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ABSTRACT
Users in music streaming platforms typically consume tracks se-

quentially in sessions by interacting with personalised playlists.

To satisfy users, music platforms usually rely on recommender

systems that learn users’ preferences over individual tracks and

rank the tracks within each playlist according to the learned pref-

erences. However, such rankings often do not fully exploit the

sequential nature of the users’ consumption, which may result in

a lower within-a-session consumption. In this paper, we model

the sequential within-a-session preferences of users and propose

an optimisation-based sequencing approach that allows for opti-
mally incorporating such preferences into the rankings. To this

end, we rely on interaction data of a major music streaming service

to identify two most common aspects of the users’ sequential pref-

erences: (1) Position-Aware preferences, and (2) Local-Sequential

preferences. We propose a sequencing model that can leverage

each of these aspects optimally to maximise the expected total con-

sumption from the session. We further perform an extensive offline

and off-policy evaluation of our model, and carry out a large scale

online randomised control trial with 7M users across 80 countries.

Our findings confirm that we can effectively incorporate sequential

preferences of users into our sequencer to make users complete

more and skip less tracks within their listening sessions.
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• Information systems → Retrieval models and ranking.
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1 INTRODUCTION
Music streaming platforms enable users to engage with millions of

music tracks, with a bulk of consumption being shaped by algorith-

mically generated recommendations. Contrary to other recommen-

dation domains (e.g., movies, books), in a music streaming setting

tracks are consumed sequentially within listening sessions. Thus,

an ideal recommender system (RS) would not only recommend

music that matches users’ preferences, but sequence tracks in a

way to make the music "flow smoothly” from one track to the next.

To create an enjoyable listening experience, such RS has to go

beyond individual tracks and generate a coherent sequence of tracks

within a playlist so that users consume more tracks while skipping

less. To this end, RS not only needs to learn user’s preferences for

the individual tracks but also to understand how these preferences

change as the user navigates through their session.

Generally, users’ sequential preferences can be sophisticated, and

may require complex models to accurately predict consumption. In

our work, we focus on studying two hypotheses that any (even the

most complex) sequential preferences possess:

• First, we posit that there exists a relationship between users’ con-

sumption choices and positions of tracks in playlists. In particular,

users may start listening to a playlist if they see a familiar track

at the very first position of the playlist – but may or may not

continue onward. This makes the choice of the track for the first

position particularly important for the user to start consuming.

At the same time, reaching the further positioned tracks might

be predictive of the user staying in the session for even longer.

We refer to such preferences as position-aware preferences.
• Second, we hypothesize that the user’s decision to consume a

track is influenced by the previous tracks within their session.

Indeed, the quality of transitions between tracks may be funda-

mentally linked to the user’s preferences making it difficult to

enjoy a sequence of tracks that significantly differ in acoustic

style or tempo. We refer to such preferences as local sequential
preferences – preferences that the user relies on when consum-

ing tracks within-a-session. We contrast these preferences to the
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long-term sequential preferences that indicate the evolution of

the user’s taste over an expanded period of time [1–3].

The goal of our work is to validate the two aforementioned

hypotheses and to quantify the impact of leveraging the users’

sequential preferences on their within-a-session consumption in

practice. To this end, we are not aiming at designing the most

complexmodel that can capture all subtleties of the users’ sequential

preferences as such models are often infeasible to serve in the

real-world low-latency applications and may be challenging to

integrate into the practical RS infrastructure [4]. Instead, we retreat

to the class of neural models that allows us to isolate the two

aforementioned aspects of the users’ preferences and to measure

how much each of them contributes to the users’ consumption at
most, i.e., upon being exploited in an optimisation-based way. We

then examine the practical implications of leveraging sequential

preferences by performing an extensive offline counterfactual study

as well as a online large-scale randomised control trial (A/B test).

To reach our goal, we propose an optimisation-based track se-

quencing model that leverages the two aforementioned aspects of

the users’ preferences. We first optimise a parametric model against

session-level interaction data collected by Spotify to model users’

preferences. We then design a optimisation-based sequencer that re-

lies on this model to maximise a user’s expected total consumption.

This allows us to disentangle the effect of using sequential infor-

mation (our two hypotheses) from simply using a more complex

preference model that better exploits non-sequential information.

