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Abstract. Session-based recommender systems consider the evolution
of user preferences in browsing sessions. Existing studies suggest as next
item the one that keeps the user engaged as long as possible. This point
of view does not account for the providers’ perspective. In this paper, we
highlight side effects over the providers caused by state-of-the-art mod-
els. We focus on the music domain and study how artists’ exposure in
the recommendation lists is affected by the input data structure, where
different session lengths are explored. We consider four session-based
systems on three types of datasets, with long, short, and mixed playlist
length. We provide measures to characterize disparate treatment between
the artists, through a systematic analysis by comparing (i) the exposure
received by an artist in the recommendations and (ii) their input repre-
sentation in the data. Results show that artists for which we can observe
a lot of interactions, but offering less items, are mistreated in terms of
exposure. Moreover, we show how input data structure may impact the
algorithms’ effectiveness, possibly due to preference-shift phenomena.
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1 Introduction

Recommender systems (RS) are key tools to support users in online platforms [16].
Recent literature has focused on monitoring the users in their browsing sessions,
to generate adaptive recommendations in so called session-based RS [14]. In-
stead of considering only the historical interactions between users and items,
session-based systems adapt in real time to user preferences.

While session-based systems focus on user effectiveness as their main goal,
recently a multi-stakeholder perspective has become central, for both recom-
mender and ranking systems [1,17]. RS can support this paradigm and consider
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providers’ needs, by giving them a certain exposure when their items are recom-
mended. However, recommendation technologies do not consider the provider
perspective, thus overexposing popular providers [7, 13], often leading to unfair
outcomes [5, 12]. In addition, the exposure in a ranking does not always match
the expected one [4, 15]. Despite the growing interest on fairness in recommen-
dation, session-based RS received less attention [7] and no study tackled the
exposure generated by a given data distribution.

Contribution. In this work, we analyze how the input data distribution impacts
over RS quality, focusing also on the final exposure given to providers. As use-
case, we consider the music streaming scenario, considering data coming from
user-song interactions in Last-FM [18]. We sample three datasets, characterized
by short, long, and mixed session lengths. Inspired by recent studies compar-
ing the effectiveness of neural and non-neural approaches [11], we also focus on
these two classes, considering four session-based systems, two for each class. In
our study, we go beyond provider popularity, trying to understand if the repre-
sentation of an artist (i.e., how many items they have in their catalog) affects the
exposure they are given. Our results show that size of input representation plays
an important role, with big providers in terms of representation (e.g., number of
items in the catalog) being exposed not only more than unpopular ones, but also
more than popular-but-smaller ones. We quantify this effect showing a system-
atic bias against providers having less items, which get lower chances of being
recommended, despite being very popular. In other words, new but very popular
artists like Billie Eilish, with billions of streams in music platforms, would be
recommended less than very popular but bigger acts in terms of representation,
such as The Beatles.

In a summary, (i) we characterize the effectiveness of session-based RS, com-
paring different algorithms and datasets, (ii) we provide a measure of expected
exposure and characterize its connection with provider representativeness and
relevance, (iii) we delve into the causes behind disparate exposure.

2 Metrics and Algorithms

Nowadays, streaming music services process user-item interactions as time-framed
sequences, known as sessions. Considering a session sn as an ordered list of user-
item interactions of length n, a RS tries to predict the interaction in+1 at time
n+ 1, suggesting a top-k list of most likely future interactions.

Performance assessment. In addition to traditional metrics, such as precision
(P@K), recall (R@K), and mean average precision (MAP@K), metrics such as
mean reciprocal rank (MRR@K) and hit rate (HR@K) have been introduced
to focus only on the single highest-ranked relevant item [8, 14]. These metrics
optimize model performances in terms of user preferences, without accounting for
the other stakeholders, such as the item providers. For this reason, we introduce
a metric to quantify the goodness of the tested models w.r.t. the artist’s utility.
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Provider Exposure. Provider exposure assesses the quality of the models from
the perspective of the searched/recommended individuals [19]. We consider each
session sn of length n as a query, q(sn), submitted to the RS; each query is
processed by the recommendation algorithm that returns a top-k list of items L,
ordered by interaction probability. Hence, we can define the probability distribu-
tion of interactions as

∑
i∈I p(i|q(sn)), with I as the set of items, and p(i|q(sn))

as the probability that the user will interact with the item i, defined as:

p(i|q(sn)) =
1/ log2(posi + 1)∑

j∈L 1/ log2(posj + 1)

Where posj is the position of the item j in the list L. After processing a
relevant number of queries Q, it is possible to aggregate all the probabilities
involving the item i, defining the related expected exposure:

ei(Q) =
∑
q∈Q

p(i|q(sn))

This measure is inspired by the one by Diaz et al. [19]; in presence of a relevant
number of queries, it expresses the expected amount of interactions for an item.

