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Abstract—This paper presents a method for identifying non-
chord tones at the note level using graph neural networks. In this
approach, musical scores are represented as graphs, where each
node corresponds to a musical note. While traditional methods
often segment or tokenize musical scores, representing them as
graphs allows us to grasp the relationships between notes. This
representation is particularly effective for tasks that require note-
level recognition. We conduct experiments on three collections by
J.S. Bach: Harmonized Chorales, Little Organ Book, and The Well-
Tempered Clavier. Although written by the same composer, each
collection varied in musical complexity. The proposed method
achieved an accurate recognition of approximately 87% F1-score
on Harmonized Chorales. Although the smallest collection of The
Well-Tempered Clavier resulted in the lowest F1-score among the
three, Little Organ Book attained an F1-score exceeding 80%
despite containing complex non-harmonic decoration.

I. INTRODUCTION

Non-chord tones (NCTs) are, as the name suggests, tones
that are not included in chords. They are complementary in
definition, but their musical roles are different. Chord tones
(CTs) form chords and determine the structure of a piece,
such as chord progressions and keys, while NCTs decorate
the surroundings of CTs and give the piece individuality and
expressive richness[1].

Although both are essential to music, research on NCTs
is less extensive than on harmony and tonality. A key chal-
lenge here is how musical scores are represented. In general
music information processing, one common method of this
is representing a musical score as a time series of segments;
previous research on NCT identification has also adopted
this method[2]. However, in this approach, a single note
could be split across multiple segments because segments
are generated at the point where a new note onset occurs,
and other notes may still be sustained. Considering that NCT
is a note-level concept, this treatment seems unnatural and
prevents recognition at the note level. Another method converts
musical notes into text as a series of events for a Transformer
model[3]. However, this representation strays from natural
musical notation, resulting in a large model size.

In this paper, we represent musical scores as graphs and
build note-level NCT identification models using graph neural
networks (GNNs). This approach is inspired by researches that
use graph representation and GNNs in harmonic analysis[4]
or voice separation[5]. Considering each musical note as a

node, it makes sense to represent a musical score as a graph.
This transformation can be done naturally, without resorting
to overly artificial rules. Because NCT identification is a task
that deals with each note individually, graph-based methods
are considered suitable for this purpose.

For the GNN, we conducted experiments using two models:
GraphSAGE[6] and Graph Attention Network v2 (GATv2)[7].
We also tested multiple configurations for the number of layers
and the number of heads in GATv2.

We apply the proposed method to J.S. Bach’s three differ-
ent collections of pieces: Harmonized Chorales (Chorales),
Little Organ Book (Organ), and The Well-Tempered Clavier
(WTC). Chorales and the pieces in Organ are based on the
same chorale (hymn) melodies; however, as organ instrumental
pieces, the latter feature complex counter-melodies that are rich
in NCTs. WTC is characterized by instrumental expressions
such as arpeggio.

Our proposed method achieves a maximum F1-score of
approximately 87% and an accuracy of over 95% on Chorales.
This high recognition accuracy demonstrates that graph repre-
sentation of musical scores and feature extraction using GNNs
effectively recognize non-chord tones. Regarding the WTC, we
achieve an F1-score of 66% despite there being only 24 pieces
in the entire corpus. Furthermore, F1-score of over 80% is
obtained for the Organ. The experimental results demonstrate
that our model can effectively work on more complex pieces
than the simple Chorales, even with only 44 pieces.

II. RELATED STUDIES

In simpler pieces, NCTs can be identified by rule-based
models designed with musical knowledge[8], [9]. However,
these rules cannot be adapted to diverse compositions, as the
contrapuntal elaboration of music varies widely[1], [9], [10].

Therefore, machine learning can be a promising method
for handling diverse compositions. Hu and Arthur developed
a logistic regression model for NCT identification[11]. Ju et
al.[2] introduced deep learning models, and tested them on J.
S. Bach’s Chorales; however, they did not provide note-level
predictions due to their reliance on time segments. McLeod
and Rohrmeier[12] developed a note-level method and tested
it with more complex compositions than Chorales, aiming to
improve chord quality recognition. However, their model was
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designed for post-processing and included chord information
in the input, unlike our model.

