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ABSTRACT

Evaluating recommendation systems is a task of utmost impor-
tance and a very active research field. While online evaluation is
the most reliable evaluation procedure, it may also be too expensive
to perform, if not unfeasible. Therefore, researchers and practition-
ers resort to offline evaluation. Offline evaluation is much more
efficient and scalable, but traditional approaches suffer from high
bias. This issue led to the increased popularity of counterfactual
techniques. These techniques are used for evaluation and learning
in recommender systems and reduce the bias in offline evaluation.
While counterfactual approaches have a solid statistical basis, their
application to recommendation systems is still in a preliminary
research phase. In this paper, we identify some limitations of coun-
terfactual techniques applied to recommender systems, and we
propose possible ways to overcome them.
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1 INTRODUCTION

Evaluating recommender systems is a task of the utmost impor-
tance in the research field [11]. It is well-known that the golden
standard of recommender systems’ evaluation is an online A/B test
[8]. However, online evaluation is highly expensive and not scalable
[7, 22]. For these reasons, finding offline evaluation procedures that
simulate the outcomes of an online A/B test reliably is a very active
research field among both researchers and practitioners. Logged
implicit feedback is very cheap to get. The evaluation with this
kind of data, though, carries a critical issue: the data collected has
a bias due to the fact that the deployed recommender influenced
users [7, 10]. This issue contributed to the increase in popularity
of a new methodology for offline evaluation called Counterfactual
Evaluation [3]. The fundamental idea is to view a recommendation
system as a contextual bandit [12]: the user is a context observed
by the decision-maker (the recommender). The actions that the
decision-maker may take are the items in the catalog. The recom-
mended item is sampled from a probability distribution conditioned
on the observed user (which we call policy), and finally, a reward
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is observed. With this interpretation, we can account for the bias
of the recommender that collected the data in order to get an unbi-
ased offline evaluation of another recommendation algorithm. The
objective of the counterfactual evaluation is to find an estimator of
the expected reward of the evaluation policy that carries statistical
guarantees on the reliability of the estimation (e.g., unbiasedness,
consistency). Once having obtained a well-grounded estimator, we
can also use it for Counterfactual Learning, namely, to learn a pol-
icy based on the data logged by the logging policy by maximizing
the estimated expected reward. Despite the promising qualities,
both counterfactual evaluation and counterfactual learning have
drawbacks. In the following, we investigate some major research
questions in the field of counterfactual evaluation and learning for
recommendation systems, and we propose some possible future
research directions.

2 RESEARCH QUESTIONS

Exploiting Side Information. Many state-of-the-art counter-
factual estimators exploit an assumption called full support, i.e., the
logging recommender explored sufficiently the catalog during the
logging phase. Whenever this assumption is not valid, we say that
we have deficient support [18, 23], and usual estimators are biased
in the general case. One possible mitigation could be imputing re-
wards for the missing context-action pairs with a regression model
[15]. The drawback of this approach is that model misspecification
can lead to a high bias, and it is difficult to have an accurate reward
model for each user-item pair [4, 15, 20]. Hence, a possible future
research direction is to focus on estimators without a regression
model for deficient support. For instance, we could take inspiration
from the various content-based methods in the recommender sys-
tems literature [1, 2, 14, 25] to create an estimator that considers
the similarity among the actions computed exploiting side informa-
tion. This could lead to a precise estimation even in the presence of
deficient support.

Tractable Counterfactual Slate Recommendation. Real-world
recommender systems often aim to suggest a ranked list of items
to a user. This problem is called slate (or top-n) recommendation
[6, 9]. Framing this problem as a contextual bandit problem is chal-
lenging. Naively, we could interpret every possible permutation
of the items as an action and then apply standard counterfactual
estimators, but the action space becomes combinatorially large and
intractable. One way to circumvent this issue is to make reason-
able assumptions about the user interaction behavior with the slate
(e.g., we can assume that the reward for each item is influenced
only by the preceding items in the recommendation list). All the
state-of-the-art proposals make assumptions about user behavior.
A direction for future research could be to relax those assumptions
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with a milder assumption. For example, we could assume that the
reward obtained from a slate depends only on a more compact
embedding of the slate. A very recent work that goes in a similar
direction is [19]. The authors assume that the reward of a given
action depends only on a more compact embedding of the action.
While very promising, their estimator requires complete knowl-
edge of the logging policy, which is usually impossible to obtain.
Thus, they resort to estimating the logging policy, incurring bias. A
possible future direction could be to build an estimator upon their
assumptions that do not require complete knowledge of the logging

policy.

Counterfactual Interpretation of Impressions. While a coun-
terfactual approach is statistically sound and valuable, we need a
particular type of dataset to use this approach. Specifically, for
an unbiased counterfactual evaluation, we would need a dataset
with logged propensities, or a dataset where the ground truth is
completely known. Unfortunately, many widely used datasets in
the recommendation systems literature do not have the propen-
sity available and have missing data for which we have no ground
truth. A popular approach for making counterfactual evaluation
and learning with such recommender datasets is a so-called semi-
synthetic approach [21]: a recommender algorithm is trained on
the given dataset and produces a set of scores for each user-item
pair. These scores are assumed to be the ground truth relevance,
and in this way, we have no more missing values. This mechanism
is simple but has some drawbacks, such as the fact that the selec-
tion of the oracle recommender is somehow arbitrary. Recently,
many impression datasets were released [5, 16, 24], and their usage
has seen a rapid increase in popularity [13, 17]. An impression
dataset is halfway between an ideal counterfactual dataset and a
classic recommender dataset. A possible research direction is to
take advantage of this new type of information for estimating the
propensity of the logging recommender.
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