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A key consideration in the design of recommender systems is the long term well-being of users. In this work, we formalize this
challenge as a multi-objective, safe reinforcement learning problem, balancing positive user feedback and the “healthiness” of user
trajectories. We note that in some cases, naively balancing these objectives can lead to unhealthy experiences, even if unlikely, still
occurring in a small subset of users leading us to examine a distributional notion of recommendation safety. Thus, we propose a
reinforcement learning approach that optimizes for positive feedback from users while simultaneously optimizing for the health of
worst-case users to remain high. To empirically validate our method, we develop a novel research simulation environment motivated
by a movie recommendation setting that considers exposure to violence as a proxy for unhealthy recommendations. We demonstrate
how our method reduces unhealthy recommendations to the most vulnerable users, without sacrificing much user satisfaction.
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INTRODUCTION

Recommendations play an important role in the choices people make in many areas including entertainment, shopping,
food, news, employment and education. These recommender systems are typically optimized for user engagement or
satisfaction, but it is also valuable in many applications for them to create positive and healthy user experiences. For
example, we may want repeated recommendations for restaurants to both be enjoyable to users and also mostly healthy;
recommending only ice cream, while enjoyable, is likely not a good experience. Similarly in movie recommendation,
some users may prefer a recommender system that recommends enjoyable movies but limits the amount of exposure to
violence or some other negative content [1].
How should a recommender responsibly make item recommendations when selecting from a corpus that contains
some amount of potentially unhealthy content like violence in movies or poor nutrition in restaurants? Both nutrition
and violence are not binary but rather continuous-valued quantities and in designing a recommender, a positive user
experience may include the occasional interaction with these types of items, but repeated exposure may ultimately lead
to a negative user experience. Hence, in formulating the problem, we examine two competing objectives: optimizing for
positive feedback, like positive ratings, and also for limiting long-term exposure to unhealthy items.
We simulate a simplified form of the problem using the Movielens dataset [20] with users who prefer exactly one
genre of movie, and we consider violence as a problematic feature that a recommender may want to limit exposure to
in the long-term. In our analysis, we discover that jointly optimizing for avoiding violence and improving user ratings
can help improve the average case, but fails to account for a small minority of users who indeed prefer genres that are
highly correlated with violence, like crime or war films. We then describe a modified objective that can optimize for
a distributional view of exposure to violence, achieving a more positive experience even for users whose tastes are
strongly correlated with this violence.
Contributions: We propose a novel definition for safe reinforcement learning in recommender systems (Section 3)
where safety is defined as an exposure metric (health risk) for worst-case user trajectories. We show how to optimize this
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metric in a sequential recommendation setting with a policy gradient algorithm (Section 4). We formulate a simplified
simulation environment, using the movielens dataset [20] that exposes a tension between user rating feedback and
exposure to violence. Finally, we evaluate the learning algorithm in this simulation environment to examine aspects of
its behavior and performance (Section 5).
2