To evaluate our approach we perform large-scale experiments

on real world music streaming data of over 200K Spotify users, and

present qualitative and quantitative insights about users’ streaming

behaviour. Additionally, we carry out a large-scale online experi-

ment with 7M users across 80 countries to confirm our hypothesis

that sequential preference models can help to increase music con-

sumption within-a-session. To the best of our knowledge, our work

is the first to quantify the online effect of leveraging sequential

preferences in the music domain. Our findings demonstrate:

• Users’ behaviour is inherently sequential: (1) Users consumption

behaviour changes across different positions; (2) Whether a user

completes a track depends not only on the user and the track but

also on the previous tracks within the user’s session.

• Our optimisation-based approach allows to efficiently leverage

the position-aware and the local-sequential aspects of the users’

preferences. This results in an increased consumption of tracks.

• Our large-scale online experiment confirms that exploiting the

users’ sequential preferences helps to increase track completion

and decrease skips within sessions.

2 RELATEDWORK
Sequential Music Listening Behaviour. There is extensive liter-

ature on the sequential nature of music consumption, e.g. [5, 6].

In [6], the authors notice that sequential user embeddings help to

better predict consumption. Contrary to our work they model se-

quential consumption across sessions rather than within a session.

The sequential music consumption is also examined in [7] where

the authors proposed a convolutional RNN for genre prediction.

In contrast to our work, the authors focus on shorter track-level

sequences rather than session-level ones. A similar approach for

analysing track-level sequences was adopted in [8] to learn audio

embeddings. Finally, when discussing music preferences we refer
to the general preference models that given the sequence of tracks

predict which tracks the user would consume, see [9].

Sequential Recommendations. There are multiple RS built around

the assumption of sequential consumption. Wu et al. [1] suggest a

RNN-based approach to model the dynamics of users’ preferences

for movie rating prediction. A similar approach is taken by Yu et

al. [10] for the next basket recommendation. In contrast to our

work, they study the longer-term dynamics rather than on local

within-session dynamics. Some aspects of long-term recommen-

dations have been studied with dynamic Poisson factorisation [2],

Kalman filters [3] and cross-domain collaborative filtering [11]. Hi-

dasi et al. [12] used RNN for session-based recommendations of

single-item consumption. This is different to our case when the

user consumes the entire sequences of tracks. A number of papers

consider sequence-aware RS in ways that are not directly relevant

to the present approach [13–20].

3 TEMPORAL SEQUENCING MODELS
Users typically consume tracks in sessions rather than individually,

with playlists forming the backbone of in-session streaming. Such

playlists typically contain selected tracks from a massive pool of

songs. To generate playlists users would enjoy RS need to know how

users’ consumption evolves as they progress through the playlist.

This motivates the study of local, or within-a-session, preferences.
We examine two hypotheses regarding such preferences: (1) in-
fluence of track position: users’ consumption signals at different

positions of their sessions may carry slightly different informa-

tion; (2) influence of previous track: preferences of the user may be

influenced by their recent consumption within the session.

Interplay between User behavior and Track position. We investi-

gate how track performance varies across positions. To tease apart

the effect of position from other interfering effects (e.g. relevance),

we first carry out an online experiment wherein users are presented

with the playlists in which tracks are ordered uniformly at random

(rather than by relevance). Users then interact with their playlists

by consuming some tracks. For each position we quantify the global

success rate as the average track completion rate at that position. Fig-

ure 1 (left) illustrates that the position of a track heavily influences

its success rate, which monotonically decreases.

To disentangle the effect arising from track-level heterogeneity,

we perform additional analysis by clustering tracks based on their

success rates, and analyse the resulting trends in Figure 1 (right).

Here, each cluster corresponds to a group of tracks similar in their

success rates across the different positions. As we can see some of

these curves have an intersection point at certain positions (e.g.,

curves of clusters 0 and 1 intersect at positions 15, 50, etc). This

suggests that some tracks have a higher success rate than others if

they are exposed to users at the earlier positions. This finding hints

at a strong interplay between track position and user behaviour.

Influence of the previous track. Beyond track positions, we argue

that user behaviour is influenced by relationships between the sub-

sequent tracks. We posit that certain aspects of transitions between

tracks is linked to how users perceive the subsequent tracks.
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Figure 1: Left: Track success rate across positions within sessions (error bars
indicate the standard errors). Right: Performance across track clusters. We rely
on k-means clustering and use BIC criterion to choose the number of clusters.

