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Abstract

Existing state-of-the-art symbolic music gen-
eration models represent symbolic music as
a sequence of attribute tokens with fixed uni-
directional dependencies. However, from the
perspective of music theory, the attributes of a
musical note are inherently a set rather than a
sequence. Building on this insight, we propose
Amadeus, a novel symbolic music generation
framework that adopts a two-level architecture:
an autoregressive model for note sequences and
a bidirectional discrete diffusion model for note
attributes. This design enables flexible attribute
control and adjustable decoding speed during
inference. To further enhance sequential model-
ing, we introduce the Conditional Information
Enhancement Module (CIEM). We also con-
structed AMD (Amadeus MIDI Dataset)—the
largest open-source symbolic music dataset to
date—supporting both pre-training and fine-
tuning. We trained two models of different
scales, Amadeus and Amadeus-M, and con-
ducted extensive experiments, demonstrating
substantial improvements over state-of-the-art
methods across both objective and subjective
metrics.

1 Introduction

Algorithmic composition has long been a core chal-
lenge in music theory, intersecting technical hur-
dles with music aesthetics(Xenakis, 1992), cre-
ativity research(Hiller and Isaacson, 1957), and
human-computer interaction(Cope, 2000). In re-
cent years, deep learning-based music generation
methods (Dhariwal et al., 2020; Agostinelli et al.,
2023; Huang et al., 2018; Huang and Yang, 2020;
Hsiao et al., 2021) have driven rapid advance-
ments in this field. From a modelling perspective,
existing approaches primarily fall into two cate-
gories: audio-based generation (Dhariwal et al.,
2020; Agostinelli et al., 2023) and symbolic music-
based generation (Huang et al., 2018; Huang and
Yang, 2020; Dong et al., 2023; Qu et al., 2024).
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Fig. 1: Overview of the Amadeus framework. The
framework consists of two main components: a note
generator that auto regressively generates note-level la-
tent variables, and a bidirectional discrete diffusion note
decoder that decodes these latent variables into multi-
dimensional attributes iteratively.

Compared to audio-based methods, symbolic mu-
sic represents music as sequences of performance
signals (e.g., MIDI), offers significant advantages
in lossless editing capability and compact represen-
tation.

Symbolic music can be characterized as a time
series of notes, each composed of multiple at-
tributes (e.g., pitch, instrument). Consequently,
auto-regressive modelling is widely used for sym-
bolic music generation (Roy et al., 2025; Lu et al.,
2023; Huang et al., 2018; Huang and Yang, 2020)
and has achieved notable success. However, (Roy
et al., 2025) directly applying auto-regressive mod-
elling to generate attribute sequences step-by-step
(treating intra-note attributes as independent to-
kens) results in excessively long sequences (max
sequence length = number of notes × number of
attributes), making it difficult to model long-term
musical structures. Some studies (Jiwoo Ryu and
Jeong, 2024) decouple the generation process into
two steps: first auto regressively generating note-
level latent variables, then decoding them into
multi-dimensional attributes. While this approach
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effectively reduces note sequence length, it compro-
mises the quality of the generated symbolic music.

In existing approaches, including both autore-
gressive and hierarchical autoregressive models,
intra-note attributes are typically assumed to follow
a unidirectional dependency structure. A represen-
tative generation process first predicts pitch, fol-
lowed by instrument, duration, and other attributes
in a predefined order. However, according to es-
tablished music theory (Bharucha and Krumhansl,
1983), fundamental note attributes such as pitch, in-
strument, and duration do not exhibit strictly unidi-
rectional dependencies; instead, they are governed
by complex bidirectional and interdependent rela-
tionships. In Appendix A, we provide a detailed
analysis of the interactions among these attributes,
and the results further support this observation.

Consequently, the theoretical foundation of
autoregressively modelling intra-note attributes
is questionable. Existing studies (e.g., CP-
Word (Hsiao et al., 2021), which uses the note
type to guide generation, and NMT (Jiwoo Ryu
and Jeong, 2024), which initializes generation from
metric or pitch attributes) report comparable gener-
ation quality, also suggesting that imposing a strict
and fixed dependency order among attributes may
be unnecessary. Moreover, enforcing a sequential,
attribute-by-attribute generation scheme not only
introduces efficiency bottlenecks but also limits
the expressiveness and controllability of symbolic
music generation.

We propose Amadeus, a novel model for sym-
bolic music generation that explicitly captures the
complex interdependencies among note attributes.
Amadeus adopts a two-level architecture: an au-
toregressive model for the note sequence and a bidi-
rectional discrete diffusion model at the attribute
level. By removing the ordering assumptions in-
herent in autoregressive modeling, this approach
endows Amadeus with substantial flexibility dur-
ing inference compared to both standard and hier-
archical autoregressive models, enabling arbitrary
attribute control and free adjustment of decoding
speed. To improve the sequential modeling capa-
bility,we propose the Conditional Information En-
hancement Module (CIEM), which amplifies dis-
criminative features in auto regressively generated
note latent vectors through attention mechanisms
and incorporates global contextual information.

To validate the effectiveness of the proposed
model under both pre-training and fine-tuning
paradigms, we compiled, curated, and open-

sourced the largest symbolic music dataset to
date, termed AMD (Amadeus MIDI Dataset).
The dataset consists of a 1.9-million-sample
pre-training corpus and a 320,000-sample high-
quality fine-tuning set with rich textual annota-
tions. We trained Amadeus with model scales of
200M(Amadeus) and 500M(Amadeus-M) parame-
ters.

We conducted extensive experiments using both
objective and subjective evaluation metrics. The
results demonstrate that Amadeus significantly out-
performs existing methods in terms of musical qual-
ity, condition consistency, attribute controllability,
and inference efficiency. Furthermore, we show
that Amadeus enables fine-grained control over
note-level attributes and allows for flexible trade-
offs between decoding speed and generation quality
during inference.

Our core contributions are summarized as fol-
lows:

• We propose the Amadeus architec-
ture—performing autoregressive modelling
at the note level and bidirectional modelling
at the attribute level via discrete diffu-
sion—enhanced by the CIEM to enhance
sequential modeling capabilities.

• We introduce Amadeus and Amadeus-M, and
demonstrate that Amadeus outperforms ex-
isting methods in terms of musical quality,
condition adherence, attribute controllability,
and inference speed, as validated by both sub-
jective and objective evaluation metrics.In ad-
dition, we demonstrate model’s ability to per-
form attribute control and speed-quality trade-
offs during inference.

• We compile and open-source the largest public
symbolic music dataset, AMD, comprising
1.9 million pre-training samples and 320,000
annotated fine-tuning samples.

