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Abstract
In this paper we present PAPA, a novel approach for au-
tomatically generating playlists. The proposed framework
utilizes the user's physiological response to music, together
with traditional song meta-data to generate a playlist the
user will not only enjoy, but which will assist him or her
in achieving various user-de�ned goals (“purpose”). In ad-
dition to outlining the generic framework, we present an ex-
emplary application named MPTrain that (1) creates a playlist
in real-time to assist users in achieving speci�c exercise goals;
and (2) incorporates the user's physiological response to the
music to determine the next song to play.

Keywords: Automatic Playlist Generation, Physiological Mon-
itoring, User Modeling

1. Introduction and Related Work
In recent years, there has been increasing interest in the
automatic generation of playlists, partly due to the broad
adoption of digital music and personal digital music players.
Common approaches to creating playlists range from ran-
domly shuf�ing a collection (e.g. iPod shuf�e) to manually
creating the playlist by selecting the order of the songs. The
�rst approach does not give any control to the user in terms
of which songs will be selected. The second approach, on
the other hand, gives the user complete control over the se-
lection, but is typically time consuming, tedious, static and
potentially hard to implement when the music collection is
large (e.g. tens of thousands of songs). Moreover, as it en-
tirely relies on the user's knowledge of his or her collection,
it does not allow for the discovery of “forgotten” songs in
the collection.

Consequently, there have been multiple efforts in the re-
search community to assist users creating playlists. Most of
the previous work to date has focused on ef�cient algorithms
to automatically create a playlist that satis�es some given
constraints [2, 3, 1], and on collaborative �ltering [5, 6] al-
gorithms. Typically, the user provides the system with a
seedsong for the playlist to be generated and the algorithms
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�nd similar sounding songs.
There are two projects that are particularly relevant to the

approach described in this paper: (1) The PATS system [8],
where the authors introduce the concept ofcontext-of-use
as an important input variable when automatically creating
a playlist. Thecontext-of-useis de�ned in [8] asthe real-
world environment in which the music is heard, being it a
party, a romantic evening or traveling in the car or train;
and (2) the HPDJ system [4], which uses sensors to deter-
mine physical and physiological responses of a crowd to the
music and uses this feedback to automatically sequence and
mix the music in nightclubs. The PATS system is similar to
the approach proposed in this paper in that it takes into ac-
count the context-of-use as an input variable when creating
a playlist. The HPDJ system shares with our approach the
addition of real-time biofeedback to inform the song selec-
tion algorithms.

In this paper we combine information about the user's
physiological response and purpose in order to automati-
cally generate playlists. We refer to this framework as PAPA,
because our approach takes into account both the purpose
and the physiological response of the user to the music.
Whereas other systems employ context in song selection so
as to better �nd an asthetically appropriate song, we believe
we are the �rst to propose utilizing the music's potential im-
pact not only on the user's enjoyment, but also on helping
him/her achieve a particular goal.

We illustrate our approach by means of an application
named MPTrain that (1) selects the music to assist users
in achieving speci�c exercising goals; (2) incorporates the
user's physiological response to the music to determine the
next song to play.

The paper is organized as follows: In Section 2 we present
PAPA, the framework for automatically generating playlists.
Next, Section 3 is devoted to describing the MPTrain sys-
tem, an exemplary application of the proposed framework.
Finally, Section 4 contains some conclusions and future lines
of work.

2. Automatic Generation of Playlists from
Purpose and Physiological Response
Figure 1 illustrates the basic components of PAPA.

Typically, the user (1) is listening to music from his per-
sonal digital music library (DML) (2) by means of a portable
digital music player. Let the DML consist of a collection of



N songs,f S1; S2; :::; SN g. In the Figure, the portable de-
vice is a mobile phone with MP3 playback capabilities (3).
The system has access to: (a) the user's pro�le (10) contain-
ing personal information,Pu , such as the user's age, weight,
gender, and musical preferences, together with (b) historic
data in the form of logs of previous interactions with the
system,H u .

The user also wears a set ofK physiological and envi-
ronmental sensors (2), such as sensors for determining the
user's heart-rate, galvanic skin response, respiration rate,
movement, position, etc. LetF u = f f u

1 ; f u
2 ; :::; f u

K g denote
the user's physiology and environmental data, wheref u

i is
the feature vector for sensori , with i = 1 ; :::; K . These sen-
sors continuously send data wirelessly to the mobile phone.

The system takes into account the context in which the
user is listening to the music (e.g at work, in the car, at
home, with friends, etc) together with the purpose of lis-
tening to the music (e.g.relaxing, concentrating, exercising,
driving, etc.) (4). The context and purpose can be expressed
as a functionG of the user's: (a) real-time physiological and
contextual data,F u ; (b) pro�le, Pu and (c) historic data,
H u . The user's DML is augmented with relevant metadata
M s (5), such as the songs' tempo, average energy, duration,
genre, etc. LetM si = f msi

1 ; msi
2 ; :::; msi

L g denote the set of
L features extracted from songi , with i = 1 :::N .

