
Published as a conference paper at ICLR 2022

MIDI-DDSP: DETAILED CONTROL OF MUSICAL
PERFORMANCE VIA HIERARCHICAL MODELING

Yusong Wu1, Ethan Manilow2,4, Yi Deng3, Rigel Swavely4, Kyle Kastner1,
Tim Cooijmans1, Aaron Courville1, Cheng-Zhi Anna Huang∗1,4 , Jesse Engel∗4
∗ Equal Contribution
1Mila, Quebec Artificial Intelligence Institute, Université de Montréal,
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ABSTRACT

Musical expression requires control of both what notes are played, and how they
are performed. Conventional audio synthesizers provide detailed expressive con-
trols, but at the cost of realism. Black-box neural audio synthesis and concatena-
tive samplers can produce realistic audio, but have few mechanisms for control. In
this work, we introduce MIDI-DDSP a hierarchical model of musical instruments
that enables both realistic neural audio synthesis and detailed user control. Start-
ing from interpretable Differentiable Digital Signal Processing (DDSP) synthesis
parameters, we infer musical notes and high-level properties of their expressive
performance (such as timbre, vibrato, dynamics, and articulation). This creates a
3-level hierarchy (notes, performance, synthesis) that affords individuals the op-
tion to intervene at each level, or utilize trained priors (performance given notes,
synthesis given performance) for creative assistance. Through quantitative ex-
periments and listening tests, we demonstrate that this hierarchy can reconstruct
high-fidelity audio, accurately predict performance attributes for a note sequence,
independently manipulate the attributes of a given performance, and as a complete
system, generate realistic audio from a novel note sequence. By utilizing an in-
terpretable hierarchy, with multiple levels of granularity, MIDI-DDSP opens the
door to assistive tools to empower individuals across a diverse range of musical
experience. 1

1 INTRODUCTION

Generative models are most useful to creators if they can generate realistic outputs, afford many
avenues for control, and easily fit into existing creative workflows (Huang et al., 2020). Deep gener-
ative models are expressive function approximators, capable of generating realistic samples in many
domains (Ramesh et al., 2021; Brown et al., 2020; van den Oord et al., 2016), but often at the cost of
interactivity, restricting users to rigid black-box input-output pairings without interpretable access
to the internals of the network. In contrast, structured models chain several stages of interpretable
intermediate representations with expressive networks, while still allowing users to interact through-
out the hierarchy. For example, these techniques have been especially effective in computer vision
and speech, where systems are optimized for both realism and control (Lee et al., 2021b; Chan et al.,
2019; Zhang et al., 2019; Wang et al., 2018a; Morrison et al., 2020; Ren et al., 2020).

For music generation, despite recent progress, current tools still fall short of this ideal (Figure 1,
right). Deep networks can either generate realistic full-band audio (Dhariwal et al., 2020) or provide
detailed controls of attributes such as pitch, dynamics, and timbre (Défossez et al., 2018; Engel et al.,

1Online resources:
Code: https://github.com/magenta/midi-ddsp
Audio Examples: https://midi-ddsp.github.io/
Colab Demo: https://colab.research.google.com/github/magenta/midi-ddsp/blob/
main/midi_ddsp/colab/MIDI_DDSP_Demo.ipynb
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Figure 1: (Left) The MIDI-DDSP architecture. MIDI-DDSP extracts interpretable features at the
performance and synthesis levels, building a modeling hierarchy by learning feature generation at
each level. Red and blue components indicate encoding and decoding respectively. Shaded boxes
represent modules with learned parameters. Both expression features and notes are extracted directly
from synthesis parameters. (Right) Synthesizers have wide range of control, but struggle to convey
realism. Neural audio synthesis and concatenative samplers can produce realistic audio, but have
limited control. MIDI-DDSP enables both realistic neural audio synthesis and detailed user control.