Figure 2: Mean energy of two adjacent tracks. Track on position 2 is com-
pleted by the user. If energy of the tracks is similar, it is more likely that the
track on position 3 is completed (blue); otherwise, it is likely that track 3 is
skipped (red). Shaded areas indicate the standard errors.

To illustrate this point, we extract audio characteristics/features

of the tracks [21] (e.g., acoustic energy, instrumentalness). We con-

sider acoustic energy of tracks, and compare mean acoustic ener-

gies between the adjacent tracks in the users’ sessions. Figure 2

illustrates the mean acoustic energy of tracks on the 2nd and 3rd

positions across 250K sessions. We see that if the energy of these

tracks is more similar (i.e., closer to the dashed diagonal line), then

it is more likely that both tracks are completed (blue line). Oth-

erwise, it is more likely that the latter track is skipped (red line).

This underpins the point that consumption of a certain track may

depend on features of the previously interacted tracks.

4 METHOD
We now describe how the aforementioned assumptions of users’

preferences can be effectively modelled by simple parametric mod-

els optimised against session-level interaction data. We start with

introducing the formal model that helps us to state the general

optimal sequencing problem. We then illustrate how the respective

sequencer can employ our preference models to construct playlists

to maximise users’ expected within-a-session consumption.

4.1 Optimal Sequencing Problem
We start this section with some notations. Let 𝑢 be a user and 𝑡 𝑗
be a track, for 𝑗 = 1, ..., 𝑛. We let 𝜋 : {1, ..., 𝑛}𝑛 → {1, ..., 𝑛}𝑛 be the

permutation of the indices of the tracks computed for the user 𝑢;

here, 𝜋 defines the allocation of the 𝑛 tracks to the 𝑛 positions in

the user’s playlist. In particular, we let 𝑡𝜋 (ℓ ) be the track that takes

position ℓ ∈ {1, ..., 𝑛} in 𝑢’s playlist.
Let 𝑟 (𝑢, 𝑡 𝑗 , 𝜋) ∈ {0, 1} be the random variable that corresponds

to the reward generated when user𝑢 interacts with track 𝑡 𝑗 . We can

let, for example, the reward take the unit value if the user completes

the track (and zero otherwise). Importantly, we assume that the

reward depends not only on the user 𝑢 and the interacted track 𝑡 𝑗
but also on the whole permutation 𝜋 . This allows us to model the

sequential preferences of the user. We let 𝑟 (𝑢, 𝑡 𝑗 , 𝜋) be the realised
value of this random variable that is observed by RS after the actual

interaction has happened. We also assume access to logged data,

which we use to construct the training datasetD = {(𝑥𝑖 , 𝑦𝑖 )}where
𝑥𝑖 corresponds to the user and track features and 𝑦𝑖 is the label.

Let 𝑓 (.|D) ∈ F be a parametric preference model from some class

of models F optimised with respect to the chosen loss function

on data D. The model maps features 𝑥𝑖 into the predicted scores

𝑓 (𝑥𝑖 |D) that correspond to the probabilities that a certain user

completes a certain track, i.e., the probability of observing a positive

reward 𝑟 (.). For example, F could correspond to the class of feed-

forward DNNs with the cross-entropy loss and 𝐿2 regularisation.

We assume that the scores are calibrated to represent the true

probabilities of the tracks to be completed.

Finally, we define the sequencer as the mapping that for each user

𝑢 and set of tracks {𝑡1, ..., 𝑡𝑛} outputs the permutation of the indices

of these tracks 𝜋∗ that constitutes the order of the tracks in 𝑢’s

playlist. To compute this optimal permutation the sequencer relies

on the scores produced by model 𝑓 (.|D). The goal of the sequencer
is to arrange the tracks in the playlist in a way that maximises the to-

tal expected discounted reward. Formally, the sequencer computes

the optimal permutation 𝜋∗ for user 𝑢 as follows:

𝜋∗ ∈ argmax

𝜋
E
[ 𝑛∑︁
ℓ=1

𝛾 ℓ−1𝑟
(
𝑢, 𝑡𝜋 (ℓ ) , 𝜋

) ]
, (1)

where the expectation is taken w.r.t. the uncertain rewards. Here,

𝛾 ∈ (0, 1) is a constant discount factor that is motivated by our

first hypothesis (see Section 3). As shown in Figure 1, users may

quit their session after each track and, consequently, they may

interact more with the first tracks in the playlist than with the last

ones. To reflect the risk of a user quitting their listening session, we

introduce the discount factor to encourage the high reward tracks to

be placed at the beginning of the playlist. Practically, the discount

factor can be identified, for example, with maximum likelihood

estimation of the geometric trend illustrated in Figure 1.

