
Environment

We devise a surrogate optimization problem that guides policy learn-
ing under the estimated environment, subject to the environment
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model’s estimation uncertainty. The surrogate optimization prob-
lem is constructed based on Eq.(2) by introducing an exploration
bonus term and relaxation of fairness constraint.

Exploration Bonus. Relying solely on the estimated reward 7#;
without considering its inaccuracy can mislead policy learning, e.g.,
overlook better recommendation policies under the ground-truth
reward. A provably effective approach is to learn from calibrated
rewards, i.e., the principle of optimism in the face of uncertainty
[1, 12]. Specifically, we calibrate the estimated reward function
with an exploration bonus term b; (-, -) that captures uncertainties
in environment estimation and assigns higher values to currently
under-explored actions as follows,

Fe(s,a) = F1(s,a) + by (s, a). (3)

To make this calibration valid, b; (-, -) is required to consistently
overestimate (i.e., be larger than) the true rewards [4, 8], which can
be formally defined in the following:

Definition 3.1 (Validity of exploration bonus b;). A exploration
bonus by : S X A — Ris valid if, for Vs € S, a € A, the following
condition holds:

ii(5,0) = r(s.@) +y (BeCls. @) - PC1s.0)) Vi| < bi(s.a)
where V;(s) denotes the value of state s in the environment (77, P;).
And P(-|s,a)V; = X o P(s'|s, a) Vi (s').

Constraint Relaxation. To address the influence of inaccuracies
in the estimated transition dynamics P; when measuring retention
fairness, we propose to relax the fairness constraint in Eq.(2):

[Ft(¢ olsu,tsau,t)]| < ct.
@

where c; represents the relaxation due to the uncertainty in the

Esuvt~dt”,7rl9 [Pt(i Olsu,t,au,t)] - WEqu,~d£’,7r'9

estimated P;. As time progresses and more data is collected, the
relaxation factor ¢; decreases along with the decreasing uncertainty
in the estimated transition dynamics P;. This allows the relaxed
constraint to gradually approaches the desired ground-truth con-
straint in Eq.(2). Therefore the total violation of retention fairness
during policy learning depends on the rate of shrinkage of c;.

In addition to its rate of shrinkage, c; also needs to ensure that the
set of policies satisfying the relaxed constraint include the optimal
policy at time #, even if the estimated dynamics P; are not accurate
yet. This requirement is referred to as the compatibility of c¢; [8]. Let
7} represent the optimal policy for Eq.(2). We can formally define
the compatibility of ¢; as follows,

Definition 3.2 (Compatibility of ¢;). ¢; is compatible, if 7} is
included in the policy set that satisfies the constraint, for all ¢:

; [Pt(i Olsu,t,au,t)]‘ <c

®)

By, i~da ) [P (# olsuz, aur)] - WESuJthbJI

Surrogate optimization problem. Let
T-t
Ot (sut» @) = Ft (s, @) +Eg,, ., Z YR P Su e Quek)
k=1
denote the Q-function under the calibrated rewards in Eq.(3). To-
gether with the uncertainty-driven relaxed constraint in Eq.(4), we
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then learn 7y, by optimizing the following surrogate problem of
Eq.(2) at time ¢:

max sy i~dyrg [Qt (Suts aur) | ©

Various constrained policy optimization algorithms [2, 34] can

be employed to solve Eq.(6). And later we prove that solving this
surrogate optimization problem leads to sublinear regret in rec-
ommendation performance and sublinear cumulative fairness con-
straint violation. In this work, we choose to customize a primal-dual
gradient update procedure named FOCOPS [34], due to its stability
and clear physical interpretations. The detailed implementation
will be provided in Section 4.
Extension to multiple user groups. To extend REFAIR to scenar-
ios with K user groups, we only need to formulate the retention
fairness constraints among K groups. A straightforward approach
is to enforce retention fairness between every pair of groups as in
Eq.(4), resulting in K(K — 1)/2 constraints. The same constrained
policy optimization algorithms as developed in this paper can then
be directly applied to obtain the recommendation policy.

3.2 Environment Learning

In this section, we delve into the details of learning the environ-
ment model and deriving the valid exploration bonus term b; and
compatible constraint relaxation c; accordingly.

To theoretically analyze the performance difference between
learning through the surrogate optimization problem in Eq.(6) and
the ideal optimization problem in Eq.(2), we assume the following
linear structure in the ground-truth reward function r and transition
dynamics P:

r(sut, ut) = (Ox, G (Suts Qut))
IP>(3|3u,t) au,t) = <lli’ ¢(Su,t, au,t)) (7)

where ¢ is a known state-action feature map ¢ : S x A — RY;
0, € R? and e R are the unknown ground-truth parameters
associated with the reward and transition dynamics for state s,
respectively. Without loss of generality, we assume ||¢(s,a)|| < 1
forall (s,a) € S X A, ||6«]| < Vd, and loT el < Vd for any vector
v over S with ||v||e < 1. Here, pi, represents the stacked vector
across S. For simplicity, we will also use rs 4 to represent r(s, a) in
the subsequent description.

Attime t, the logged user-item interactions from previous timesteps
are denoted as Dy = {{sw,i, au,i, Su,i+1, ru),-}f;ol }u. Based on the es-
timated model parameters 6; and 7, the reward and transition
dynamics can be computed as follows:

ft(su,t, au,t) = <ét, (ﬁ(su,ts au,t»s

By (slsu,e aue) = (15, ¢ (sue, Que))

where

~
=

Or = argmin )" " (07 ¢ (sui> aui) = rus)” + 0%
0 YR

iy = argmin " 3" (47 $(ui> aui) = Loy =s)® + sl
H u =0

- =
- o

Esu,pd;‘,n,g [Pt(i 0|Su,t au,t)] - WEsut~df’,n9 [Pt(:ﬁ 0|Su,t au,t)]‘ < ¢t

Anon.

The optimization problems above have closed-form solutions:

t—1
A -1
0y = Z Z ru,t¢(5u,i) au,i)TAt
u i=0

t—1
=00 Toiimsf (i ) AL ®)
u =0
with
t—1
Ar= 03" G5 i) (i aui) T+ Klgxa.
i=0 u

Based on the closed-form solution in Eq.(8), we can derive the valid
exploration bonus b; and compatible constraint relaxation c; in the
following lemma.