2019; 2020a; Hawthorne et al., 2019; Wang & Yang, 2019) but not both. Many existing work�ows
use the MIDI speci�cation (Association et al., 1996) to Conventional DSP synthesizers (Chowning,
1973; Roads, 1988) provide extensive control but make it dif�cult to generate realistic instrument
timbre, while concatenative samplers (Schwarz, 2007) play back high-�delity recordings of iso-
lated musical notes, but require manually stitching together performances with limited control over
expression and continuity.

In this paper, we propose MIDI-DDSP, a hierarchical generative model of musical performance to
provide both realism and control (Figure 1, left). Similar to conventional synthesizers and samplers
that use the MIDI standard (Association et al., 1996), MIDI-DDSP converts note timing, pitch, and
expression information into �ne-grained parameter control of DDSP synthesizer modules.

We take inspiration from the hierarchical structure underlying the process of creating music. A
composer writes a piece as a series of notes. A performer interprets these notes through a myriad of
nuanced, sub-second choices about articulation, dynamics, and expression. These expressive ges-
tures are realized as audio through the short-time pitch and timbre changes of the physical vibration
of the instrument. MIDI-DDSP is built on a similar 3-level hierarchy (notes, performance, synthesis)
with interpretable representations at each level.

While the ef�cient DDSP synthesis representation (low-level) allows for high-�delity audio synthe-
sis (Engel et al., 2020a), users can also control the notes to be played (high-level), and the expression
with which they are performed (mid-level). A qualitative example of this is shown in Figure 2, where
a given performance on violin is manipulated at all three levels (notes, expression, synthesis param-
eters) to create a new realistic yet personalized performance.

As seen in Figure 1 (left), MIDI-DDSP can be viewed similarly to a multi-level autoencoder. The
hierarchy has three separately trainable modules (DDSP Inference, Synthesis Generator, Expression
Generator) and three �xed functions/heuristics (DDSP Synthesis, Feature Extraction, Note Detec-
tion). These modules enable MIDI-DDSP to conditionally generate at any level of the hierarchy,
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Figure 2: An example of detailed user control. Given an initial generation from the full MIDI-DDSP
model (top), an expert musician can adjust notes (blue), performance attributes (green), and low-
level synthesis parameters (yellow) to craft a personalized expression of a musical piece (bottom).

providing creative assistance by �lling in the details of a performance, synthesizing audio for new
note sequences, or even fully automating music generation when paired with a separate note gener-
ating model.

It is important to note that the system relies on pitch detection and note detection, so is currently
limited to training on recordings of single monophonic instruments. This approach has the potential
to be extend to polyphonic recordings via multi-instrument transcription (Hawthorne et al., 2021;
Engel et al., 2020b; Bittner et al., 2017) and multi-pitch tracking, which is an exciting avenue to
explore for future work. Finally, we also show that each stage can be made conditional on instrument
identity, training on 13 separate instruments with a single model.

For clarity, we summarize the core contributions of this work:

• We propose MIDI-DDSP, a 3-level hierarchical generative model of music (notes, per-
formance, synthesis), and train a single model capable of realistic audio synthesis for 13
different instruments. (Section 3)

• Expression Attributes:We introduce heuristics to extract mid-level per-note expression
attributes from low-level synthesis parameters. (Figure 4)

• User Control:Quantitative studies con�rm that manipulating the expression attributes cre-
ates a corresponding effect in the synthesizer parameters, and we qualitatively demonstrate
the detailed control that is available to users manipulating all three levels of the hierarchy.
(Table 2 and Figure 2)

• Assistive Generation:Reconstruction experiments show that MIDI-DDSP can make assis-
tive predictions at each level of the hierarchy, accurately resynthesizing audio, predicting
synthesis parameters from note-wise expression attributes, and auto-regressively predicting
note-wise expression attributes from a note sequence. (Tables 1a, 1b, 1c)

• Realistic Note Synthesis:An extensive listening study �nds that MIDI-DDSP can synthe-
size audio from new note sequences (not seen during training) with higher realism than both
comparable neural approaches and professional concatenative sampler software. (Figure 5)