In the following sub-sections, we illustrate how each of the

hypotheses discussed in Section 3 can be incorporated into the

respective preference model.

4.2 Myopic (non-Sequential) Model
We first introduce a baseline model that does not consider any of

our hypotheses on the user’s sequential preferences. Instead, it

assumes that the user consumes the tracks independently of each

other and of their respective positions in session.

4.2.1 Model. In this scenario, we assume that whether user 𝑢 com-

pletes track 𝑡 𝑗 depends only on the user/track features but not on

any temporal information and the positions. To build the model that

estimates the completion probability of each track we construct a

dataset D (0) = {(𝑥𝑖 , 𝑦𝑖 )} where the feature vector 𝑥𝑖 =
(
𝑢𝑖 , 𝑡 𝑗

)
cor-

responds to the user and track features, and the label𝑦𝑖 = 𝑟 (𝑢𝑖 , 𝑡 𝑗 , 𝜋)
corresponds to the observed reward of the respective interaction.

We then optimize the parametric function 𝑓 (.|D (0) ) with respect

to the cross-entropy loss on the dataset D (0)
.
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4.2.2 Sequencer. Since the tracks and rewards are independent,

then Equation (1) can be equivalently rewritten as

𝜋∗ ∈ argmax

𝜋

𝑛∑︁
ℓ=1

𝛾 ℓ−1 𝑓 (𝑢, 𝑡𝜋 (ℓ ) |D (0) ), (2)

where 𝑓 (𝑢, 𝑡𝜋 (ℓ ) |D (0) ) indicates the probability of each track to

be completed by the user. The optimal permutation 𝜋∗ that solves
Equation (2) can be found by ranking tracks according to the de-

creasing scores 𝑓 (𝑢, 𝑡 𝑗 |D (0) ). The computational complexity of

such a sequencer is O(𝑛 log(𝑛)), where 𝑛 is the number of tracks

in the set. Thus, the myopic preferences can be efficiently (i.e., in
polynomial time) incorporated into the optimisation-based sequencer.

4.3 Position-Aware Model
To incorporate the positional aspect into our model, we assume that

once the user reaches a certain position ℓ in the listening session,

the completion of the track 𝑡𝜋 (ℓ ) depends not only on the user

and track features but also on the position ℓ itself. Practically, we

can augment the user/track features with the position ℓ in session

where the respective interaction has happened. The resulting model

trained on such data outputs the probability of user 𝑢 to complete

track 𝑡𝜋 (ℓ ) if the track takes the specified position ℓ in the session.

4.3.1 Model. To design such a position-aware model, we first con-

struct a dataset D (𝑝 ) = {(𝑥𝑖 , 𝑦𝑖 )} by augmenting D (0)
with the

positions ℓ of each user/track interaction. The new feature vector

is defined as 𝑥𝑖 =
(
𝑢𝑖 , 𝑡 𝑗 , ℓ

)
while the label 𝑦𝑖 = 𝑟 (𝑢𝑖 , 𝑡 𝑗 , 𝜋) still

corresponds to the reward of the respective interaction. We then

optimise the parametric model 𝑓
(
.|D (𝑝 ) )

against D (𝑝 )
. Contrary

to Myopic model, the predicted scores 𝑓 (𝑢, 𝑡 𝑗 , ℓ |D (𝑝 ) ) for the same

user and track interaction may be different for different positions ℓ .

4.3.2 Sequencer. To predict probabilities of each track to be com-

pleted, the model 𝑓
(
.|D (𝑝 ) )

defined above relies on the positions ℓ

of tracks in sessions. However, these positions are not known at the

sequencing time. Indeed, the goal of the sequencer is precisely to

compute these positions based on the scores output by 𝑓 (.|D (𝑝 ) ).
Thus, the sequencing Problem (1) can be equivalently re-formulated

as an Integer Programming (IP) problem as follows:

max

𝑎 𝑗ℓ ∈{0,1}

𝑛∑︁
𝑗=1

𝑛∑︁
ℓ=1

𝑎 𝑗 ℓ𝛾
ℓ−1 𝑓

(
𝑢, 𝑡 𝑗 , ℓ |D (𝑝 ) )

(3)

s.t.