The system utilizes the user's biofeedback and explicit
feedback (7) to learn a model of the set of features in the
music,M s – e.gtempo, average energy, etc – and the user's
response to it,F u – e.g.increased heart-rate, decreased res-
piration rate, etc. The system will select the next song to
play based on the deviation between the desired goalG and
the user's current statef F u ; Pu ; H u g.

For example, let us assume that the user's goal is to relax.
This goal corresponds to certain values in the user's physiol-
ogy, e.g. low heart-rate, galvanic skin response, respiration
rate and movement. The user starts listening to the �rst mu-
sical piece as selected by the system. As time progresses, the
system constantly monitors the user's response to the music
and uses this information to select the next “optimal” song
to play. If, for example, the user's current physiology does
not correspond to the system's model of a “relaxed” state,
the system will select a more “relaxing” song to play next.
The model of the user's state is learned from data.

Note that there are two different mappings that need to
be estimated from data: (1) The mappingMapMU between
musical featuresM s and the user's state(F u ; Pu ; H u ); and
(2) the mappingMapGU between the goalG and the user's
state(F u ; Pu ; H u ). Those two mappings, together with the
user's pro�le (Pu ) and historic data (H u ) are part of the user
model (6).

Finally, there are two important aspects in evaluating this
paradigm: (1) How well the music helps users in achieving
their desired goal, and (2) how enjoyable the music selection
is to the user, given the context.
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Figure 1. PAPA: Physiology and Purpose-Aware Playlist Gen-
eration.

We shall illustrate the proposed approach with a proto-
type named MPTrain that creates a playlist to assist users in
achieving speci�c exercise goals.

3. MPTrain: Automatic Playlist Generation
for Optimal Exercise Performance
MPTrain is a mobile phone based system that takes advan-
tage of the in�uence of music in exercise performance en-
abling users to more easily achieve their exercise goals.

MPTrain is designed as a mobile and personal system
(hardware and software) that users wear while exercising
(walking, jogging or running). MPTrain's hardware includes
a continuous heart-rate and acceleration monitor wirelessly
connected to a mobile phone carried by the user. MPTrain's
software allows the user to enter a desired workout in terms
of desired heart-rate stress over time. It then assists the user
in achieving the desired exercising goals by: (1) constantly
monitoring his/her physiology (heart-rate in number of beats
per minute) and movement (speed in number of steps per
minute); and (2) selecting and playing music (MP3s) with
speci�c features that will guide him/her towards achieving
the desired exercising goals.

MPTrain uses algorithms that learn the mapping between
musical features (e.g.beat), the user's current exercise level
(e.g.running speed or gait) and the user's current physiolog-
ical response (e.g. heart-rate). The goal is to automatically



choose and play the “right” music to encourage the user to
speed up, slow down or maintain their pace while keeping
him/her on track with the desired workout.

Figure 2 illustrates MPTrain's data �ow. The user is lis-
tening to digital music on his/her mobile phone while jog-
ging. At the same time, the user's hear-rate and speed are
monitored and stored on the mobile phone. A few sec-
onds (typically10 s) before the conclusion of the song cur-
rently being played, MPTrain compares the user's current
heart-rate with the desired one according to the current pre-
selected workout. The user's model is composed of two ele-
ments: (1) Thenext action module, which determines if the
user needs to speed up, slow down or keep their pace of jog-
ging, based on whether his/her heart-rate needs to increase,
decrease or stay the same. With this information, (2) the
music �nding moduleidenti�es the next song to be played
from the music database. The current implementation of the
music �nding algorithm determines the next song by iden-
tifying a song (1) that hasn't been played yet; and (2) has a
tempo (in beats per minute) that is similar to the user's cur-
rent gait, but increasing or decreasing an amount inversely
related to the deviation between the actual heart-rate and the
desired heart-rate from the preset workout.

At any instant of time, the user can check how well (s)he
is doing with respect to the desired exercise level, mod-
ify the exercising goals or change the music track from the
one automatically selected by MPTrain. We are currently
working on including additional user adaptation to MPTrain
by incorporating information about that user's past sessions
and by constantly monitoring the user's actions and learning
from them. As the user interacts with the MPTrain system,
we would like for its music selection algorithm to become
progressively better suited for that particular user.

We refer the reader to [7] for a detailed description of the
MPTrain system.

3.1. Automatic Playlist Generation

MPTrain acts as a personal trainer that uses music to encour-
age the user to accelerate, decelerate or keep the running
speed. The key element is that music improves gait regu-
larity due to the use of the beat, which helps individuals to
anticipate the desired rate of movement [9]. The rhythmic
structure of the music and the rhythmic actions performed
by the body are believed to combine and sychronize. We
shall describe next MPTrain's algorithm for selecting the
music to play.

In its current implementation, MPTrain does not take any
action until one of these three conditions are true:
1. There are a few seconds left (e.g.10) before the end of
the current song: In this case, MPTrain determines whether
the user needs to increase, decrease or keep their running
pace, by comparing the user's current heart-rate with the de-
sired heart-rate from thedesired workoutfor that day. Once
it has determined the action to take, it searches the user's
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Figure 2. MPTrain's data�ow.

digital music library (DML) for the optimal song to play.
Note that the DML contains not only the user's personal col-
lection of MP3 songs, but also additional information about
each song, such as its beat1 and average energy. Depending
on the situation, MPTrain will look for a song whose beat is
similar, higher or lower than that of the song currently being
played, according to the difference between the actual and
desired heart-rates. In the event that the workout target is
about to change, MPTrain selects a song appropriate to the
nextworkout target.