2 Related Work

2.1 Computer-Aided Composition
The earliest attempt at computer-aided music com-
position was the Illiac Suite (later known as String
Quartet No. 4), created using the ILLIAC I com-
puter (Hiller and Isaacson, 1957). Its fourth move-
ment employed probabilistic models and Markov
chains to generate rhythm and melody. Subsequent
research (Cope, 2000) explored rule-based and
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Fig. 2: Details of the training and inference processes of Amadeus.

probabilistic systems, with methods like transition
matrices built on existing melodies (Collins et al.,
2011). These approaches introduced mathemati-
cal formalism into music composition but suffered
from poor musical quality due to limited expressive
modelling capacity.

Later efforts turned to machine learning and neu-
ral networks (Nakamura et al., 2015; Mogren, 2016;
Raffel, 2016), which improved fluency but still
lacked convincing musicality. With deep learning,
Transformer-based models (Huang et al., 2018) sig-
nificantly enhanced generation performance, yet
struggled with modelling long symbolic sequences.
(Huang and Yang, 2020)introduced REMI tokeniza-
tion and used Transformer-XL(Dai et al., 2019) to
extended context but introduced training complex-
ity and unstable results.

Attribute-merging methods (Hsiao et al., 2021)
reduced sequence length by combining note fea-
tures, but led to degraded expressiveness. Improve-
ments such as attribute-level teacher-forcing (Ji-
woo Ryu and Jeong, 2024) enhanced model ca-
pacity but imposed strict sequential assumptions
among unordered attributes, limiting generation
diversity, speed, and controllability.

2.2 Autoregressive Model Improvements

GPT-style autoregressive models are constrained
by slow generation, weak long-range dependency
modelling, and lack of bidirectionality. One line
of work proposed partially autoregressive genera-

tion: (Yu et al., 2023) replaced tokenization with let-
ter patches and used a two-stage autoregressive pro-
cess to model mega-length sequences. Despite flex-
ibility, generation remained dependent on sequen-
tial decoding. Patch-based improvements (Pagnoni
et al., 2024) slightly boosted performance but re-
tained these limitations.

Another line of work moved beyond autoregres-
sion. Discrete diffusion models (Austin et al., 2021)
enabled parallel generation by discretizing contin-
uous diffusion processes. Follow-up studies (Nie
et al., 2025a,b) demonstrated scalability, but train-
ing remained slow and inference unstable.

Many symbolic music models (Wang et al.,
2025; Plasser et al., 2023; Guo and Dixon, 2025;
Wu et al., 2024) adopt these methods, yet ignore
key domain properties. For instance, (Jiwoo Ryu
and Jeong, 2024) treat note attributes as ordered;
others (Plasser et al., 2023) neglect the temporal
structure of note sequences. Such mismatches limit
generation quality, control, and efficiency.

3 Methodology

3.1 Preliminary
In symbolic music generation tasks, a musical
work M is represented as a time series M =
{N0,N1,N2, . . . ,NM}, where M +1 denotes the
number of notes, N0 is an all-zero vector, serving
as the initial note for all musical work M. Each
note NM ∈ RK is defined by a K-dimensional fea-
ture vector, with each dimension corresponding to a
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core musical attribute (detailed attribute definitions
are available in the supplementary material). The
joint state of these attributes uniquely determines
each note in the musical sequence.

Note Embedding The note Nm has each at-
tribute N k

m treated as a token. The note embed-
ding module maps every attribute N k

m to a d-
dimensional embedding vector ekm ∈ Rd. The
composite note embedding nm ∈ Rd is then com-
puted by aggregating all attribute embedding vec-
tors ekm with a positional embedding vector through
summation:

nm =

K−1∑

k=0

ekm + pm (1)

where pm ∈ Rd is a learnable absolute positional
embedding vector corresponding to the m-th note.

Note Generator Composite note embedding se-
quence {n0,n1, . . . ,nm} is fed into the note gen-
erator G, which operates as a Transformer-based
decoder. Conditioned on the input sequence c, it
generates the latent vector zm+1 ∈ Rd for the next
note in an autoregressive manner, where d is the
hidden dimension of the Transformer backbone:

zm+1 = G(c,n0,n1, . . . ,nm) (2)

Note Decoder The note decoder in symbolic
music generation methods predominantly relies
on sequential autoregressive decoding of note at-
tributes (Jiwoo Ryu and Jeong, 2024). This de-
coding paradigm not only violates their essential
nature but also introduces significant efficiency bot-
tlenecks by enforcing strictly sequential generation
of all attributes. To address these challenges, we
propose a Discrete Diffusion Model (Nie et al.,
2025b)(DDM) based note decoding framework op-
erating at the attribute granularity.

Discrete Diffusion Model (DDM) We employ
Masked Diffusion Model (MDM)—a discrete dif-
fusion model to model bidirectional dependencies
between note attributes. In MDM, each note nm+1

is treated as the starting state x0. During the for-
ward process, the noise level at each time step t
is controlled by the hyper-parameter αt = 1 − t .
With probability pmask, each token is independently
replaced by the mask symbol [M ]. The forward
process is defined as:

qt|0(xt|x0) =

K−1∏

k=0

qt|0(x
k
t |xk0),

qt|0(x
k
t |xk0) =

{
αt, xkt = xk0
1− αt, xkt = [M]

(3)

The reverse process is initiated from a fully
masked sequence xT and progressively recovers
the masked tokens:

qs|t(xs|xt) =

K−1∏

k=0

qs|t(x
k
s |xt),

qs|t(xk
s |xt) =





1, xkt ̸= [M], xks = xkt
s
t , xkt = [M], xks = [M]
t−s
t q0|t(xk

s |xt), xkt = [M], xks ̸= [M]

0, otherwise
(4)

3.2 DDM Based Note Decoder
Conditional Information Enhancement Module
(CIEM) The CIEM is designed to refine the repre-
sentations produced by the note generator, thereby
enhancing the model’s sequential modeling capabil-
ity. This module reconstructs the output latent vec-
tor zm+1 from the note generator through a trans-
former decoder with multi-head attention, generat-
ing an enhanced representation ẑm+1 ∈ Rd infused
with global structural information. Compared to
direct use of the original latent vector zm+1, the en-
hanced representation ẑm+1 enhances discrimina-
tive features in zm+1 through Self-Attention (SA)
mechanism and incorporates global musical con-
text from z1 into the current prediction through
Cross-Attention (CA) mechanism. The computa-
tional process is formally defined as:

ẑm+1 = CA
(

SA(zm+1), z1, z1

)
(5)

where SA(·) denotes the self-attention mechanism
and CA(·) represents the cross-attention mecha-
nism. Here, z1 refers to the hidden state of the
special [start-of-note] token, which functions
as a compact conditioning signal summarizing the
global prefix context (similar to a learned global
token). Alternative global pooling strategies (e.g.,
mean pooling) are possible extensions.

The optimized representation ẑm+1 is used as a
conditioning signal and injected into the discrete
diffusion model via cross-attention, guiding the
progressive recovery of all masked attributes.