𝑛∑︁
𝑗=1

𝑎 𝑗 ℓ ≤ 1 ∀ℓ = 1, ..., 𝑛 (4)

𝑛∑︁
ℓ=1

𝑎 𝑗 ℓ ≤ 1 ∀𝑗 = 1, ..., 𝑛 (5)

Here, 𝑎 𝑗 ℓ are the binary optimisation variables indicating whether

track 𝑡 𝑗 should be allocated to the position ℓ in the playlist. The

Objective (3) represents the total expected allocated discounted

reward for user 𝑢 defined in Equation (1). The Constraint (4) says

that no more than one track can be allocated to each position of the

playlist. The Constraint (5) says that each track can be allocated

at most once. While generally IP problems are NP-complete, the

following Proposition 4.1 shows that the exact solution of this

particular IP (3)-(5) can be obtained in polynomial time.

Proposition 4.1. (3)-(5) can be efficiently solved in O(𝑛4+
1

9 ).

Proof. We provide a sketch of the proof due to the space con-

straints. First, observe that the matrix of constraints (4)-(5) is totally

unimodular as it coincides with the incidence matrix of the bipartite

graph𝐺 = (𝑉 ∪𝑈 , 𝐸) with vertex set𝑉 corresponding to the tracks,

𝑈 corresponding to the positions and 𝐸 being all edges between 𝑉

and 𝑈 . Consequently, the optimal solution can found with linear

programming relaxation which is polynomial (see [22]). Q.E.D. □

Thus, position-aware preferences can be efficiently (in polynomial
time) incorporated into the sequencer. However, while being tractable,
the problem has a higher complexity than myopic ranking.

4.4 Modeling Local Sequential Preferences
Now, let us assume that completion of the track 𝑡𝜋 (ℓ ) at the position
ℓ in 𝑢’s session depends not only on the track itself but also on the

tracks allocated at the previous positions ℓ − 1, ℓ − 2 etc.

4.4.1 Model. The assumption above can be incorporated into the

model by introducing lagged track features. We construct a dataset

D (𝜏 ) = {(𝑥𝑖 , 𝑦𝑖 )} with 𝜏 ∈ N lagged track features where 𝑥𝑖 =(
𝑢𝑖 , 𝑡𝜋 (ℓ ) , ..., 𝑡𝜋 (ℓ−𝜏 )

)
. We can then construct a model 𝑓 (.|D (𝜏 ) )

optimizing it against such a dataset.

4.4.2 Sequencer. For simplicity, we illustrate the design of the

sequencer in case when 𝜏 = 1. For larger values of 𝜏 the design

is analogous. First, observe that Problem (1) can be equivalently

formulated as the following Integer Program:

max

𝑎 𝑗𝑘 ∈{0,1}

𝑛∑︁
𝑗=1

𝑓 (𝑢, 𝑡 𝑗 |D (0) )𝑎 𝑗1 +
𝑛∑︁
ℓ=2

𝑛∑︁
𝑗,𝑠=1
𝑗≠𝑠

𝛾 ℓ−1 𝑓 (𝑢, 𝑡𝑠 , 𝑡 𝑗 |D (1) ) 𝑎𝑠ℓ𝑎 𝑗,ℓ−1︸    ︷︷    ︸
non-linearity

(6)

s.t.

𝑛∑︁
𝑗=1

𝑎 𝑗 ℓ ≤ 1 ∀ℓ = 1, ..., 𝑛 (7)

𝑛∑︁
ℓ=1

𝑎 𝑗 ℓ ≤ 1 ∀𝑗 = 1, ..., 𝑛 (8)

Here, the first term in the objective function corresponds to

the first track in the playlist. As for this track there does not exist

previous tracks, we rely on the non-sequential model 𝑓 (.|D (0) ) to
compute the probability of this track to be completed. For positions

ℓ ≥ 2 we compute the respective probabilities relying on model

𝑓 (.|D (1) ). Constraints (7-8) are feasibility constraints.

In contrast to Problem (3)-(5), Problem (6)-(8) is NP-hard.
1
This

makes incorporation of the local sequential preferences into the se-
quencer inherently more complex than the problem of incorporating
the position-aware preferences. Practically, we can still rely on heuris-
tics to find a solution to (6)-(8) that is “good enough". For example,

at any position ℓ we can greedily pick the next track that optimises

the immediate reward given the previously allocated track.