This study employs GNNs for this task. A musical score
consists of multiple series of pitches (i.e., melodies) rather
than a single time series. The graph format is versatile and
can represent various types of data. Several researchers have
noted that musical scores can be effectively represented as
graphs by treating each note as a node[4], [5], [13]. In addition,
GNNs have been reported to be effective in tasks such as audio
generation[13], musical part (voice) detection[5], and harmonic
analysis[4].

III. METHODOLOGY

A. Problem formulation of NCT identification

We simply assume that NCTs are notes that are not part of
a chord and focus on the binary classification of chord-tone or
not. The model estimates the probability y that a specific note
is an NCT, based on the feature vector x̂ of the original note.

y = f (x̂; C) (1)

f represents a function; it is used to predict the probability y
of the note being an NCT from the input feature vector x̂. This
function is designed as a neural network. It utilizes additional
context, denoted as C, which consists of information about
neighboring notes, along with the input x̂, to predict y.

We use a graph neural network (GNN) to effectively in-
corporate contextual information by aggregating features from
neighboring notes with the focused note’s features. While a
fully connected graph conceptually resembles a Transformer
model[14] in that it gathers and weights information from all
instances, NCTs are more influenced by local conditions like
preceding and following chords. Therefore, we chose a GNN
focusing on note connections rather than applying attention to
all notes or using artificial positional encoding. Although the
model is not given chord information, we hope the GNN will
learn to identify consonant sounds from the neighboring notes.

B. Graph representation of a musical score

Fig. 1. Graph representation of a musical score.

We transform a musical score into a graph, as shown in
Fig. 1. Each node represents a single note or rest. The input
node feature consists of the note’s pitch class, MIDI note
number, and type of beat, which are each one-hot vectorized
independently and then combined. The pitch class ranges from

0 to 11, and the MIDI note number ranges from 0 to 127.
The beats are classified into three types: the first beat of
each measure, strong beats except the first beat, and upbeats.
Therefore, the node feature vector has 143 dimensions. The
node feature of a rest is a concatenation of a zero vector for
pitch class and MIDI, and a beat feature vector.

Three types of edges are attached. The musical scores used
in this paper are in MusicXML format, providing information
about the voices.

• Inter-voice edges are edges between notes that belong to
different voices, but that overlap in time.

• Intra-voice edges are edges between adjacent notes or
rests in the same voice.

• A self-loop is an edge that connects to the node itself.
Self-loops ensure that a node’s own feature is also con-
sidered during the feature update process in GNN. (For
ease of viewing, the self-loop is omitted in Fig. 1.)

Although the node feature does not explicitly have the infor-
mation on note length, the graph’s topology gives it since a
note with a longer duration tends to overlap with a greater
numbers of other notes, and thus receives more information
from them as neighboring notes.

The edge feature for inter-voice edges is determined by the
time overlap between nodes. For example, in Fig. 1, the edge
features between the quarter note and the sixteenth notes in
the top two voices are 0.25 (assuming the quarter note is 1.0).
In contrast, intra-voice edges use the inter-onset interval as
their feature. For instance, the edge feature between the two
eighth notes in the bottom part of Fig. 1 is 0.5. Although we
have not shown directions on the edges, they are intrinsically
bidirectional. Most edges have the same feature value in both
directions; however, intra-voice edges are an exception and
have signed features based on their direction. A self-loop edge
possesses the feature, corresponding to its duration. Lastly, a
three-dimensional one-hot vector for edge types is added to
the edge features.

The conversion of MusicXML sheet music into a graph is
carried out automatically according to the design described
above. The complete source code of this work, which includes
the MusicXML-to-graph converter and the NCT identification
models, is available1.

C. NCT identification using graph neural networks
The input to the proposed NCT identification model is

the graph representation of the musical score: the graph
G = (V, E) and the feature vectors of all notes and edges.
We employ two types of message-passing-style graph neural
networks for feature encoding: GraphSAGE[6] and Graph
Attention Network v2 (GATv2)[7]. In message-passing, the
feature of node u is updated using the feature values of
neighboring nodes connected to it (context C). As shown in
Fig. 2 the feature of node u (filled note) is updated using only
the features of the nodes directly connected to u rather than
the features from the entire graph.

