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Abstract

Automatic Music Transcription (AMT) plays a fundamental role in Music Information
Retrieval (MIR) by converting raw audio signals into symbolic representations such as
MIDI or musical scores. Despite advances in deep learning, accurately transcribing pi-
ano performances remains challenging due to dense polyphony, wide dynamic range,
sustain pedal effects, and harmonic interactions between simultaneous notes. Existing
approaches using convolutional and recurrent architectures, or autoregressive models,
often fail to capture long-range temporal dependencies and global harmonic structures,
while conventional Vision Transformers overlook the anisotropic characteristics of audio
spectrograms, leading to harmonic neglect. In this work, we propose SpectTrans, a novel
piano transcription framework that integrates a Spectral Gating Network with a multi-head
self-attention Transformer to jointly model spectral and temporal dependencies. Latent
CNN features are projected into the frequency domain via a Real Fast Fourier Transform,
enabling adaptive filtering of overlapping harmonics and suppression of non-stationary
noise, while deeper layers capture long-term melodic and chordal relationships. Experimen-
tal evaluation on polyphonic piano datasets demonstrates that this architecture produces
acoustically coherent representations, improving the robustness and precision of tran-
scription under complex performance conditions. These results suggest that combining
frequency-domain refinement with global temporal modeling provides an effective strategy
for high-fidelity AMT.

Keywords: automatic music transcription (AMT); pedal transcription; Spectral Transformers

1. Introduction
Automatic Music Transcription (AMT) refers to the process of converting raw audio

signals into symbolic representations, such as MIDI events or musical scores, and constitutes
a core research topic within Music Information Retrieval (MIR) [1]. Its objective extends
beyond conventional Multi-Pitch Estimation (MPE) to the high-fidelity reconstruction of
note-level attributes, including precise onset and offset times, pitch values, and velocities.

Early transcription practices relied heavily on oral tradition and manual notation,
which were inherently limited by human subjectivity and insufficient temporal and pitch
precision. As musical compositions have become increasingly complex and stylistically
diverse, manual transcription has proven inadequate to meet the demands of contempo-
rary musicological research and industrial applications. Recent advances in polyphonic
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piano transcription have been driven by deep convolutional neural networks (CNNs) and
recurrent neural networks (RNNs) [2–8]. In particular, joint onset-and-frame prediction
frameworks have substantially improved note-level transcription accuracy. References [3,9]
introduced an adversarial training strategy that formulates transcription as an image-to-
image translation task and employs a fully convolutional discriminator, thereby alleviating
the limitation of conventional element-wise loss functions that fail to model inter-label
probabilistic dependencies. Kong et al. [10] further proposed a high-resolution AMT sys-
tem that enhances transcription precision by explicitly regressing accurate onset and offset
timings for piano notes. Despite these advances, autoregressive (AR) models suffer from
inherent drawbacks due to their reliance on narrow sequential processing windows [11],
which makes them vulnerable to error accumulation and exposure bias. From a musico-
logical perspective, such models also struggle to capture the global structural hierarchy
of musical compositions, including long-range rhythmic symmetries and recurring the-
matic patterns. Moreover, a fundamental challenge in polyphonic transcription lies in the
harmonic coupling of simultaneously sounding notes. In Western tonal music, consonant
intervals such as perfect fifths and major thirds generate strongly intertwined frequency
components. Traditional convolutional or sequential architectures, which are primarily
designed to model local spatial or temporal patterns, often fail to effectively disentangle
these complex cross-frequency interactions.

