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Abstract: The EMelodyGen system mainly focuses on melody generation in ABC
notation controlled by emotional conditions. To overcome the scarcity of emotional
labeled sheet music, we utilize statistical correlations derived from small-scale
symbolic music datasets with emotion labels and music psychology conclusions to
guide subsequent feature extraction, emotional control and automatic annotation. We
then automatically annotate a large, well-structured sheet music collection with rough
emotional labels, convert the annotated dataset into ABC notation format, and apply
data augmentation to address label imbalance, resulting in the creation of a dataset
named Rough4Q. We demonstrate that our system backbone pre-trained on Rough4Q
can achieve up to 99% music21 parsing rate. Our emotional control parameters,
categorized into directly modifiable, embedding, dual-stage, and guidance features,
can be selected and assembled to design customized emotional control templates that
can lead to a 91% alignment in emotional expression in blind listening tests. Ablation
studies further validate the impact of these control conditions on emotional accuracy.
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1. Introduction

Automatic music generation involves three hierarchical levels: score generation, performance generation, and
audio generation [1]. Works in symbolic music generation with emotional condition such as [2–5] focus on the first
two levels. To validate the effectiveness of the current level, variables from subsequent levels are typically controlled.
For instance, piano score generation often employs default performance expressions for audio rendering verification.
Many recent emotion-conditioned music generation approaches such as [6–11] use MIDI data for symbolic music
generation, while our work attempts to generate melodies in sheet music controlled by emotional conditions. For
the selection of sheet format, although XML and ABC notation are equivalent and can be converted to each other
without loss, we still choose to use ABC notation for its higher musical information density compared to XML.
This is because ABC notation contains exclusively musical information throughout, whereas XML is essentially a
configuration file that includes numerous structural symbols. In the field of ABC notation music generation, Tomasz
Michal Oliwa previously explored genetic algorithms for rock music composition [12]. More recently, approaches
such as Tunesformer [13], abcMLM [14], and MelodyT5 [15] have utilized Transformer-based language models
to generate music in ABC notation. Among these, MelodyT5 is a pre-trained model suitable for both generation
and understanding tasks, abcMLM is also based on a Transformer encoder-decoder architecture. So we selected
Tunesformer, which is a Transformer decoder-only model, as the backbone of our system due to its focusing on
generation and relative lightweight nature. The effectiveness of this model in generating sheet music relies heavily
on the quality of the training data. Models fine-tuned on well-structured sheet music data are more likely to produce
error-free sheet music. In contrast, models trained by disorganized sheet music may generate erroneous sheet music,
which cannot be properly rendered into audio.

Copyright: © 2025 by the authors. This is an open access article under the terms and conditions of the Creative Commons Attribution
(CC BY) license (https://creativecommons.org/licenses/by/4.0/).
Publisher’s Note: Scilight stays neutral with regard to jurisdictional claims in published maps and institutional affiliations.

https://www.sciltp.com/journals/tai
https://doi.org/10.53941/tai.2025.100013
https://creativecommons.org/licenses/by/4.0/


Zhou et al. Trans. Artif. Intell. 2025, 1(1), 199–211

However, well-structured sheet music data with emotional labels is scarce. Notable datasets such as
EMOPIA [16] and VGMIDI [17] consist of MIDI data with emotional annotations rather than XML/ABC sheet
music. Although these MIDI files can be converted to XML by tools such as music21 [18] or MuseScore, the
resulting sheet music is often disorganized, which impacts the quality of the generated music. Our subsequent
experiments in Section 4.1 found that models fine-tuned on these datasets had music21 parsing rates of only 28%
and 75%, respectively, indicating inadequate quality for further experiments. To address this, we utilized prior
knowledge from music psychology literature [19–22] and statistical correlations between significant music features
and emotional labels to guide feature extraction and emotional control. We automatically annotated large-scale
and well-structured sheet music collection, in XML/ABC format with rough emotional labels by programming for
training and further research. Prior to processing, we conducted data sampling and reviewed these datasets to ensure
that their sheet music is well-structured. Additionally, after converting the data into uniform ABC notation slices,
we tested the model fine-tuned with this data and achieved an music21 parsing rate of up to 99% for the generated
sheet music.

