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ABSTRACT

We present a novel approach to symbolic music generation
that enables users to guide melodic trajectories through
abstract contour inputs. This work explores how intuitive,
high-level melodic controls can influence the expressive
shape of generated music, paving the way for tools
that grant users more creative control. Our framework
consists of two main stages. In the first stage, we
extract melodic contour from symbolic music using
the Ramer–Douglas–Peucker (RDP) algorithm, which
simplifies the melodic trajectory while preserving its
essential directional shape. Second, a Transformer-based
generative model is conditioned on user-specified contour
tokens to produce polyphonic continuations that follow
the desired melodic shape. To strengthen contour
adherence, we introduce a contour-aware loss based on
cosine similarity between the target contour vector and the
generated melodic motion.

Objective evaluations on the MAESTRO dataset indicate
that the proposed model closely aligns with target contours
while preserving overall musical quality comparable to
a baseline Music Transformer. These results highlight
the feasibility of high-level contour-conditioned music
generation and point toward future applications that
integrate contour-based inputs with modalities such as hand
gestures in VR, enabling intuitive, real-time human–AI
co-composition.

1. INTRODUCTION

Controllability in AI music generation is rapidly advancing,
with notable progress in recent years, yet it remains an
open and actively explored research area. Recent advances
in controllable music generation have explored a wide
range of conditioning inputs, including chord [1, 2, 3],
rhythm [1, 2], style [4, 5], emotion [6], and even textual
or visual modalities [7, 8, 9]. These approaches enable
users to steer the generation process toward desired musical
attributes. While a few prior works have considered
contour-based conditioning, direct and flexible control
over melodic structure remains relatively underexplored.
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Figure 1. Illustration of abstract contour-conditioned music
generation (Melody fragment inspired by Call of Silence,
adapted by the authors).

Melodic contour captures the explicit shape and direction
of pitch movement over time and is central to human
perception and music composition [10].

Traditional instrumental performance often requires
complex motor skills that are learned. Our longer-term
design goal is to propose an alternative approach to music
performance and composition that establishes more intuitive
links between user actions and the resulting music, thereby
lowering the learning barrier and enabling more direct
expression of musical ideas. As a first step, we design a
contour-conditioned music generation system and evaluate
it quantitatively.

This study explores new ways for composers to shape
machine-generated music through high-level melodic
sketches. First, we present a novel method for
extracting high-level melodic contours by combining
time-pitch segmentation with Ramer–Douglas–Peucker
(RDP) simplification, producing a compact yet expressive
representation of melodic direction. We extend the Music
Transformer [11] with contour tokens and a contour-aware
loss, enabling the generation of polyphonic, musically
coherent continuations aligned with user-defined contours
and facilitating collaborative human–AI composition.

2. RELATED WORK

Melodic contour has been extensively studied in the context
of audio-based music analysis, where the goal is to estimate
and interpret pitch trajectories from audio signals [12, 13].
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These approaches rely on fundamental frequency (F0)
extraction and are often used in tasks such as music
transcription, genre classification, or melody identification.
In contrast, our work operates directly on symbolic music
(e.g., MIDI), where pitch and onset information is precisely
available. This enables a more direct and interpretable
extraction of high-level contour, which we further use as a
conditioning signal in generation.

For polyphonic symbolic music, a prerequisite for contour
analysis is melody extraction, which aims to identify the
main melodic line from multiple voices. Early rule-based
methods such as the skyline algorithm [14] simply select
the highest note at each onset. Later approaches evolved
toward data-driven models: piano-roll based convolutional
networks treat scores as images [15], while sequence-based
recurrent neural networks capture contextual dependencies
among notes [16]. Feature-based systems [17] use
handcrafted note properties such as pitch, duration, and
note dissonance. Recently, transformer-based pre-trained
models like MIDI-BERT [18] have demonstrated strong
performance on melody extraction as a downstream
symbolic task, reflecting a shift from heuristic to
representation learning approaches.

Prior research in symbolic music generation has
extensively explored melody-conditioned approaches over
the past decades. MusicGen [19] and MusicLM [7] transfer
the style of an input melody based on textual descriptions
or extracted melodic features. Works such as [20] and
[21] investigate note-level contour manipulation: [20]
proposes an approach to generate variations or mixtures
of multiple contours, while Piano Genie [21] maps
keystrokes from a simplified 8-key interface to a full piano
keyboard, following the direction of pitch movement on the
smaller keyboard. GaMaDHaNi [22] introduces expressive
elements to music by modeling singers’ vocal melodies
extracted from audio recordings and generating ornamental
notes for a given sequence. Music SketchNet [23] performs
pitch interpolation by transforming a set of user-specified
pitches into a complete sequence.

