DJ Al: Optimizing Playlist Alighment and Generating Transitions
with Generative and Embedding Models

ABSTRACT

Digital music platforms have transformed the listening experience
through curated playlists and transitions, yet many transition cre-
ating systems primarily serve professional DJs with many manual
features to be set while overlooking amateur performers and every-
day listeners. In this study, we introduce DJ-Al, a novel framework
that bridges this gap by analyzing detailed musical features to opti-
mize song sequences and create harmonic transitions between those
songs. Our approach employs graph based optimization techniques
to efficiently arrange playlists by mapping song relationships and
determining the best transition paths. Additionally, we integrate
MusicGen—a generative model for generating coherent musical
continuations—and MERT audio embedding model, which capture
nuanced musical attributes, to enhance the smoothness of tran-
sitions. Experimental evaluations reveal that DJ-AI outperforms
traditional crossfade methods in generating smooth and coherent
transitions. This framework paves the way for Al-driven adaptive
mixing solutions, making seamless music transitions more accessi-
ble to a broader audience.
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1 INTRODUCTION

The evolution of music consumption has been nothing short of
transformative. Historically, music enthusiasts manually sequenced
vinyl records, relying on their intuition and musical knowledge to
create a coherent listening experience. With the advent of digital
technologies, the art of playlist curation transitioned to automated
systems that primarily consider listening history, often neglecting
the rich tapestry of musical attributes such as tempo, harmony, and
rhythm. Similarly, while DJ applications have advanced in providing
real time transition effects, they usually emphasize technical mixing
rather than an integrated approach that accounts for the musical
compatibility of tracks. This dichotomy has resulted in systems
that serve professional DJs or passive listeners but fall short for the
diverse needs of end users and amateur D]Js.
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Recent advancements in artificial intelligence, sound analysis,
and music generation have paved the way for a paradigm shift in
how playlists are created and transitions are designed. Our pro-
posed system, DJ-AL leverages these technologies to redefine the
music listening experience. Unlike traditional recommendation al-
gorithms that prioritize user history and simple metadata, DJ-AI
analyzes songs by delving into their intrinsic musical attributes,
such as tempo, harmonic structures, and rhythmic patterns. This
comprehensive analysis facilitates the generation of optimized song
sequences that ensure both harmonic coherence and rhythmic con-
tinuity.

Central to our approach is the integration of advanced tools like
MusicGen and MERT embeddings. MusicGen contributes by provid-
ing Al-driven sound synthesis capabilities, generating smooth and
contextually appropriate musical transitions. In contrast, MERT
embeddings capture nuanced musical features that are pivotal for
selecting the best transition segments. This dual integration enables
DJ-AI to employ techniques akin to those used by professional DJs
while remaining accessible to non-experts.

Furthermore, our system draws an analogy to prompt engineer-
ing in large language models: just as the quality of structured
prompts significantly influences the output, the ordering of songs
based on musical features critically shapes transition quality. By
imposing structured musical constraints, DJ-AI arranges tracks in
an optimal, feature-wise sequence, ensuring that each song natu-
rally flows into the next. This careful sequencing not only improves
harmonic and rhythmic continuity but also enhances the overall
auditory experience by facilitating smoother transitions. In essence,
a well-ordered playlist serves as a refined prompt that drives the
system’s success, addressing a significant gap in current research
where sequencing and transitions are typically treated as separate
challenges.

2 RELATED WORKS

Early work in automated music transition and sequencing pre-
dominantly relied on classical signal processing and graph-based
optimization techniques. For instance, Robinson and Brown [12]
proposed an innovative method for generating audio crossfades
in the time-frequency domain using graph cuts. Their approach
discretizes the frequency spectrum into bins and formulates the
crossfade as a min-cut problem, thereby enabling per-frequency
seam selection that is more adaptable than standard amplitude-
based crossfading.