Although above operation ensures a certain degree of quality, the automatically and roughly annotated
emotional labels still contain noise. Therefore, we treat these rough emotional labels merely as markers for
recording specific musical feature embeddings, and utilize important musical features summarized from statistical
prior knowledge as control conditions for emotion. The qualitative conclusions from music psychology [19–22] and
the quantitative distributions derived from statistical tests serve as references for selecting these conditions. We
developed a set of musical feature control parameters based on these insights, which serve as control inputs for
emotion-conditioned generation. These features can be categorized as follows:

• Directly modifiable features: features that can be adjusted directly at the model output stage, such as octave,
volume, etc.;

• Embedding features: features that are captured as embeddings and require deep learning for the model to
interpret, such as pitch range, average pitch (avg pitch), pitch standard deviation (pitch SD), melodic ascending
or descending (direction), etc.;

• Dual-stage features: features that are both embedded and require oversight at the output stage, such as key,
mode, tempo, etc.;

• Guidance features: features that are only used for guiding the control of highly related or alternative features,
for instance, the root mean square of rendered audio from output sheet music (RMS) guides the volume control.

Typically, the second category arises because these features are inherent in the ABC notation header information
and are controllable at the output stage. The third category often involves features that are difficult to manipulate
directly or whose deep meanings are embedded in melody or texture, necessitating reliance on deep learning. For
the last category, features not only within the current category can guide the control of other features, but some
features from other categories that are not currently utilized can also serve as guidance for controlling other features.
We selected five representative features from the first three categories to construct our control parameter template,
the rest are used for reference or guidance. Using this template for condition control, the emotional alignment of the
generated music with human expectations reached 91% in blind listening tests. Additionally, ablation experiments
were conducted to assess the contribution of these control conditions to overall emotional expression.

2. Methodology

In our research workflow, we first merge and process the emotion-labeled datasets EMOPIA and VGMIDI,
which are not suitable for sheet music training but statistical correlation analysis. Based on these statistical results
and relevant literature in music psychology [19–22], we derive preliminary conclusions that guide the feature
extraction, feature selection, rough automatic annotation, and emotional control for the subsequent training of
large-scale sheet music data. Finally, we fine-tune the backbone network using the large-scale augmented sheet
music data with emotion-related feature embeddings. This process involves various methods, such as standardizing
the emotion label systems of EMOPIA and VGMIDI, which entails the conversion between the valence/arousal
(V/A) values [23] and Russell 4Q [24] emotion space. Additionally, statistical tools for correlation analysis and the
design of the backbone structure with the loss function are also involved.

2.1. V/A Values to Russell 4Q

The V/A values is a theoretical model used to describe and analyze emotional states. This emotional model is
based on two primary dimensions: valence and arousal. Valence reflects the degree of positivity or negativity of an
emotion, while arousal reflects the level of calmness or intensity of the emotion.
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Russell 4Q emotional model divides the two-dimensional space defined by V/A values into four quadrants [25]
shown as Figure 1. Given that emotion labels in datasets are indexed starting from 0, the formula for converting
V/A values to Russell 4Q labels is given by Equation (1).

Q(v, a) = Iv<0Ia≥0 + 2Iv<0Ia<0 + 3Iv≥0Ia<0 (1)

where I is the indicator function, and v and a represent the valence and arousal values, respectively. In our analysis,
the EMOPIA dataset uses the Russell 4Q label system, while VGMIDI employs V/A values. We applied Equation (1)
to convert the VGMIDI label system to the Russell 4Q space, after which we merged it with EMOPIA. The purpose
of this merging process was to enrich the dataset used for analysis, thereby making the analytical conclusions
more generalizable.
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Figure 1. The projection of the emotional space based on V/A values onto Russell 4Q model with typical emotion adjectives.

2.2. Pearson Correlation Coefficient

The Pearson correlation coefficient [26] is a statistical measure used to assess the linear relationship between
two variables, it quantifies the strength and direction of the linear relationship between two variables, with values
ranging from −1 to +1. To compute the correlation coefficient r between two variables X = {x1, x2, . . . , xn} and
Y = {y1, y2, . . . , yn}, the formula is given by Equation (2).

r =

∑n
i=1(xi − x̄)(yi − ȳ)√∑n

i=1(xi − x̄)2
√∑n

i=1(yi − ȳ)2
(2)

where xi and yi are the observed values of variables X and Y , and x̄ and ȳ are the means of X and Y , respectively.
The correlation coefficient r indicates the direction of the relationship between the variables: a positive r signifies a
positive correlation, while a negative r signifies a negative correlation. The absolute value |r| represents the strength
of the correlation, with values closer to 1 indicating a stronger correlation and values closer to 0 indicating a weaker
correlation. A common threshold is 0.3, where |r| > 0.3 suggests a meaningful correlation, whereas |r| ≤ 0.3

indicates a weak or negligible correlation. The correlation coefficient r is typically accompanied by a p-value, which
is a statistical measure used in hypothesis testing to determine the significance of the observed result. The formula
for calculating the p-value is given by Equation (3).