Some systems have also explored mapping abstract
contours to melodies, which is more closely related to
our work. For example, Hyperscore [24] introduced
a melody-pattern-based composition interface, where
different colours represent predefined melodic patterns
and the drawn shapes control their transformations. This
approach allows novice users to compose music by drawing,
but its flexibility is constrained by the small set of
predefined patterns available.

Pizzicato [25] allows users to draw a pitch curve to fill
a measure. The system is rule-based, requiring explicit
rhythm and chord labels for each beat. Notes are chosen
as the closest pitch within the chord, independent of
surrounding measures, which makes it unsuitable for users
without prior music theory knowledge.

Another related system addresses melody inpainting by
allowing users to draw curves representing the desired pitch
contour, which the system then converts into a melody
matching both rhythm and pitch contour [26]. Built on a
variational auto-encoder with a melody disentanglement

Figure 2. Overall pipeline of contour-conditioned symbolic
music generation.

scheme, it enables interactive generation without requiring
users to understand music notation. However, this
system is limited to monophonic melodies and focuses
on filling missing measures rather than generating full
polyphonic music from abstract contours. In contrast, our
work conditions a transformer-based model on high-level
contour tokens to support polyphonic generation, allowing
contour-driven composition beyond inpainting tasks.

The system Drawlody [27] enables users to create
melodies by sketching pitch contours, utilising a simplified
contour representation and a CNN-Transformer architecture
to map sketches into melody. Drawlody improves usability
by eliminating the need for auxiliary musical inputs
like chords or pre-set rhythms, making it accessible to
non-expert users. However, it is limited to monophonic
melody generation and does not support conditioning on
higher-level polyphonic or structural context.

3. METHOD

We develop a contour-conditioned music generation
framework that integrates high-level structural information
into symbolic music modelling. The overall process
consists of two main components: (1) contour extraction,
which preprocesses symbolic MIDI files by simplifying
melodic motion using an RDP-based algorithm, and (2) a
Transformer-based model that learns to generate polyphonic
music conditioned on the extracted contour. The contour
is encoded as high-level event tokens and combined with
REMI-like musical tokens to form the model input. These



contour tokens serve as structural guidance during both
training and generation. An overview of this pipeline is
illustrated in Fig. 2.

3.1 Contour Extraction using RDP

The dataset used in this project is MAESTRO v2.0.0, a
polyphonic piano MIDI corpus [28]. Our contour extraction
process involves first deriving a simplified monophonic
melody line from the original polyphonic music, followed
by encoding the contour information in a format specifically
designed to support model training.

The first step is to extract the main melody line, i.e.,
to identify a monophonic sequence from the polyphonic
texture. As a proof of concept, we employed a simplified
strategy that selects notes based on pitch and velocity.
Specifically, within each sliding window of 1 second (with
a hop size of 0.5 seconds), the note with the highest pitch
is chosen, with velocity serving as a secondary criterion to
break ties or slightly favour louder notes. Here, velocity
is weighted roughly one-tenth of the pitch value in the
selection process. The pitch–time trajectory of the selected
notes is then recorded. Fig. 3 illustrates the result of
extracting a monophonic melody line from polyphonic
input.

The next and most crucial step is melody simplification,
where we apply the Ramer–Douglas–Peucker (RDP)
algorithm to identify key turning points in the melodic
trajectory while discarding less structurally relevant
notes [29]. Originally developed for applications such as
computer graphics and cartography, RDP is widely used to
simplify complex curves and reduce data while preserving
essential shape characteristics. The RDP algorithm
recursively eliminates points whose perpendicular distance
to the line formed by the first and last points in a segment
is below a predefined threshold. In our adaptation, we
apply the RDP algorithm recursively using a dynamic
threshold tailored to the pitch range of each piece. The
process begins with a threshold equal to the smallest pitch
difference between adjacent notes and gradually increases,
eliminating points until the number of remaining notes falls
below a fixed ratio of the total notes in the monophonic
sequence. We empirically tuned this ratio to 1/3 to simplify
the contour while preserving melodic shape granularity;
however, optimisation techniques could be applied in future
work to determine a more optimal value.