3.3 Loss Function
To simultaneously model the temporal relationships
among notes and the complex dependencies among

40913



note attributes. We adopts a masked weighted
cross-entropy loss function LCE as the optimiza-
tion objective, defined as follows:

LCE = −∑K
k=1

1
pkmask

·mk ·
∑Vk

v=1 I[N k
m+1 = v] log p(v | N k

m+1)

(6)
where pkmask denotes the probability of applying a
mask to the k-th attribute during the forward dif-
fusion process. This probability acts as a weight-
ing factor to balance the frequency differences in
masking across attributes. mk ∈ {0, 1} is a binary
mask indicator—when mk = 1, it indicates that
the corresponding position is non-padded and the
attribute is masked. Vk represents the vocabulary
size of the k-th attribute. The indicator function
I[·] outputs 1 if the ground-truth value of the k-th
attribute at the m+ 1-th note equals v, otherwise
0. The probability term p(v | n(k)

m+1) signifies the
model’s predicted probability. Through the syner-
gistic mechanism of inverse probability weighting
(1/pkmask) and mask filtering (mk), this loss func-
tion focuses exclusively on optimizing prediction
errors at effective masked attribute positions.

This loss can be viewed as a standard autoregres-
sive cross-entropy loss computed only over valid
masked positions; when all attributes are masked,
it is equivalent to the conventional autoregressive
cross-entropy loss.

3.4 Training

Fig. 2 illustrates the training processes of Amadeus.
The objective of training is to enable the model to
learn both the temporal relationships among mu-
sical notes and the complex dependencies among
attributes within each note. During training, similar
to autoregressive models, Amadeus has access to
all preceding notes. However, unlike autoregres-
sive approaches that generate note attributes se-
quentially, Amadeus randomly masks all attributes
of the current note and predicts the attributes at the
masked positions.

3.5 Inference

Amadeus can accept different masking distribu-
tions as input during inference, providing substan-
tial flexibility in the generation process. First, as
Fig. 2 illustrates, it enables a wide range of tasks
to be performed without additional training. For
example, in the standard generation setting, the in-
put can be a sequence of fully masked notes; when
control over specific attributes is required, the cor-
responding attributes can be specified as known

values while the remaining attributes are masked,
thereby enabling controlled generation with respect
to the desired attributes. In addition, the model al-
lows the number of decoding steps at inference
time to be adjusted, facilitating a trade-off between
generation quality and inference speed. Detailed
descriptions are provided in the appendix.

For existing approaches that model a musical
note as a sequence of attributes, including both au-
toregressive and hierarchical autoregressive mod-
els, inference is inherently constrained by a prede-
fined attribute ordering. As a result, these meth-
ods are unable to perform parallel decoding over
attributes during inference. This limitation funda-
mentally prevents flexible attribute-level control
and precludes principled trade-offs between decod-
ing speed and generation quality.

4 Experiment

We collected and utilized the AMD dataset for
both pre-training and fine-tuning the model. We
conducted a comprehensive and objective evalu-
ation on the text-controlled symbolic music gen-
eration task. Training details are provided in the
appendix. To ensure a fair comparison and isolate
architectural effects, we compared Amadeus with
three representative models, i.e., Text2Midi (Bhan-
dari et al., 2025), MuseCoco (Lu et al., 2023),
and T2M-InferAlign (Roy et al., 2025), under con-
trolled settings with comparable parameter budgets
(Amadeus: 170M; Text2Midi and T2M-InferAlign:
160M; MuseCoco: 200M). We further demonstrate
that our model is capable of performing attribute
control at inference time. To assess human sub-
jective perception in real-world scenarios, we con-
ducted a human study that comprehensively eval-
uates the generated results across multiple dimen-
sions. We conducted detailed ablation studies. To
explore the performance ceiling of our model, we
trained an expanded model Amadeus-M with 500M
parameters on AMD dataset.

4.1 AMD Dataset

Pre-training Dataset: By integrating
GigaMIDI (Lee et al., 2025), AriaMIDI (Bradshaw
and Colton, 2025), SymphonyNet (Liu et al., 2022),
MidiCaps(excluding its test set), XMIDI (Tian
et al., 2025), and 80,000 self-crawled high-quality
symbolic music segments, we constructed a
pre-training corpus after data cleaning. This
corpus comprises 1.9 million music files and
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Tab. 1: Text-conditioned music generation results. Amadeus (170M) and all baseline models are evaluated under
comparable parameter budgets. We evaluated the text-condition fidelity, fine-grained note attribute accuracy, and
generation speed of the generated music.

Speed(notes/s) CLAP↑ TBT↑ CK↑ CTS↑ CI↑ CMtop3↑
Text2Midi 4.02 0.19 31.76 22.22 84.15 19.92 60.57
MuseCoco 1.67 0.19 34.21 14.66 94.24 22.42 38.18
T2M-inferalign 4.02 0.20 39.32 29.80 84.32 20.13 47.74
Amadeus 16.23 0.20 73.93 39.31 96.98 26.01 65.52
Amadeus-M 10.51 0.21 76.31 43.07 97.02 27.11 66.39
Amadeus(fix time-sig) 16.81 0.20 73.65 39.41 100.0 25.83 65.23
p(t) 0.0003 0.0001 0.0002 0.0001 0.0003 0.0002 0.0004

approximately 4 billion music events (equivalent
to 32 billion attribute tokens). To our knowledge,
this pre-training dataset is currently the largest
open-source symbolic music pre-training corpus.

Supervised Fine-tuning Dataset: We integrated
MidiCaps, XMIDI and 80,000 self-crawled high-
quality symbolic music segments as raw materi-
als. After data cleaning and annotation augmen-
tation, we ultimately constructed a high-quality
supervised fine-tuning dataset containing 320,000
samples. All samples include structured textual
descriptions. More detailed information on the
dataset is available in the appendix.

4.2 Text-Conditioned Symbolic Music
Generation

The evaluation system comprises: i) CLAP
Score (Wu* et al., 2023; Evans et al., 2024), mea-
suring the similarity between the prompt text and
generated audio; and ii) a fine-grained music char-
acteristics metric set, which comprehensively vali-
dates the alignment of generated symbolic music
with text-specified requirements across five dimen-
sions: Tempo Bin with Tolerance(TBT), Correct
Key (CK) (Melechovsky et al., 2024), Correct Time
Signature (CTS), Coverage of Instruments (CI),
and Coverage of top3 moods (CMtop3). We use
the average number of notes generated per second
(notes/s) to evaluates generation speed. Detailed
definitions of all metrics are provided in the sup-
plementary material.