1https://github.com/yui-u/gnn-ncti
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Fig. 2. Message Passing.

This message-passing is performed multiple times. The k-
th update refers to updating the node features by performing
message passing from the features obtained up to the k − 1-
st update with the parameters of the k-th layer in the GNN
network. While each update can only draw information from
directly connected nodes, the information from neighboring
nodes is incorporated with each layer’s output. As a result,
information from more distant nodes (notes) can be accessed
through multiple layers.

1) GraphSAGE: In GraphSAGE[6], node features are up-
dated as (2).

x
′(k)
u = ReLU

(
W

(k)
1 x(k−1)

u +W
(k)
2 · MEANv∈Nux

(k−1)
v

)

(2)

This is a simple method that adds the linear transformation of
the focused node’s feature value to the linear transformation of
the mean of the neighboring nodes’ feature values. W (k)

(·) is the
linear weight parameter to be learned. The subscript u indicates
a focused node, and v is a neighboring node connected with u,
which is an element of the set of neighboring nodes Nu. The
bias term is omitted to avoid complications. The formula of
(2) differs slightly from the original paper[6] but is essentially
equivalent, reducing the number of parameters. In addition,
since each node’s degree in the graph is small, no sampling is
conducted.

Layer Normalization[15] is applied after (2) to produce the
k-th updated node feature of x(k)

u .

x(k)
u =

x
′(k)
u − µ(k)

σ(k)
⊙ γ + β (3)

µ(k) is the mean of all x
′(k)
u and σ(k) is the variance of them.

γ and β are learnable affine parameters.
2) Graph Attention Network v2: In GATv2[7], node fea-

tures are updated as (4–5), where LR indicates Leaky ReLU
activation function.
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Unlike GraphSAGE, GATv2 incorporates edge features to
calculate the weights of neighbors, as shown in (5). In addition,
GATv2 can have multiple heads, and (4) is the calculation for
a single head. After the calculation of (4) for each head, the
node features of all heads are concatenated and applied the
Layer Normalization to become the new node feature of layer
k, x(k)

u .
3) Prediction of non-chord tones: To predict NCTs, we first

transform the node features of the input graph as described in
equation (6).

x(0)
u = ReLU (W0x̂u + b0) (6)

Then, we perform message passing K times using GraphSAGE
or GATv2 to obtain the final feature vector for each node,
denoted as x

(K)
u . The obtained final node feature is converted

into a 2D vector by a multilayer perceptron (MLP) with one
hidden layer. Since this is a binary classification problem,
we could convert it into a 1D scalar and use the sigmoid
function. However, we converted it into a 2D vector and
applied the softmax function instead. This approach optimizes
the threshold for binary classification by using the relative
values of two parameters instead of focusing on a single value,
potentially leading to improved performance compared to the
1D method. Then, the softmax function is applied to obtain
the prediction probability yu.

yu = softmax
(

MLP2(x
(K)
u )

)
(7)

4) Training: The training data (labels of CT/NCT distinc-
tion) is automatically generated from the annotated data of
harmonic analysis, and used in the supervised learning. The
semi-automatic annotation process is detailed later in IV-B.
The loss function is the average cross-entropy loss for the note
nodes. Although rest nodes are used as part of the graph when
calculating the node features, they are not included in the loss
calculation.

IV. EXPERIMENTS

A. Dataset

1) Harmonized Chorales (Chorales): This collection con-
sists of simple harmonizations based on the hymn melodies
(chorales), and many of them are for four voices. Although
the collection contains 371 pieces, duplicates of nearly iden-
tical ones are removed. Additionally, pieces whose harmonic
analysis annotations used for NCT labeling do not match the
key signatures or measure(bar) numbers in the scores are also
excluded, resulting in 306 pieces.

