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Abstract
Music is the art of arranging sounds in time so as to produce a continuous, unified, and evocative
composition. Electronic dance music (EDM) is a collection of musical sub-genres produced using
computers and electronic instruments and often presented through the medium of DJing, where tracks
are curated and mixed sequentially into a continuous stream of music to offer unique listening and
dancing experiences over time periods ranging from several minutes to several hours. A DJ’s actions
and decisions occur at several levels of temporal granularity, from real-time audio manipulation (e.g.
of tempo) for smooth inter-track transitions to long-term planning of track selection and sequencing
for mix content and flow. While human DJs can instinctively operate across these different temporal
resolutions, replicating this capability in an end-to-end automated DJing system presents significant
challenges. In this paper, we analyse existing works in DJ mix information retrieval and generation
from this temporal perspective. We first explain the close link between DJing and the temporal
notion of musical rhythm, then describe a framework for categorising DJing actions by temporal
granularity. Using this framework, we summarise and contrast potential approaches for automating
and augmenting sequential DJ decision making, and discuss the unique characteristics of DJ mix track
selection as a sequential recommendation task. In doing so, we hope to facilitate the implementation
of more robust and complete automated DJing systems in future research.
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1 Introduction

Electronic Dance Music (EDM) has seen a huge growth in popularity in recent years, from
a relatively underground movement to a mainstream industry worth billions [30]. EDM is
often consumed through the medium of DJ performances, leading to a corresponding increase
in interest in DJing among EDM fans. Computer programs that could perform or assist
with the creative task of DJing have the potential to democratise access to high quality
continuous music mixes [42], and therefore have seen a corresponding increase in research
attention [45]. At the highest abstraction, we can specify two key tasks for an end-to-end
computational DJ system: long-term track selection and sequencing, and real-time audio
manipulation for inter-track DJ mixing. However, existing computational DJ systems are
typically not end-to-end: to simplify their implementation, they are instead deconstructed
into a hierarchy of components, some of which involve manual curation or simple rule-based
heuristics. In this paper, we aim to highlight the challenges of implementing an intelligent and
fully end-to-end DJing system by viewing its actions from a temporal perspective. We first
explain the link between DJing and the temporal notion of musical rhythm, then describe how
a DJ’s actions can be divided across different levels of temporal granularity. Through this
framework, we analyse existing works in automated DJ mixing and how its unique challenges
prevent straightforward application of related techniques in sequential music recommendation.
Finally, we discuss challenges relating to the adoption of computational DJ systems and
outline future research directions.

2 Rhythm and DJing

Music is typically organised into beats and repetitive rhythmic patterns that collectively form
the foundation of musical rhythm [32]. Here rhythm refers to the medium-scale temporal
organisation of sound, characterised by the arrangement of events, beats, and accents over
time. It is composed of several key components: tempo, i.e. the speed of the pulse; timing,
i.e. the placement of events relative to pulses; metre, i.e. the structural relationship among
pulses; and grouping, i.e. the phrasing of musical ideas independent of metre.

Rhythmic properties are particularly important in EDM, as many EDM sub-genres are
defined by their timbral palette and associated rhythm patterns. Further, structural changes
and progression in EDM tracks / DJ mixes are usually indicated by an evolution of timbre and
rhythm rather than melody and harmony [34, 22, 46, 24, 44]. EDM tracks, and subsequently
DJ mixes, are typically built around repeating loops of melodies, vocals, drums, and sound
effects (FX) that change and are layered over time – for example, through an element being
added or removed from the mix or being affected by continuous temporal processes such
as FX and synthesizer parameter automation [20, 37] – to produce rhythmic and timbral
variation and progression in the composition. Modelling these rhythmic properties is therefore
an important task in automated DJing systems, as we discuss further in Section 3 below.

3 Temporal Abstraction in DJ Tasks

We next examine in more detail the necessary capabilities of an end-to-end automated DJing
system. The two key tasks in DJing are transitioning from track to track (i.e. DJ mixing)
and selecting and ordering the tracks to be played. In the remainder of this section, we
discuss existing approaches to each of these tasks, dividing DJing actions into three temporal
levels as shown in Fig. 1. From most to least granular, these are:
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1. Transition-level: the immediate actions needed to transition from the current song to a
given next song;

2. Track-level: the choice of what the next song should be; and
3. Mix-level: the overall flow and content of the entire mix.

Figure 1 The temporal abstraction hierarchy for key sub-tasks in DJ mix construction.

3.1 Automatic DJ Mixing
DJ mixing can be formulated as a real-time sequential decision-making problem, where the
objective is to apply a sequence of audio signal transformations to two (or more) concurrently
playing tracks to optimise the perceptual quality of the resulting audio mixture for the
listener. These decisions take place entirely at the transition-level (1), using features relating
to the rhythm and other characteristics of the current and incoming tracks.

DJ transitions are considered an art-form and their perceived quality is highly subjective
and dependent on the audio tracks being mixed and the cultural context in which the
transition takes place. Nevertheless, common techniques exist and many works have proposed
automatic DJ mixing systems, attempting to implement probabilistic rules informed by
signal processing to produce systems exhibiting what each author believes constitutes valid
DJ mixing. For example, (beat-matched) crossfading over fixed-length temporal horizons
is commonly applied [7, 33, 40, 42, 10, 23, 3, 27, 26, 2, 38]. Other approaches include
3-band equaliser mixing [21, 38], avoiding vocal clashes [42, 38], double drop / rolling /
relaxed transition [42], looping out [33], looping to produce a drum roll-like effect [3], adding
samples [27] or an MC-like voiceover [33], slam / cut / switching [40, 2, 3], echo out [40, 2],
and power down [40]. While such rules can produce reasonable transitions, the predictability
arising from using the same limited transition techniques mean that computer-generated
transitions are more likely to be identified and negatively viewed by listeners in repeated
exposures [18].