The results(shown in Tab. 1). demonstrate that
our method achieves breakthroughs across three
critical dimensions—generation quality, control
precision, and inference speed—outperforming
baseline models in both text-condition fidelity
(CLAP Score) and fine-grained metrics, while ac-
celerating inference to 16.23 notes/s (tested on an
RTX3090 24G GPU): a 4× speed-up over existing

approaches. This comprehensive superiority val-
idates the technical excellence of our method for
efficient and controllable symbolic music genera-
tion.

Regarding control capability, our model exhibits
precise modelling across multiple musical metrics:
improvements in TBT and CK reach 88.02% and
31.91%, respectively, proving its robust rhythmic
modelling capabilities. A 2.90% improvement in
CTS confirms that the attribute-level bidirectional
modelling mechanism effectively captures intrin-
sic harmonic functional relationships. A 16.01%
enhancement in CI reflects the model’s refined se-
mantic modelling ability, while an 8.17% increase
in CMtop3 highlights its exceptional emotion mod-
elling performance. These quantitative results col-
lectively demonstrate that our method achieves
precise modelling and decoding of note attributes
through the DDM-Based Note Decoder.

Fig. 3 presents qualitative analysis results for the
text-conditioned symbolic music generation task.
The text prompt states: "This lengthy electronic
piece, infused with a touch of easy listening, is a
melodic and relaxing journey. The acoustic guitar
takes the lead, accompanied by a string ensemble,
piano, shana, and synth strings. Set in A minor and
maintaining a 4/4 time signature, it moves at an
Allegro tempo of 120 beats per minute. Through-
out the composition, the chords E and A alternate
frequently, creating a meditative atmosphere with
a hint of Christmas spirit and a motivational under-
tone." The figure displays piano roll visualizations
of MIDI files generated by T2M-inferalign (upper
panel) and our method (lower panel), respectively.
The horizontal axis represents time, each coloured
block denotes a note whose length corresponds to
its duration and vertical position to its pitch (de-
tailed track-wise visualization is provided in the
appendix). Based on a traditional autoregressive
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a b ca b

Fig. 3: Comparison of piano roll visualizations of MIDI files generated by T2M-inferalign (upper panel) and our
method (lower panel).

architecture for note decoding, T2M-inferalign is
constrained by limited long-sequence modelling
capability—resulting in fewer generated notes, low
note density per time-step, and impoverished vari-
ations in pitch-duration combinations. This indi-
cates its inadequacy in generating complex har-
monies. Notably, the scattered tomato-coloured
short notes in Fig. 3 (a)’s red dashed box further re-
veal the model’s difficulty in producing sustained,
musically coherent note sequences. In contrast,
the music generated by our method exhibits signif-
icantly higher textural complexity and harmonic
sophistication. Within the red dashed box in Fig. 3
(b), the main development demonstrates a rhythmic
evolution: transitioning from dense long notes to
regular green short notes before returning to long
notes. This pattern highlights our model’s ability to
generate intricate rhythmic structures, thereby en-
riching the auditory experience. The blue melodic
line within the red dashed box in Fig. 3 (c) precisely
aligns with the prompt’s requirement for "melodic".
This not only validates our model’s exceptional
adherence to textual instructions but also under-
scores its advanced generative quality in melody
modelling.

4.3 Attribute Control at Inference Time

Tab. 1 also reports the results of a controlled genera-
tion experiment in which the time signature is fixed
to the value specified in the text prompt, while all
other attributes are generated by the model. Under
this predefined control setting, the model achieves
a perfect score of 100% on the CTS metric, fur-

ther validating its ability to perform fine-grained,
training-free control over note-level attributes at in-
ference time. Meanwhile, the model maintains per-
formance on other evaluation metrics comparable
to those obtained under the uncontrolled generation
setting, demonstrating that attribute control can be
achieved without sacrificing generation quality or
text–condition consistency.

4.4 Human Listening Study

We recruited 20 participants from diverse back-
grounds to conduct the listening test. For each
participant, five text prompts were randomly se-
lected along with the corresponding text–MIDI
pairs generated by different models (Amadeus,
T2M-InferAlign, MuseCoco, and Text2Midi). All
MIDI files were rendered into audio using iden-
tical synthesis settings. To clearly differentiate
between core musical attributes and instruction-
following capability, we categorize the evaluation
into two groups. Musicality Metrics include (1)
musical quality (MQ), evaluating the naturalness
and musical coherence of melody, rhythm, and har-
mony. Controllability Metrics assess semantic
alignment, including (2) overall match (OM) for
global semantic consistency, (3) genre match (GM)
checking if the style corresponds to the prompt,
and (4) mood match (MM) judging emotional ex-
pression adherence.

As shown in Table 2, Amadeus consistently
outperforms the strong baseline T2M-InferAlign,
as well as MuseCoco and Text2Midi, across all
evaluation dimensions. In terms of musicality,
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Tab. 2: Results of the human listening study with 20 participants. Each sample was rated on a 5-point Likert scale.
p(t) denotes the p-value from paired t-tests comparing Amadeus with the strongest baseline (T2M-InferAlign).

Amadeus T2M-InferAlign MuseCoco Text2Midi p(t)

MQ↑ 3.82 3.47 3.32 3.45 0.0023
OM↑ 3.68 3.12 3.03 3.05 0.0001
GM↑ 3.80 3.32 3.17 3.25 0.0002
MM↑ 3.73 2.96 2.78 2.83 0.0001

Tab. 3: Ablation study of CIEM and denoising steps on text-conditioned symbolic music generation.

CIEM Steps Speed(notes/s) CLAP↑ TBT↑ CK↑ CTS↑ CI↑ CMtop3↑
× 8 16.24 0.17 70.01 38.76 94.33 23.79 62.35√

1 32.12 0.19 59.84 28.19 89.30 20.08 37.93√
4 20.11 0.20 66.46 39.00 97.38 25.80 67.40√
8 16.23 0.20 73.93 39.31 96.98 26.01 65.52

p(t) 0.0001 0.0002 0.0001 0.0003 0.0002 0.0001 0.0003

Amadeus achieves higher MQ scores (3.82 vs. 3.47
for T2M-InferAlign, p = 0.0023), indicating more
coherent and musically plausible generations com-
pared to all baselines. Furthermore, the improve-
ments are substantial in controllability metrics,
including overall semantic consistency (3.68 vs.
3.12, p = 0.0001), genre matching (3.80 vs. 3.32,
p = 0.0002), and mood matching (3.73 vs. 2.96,
p = 0.0001). The statistically significant p-values
across all metrics indicate that the observed im-
provements are robust rather than arising from ran-
dom variation. We also evaluated inter-rater relia-
bility among the 20 participants and observed a sub-
stantial level of agreement (e.g., Fleiss’ κ = 0.68),
further validating the reliability of human evalua-
tions.