In the previous study that conducted NCT identification
on Chorales, they reported that 140 pieces were used[2].
Since the same dataset is unavailable, we obtain annotations
for the Chorales from When-in-Rome[16], a meta-corpus for
harmonic analysis. However, we observed discrepancies of
measure numbers between the harmonic analysis annotations
and sheet music for some pieces in the meta-corpus, likely
due to differences in how repeats were handled. As a result,
we sourced the target sheet music from Music21[17].
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2) Little Organ Book (Organ): This is a collection of 46
short pieces for organ solo. Although the pieces are based on
the same chorale melodies found in Chorales, they are more
complex and rich in NCTs (e.g., Fig. 3). In addition, each piece
is more diverse than Chorales.

The scores in MusicXML format, along with manually
annotated harmonic analyses, are made publicly available2.
The annotation of harmonic analysis are made by organ per-
formance experts. Unlike the other two collections, harmonic
analysis does not include annotations of inversions, but only
annotations of key and Roman numerals (degrees). Except for
one minor revision and one piece lacking harmonic analysis
of the opening section, a total of 44 pieces are used for
experiments.

Fig. 3. Examples of the beginning of the Chorale (BWV64.2) and the piece
in the Organ Book (BWV604). Both are based on the same chorale melody.

3) The Well-Tempered Clavier (WTC): The Well-Tempered
Clavier (WTC) is a collection of 24 keyboard pieces, each
originally consisting of a prelude and a fugue. However, since
the harmonic analysis for the fugue is not available, we only
use the 24 preludes.

Similar to Organ, each piece is rich in diversity (e.g., Fig. 4).
Some contain many NCTs, while others feature arpeggios of
chord tones as their motif. Some pieces have as few as two
voices (e.g., Fig. 4), and it is expected to pose a challenge in
NCT identification, since all the notes of the harmony are not
present at the same time.

Fig. 4. Examples of pieces in WTC.

B. Semi-automatic generation of training labels

This study focuses on binary classification of whether a note
is a chord tone (CT) or a non-chord tone (NCT). Since chord
tones are identified through harmonic analysis, we automat-
ically generate training labels for CT/NCT using manually
annotated harmonic analysis data. While the harmonic analysis
label may change during the note’s duration, the harmonic
analysis label used for the automatic training label generation
is determined based on the analysis at the note’s onset.

As mentioned in IV-A2, the annotation of the Organ only
includes information on root degrees, and the constituent notes

2https://github.com/yui-u/little-organ-analyses

of seventh chords or more are unknown. Therefore, when the
root degree is V, the seventh note of the dominant seventh
chord is added to the three constituent notes. Hereafter, we
denote this treatment as triad+dominant, while the CT/NCT
labeling of training data based on full Roman numerals (if
available) is denoted as full. As described above, the difference
between triad+dominant and full only appears in seventh
chords where the root is not V. For example, in Fig. 5, only
the notes marked with circles (the 7th of the viio7) differ: the
note is labeled as NCT in triad+dominant, and CT in full.

Fig. 5. Automatic generation of NCT labels for training.

The statistics for the automatically generated labels for CT
and NCTs are shown in Table I. As can be seen from the
table, Organ and WTC have a higher proportion of NCTs than
Chorales, suggesting that they feature more complex melodic
decoration, typical of instrumental pieces.

TABLE I
CT AND NCT STATISTICS.

dataset chord type CT NCT Total
Chorales full # notes 63473 8558 72031

prop.(%) 88.12 11.88 -
Chorales triad+dom. # notes 62362 9669 72031

prop.(%) 86.58 13.42 -
Organ triad+dom. # notes 16684 6261 22945

prop.(%) 72.71 27.29 -
WTC full # notes 13785 3585 17370

prop.(%) 79.36 20.64 -
WTC triad+dom. # notes 12857 4513 17370

prop.(%) 74.02 25.98 -

C. Experimental settings

We conduct 5-fold cross-validation, with three folds for
training, one for validation, and one for testing. Each of the
5 folds are experimented with 3 random seeds, resulting in
averages from 15 data combinations. The mini-batch size is 4,
and the Adam optimizer is used with a learning rate of 1e-3.
Gradient clipping is set to a maximum of 1.0, and node feature
dimensions in the GNN are 32. During training, a dropout rate
of 25% is applied to each layer’s output. The training lasts
1024 epochs, and the model with the highest F1-score on the
validation data is selected. Since changing the pitch of the
entire score does not alter the CT and NCT types for each
note, the input to the model was normalized so that it does
not have a key signature.
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V. RESULTS

A. Experiments for different GNN settings on Organ dataset

We conduct experiments for different types and sizes of
GNNs on Organ dataset, which has the highest proportion of
NCTs (Table I). The number of layers in the GNN was tested
from 1 to 5.