• Automatic Music Generation:We demonstrate that pairing MIDI-DDSP with a pretrained
note generation model enables full-stack automatic music generation. As an example, we
use Coconet (Huang et al., 2017) to generate and synthesize novel 4-part Bach chorales for
a variety of instruments. (Figure 6)

2 RELATED WORK

Note Synthesis. Existing neural synthesis models allow either high-level manipulation of note pitch,
velocity, and timing (Hawthorne et al., 2019; Kim et al., 2019; Wang & Yang, 2019; Manzelli et al.,
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Figure 3: Separate training procedures for the three modules in MIDI-DDSP. (Left) The DDSP In-
ference module predicts synthesis parameters from audio and is trained via an audio reconstruction
loss on the resynthesized audio. (Middle) The Synthesis Generator module predicts synthesis pa-
rameters from notes and their expression attributes (shown as a 6-dimensional color map) and is
trained via a reconstruction loss and an adversarial loss. (Right) The Expression Generator module
autoregressively predicts note expression given a note sequence and is trained with teacher forcing.
Encoding processes are shown in red, and decoding processes are shown in blue and loss calcula-
tions are shown in yellow. Thicker arrows indicate the process that is being trained in each level.
Ground-truth data are shown in solid frames, while model predictions are shown in dashed frames.

2018), or low-level synthesis parameters (Jonason et al., 2020; Castellon et al., 2020; Blaauw &
Bonada, 2017). MIDI-DDSP connects these two approaches by enabling both high-level note con-
trols and low-level synthesis manipulation in a single system.

Most related to this work is MIDI2Params (Castellon et al., 2020), a hierarchical model that au-
toregressively predicts frame-wise pitch and loudness contours to drive the original DDSP autoen-
coder (Engel et al., 2020a). MIDI-DDSP builds on this work by adding an additional level of hi-
erarchy for the note expression, training a new more accurate DDSP base model, and explicitly
modeling the synthesizer coef�cients output by that model, rather than the pitch and loudness in-
puts to the model. We extensively compare to our reimplementation of MIDI2Params as a baseline
throughout the paper.

Hierarchical Audio Modelling . Audio waveforms have dependencies over timescales spanning
several orders of magnitude, lending themselves to hierarchical modeling. For example, Dieleman
et al. (2018) and Dhariwal et al. (2020) both choose to encode audio as discrete latent codes at
different time resolutions, and apply autoregressive models as priors over those codes. MIDI-DDSP
applies a similar approach in spirit, but constructs a hierarchy based on semantic musical structure
(note, performance, synthesis), allowing interpretable manipulation by users.

Expressive Performance Analysis and Synthesis. Many prior systems pair analysis and synthesis
functions to capture expressive performance characteristics (Canazza et al., 2004; Yang et al., 2016;
Shih et al., 2017). Such methods often use heuristic functions to generate parameters for driving
synthesizers or selecting and modifying sample units. MIDI-DDSP similarly uses feature extraction,
but each level is paired with a differentiable neural network function that directly learns the mapping
to expression and synthesis controls for more realistic audio synthesis.

3 MODEL ARCHITECTURE

3.1 DDSP SYNTHESIS AND INFERENCE

Differentiable Digital Signal Processing (DDSP) (Engel et al., 2020a) enables differentiable audio
synthesis by using a harmonic plus noise model (Serra & Smith, 1990). Full details are provided
in Appendix B.1. Brie�y, an oscillator bank synthesizes a harmonic signal from a fundamental
frequencyf 0(t), a base amplitudea(t), and a distribution over harmonic amplitudesh(t), where
the dimensionality ofh is the number of harmonics. The noise signal is generated by �ltering
uniform noise with linearly spaced �lter banks, where� (t) represents the magnitude of noise output
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Figure 4: In MIDI-DDSP, manipulating note-level expression can effectively change the synthesis-
level quantities. We show by taking a test-set sample (middle row) and adjusting each expression
control value to lowest (bottom row) and highest (upper row), how each synthesis quantities (right-
most legend) would change. The dashed gray line in each plot indicates the note boundary.

from each �lter in time. In this study, we use 60 harmonics and 65 noise �lter banks, giving 127
total synthesis parameters each time frame (s(t) = ( f 0(t); a(t); h(t); � (t)) ). The �nal audio is the
addition of harmonic and noise signals.