p = 2 ·
(
1− T

(
r
√
n− 2√
1− r2

, n− 2

))
(3)
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where T represents the t-distribution. A smaller p-value indicates a higher statistical significance of the observed
correlation. Typically, a threshold of 0.05 is used: p < 0.05 suggests that the linear relationship between the
variables is likely not due to chance, whereas p ≥ 0.05 suggests that the observed correlation may be the result of
random variation.

We used the aforementioned tools to perform statistical analysis on the merged data from EMOPIA and
VGMIDI, calculating the correlation between emotional dimensions and features of sheet music. For the emotional
dimensions, we chose valence and arousal. Due to the merging process, the Russell 4Q label system has lost the
specific V/A values and only retains their positive or negative signs. Therefore, we categorized both valence and
arousal into two levels: low and high, with values of 0 and 1, respectively. Specifically, data in the Q1 and Q4
quadrants were assigned a valence value of 0, while rests were assigned a value of 1. For arousal, data in the Q1 and
Q2 quadrants were assigned a value of 0, while rests were assigned a value of 1.

Regarding the selection of features, we extracted eight features: key, mode, tempo, direction, avg pitch, pitch
range, pitch SD, and RMS from the sheet music or its rendered audio. The specific meanings of these features are
detailed in Section 1. However, the calculation of avg pitch, pitch SD and direction requires further explanation.
Assuming a melody M = {(p1, d1), (p2, d2), . . . , (pn, dn)} consists of n notes, where pi and di represent the
pitch and duration of the i-th note respectively, the avg pitch (denoted as p̄) is the weighted average of pitch by
duration [27]. The formula for calculating the avg pitch is given by Equation (4).

p̄ =

∑n
i=1 pidi∑n
j=1 dj

(4)

Based on p̄, we further calculated the pitch SD using the formula given in Equation (5), which represents the
weighted standard deviation of pitch by duration.

pitchSD =

√∑n
i=1(pi − p̄)2di∑n

j=1 dj
(5)

For the feature direction, since it describes a musical characteristic at the level of phrases rather than entire
pieces, we approach it by analyzing the duration of ascending and descending segments statistically. By comparing
these durations, we determine the overall tonal direction of the piece. Specifically, if the total duration of ascending
segments is greater, the piece is labeled as having an ascending tonal direction. Otherwise, the piece is labeled as
having a descending tonal direction.

We calculated the Pearson correlation coefficients and p-values between V/A and the eight features. The
results are presented in Table 1. These findings will guide the subsequent data processing and experimental design
for emotional control. To provide a more intuitive representation of the distribution of emotions across the features,
we also plotted distribution charts for the 4Q emotion categories across the eight features. For the features mode and
direction, which both have only two options, we used bar charts. For the remaining six features, which are either
continuous variables or discrete values with multiple options, we employed Gaussian kernel density estimation
(KDE) plots [28], as illustrated in Figure 2.
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Figure 2. Gaussian KDE charts for Russell 4Q emotions over the six music-related features: key, tempo, average
pitch, pitch range, pitchSD, and RMS, respectively (the six subplots on the left side); bar charts of Russell 4Q
emotion frequency over modes and directions (the two subplots on the right side).
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Table 1. Pearson correlation statistics between emotions and features for the merged data from EMOPIA and VGMIDI.

Emotion
Dimension

Music-Related
Feature

Correlation
Coefficient Relevance p-Value Confidence Level

valence

key +0.0123 weak positive 6.594× 10−1 p ≥ 0.05 insignificant
mode +0.3850 positive 2.018× 10−46 p < 0.05 significant
tempo +0.0621 weak positive 2.645× 10−2 p < 0.05 significant

direction +0.0010 weak positive 9.709× 10−1 p ≥ 0.05 insignificant
avg pitch +0.0102 weak positive 7.161× 10−1 p ≥ 0.05 insignificant

pitch range −0.0771 weak negative 5.794× 10−3 p < 0.05 significant
pitch SD −0.0676 weak negative 1.568× 10−2 p < 0.05 significant