RELATED WORK

Conventionally, recommender systems (RS) have used collaborative filtering to build an accurate model of short-term
feedback from a user by using their past history [18, 32]. For this task, latent factor models and matrix factorization
techniques have shown promise in many real-world rating prediction tasks [27]. Recently there has been a growing
interest in studying interactive recommender systems that treat recommendations as a sequence of interactions with
users [21]. Given the considerable success of Reinforcement Learning (RL) in games [31], robotics [5], and physical
system control [40], it has become a common framework to train recommenders that optimize user feedback over the
entire sequence [8, 45, 49]. However, the use of RL for recommendations brings new challenges of its own. Since data
collection for recommender systems in practice requires interaction with real users, it is often necessary to use offline
data from past recommendation policies to train better ones [7]. Another challenge is the size of the action space that
can range from hundreds to millions depending on the recommendation task [13, 26].
In this work, we will adopt the Safe Reinforcement Learning (Safe RL) approach to building recommender systems.
The problem of safety in RL has been a long-studied topic, originating in robotics where it is crucial that the agent
avoids physical damage while completing tasks [29]. Additionally, safety has been studied in other contexts where
risk is formulated as a function of different sources of uncertainties in the environment and agent interactions e.g.
the stochasticity of the agent [10, 22], variance of the rewards [34], worst-case outcome [4], probability of an agent
producing a high-risk trajectory [29] or reaching an unsafe state [16] (see García et al. [15] for a comprehensive survey).
In this work, we specifically use the percentile risk criteria defined on a measure we will refer to as the health risk of
the recommendation trajectories (Section 3) and adapt the Policy Gradient algorithm from Tamar et al. [42] to train
recommendation agents (Section 4).
Our work is motivated by the growing community of research in fairness, accountability, and transparency in
recommender systems [2, 3, 14, 37, 38]. Our goal of minimizing negative experiences for the worst-case users is aligned
with the fairness principle of not posing a disproportionate amount of risk to a sensitive group [19]. Studying the
effect of recommender systems on users and the platform is difficult for a number of reasons. First, a true audit of
recommender systems often requires setting up real-world online experiments to carefully disentangle the effects of
the recommender system policy from other exogenous variables that impact user choices [36]. Second, there are often
multiple evaluation criteria that may have inherent trade-offs. While most of these metrics are based on measurements
that are convenient for the system to make, the choice of any one metric is often debatable [24]. One of the key methods
to study and understand the dynamics and effects of recommender systems is the use of simulation studies. A few
recent works have focused on using simulations to study the effect of recommender systems on the homogeneity of
recommended items [6], the utility for the user [39], popularity of items [17, 48], and welfare of the item providers [30].
The hypothesis is that if stylized user models built for simulations are close to reality, the simulations will demonstrate
the same phenomena that occur with real users. For our simulation, we use the Recsim framework [25] to develop user
models and recommendation algorithms for reproducible experiments. While the related works emphasize identifying
the potential effects of recommender systems on its user and the platform, our research focuses on incorporating safety
into learning algorithms for the RS to optimize for a positive experience, even in the worst-case.
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FRAMEWORK: SAFE REINFORCEMENT LEARNING FOR RECOMMENDATIONS

In this section, we provide our problem setup for sequential recommendations as a Reinforcement Learning problem
and define the healthiness of a recommendation policy using an exposure metric for worst-case users.
3.1

Background: Recommendation as Reinforcement Learning

In our setup, for each user session i, a user ui ∈ U arrives to the system and seeks recommendations from a set of
items D (e.g. movies). At each time step t ∈ {1 . . . T } of their trajectory, the recommendation policy, denoted by π ,
recommends an item vi,t from D based on their interactions in the trajectory so far. For each recommendation vi,t ,
the user provides feedback to the recommender system (e.g. click or rating) based on their current preference for the
item. We will refer to this feedback as the reward and denote it by r i,t . In short, the user ui experiences a trajectory
τi = (vi,1 , vi,2 , . . . , vi,T ) while returning reward feedback (r i,1 , r i,2 , . . . , r i,T ). The primary goal of the recommendation
ÍN
R(τi ) where
system is to maximize the cumulative reward of the recommendations provided to users i.e. N1 i=1
Í
1
T
R(τi ) = T t =1 r i,t and N is the number of users. Note that, in general, one could extend this formulation to a set of
recommendations, e.g. as a slate or a ranking, at each time step t.

The goal of building an effective recommender system for this sequential recommendation setup is to learn a
recommendation policy π that maps a user’s current trajectory (observed state) to a recommendation (action) while
maximizing the cumulative reward over a distribution of users. In this work, we assume the length of each user trajectory
to be fixed to T without the loss of generality. Our setup can further be extended to the case where the user may leave
the session before T steps.
3.2