Transformer-based architectures leveraging Multi-Head Self-Attention (MHSA) have
recently emerged as a powerful alternative for AMT [12], owing to their superior capability
in modeling long-range dependencies. Among these, Vision Transformers (ViTs) have
been adapted to the AMT domain. However, their original design is tailored to natural
images, which are characterized by translation-invariant spatial features. In contrast,
audio spectrograms exhibit pronounced anisotropy, wherein the vertical axis encodes pitch-
dependent harmonic structures, while the horizontal axis represents temporal evolution and
rhythmic dynamics. Standard ViT patching strategies treat low-frequency fundamentals
and high-frequency overtones uniformly, thereby disregarding the physical constraints
imposed by the harmonic series. As a result, the direct application of ViTs to spectrogram
representations often leads to harmonic negligence, a phenomenon that fundamentally
contradicts the principles of musical acoustics. To address this limitation, recent studies
have proposed harmonic-aware Transformer architectures that incorporate pre-designed
harmonic mask matrices [13] or specialized harmonic attention mechanisms [14] to better
capture spectral structures. Nevertheless, these approaches predominantly rely on rigid
harmonic masks, i.e., hard-coded priors derived from idealized acoustic formulations. Such
fixed associations lack the flexibility required to model the spectral variability, timbral
diversity, and inharmonicity commonly present in real-world musical recordings.

In contrast, this paper proposes SpectTrans, which, to the best of our knowledge,
represents the first integration of an Acoustic Spectrum Gating Network (A-SGN) into
the piano transcription domain. Unlike previous methods based on fixed harmonic ratios,
SpectTrans adopts a fully data-driven and learnable gating strategy. This design enables
not only the modeling of harmonic relationships, but also the adaptive identification and
suppression of complex acoustic background noise and non-harmonic interference. Specifi-
cally, in the shallow layers, the A-SGN embedded within the As-Attention module employs
a learnable frequency-domain gating mechanism that emulates physically meaningful
spectral filters. This structure explicitly encodes the logarithmic harmonic relationships
inherent in piano timbres, thereby facilitating more effective separation of overlapping
notes in polyphonic scenarios. In the deeper layers, an MHSA mechanism is employed to
capture long-range temporal dependencies, enabling the modeling of complex melodic
trajectories and chordal structures. Experimental results demonstrate that the proposed
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framework significantly improves both the robustness and accuracy of piano transcription
across diverse and challenging performance conditions.

2. Related Works
2.1. Automatic Piano Transcription

AMT is a cornerstone task in Music Information Retrieval (MIR), aiming to map
complex raw audio signals into structured symbolic representations. Owing to the piano’s
wide dynamic range, dense polyphony, and additional acoustic complexity introduced
by sustain pedal resonance, AMT remains a particularly challenging problem within
the field. Early transcription paradigms primarily relied on frame-level classification
schemes. However, such approaches are inherently constrained by temporal resolution
determined by the hop size, leading to quantization artifacts and training instabilities
caused by label misalignment. To overcome these limitations, Kong et al. [10] proposed
a high-resolution regression framework that achieves sub-frame temporal precision by
directly predicting absolute onset and offset time deviations. In a complementary direction,
Wei et al. [9] introduced a dual-decoder architecture tailored for streaming transcription,
employing causal attention mechanisms to decouple onset and offset estimation and thereby
preserve logical note consistency in real-time scenarios. Convolutional Neural Networks
(CNNs) have become the de facto standard for front-end feature extraction in AMT systems.
Nevertheless, their inherently local receptive fields limit their ability to capture harmonic
correlations spanning multiple octaves. To address long-range dependencies, sequential
modeling architectures based on Recurrent Neural Networks (RNNs) [15] and, more
recently, Transformers [16] have gained increasing attention. A notable trend within this
line of research is the incorporation of music-informed inductive biases. For instance,
Wang et al. [13] proposed a harmonic-aware frequency attention mechanism that employs
explicit masking strategies to isolate energy distributions across overtone series. Similarly,
Wu et al. [14] introduced Harmonic Attention to strengthen the modeling of acoustic
priors inherent in musical signals. To mitigate the computational burden associated with
long-sequence modeling, Wei and Yoshii [17] leveraged sparse attention mechanisms
and hierarchical pooling strategies, thereby transcending sliding-window constraints and
enabling more effective modeling of large-scale musical structures and sustained note
envelopes. In our previous work [18], we further explored these relationships through
a graph-theoretic perspective by proposing a Multi-Scale Graph Attention Network [19],
in which musical notes are treated as graph nodes to capture the structural intricacies of
piano textures. Despite these advances, a persistent bottleneck remains in the difficulty
of adaptively distilling salient harmonic content from low-level acoustic representations
while effectively suppressing complex background noise.