TABLE II
RESULTS WITH DIFFERENT MODEL SETTINGS ON Organ.

model head layer acc. prec. rec. f1
GraphSAGE - 1 85.87 77.45 68.16 72.48
GraphSAGE - 2 88.15 79.02 77.22 78.08
GraphSAGE - 3 88.30 79.91 76.45 78.11
GraphSAGE - 4 88.30 80.33 75.83 77.97
GraphSAGE - 5 88.14 79.20 76.99 78.01

GATv2 1 1 83.09 70.55 65.67 67.90
GATv2 1 2 84.17 72.30 70.13 70.91
GATv2 1 3 82.89 67.85 71.17 69.45
GATv2 1 4 83.45 71.54 66.80 68.93
GATv2 1 5 79.66 62.34 65.56 63.54
GATv2 2 1 86.68 77.55 72.42 74.79
GATv2 2 2 89.14 81.26 78.56 79.87
GATv2 2 3 89.41 82.27 78.37 80.23
GATv2 2 4 89.36 81.92 78.52 80.16
GATv2 2 5 88.92 81.39 77.38 79.31
GATv2 3 1 87.10 77.38 74.85 76.06
GATv2 3 2 89.08 80.81 78.99 79.87
GATv2 3 3 89.63 82.01 79.75 80.83
GATv2 3 4 89.83 82.30 80.19 81.21
GATv2 3 5 89.24 81.01 79.62 80.27

As shown in Table II, scores for models with single layer
were slightly lower, and models with 2 or more layers were
stable. In GATv2, the single-head model led to lower perfor-
mance compared to models with 2 or 3 heads.

The model can achieve an accuracy of around 73% if all
notes are identified as chord tones, since 72.71% of gold labels
are chord tones, as shown in Table I. In the experimental results
shown in Table II, models with 2 or more heads achieved
an accuracy of over 85%, confirming the effectiveness of the
training. The best accuracy, precision, recall, and F1-score
were achieved by GATv2 with 4 layers and 3 heads.

Regarding the performance differences between GNN types,
GraphSAGE and GATv2 with two heads tended to have similar
F1-scores. The number of parameters in GraphSAGE is less
than half that of GATv2 with two heads, and GraphSAGE
achieved equivalent performance even though it does not use
edge features. GATv2 with a single head has nearly the same
number of parameters as GraphSAGE, but its performance
is inferior to that of GraphSAGE. Although the tasks are
different, models that use text-based music token sequences
and Transformers for music generation have been reported
to have a model size of approximately 41M[3], which is
significantly larger than the GNN used in this study, the largest
model size of which is only about 0.1M (GATv2, head=3,
layer=5).

B. Ablation studies

The results in Table III indicated that the edge features
had a positive effect. When the edge features were not used,

GraphSAGE (that did not use them by default) performed bet-
ter than GATv2. The ablation study also confirmed that pitch
class and beat information were useful. In contrast, there was
little change in performance even when the MIDI note number
information was removed; this result suggested that pitch range
information did not contribute much to the recognition of
NCTs. The score has actually increased slightly by removing
MIDI information. The number of node feature dimensions
was reduced by 128 by removing it, which simplified the node
features and possibly made learning easier.