4.5 Ablation Study

To deeply investigate the impact of CIEM on gen-
eration quality, we designed systematic ablation
experiments. As shown in the Tab. 4: i) CIEM sig-
nificantly improves the quality of generated sym-
bolic music. This is because CIEM introduces
global information into the DDM based note de-
coder, which greatly ensures the continuity of
the generated symbolic music sequence. With-
out CIEM, the overall quality of the generated
audio remains poor. This proves that the CIEM
module is indispensable. ii) As the number of de-
noising steps decreases, the generation speed sig-
nificantly increases (up to 32.12 notes/s), but the
model performance generally exhibits a declining
trend. The iterative parallel decoding process en-
ables the model to fully integrate currently decoded
information and gradually optimize generation re-

sults—increasing steps enhances quality at the cost
of speed; iii) Higher steps do not always corre-
spond to better performance. For example, when
CIEM is enabled, the model achieves superior re-
sults on CTS and CMtop3metrics when step is 4.
The core reason is that the confidence-based re-
tention mechanism at each step resembles a local
greedy search. Moderately reducing steps helps the
model escape local optima to achieve globally su-
perior solutions; iv) Whether pursuing the highest
quality (where Amadeus operates at 16.23 notes/s,
significantly outperforming the comparative meth-
ods’ 4.02 notes/s) or prioritizing maximum speed
(where generation quality is lowest but still com-
parable to the comparative methods), Amadeus
demonstrates comprehensive superiority.

4.6 Effects of Dataset Scale and Parameter
Scale

We adopted a two-stage training strategy: pre-
training on the AMD pre-training dataset, followed
by supervised fine-tuning on the fine-tuning dataset.
To further enhance model capability, we scaled up
the model size, denoted as Amadeus-M (500M
parameters). As shown in the Tab. 1, Amadeus-M
achieves significant improvements across all perfor-
mance metrics in the text-controlled music genera-
tion task. Notably, the increased model parameter
count resulted in a decreased generation speed of
10.51 notes/s, yet this speed remained significantly
higher than the 4.02 notes/s of other comparative
methods. Experiments verified that its performance
can be further enhanced with continuously increas-
ing data volume and parameter count.
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5 Conclusion

In this paper, we challenge the conventional view
of musical note attributes as fixed unidirectional se-
quences, proposing instead that they are more accu-
rately modeled as sets. This insight led to the devel-
opment of Amadeus, a hybrid framework that syn-
ergistically combines autoregressive modeling for
global note sequences with bidirectional discrete
diffusion for local attribute generation. To bolster
this architecture, we introduced the Conditional
Information Enhancement Module (CIEM) and
curated AMD, currently the largest open-source
symbolic music dataset. Our extensive evaluations
demonstrate that Amadeus not only achieves state-
of-the-art performance across objective and sub-
jective metrics but also offers unprecedented flexi-
bility in attribute control and inference efficiency.
By bridging the gap between structural coherence
and attribute-level flexibility, Amadeus sets a new
benchmark for controllable symbolic music gen-
eration and opens promising avenues for future
research in hierarchical generative modeling.

6 Limitations

Despite its performance, our study has several lim-
itations. First, although the AMD dataset is exten-
sive, it may exhibit stylistic biases toward Western
classical and popular music due to its web-crawled
nature, potentially underrepresenting diverse ethnic
or avant-garde genres. Second, our subjective eval-
uation, while statistically significant, relied on a rel-
atively small group of 15 participants; a larger and
more specialized cohort (e.g., professional com-
posers) would provide more robust validation of
musical artistry. Lastly, like many large-scale gen-
erative models, Amadeus faces potential “memory
effects” where generated sequences might inadver-
tently resemble training samples. The model cur-
rently lacks an automated mechanism to detect and
mitigate such copyright and ethical risks, which
remains a focus for future work.
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A Mutual Information Analysis of Token
Attributes

To assess the dependency structure among the at-
tributes, we conducted a mutual information (MI)
and conditional entropy analysis. This empirical
study is intended to inform the modeling strategy of
musical event sequences, particularly the suitabil-
ity of autoregressive vs. bidirectional generation
paradigms.

A.1 MIDI Protocol, Tokenization Method,
and Note Attributes

The Musical Instrument Digital Interface (MIDI) is
an industry-standard electronic communication pro-
tocol that defines a comprehensive set of codes for
musical notes and performance actions, enabling
electronic instruments, computers, mobile devices,
and other stage equipment to connect, synchro-
nize, and exchange performance data in real time.
MIDI provides a complete framework for describ-
ing the performance states of different instruments
and plays a crucial role in modern music composi-
tion workflows. Due to the flexibility of MIDI sig-
nals, artists often use Digital Audio Workstations
(DAWs) to rapidly iterate on musical ideas by edit-
ing MIDI data and assigning virtual instruments.
Once the desired effect is achieved, the final ver-
sion may be recorded with real instruments. This
workflow significantly lowers the barrier to music
production and democratizes music creation.

There are various methods for converting MIDI
signals into tokens. We recommend interested read-
ers refer to the miditok library, which provides a
detailed introduction to specific tokenization pro-
cesses. In our work, we adopt an improved note-
based encoding proposed by NMT. Specifically,
each note is represented by the following attributes:

• Type: each representing a different combina-
tion of metrical changes or continuations.

• Beat: The relative position of the note within
the same measure.

• Chord: The chord to which the current note
belongs.

• Tempo: The playback speed of the note; gen-
erally, a higher tempo indicates a faster song.

• Instrument: The instrument performing the
current note.

• Pitch: The pitch of the note, represented by
128 discrete values according to the MIDI
specification.

• Duration: The duration for which the note is
played.

• Velocity: The intensity with which the note is
played, determining its loudness.

These attributes uniquely specify a note. Impor-
tantly, each attribute describes an independent as-
pect of the note, and the set of attributes is inher-
ently free from unidirectional sequential dependen-
cies. Technically, the order of these attributes can
be arbitrarily permuted without affecting the rep-
resentation of the note itself, which clearly goes
beyond the scope of unidirectional dependency. As
observed in prior work, different methods may use
different attributes (such as type or pitch) as the
first token, yet achieve comparable performance.
This further demonstrates the insufficiency of as-
suming unidirectional dependencies among note
attributes.

A.2 Experimental Setup
We tokenized corpus of LakhClean dataset MIDI
files into notes, from which we extracted the follow-
ing attribute dimensions: Beat Position, Pitch,
Velocity, Duration, Instrument, Chord, Tempo,
and Type.