Problem Formulation: Health in Recommendations

As we discussed in Section 1, our objective is to balance the positive feedback a user provides with their exposure to
potentially problematic content, which we will refer to as health risk. In this section, we will formalize the notion of
health risk for both average and worst-case user trajectories.
3.2.1 Health Risk of a recommendation trajectory. The unhealthiness of each user’s experience can be quantified by
assigning a health risk score to each item and aggregating the risk over the user’s trajectory. Assume that each item v j
is associated with a health risk hv j ∈ [0, 1], e.g. the amount of violence in a movie, some measure of the unhealthiness
Í
of a food option, etc. We then define the health risk of a trajectory τ = (v 1 , v 2 , v 3 , . . . , vT ) to be Hrisk (τ ) = T1 Tt=1 hvt ,
the average health risk of items in this trajectory. In this work, we assume that health risk score is fixed for each item
and can be aggregated over a user’s trajectory as an average, however, in general, our method is agnostic to the choice
of the health risk metric for recommendations and can easily be extended to other ways of aggregating over a trajectory.
3.2.2 Health Risk for the worst-case users. While optimizing to minimize health risk may be beneficial, it doesn’t
necessarily capture each user’s experience and hence we extend the definition of health risk specifically to worst-case
users through a distributional criteria. For a given percentile level α, the worst-case users are defined to be the set of
users in the top (1 − α) percentile of Hrisk values (Figure 1). To quantify the health risk that is borne by these users, we
use the expected value of Hrisk for these users with the highest Hrisk , which is referred to as Conditional Value-at-Risk
at α (CVaRα ), which can be defined as
CV aR α (Hrisk |π ) ≜ Eτ ∼π [Hrisk (τ )|Hrisk (τ ) ≥ V aR α (Hrisk |π )]

(1)
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where VaRα refers to the Value-at-Risk and is equal to the cut-off value for the top-α percentile of users i.e. V aR α (Hrisk |π ) ≜
min h s.t. P π (Hrisk ≤ h) ≥ α. Figure 1 depicts a distribution of Hrisk over user trajectories for an example policy π . The
x-axis represents the health risk and the y-axis represents the frequency of users at each level of health risk. While
VaR is the lower-bound value of the worst case users, CVaR is the average of Hrisk values of the users that lie above
VaR .
METHOD: OPTIMIZING REWARD AND CVAR

Probability = 1

In this section, we introduce policies defined by three different objectives: optimizing purely for reward, balancing reward
with average health, and balancing reward with the health of
worst-case users (CVaR). We see how all three policies can
be learned through adaptations of the REINFORCE algorithm
and in Section 6, we compare their performance tradeoffs in
simulation.

Fraction of Users

4

VaR
CVaR =
0.0

0.2

0.4

Hrisk

0.6

0.8

[Hrisk( )|Hrisk( ) VaR ]
1.0

Fig. 1. VaRα is defined as the α th percentile risk. CVaRα is
defined as the average of Health risks in the shaded region.

(1) Reward Optimizing: Our first policy takes the traditional approach of purely optimizing for reward, ignoring the
health risk that users might experience. The objective of this policy can thus be described by:
πθ ∗ = argmax
θ

Eτ ∼πθ [R(τ )]

where R(τ ) is the cumulative reward over the trajectory τ . To optimize the reward, we train the REINFORCE algorithm
[46] which states that the gradient formula using the likelihood ratio trick is
∇θ Eτ ∼πθ [R(τ )] = Eτ ∼πθ ∇θ log P(τ |πθ ) [R(τ )]
In practice, when performing Empirical Risk Minimization over samples from the current policy, the expectation can be
estimated as an average over a minibatch of trajectories sampled fromh the policy πθ and the gradient can beiexpressed
Í
ÍT
ÍT
t ′ −t r ′
as a sum over each time step in each trajectory as B1 {τ1, ...,τ B }∼πθ
where γ
t
t =1 ∇θ log P(τt |πθ )
t ′ =t γ
is a discount factor ∈ (0, 1] and B is the batch size. A more detailed derivation can be found in Schulman et al. [35].

(2) Multiobjective with Average Health: In order to incorporate health, we first examine a multiobjective agent
(see, e.g. [28]) that balances the expected reward against the average health across the trajectory:
πθ ∗ = argmax
θ

Eτ ∼πθ [R(τ )] − λEτ ∼πθ [Hrisk (τ )]

Here λ is a hyperparameter to control the agent’s trade-off between the two objectives. Similar to the gradient formulation
in case of optimizing reward only, we optimize this multiobjective reward by replacing R(τ ) with R(τ ) − λHrisk (τ ).
(3) Multiobjective with Worst Case Health: Finally, we will examine an agent that optimizes for the health of
worst-case users directly via the Conditional Value-at-Risk (CVaR). The overall objective of our recommender system is
thus:
πθ ∗ = argmax
θ