TABLE III
ABLATION STUDY ON Organ DATASET.

model head layer acc. prec. rec. f1
GraphSAGE - 3 88.30 79.91 76.45 78.11
– pitch class - 3 88.10 80.01 75.35 77.58
– MIDI - 3 88.97 81.80 76.56 79.07
– beat - 3 87.50 79.11 73.98 76.43
GATv2 3 4 89.83 82.30 80.19 81.21
– edge feature 3 4 87.50 77.99 75.79 76.84
– pitch class 3 4 88.39 79.70 77.51 78.55
– MIDI 3 4 90.25 83.46 80.23 81.79
– beat 3 4 88.80 80.08 78.82 79.42

C. Results on different J. S. Bach’s collections

TABLE IV
RESULTS ON DIFFERENT DATASETS WITH

GRAPHSAGE(LAYER=3) AND GATV2 (HEAD=3, LAYER=4)

dataset chord type model acc. prec. rec. f1
Chorales full GraphSAGE 96.50 87.86 82.03 84.80
Chorales full GATv2 96.96 88.23 85.92 87.04
Chorales triad+dom. GraphSAGE 96.03 88.16 81.52 84.66
Chorales triad+dom. GATv2 97.00 89.82 87.67 88.70

Organ triad+dom. GraphSAGE 88.30 79.91 76.45 78.11
Organ triad+dom. GATv2 89.83 82.30 80.19 81.21
WTC full GraphSAGE 87.17 71.63 58.88 64.47
WTC full GATv2 87.36 71.11 62.04 66.13
WTC triad+dom. GraphSAGE 84.61 73.88 60.67 66.48
WTC triad+dom. GATv2 85.61 74.25 66.60 70.08

The proposed model achieved F1-score of 87% with GATv2
(head=3, layer=4) on Chorales. In a previous study using
the same collection, the F1-score was found to be 72%[2].
However, that study used only about half (140 pieces) of the
collection, and the content is currently unavailable. Addition-
ally, it did not perform note-level recognition like our work;
instead, they used a segment-based approach, which makes
direct comparisons impossible. Despite these differences, our
accurate results demonstrate the effectiveness of the proposed
model.

The F1-score for WTC(full) with GATv2 was approximately
66%, indicating that there is room for improvement. Although
the limited amount of data may have impacted this score, pre-
training with Chorales did not lead to much improvement. On
the other hand, the proposed model achieved an F1-score of
over 80% on Organ, which retained maximum proportion of
NCTs. It is also worth noting that Organ achieved reasonable
performance with only 44 pieces. Although issues remained in
WTC, the proposed method has proven effective for complex
instrumental pieces that contain many NCTs.
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VI. CONCLUSIONS

In this paper, we verified the adequacy and the efficiency to
employ GNNs to identify NCTs. By representing musical notes
as nodes in a graph and expressing the vertical and horizontal
connections between notes as edges, we have realized a
note-level NCT identification without relying on the artificial
conversion of musical score information.

We tested two types of GNN (GraphSAGE and GATv2) and
multiple numbers of heads and layers settings. As a result,
we achieved a maximum F1-score of 87% on Harmonized
Chorales (Chorales), 81% on Little Organ Book (Organ), and
66% on The Well-Tempered Clavier (WTC). We achieved high
performance on Organ, which was much more complex than
the Chorales and rich in melodic decorations with NCTs.

The ablation study results indicated that edge features, pitch
class, and beat information were effective, while pitch range
information contributed minimally to the performance. In addi-
tion, although GATv2 achieved the highest score, GraphSAGE
proved to be superior to GATv2 under conditions of small
model parameter sizes.

A limitation of this work was that it automatically generated
training data for NCTs based on the assumption of comple-
mentary relationship between CTs and NCTs, using annotation
data from harmonic analysis. The assumption is natural and has
been adopted in the previous study[2]. However, in harmonic
analysis, temporary fluctuations in chords are sometimes not
annotated. This lack of annotation may not provide enough
information to determine NCTs. Therefore, an immediate
challenge for us is to validate the quality of automatically
generated labels against NCTs analyzed by human experts.
Furthermore, considering the complementarity of CT and NCT,
the simultaneous recognition of NCT and harmonic analysis is
also an important area for future work.

More detailed analysis of non-chord tones (NCTs), such
as neighboring tones and passing tones, is another important
future work. To analyze these detailed labels, it is essential to
understand the relationships between preceding and following
notes. The achievement of NCT identification at the note level
in this study represents an important step toward more detailed
and musical automatic classification of non-chord tones.
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