The total amount of note tokens in the dataset
is 82985704. For each attribute, we applied la-
bel encoding and computed the empirical mutual
information between all attribute pairs:

I(X;Y ) =
∑

x,y

p(x, y) log
p(x, y)

p(x)p(y)

We further normalized MI using the geometric
mean of marginal entropies to obtain a symmet-
ric measure in [0, 1]:

NMI(X;Y ) =
I(X;Y )√
H(X)H(Y )

A.3 Results and Observations
The normalized mutual information matrix
NMI(X;Y ) reveals several trends. First, de-
pendencies among Pitch, Velocity, Duration,
and Instrument are generally weak to moderate
(for example, NMI(Pitch, Instrument) ≈ 0.28).
Such complex dependencies can be explained by
basic musical knowledge: different instruments
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Tab. 4: Raw Mutual Information (nats)

Beat Pitch Velocity Duration Instrument Chord Tempo Type
Beat 1.1703 0.5128 0.5128 0.5128 0.5128 0.0008 0.4905 0.0964
Pitch 0.5128 3.5981 0.5308 0.5401 0.8679 0.0007 0.4205 0.0314
Velocity 0.5128 0.5308 1.6784 0.5222 0.5356 0.0007 0.4205 0.0314
Duration 0.5128 0.5401 0.5222 2.4884 0.5961 0.0007 0.4205 0.0314
Instrument 0.5128 0.8679 0.5356 0.5961 2.6845 0.0007 0.4205 0.0314
Chord 0.0008 0.0007 0.0007 0.0007 0.0007 0.0046 0.0008 0.0000
Tempo 0.4905 0.4205 0.4205 0.4205 0.4205 0.0008 1.0186 0.0042
Type 0.0964 0.0314 0.0314 0.0314 0.0314 0.0000 0.0042 0.1040

Tab. 5: Normalized Mutual Information

Beat Pitch Velocity Duration Instrument Chord Tempo Type
Beat 1.0000 0.2499 0.3659 0.3005 0.2893 0.0114 0.4492 0.2764
Pitch 0.2499 1.0000 0.2160 0.1805 0.2793 0.0056 0.2197 0.0513
Velocity 0.3659 0.2160 1.0000 0.2555 0.2523 0.0082 0.3216 0.0752
Duration 0.3005 0.1805 0.2555 1.0000 0.2306 0.0068 0.2641 0.0617
Instrument 0.2893 0.2793 0.2523 0.2306 1.0000 0.0065 0.2543 0.0594
Chord 0.0114 0.0056 0.0082 0.0068 0.0065 1.0000 0.0120 0.0004
Tempo 0.4492 0.2197 0.3216 0.2641 0.2543 0.0120 1.0000 0.0128
Type 0.2764 0.0513 0.0752 0.0617 0.0594 0.0004 0.0128 1.0000

have distinct pitch ranges and playing styles, which
influence the distribution of these attributes. The
strongest dependency is observed between Beat
Position and Tempo (NMI ≈ 0.45), reflecting the
rhythmic regularity commonly found in MIDI data.

We further analyzed asymmetric conditional en-
tropy to evaluate directional predictability:

H(Y |X) = H(Y )− I(X;Y )

The estimated values:

H(Duration|Pitch) ≈ 1.95,

H(Pitch|Duration) ≈ 3.06

indicate that knowing Pitch reduces uncertainty
in Duration more effectively than the reverse,
suggesting a directional statistical influence from
Pitch to Duration.

A.4 Implications for Modeling
The results indicate that the dependencies among
note attributes are generally weak and not strictly
unidirectional, as evidenced by the low maximum
NMI values and the absence of any attribute that
strongly determines the others. Furthermore, the
observed dependencies are often mutual rather than
hierarchical, suggesting that imposing a fixed gen-
eration order, as in conventional autoregressive

(AR) models, may not be optimal. These find-
ings support the adoption of bidirectional or non-
autoregressive modeling strategies, which are bet-
ter suited to capture the symmetrical and overlap-
ping relationships among token attributes in sym-
bolic music data.

B Training and Inference Details

B.1 Training Setup

In our training setup, we employ gradient clipping
with a threshold of 1 and utilize the AdamW op-
timizer in conjunction with a cosine learning rate
scheduler. For unconditional generation, the max-
imum learning rate is set to 1 × 10−4; for con-
ditional generation and large-scale pretraining, it
is 2 × 10−4; and for text-guided fine-tuning, it is
5× 10−5. The maximum number of training itera-
tions is 100,000 for both unconditional and condi-
tional generation tasks, and 300,000 for pretraining.
Notably, we do not use the final checkpoint from
pretraining, but rather select an intermediate check-
point for subsequent experiments. Training is ac-
celerated using distributed data parallelism (DDP)
and the accelerate library with mixed-precision
computation. For conditional generation, pretrain-
ing, and fine-tuning, we further employ gradient
accumulation with a step size of 4.
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B.2 Pretraining Data

Our pretraining dataset mainly combines the
GigaMIDI, AriaMIDI, SymphonyNet corpora. The
total number of files is 1.9 million, comprising
about 4 billion events (approximately 32 billion at-
tribute tokens). To our knowledge this is the largest
open-source symbolic music pretraining dataset.
To enhance data quality, we filter out GigaMIDI
files that contain only drum tracks. Additionally,
due to the relatively poor quality of some pretrain-
ing data, we also incorporate the MIDI files from
the fine-tuning datasets into the pretraining collec-
tion. We do not include the MidiCaps test split in
training to ensure fairness.

We follow a processing procedure partly inspired
by NMT: first, we apply rule-based filtering to the
MIDI files and detect attributes such as chords,
time signatures, note durations, and instruments.
We convert these attributes into event sequences,
compile a vocabulary of tokens for each attribute,
and then convert the event sequences into index
files corresponding to this vocabulary. Notably, for
any file missing tempo or time signature informa-
tion, we set the default tempo to 120 BPM and the
default time signature to 4/4, in accordance with
the MIDI specification.

B.3 Supervised Fine-Tuning Data

For the supervised (fine-tuning) dataset with text
annotations, the processing differs from that of the
pretraining data. We use the MidiCaps and XMIDI
datasets, as well as an in-house dataset, as the raw
corpora. XMIDI contains around 100k symbolic
music pieces annotated by experts with emotion
and genre labels, and our in-house dataset includes
roughly 80k high-quality symbolic music pieces.

The overall processing pipeline is divided into
two stages: text annotation and conversion to index
sequences.

In the text annotation stage, we largely follow
the MidiCaps methodology. We first extract infor-
mation from the MIDI sequences directly using
tools such as Music21 and Mido, capturing key
(mode), time signature, tempo, durations, and in-
struments. We then synthesize each MIDI file into
audio and extract features such as genre, mood,
and chords. Based on the extracted information,
we design prompt templates with examples and
use DeepSeek-v3 to convert these prompts into tex-
tual annotations. For XMIDI, we simply use its
provided emotion and genre labels as annotations.

In the second stage, we convert each piece into
index files similarly to the pretraining data, with
one major difference: we do not perform any in-
strument merging or trimming. Instrument merg-
ing (e.g., combining distorted guitar, overdrive gui-
tar, and clean electric guitar into a single “electric
guitar” category) is sometimes used to reduce se-
quence length, but it can severely harm the align-
ment between the generated music and the text con-
trol signal in the conditional generation task. There-
fore, following the approach of text2midi, we as-
sign each instrument to its own track to avoid merg-
ing. After this two-stage processing, we obtain a
high-quality supervised symbolic music dataset of
320k examples with text annotations.