RMS +0.1174 weak positive 2.597× 10−5 p < 0.05 significant

arousal

key −0.0007 weak negative 9.809× 10−1 p ≥ 0.05 insignificant
mode −0.0962 weak negative 5.748× 10−4 p < 0.05 significant
tempo +0.1579 weak positive 1.382× 10−8 p < 0.05 significant

direction −0.0958 weak negative 6.013× 10−4 p < 0.05 significant
avg pitch −0.1818 weak negative 5.919× 10−11 p < 0.05 significant

pitch range +0.3276 positive 2.324× 10−33 p < 0.05 significant
pitch SD +0.3523 positive 1.179× 10−38 p < 0.05 significant

RMS +0.3800 positive 3.558× 10−45 p < 0.05 significant

2.3. Backbone Network

We selected pre-trained Tunesformer as the backbone network, which is designed specifically for generating
ABC notation music. The input data format is divided into two parts: control code and ABC chars. The latter
represents the conventional ABC notation music, with its data structure detailed in the document ABC Music
Notation. The former consists of three markers: S (number of sections), B (number of bars), and E (edit distance
similarity), with specific meanings provided in [13].

The backbone network primarily consists of two sets of Transformer decoder structures, with a notable
feature being the incorporation of music bar-level patch structures. This design significantly enhances the overall
data throughput of the network. Consequently, the data input to the backbone is first converted into patch-level
data through a patchilizer, then processed through nine layers of patch-level decoders. At the beginning of each
patch-level decoder, the data undergoes a linear projection layer followed by the addition of positional embeddings.
Finally, the data is processed through three layers of char-level decoders before reaching the output.

For the pre-training process, we consider a dataset D consisting of pairs (X,Y ), where X is the input musical
score and Y is the target musical score. Each score is represented as a sequence of bar patches {B1, B2, . . . , Bm},
with each bar patch Bi further decomposed into a sequence of characters {c1, c2, . . . , cn}. The backbone is trained
to predict each character token of the target score based on the input score and the previously generated tokens in an
autoregressive manner. Formally, the pre-training objective is to minimize the cross-entropy loss across all tokens in
the target sequence, whose loss function is shown in Equation (6).

LCE(θ) = −
∑

(X,Y )∈D

m∑
i=1

n∑
j=1

logPθ(c
i
j |X,B<i, c

i
<j) (6)

where cij denotes the j-th character in the i-th bar patch of score Y , B<i includes all bar patches before the i-th
bar patch, ci<j refers to characters before the j-th character in the current patch, and Pθ represents the probability
distribution function of the backbone, parameterized by θ, of predicting the correct character.

Building upon this backbone, we introduced emotion-related features embedding at the input stage for fine-
tuning and added emotion-related features control at the output stage to achieve emotion-conditioned generation.
The loss function used during fine-tuning is the same as that used during pre-training; however, the meanings
of X and Y are specific to this stage. During fine-tuning, X represents a prompt derived from the fusion of
emotion-related features embedding and control code, while Y corresponds to the subsequent ABC notation music
following this prompt. The overall system architecture, integrating the backbone structure with the emotion control
module, is illustrated in Figure 3, where the reservations are a collective term for the placeholders allocated for
potential future additions of all categories of features. The specific sound library of the renderer in our system is the
default piano soundfont of MuseScore 4.2.1 (Acoustic Grand Piano) with a 44.1 kHz sample rate.
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Figure 3. The overall system architecture with training and inference branches of the backbone, whose below part
outlines the features currently in use (inside bounding boxes) and those planned for future implementation (outside
bounding boxes).

3. Datasets

Based on the previous sections, we understand that our research process involves performing statistical analysis
first and then fine-tuning the backbone network. However, the datasets and their processing methods for these two
stages are distinct. For the statistical analysis, we merged the emotion-labeled datasets EMOPIA and VGMIDI to
perform feature extraction and determine the correlation between emotions and features. This resulting dataset is
referred to as the analysis dataset.

For the fine-tuning phase, we initially converted EMOPIA and VGMIDI to ABC notation format to create two
datasets that are consistent with the data format used during the backbone pre-training stage. These datasets are
used to explore the music21 parsing rate of the generated musical scores after fine-tuning the backbone model with
them. Subsequently, we combined several well-structured music score datasets, and after feature extraction and the
addition of rough emotion labels, we created a dataset called Rough4Q. These datasets and their corresponding data
processing scripts have all been made available on HuggingFace. This section will provide a detailed description of
these datasets.