Lemma 3.3. Denote efl’t = P(s|sut, aut) — 1s,,,,=s- Assume the
linear structure in Eq.(7) holds, and E[€;, ,|D;] = 0,Vs. For a fixed
¢ € (0,1), with probability at least 1—g,for)all t,s and a, the following
constructions of exploration bonus b; and compatible c; are valid,

be(s.0) = (B + BL)lIg (5,0l
ct = ﬁéEsu)pd;‘,ng [||¢(5u,t; au,t) ”A;l]

t
FWBIEL, gt o I (st @)l 5]

where ! = O(d+/log(U1)), Bt = O(y/dlog(tU)), B = O(+/dlog(tD)),

and U denotes the number of users in the system.

Slow switching. We adopt a slow switching technique to reduce
computation overhead in updating the environment model [35]. The
idea is that we only update the environment model when enough
new data has been collected, via checking the determinant of the
covariance matrix A;. Specifically, assume the most recent model
update happened at time ¢, we choose to update the model at time
' only if det(Ay) > 2det(Ay).

Theoretical Analysis. To theoretically inspect the performance of
learning through surrogate optimization, we consider the following
regret:

e For recommendation performance, we track cumulative regret

bound in T rounds:

T-1 T-t
Regret(T) = Z (Esu,t [V* (su,l‘)] - Esu,t Z Ykr(su,t+k> au,t+k)})
t=0 k=0

where Eg, , [V*(sy,:)] denotes the expected cumulative rewards
obtained by following the optimal policy at time ¢.

o For retention fairness, we consider cumulative violation of fair-
ness over T rounds:
T-1

Creg(T) = Z

t=0

Esuy,~d;‘,7r‘9t [P(;& 0|Su,t, au,t)]

—-w - Esu,szf’Jf.?, [P(?t 0lsy,t, au,t)”

Based on the exploration bonus b; and compatible constraint
relaxation c¢; derived in Lemma 3.3, along with the slow switching
technique, we can bound the regret in long-term recommendation
performance and total retention fairness violation of the recommen-
dation policy learned through the surrogate optimization problem
in Eq.(6) in the following theorem.
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Theorem 3.4. Assume the assumption in Lemma 3.3 holds. With
probability at least 1 — ¢, learning through the surrogate optimization
problem in Eq.(6) has the following upper bounds on the cumula-
tive regret for recommendation performance and total violation of
retention fairness over T rounds:

Regret(T) < O (‘ld3T10g(1/g) log(UT))

Creg(T) < 0 ((1 +w)d\Tlog(1/<) log(UT))

4 PRACTICAL IMPLEMENTATION

In this section, we present our practical approach for solving the
surrogate optimization problem defined in Eq.(6).

To ensure monotonic improvement, we adopt the local policy
search method [19] to iteratively improve the policy. Additionally,
we replace the second constraint in Eq.(6) with a square norm
constraint, which is differentiable everywhere, facilitating more
efficient and stable gradient-based optimization. As a result, we
reformulate the surrogate optimization problem at time ¢ in Eq.(6)
as follows:

r%zéx ]Esu’pd,,ng [Qt (Su.taau.t)] ©)
2
Esu,t~dta:”.9 []Pt(¢ olsu,z, ﬂu,t)] - wE ~dll",7rg []P’t(¢ O|Su,t,au,t)] < C?

Su,t
DxiL(7sllms,_) < o
We then employ a primal-dual gradient update algorithm FO-
COPS [34] to solve Eq.(9), which first finds the optimal update
policy in the nonparameterized policy space and then projects it

back into the parametric policy space.
Find the Optimal Policy Update. Let

Ct,n' = Esu1[~d;1,7r [I@t(i Olsu,t’ au,t)] - WESu,sztb,ﬂ []j@)t(¢ olsu,ts au,t)] .
(10)
By following a similar procedure as FOCOPS [34], we can show
that the optimal solution of Eq.(9) takes the following form:
e If user u is in group a:
Y1 (alsu,r)
Z/l,v (su,t)

o If user u is in group b:

* 1 4 A .
' (alsu,r) = exp | =Qr(sut, @) = 2=Ct 7+ Pt (# 0|5y, a)
v v

79, (alsu,r)
Z/'LU (Su,t)

where Z) ,(sy,;) ensures 7% (+|sy,¢) is a valid probability distribution,
ie, Yaea 7 (-|sur) = 1. A and v are the Lagrangian multiplier of
the first and second constraint in Eq. (9) respectively, and they
correspond to the solutions of the dual problem. See Appendix 8.1
for a complete derivation.

The optimal solution carries an intuitive physical interpreta-
tion. For example, when group a is the current disadvantage group
(i.e., the fairness violation C; 5, < 0), the Q-value of actions with
high retention probability is boosted. This interpretation holds in a
similar manner when group b becomes the disadvantage group.
Calculation of Policy Gradient. To obtain the policy gradients
for optimizing Eq.(9), we project 7™ into the parameterized policy

* 1 A .
' (alsue) = exp (;Ql(su,tsa) + ZW;Cz,n*Pt(i Olsu,t;a))
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Algorithm 1 ReFAIR.

Initialize Ag = kI, Z = det(Ay).
fort=0,1,...,T do
Calculate A;.
if det(A;) > 2Z then
Estimate the environment, i.e., 77, P;, by and c;.
Z =det(Ay).
end if
Update A using Eq.(12).
for K epochs do
Update recommendation policy using Eq.(11).
end for
Take action with respect to 79, and log interactions.
end for

space by minimizing the following loss:

L(9) =Es,,,~a, [Dx(myllm") [sue]]-
This results in the following policy gradients:

VoL(9) = Eq,,,~a, [VoDrL(mollr™) [sur]].

where
VoDxr (mollm™) [sue] = VoDxe(mollmg, ;) [suel (11)
1 Vomg(alsut) ( .
- *Ea~7r‘9 [71” (Qt (Su,ts a) + ZWgACt,nSPt(¢ Olsu,t, a) .
v =1 | 7o,y (alsur)
Here w9 = —1 if the user u is in group a and w9 = w if the user is
in group b. Details of derivation can be found in Lemma 8.1 in the
appendix.