B.4 Text-MIDI Fusion via Cross-Attention
To effectively align linguistic descriptions with
symbolic music signals, we employ a cross-
attention mechanism that treats the text embedding
as the “context” for MIDI generation. This ensures
that the generated musical attributes are strictly
conditioned on the input prompt.

B.4.1 Architectural Implementation
We use Flan-T5 as text encoder. The fusion pro-
cess is integrated into the Transformer-based de-
coder layers. Given the text prompt’s hidden states
Htext and the MIDI sequence’s latent representa-
tions Hmidi, the cross-attention is defined as:

CrossAttn(Q,K, V ) = Softmax
(
QKT

√
dk

)
V

(7)
In this setup:

• Query (Q): Derived from the MIDI latent
states Hmidi, representing the musical tokens
currently being generated.

• Key (K) and Value (V ): Derived from the
text encoder’s output Htext, providing the
global linguistic constraints.

B.4.2 Modality Alignment
By calculating the attention scores between each
MIDI token and all text tokens, the model can
“attend” to specific keywords (e.g., “fast tempo”)
while generating corresponding musical events.
This mechanism allows for long-range dependency
modeling between the two modalities, which is
crucial for the AMD dataset’s 320,000 fine-tuning
samples.
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B.5 Evaluation Metrics

We use the MidiCaps test set of 500 text annota-
tions to guide the generation of symbolic music,
render the outputs to WAV, and trim them to 10
seconds (again generating 1024 tokens per sample).
We evaluate from two perspectives: overall simi-
larity between the prompt text and the generated
audio, and accuracy of the conditioned attributes.

Overall Text–Audio Similarity We use the
CLAP score, which measures the cosine similarity
between text and audio embeddings, bigger CLAP
score indicates better alignment between the text
and audio. We follow the implementation of stable-
audio.

Control Accuracy Metrics The text annotation
in MidiCaps includes attributes such as key, time
signature, tempo, and instruments. Following pre-
vious works, We evaluate the accuracy of these
attributes in the generated symbolic music using
the following metrics:

• Tempo Bin with Tolerance (TBT): the ratio
of samples where the predicted tempo falls
within a tolerance range of 10 BPM from the
true tempo. This metric accounts for slight
variations in tempo that may still be musically
acceptable.

• Correct Key (CK): the ratio of samples where
the predicted key matches the true key, ig-
noring the octave. This metric evaluates the
model’s ability to capture the tonal center of
the music. By convention, an undefined key
is treated as C major.

• Correct Time Signature (CTS): represents
the ratio of generated MIDI files where the
predicted time signature matches the true time
signature. This metric evaluates the model’s
ability to capture the rhythmic structure of the
music.

• Coverage of Instruments (CI) is the fraction
where predicted instruments fully cover the
ground truth; CItop1 is the fraction where at
least one true instrument appears in the pre-
diction.

• Coverage of Mood (CM): the fraction of sam-
ples where the predicted mood matches the
true mood. This metric evaluates the model’s
ability to capture the emotional content of the

music;CMtop3 is the fraction where at least
three true moods appear in the prediction.(all
mood if the number of moods is less than 3)

B.6 Step-Adjustable Note Decoding
The forward process of our note decoding frame-
work adheres to the standard pipeline of discrete
diffusion models (Nie et al., 2025b). Its core
operation involves applying time-step-dependent
independent masking operations to each note at-
tribute (treated as an independent token) in the se-
quence. The reverse process initiates from a par-
tially masked sequence (during training) or a fully
masked sequence (during inference). After the note
latent vector zm generated by the note generator
is processed by the Conditional Information En-
hancement Module (CIEM) to obtain the enhanced
conditional signal ẑm, this signal serves as a con-
ditioning input to guide the progressive recovery
of all masked attributes via cross-attention mech-
anisms. At each time-step t (total steps T ), the
system precisely computes the number of tokens
numtk to decode using an approximate uniform re-
covery schedule:

numtk =

{⌊
numm
T

⌋
+ 1, if t < numm mod T⌊

numm
T

⌋
, otherwise

(8)

where numm is the total number of masked tokens
in the note. For a masked attribute k at time step t,
the model predicts a probability distribution p(v |
ẑm+1, x

k
t ) over the vocabulary Vk. The confidence

score for this prediction is defined as the maximum
softmax probability:

Confidence = max
v

p(v | ẑm+1, x
k
t ) (9)

During each decoding step, the model selects the
numtk tokens with the highest confidence scores,
fixes their attributes for all subsequent iterations,
and re-masks all remaining tokens.

Fig. 4 visually illustrates the flexible step-
adjustable decoding mechanism of our method dur-
ing the reverse process. Using a sequence con-
taining three notes (each with four attributes) as
an example (the horizontal axis denotes token se-
quence length; the vertical axis indicates decoding
iterations—higher rows correspond to more iter-
ations/longer latency): REMI (Huang and Yang,
2020) and NMT (Jiwoo Ryu and Jeong, 2024) pre-
vent parallel attribute decoding by enforcing se-
quential constraints. Each attribute is decoded one
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Fig. 4: Comparative schematics of note decoding processes: (a) REMI; (b) NMT; (c-e) Our step-adjustable note
decoding (step=4, 2, 1).

at a time, requiring exactly 12 iterations for 3 notes
and 4 attributes per note. In contrast, our method
eliminates inter-attribute sequential dependencies,
leveraging discrete diffusion to enable attribute-
parallel decoding while permitting flexible control
over total steps T (where T also adjusts numtk). By
setting different T values: T = 4 (more steps),
T = 2, or T = 1 (fewest steps), overall decoding
latency can be drastically altered, thereby achiev-
ing an effective trade-off between decoding speed
and quality.

Figure 4 visually illustrates the flexible step-
adjustable decoding mechanism of our method
during the reverse process. Using a sequence
containing three notes (each with four attributes)
as an example (the horizontal axis denotes token
sequence length; the vertical axis indicates de-
coding steps—higher rows correspond to more
steps/longer latency): REMI requires exactly 12
iterations (3 notes × 4 attributes) to complete all
attributes due to its global sequence dependencies,
decoding only one attribute per step. Similarly,
NMT relies solely on intra-note attribute depen-
dencies but still decodes one attribute per step, re-
quiring 12 iterations. Both methods enforce strict
sequential constraints among attributes, preventing
parallel decoding. In contrast, our method elimi-
nates inter-attribute sequential dependencies, lever-
aging discrete diffusion to enable attribute-parallel
decoding while permitting flexible control over to-
tal steps T (where T also adjusts num_tk). By
setting different T values: T = 4 (more steps),
T = 2, or T = 1 (fewest steps), overall decoding
latency can be drastically altered, thereby achiev-
ing an effective trade-off between decoding speed
and accuracy.

