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Abstract

Impressions are a novel data source providing researchers and practitioners with more details about user
interactions and their context. In particular, an impression contain the items shown on screen to users,
alongside users’ interactions toward such items. In recent years, interest in impressions has thrived, and
more papers use impressions in recommender systems. Despite this, the literature does not contain a
comprehensive review of the current topics and future directions. This work summarizes impressions in
recommender systems under three perspectives: recommendation models, datasets with impressions,
and evaluation methodologies. Then, we propose several future directions with an emphasis on novel
approaches. This work is part of an ongoing review of impressions in recommender systems.
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1. Introduction

Recommender systems aim to generate user engagement in the short and long term. They
achieve this by creating personalized recommendations, i.e., a curation of the catalog tailored to
users based on their preferences. When such recommendations are relevant, they generate the
desired engagement of users toward the recommender system. However, this is not an easy
task or goal. A recommender system must be able to predict future user preferences in various
conditions, e.g., when new users arrive, when users change their tastes, or when handling
anonymous users.

The research community has devised recommenders using distinct data sources to learn
users’ preferences. Interactions are one of the most relevant and commonly used data sources;
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most research works in recommender systems use interactions. Interactions are those actions
users perform toward items of a recommender system, e.g., product purchases or movie ratings.

Using additional data sources is an effective approach to improve the recommendation
quality. This work focuses on one specific data source: impressions, also known as slates, past
recommendations, exposure. An impression contain information about items shown on-screen
to users, alongside the possible interactions with such items. In some cases, an impression also
contains layout information, i.e., the collection of items shown on-screen, the position of items,
their placement on-screen, and labels indicating which items were interacted with. Impressions
are not exclusive to recommender systems; they can be generated by different entities, e.g., a
search engine or editors. This work, however, focuses on impressions in recommender systems.

With impressions, researchers are able to dissect whether a given item has been shown to a
user and whether the user preferred it. Impressions contain mixed signals of users’ preferences,
e.g., for a given user and impression, the user may like all, some, or none of the items in the im-
pression. This juxtaposition enables researchers to investigate novel areas or complex attributes
of recommender systems using impressions. However, using impressions in recommender
systems does come with additional challenges, e.g., the number of impressions is usually higher
than the number of interactions, in some cases, by several orders of magnitude.

This work is part of an in-progress systematic literature review on impressions in recom-
mender systems. This work summarizes our review’s relevant findings, highlighting the current
state of the art, open research questions, and future directions. Throughout this work, we
structure the discussion under three perspectives: recommendation models, datasets with
impressions, and evaluation methodologies.

2. State of the Art

We start this section by providing the definition of the most common and relevant terms used
in this work. Then, we proceed with the discussion of the state of the art. We structure the
discussion around three fundamental angles in recommender systems: recommendation models,
datasets with impressions, and evaluation methodologies.

The reviewed literature consists of regular conference or journal papers published in high-
level venues describing recommenders using impressions. We discovered papers using relevant
academic search engines and a query to match papers containing the keywords impression (or
its synonyms) and recommender systems in their content. Most papers were discarded due to the
broad definition of impression, e.g., some papers use the word impression as how users perceive
the recommender system.

2.1. Definitions

We define an impression as a selection of N items to be served to the user by a recommender
system or another entity (e.g., a search engine). Upon arrangement of an impression on-screen,
users decide whether to interact with items in the impression or not, i.e., a user’s action over
an item. Traditionally, the community handles user feedback using user-item pairs, i.e., for a
given user and item, the pair indicates whether the user interacted with the item. We refine the
definition of user feedback based on users’ interactions with impressions: interacted impression,



non-interacted impression, and non-impressed. An interacted impression is a user-item pair
where the user interacts with the item. A non-interacted impression is a user-item pair where
the user does not interact with a served item. Lastly, a non-impressed is a user-item pair where
the item has never been served to the user.

Depending on the recommender’s system data collection strategy, impressions can be cat-
egorized into two classes: contextual and global impressions. A contextual impression holds
the items shown on-screen and the interactions such items receive. On the contrary, a global
impression holds only one of the two: the items shown on-screen or the interactions one item
receives.