3.1. Analysis Dataset

The analysis dataset is derived from merging EMOPIA and VGMIDI, with VGMIDI transformed into the
Russell 4Q label system as detailed in Section 2.1. This dataset consists of 11 columns: the first three columns are
emotion label columns, specifically label (Russell 4Q emotions), valence (low = 0 or high = 1), and arousal (low = 0
or high = 1); the remaining eight columns represent features, which are key (one of 12 keys: C, C#, D, Eb, E, F, F#,
G, G#/Ab, A, Bb, B), mode (minor = 0 or major = 1), direction (descending = 0 or ascending = 1), avg pitch, pitch
range, pitch SD, tempo, and RMS.

For feature extraction, the key, mode, direction, avg pitch, pitch range, and pitch SD features were directly
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computed using the music21 toolkit at the symbolic level. However, for tempo, since it often defaults to 120 BPM
when extracted from MIDI files, which does not reflect the actual tempo, we used MuseScore 4.2.1 to render these
MIDI files into WAV format with a 44.1 kHz sample rate by its default piano soundfont (Acoustic Grand Piano).
Subsequently, we used the librosa [29] library to estimate the tempo and obtain more accurate and distinguishable
data. The librosa library also calculated the RMS of the rendered audios.

It is noted that the extraction of the latter two features (tempo and RMS) from rendered audio is less efficient
compared to the first six features. However, since the combined dataset comprises only 1278 pieces of music, the
rendering time for these features is acceptable for the analysis phase. Consequently, we have constructed the analysis
dataset, with its distribution according to the Russell 4Q classification shown in the first pie chart of Figure 4. For
the statistical correlation analysis, we computed the correlations between the second and third columns (valence and
arousal) and the remaining eight columns (features).
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Figure 4. Pie charts of proportions of different emotions in processed datasets.

3.2. Processed EMOPIA and VGMIDI

The processed EMOPIA and processed VGMIDI datasets will be used to evaluate the music21 parsing rate of
music scores generated by fine-tuning the backbone with existing emotion-labeled datasets. Therefore, it is essential
to ensure that the processed data is compatible with the input format required by the pre-trained backbone.

We found that the average number of measures in the dataset used for pre-training backbone is approximately
20, and the maximum number of measures supported by the pre-trained backbone input is 32. Consequently, we
converted the original EMOPIA and VGMIDI data into XML scores filtering out erroneous items and segmented
them into chunks of 20 measures each. Each chunk was appended with an ending marker to prevent the model from
generating endlessly in cases of repetitive melodies without seeing a terminating mark. For the ending segments of
the scores, if a segment exceeded 10 measures, it was further divided; otherwise, it was combined with the previous
segment. This approach ensures that the resulting score slices do not exceed 30 measures, thereby guaranteeing
that all slices are within the maximum measure limit supported by backbone, with an average of approximately
20 measures.
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It is noted that when converting MIDI to XML using current tools, repeat sections cannot be folded back. In
fact, after converting the dataset used for pre-training backbone into MIDI and expanding all repeat sections, the
average number of measures was approximately 35. However, due to the maximum measure limit supported during
pre-training, repeat markers were not expanded at that stage, and since repeat markers themselves occupy only two
characters, we could not use 35 measures as the slicing unit even for MIDI data.

Subsequently, we converted the segmented XML slices into ABC notation format, performed data augmentation
by transposing to 15 keys, and extracted the melodic lines and control codes to produce the final processed EMOPIA
and processed VGMIDI datasets. Both datasets have a consistent structure comprising three columns: the first
column is the control code, the second column is ABC chars, and the third column contains the 4Q emotion labels
inherited from the original dataset. The total number of samples is 21,480 for processed EMOPIA and 9315 for
processed VGMIDI, which were split into training and test sets at a 10:1 ratio. The pie charts showing the label
distribution are presented in Figure 4 under the second to third subplots. It is noted that, as indicated by the statistical
conclusions in Table 1, there is almost no correlation between emotion and key. Therefore, the data augmentation
by transposing to 15 keys is unlikely to significantly impact the label distribution.

3.3. Rough4Q Dataset

The Rough4Q dataset is a large-scale dataset created by automatically annotating a substantial amount of
well-structured sheet music based on conclusions from correlation statistics provided in Table 1. The data sources
for this dataset, detailed in Table 2, include both scores in XML series (XML / MXL / MusicXML) and ABC
notation format scores. It is noted that not all datasets within the data source include chord markings. Since this
paper focuses solely on melody generation, the absence of chord information is not a significant concern for the
current study. After filtering out erroneous or duplicated scores and consolidating these into a unified XML format,
we utilized music21 to rapidly extract features. Due to the high volume of data, we chose a few representative and
computationally manageable features for approximate emotional annotation.