Dynamically adjust constraint strength. A and v control the
strength of the two constraints in Eq.(9). However, directly solving
the dual problem to obtain specific values for A and v is computa-
tionally impractical for large state/action spaces as it requires to
calculate Z) ,(sy,z).

Following previous work [34], we treat the parameter v as a
fixed hyperparameter during training, since it plays a role similar
to the temperature term utilized in maximum entropy reinforce-
ment learning [39]. Furthermore, as the strong duality holds, we
can optimize the dual problem by applying gradient descent with
respect to A to determine the current optimal fairness constraint
strength. This leads to the following update rule for A:

A — proj; [A—a(cf - C7 )] (12)

The projection operator proj, projects A back to [0, A™**]; and « is
the step size. The detailed derivation of the policy gradients with
respect to A can be found in Appendix 8.1.

The update of the fairness constraint strength, as shown in
Eq.(12), also takes into account the uncertainty in environment
estimation. The strength is only increased when the constraint
violation exceeds the current estimation uncertainty. The imple-
mentation of REFAIR is summarized in Algorithm 1.

5 EXPERIMENTS

In this section, we empirically evaluate the performance of Re-
FAIR on two real-world recommendation datasets. We assess the
effectiveness of the algorithm in terms of both long-term recom-
mendation quality and retention fairness among groups.
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5.1 Experiment Setup

Datasets. We adopt the following two benchmark recommendation

datasets with long-term user activity records.

o ML-1M dataset.! The dataset consists of the activity records
of 6,040 users spanning from year 2000 to 2003, encompassing
approximately 1 million ratings for around 3,900 movies from
the online movie recommendation service MovieLens. We set
r(u,a) = 1, if user u gives movie a a rating greater than 3, oth-
erwise r(u, a) = 0. To ensure data quality, we only retain users
who have provided more than 10 positive rewards and movies
that have received more than 50 ratings.

e 30Music dataset [21]. The dataset consists of listening and
playlist data from 45K users, including 31,351,954 play events on
5.6 million tracks, within a 1-year time window starting from
January, 2014 on Last. FM. We take r(u, a) = 1 if user u completes
listening to a song a at least once, and r(u,a) = 0 otherwise.
To ensure data quality, we adopt the 100-core setting [33], i.e.,
discarding users and tracks with less than 100 interactions.

The statistics of the two datasets are summarized in Table 1.

Simulated Environment. To evaluate the long-term performance

of a recommendation algorithm, it is crucial to allow the algorithm

to interact with users. Following previous work [7], we focus on
evaluating the algorithms on the two benchmark datasets by train-
ing an environment simulator to mimic an interactive environment.

The architecture of the environment simulator is depicted in
Figure 3 in the appendix. Following previous work [6, 7], we em-
ploy a Recurrent Neural Network (RNN) to capture the temporal
dynamics of a user’s state transition. At each time step t, the user’s
state s, ; is constructed by concatenating two components: (1) em-
bedded user features and ID information, and (2) the RNN’s output,
which summarizes the user’s interaction history from previous
t — 1 steps. The RNN recursively feeds its output at time ¢ — 1, the
recommended item to user u at time ¢, and the corresponding user
feedback as input. The element-wise product between s, ; and the
item embedding of item a yields ¢(sy ¢, a). This vector is then lin-
early projected to obtain the reward r(s,, a) and the probability of
user u abandoning the platform after receiving the recommendation
a,ie., P(osyz, a).

The environment simulator is trained by minimizing its error in
predicting the reward and the probability of platform abandonment
recorded in the dataset. Considering the sparsity of the abandon-
ment signal among users, we define the event of a user’s departure
from the platform as after receiving a recommendation there is
no further interaction within two weeks in the ML-1M dataset or
12 hours in the 30Music dataset, when constructing the training
dataset. If a user returns to the platform after the specified time
period (two weeks for ML-1M or 12 hours for 30Music), they are
treated as a new user with the same user features but an empty
interaction history.

During the evaluation process, after the algorithm recommends
item a to the user under state s, ¢, the representation ¢ (s, ;, a) and
reward r(sy,, a) generated by the simulator are presented to the
algorithm. Then we sample sy t+1 ~ P(:|syz, a); if sy,041 = 0, the

Ihttps://grouplens.org/datasets/movielens/1m/

Anon.

Table 1: Statistics of Datasets.

Dataset  #Users #Items #Interactions
ML-1M 6,040 3,883 1,000,209
30Music 45,000 5,675,143 31,351,954

user is considered as leaving the system afterwards; otherwise the

recommendation process continues.

In our experiments, we cluster users into two distinct prefer-
ence groups based on user feature/ID embeddings learned from
the environment simulator. We focus on the setting where w = 1,
defined in Eq.(2), which corresponds to equalizing the long-term
user retention of the two user groups.

Baselines. We compare REFAIR with the following baselines.

e RRM: the repeated risk minimization procedure, as discussed in
Section 2, involves iteratively minimizing the loss on one-step
intermediate feedback to obtain the updated recommendation
policy. This approach is commonly utilized in real-world recom-
mendation systems to enable continuous algorithm update.

e DRO [11]: a repeated risk minimization procedure, based on
distributional robust optimization. It minimizes the maximum
loss among groups at each time step. This approach has been
used to mitigate retention disparity in [11].

o RRM-Fair [27, 28]: a repeated risk minimization procedure that
minimizes the difference of training loss among different groups
at each time step to realize fairness.

e RL-UnFair: a model-based RL algorithm that maximizes the
estimated Q-value for policy learning without incorporating
exploration bonuses or considering retention-level fairness at
each time step [40].

e RL-DM: the model-based RL algorithm that learns a policy x by
directly maximizing the objective function:

Ex [Qt (su,ta au,t) - Act,ﬂ']

where A is a fixed hyper-parameter that balances the trade-off

between fairness and recommendation performance (in analogy

to the Lagrange multiplier method). The term C;  is defined in

Eq.(10) and captures the difference in user retention between two

groups based on the estimated dynamics at time ¢ (i.e., By).
Both RL-UnFair and RL-DM can be viewed as heuristic solutions
leveraging our RL formulation.

Evaluation Metrics. We evaluate all algorithms in terms of their
long-term recommendation performance and retention fairness.