Eτ ∼πθ [R(τ )] − λCVaR α (Hrisk |π )

(2)

Since CVaR is a property of policy π rather than each trajectory τ , we follow Rockafellar et al. [33] to rewrite it as:


1
CVaR α (Hrisk |π ) = ν α (π ) +
Eπ [(Hrisk (τ ) − ν α (π ))+ ]
1−α
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where ν α (π ) is the VaR at α for the policy π , and (x)+ = max(0, x). Since CVaR is thus expressed as an expectation over
trajectories τ drawn from the policy π , we are able to combine the two terms of our objective such that:



+
1
πθ ∗ = argmax Eτ ∼πθ R(τ ) − λ ν α (π ) +
= argmax Eτ ∼πθ R ′ (τ , ν α (π ))
Hrisk (τ ) − ν α (π )
1−α
θ
θ

1 (H
(where R ′ (τ , ν α (π )) = R(τ ) − λ ν α (π ) + 1−α
risk (τ ) − ν α (π )) )
Note that our modified reward function R ′ (τ , ν α (π )) is not only a function of trajectories τ but also the policy π because
of the ν α (π ) term and hence the gradient of the term with VaR is not as straightforward. One approach to write a policy
gradient update that respects the dependence of ν on π is to treat it as a parameter of the model and then alternately
update it with θ [9]. However, this has only been shown to converge well in smaller MDPs. In comparison, Tamar
et al. [41, 42] introduce a much simpler approach that allows minibatching. The work proves that as long as the risk
score is continuous and bounded, one can approximate the gradient of CVaR for a minibatch gradient descent by first
estimating the VaR over the minibatch, and then plug it into the modified reward function to compute a REINFORCE
update for R ′ [46]. The approximation for the gradient estimate can hence be written as
∇θ Eτ ∼πθ R ′ (τ , ν α (π )) ≈ ∇θ Eτ ∼πθ R ′ (τ , ν˜α )
where ν˜α is equal to the α-th percentile Hrisk in a sample of trajectories from πθ . The gradient estimate is only an
approximation because ν˜α is a biased estimator of the VaRα (π ) of the entire user population. However, the estimator
ν˜α is consistent i.e. choosing a large enough minibatch reduces the bias to 0. Hence, in our experiments, we choose a
large enough minibatch (equal to 128) for each policy gradient step [42]. Now, using the log-likelihood ratio trick from
Williams [46], the final formulation of the gradient step looks as follows

′
∇θ Eτ ∼πθ R (τ , ν˜α ) = Eτ ∼πθ ∇θ log P(τ |πθ ) R(τ ) −

λ
(H (τ ) − ν˜α )+
1 − α risk


(3)

Similar to our previous objectives, during training, this expectation can be estimated as an average over sampled
trajectories from πθ to compute the empirical gradient estimate.
5

EXPERIMENTAL DESIGN

To evaluate our proposed approach for maximizing the health for the worst-case users, we present a set of experiments
on a simulated movie recommendation setup.
5.1

Simulated Movie Recommendation Setup

We consider a set of simulated users on a subset of movies in the Movielens 1M dataset [20]. We associate each movie
with a Violence tag score from the Movielens Tag-genome Dataset [44], ranging from 0 to 1 for each movie, which we
choose as a proxy for Hrisk . Our purpose in this investigation is not to suggest that violence is the right measure of
health risk for movies (see e.g. [1, 11] for a more detailed discussion), but rather to illustrate how one might go about
balancing these risks for a given definition of health. For the simulation experiments, we select a 10% subset (around
400 movies) such that the distribution of violence scores for the subset is uniform between 0 and 1. Each movie is also
associated with a list of genres that we represent as a multi-hot vector embedding for the movie.
We simulate a set of users such that each user is interested in exactly one movie genre, which is represented by a
one-hot vector of size equal to the set of movie genres. The rating of a user for a particular movie is thus expressed as
the dot product between the user and the movie vector.