Parallel to this, Bittner et al. [1] addressed the broader problem
of automatic playlist sequencing and transitions. Their work casts
the sequencing problem as a graph traversal task, where songs are
represented as vertices weighted by acoustic and musical similarity.
By solving for the shortest Hamiltonian path (or cycle) in the graph,
they achieved coherent sequencing that respects key, tempo, and
timbral continuity between tracks.
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More recent advances have shifted towards deep learning tech-
niques that can learn rich representations directly from audio. Hsu
and Chang [5] introduced a transformer-based model for generating
music transition sequences (MTS), leveraging an encoder-decoder
architecture that captures fine-grained musical attributes such as
tempo and harmonic progression. Unlike traditional crossfade meth-
ods, their model can synthesize transitions that are both musically
coherent and dynamically adaptive.

Building on these advances, our work integrates two state-of-the-
art models to further enhance transition generation. First, we incor-
porate the MERT model [10], which uses large-scale self-supervised
training to produce detailed acoustic and musical embeddings.
These embeddings are crucial for identifying optimal transition
points between songs. Second, we leverage MusicGen [2], a control-
lable music generation framework that employs efficient codebook
interleaving and conditional generation. MusicGen not only syn-
thesizes high-fidelity audio transitions conditioned on both textual
and melodic cues but also complements the analysis provided by
MERT.

By combining the insights from classical graph-based methods
with the representational power of modern deep learning models,
our approach offers an end-to-end solution. It addresses both the
sequencing and transition generation tasks in a manner that is ac-
cessible to non-professional users while retaining the sophisticated
qualities typically produced by expert D]s.

3 METHODOLOGY

Figure 1 illustrates the process of DJ-AI transforming a standard
playlist into a transition-enhanced playlist. The key phases of this
method include analyzing songs, identifying optimal transition
points, and generating transitions using MusicGen. Initially, musi-
cal attributes such as tempo and energy are extracted for each song,
followed by compatibility analysis to determine the best playlist
ordering. In the final stage, transition segments are identified, and
smooth transitions are achieved through conditional music genera-
tion and audio processing.

3.1 Feature Extraction

Feature extraction is a fundamental step in playlist optimization, as
it involves obtaining the musical attributes that define the compati-
bility between songs. In this approach, the tonal key, tempo, and
energy were extracted from audio files.

The tonal key was determined using chroma features, which cal-
culate the intensity of each note class. The Krumhansl-Schmuckler
key-finding algorithm matched the extracted chroma profiles with
major and minor key templates to identify the musical key of each
track [8]. These keys were then converted into the Camelot Wheel
format to facilitate harmonic mixing, optimizing transitions be-
tween harmonically compatible keys [4].

Compatibility analysis was performed by comparing extracted
features. Two songs were considered compatible if they met the
following criteria:

o Camelot keys must be identical, adjacent, or harmonically
complementary.
e Tempo difference should not exceed +2 BPM.

o Energy level should generally increase but should not exceed
a variation of 0.2 RMS units.

3.2 Playlist Optimization and Evaluation

A graph-based approach was used to determine the optimal song
sequence. Each song was represented as a node in a directed graph,
with directed edges connecting nodes that met compatibility crite-
ria.

A Depth-First Search (DFS) algorithm was applied to explore
all possible transition paths, and the longest paths were selected
to represent the most coherent playlists. This technique shares
similarities with the Traveling Salesman Problem (TSP), which
seeks to find an optimal route through a set of points [6].

The quality and coherence of generated playlists were assessed
using cosine similarity between song embeddings, ensuring the
selection of the most optimal playlist order. Embeddings were de-
rived using audio features such as MFCCs, chroma features, spectral
contrast, and more.

3.3 Optimal Transition Segment Detection and
Generation

The transitions created by DJ-Al leverage MusicGen’s conditional
music generation capability to synthesize transition appropriate
audio [2]. MusicGen’s ability to generate audio while maintaining
melodic alignment was a key factor in its selection. This approach
was further enhanced using MERT embeddings, which were trained
with models incorporating both acoustic and tonal features, ensur-
ing rich musical context [10].

To determine the most compatible segments between two songs,
the last 30 seconds of each track were divided into overlapping 10
second segments using a 2 second sliding window. This segmenta-
tion enabled a detailed analysis of features such as MFCCs, spectral
centroid, spectral bandwidth, chroma, energy, and tempo. These
features were then combined with MERT embeddings to enhance
musical representation, ensuring the best possible transition quality.
Prior studies have demonstrated that combining features improves
embeddings by adding complementary information without distort-
ing the original representation [14, 15]. To balance feature effects,
all features were normalized to zero mean and unit variance [14].
Segment similarity was computed using cosine similarity.