For recommendation performance, we consider two metrics: (1)
Cumulative reward, computed by Es,, )~ [ZLO Yir (su,t, au,t)] ;and
(2) Active rate@T, which measures the ratio of active users at time T
to the total number of users. Higher values for both metrics indicate
better recommendation performance in the long run.

For retention fairness, we utilize the metric Retention disparity,
which quantifies the ratio of the retention probability between
the advantage group (with higher retention probability) and the
disadvantage group (with lower retention probability). A value
closer to 1 indicates a more fair algorithm in terms of long-term
retention. We adopt ratio as a measure of disparity, following [7].

639
640
641
642
643
644

645

647
648
649

650

652
653
654
655
656
657
658
659
660
661
662
663
664
665
666
667
668
669
670
671
672
673
674
675
676
677
678
679
680
681
682
683
684
685
686
687
688
689
690
691
692
693
694
695

696



697
698
699
700
701
702
703
704
705
706
707
708
709
710
711
712
713
714
715
716
717
718
719
720
721
722
723
724
725
726
727
728
729
730
731
732
733
734
735
736
737
738
739
740
741
742
743
744
745
746
747
748
749
750
751

753
754

Retention Depolarization in Recommender System

-0-RRM -~ RRM-Fair <—DRO

Conference’17, July 2017, Washington, DC, USA

RL-UnFair —-— RL-DM —4— REFAIR

-10* -10*
4.2 \
f 16— B T - T e 13- -
T4 E
,,,,,,,,,,,,,,,,,,,,,,,,,, = KR HRHRHHHHHMK D
| 2 |
5 & E &
= Aral = ALz} A
2 g 2 =
Sas g 5
E ] El =
: N ] Sa &
5 & 5 & el
36— ' Pl
. £
X)(
50 100 150 200 250 300 1 50 100 150 200 250 300 20 40 60 80 100 120 1 20 40 60 80 100 120
time step time step time step time step

(a) Cumulative reward on ML-1M (b) Retention disparity on ML-1M

(c) Cumulative reward on 30Music (d) Retention disparity on 30Music

Figure 1: Experiment results regarding cumulative reward and retention disparity on the two real-world datasets.

Table 2: Experiment results regarding Active rate@T.

Algorithm ML-1M  30Music
RRM 0.3870 0.2017
RRM-Fair  0.3869 0.1982
DRO 0.3873 0.3096
RL-UnFair 0.7103 0.5900
RL-DM 0.7151 0.5943
REFAIR 0.7718  0.6247

5.2 Experiment Results

We executed each algorithm for 10 runs with different random
seeds. The average cumulative reward and retention disparity of
each algorithm on the two datasets during the whole recommen-
dation process are presented in Figure 1, while the Active rate@T
performance is reported in Table 2.

o Long-term dynamics matters. Compared to algorithms that also
use our RL formulation, the line of RRM-based algorithms (i.e., RRM,
DRO, RRM-Fair), focusing only on instantaneous objectives at sin-
gle time step, exhibited much lower cumulative rewards (Figure 1a
and 1c), lower active rates thus higher abandonment probabilities
(Table 2), as well as higher retention disparities significantly increas-
ing over time (Figure 1b and 1d). This highlights the necessity and
importance of considering long-term dynamics of user satisfaction
and retention in recommendation policy learning.

o Short-term fairness intervention still polarizes. As shown by the
performance of DRO and RRM-Fair in Figure 1b and 1d, simply
enforcing fairness with respect to the instantaneous metric still
leads to high and increasing retention disparities over time, i.e.,
polarized user population in the long run.

o Enforcing retention fairness under uncertainty depolarizes and im-
proves recommendation performance. The approaches of RL-UnFair
(without explicitly imposing a retention fairness constraint) or
RL-DM (enforcing fairness without considering uncertainty in tran-
sition dynamics estimation) fail in managing retention disparity
over time, as demonstrated in Figure 1b and 1d. In contrast, REFAIR
explicitly factors the environment model estimation uncertainty
into its policy learning and hence achieives better retention fair-
ness, as evidenced by the lowest and mostly converged retention
disparity. Moreover, REFAIR achieves the highest cumulative reward
and active rate@T, indicating stronger long-term recommendation
performance.

Table 3: Effects of exploration bonus and fairness constraint
strength adjustment regarding Active rate@T.

Algorithm RL-UnFair REFAIR-OnlyQ REeFarr-alpha0 REeFaIr
ML-1M 0.7103 0.7085 0.7412 0.7718
30Music 0.5900 0.6212 0.6232 0.6247

5.3 Ablation Studies

To gain a comprehensive understanding of REFAIR, we conducted
ablation studies to examine the effects of two crucial factors in its
design: (1) the impact of the exploration bonus, and (2) the effect
of dynamically adjusting the strength of the fairness constraint by
updating A through dual optimization. We introduce two variants
of REFAIR respectively:
- REFAIR-0onlyQ: REFAIR that maximizes Q-values based on ex-
ploration bonus-calibrated reward without considering retention
fairness.

- REFAIR-alpha0: REFAIR without dynamically adjusting the
strength of the fairness constraint, i.e., = 0 in Eq (12).

e Exploration bonus enhances recommendation performance. From
Figure 2a and 2b, and Table 3, it can be observed that enhancing
reward via exploration bonus (REFAIR-onlyQ) results in higher cu-
mulative reward and active rate@T compared to RL-UnFair, which
directly works under the estimated environment model. This em-
phasizes the importance of exploration in compensating the inac-
curacies in environment estimation. However, without explicitly
enforcing retention fairness, REFAIR-onlyQ experiences higher and
increasing retention disparity over time compared to REFAIR, as
shown in Figure 2¢ and 2d.

o Dynamically adjusting the strength of fairness constraint provides
better fairness control. Compared to REFAIR-alpha0, REFAIR demon-
strates improved control over retention disparity by dynamically
adjusting the strength of the retention fairness constraint through
the update of A, leading to better retention fairness.

6 RELATED WORK

Our work introduces the first framework that enables continuous
improvement of recommendation algorithms while simultaneously
maintaining long-term retention fairness. The following two lines
of work are most related to this work.
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Figure 2: Effects of exploration bonus and fairness constraint
strength adjustment on reward and retention disparity.