Since the synthesis process is differentiable, Engel et al. (2020a) demonstrate that it is possible to
train a neural network to predict the other synthesis parameters givenf 0(t) and the loudness of
the audio, and optimize a multi-scale spectral loss (Wang et al., 2019; Engel et al., 2020a) of the
resynthesized audio (Figure 3 left).f 0(t) is extracted by a pre-trained CREPE model (Kim et al.,
2018), and the loudness is extracted via an A-weighting of the power spectrum (Hantrakul et al.,
2019; McCurdy, 1936).

We extend this work for our DDSP Inference module, by providing an additional input features
extracted by a CNN (Lecun et al., 1998) from log-scale Mel-spectrogram of the audio, that produces
higher quality resynthesis (Table 1a). Full architectural details are provided in Appendix B.2.

3.2 EXPRESSIONCONTROLS

We aim to model aspects of expressive performance with a continuous variable. For example, this
enables a performer to choosehow loudthe note should be performed, orhow muchvibrato to apply.
We de�ne a 6-dimensional vector,ei , for each note,n i , where each dimension corresponds to one
of the six expression controls (detailed in Appendix B.3), scaled within[0; 1]. These are extracted
from synthesis parameterss(t) and applied within thei th note,n i , in a note sequence:

Volume: Controls the volume of a note, extracted by taking average amplitude over a note.

Volume �uctuation : Determines the magnitude of a volume change across a note. Used with the
volume peak position described below, this can make a note crescendo or decrescendo. This is
extracted by calculating the standard deviation of the amplitude over a note.

Volume peak position: Controls where, over the duration of a note, the peak volume occurs. Zero
value corresponds to decrescendo notes, whereas one corresponds to crescendo notes. The volume
peak position is extracted by calculating the relative position of maximum amplitude in the note.

Vibrato : Controls the extent of the vibrato of a note. Vibrato is a musical technique de�ned by
pulsating the pitch of a note. Vibrato is extracted by applying Discrete Fourier Transform (DFT) on
the fundamental frequencyf 0(t) in a note and selecting the peak amplitude.

Brightness: Controls the timbre of a note where higher values correspond to louder high-frequency
harmonics. Brightness is determined by calculating the average harmonic centroid of a note.

Attack Noise: Controls how much noise occurs at the start of the note (the attack), e.g., the �uc-
tuation of string and bow. Attack noise can determine whether two notes sound consecutively or
separately. Attack noise is extracted by taking a note's average noise magnitude in the �rst ten
frames (40ms).
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3.3 SYNTHESIS GENERATOR

Given the output of the per-note Expression Controls,ei for i = 1 ; :::; I notes, and a corresponding
note sequence,n i , the Synthesis Generator predicts the frame-level synthesis parameters that, in
turn, generate audio. Note expression controls are unpooled (repeated) over the duration of the
corresponding note to make a conditioning sequence,c(t) = [( e1; n 1); :::; (eI ; n I )], with the same
length as the fundamental frequency curve,f 0(t).