Beat Matching for Rhythmic Continuity: In addition to har-
monic and spectral analysis, DJ-AI applies beat matching to ensure
rhythmic consistency between consecutive tracks. Beat mismatches
can cause jarring transitions, particularly in genres with strong
rhythmic structures such as electronic dance music. To prevent
this, DJ-AI synchronizes the beats of the transition and crossfade
segments through the following steps:

(1) Detecting Beats: Using Librosa’s beat tracking algorithm,
beats are identified in both the transition and crossfade seg-
ments.

(2) Computing Tempo Differences: The tempo of each segment
is estimated, and the ratio between them is calculated.

(3) Time Stretching for Alignment: The transition segment is
time stretched to match the tempo of the crossfade segment
using phase preserving algorithms.
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Figure 1: Transitioning from a Playlist to a DJ-AI Enhanced Playlist

(4) Aligning Beat Positions: The starting point of the transition
segment is adjusted so that its first detected beat aligns with
the closest beat in the crossfade segment.

To achieve phase preserving time stretching, DJ-AI employs a
phase vocoder based approach, which operates in the frequency
domain to modify tempo without altering pitch. This method first
applies a short time Fourier transform (STFT) to convert the audio
signal into a time frequency representation. The algorithm then
adjusts the timing of spectral components while preserving phase
relationships between frequency bins, preventing phase smearing
and unnatural artifacts. Finally, the modified signal is reconstructed
using an inverse STFT (ISTFT), ensuring that the stretched audio
remains perceptually natural and rhythmically coherent.

Mathematically, the tempo adjustment is defined as:

tempo
POcrossfade (1)

tempoyansition

- ) @

tempo_ratio

tempo_ratio =

Yadjusted [7] = Ytransition (

where Yiransition represents the original transition audio, and
Yadjusted 18 the beat matched transition segment.

Seamless Blending with Crossfade and Envelope Shap-
ing: Once the most compatible segments were identified and beat-
matched, a crossfade technique was applied to blend the transitions
smoothly. To ensure smooth loudness transitions, a cosine-shaped
volume envelope was applied:
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Additionally, MusicGen was used to generate synthetic transition
audio. The model was conditioned on the linear blend of selected
segments to produce transition appropriate sound. However, since
the model tends to adhere closely to the input melody, the gener-
ated transition audio was twice the length of the intended crossfade
duration, and only the latter half was used for the transition [2].

Low-Pass Filtering for Smoother Transitions: In the final
step, a Butterworth low-pass filter was applied to remove high-
frequency artifacts, further enhancing the transition quality:

H(s) = )

R 2N
1+(w_c)

where w; = 2xf; is the cutoff angular frequency and N is the
filter order. In digital implementation, the difference equation is:
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where x[n] is the input and y[n] is the output signal. This filter-
ing process enhances the transition signal by removing unwanted
noise and ensuring a smooth blending of audio tracks.

By integrating harmonic aware segment selection, beat-matching
adjustments, envelope shaping, and MusicGen based synthesis, DJ-
Al produces rhythmically and melodically seamless transitions that
outperform conventional crossfade methods. These techniques en-
sure that playlist automation can generate transitions that feel
intentionally mixed, rather than mechanically overlapped, signifi-
cantly improving user experience.

4 EXPERIMENTS AND RESULTS

Selecting appropriate evaluation metrics is a critical step in en-
suring the quality and coherence of transitions used in the DJ-AI
project. Since transitions between tracks require both harmonic
and rhythmic compatibility, various commonly used music analy-
sis metrics were examined, and those best suited to the system’s
requirements were selected. The chosen metrics include chromatic
cosine distance and Dynamic Time Warping (DTW), as they pro-
vide the most balanced evaluation set considering tonal, rhythmic,
and perceptual aspects.

4.1 Evaluation Metrics Analysis

First, various metrics widely used in the literature were analyzed
for their suitability in evaluating D] transitions. Mel-Cepstral Dis-
tortion (MCD) is a method that measures the spectral distance
between audio signals using Mel-Frequency Cepstral Coeflicients
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(MFCCs). While effective for assessing timbral similarity, it was
deemed insufficient for evaluating musical transitions as it does
not account for rhythmic or harmonic compatibility [9].