Finally, we extract melodic contour information from the
simplified melody. Each contour segment is represented
by a pair: interval and duration, corresponding respectively
to the pitch and time differences between the first and
last notes of the segment. To produce a more abstract
representation of melodic direction, we apply a merging
step: consecutive segments with the same direction
(ascending, descending, or flat) are combined, and segments
with a shorter duration are merged with adjacent segments.
Empirically, segments shorter than 2 seconds are merged as
they typically reflect fine-grained melodic variation rather
than the overall contour. Fig. 4 provides an overview of
the full melodic contour extraction pipeline, illustrating the
intermediate steps and final result.

3.2 Model Architecture

We base our architecture on the Music Transformer [11], a
well-known autoregressive model with relative positional
encoding (RPR). Rather than modifying the core
architecture of the Music Transformer, we extend its input
token vocabulary by introducing two additional event types
to represent melodic contour information (see Section 3.3).
These contour tokens are injected into the input sequence
and processed identically to other events, allowing the
model to condition on high-level melodic direction without
altering its internal structure.

We enable Relative Positional Representation (RPR)
throughout training and inference, which improves the
model’s ability to capture positional relations between
events over long spans. Additionally, we apply label
smoothing with ε = 0.1 in the cross-entropy loss to
reduce overconfidence in token prediction and enhance
generalisation, especially for autoregressive generation
tasks with large output vocabularies.

3.3 Contour Token Design

The data is represented using a REMI-like event-based
vocabulary [30] consisting of note on, note off, time shift,
and velocity tokens. To incorporate high-level melodic
guidance, we introduce two additional token types:
contour interval and contour duration, which respectively
represent the expected pitch movement and temporal span
of a melodic segment. These contour tokens are inserted
immediately before the group of note events they describe.
An example token sequence is shown below:

<Event type: contour_interval, value: 85>
<Event type: contour_duration, value: 160>
<Event type: time_shift, value: 99>
<Event type: time_shift, value: 0>
<Event type: velocity, value: 10>
<Event type: note_on, value: 62>
<Event type: time_shift, value: 1>
<Event type: velocity, value: 10>

Based on an empirical analysis of the dataset, we
define the unit and range for each contour token type.
contour interval is measured in semitones, with 201 discrete
values ranging from −100 to +100 (inclusive), and
contour duration is measured in deciseconds (0.1 seconds),
using 150 discrete values from 0.1 to 15.0 seconds. As a
result, the overall vocabulary is expanded by 351 tokens to
accommodate the additional contour information.

3.4 Contour-Aware Loss

To guide the model to follow the desired melodic
contour, we introduce a contour-aware loss that aligns
the movement of generated notes with the contour
direction. Each contour block is defined by a pair
of tokens: <contour_interval> and <contour_
duration>, which precede a group of notes in the token
sequence. The interval represents the expected pitch change,
and the duration defines the expected temporal span.

We extract vectors representing melodic motion within
each contour block by uniformly dividing the interval

<contour_interval>
<contour_duration>
<contour_duration>


Figure 3. Example of monophonic melody extraction from polyphonic symbolic input. The extracted melody (red) captures
the main pitch trajectory selected from the full polyphonic texture (purple).

Figure 4. Visualisation of the complete melodic contour extraction pipeline. The figure shows the original MIDI pitch
sequence, the RDP-simplified melody, the absolute interval path, and the final extracted contour intervals. The value of
each contour interval (blue crosses) indicates the pitch difference between the current and the next blue cross. The absolute
interval path is reconstructed from the contour intervals to facilitate comparison with the shape of the original MIDI sequence.

(e.g., into 5 equal-length time slices), and selecting the
highest-pitched note in each slice. Each note vector encodes
its relative time and pitch difference from the first note in the
block. A contour vector is similarly defined as (∆t,∆p),
where ∆t is the total contour duration and ∆p is the contour
interval.

We define the cosine margin loss between note vectors ni

and the contour vector c as given in (1).

Lcontour =
1

N

N∑
i=1

max (0,m− cos(θi)) (1)

where θi is the angle between ni and c, and m is a
fixed cosine similarity margin (empirically set to 0.87,
corresponding to an angle of approximately 30 degrees
between ni and c). This encourages note movements
to align with the direction of the contour vector, while
allowing flexibility for natural musical variation.

To balance the contour-aware loss and the token-level

cross-entropy loss, we introduce a weighting factor λcontour
that gradually increases during training. This allows the
model to first focus on learning basic token structure before
contour-level alignment. The λ scheduler is defined as
given in (2).

