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Motivation

Score as Graph

Iterative Sequential Graph Network

Dataset

Experiment Results

Yamaha E-competition dataset¹
• MIDI data recorded by Disklavier
• 16 composers, 227 pieces, 1,061 performances

Performance Modeling System 

1. Yamaha Disklavier education network: Signature MIDI collection. http://www.yamahaden.com/midi-files. Accessed: 2018-10-28. 
2. Nakamura, E., K. Yoshii, H. Katayose. Performance error detection and post-processing for fast and accurate symbolic music alignment.
In 18th International Society for Music Information Retrieval Conference (ISMIR). 2017.

MusicXML
• Music score in XML format
• Consists of musical indication, as well as note information
Score-to-Performance Alignment in note-level
• Performance ALWAYS contains {missing / extra / order 

changed} notes. 
• We employed HMM based symbolic alignment algorithm²

-
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generation VAE. Our previous work (Jeong et al., 2018) em-
ployed HAN for rendering expressive piano performance.

Among various hierarchical RNN models, we employ HAN
because it is directly applicable to graph neural network. In
HRNN and HM-RNN, the hidden state in lower-level h0

t

is fed into higher-level h1
t at the hierarchical boundary t.

But if the lower-level network is GNN instead of RNN, it
is difficult to define h0

t because there can be several nodes
at the hierarchical boundary t, e.g., at the end of a measure
in a music score. Also, ht naturally includes information
of all previous state h0, h1, ...ht�1 so that a single hidden
state can represent the whole previous sequence. But in
the case of GNN, the range of hidden state propagation is
limited to the number of iterations. Therefore, the number
of minimum iterations required for a single hidden state to
contain the states of all other nodes in a boundary (e.g., all
notes in a measure) is not constant. On the other hand, HAN
uses attention to summarize the lower-level representations,
hence it is directly applicable to any type of networks such
as a simple dense network, RNN, or GNN.

In our system, we compose a measure vector from notes
representations using a context attention proposed in (Yang
et al., 2016). Instead of strictly following the context at-
tention, we modify it to employ a concept of multi-head
attention as proposed in (Vaswani et al., 2017). Rather than
applying a constant weight to the whole dimension, weight
↵ and hidden state hv are divided into I number of heads
with the same number of dimension, so that each head of
hidden state satisfies hi

t 2 Rd, where d = D/I denotes
dimension of a single head and D denotes a dimension of
original hidden states . For each hierarchical boundary M
which can be a beat or a measure in a music score, the lower-
level hidden state hv for the node v in M is summarized
by context attention to compose a higher-level node m. The
following equations illustrates the computation:
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m = Concat(m0, ...,mI)

(3)

where uc denotes a context vector. The context vector repre-
sents a query for importance, and it is a trainable parameter.
The sequence of attention sum m is used for the input of the
higher-level RNN to make a sequence of higher-level hidden
state Hm 2 RLm⇥Dm , where Lm denotes number of mea-
sures. We can span Hm to have the same sequence length

Figure 3. The iterative procedure of updating note-level and
measure-level representations in ISGN. Note and Measure repre-
sent note-level representations and measure-level representations,
respectively.

with the lower-level hidden units by concatenating them:
Hm,s = [h⇥N0

m,0 . . . h⇥NLm
m,Lm

], where Ni denotes the number
of notes in the i-th measure.

3.3. Iterative Sequential Graph Network

A simple way to combine the outputs from different hi-
erarchical units is concatenating them as a single vector.
However, this approach has a limitation that the lower-level
layers cannot be conditioned on long-term contexts encoded
in higher layers because the higher-level outputs do not in-
fluence lower-level layers back. In HRNN and HM-RNN,
hidden states in lower-level are fed into higher-level at the
hierarchical boundary, and vice versa. In HAN, however,
hidden state propagation is only done in the bottom-up direc-
tion. This limitation does not matter much when the target
result of the model is a single output given a sequential
input, such as in document classification which HAN was
originally applied to (Yang et al., 2016). In our application
where the musical representation is learned for each note in
a sequence-to-sequence manner, it is crucial to consider a
more extended context when calculating note-level hidden
states, so that the model can learn the role of a note not only
in a local context but also in a longer context such as phrase
or section that it belongs to. To overcome this limitation, we
propose a novel combination of GGNN and HAN that we
refer to it as iterative sequential graph network (ISGN), in
which GGNN and HAN feed their results to each other in
an iterative way as described in Figure 3.