Dynamic Time Warping (DTW) aligns time-dependent sequences
by minimizing time distortions, making it an effective method for
rhythmic compatibility. However, its computational cost presents a
disadvantage for real-time applications [13].

Fréchet Audio Distance (FAD) is adapted from the Fréchet Incep-
tion Distance (FID) method and can evaluate perceptual audio qual-
ity without requiring a reference. By measuring tonal and timbral
consistency, it provides a useful approach for evaluating the subjec-
tive aspects of music transitions [7]. However, since MERT is used
for selecting appropriate transition segments in this study, FAD’s
reliance on embeddings could introduce bias into the evaluation, as
MERT embeddings inherently shape the system’s decision-making
process.

Beat-Synchronized Chromatic Distance, which evaluates har-
monic and rhythmic similarity by combining chromatic features
with beat-synchronized analysis, effectively normalizes tempo vari-
ations. However, it requires cross-correlation of chromatic matrices
for beat alignment, making it computationally intensive [3].

After analyzing the trade-offs between computational efficiency,
relevance, and applicability, cosine distance and DTW were deter-
mined to be the most balanced metric set for evaluating transitions
in this system.

4.2 Selected Metrics and Implementation
Process

In this study, cosine distance and Dynamic Time Warping (DTW)
were used to evaluate transition quality. Cosine distance was cho-
sen to measure harmonic similarity and was computed between
chromatic feature vectors extracted from audio files. Lower cosine
distance values indicate stronger tonal compatibility between two
tracks.

For rhythmic alignment, DTW was employed to determine the
optimal time alignment between two segments while preserving
rhythmic continuity in transitions. A Manhattan distance-based
local cost function was used to balance computational complexity
[11, 13].

The experiment consisted of two phases:

1. Curated Playlist Transition Test: In this phase, the system’s
transition performance was analyzed using a carefully selected
playlist of harmonically compatible tracks. The playlist was con-
structed using the methods outlined in the Playlist Optimization
section. The goal was to measure whether the system successfully
optimized transition segments to create seamless transitions.

2. Random Song Transition Test: In this phase, the same tests
were conducted using randomly selected songs to evaluate the
system’s performance when handling transitions between tracks
without harmonic or tempo compatibility.

In both phases, two transition methods were tested:

(1) DJ-AI Method: After identifying the most compatible seg-
ments of both tracks, a transition was generated.

(2) Crossfade Method: A traditional crossfade was applied,
merging the last 15 seconds of the first song with the first
15 seconds of the second song without any optimization.

During these tests, chromatic cosine distance and chromatic
DTW distances were computed for each transition method. In the
curated playlist test, the system’s performance in terms of tonal
coherence and rhythmic alignment was evaluated. In the random
song test, the importance of transition optimization and segment
selection was analyzed.

4.3 Evaluation Process

The evaluation process began with extracting chromatic and rhyth-
mic features using music information retrieval libraries. A sliding
window approach was then applied to encode transition segments
for analysis. All possible transitions were systematically scored
based on the selected metrics, and the obtained results were vali-
dated against subjective evaluations from human listeners. The final
measurements served as the foundation for assessing transition
quality and system performance.

4.4 Key Findings and Results

The evaluation process compared two different transition methods.
The first method, DJ-AI selected the most compatible songs from a
large playlist, identified optimal transition points between them,
and generated a transition. The second method, crossfade, applied a
traditional static transition by directly blending the last 15 seconds
of the first song with the first 15 seconds of the second song.

During the experiment, since the curated playlist was optimized
for compatibility, the differences between the two methods were
relatively small. However, when using randomly selected songs, the
advantages of DJ-AI became more evident. This result demonstrates
that the system’s optimization, which considers tonal, tempo, and
energy factors, has a direct impact on transition quality.