The Synthesis Generator,g� , is an autoregressive recurrent neural net (RNN) is used to predict a fun-
damental frequency,̂f 0(t) given conditioning sequence, and a convolutional generative adversarial
network (GAN),g� , is used to predict the other synthesis parameters given conditioning sequence
and generated fundamental frequency:

f̂ 0(t) = g� (c(t)) ; â(t); ĥ (t); �̂ (t) = g� (c(t); f̂ 0(t)) ; (1)

where� denotes trainable parameters in the autoregressive RNN, and� indicates trainable param-
eters in the GAN. Architectural details for both of these details is provided in Appendix B.4. The
autoregressive RNN is trained using cross-entropy lossL ce. The generator of the GAN is trained by a
multi-scale spectral lossL spec (Eq. 13-14) and an adversarial objective consisting of a least-squares
GAN (LSGAN) L lsgan (Mao et al., 2017) loss and a feature matching lossL fm (Appendix B.4,
Eqs. 15-18) (Kumar et al., 2019). Thus, the total loss applied to the Synthesis Generator can be
written as:

L = ( L ce + L spec) + � (L lsgan + 
 L fm ) (2)

where� and
 are settable hyperparameters that control the overall GAN loss and feature matching
loss, respectively. For training, the ground-truthf 0(t) is input to the GAN, thus there is no gradient
from the GAN to the autoregressive RNN.

3.4 EXPRESSIONGENERATOR

The Expression Generator uses an autoregressive RNN to predict note expression controls from
note sequence (Appendix B.6). A single-layer bidirectional GRU extracts context information from
input, and a two-layer autoregressive GRU generates note expression. The Expression Generator is
trained by mean square error (MSE) loss between ground-truth note expression and teacher-forced
prediction (Figure 3, right). The note sequence used to train the Expression Generator can either
be extracted or comes from human labels. To show the full potential of MIDI-DDSP, we use the
ground-truth note boundary label from dataset in all experiments for best accuracy. However, in
future work note transcription models can be used to provide the note labels.

4 EXPERIMENTS

The structured hierarchy and explicit latent representations used in MIDI-DDSP bene�t music con-
trol as well as music modeling. We design a set of experiments to answer the following questions:
First, does the system generate realistic audio, and if so, how does each module contribute? How
does this compare to existing systems? And, second, is the system capable of enabling note-level,
performance-level, and synthesis-level control? How effective are these controls?

4.1 DATASET

To demonstrate modeling a variety of instruments, we use the URMP dataset (Li et al., 2018), a
publicly-available audio dataset containing monophonic solo performances of a variety of instru-
ments. URMP is widely used in music synthesis research (Bitton et al., 2020; Hayes et al., 2021;
Zhao et al., 2019; Engel et al., 2020b). The URMP dataset contains solo performance recordings
and ground truth note boundaries from 13 string and wind instruments, which allows us to test
MIDI-DDSP on many different instruments. The recordings in the URMP dataset are played by
students, and the performance quality is substantially lower compared to virtuoso datasets used in
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Table 1: Each module in MIDI-DDSP produces a high-quality reconstruction and accurate predic-
tion. We show reconstruction accuracy of each MIDI-DDSP module against a comparable method.

Model Spectral Loss

DDSP Inference 4.28
Engel et al. (2020a) 5.00

(a)

Model RMSE

Synthesis Generator 0.19
MIDI2Params 0.26

(b)

Models RMSE

Expression Generator 0.14
MIDI2Params 0.23

(c)

Figure 5: (left) Comparing the log-scale Mel spectrograms of synthesis results from test-set note se-
quences, MIDI-DDSP synthesizes more realistic audio (more similar to ground-truth and DDSP In-
ference) than prior score-to-audio work MIDI2Params (enlarged in Figure 7). The synthesis quality
is also re�ected in the listening study (right), where the MIDI-DDSP synthesis is perceived as more
realistic than the professional concatenative sampler Ableton and the freely available FluidSynth.

other work (Hawthorne et al., 2019). The URMP dataset contains 3.75 hours of 117 unique solo
recordings, where 85 recordings in 3 hours are used as the training set, and 35 recordings in 0.75
hours are used as the hold-out test set.

4.2 MODEL ACCURACY

Modules in MIDI-DDSP can accurately reconstruct output at multiple levels of the hierarchy (Fig-
ure 3). We evaluate the reconstruction quality of MIDI-DDSP by evaluating each module, and report
the average value across all test set samples in Table 1.