For example, if the user's current heart-rate is at55%of
the maximum heart-rate reserve2 , but the desired heart-rate
at that point is at65%, MPTrain will �nd a song that has
faster beat than the one currently being played. The increase
in beat in the song is proportional to the percentage of error
between the user's actual and desired heart-rate.
2. There is a discontinuity in the desired workout pat-
tern, such as moving from a warming-up (about60% of
maximum heart-rate reserve) to a weight management sec-
tion (about70%of maximum heart-rate reserve) in the de-
sired workout. In this case, MPTrain interrupts the song that
is currently playing, unless the song has been playing for a

1 Determined automatically or manually.
2 Heart-rate reserve is de�ned as the user's maximum heart-rateminus

the user's resting heart-rate.



very short time (e.g. less than20s)3 . MPTrain then selects
the next song to play as described in case (1) above.
3. The user explicitely requests a change of song. In this
case, MPTrain selects a different song from the DML whose
features still satisfy the constraints given the situation.

MPTrain's current implementation uses an empirically
learned function to map the physiological response to the
music's beat. This model is used to make a statistically ac-
curate track selection. Further versions will also incorporate
information about the user's past performance and speci�c
response to each song.

3.2. Evaluation
We are currently carrying out a comprehensive user study
with 20 runners. The study consists of three to four running
sessions. In each of the sessions the runners know what is
the desired exercise pattern for the session and their heart-
rate and speed are monitored. The �rst running session is
without music (mutecondition); the second one with ran-
dom music from the digital music library that is stored in
the phone (randomcondition); and the third one with the
music as it is selected by the MPTrain system (MPTrain
condition) and the fourth and optional �nal session is with a
Metronomeas selected by the system.

All runners �ll out a pre-run questionnaire and a post-
run questionnaire after each of the sessions. With the study
we plan to evaluate, for each of the sessions: (1) how well
each runner achieves the pre-de�ned exercise goal; (2) their
perception of the workout; (3) their level of enjoyment of
the music selected by MPTrain, especially when compared
to the rest of the conditions.

Before deploying the comprehensive user study, we have
extensively tested MPTrain with two runners. The results
have been very positive and encouraging. The focus of these
suite of tests has been to evaluate and re�ne MPTrain's mu-
sic selection algorithms. In our tests, the Digital Music Li-
brary contained up to57 songs with durations and tempos
ranging from 2:02 to 5:55 minutes and65 to 185beats per
minute, respectively. The songs belonged to a variety of mu-
sic genres (e.g. pop, rock, soul, hip-hop, etc), both instru-
mental and vocal. Note that MPTrain's metadata about each
song includes the tempo and energy of the song in20s win-
dow intervals and the average tempo and energy. The music
selection algorithm described in MPTrain uses the song's
tempo.

In the outdoor running experiments that we have carried
out so far, the runners were able to achieve a workout sig-
ni�cantly more similar to the desired workout when using
MPTrain than in themuteandrandomconditions. We have
also observed alearning curvephenomenon. It typically
took the runners a few sessions to get used to both the mu-
sic in the DML and to MPTrain's style of “coaching”. In all
cases, the users became better at achieving the desired work-

3 In this case a song has already been selected based on the new target.

out as their experience with the system was increased. Fi-
nally, the runners reported that (1) running with music made
their workout more enjoyable than running without it; (2)
running with MPTrain's music selection was not only fun,
but also an ef�cient way to achieve their workout goal.

4. Conclusions and Future Work
We have presented a novel approach to the automatic gen-
eration of playlists that incorporates the user's physiologi-
cal response and purpose in the music selection algorithms.
We have illustrated our approach with MPTrain, a mobile
phoned based system that utilizes the user's biofeedback to
select the “right” music to play to assist the user in achieving
a speci�c exercise goal.

In addition to �nishing the user study and analyzing the
data from the study, there are several lines of future research
that we would like to pursue with the proposed approach,
including (1) exploring other domains where our approach
could be applied; (2) enriching the user's model by adding
information about the user's past interactions with the sys-
tem to enhance the automatic playlist generation algorithm;
(3) incorporating new musical features to the music selec-
tion algorithm, such as the song's average energy and the
volume at which is being played; (4) altering the speed and
volume with which each song is being played, to better di-
rect users towards achieving their goal; (5) incorporatingad-
ditional contextual information, such as GPS data, body and
external temperature, barometric pressure to determine in-
cline, etc.; and (6) working on different user interfaces to
allow users to rate the playlist, review their past interactions
with the system, and identify trends and deviations from
those trends. We would also like to include lifestyle vari-
ables, such as diet, overall mood, stress levels, etc, and �nd
correlations between them and the ef�cacy of the system,
both in terms of how well it helps users achieve their goal
and how enjoyable the music selection is.
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