Table 2. Comparison of source datasets for Rough4Q by size in ascending order.

Dataset Size Average
Bars

Main
Genre

With Chord
Mark Original Format Published

Year

Midi-Wav Bi-directional
Pop Music [30] 111 40 Pop no MusicXML 2021

JSBach Chorales [31] 366 17 Classic yes MXL 2010
Nottingham [32] 1,015 21 Folk yes ABC notation & MIDI 2011
Wikifonia [33] 6,394 41 Mixed yes MXL 2018

Essen Folk Song [34] 10,369 11 Folk no ABC notation 2013
IrishMAN [13] 216,281 20 Folk partial ABC notation & XML 2023

According to the correlation statistics in Table 1, valence is significantly positively correlated only with mode.
Therefore, mode was selected as the feature for determining the valence dimension, with minor mode classified as
low valence and major mode as high valence. For arousal, it is significantly positively correlated with pitch range,
pitch SD, and RMS. Given that RMS calculation requires audio rendering, which is impractical for large-scale
automatic annotation, it was excluded. Among the features pitch range and pitch SD, the correlation between
arousal and pitch SD is stronger. Moreover, pitch SD not only partially reflects pitch range but also indicates the
intensity of musical variation, providing a richer set of information. Therefore, we tentatively select pitch SD as the
benchmark for determining the arousal dimension, classifying scores below the median as low arousal and those
above the median as high arousal. This approach yields a rough Russell 4Q label based on the V/A quadrant.

This rough labeling with noise primarily serves to record the state of mode and pitch SD as emotion-related
embeddings, ensuring consistency with the format of the two datasets in Section 3.2. Following this, we applied
the same data processing methods as those described for the two datasets, preserving labels while segmenting the
scores. Notably, the IrishMAN in Table 2 was also the dataset used for backbone pre-training. But it discards scores
longer than 32 measures, leading to a significant loss of data. In contrast, our segmentation approach preserves
these longer scores.

We discovered that the data were highly imbalanced after processing, with the quantities of Q3 and Q4
labels differing by an order of magnitude from the other categories. To address this imbalance, we performed data
augmentation by transposing Q3 and Q4 categories across 15 different keys only. As a result of these processes, we
ultimately obtained the Rough4Q dataset, which now comprises approximately 521K samples in total and is split
into training and test sets at a 10:1 ratio. The distribution of different categories within the dataset is illustrated in
the last pie chart of Figure 4.
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4. Experiments

Strictly speaking, the statistical correlation tests presented in Section 2.2 should be included in the current
section. However, since their conclusions impact the design of the subsequent sections up to the current one, they
have been retained in their original location. Instead, the details of the comparison experiments on calculating
music21 parsing rates across different datasets for backbone fine-tuning, as well as the ablation experiments
controlling for various emotion-related features, will be presented in this section.

4.1. Music21 Parsing Rate

music21 parsing rates refer to the proportion of musical scores that can be successfully parsed by music21
without errors. This metric helps identify and filter out erroneous scores, which may cause rendering failures and
compromise the generation quality. We fine-tuned the backbone using the processed EMOPIA, processed VGMIDI,
and Rough4Q datasets introduced in Section 3. Since these datasets share the same structure, comprising three
columns: control code, ABC chars, and 4Q label, we parsed the 4Q label into string forms and merged them with
the control code column. Given that the attention mechanism of the Transformer decoder is rightward [35], we
embedded the 4Q label to the left of the control code. To facilitate the model’s understanding of the additional
emotion labels, we used the same format for embedding the emotion labels as that in the ABC notation header,
where the flag “A:” was previously unused in the current dataset and originally denoted area but is now repurposed
to signify affection. For instance, embedding the Q1 label to the left of the control code results in “A:Q1\n”.

We fine-tuned the backbone on these three datasets using a single H800 GPU in a Linux environment, with
a batch size of 1 and an early stopping training strategy. Training was halted once the evaluation loss during
fine-tuning dropped below the minimum evaluation loss observed for the pre-trained model, and the model weights
demonstrating the best performance were saved. This approach helps mitigate overfitting and prevents the model
from generating melodies that are too similar to those in the training set. All trained weights are publicly available
on HuggingFace. We used the three fine-tuned models obtained as described above for inference, generating 100
pieces of ABC notation from each model. The music21 parsing rates of these scores were then calculated, whose
statistical results are presented in Table 3.