DDSP Inference We measure the difference between reconstruction and ground-truth in the audio
spectral loss for our DDSP Inference module and compared it with the original DDSP autoencoder.
As shown in Table 1a, with an additional CNN to extract features, the DDSP Inference module can
reconstruct audio more accurately than the original DDSP Autoencoder.

Synthesis Generator We predict synthesis parameters from ground-truth note expression and then
extract note expression back from the generated synthesis parameters. We measure the root mean
square error (RMSE) between note expressions. The prior approach MIDI2Params directly gener-
ates synthesis parameters from notes and does not have access to note expressions. However, we can
extract note expressions from the generated synthesis parameters and compare them to ground truth.
As shown in Table 1b, the Synthesis Generator can faithfully reconstruct the input note expression,
whereas without access to note expression, MIDI2Params generates larger error.

Expression Generator We take ground-truth MIDI and evaluate the likelihood of the ground-truth
note expressions under the model. As the Expression Generator is autoregressive, we use teacher-
forcing to sequentially accumulate the squared error note by note. The total error thus computed can
be interpreted as a log-likelihood. We again compare to MIDI2Params, where we autoregressively
condition its own output within and on ground-truth across notes to obtain a note-wise metric. That
is, MIDI2Params sees the ground truth of past notes, but sees its own output for the current note.
As shown in Table 1c, the Expression Generator can accurately predict the note expression. In
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Table 2: The note expression outputs are strongly correlated with input adjustment. The Pearson
correlationr -values are shown in the table (all entriesp < 0:0001). The bold numbers indicate a
Pearsonr -value larger than 0.7, which we consider to indicate strong correlation between the input
control and the respective output quantity. For simplicity, only four instruments are shown. More
results can be found in Table 7.

Volume Vol. Fluc. Vol. Peak Pos. Vibrato Brightness Attack Noise

All instruments .97 .78 .57 .70 .92 .93
Violin .99 .84 .80 .86 .96 .97
Viola .98 .74 .70 .82 .98 .97
Cello .97 .64 .54 .74 .98 .94
Double bass .98 .85 .34 .84 .99 .95

comparison, MIDI2Params without performance-level modeling suffers from predicting the note
expression with a higher error when compared to our frame-wise sequence models.

4.3 AUDIO QUALITY EVALUATION BY HUMAN L ISTENERS

We evaluate the audio quality of MIDI-DDSP via a listening test. We compare ground truth audio
from the URMP dataset to MIDI-DDSP and four other sources: a stripped down version of our
system, containing just our DDSP Inference module (Section 3.1), MIDI2Params (Castellon et al.,
2020), and two concatenative samplers: FluidSynth and Ableton (detailed in Appendix D.1). DDSP
Inference infers synthesis parameters from the ground truth audio; it serves as an upper bound
on what is attainable with MIDI-DDSP, which has to predict expression and synthesis parameters
from MIDI. MIDI2Params is prior work that synthesizes audio from MIDI by predicting frame-wise
loudness and pitch contour, which is fed as input to a DDSP autoencoder.

Participants in the listening test were presented with two 8-second clips, and asked which clip
sounded more like a person playing on a real violin, on a 5-point Likert scale. We collected 960
ratings, with each source involved in 320 pair-wise comparisons. Figure 5 shows the number of
comparisons in which each source was selected as more realistic. According to a post-hoc analysis
using the Wilcoxon signed-rank test with Bonferroni correction (withp < 0:01=15), the orderings
shown in Figure 5 (right) are all statistically signi�cant with the exception of ground truth versus
DDSP Inference and MIDI2Params versus FluidSynth (Table 6). In particular, MIDI-DDSP was
signi�cantly preferred over MIDI2Params, Ableton, and FluidSynth.