C Human Evaluation Details

C.1 Evaluation Interface and Platform
We developed a web-based evaluation platform to
conduct the subjective listening tests. The inter-
face was designed to be intuitive, ensuring that
participants could focus entirely on musical quality
without technical distractions. As shown in Fig-
ure 5, the platform presents a text prompt and two
randomized audio clips (Audio 1 and Audio 2) to
eliminate sequence bias. All clips were rendered
from MIDI files using a consistent, high-quality
synthesizer to ensure that differences in audio qual-
ity did not interfere with the evaluation of the un-
derlying symbolic music.

C.2 Participants and Recruitment
We recruited 15 participants for this study. The
cohort primarily consisted of university students
with varying levels of musical background.

• Demographics: Approximately [30%] of par-
ticipants identified as having formal musical
training (e.g., instrument proficiency or music
theory knowledge), while the remainder were
general listeners.

• Compensation: Participants were compen-
sated at a rate of half an hour. On average, the
evaluation session lasted 10 minutes.

C.3 Evaluation Criteria (Translated)
The interface was presented in Chinese to accom-
modate the primary language of the participants.
The participants were asked to rate the music on
a 5-point Likert scale (1: Lowest to 5: Highest)
based on the following four dimensions (translated
from the interface shown in Figure 5):

1. Musical Quality: Whether the melody,
rhythm, and harmony are natural and exhibit
musicality.
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Fig. 5: The web interface used for the human study. Participants evaluate generated music based on specific text
prompts across four standardized metrics.

2. Overall Match: Whether the generated music
aligns with the overall description of the text
prompt.

3. Genre Correspondence: Whether the mu-
sical style (e.g., classical, jazz) matches the
genre specified in the prompt.

4. Mood Consistency: Whether the emotional
tone (e.g., happy, dark) matches the mood
described in the prompt.

C.4 Consent and Ethical Compliance

At the beginning of each session, an Informed
Consent Form was presented to the participants.
The form detailed: (1) the research purpose; (2)
the complete anonymization of ratings and demo-
graphic data; (3) the voluntary nature of partici-
pation with the right to withdraw without penalty;
and (4) the strict absence of Personally Identifying
Information (PII) storage.

Following local institutional policy, this study
was determined to be exempt from formal IRB
approval due to its anonymous nature, minimal
risk to participants, and focus on subjective artistic
evaluation.

Tab. 6: Unconditional music generation results on the
LakhClean dataset and SOD dataset.

LakhClean SOD
Model SC ↑ PE ↓ PCE ↓ SC ↑ PE ↓ PCE ↓
CPWord 0.93 4.19 2.64 0.90 4.29 2.89
MMT 0.94 4.09 2.61 0.91 4.38 2.90
NMT 0.91 4.36 2.82 0.91 4.32 2.93
REMI 0.95 3.45 2.38 0.90 4.60 3.05
Amadeus 0.97 2.20 1.97 0.92 4.24 2.82

D Additional Results

D.1 Unconditional Symbolic Music
Generation

For evaluation, we use metrics from both the audio
domain and the symbolic domain to comprehen-
sively assess model performance. In the uncondi-
tional generation task, for each model we generate
500 samples of a fixed length of 1024 tokens, ren-
der them to WAV audio, and uniformly trim each
audio clip to 30 seconds.

We introduce a set of symbolic-domain metrics
to comprehensively evaluate the quality and consis-
tency of generated symbolic music. These include:

• scale_consistency: Measures the maxi-
mum proportion of notes that fit within any
assumed musical scale, reflecting the overall
tonal coherence of the generated piece.

• pitch_entropy: The Shannon entropy of the
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Fig. 6: Visualization of generated symbolic music by Amadeus.

pitch histogram, quantifying the diversity and
concentration of pitch usage. Lower entropy
indicates that pitches are concentrated on a
few core notes, suggesting clearer tonality and
higher generation quality.

• pitch_class_entropy: The Shannon en-
tropy of the pitch-class histogram, further
characterizing the stability of pitch usage
across pitch classes.

We compute these metrics using the methods
provided by MusPy.

The unconditional symbolic music genera-
tion results shown in Tab. 6 demonstrates
that: i) The model achieves optimal perfor-
mance across all evaluation metrics on both
datasets—demonstrating significant superiority on
the multi-genre Lakh Clean dataset while also
exhibiting exceptional performance on the SOD
dataset, which primarily features orchestral and
classical music. Given that orchestral and classi-
cal music demand stronger fine-grained attribute
modelling and long-range structural modelling ca-
pabilities, these results fully confirm that our model
significantly outperforms traditional autoregressive
and other baseline models in capturing the intrinsic
development of symbolic music; ii) The highest
SC score indicates that the model possesses more

stable structural coherence when generating long-
sequence music; iii) Significant advantages in PE
and PCE further corroborate the model’s precise
modelling ability for harmonic complexity, with
the generated music surpassing baseline methods
in both harmonic richness and quality.

E Visualization of Generated Music

To provide a visual representation of the generated
symbolic music, we use the pypianoroll library
to render the MIDI files into sheet music. Below are
examples of generated tracks from both Amadeus
and T2M-inferalign, showcasing the diversity and
complexity of the outputs.

F Environmental Impact

To reduce carbon emissions and make better use
of computational resources, we employed mixed-
precision training with the accelerate library.
Compared to standard Distributed Data Parallel
(DDP) training under the same power consump-
tion, this setup achieved nearly 40% faster training.
This efficiency gain indirectly mitigates the envi-
ronmental impact. We plan to explore additional
energy-efficient training strategies in future work
to further reduce environmental costs.
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Fig. 7: Visualization of generated symbolic music by T2M-inferalign.
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G Ethics Statement

This research involves the use of human-composed
music data for training and evaluation of a gener-
ative model. All music data were obtained from
publicly available datasets or licensed sources and
were used solely for academic research under fair
use or equivalent scholarly exemptions. No per-
sonally identifiable information was involved. We
did not conduct any experiments involving human
subjects or listeners. All experiments were carried
out in compliance with institutional guidelines on
ethical research using existing data.

H Adverse Impact Statement

This work presents a generative music model
trained on datasets containing copyrighted music.
Although the model is developed purely for aca-
demic research, we acknowledge the potential risks
associated with unauthorized reproduction of copy-
righted styles or melodies. To mitigate such risks,
we refrain from releasing any trained models or au-
dio outputs that may resemble specific copyrighted
works. Our publication focuses on methodologi-
cal contributions rather than commercial deploy-
ment. We explicitly discourage any misuse of our
approach for content piracy, unauthorized distribu-
tion, or infringement of intellectual property rights.
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