6
In our simulation setup, each user starts with an empty
history and the agent adapts to the feedback as the user
interacts with the recommendation at each time-step.
The challenge for the agent is to figure out the preferred
genre of the user, hopefully in the initial few steps of each
trajectory, and then exploit that knowledge to collect high
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rewards for the remaining steps where the agent is not
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permitted to recommend duplicate movies in a trajectory. Fig. 2. Distribution of Violence scores for different movie genres in
While this is a deliberately simple setup, we will see our corpus.
that it leads to non-trivial trade-offs between our two objectives. The essential tension in this simulation is that some
genres have disproportionately more movies with violent content (e.g. Crime, War, etc.) as shown in Figure 2. The users
that prefer these genres are likely to have trajectories with higher Hrisk and be in the top 1 − αth percentile users in
terms of risk. Our worst-case agent investigates whether we can tune the recommendations for these users to reduce
their exposure to violent content with minimal impact on other users. In comparison, the average health agent would
suppress the movies with violence uniformly across all users, even though some trajectories may already have been
sufficiently healthy.

5.2

Recommendation Agent

For our experiments, we use a Recurrent Neural Network (RNN) based recom-

SOFTMAX

mendation agent. RNNs are well-suited to the sequential decision-making tasks
HIDDEN LAYER

as they can model the temporal dynamics of user interaction histories and have
thus been studied in several works on sequential recommendations [7, 23, 43, 47].

LSTM

At each time step in the trajectory, our policy network takes as input the previous recommendation and the corresponding reward. It maps the recommendation

EMBEDDING

to a learned embedding of the movie, passes it through an LSTM layer followed
by a fully-connected layer with a softmax output. To prevent duplicate recommendations in a trajectory, a mask corresponding to the previously recommended
movies is applied to the softmax before sampling the next recommendation. The
input at t = 0 of a user trajectory is a dummy start token and a zero reward.
Figure 3 shows the structure of our neural network agent.

Fig. 3. Architecture of a single step of
the Recommendation Agent. At each
time step for a user, the agent receives
as input the previous recommendation
and the corresponding reward.

Note that when a user arrives at the recommender system, the agent has no information about the user. The recurrent
hidden state implicitly learns the user preference through the history of user actions. Additionally, before training, the
agent has no information about the movies (and their genres). It also needs to learn a meaningful representation for
each movie in the embedding layer. Even though our user set is limited in size, the agent has the challenge of learning
both the movie representations and user behavior during training.
Implementation Details: We run our training algorithm for the movie recommendation setup above, where each
user interacts with the agent for T = 20 steps. For the network architecture, we set the embedding size to 32, and the
hidden layer size to 128, and use an Adam optimizer for the gradient in Equation 3 with a line search on learning rates
in {0.001, 0.0005, 0.00025}. To optimize for CVaR, we use α = 0.9 and use λ values ∈ [0, 100]. In the results section, we
refer to the two multiobjective agents with the CVaR and the average health objectives as CVaR-MO and Avg-Health-MO
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respectively and denote the agent trained with λ = 0 as the Reward optimizing agent. We implement our simulation
using the Recsim framework [25] and used Tensorflow and Keras to define and train our neural network models1 .
6

RESULTS

In this section, we present our empirical evaluation on the simulation environment for movie recommendations.
6.1
4.0

How is the health risk distributed across users?
Violence score distribution for Reward Optimizing agent

Reward optimizing agent across our users. The distribution

3.5

Horror, War, Western

3.0
Number of users

Figure 4 shows the distribution of health risk induced by a
also demonstrates that when the recommender system is only

2.5

focused on user ratings, the amount of health risk (in this case,

2.0

violence in movies) is very unevenly distributed across users.

1.5

Action

1.0

Moreover, those users who are interested in genres with a high

Crime

level of violent movies (see Figure 2) are exposed to a higher

0.5
0.0

level of such health risk. In the next sections, we investigate
0.35
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Average Violence Score of user trajectory
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how our multiobjective formulations can be used to mitigate

Fig. 4. Distribution of Hrisk for different users with Reward
Optimizing agent (λ = 0). The annotations indicates user
genres of the users with the highest average violence scores.
0.7
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What is the trade-off between Health and Reward?
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these risks to both the average and worst-case users.