The difference among the sources can also be seen from visual inspection of the spectrograms (Fig-
ure 5, left). While the DDSP Inference module faithfully re-synthesizes the ground-truth audio,
MIDI-DDSP generates a coherent performance from a series notes, and has rich, varying expres-
sions across the notes. MIDI2Params failed to generate coherent expressions within a note, gener-
ating unrealistic pitch and loudness contours. Also, MIDI2Params stopped the note in the middle
when generating the �fth note, suggesting that modelling expressive performance only in synthesis
level is limited in long-term coherence even inside a single note. On the contrary, the note expression
modeling in MIDI-DDSP allows it to model dependencies at the granularity of the note sequence and
use synthesis parameters to model the frame-wise parameter changing inside a single note. The two
concatenative synthesizers Ableton and FluidSynth generate the same note expression with identical
vibrato and volume for all notes. Although the expression is coherent inside a single note, they fail
to generate expression dependencies between different notes automatically.

4.4 EFFECTS OFNOTE EXPRESSIONCONTROLS

To evaluate the behavior of the note expression controls, we measure how well each control cor-
relates with itself after a roundtrip through synthesis. That is, for each sample in the test set, we
interpolate the control from lowest (0) to highest (1) in an interval of 0.1 and generate synthesis pa-
rameters. Then we extract the note expressions from these synthesis parameters. Table 2 reports the
correlation between the value we put in and the value observed after synthesis. All controls exhibit
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Figure 6: MIDI-DDSP can take input from different sources (human or other models) by design-
ing explicit latent representations at each level. A full hierarchical generative model for music can
be constructed by connecting MIDI-DDSP with an automatic composition model. Here, we show
MIDI-DDSP taking note input from a score level Bach composition model and automatically syn-
thesizing a Bach quartet by generating explicit latent for each level in the hierarchy.

strong correlation as desired, except for volume peak position. A low correlation may stem from
characteristics of the instrument, or imbalances of those performance techniques in the dataset.

Figure 4 illustrates how each note expression affects properties of the sound. For example, as we
increase vibrato, we see stronger �uctuations in pitch. Similarly, changing the volume peak position
changes the shape of the amplitude curve.

4.5 FINE GRAINED CONTROL ORFULL END-TO-END GENERATION

The structured modelling approach of MIDI-DDSP enables end users to have as much or as little
control over the output as they want. A user can add manipulations at certain levels of the hierarchy
or let the model guide the synthesis.

On one end of this spectrum, Figure 2 shows the results of an end user manipulating each level
of MIDI-DDSP. Because different levels of the MIDI-DDSP hierarchy correspond with different
musical attributes, a user can make manipulations at the note-level to change the attack noise and
volume to create staccato notes (second green box in Figure 2) or a user could make adjustments to
the synthesis-level to control the pitch contour for making a “pitch bend” (yellow box in Figure 2).

On the other end of the spectrum, MIDI-DDSP can be paired with generative symbolic music mod-
els to make fully generated, realistic end-to-end performances. As shown in Figure 6, MIDI-DDSP
can be combined with a composition Bach chorales model COCONET (Huang et al., 2017), to form
a fully generated musical quartet that sounds like real instruments performance. Readers are encour-
aged to listen to both the hand-tuned and end-to-end performances on our accompanying website.

5 CONCLUSION

We proposed MIDI-DDSP, a hierarchical music modeling system that factorizes the generation of
audio to note, performance, and synthesis levels. By proposing explicit representations for each
level alongside modeling note expression, MIDI-DDSP enables effective manipulation and realistic
automatic generation of music. We show, experimentally, that the input controls for MIDI-DDSP
are correlated with desired performance characteristics (e.g., vibrato, volume, etc). We also show
that listeners preferred MIDI-DDSP over existing systems, while enabling �ne-grained control of
these characteristics. MIDI-DDSP can also connect to other models to construct a full audio gener-
ation model, where beginners can obtain realistic novel music from scratch, while expert users can
manipulate results based on model prediction to realize unique musical design.
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