Evaluation Metric DJ-AI | Crossfade
Chromatic Cosine Distance | 0.3735 0.3888
Chromatic DTW Distance | 4.3117 4.5018

Table 1: Test results using a curated playlist (Lower is better)

As seen in Table 1, a slight difference in chromatic cosine distance
was observed between the two methods. This indicates that both
methods achieved similar tonal transition quality. However, the
chromatic DTW distance was lower for DJ-AI, demonstrating its
ability to better align transitions rhythmically.

These results highlight that transition quality is directly related
not only to tonal compatibility but also to rhythmic alignment. In
DJ sets and automated playlist systems, selecting optimal transition
segments leads to a smoother listening experience compared to
static crossfades.

Evaluation Metric DJ-AI | Crossfade
Chromatic Cosine Distance | 0.3894 0.4112
Chromatic DTW Distance | 4.4038 4.7111

Table 2: Test results using random songs (Lower is better)
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Table 2 presents the evaluation results for transitions using ran-
domly selected songs. In this experiment, where no playlist opti-
mization was applied, both chromatic cosine distance and chromatic
DTW distance were significantly higher than in the curated playlist
tests.

This confirms the effectiveness of playlist optimization: when
compatible songs are selected, transition scores improve, leading
to smoother transitions. Additionally, even with random songs, DJ-
AT outperformed the traditional crossfade method, demonstrating
the importance of selecting the best transition segments and the
effectiveness of the system in optimizing transitions.

Notably, the chromatic DTW distance improved from 4.7111
(random songs) to 4.5018 (playlist-optimized songs) and further
down to 4.3117 when the best transition segments were selected.
Similarly, chromatic cosine distance improved from 0.4112 (random
songs) to 0.3888 (optimized songs). These findings indicate that DJ-
Al provides better transitions than traditional crossfade methods,
even for randomly selected tracks.

4.5 Human Evaluation

To assess the perceived quality of DJ-AI’s transitions further, we
conducted a blind listening test where participants compared DJ-AI
transitions with traditional crossfade transitions. The objective was
to evaluate which method was preferred when participants were
unaware of the underlying technology. A total of 20 participants,
including professional DJs, amateur DJs, and casual listeners, were
recruited. Each participant listened to ten transition pairs, each
containing a transition generated by DJ-AI and a baseline crossfade
transition with a fixed 10 second overlap. The order of the two
transitions was randomized for each participant to prevent bias.
After listening to each pair, participants were asked to select the
transition they preferred without knowing which was DJ-Al

The results of this blind test indicate that DJ-AI transitions were
chosen 70.5% of the time, while the baseline crossfade was pre-
ferred in only 29.5% of cases. This strong preference for DJ-AI
suggests that transitions generated through harmonic aware Al
techniques provide a more seamless and musically coherent lis-
tening experience compared to conventional crossfading methods.
Many participants described the DJ-AI transitions as feeling more
natural and integrated. Others noted that crossfade felt static while
DJ-AI felt more dynamic. These findings reinforce the effectiveness
of Al-driven transition modeling, particularly in improving the
continuity of automated playlists. The experiment demonstrates
that a structured approach can significantly enhance the listener
experience by producing blends that closely resemble professional
D] mixing.

5 CONCLUSION

In this study, we introduced DJ-AI an integrated framework de-
signed to optimize playlist sequencing and generate harmonic tran-
sitions using both audio processing techniques and state-of-the-art
models. By combining graph based playlist optimization, detailed
audio feature extraction, segment level similarity assessments with
MERT embeddings, and conditional music generation with Music-
Gen, DJ-AI achieves seamless transitions that rival those produced
by professional DJ tools. Through rigorous evaluations on curated
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and random playlists, we demonstrated that DJ-AI outperforms
traditional crossfade approaches in both harmonic coherence and
rhythmic alignment, underscoring the importance of selecting com-
patible songs and transition segments. The system enhances both
tonal and rhythmic continuity by leveraging MERT embeddings
for transition segment selection and employing MusicGen for tran-
sition generation, resulting in a more natural listening experience.
The results highlight the significance of structured playlist order-
ing, optimal transition segment detection, and music generation in
improving transition quality. As Al driven music tools continue to
evolve, frameworks like DJ Al have the potential to redefine how
music is mixed and enjoyed, making seamless transitions accessible
not only to professional DJs but also to casual listeners seeking an
enhanced auditory experience.
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