0.3
0.2

0.3
0.2

0.1
0.0

Avg-Health-MO
CVaR-MO
Reward Optimizing

0.1
0.1

0.2

0.3
Mean Hrisk

0.4

0.5

0.6

0.0

0.1

0.2

0.3
CVaR(Hrisk)

0.4

0.5

0.6

Fig. 5. Left: Average Hrisk vs Ratings tradeoff comparison between CVaR-MO and Avg-Health-MO agents for different values of λ.
Right: CVaRα =0.9 (Hrisk ) vs Ratings trade-off for the two methods.

To investigate the tradeoff between Health and Reward for the CVaR-multiobjective (CVaR-MO) and Average Health
multiobjective (Avg-Health-MO) approaches in Section 3, we trained recommendation agents for different values of
λ. Figure 5 illustrates the tradeoff in terms of both mean and tail health risk. We observe that, as expected, when
evaluating health risk purely in terms of the tail metric (CVaR), the CVaR-MO agent leads to a better rating vs. risk
tradeoff than the Avg-Health-MO agent. Surprisingly, when evaluating in terms of average health, there are regions
where the CVaR-MO agent outperforms as well, namely those with high λ and correspondingly lower health risk. One
possible explanation for this observation is the tension between the health risks for different genres. Some genres
have disproportionately more movies with violent content (e.g. Crime, War, etc.) and thus the users that prefer these
1 The

experiments of the paper can be reproduced through the movie recommendation examples provided in the ml-fairness-gym [12] repository at
https://github.com/google/ml-fairness-gym.
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genres are more likely to be recommended more violent items. The CVaR-MO agents only include these users in the
optimization objective and thus in principle should only effect the recommendations for these users with minimal
impact on the recommendations of other users. By contrast, the Avg-Health-MO agents decrease the recommendations
of movies with violence uniformly across all users, even though some trajectories may already have been sufficiently
healthy and thus, during the exploration phase in training, it loses out on some high rating items for the users that
weren’t at significant risk.
6.3

How does the trade-off compare for different types of users?

In Section 6.1, we identified that users who prefer the Crime genre encounter the highest amount of violent movies
in the case of a purely Reward Optimizing agent. To deepen our understanding of the differences between our agent
designs in terms of the chosen objective, in Figure 6 we compare the trade-offs induced by these agents across a range
of λ values for a Crime genre user with another user who prefers the Drama genre, which has a much lower average
violence score (see Figure 2). Notice that, in terms of rating, the difference between these models is far more significant
for the Drama user than for Crime. In particular, for intermediate lambda values, the Avg-Health-MO agent recommends
movies with a substantially lower rating for Drama users. As the agents explore the space of movies during training,
the Avg-Health-MO agent gains sub-optimal reward by simply recommending healthier (less violent) movies rather
than exploring the higher rating alternatives, while the CVaR-MO agent only rewards such health improvements for
the worst-case users.
Ratings Trade-off for Crime and Drama users
1.0
0.8

Crime user w/ CVaR-MO
w/ Avg-Health-MO
Drama user w/ CVaR-MO
w/ Avg-Health-MO

0.5

0.6
0.4

Hrisk Trade-off for Crime and Drama users

0.6

Hrisk

Ratings

0.7

Crime user w/ CVaR-MO
w/ Avg-Health-MO
Drama user w/ CVaR-MO
w/ Avg-Health-MO

0.4
0.3
0.2

0.2

0.1
0.0

Increasing values of

0.0

Increasing values of

Fig. 6. Comparing the Ratings and Health risk trade-offs (respectively) for Crime and Drama genre users.
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CONCLUSION AND FUTURE WORK

In this work, we explore a range of approaches for recommendation systems that seek to balance two competing
objectives: optimizing for positive feedback and limiting cumulative exposure to unhealthy items. We propose a
Movielens based simulation environment to study this tradeoff and demonstrate that a purely rating optimizing agent
could lead to unhealthy outcomes for a subset of users. We also show that an agent who optimizes for both ratings
and average health can, indeed, improve the health outcomes for some users but fails to account for those users who
are most likely to experience unhealthy content. For this, we turn to an agent that balances ratings against tail risk,
showing that it not only improves the health of worst-case users but also leads to better tradeoffs in the average case as
well. While our simulation setup is quite simplistic for this initial exploration, in future work, we expect to expand it’s
complexity, studying these phenomena on larger corpora and more complex user models.
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