Fairness in Recommender System. Fairness, being a fundamen-
tal concept in trustworthy machine learning, has garnered sig-
nificant attention in the field of recommender systems [18, 22].
Extensive research has been conducted to explore and address fair-
ness concerns in recommendation scenarios, which can be broadly
categorized into three types based on the stakeholders involved: 1)
User-side fairness, which aims to balance the quality of recommen-
dation among different users (or user groups); 2) Item-side fairness
[17, 38], which focuses on equalizing exposure of different item
groups in the recommendation list; and, 3) Multiple-sided fairness
[25], which considers fairness concerns from multiple perspectives,
such as user-side, item-side, and sometimes even producer-side
fairness. User-side fairness can be further classified into individ-
ual fairness and group fairness. Individual fairness [15, 26] adopts
a counterfactual notion and aims to ensure similar users receive
recommendations of similar quality. On the other hand, user-side
group fairness focuses on balancing recommendation performance
among different user groups [7, 14, 24, 27, 28, 30]. Our work specif-
ically addresses user-side group fairness. However, most existing
work on user-side group fairness [14, 24, 27, 28, 30] primarily fo-
cuses on balancing group performance on instantaneous metrics
(e.g., prediction error) at a specific time step of RRM. Unfortunately,
these approaches cannot address retention fairness, which requires
equalized user retention over time [23, 32, 40]. Our experiment
results in Section 5.2 further support this argument.

Under the context of long-term fairness in recommender sys-
tems, previous work [9, 10, 20] has primarily focused on leveraging
reinforcement learning techniques to ensure long-term item-side

Anon.

fairness, i.e., equalizing exposure among different item groups in a
long run. A recent study by Chi et al. [7] utilizes reinforcement learn-
ing to achieve equalized cumulative rewards across user groups.
However, this approach requires the policy to directly interact with
users for data collection and policy optimization. If the policy is
not well optimized, especially in the early stage, it can lead to poor
recommendations and seriously hurts user engagement with the
platform. Once a user abandons the platform, there is no way for the
system to regain their participation. In contrast, our work estimates
an environment model for policy learning, which mitigates the risk
of losing users’ trust due to the poor recommendation quality.
Long-term Fairness. Some recent work [8, 29, 31] has approached
long-term group fairness as a reinforcement learning problem, pri-
marily focusing on a sequential binary decision making setting.
However, these settings differ fundamentally from recommenda-
tion scenarios in two key aspects. Firstly, most of them [8, 29] focus
on an episodic setting, which assumes the decision making process
will repeatedly restart from the initial state, which is equivalent to
having all users back to the recommender system when a prede-
fined time horizon comes to its end. But in reality, it is not possible
to regain users who have left the platform. Secondly, in this line of
research, the actions themselves (such as granting a loan) directly
determine the level of fairness (such as the difference in loan ap-
proval rates among user groups). In contrast, a recommendation
decision, i.e., what to recommend, involves unknown impacts on in
user retention among groups. This significantly complicates policy
learning and constraint satisfaction.

7 CONCLUSION

In this paper, we introduce a novel fairness notion concerning long-
term retention across different user groups, driven by the necessity
of diverse long-term user engagement in recommender systems. We
propose the first framework that enables continuous improvement
of recommendation algorithms while enforcing retention fairness.
To tackle the challenge of unknown user retention dynamics, we
propose REFAIR, a model-based reinforcement learning approach
that alternates between environment estimation and fairness con-
trol with respect to the uncertainty of environment estimation. Our
rigorous theoretical analysis demonstrates that REFAIR achieves a
sub-linear regret on cumulative reward and constraint violation,
when the underlying MDP possesses a linear structure. Furthermore,
empirical experiments conducted on two real-world recommenda-
tion datasets validate the effectiveness of REFAIR in optimizing
long-term user satisfaction and ensuring retention fairness.

In our theoretical analysis, we primarily focused on linear en-
vironments. As our future work, we plan to explore the extension
of REFAIR to more complex environment assumptions, including
kernel-based [35] and neural network-based [36] models. Addition-
ally, in this work, the recommendation policy is learnt completely
from the estimated environment. Given the effectiveness of of-
fline RL algorithms [13], previously logged interactions can also
be leveraged to jump start policy learning and further improve
empirical performance. Furthermore, analyzing the tightness of
our constraint relaxation and exploring new methods to further
tighten it are also important for achieving further improvements
on retention fairness.
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7.1 Theoretical Proof.

In this section, we provide a detailed proof of the theorems and
lemmas in Section 3.2. For simplicity, we use 7y to represent g, in
the following proof.

Proof of Lemma 3.3:

Proor. We first show the validity of the exploration bonus.

Validity of b;. Recall that €, , = P(s|sy,s, au,t) — 1s,,,,=s, and

E[e;, ;ID:] = 0,Vs. Under the linear structure assumption in Eq.(7),
we have the following lemmas from previous work [1, 3].

Lemma 7.1 (Uniform Convergence Results (Lemma 8.7 in [3])).
Fixg € (0,1), for allt, alls, a, with probability at least 1 — ¢, we have:

|(BeCls.) = BCls.0)) V| < B9 s @l

with Bt = O(+/dlog(tU)).
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Lemma 7.2 (Theorem 2 in [1]). For a fixed ¢ € (0, 1), with proba-
bility at least 1 — ¢, for all t, and all s, a, we have:

Ft(5,0) = (5, )] < 1905, @)l ( dlog(* 1) +:<1/2L)

B

According the definition of valid exploration bonus in Definition
3.1, we have:

ii(5,0) = r(s.@) +y (BeCls.@) - PC1s.a)) V|
< Iii(s,0) = r(s. @)l +7|(BeCls @) - BCls @) Vi
< Bollp(s.a)lip- +yBilig (s, a)llp--

This conclude the validity of the exploration bonus b;.