1
The formal statement about NP-hardness follows from the reduction of Problem

(6)-(8) to the problem of finding the maximal Hamiltonian path in a complete directed

graph𝐺 = (𝑉 ∪ {𝑤}, 𝐸 ) . Here, vertices 𝑣𝑖 ∈ 𝑉 correspond to different tracks, 𝑤 is

the starting vertex, an edge (𝑣𝑖 , 𝑣𝑗 ) ∈ 𝐸 is weighted with 𝑓 (𝑢, 𝑣𝑖 , 𝑣𝑗 |D (𝑡 )
ℓ ) for all

𝑖, 𝑗 = 1, ..., 𝑛, 𝑖 ≠ 𝑗 and an edge (𝑤, 𝑣𝑗 ) ∈ 𝐸 is weighted with 𝑓 (𝑢, 𝑣𝑗 |D (0) ) for all
𝑗 = 1, ..., 𝑛. We omit the full proof due to the space constraints.
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5 EXPERIMENTS
We start this section with presenting our experimental setup. We

then perform an offline counterfactual analysis to assess the quality

of the sequencers. Finally, we provide a qualitative analysis followed

by a large-scale online experiment with the best performing model.

5.1 Setup
Dataset 1. We train and evaluate our models on a sample of 20M

user/track interactions, extracted from 250K sessions across 2K

personalised playlists. We restrict ourselves to sessions that contain

between 5 and 20 tracks. We rely on three categories of features:

user features (user latent 80-dimensional vectors, demographics,

etc.), track features (track latent 80-dimensional vectors, acoustic

features, genres), and joint user-track features (time of the day, posi-

tions of the tracks in the sessions). The 80-dimensional latent track

representations are computed relying on the upstream word2vec
model [23] optimised against the users-generated playlists [24].

Shortly, the resulting vectors of any two tracks are close to each

other if the respective tracks are likely to co-occur in the user-

generated playlists. The respective users’ vectors are computed

as the average of all tracks vectors the users have interacted with

within the last 3 months. The track acoustic features include 12

different features such as acoustic tempo, energy, etc. Our dataset

contains the binary rewards 𝑟 (.) indicating completions of tracks.

Dataset 2. To perform offline off-policy evaluation we conduct

an auxiliary randomised A/B experiment wherein we deployed a

random sequencer that presents users with sequences generated

by a uniform random ranking logging policy. For every position in

the playlist this policy chooses a random track out of a pool of 𝑁

tracks with probability 1/𝑁 . We then let 200K users interact with

such playlists over the course of one day. This produced a dataset

with approximately 22M of interaction records. We augmented this

dataset with the respective re-ranked sequences produced by target
policies that corresponds to the sequencers described in Sections 4.2-
4.4. We further elaborate on our off-policy evaluation setup that

leverages this dataset in Section 5.2.

Baselines. We compare all our models to these three baselines:

• Relevance Sequencer [25]. This sequencer ranks tracks according
to the decreasing cosine similarity between the user and the track

vectors. This is a weak baseline that uses minimal information

to produce rankings.

• Myopic Sequencer [24]. The sequencer defined in Section 4.2,

relies on the non-sequential model 𝑓 (.|D (0) ) to rank tracks w.r.t.
the decreasing completion scores. We use this sequencer as our

primary baseline as it relies on the same model class F and

exploits same data as is available to our local sequential models.

This allows us to attribute the gains in performance to sequential

modelling rather that to a more complex model.

• Local-Sequential with Short Memory. To avoid an unfair compari-

son of sequential to non-sequential models we use the most basic

of our sequential models 𝑓 (.|D (1) ) as a baseline for the rest of
all our models. This baseline relies only on one-step lagged track

features, and thus has a short memory. In what follows, we refer

to this model as Local-Sequential (Short Mem.).

As the goal of our work is not to model all the subtleties of the

sequential users’ preferences but rather to quantify the impact of the

two specific sequential hypotheses on the users’ within-a-session

consumption, we do not compare our models to the complex neural
architectures such as Transformers [26] or CVAE. Instead, we rely on

a class of simple yet universal models to capture preferences.