2.2. Recommendation Models

This section describes recommendation models: the module in a recommender system in charge
of learning users’ preferences and predicting the relevance of items. Recommendation models
can be classified according to the design of the recommender.! From the literature, we identify
five classes of recommenders:

Heuristics Use ad-hoc functions, techniques, or rules to learn users’ preferences. Recom-
menders of this type were published between 2014 and 2017. See [1, 2, 3] for examples.

Statistical Use probabilistic techniques or statistical models to learn users’ preferences. One
paper was published in 2009, two in 2016, and one in 2017. See [4, 5] for examples.

Machine learning Use machine learning techniques to learn users’ preferences. Machine
learning and statistical recommenders are the least common recommender type in the
literature. See [3, 6] for examples.

Deep learning Use deep learning architectures to learn users’ preferences. This is the most
popular recommender type in the literature. The most common deep learning architecture
is the two-tower framework [7]. See [8, 9, 10] for examples.

Reinforcement learning Model the recommendation task using reinforcement learning, i.e.,
as a Markov decision process [11]. This is the second most popular recommender type in
the literature. See [12, 13, 14] for examples.

2.3. Datasets with Impressions

This section describes datasets with impressions from the reviewed literature. We identify three
types of datasets: public, expired, and private datasets. Public datasets are those researchers
and practitioners can access via the Internet and use in future works as long as the license
agreements are respected. Expired datasets have been used in competitions (e.g., the ACM
RecSys Challenge) and are not accessible anymore. Private datasets have never been published
nor made available to the community. The downside of expired and private datasets is they
cannot be used in future research.

"Due to space limitations, we leave out reviewed papers’ descriptions and more taxonomies looking at other
recommenders’ properties.



Inside public datasets, we categorize datasets by the type of impressions they contain: contex-
tual or global impressions. Three public datasets contain contextual impressions: CONTENTWISE
IMPRESSIONS [15], MIND [16], and FINN.No SLATES [17, 18]. Ten public datasets contain global
impressions: YaHoo! - R6A [19, 20], Yanoo! - R6B [21, 13], SEARCH ADs?, PANDOR [22],
ALI-CCP [23], ALiMAMA [24], Cross-SHoPr ComBo [25], IN-SHOP CoMBO [25], Kwar_FAIR
SysTEM [26], and Kwar_FAIR EXPERIMENT [26].

2.4. Evaluation Methodologies

The last topic addresses the current research goals and the importance of using sound evalua-
tion methodologies to measure progress in the community. Most research papers use offline
evaluations. However, many papers by industrial actors are also performing online evaluations
via A/B testing. One paper [27] performs user studies.

The most common research goal in the literature is to improve recommendations quality, where
researchers devise one or several recommendation models to improve a particular evaluation
metric, e.g., precision or diversity. Authors may need to alter existing evaluation methodologies
or create ad-hoc ones when using impressions. Nonetheless, they must be cautious to avoid data
leakages, thus, invalidating their findings. Despite the suggestions made by several previous
works [28, 29, 30], we find some papers use improper evaluation methodologies, e.g., creating
artificial sessions to evaluate session-based recommenders [10] or not reporting statistical
significance in evaluations [31].

3. Future Directions

This section describes existing open research questions or research needs in the same three
perspectives of this work: recommendation models, datasets with impressions, and evaluation
methodologies. Then, we identify future work directions addressing such questions or needs.

On recommendation models, we identify the lack of recommenders handling side information
in the literature, i.e., those recommenders designed to leverage interactions and other data
sources, e.g., factorization machines [32, 33]. In principle, this type of recommender is suitable
for using impressions as side information.

On datasets with impressions, we identify the need for more datasets containing contextual
impressions. Contextual impressions are more informative than global impressions: researchers
may know all items shown at a particular moment and which are interacted and non-interacted
impressions.

On evaluations, an open question how to use impressions in the evaluation of recommenders?
Felicioni [34] states one future direction is to use impressions to debias evaluation methodologies,
e.g., by computing propensity scores. Applying inverse propensity weighting [35] produces
an unbiased estimator by adjusting the relevance of items by their propensity score, i.e., the
probability of a given user being exposed to a given item. Using impressions to model propensity
may be beneficial, as impressions contain the system’s exposed and non-exposed items.

*https://www.kaggle.com/competitions/kddcup2012-track2
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