Compatible c;. Next we show the compatibility of the derived
ct. According to the Definition 3.2, we have

Esu1[~d,“,n; [Pt(?t olsu,t, au,t)] - WESu,szf,ﬂt* [Pt(i olsu,z, au,t)]‘

Z Pt(sl|3u,t, au,t) - P(5,|3u,t, au,t)

Bse~di.r;

s’#0
+w Esuz~df’,7f; Z Pt(sl|3u,t, ayy) — P(s/|5u,ts au,t)”
' s’#0
+ E%{pd?,ﬂ? [P(i olsu,ts au,t)] - WESu,szf,lr;‘ [P(:it 0lsy,1, au,t)]‘

<e, for 7y

(13)

Let ﬂg = (K\/E +3,/dlog (%)) According to Lemma 7.3,

we can bound the first two terms as follows:

Esye~dg.n;

Z B (s Iswes aue) = B(S [su,zs au,t)]

s’#0

Z B (' [sue ) = P(s"Isus aue)

< a o x
= Esu,t~dt T}

|

s’#o0
ot
< BBy a1 Gt )l 1]
Let omax = maxs,, q % and ﬂé = Omax * ﬂé, with importance

sampling, Eq.(13) can be rewritten as:

IE:su,twit“,n;k [Pt(:’t 0[Sy, au,l)] - WEsu)[~df,7r; [I@t(i olsuz, au,t)]‘

< it 16 Gt ) et 14 WBEE o (16 G @) 1]

ct

This concludes the whole proof. O

Lemma 7.3. For a fixed o € (0,1), with probability at least 1 — o,
forallt, and all s, a, we have:

1+tU/x

> Bl )] - B ls.a) - )) (5. @l

s’#o

S(K d+3 dlog(

Anon.

Proor. Define V, : & — [0,1] with V,(0) = 0, otherwise
Vo(s) = 1,Vs # o. Let ji; and €,; represent the stacked vectors of
i3 and elii = P(slsu,i> @u,i) — s, ;,,=s across S, respectively. Then
we have:

D Bi(s'ls, )] ~ P(s'ls, )

s’ #0
=1(e ¢ (s, a) — pep(s, @) - Vo
(1) ‘
<

= |(BCls.0) - BCls @) Vo

kp(s,a)T A7 () Vo | +

-1
< K VAllp(s, Dl + 1B(s, Dl -1 3, > $sui @) (e Vollp;

i=0
where inequality (1) is according to the Lemma 8.3 in [3]. Moreover,
Lemma 8.4 in [3] shows that:

t-1
det(A;)1/2 det(xI)~1/2
1SS 66 i) eun) Vol < 3\/1n () detleD
t o
i=0 u
< 3,/dlog (M)
K

Thus we concludes the proof. O

Proof of Theorem 3.4:

Proor. We first prove the cumulative regret bound over T rounds.

We denote \7t” (su,r) as the value function of x at state s, ; with
estimated reward function 7; in Eq.(3) and estimated transition
dynamics P;. Let Vi (su,r) represent the expected cumulative re-
ward, starting from time t and following the derived policy se-
quence g, Tg,, > - ON the ground-truth MDP with the true re-
ward function r and transition dynamics P. And we define A; =
Egymd, V" ()] = Egy o, [V (s0)].
Then we have:

T-1 T-t
Regret(T) = )" |Bg,, [V (sur)] - Es,, Zy"r(su,ﬁk,au,nk)])
t=0 k=0
T-1
=) A (14)
t=0

We then get:

(@ ..
Ay < Esu‘pdt [V, (Su,t)] - Esu,pd, [Vt(su,t)]

®) o

< By, [V ()] = Baypa, Ve ()] (15)

where the inequality (a) is due to the optimism proved in Lemma 7.5,
and inequality (b) arises from the fact that 7; is the optimal solution
for Eq.(6).

Recall that:

;r, (su,t, au,t) =7 (su,t, au,t) + YPt('lsu,t, au,t)tht,

t—1
Z Z (]5(3, a)TAt_lfﬁ(su,i, au,i)(eu,i)TVo
i=0 u
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thus we have: Plugging in the upper bound of M(T) in Lemma 7.4, we get: 1219
QA;[t (su,z, au,t) Y (Su,ta au,t) T-1 1%,20
: : 7 S By V7 (51 = V78 ()] < VinaxM(T)
= e (Suts Qut) + VP Clsue, au) Vi = r(sue aut) = YPe(Isu,ts Gut) Vi pe Suts~dra LTt 20 t+1 = rmax 1222
= Pt (Sut @ut) = r(Sues aur) + Y Py Clsu, aue) = PClsu, aue) V™ d+UT/x e
R < anaxd log 7 1 1224
+YP(Isut, aut) (Vtm - Vt+1) + by (sut, aut). 08 1225
Let For the first term, we have: 1226
1227
BELLy, t = 7+ (sut, aur)—r(Sust, aut)+ B, (-|s saut)—P(:|sus a V”’, T T ;
u,t t(Su,t Qu,t) =7 (Su,t, )y (Pr (clsu,e, aue) =P [sut, au,t)) E[Z BELL; + by (sur, auy)] < E[Z IBELL:| + by (sur aur)] 1228
and take expectation regarding policy 7; to select a,,; and state, = = 1229
we have: T T 1230
% t t 1231
B, ~d, V7" (5u0)] = Bs,,q, Vi (su0)] < ZE[; be(suta, )l < 2B ;Ufl * Bl (s aut)lap
< Esu,t"’dtaﬂt [BELLu’t] +Esu,t~dt,ﬂ't [bt(su,t, au,t)] T 1233
. T | oT 3
+VEs, ~dps [V (1) = Vi1 (sure1)] =2(p; +P;)E Z 4 (st )l 51 ZZ:
' =0
< Esu,t"’dt;”t [BELLu’t] +ESu,:~dt,7l'z [bt(su,t, au,t)] - 1236
It T4 1237
Vs parmdpn V7 (Stt) = V5 (s 41)] < 208] + B\ T D 19 Cursaun)?
N — t
+VEs, poi~din [V (sure1) = Vet (Sue1)]- =0 1230
Summarizing over t = 0,..., T — 1, we have: < 2(ﬂ1T . ﬁzT) Tdlog (d + ZU/K)~ Z;ul]
T-1 T-1
Eqp o~y [V () = Velsun)] < ) Bty [BELLut + b (supsangy)] .
;) St~ ; St 0T [ uffelalhng that ﬂlT = O(d4/log(UT)) and ﬁzT = 0(+/dlog(TU)), we 1243
T-1 can summarize the results as follows: 1244
+ E - V(s — T (g y 1245
pr VEsurdin V7 (i) = Vi (Su)] Regret(T) < O (‘ldSTlog(l/g) log(UT)) 1246
T-1 1247
+ Z YEs, 1i~dynr [17;31” (surs1) — Vir1 Gurs1)] (16) Constrained Violation Bound. Next we bound the average viola- 1248
U+ + d >
=0 tion of constraints over T rounds. 1249
For the last term, we have: Creg (T) ZZ‘:
T-1
ZE oo V25 (s41) = Vit (Sue+1) ] $ 1
£ Sut+1~0r+1 LT 41 u, u, = Z Esu,:~d?,7ft [P(-'/: o|su,t, au,t)] - WESu,tthh,ﬂ't []P(;t O|Su’t, au,t)]‘ 1253
T-1 £=0 1254
N ~ T-1
< Eg o a [V (sus) — Vi(s — (V™ (su0) = Vo (s - A 25
Zs Sut d, [V Gue) = Ve(sue)] = (Vg (su,0) — Vo(su0)) < Esu,:~d?,m [IP’;(;t 0|Su,t, au,t)] - wEquNd:,,m [Pt(i 0|su,z, aujt)]l256
. =0 1257
+ (V;}T (su,T) - VT(su,T)) T-1 1258
’ D -
= S TTy + Z ESu,tNdf,ﬂ't /Z P(S |5u,t, au,f) - P(S |5u,t, au,t) 1259
< Wimax + ) Egy o, [V (5ut) = Vi (su)] (17) =0 $70 260
=0 T-1
~ 1261
Plugging Eq.(17) into Eq.(16), we have: +w Esu,t"’d[b,”t [ Z P(s [su,t. aut) = B(5 |su,t, au,t) } 1262
=0 s'#0 1263
T-1 1 T < 2ct 1264
- B P ,
2 By V7 () = Veloun)] € 7B BELLue 4 bi(sunsaud)] y i eor o e (a by, we have:
t=0 t=0 1266
T-1 T-1
Y P IT, Ty 2Vmax d+ TU/K 1267
+ E Esri~dis Vi Guee1) = Vi (sure)] + Ty Es,,)pdtg [Z 1$ (s au,t)”A;l] < 4|Tdlog (T 1268
t=0 (18) t=0 1269