Class of Models. We restrict the class of modelsF to feed-forward

DNNs trained with the cross-entropy loss and 𝐿2 and dropout reg-

ularisation as these models are universal approximators [27] while

being relatively simple. We further embed categorical features (such

as the country or genre) into a lower ten-dimensional embedding

space. Our experiments relied on the DNN with four hidden layers

and 256, 128, 64 and 32 units in each of the layers, respectively. We

further used Linear Programming (LP) solver [28] to solve (3)-(5)

and implemented a greedy strategy (Section 4.4) to solve (6)-(8).

5.2 Quantitative Analysis
To understand how well the model improvements discussed above

translate into higher consumption we perform an offline evaluation

of the proposed sequencers. As standard information retrieval (IR)

metrics such as NDCG@k do not take into account the local past

history of user/track interactions we instead rely on Inverse Propen-

sity Scoring (IPS) technique [29] and the randomised Dataset 2 (see

Section 5.1) to perform a counterfactual evaluation.

As our dataset was produced with the uniform random logging

policy the computation of propensities required by IPS become

straightforward. We utilise Reward Interaction IPS (RIPS) [30] that

provides an asymptotically unbiased estimator in the domain with

sequential reward interactions. RIPS allows to account for the fact

that the track and the respective reward on position ℓ can impact

the reward of the following track on position ℓ + 1. Using RIPS we

estimate the expected number of completed tracks across the first

K positions, K=3,5,10. We further compare these results with the

ones obtained with the standard IPS estimator (IIPS) [31].

Table 1 contains our results. As expected, Relevance Sequencer

performs worse than Myopic (as this is a weak baseline). Look-

ing at the performance of Position-Aware model, we see that it

w.r.t. IIPS@10 and RIPS@3. Notice that low values of RIPS@5 and

RIPS@10 are not negative results as the respective variance is large

(hence, RIPS@5 and RIPS@10 measurements may be less reliable).

Overall, this suggests that the Position-Aware sequencer can indeed

improve the number of completed tracks within a session.

We now look into Local-Sequential sequencers. Interestingly,

RIPS@3 suggests that the performance of Local-Sequential (Short

Mem.) is significantly lower compared to Myopic. This result is not

surprising. As we see in Section 4.4 local-sequential preferences are

much harder to optimally incorporate into the sequencer. Contrary,

Local-Sequential (MediumMem.) and Local-Sequential (LongMem.)

demonstrate much more promising results w.r.t. RIPS@3 (the rest

of the IPS estimates are slightly smaller but the difference is not

significant given the variance). This can be explained by the fact

that the respective preference models have more memory which

helps the sequencer to avoid a number of local optima. This suggests

that the high complexity of ranking with sequential models can be
partially mitigated by increasing the memory of the preference model.
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IIPS@3 IIPS@5 IIPS@10 RIPS@3 RIPS@5 RIPS@10 AUC

Relevance Sequencer 0.5041 (0.0001) 0.8502 (0.0002) 1.6408 (0.0004) 0.4550 (0.0012) 0.7613(0.0035) 1.4778 (0.0193) -

Myopic Sequencer 0.5558 (0.0002) 0.9218 (0.0003) 1.7372 (0.0005) 0.5063 (0.0049) 0.9723 (0.0192) 1.7600 (0.0379) 0.722

Position-Aware 0.5597 (0.0002) 0.9236 (0.0003) 1.7723 (0.0006) 0.5810 (0.0072) 0.8757 (0.0139) 1.6826 (0.0328) 0.725

Local-Sequential (Short Mem.) 0.5522 (0.0001) 0.8977 (0.0002) 1.7102 (0.0005) 0.4277 (0.0028) 0.7404 (0.0070) 1.5322 (0.0309) 0.728

Local-Sequential (Medium Mem.) 0.5455 (0.0001) 0.9016 (0.0002) 1.7055 (0.0005) 0.5731 (0.0070) 0.8861 (0.0136) 1.7554 (0.0325) 0.729

Local-Sequential (Long Mem.) 0.5468 (0.0001) 0.8849 (0.0003) 1.7128 (0.0003) 0.5777 (0.0084) 0.9819 (0.0168) 1.9370 (0.0429) 0.730

Table 1: Off-policy evaluation. Expected rewards (track completions) and variances estimated with Independent IPS and Reward Interaction IPS for K=3,5,10.

Figure 3:Mean distances between the acoustic features of consecutive tracks
on different positions of the ranked playlists. The red and blue trends corre-
spond to Myopic and Local-Sequential (Short Mem.) Sequencers respectively.
Shaded areas indicate the standard errors.