Table 3. The comparison of sample sizes for the experiments and music21 parsing rates among outputs from
backbones fine-tuned by processed EMOPIA, processed VGMIDI, and Rough4Q.

Dataset Processed EMOPIA Processed VGMIDI Rough4Q

sample size
total size

= sampling rate (%)

Q1 28.852 40.930 0.742

Q2 25.000 80.734 1.886

Q3 25.071 100.000 1.435

Q4 20.725 42.105 0.729
Total 24.581 56.683 1.014

music21 parsing rate (%) 28 75 99

The quality of a piece of music is a relatively subjective metric that requires extensive subjective testing to
minimize bias and obtain reliable results. While it cannot be fully defined by error-free state of a score, having an
error-free score is only one of the necessary conditions for high quality. Although it does not completely represent
quality, it is a more objective measure and a prerequisite for high quality. Therefore, this experiment reflects the
quality of the generated results to a certain extent.

4.2. Ablation Study

Based on the previous experimental results, models fine-tuned by processed EMOPIA and processed VGMIDI
were found to have unsatisfactory music21 parsing rates for emotion-conditioned melody generation. Therefore,
in subsequent experiments, we used a backbone fine-tuned with Rough4Q for further research. Based on the
statistical analysis presented in Table 1, we selected the following five emotion control features to design the
emotion-conditioned generation template: mode, tempo, pitch SD, volume, and octave. Here, volume is guided
by the RMS statistic, and octave is guided by the avg pitch. The specific control template is as follows: mode,
tempo, and pitch SD are managed through embedding, with additional corrections applied at the output stage to
enforce adherence to mode and tempo. If the generated result does not meet the expected mode and tempo, its
mode and tempo values will be forcibly replaced by the desired parameters. Based on the statistical analysis in
Table 1, valence is positively correlated with mode. Furthermore, major is predominantly distributed in the high
valence quadrant, while minor is predominantly distributed in the low valence quadrant. Therefore, for generating
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high valence music, the mode is set to major, and for low valence music, it is set to minor. Arousal is weakly
positively correlated with tempo, so for high arousal music, a tempo value above the median is selected; additionally,
according to Figure 2, the tempo distribution peak for Q2 music is higher than for Q1, so a higher tempo is set for
Q2 compared to Q1. Arousal is positively correlated with pitch SD, thus for high arousal music, a higher pitch SD is
selected. Although avg pitch has not been incorporated into embedding, it guides the octave control feature, which
is replaced by octave transposition operations (e.g., to create a low avg pitch effect, an octave drop is used). Finally,
RMS, which guides volume, is positively correlated with arousal; therefore, for high arousal music, the volume is
increased to enhance RMS.

Based on the above analysis and guidance from music psychology conclusions [19–22] on feature control
template design, we created an emotion control template as follows:

• Q1: major mode, high pitch SD, tempo between 160-184 BPM (corresponding to Allegro – Vivace), no change
in octave, volume increased by 5 dB;

• Q2: minor mode, high pitch SD, tempo between 184-228 BPM (corresponding to Presto – Prestissimo), octave
lowered by 2 octaves, volume increased by 10 dB;

• Q3: minor mode, low pitch SD, tempo between 40-69 BPM (corresponding to Largo – Adagio), octave lowered
by 1 octave, volume unchanged;

• Q4: major mode, low pitch SD, tempo between 40-69 BPM, no change in octave and volume.

Using this template, we generated 25 pieces of music for each emotion category, totaling 100 pieces. Under
blind conditions, we arranged for three groups of listeners to listen to the pieces and label them according to their
perceived 4Q emotion in four-alternative forced-choice (4AFC) tasks, each group consisted of 10 music enthusiasts
with a limited background in music and had to select one of the four quadrants. To minimize subjective bias [36],
we employed a best-of-three format: if at least two of the three groups identified a piece as a specific emotion, that
emotion was considered the true emotion. If all three groups provided three different responses, we randomized and
replaced members to retake the test until all discrepancies were resolved, following above steps, we finally used
up 40 listeners. After obtaining the listeners’ labels, we compared them with the emotion condition in prompts to
test the effectiveness of the emotion control template. The emotion generation accuracy of the current template
was found to be 91%. Additionally, we conducted ablation experiments on the five control conditions within the
template in the same way, with all results in Table 4 and confusion matrices in Figure 5.
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Figure 5. Confusion matrices between human blind listening emotions of generated music and emotion prompts
under full control and ablation options, in which vertical axes represent the emotion prompts, while the horizontal
axes represent the emotions labeled by the participants.
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Table 4. Performances of the generation model by comparing human blind listening emotions of generated music
and emotion prompts with ablation comparsion in accuracy ascending order.