For the second part, since there is in total M(T) switches, we
known that there are at most M(T) non-zero terms, thus we have:

T-1
D B V7 Guts) = V7 ()] < VinaxM(T).
t=0

11

Recall that fT = O(+/dlog(TU)), thus the constraint violation 1270
3 g

over T rounds is bounded by: 1
1272

Creg(T) <O ((1 +w)dTlog(1/<) log(UT)) 127

1274

Thus we conclude the proof. O 1275
1276
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Lemma 7.4. (Bounding the switches.) The total number of switches
can be bounded as follows:

M(T) < Lcllog

(d+UT/K)
S TAL P
log2

d

ProoF. On one hand, we have

det(Ap) M

det(Atsﬂ ) > ZM(T) -1
det(Ag) — - ’

s=1 det(/\[S )

On the otherhand, we also have:

Tr(Ay A7)
d

det(A7)

= det(A; 1A
det(Ag) ~ det(Po AT) <

d d
d+UT/x
< .
d

Combing above inequalities, we can get:

(d+UT/lc) ‘1

1
M(T) < —dlog |~

log 2

Lemma 7.5 (Optimism). For any policy 7, we have

V”(su,t) < th(su,t), Yu, t

PrOOF. Recall that V; is calculated with estimated reward func-
tion 7 in Eq.(3) and estimated transition dynamics PP;. Since we fo-
cus on the finite horizon settings, thus V7 (s, 741) = V" (sy,141) =
0.

We prove this lemma through induction. Assuming the inductive
hypothesis V7 (sy,1+1) < V7 (sy,1+1), we have:

Vt’r(su,t) =Ex ft(su,ts au,t) + bu,l +y Z ]@t(su,ﬂ—l |5u,ts au,t)‘}tn(su,t+l)

Su,t+1

Ve P v
> By [r(sutaue) +y (Su,e+1l5uts @u ) VY (Sue+1)

Su,t+1

(2
> By [r(sutaue) +y Z P(su,t+11Suts Qut )V (Su41)

Su,t+1

= V” (su,t)

Inequality (1) is due to the validity of b, ; in Definition 3.1, and
inequality (2) is due to the inductive hypothesis V7 (syr41) <
Vi (su,t+1)

O

8 APPENDIX

8.1 Detailed derivation of policy gradients of
Eq.(9).

We first provide a detailed derivation for the optimal policy 7* in
Eq. (9). Let A and v denote the Lagrangian multiplier of the first and
second constraint in Eq. (9) respectively. Then we have

L(19.4,0) = Ac+00+Es,, 1y [ Or (St Gut) | -ACE 1 ~0Dxt (oo, )
12

Anon.

r(su,tr a) P(olsu,tv a)
user ID
&features

item a, 3 reward

item @y, 1 reward

Figure 3: Architecture of the environment simulator.

— RNNCell —

use

Sut

We can observe L (g, A, v) is linear with respect to xg. Therefore,
it follows that Slater’s constraint qualification is satisfied and strong
duality holds.

p* = max min £L(rg,A,0) = min max L(7g,A0v). (19)
>0 79

Ty Ao=0 Ao

For the inner optimization problem, i.e.,

max L(rg, A,v)
Ty

s.t., Z wy(alsu,s) =1, mg(alsy:) =0

a

Similarly, denoting { as the Lagrange multiplier for the constraints
Yawy(alsyt) = 1, we have:

G(n9) = A} = AC} g = £ () 7 (alsus) = 1)
a
+Es, s Z w9 (alsur) (Qt (Su,e>a) — v(logmy(alsy,;) —logmy,_, (a|su,t)))}
Taking the derivative of G(xr) with respect to 79 and setting it to
zero, we can derive the following optimal policy:
e Ifuser u is in group a:
79, (alsu,t) 1. A4
7" (alsu) = ZH— exp | = Qr(su, @) = 2= Cp o Py (# 0lsu,e, @)
)L,v(su,t) (4 (4
e Ifuser u is in group b:
. 79, (alsu,r) 14 Ao
7t (alsur) = —=————exp | ~Qr(sus, @) + 2w —Crx Py (# olsur, a)
)L,v(su,t) 4 4
Let w9 = —1 if the user is in group a and w9 = w if the user is in
group b. By substituting 7* into Eq. (19), we obtain:

min /10? +00 — AC? -
Ao>0 >

+ Byt [Ot (Sup. @) — v(log 7 (alsu,s) — log g, (alsus))]
=Ac? +vo - /ICin*

+Es,, 1 [U log Z) o (su,t) — ZAwgCtl,,*]@’t(i olsu,, a)]

p'=

(20)
Lemma 8.1. The gradients of
L(9) = Eq,, ,~d, [DxL(75l7") [s,¢]]
takes the form:
VoL(9) = Es, ,~a, [VoDxi(m9llm") [sue]],
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VoD (gl ™) [su,t] = VoDxr (mgllmg, ;) [su,]