λcontour(e) =


0, if e < 15

0.02 · (e− 15), if 15 ≤ e < 30

0.3, if e ≥ 30

(2)

where e denotes the current epoch. The final training
objective is the weighted sum of cross-entropy loss LCE and
contour-aware loss Lcontour, as shown in (3).

Ltotal = LCE + λcontour · Lcontour (3)



4. EXPERIMENTS AND RESULTS

4.1 Experiment Setup

4.1.1 Dataset and Data Preprocessing

We conduct our experiments on the MAESTRO v2.0.0
dataset [28], a large-scale collection of virtuosic piano
performances comprising approximately 200 hours of
paired MIDI and audio recordings. In this work, we
use only the MIDI portion of the dataset, which provides
precise symbolic representations of note events (pitch,
velocity, timing) necessary for contour-level modeling and
event-based tokenisation. The dataset features expressive,
polyphonic piano music with wide pitch coverage across
registers, providing a rich and versatile context for learning
melodic contours and supporting contour-aware generation.
Furthermore, MAESTRO was also used to train the
original Music Transformer [11], ensuring compatibility
and reproducibility in our architecture and training pipeline.

Each MIDI file is tokenised using a REMI-like vocabulary
consisting of note, velocity, and time-shift events. We
introduce two new event types: <contour_interval>
and <contour_duration>, which represent contour
direction and span as described in Section 3. Time shifts
are quantised to 10ms, and contour durations use a coarser
unit of 100ms.

4.1.2 Model Configuration

We base our model on the Music Transformer with
Relative Positional Representations (RPR) [11]. The
model dimension is set to dmodel = 512 with 8 attention
heads, consistent with the original configuration. To
ensure sufficient model capacity for learning extended
contour-aware sequences, we added two Transformer layers
compared with the original model. The maximum sequence
length is set to 768 tokens, sufficient to cover a contour
span of up to 15 seconds, whereas the original Music
Transformer used sequences of up to 2048 tokens to model
entire pieces. The model is trained with a batch size of 16
and label smoothing (ε = 0.1).

4.1.3 Training Details

We train the model for up to 300 epochs using the Adam
optimizer. To encourage progressive learning of contour
structure, we employ a curriculum-like scheduling for the
contour-aware loss (Section 3), where the weight λcontour is
linearly increased over the first 15 epochs and held constant
afterward. This allows the model to first learn local structure
before aligning to high-level contour.

4.2 Contour Extraction Analysis

We assess our contour representation on MAESTRO
v2.0.0 files, comparing the extracted contour against the
monophonic melody line obtained in preprocessing. The
method achieves a mean compression ratio of 0.1362 ±
0.0141, retaining only ∼14% of the original notes while
capturing overall melodic direction. Root Mean Square
Error (RMSE), widely used to quantify reconstruction
accuracy in symbolic or audio-based music generation [31,

32], measures the average deviation between predicted and
reference values. Pitch fidelity is measured via RMSE
between reconstructed and original trajectories, yielding
8.20 ± 2.44 semitones. Despite the strong abstraction,
visual comparisons (Fig. 4) show that the contour preserves
key turning points and the global rise-and-fall pattern of
the melody. These results suggest that our RDP-based
approach produces a compact yet musically meaningful
representation suitable for guiding high-level controllable
music generation.

4.3 Music Generation Objective Evaluation

We evaluate the generated music using two main
approaches: musicality assessment via MusPy metrics [33]
and contour alignment analysis.

4.3.1 Musicality Metrics

We compute several symbolic music descriptors using
MusPy [33], as shown in Table 1. The number of pitch
classes used and pitch entropy measure melodic diversity,
while the polyphony rate captures the complexity of
polyphonic textures. The empty measure rate and groove
consistency describe rhythmic completeness and stability.

Results show that the proposed contour-conditioned
model (MT+CC) performs similarly to the baseline Music
Transformer (MT) model across most musicality metrics,
indicating that contour conditioning does not negatively
impact overall musicality. MT achieves empty measure
rates closer to the groundtruth, indicating better alignment
with human-like phrasing. In contrast, MT+CC produces
fewer empty measures, likely because specifying a target
contour forces the model to generate notes throughout the
conditioned segment, leaving less room for natural pauses
or silence.