A notable exception to rule-based systems is a deep neural network to generate audio-
dependent control trajectories for DJ transitions [7]. Although described as having developed
a unique style, it also employed unfamiliar mixing techniques and subsequently its perform-
ance was only considered on par with rule-based methods. This highlights the challenge of
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predicting effective temporal control sequences, which must balance a degree of unpredictab-
ility with some adherence to established mixing norms and contextual appropriateness to
deliver robust mixes that are satisfactory at a psychoacoustic level [41]. So far, no automatic
DJ transition generation system has matched the performance of human DJs.

3.2 DJ Track Selection and Sequencing
DJ track selection is influenced by a DJ’s own curatorial interests and the context of the
mix (e.g. a pop music night at a club versus an EDM festival). Sequencing depends on
both transition compatibility and the DJ’s longer-term goals: for example, after playing
several songs with high tempo, a DJ may choose to play lower energy tracks to give the
audience a break. To successfully select and sequence tracks, generative DJ mix systems must
therefore act across all three levels of temporal granularity. However, operating intelligently
across all three temporal levels simultaneously is a fundamental difficulty in automated
DJ mixing, and, to the best of our knowledge, no existing works attempt to do so. Most
existing systems operate primarily at levels (1) and (2) in their sequencing algorithms: to
ensure that the automated transitions discussed in Section 3.1 can be applied effectively, they
select an appropriate next track by “mixability”, i.e. by compatibility in tempo, rhythm, or
harmony. This compatibility can be either fine-grained at the transition points [19, 42, 38] (at
transition-level), based on coarser similarity of overall acoustic features [40] (at track-level),
or a combination of both [42]. Other works [11, 2, 33] place more emphasis on flow at the
mix-level but forgo mix-level content curation and/or transition-level compatibility, while
DJ-MC [25] focuses only on the higher two levels.

The above temporal framework also helps explain why existing sequential music recom-
mendation algorithms cannot be straightforwardly applied in the DJ mixing context, even
though DJ track selection is closely related to tasks such as playlist generation [13, 35, 1] and
next song recommendation [16, 43, 36]. In particular, transition-level factors are unique to
DJ mixing, and are not modelled by generic sequential music recommenders. However, these
transition-level constraints exert a considerable influence on the other levels and therefore on
the overall system: track-level choices require consideration of transition-level compatibility,
which in turn affects mix-level track selection. There are also practical difficulties arising
from the need to model all three levels of granularity, from the coarse sequence-level view
of the selected tracks down to musical content at the beat or frame level. Furthermore, al-
though some existing sequential music recommender systems or DJing systems do implement
curatorial filtering (e.g. to specific genres or “vibes”, as in [33]), they typically do not operate
with long-term goals in mind in the same way a DJ would. It is not clear whether such
behaviour could be explicitly encouraged during model training, and any such effort would
likely require a large dataset of DJ mixes with associated audio and track labels. However,
no such corpus is currently publicly available.

4 Adoption and Ethical Challenges

Many DJs are concerned about how automation may affect their livelihoods [39], as compu-
tational DJing is already reshaping both live performance [5] and radio or home listening
contexts [6, 2, 4]. For instance, iHeartMedia – a global network of local radio stations – laid
off up to 850 DJs and producers in favour of software to schedule music, mix songs, and mimic
the voice of radio hosts [9, 17, 14]. Yet, DJ practices have continually evolved alongside tech-
nological innovation [29]. Automatic beat tracking and alignment, key / tempo detection and
transposition, and various visualisation techniques [46, 15, 8] to aid musical understanding
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and inform DJ decision making at multiple temporal levels are now ubiquitous in digital DJ
workflows. Rather than replacing DJs, computational tools, like those discussed in this paper,
can complement and expand contemporary practice. While quality-cost considerations may
drive some autonomous applications [28], socio-cultural factors – particularly the importance
of the dynamic between DJs and live audiences [31] – ensure continued demand for human
DJs and intelligent mixing and recommendation systems can be used to support their creative
expression. The key challenge comes in developing application use-cases that respect DJs’
artistic autonomy while leveraging the potential of these technologies to reduce various task
complexities, enable enhanced performance, and augment creative decision making [12].

5 Conclusion and Future Directions

This paper outlines how a multi-resolution temporal framework is critical for both feature
extraction and the development of hierarchical, modular systems capable of intra/inter-track
mixing, track-level selection, and mix-level sequencing in an EDM DJing context. We also
distinguish between DJ track selection and general sequential music recommendation based
on this framework, and discuss potential consequences of this technology being democratised.
In previous work, we identified that audio features that capture and emphasise timbral and
rhythmic features are valuable for the analysis of DJ mixes at arbitrarily fine temporal
intervals [46], particularly in computing DJ transition properties such as length and relative
smoothness. In the future, we hope to apply such representations at various temporal
resolutions for DJ mix information retrieval and to integrate approaches at multiple temporal
levels to assist in various artist-centric, co-creative scenarios such as informative visualisation,
multi-track mixing, and real-time assistance in DJ mix construction.
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