1 Vorg(alsu,:) .
- _Ea~n‘9t71 [—u (Q(su,ta a) + ZWgACt,ﬂSPt(i olsut, a) s
v 79,_, (alsuz)
where w? = —1 and w® = w.

Proor. We first have that :

Dy (gl ™) [su,e]

Z 79(alsu,) log 7" (alsu,)

(A1)
+ Z g (alsu,r) log g (alsy,t)
a

Let

S
R
|
—_——
|
:—‘
Q@
([l
SRS

For A1, we have:

79, (@lsur)

- mg(alsy:)lo
Za] o(alsu) log | 77 ms

1 A .
exp (;Q(Su,t: a) + ZWg;Ct,n*Pt(i olsu,t, a)) )
~ = 3 mo(alsue) log my, , (alsur) +10g Z o (suz)
a

1 .
Ty Z g (alsuz) (Q(Su,ts a) + 2wIACs o Py (# 0lsut, a))
a

We then subtract the entropy term to recover the KL divergence:

Dyp(mgllm®) [sue] = Dre(mgllms, ) [sur] +10g Zp o (sur)

e [Vsﬁ&(alsu,t)
_lg,. Yormglalsut)
v 1 g, (alsur)

where the last equality we applied importance sampling to rewrite

the expectation w.r.t 7y, ,. Finally, taking the gradient on both
sides, we will finish the proof. O

Update A and v. Recall the dual optimization problem is derived
as follows (Eq.(20)):

p* = min Ac? +vo — /1C
A,0>0

+Eg,, 1" [v log Z) »(su,t) — legC,ﬂ*I@’;(i olsu,z, a)]

For simplicity, we denote

~ 1. A \
0 (suz a) = ;Qt(su,b a) + ZWg;Ct,n*Pt(¢ olsyt, a).

(Q(su,t, a) + 2wglCt,ﬂ3]@’t(¢ olsu,z a)]
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We first focus on the derivative of 7* regarding to the A.
o (alsu,r)
oA
my, , (alsur)

_ , a
= T Zuloun) 57

N9
Ziv(su,,) exp(Q; (sut,a))

0Z) o (su
— exp(OY (s a))M

_ 7y, (alsur) Q] (su £ )
Z)L,v(su,t)
7y, (alsur)

Z/Lv(su,t)

exp(Q] (sut, @)

9 log ZA,U (Su,t)

exp(Q] (sut, @) p

dlog Z ,(su,t)
A

Thus the derivative of the last expectation term in p* with respect
to A can be expressed as:

0
aESu,tJT* [

w9 .
= ZTCt,Jr*Pt(i olsu,r, a)m* (alsut) — 7" (alsu,r)

vlog Z) o (sur) — 2AwWIC, =Py (# 0lsus. a)

9 m*(alsur)

ar —2A gC *P # ,
a/‘lﬂgt—l(abu,t)( WIC 2Pt (# olsu,r. a)

= Esu,z,ﬂs,,l

+vlog Z/Lv(su,t))]
1 (UI‘[* (a|s ) log Z)L,v(su,t)
79, , (alsur) wt oA

— 2wIn* (alsu,e)Cr e Pr (# olsuz, @)

= Esu,z,ﬂst,l [

+_a”*(aBuJ)

> (—legctsﬂd@’t(i olsuz a) + vlogZ,LU(su,t)) )]

w9 R
= Es, 1" [ZTCt,n*Pt(i 0|Su,z, @) (U log Z 4 (su,t)

—ZWQACL,[*P;(;& olsu,z, a))

dlog Z, ., (s )
— g+(ut) (U log Z) »(su,t) — 2wINCs By (# 0ls, a))
log Z; ., (s .
Ugg—;(u’t) - ZWgC[’H*Pt(;é 0|su,t5 a)] (21)
Also
02y o(sus)
:;/1 - ol Z 79, (alsur) exp(Qt (sut,a))

. w N
= Z Y, 4 (alsu,t) eXP(Q?(Su,t, a)) * (ZTCt,n*Pt(i olsu, a)
a

Z)0(sut) :
= ME;T* [2wWICt o Pr(# 0lsue, )]

Therefore,
alogz}l,v(su,t) _ aZA,v(qu) * 1
oA - o Z),0(su)
1 .
= ;En* [2WIC, Pt (# 0|5y, a)] (22)
Thus,
J

ﬁESW,* [0log Z) o (sut) — 2AWICs 7+ Py (# olsur, @) =0 (23)

1459
1460
1461
1462
1463
1464
1465
1466
1467
1468
1469
1470
1471
1472
1473
1474
1475
1476
1477
1478
1479
1480
1481
1482
1483
1484
1485
1486
1487
1488
1489
1490
1491
1492
1493
1494
1495
1496
1497
1498
1499
1500
1501
1502
1503
1504
1505
1506
1507
1508



1509
1510
1511
1512
1513
1514
1515
1516
1517
1518
1519
1520
1521
1522
1523
1524
1525
1526
1527
1528
1529
1530
1531
1532
1533
1534
1535
1536
1537
1538
1539
1540
1541
1542
1543
1544
1545
1546
1547
1548
1549
1550
1551
1552
1553
1554
1555
1556
1557
1558
1559
1560
1561
1562
1563
1564
1565
1566

Conference’17, July 2017, Washington, DC, USA

The derivative of L (7", A,0) w.rt Ais:

3.[,(71*,/1,0) _ 2
= =

A

-C

2
t,or

*

(24)

14

Anon.

With the optimized policy at time ¢ being 7g,, the update rule for A
is as follows:

A proj; (A — a(c? - Cina, )) (25)

The projection operator proj, projects A back to [0, A™**]. And «
is the step size.
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