4.3.2 Contour Alignment Metrics

Given a primer clip and a target contour defined by an
interval and a duration (see Fig. 5), the model generates
a polyphonic continuation. For evaluation, we extract
a monophonic melody using a window-based selection
method and fit a linear regression to the note pitches
over time. We then compute the slope ratio, defined as
the generated slope divided by the target slope, which
measures how well the melodic trajectory aligns with the
intended contour. A slope ratio close to 1 indicates strong
alignment with the target contour. A slope ratio greater
than zero indicates that the generated melody follows the
same directional trend as the target contour, whereas a
negative value indicates an opposite direction. The absolute
value reflects the relative steepness: values larger than
one indicate faster pitch changes (steeper melodic motion),
while values smaller than one suggest a gentler slope
compared with the target contour.

As shown in our results, MT+CC achieves a slope ratio
of 1.20 on average, indicating that contour conditioning
successfully biases the melodic direction towards the target
contour. The ablation model, without contour conditioning,
achieves a negative slope ratio (-0.17), demonstrating a lack
of alignment with the target direction.

<contour_interval>
<contour_duration>


Figure 5. Contour-conditioned generation example. Given the condition to descend by 30 semitones over 10 seconds, the
generated melody follows the target contour, dropping from approximately pitch 90 to 60 between 13–23 seconds.

Model pitch classes pitch entropy polyphony rate empty measure rate groove consistency
MAESTRO v2.0.0 11.98 5.3762 0.3305 0.0081 0.9762
Music Transformer (MT) 10.26 4.3819 0.6782 0.0075 0.9841
MT+contour-conditioning 10.36 4.4654 0.6591 0.0056 0.9836

Table 1. Comparison of mean musicality metrics between the groundtruth dataset (MAESTRO v2.0.0), the baseline Music
Transformer (MT), and the proposed contour-conditioned model (MT+CC).

4.3.3 Interactive Generation

To demonstrate potential user-facing applications of
contour-conditioned generation, we implemented a simple
interface where users can specify a sequence of contour
conditions over time (a rolling window). Unlike real-time
systems, the current prototype processes the entire input
sequence offline and produces a complete continuation
before playback.

Generated examples are available on Zenodo. 1

5. DISCUSSION

The current simplified strategy for extracting a monophonic
melody from polyphonic symbolic music can approximate a
main melodic line, but errors and ambiguities are inevitable.
Misalignments in timing or selecting harmonically relevant
but non-melodic notes can distort the intended melodic
contour. As a result, the evaluation of contour-conditioned
music generation systems suffers from noise in the extracted
reference melody, making it difficult to reliably quantify
alignment between generated music and target contours.

Despite these limitations, contour-conditioned generation
has strong potential in real-world applications. By allowing
users to specify only a high-level contour—through drawing
a line or humming a rough pitch trajectory—such systems
lower the barrier to music creation. Non-professional
users can express musical intent without providing precise
pitches, rhythms, or chords, fostering accessibility and
democratisation of composition tools. In educational

1 DOI: https://doi.org/10.5281/zenodo.17322509

contexts, contour-based interfaces could help students
visualise melodic motion and explore variations
interactively. Similarly, they could enhance live
improvisation setups, where performers guide generative
systems via intuitive gestures.

Looking ahead, contour conditioning enhances the
controllability and intuitiveness of music AI. This paradigm
may serve as a foundation for future interactive systems
that combine computational generation with human
compositional intent.

6. CONCLUSIONS

This work presented an initial exploration of abstract
contour-conditioned symbolic music generation. We
introduced a method to extract melodic contours via
time-pitch segmentation and RDP simplification, and
integrate these contour tokens into a Music Transformer
model. Our experiments demonstrated the feasibility
of conditioning symbolic music generation on abstract
melodic contours, although the results were limited by
current melody extraction heuristics and the lack of robust
objective evaluation tools.

Future research should focus on improving melody
extraction techniques, for example by leveraging
data-driven methods to isolate a more musically
meaningful main melody line, which would also benefit
evaluation reliability. Expanding the conditioning
scheme to incorporate additional musical context, such as
backing tracks or harmonic information, could increase
controllability and improve musical coherence. Human

https://doi.org/10.5281/zenodo.17322509


evaluations are needed to complement automated metrics
and better capture perceptual alignment with contour intent.
Finally, we envision applications where contour-based
input is combined with novel modalities, such as hand
gesture control in VR environments, enabling intuitive
and expressive human–AI co-composition with real-time
responsiveness, where latency and interaction design
remain open challenges.
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