Ablation Accuracy F1-Score Precision Recall

Tempo 0.660 0.649 0.648 0.66
Pitch SD 0.670 0.648 0.656 0.670

Mode 0.710 0.708 0.713 0.710
Octave 0.720 0.712 0.740 0.720
Volume 0.860 0.859 0.871 0.860

- 0.910 0.909 0.916 0.910

5. Conclusions

From all the previous experimental results, it is evident that although the EMOPIA and VGMIDI datasets
contain emotion labels, converting them to ABC notation format for fine-tuning our backbone does not guarantee
error-free melody generation. Therefore, a more reliable approach is to first ensure that the generated scores are
error-free before applying emotion-conditioned control. In this approach, the statistical correlations between emotion
and features obtained from EMOPIA and VGMIDI datasets provide useful guidance for emotion-conditioned control.
For instance, the statistical conclusions for features such as key, mode, tempo, pitch range, pitch SD, and RMS are
generally consistent with music psychology findings [19–22]. However, for features like direction and avg pitch,
the statistical conclusions based on the current data range do not fully align with music psychology. For instance,
angry music is characterized by high pitch and ascending pitch, which should correspond to the Q2 quadrant with
higher arousal, but the statistical results show a weak negative correlation between arousal and direction or avg
pitch. This discrepancy might be due to the complexity of emotional judgments, as direction and avg pitch do not
form simple, contiguous regions in the emotional space. For instance, tense music in the Q2 quadrant can also
feature low avg pitch [21]. Consequently, direction and avg pitch were not included in the embedding for this study;
instead, octave, which is guided by avg pitch and easily controlled at the output stage, was used as a proxy for avg
pitch. The remaining four control features, which are tempo, pitch SD, mode, and volume, were selected based on
their alignment with music psychology conclusions derived from the previous six features. Since key was validated
to have no relation to emotion, RMS was substituted with volume control, and pitch range was not used in the final
selection after considering it against pitch SD.

Based on the five controlled features including tempo, pitch SD, mode, octave, and volume, a set of emotion-
conditioned control templates was designed. The effectiveness of this template was validated through a blind
listening test, demonstrating that an end-to-end approach with emotion embedding is not quite necessary for
generating emotion-conditioned music. Instead, using feature engineering combined with statistical correlations
and music psychology conclusions can achieve an emotion generation accuracy of 91%. This study explores the
feasibility of using the ABC notation system for emotion-conditioned melody generation decoupling the backbone
and features from labels. Furthermore, ablation experiments indicate that the five selected control features all
contribute to the accuracy of emotion-conditioned control and are crucial for the process.

6. Limitations

However, our current work still faces several limitations. For instance, conclusions derived from statistical
correlations only provide a rough guide for designing emotional templates and do not fully reflect the true distribution
of features within the emotional space. Additionally, due to the relatively small amount of data and the concentration
on pop and game music styles, our analysis results are susceptible to Simpson’s Paradox [37], this heavily weighted
bias towards folka music in Rough4Q would also affect the model’s ability to generate melodies of other styles.
Furthermore, melody generation based on emotional control templates often results in music that is concentrated on
a few specified emotions, rather than representing the complete emotional quadrant. For instance, when aiming to
generate music for the Q2 quadrant, specifying templates may lead to a concentration on tense music, whereas anger
and some other emotions also fall within Q2. Although this approach allows for high precision in 4Q representation,
it may lead to a lack of emotional diversity in the generated music.

To address these issues, we have released an application demonstration on HuggingFace based on the inference
code of our generation system. This demonstration enables users to design and specify emotional templates,
utilizing large-scale data to progressively refine feature distributions for greater accuracy. Additionally, the music21
parsing rate is merely a necessary condition for quality but does not fully reflect the true quality of the generated
melodies. Future work could incorporate reinforcement learning feedback in the demonstration to adjust the system’s
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generation quality based on user-generated evaluations. Furthermore, while this study focuses on melody, chords are
a crucial factor influencing musical emotion. Therefore, our demonstration also includes an option to add chords,
and their impact will be considered in future research.
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