Instead of giving only note-level representation as an input
to GGNN, we add higher-level hidden state by concatenat-
ing with the note-level data, so that each node contains both

- Notes as graph nodes, and note’s relation as graph edges. 

- Note-level representation can be learned using Gated 
Graph Neural Network (GGNN).

Pianist

+ Timing
+ Dynamics
+ Pedal

Limitation of Previous Method

- To play a music expressively, a pianist interpret the score and 
decide timing, dynamics of notes and pedaling.
- Performing is delicate and complex task. However, a performance 
can be fully represented by symbolic parameters.

- Can machine model such expressive performance as human do? - GGNN is suited for learning local context, but not for learning 
longer context.

- We employ measure-level RNN to learn longer context of music.

- Note-level representations are summarized into measure-level 
with hierarchical attention network (HAN).

- Measure-level representations are updated with LSTM.
- Updated measure-level representations are fed back into 

corresponding note-level representations.

- Music score was often simplified as a 1D word-like sequence, 
or 2D matrix of pitch and time (piano-roll)

jdasam@kaist.ac.kr

- Word-like sequence can be made by ordering the notes with 
its onset time and pitch

- It discards the polyphonic characteristic of music score
- Adjacent notes in the score can be located far apart in the 

sequence

• Pitch
• Duration
• Position of note in measure
• Articulation marking
• Time signature
• Tempo marking
• Dynamic marking
• …

Score 
Feature

• Tempo
• MIDI velocity
• Deviation compared to 

in-tempo position
• Duration (Articulation)
• Sustain pedal
• Soft pedal

Performance 
Feature

- Piano-roll is sampling-based, rather than event-based 
- Loss of information during quantization is inevitable
- Semantic length of a single time window can be varied by 

sampling resolution

- Graph can handle notes in music score without losing or 
simplifying the score information.
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- The system is in form of Conditional Variational Autoencoder (CVAE) with three modules that are jointly 
trained by note-level MSE of performance feature and KLD of p(Z) and q(Z|X,C).

- The score encoder takes score features and embeds score representation in note-level and measure-level.
- The embedded score representation are employed as a condition (C) for performance encoder and 

performance decoder.

- We trained three other models with the same system structure but using different neural network 
architectures. 

- The performance encoder takes actual performance parameters Y and score condition C as inputs and 
encode a performance style vector Z, which summarizes style of given sequence of performance.

- The performance encoder can be bypassed in the generation by sampling the Z from normal distribution 
or employing pre-encoded Z from other performance.

- Performance decoder takes score condition C and performance style vector Z and reconstructs the 
sequence of performance features Ŷ.

- Listening test in pair-wise comparison
- Asked preference of performances
- N = 40
- 6 pieces by different composers

- Baseline: note-level LSTM only
- HAN: note-level LSTM, voice-wise LSTM, beat-level 

LSTM, measure-level LSTM using HAN
- G-HAN: note-level GGNN, beat-level LSTM, measure-

level LSTM without iteration
- Proposed: note-level GGNN and measure-level LSTM 

combined as ISGN 
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6.2. Comparative models

We set up several comparative models to evaluate the per-
formance of our proposed model. For the comparison, we
implemented the VAE version of our previous work based
on HAN (Jeong et al., 2018) and its modified versions. The
HAN model consists of score encoder using HAN and a per-
formance decoder. The score encoder module employs note-
wise and voice-wise LSTM for note-level representations
and HAN for beat-level and measure-level representations.
All the LSTM layers are bidirectional in the score encoder.
One of the modifications as a Baseline (BL) omits HAN and
voice-wise LSTM, thereby having only note-wise LSTM
for score encoding. Another modification is replacing note-
wise and voice-wise LSTM with GGNN. This is termed as
G-HAN.