5.3 Impact across content & session types
To illustrate the impact of our model on the acoustic coherence of

the generated playlists we perform additional qualitative analysis.

Specifically, Figure 2 suggests that if two tracks on consecutive

positions ℓ and ℓ + 1 are similar w.r.t. the acoustic energy, it is

more likely that both tracks are completed. Figure 3 illustrates the

difference between 12 acoustic features of two consecutive tracks

at different positions of the sequences ranked with our models. The

red trend corresponds to the rankings produced by Myopic model

while the blue one corresponds to Local-Sequential (Short Mem.).
2

We see that whenever there is significant difference between the two

trends, the consecutive tracks ranked with Local-Sequential (Short

Mem.) are more similar to each other than the tracks ranked with

Myopic (i.e., the blue curve is typically below the red one). Thus,

our models could learn and exploit the users’ acoustic preferences.

5.4 Online A/B Experiment
To validate our hypothesis that exploiting local-sequential pref-

erences increases within-session consumption we carried out an

online A/B test with the treatment group exposed to our best per-

forming local-sequential model. We optimised this model against

session level dataset to predict whether the user completes tracks

taking into account the previous tracks (see Section 4.4). We com-

pared our treatment against the control Myopic sequencer on a

sample of 7M users across more than 80 markets who were regis-

tered with the service for at least one month. We segmented users

into Premium users (6M) who can enjoy unlimited interactions

with the playlist and Free users (1M) who can only skip a limited

number of tracks. Table 2 illustrates our findings.

First, we see that relying on the sequential model we can indeed

increase the number of completed tracks per session by 2.52% rela-

tive to Myopic. This confirms our main hypothesis that capturing

the users’ sequential preferences helps to increase music consump-

tion within a session. As the completion rate increases, the skip rate

2
Results for Local-Sequential (Med. Mem.), Local-Sequential (Long Mem.) are similar.

Relative diff (%) to Control

All Premium Free

Completions 2.52*** (2.50, 2.54) 2.50*** (2.47, 2.52) 3.7*** (3.66, 3.74)

Skips -2.73*** (-2.75, -2.71) -2.11*** (-2.13,-2.09) -4.27*** (-4.29,-4.26)

Observations 7M 6M 1M

Note *** p<.001

Table 2: Online Experiment: relative gains and confidence intervals for the
average number of completions/skips within a session relative to the myopic
non-sequential sequencer. 95% confidence intervals are in the parentheses.

decreases (the 2nd row in Table 2). This holds for both Premium

and Free users. In fact, Free users benefit from our model more

than Premium (+3.7% in completion rate and -4.27% in skip rate

against +2.5% and -2.11% for Premium respectively). The decrease

in the number of skips for Free users is important as it significantly

improves their experience given their limited number of skips.

5.5 Discussion
Our experiments demonstrate that models that make use of users’

sequential preferences lead to better predictions of users’ consump-

tion. These models can be incorporated into practical sequencing

algorithms to improve within-a-session consumption. By perform-

ing an offline study we argued that even the complex sequential

preferences can be effectively exploited by the sequencer by trans-

ferring the complexity from the sequencer to the preference model

itself. Furthermore, while both position-aware and local-sequential

hypotheses help to improve the expected number of completed

tracks, the gains of the local-sequential model overweight those

of the position-aware one. Finally, by means of an A/B test we

illustrated that leveraging the users’ sequential preferences helps

to significantly improve within-session consumption. The effect is

even more pronounced for the Free users.

6 CONCLUSION
We studied the problem of modelling users’ local within-a-session
preferences and incorporating these preferences into sequencing

algorithms in an optimisation-based way. Specifically, we identified

and focused on two main hypotheses: the role of the track position

and the role of the previous tracks on the users’ consumption. We

illustrated that incorporating such preferences into the sequencer

is non-trivial: The more expressive the preference model is, the

harder it is to use it efficiently. Therefore, optimisation-driven tech-

niques are required. To this end, we illustrated the design of an

optimisation-based sequencer that is able to leverage such prefer-

ences to improve the users’ consumption within-a-session. Impor-

tantly, despite of the higher complexity of exploiting sequential

preferences we could incorporate our models into the industrial

low-latency production system to serve millions of users at scale

within our A/B test. This further illustrates practicality of our ap-

proach. All the results above suggest that leveraging sequential

preferences for music sequencing is a promising research direction.
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