Assuming to group items by providers, where Ip ⊆ I is the subset of items
sold by the provider p, we can define the expected provider exposure as:

ep(Q) =
∑
i∈Ip

∑
q∈Q

p(i|q(sn))

For brevity, since we consider the same set of queries for each dataset, we use
ep. The expected provider exposure can be compared with the one in the input
data, indicated as e∗p, which is the number of times items from a provider p have
been selected within the test-set. In the next section, we explore how these new
exposure measures differ, depending on different input data and |Ip|.

3 Experiments

3.1 Data and Algorithms

We analyze listening events of the last.fm platform. The dataset contains 1B
listening events, 32M items, and 3M providers [18]. Since listenings come with a
timestamp, we can aggregate them in sessions, fixing a threshold to split them in
ordered lists. Initial tests led us to choose 15 minutes as cut-off. We extract three
samples from the dataset. In each case, we randomly sample 200k sessions and
keep those with at least 3 listenings. We obtain the following datasets (details
in Table 1): (i) LFM-S is composed by short sessions, with length in the range
[5, 25]; (ii) LFM-L contains long sessions, with length in the range [40, 200];
(iii) LFM-M does not show differences in terms of session length.

As algorithms, we considered two neural and two non-neural approaches [11].
Association rules (AR), a non-neural one, considers co-occurrences at pairwise
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Name Events |S| |I| Providers

LFM-S 1,087,808 154,452 148,591 18,464
LFM-L 4,846,552 95,672 477,991 46,310
LFM-M 2,451,790 171,341 278,195 30,311

Table 1. Summary of sampled listenings data with dataset name, number of listenings,
number of distinct items and number of providers

level. The second non-neural approach is a nearest-neighbour algorithm at ses-
sion level (S-KNN). One of the neural approaches is based on recurrent neural
networks (GRU4REC) [9]. The other, (NARM) (supposedly an improvement
of GRU4REC), uses attention mechanisms [10].The last 20% of the sessions of
each dataset is used as test set and we generate top-20 lists. Hyperparameters
are tuned as in the last benchmark paper [11].

3.2 Results

Algorithms’ evaluation. We look at both accuracy metrics and our new expo-
sure metrics. The distribution of the expected exposure (ep) generated by the
recommendations, is normalized by the real one (e∗p). This metric is assumed to
be constant and close to 1 in the best scenario, where the recommender is able
to predict in the long run the exposure of each artist. Table 2 summarizes our
findings. For each dataset and column, we indicate in bold the best model. The
last two columns show the average of ep/e

∗
p and the relative standard deviation.

As the first three columns show, S-KNN is the most effective approach in all
datasets, minus the long-session one (LFM-L), which shows slightly better MAP
and R values with the AR algorithm. Our results confirm recent findings, with
the neural-based approaches outperformed by the memory-based ones. Indeed,
neural approaches are optimized to predict the next item. Surprisingly, also con-
sidering the metrics coherent with their neural approaches’ optimisation (HR@20
and MRR@20), the neural approaches do not always outperform the other meth-
ods. When comparing the datasets, the short-session one (LFM-S) produces the
most effective predictions. Hence, when sessions get longer, algorithms cannot
capture users’ interests and understand what might be relevant for them. These
results can be better understood by considering the metrics referred to the ra-
tio between expected and real exposure, in the last two columns. Long sessions
present the worst disparate exposure, confirming the algorithms are not able to
catch drifts in user interests along the session. This leads to unstable exposure
along the providers, leading to the highest values for µ(ep/e

∗
p) and σ(ep/e

∗
p).

Another interesting phenomenon in the last two columns is that NARM returns
a distribution of providers exposure closest to the test, thus creating a trade-off
between recommendation effectiveness and distribution of providers.