Table 1 summarizes the architectures of the compared mod-
els. BL, HAN and G-HAN models have the same architec-
ture in the performance encoder and decoder. For the perfor-
mance encoder, we use note-level LSTM encoder for a con-
catenated input (C,Y) and measure-level attention LSTM.
The decoder is composed of a single-layer auto-regressive
unidirectional LSTM. To employ the LSTM structure, the
input notes was represented as an 1D sequence using the
time position and pitch of individual notes.

6.3. Training

We trained all models using the Adam optimizer (Kingma &
Ba, 2015) with a learning rate of 0.0003, weight decay of 1e-
5, and dropout of 0.1. For the training batch, the notes were
sliced at the end of measure that include the 400-th note. We
tried both classification and regression for the output, but the
output quality was better in regression. Therefore, we used
mean square error for the loss, and the output features were
all normalized with µ = 0,� = 1. The loss was calculated
note-wise except the tempo loss, which was calculated in
beat-wise. Since human performances can include missing
notes compared to the music score, some of the input notes
X do not have the corresponding output feature Y. These
non-matched notes were excluded in loss calculation. The
number of parameters of each model was about 4M.

Training an RNN-based VAE model is a challenging prob-
lem because the latent vector z can be by-passed in the
decoder RNN (Bowman et al., 2016). This is especially
more crucial to our model because the decoder takes not
only latent vector z but also score information as a condition.
As (Widmer et al., 2003) pointed out, there are common-
alities between human performances of the same music.
Therefore, the model can reproduce reasonable performance
Y without the latent vector z, i.e., neglecting the style of
the specific performance. Therefore, we employed a KLD
weight annealing, which starts from zero up to 0.02 or 0.003,
0.0003 depending on the model.

Table 2. Reconstruction loss of each model on the test set by the
output features. The loss is represented as mean square errors
(MSE) of each output feature (tempo, velocity, onset deviation,
sum of seven pedal features and articulation, and the KLD of
p(z|x).

Model Tempo Vel Dev Pedal KLD
BL 0.2721 0.6011 0.7678 0.8056 2.2581
HAN 0.2380 0.6290 0.7938 0.7681 13.666
G-HAN 0.2785 0.6212 0.7705 0.8092 7.1113
Proposed 0.2379 0.5877 0.7978 0.7544 3.7247

6.4. Evaluation

6.4.1. RECONSTRUCTION LOSS

One of the metrics for the quantitative evaluation in per-
formance modeling is the mean square error of the output
features between a “target” human performance and the
generated one (Cancino-Chacón et al., 2018). Unlike other
generative tasks, performances of the same piece are easily
comparable by examining how they performed the notes in
the same context with different performance features. Since
there are many valid ways for playing the given piece, it
might be arbitrary to directly compare the generated per-
formance with a “target” performance. But in our case, the
comparison is reasonable because our system encodes the
“style” of given target performance and generates complete
performance for the encoded style.

We measured the reconstruction loss in terms of the mean
square error of each output features and KL divergence
of p(z|x) using our score input and corresponding human
performances in the test set, which is the same definition for
calculating loss in the training and validation steps. For a
given score and performance pair in the test set, the model
encoded the score and performance style of the piece and
reconstructed the output. The result is shown in Table 2. The
errors are represented in the average of piece-wise MSE loss
of 21 pieces in the test set.

The proposed model showed the best results in tempo, ve-
locity and pedal estimation, while the baseline was better
in onset deviation and KL divergence. The small loss in
the reconstruction error indicates that the model is capable
of predicting human-like performance features for given
scores even in the unseen data. The high KL divergence of
the HAN model indicates that the model worked more like
an ordinary autoencoder, rather than limiting the p(z|x) into
the normal distribution of µ = 0 and � = 1. The divergence
could be reduced if we applied higher KLD weight dur-
ing the training but we failed to find a proper KLD weight
without model collapse.

Table 1: Reconstruction Loss on test set (MSE)

https://github.com/jdasam/virtuosoNet
Demos on YouTube (search VirtuosoNet)

- The feedback makes note-level propagation consider the 
measure-level context.

- The procedure is repeated for fixed number of time K.