Impact of Provider Representativeness. Since the last two columns in Table 2
showed a clear instability of the algorithms to connect consistently expected
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Name Algorithm MAP@20 P@20 R@20 HR@20 MRR@20 µ(ep/e
∗
p) σ(ep/e

∗
p)

LFM-S
|S| = 154,452
s̄l = 7.04

AR 0.0421 0.0848 0.3769 0.4630 0.1789 0.8907 0.6952
S-KNN 0.0446 0.0905 0.4110 0.5153 0.1410 0.7679 0.5787
GRU4Rec 0.0254 0.0588 0.2882 0.4328 0.3262 1.1792 1.4163
NARM 0.0301 0.0680 0.3234 0.4505 0.2641 0.8909 0.9757

LFM-L
|S| = 95,672
s̄l = 50.66

AR 0.0243 0.1418 0.1332 0.3349 0.0915 1.1913 2.4121
S-KNN 0.0226 0.1460 0.1174 0.2747 0.0663 0.6277 1.1023
GRU4Rec 0.0084 0.0672 0.0665 0.3130 0.2292 1.7210 16.9100
NARM 0.0129 0.0976 0.0789 0.1936 0.0537 1.0195 4.2379

LFM-M
|S| = 171,341
s̄l = 14.31

AR 0.0302 0.1098 0.2258 0.3743 0.1219 1.0840 3.5950
S-KNN 0.0339 0.1295 0.2481 0.3974 0.1019 0.5953 0.6412
GRU4Rec 0.0186 0.0796 0.1802 0.3770 0.3262 1.2481 1.8928
NARM 0.0261 0.1064 0.2116 0.3740 0.1540 0.9506 4.6853

Table 2. Performance for four algorithms tested on three different datasets, in terms
of accuracy and providers exposure.

artists’ exposure with the ground truth, we investigate the possible sources of
this effect. We look at the impact of the provider representativeness Ip and input
relevance relp = log10(|Ep|), where Ep is the number of events within the training
data, which involve an item of a provider p. We generate, for each use-case, a
scatter plot, where each point presents on the x-axis the logarithm of provider
representativeness, log10(|Ip|), and on the y-axis the ratio of expected and real
exposure, log10(ep/e

∗
p). The dots are colored by the provider relevance relp and

logarithmic scale is needed for the two axes, so that we can have an homogeneous
representation, including also the possible outliers in the analysis. From Fig. 1,
a common pattern emerges: artists with a higher value of |Ip|, are also the most
relevant. Interesting is also the fact that providers with bigger |Ip| (right side
of the plots) present a fair value of ep/e

∗
p and are not overexposed. However,

being a relevant provider, but not having many items in the market |Ip| (like
emerging artists) may impact negatively on the ep/e

∗
p value. This means that a

small provider representativeness affects the ability to return a fair value of ep/e
∗
p

(i.e., in the plot, it is fair when close to 0). The left part of all the scatters shows
how blurry are the sections of dots involving relevant and non-relevant artists,
revealing how all the algorithms are unable to catch differences in relevance
among artists having small |Ip|. The neural approaches, which present higher
σ(ep/e

∗
p) in Table 2, confirm to be the most challenged. Among them, S-KNN is

the most stable along the datasets and GRU4REC the worst.

Impact of Session Length. The three datasets, characterized by different ranges
of session length, raise concerns on the limitations and common issues of state-
of-the-art session-based algorithms. Longer-session data (LFM-L), reveals that
longer sequences of interactions increase the unpredictability for the user, leading
to a precarious artists representation. All the models present higher range of
ep/e

∗
p if compared with the other two datasets. On the other hand, shorter-session

data (LFM-S) helps the model to provide more stable recommendations, where
representativeness is consistently decoupled from relevance in all the approaches.
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Fig. 1. Scatter plot, capturing the relationship between exposure, representativeness,
and relevance of each provider. Over the x-axis the number of items produced by the
provider p, over the y-axis the ratio between exposure by recommendations and one
by test-set; each dot is colored with the relevance of the provider in the training set.

4 Conclusions

In this paper, we analyzed session-based RS, uncovering performance limita-
tions due to different input data characteristics. Our findings align with recent
work that sheds light on the limited progress of state-of-the-art models; in ad-
dition, we introduce the role of data distribution in this conversation. For the
consumer-side, if we do not account for distribution of longer and shorter ses-
sions, the effectiveness evaluation may be misleading. In addition, optimizing
the accuracy leads to mistreatment and disparate exposure for providers. This
finding connects our work to algorithmic fairness, by showing the incapability
of models to calibrate the output, given the provider input relevance and rep-
resentativeness. In the future, we will consider group-based scenarios, for both
providers and consumers. We will also consider different datasets and session-
based domains [2,3,6], with multiple definitions of exposure. From the algorith-
mic fairness perspective, we expect to design new session-based algorithms to
meet exposure policies based on statistical parity or disparate treatment.
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