To bridge this gap, we propose SpectTrans, a novel architecture that fuses frequency-
domain gating with temporal attention. Unlike traditional models confined to local spatial
or temporal operations, SpectTrans introduces a Spectral Gating Network. By applying a
Real Fast Fourier Transform, we project latent CNN features into the frequency domain for
global refinement. This design leverages the global receptive field of the Fourier transform
to perform adaptive filtering and noise suppression at an early stage. This “spectral
shaping followed by temporal association” strategy provides the subsequent Transformer
modules with acoustically consistent representations, significantly bolstering transcription
robustness in extreme polyphonic conditions.

2.2. Spectral Transformers

The emergence of Spectral Transformers has been largely motivated by a broader
shift toward alternative token-mixing paradigms, exemplified by architectures such as
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MLP-Mixer. Rather than relying on the O(N2) computational complexity inherent to spa-
tial self-attention, these approaches exploit the global receptive field and computational
efficiency of frequency-domain operations to enhance feature representations. A seminal
contribution in this direction is FNet [20], which demonstrated that replacing self-attention
with parameter-free one-dimensional Fourier transforms can achieve competitive perfor-
mance while substantially reducing inference latency. Building upon this idea, GFNet [21]
introduced learnable frequency-domain filters, effectively reformulating token mixing as a
depth-wise global convolution. By leveraging the global receptive field of the Fourier trans-
form, these methods capture long-range spatial dependencies that are often inaccessible
to local convolutional kernels.Beyond discrete spectral transformations, Guibas et al. [22]
advanced this paradigm by framing token mixing through operator learning. Using Fourier
Neural Operators (FNOs) [23], their models achieve resolution-invariant generalization by
treating the Fourier transform as a functional operator. FNOs typically retain low-frequency
modes and discard high-frequency components, performing rigid spectral truncation that
limits flexibility for tasks requiring fine-grained frequency tuning.

Recent theoretical studies, such as [24], explore the mathematical foundations of at-
tention, interpreting it as kernel regression. Wave-ViT [25] further enhances Transformer
models by incorporating wavelet transforms for multiscale feature modeling and down-
sampling in attention blocks. In piano transcription, harmonic-aware models impose fixed
harmonic masks based on idealized acoustic formulas, enforcing attention to predefined
harmonic positions. While effective, this rigid approach limits flexibility, as it relies on static
frequency templates that fail to adapt to real-world spectral variations and non-harmonic
interference in complex polyphonic music.

In contrast, the A-SGN presented here offers a flexible, data-driven frequency selection
mechanism. Unlike harmonic-aware models, SGN does not rely on fixed templates but uses
learnable gating weights and biases to adaptively modulate the frequency spectrum. This
dynamic gating enables the model to selectively preserve relevant frequency components,
suppress non-harmonic noise, and capture a broader range of spectral features, leading to
improved robustness in polyphonic piano transcription.

3. Methods
3.1. Acoustics Spectral Gating Network

As illustrated in Figure 1b, the Acoustic Spectral Gating Network (A-SGN) can be
viewed as a trainable global filter designed to capture the inherent periodicity and harmonic
constraints of the musical signal within the input window. Considering periodic boundary
conditions and element-wise spectral modulation, applying spectral gating in the frequency
domain is mathematically equivalent to performing a circular convolution in the time
domain, followed by bias addition. Accordingly, for a frequency-domain input X , the
acoustic spectral gating operation is equivalent to a circular convolution in the time domain,
which can be formulated as

X ·W + B = F (X ∗ W + B), (1)

where W ∈ CD×D and B ∈ CD denote the complex-valued weight matrix and bias vector,
respectively. W ∈ RD and B ∈ RD denote the inverse-DFT counterparts of W and B,
respectively. The operator “∗” denotes circular convolution. For a multi-layer network
architecture, the single-layer frequency-domain gating operation described in Equation (1)
can be generalized to a hierarchical recursive form. Specifically, the frequency-domain
linear gating is employed as the basic transformation unit at each layer, followed by
a nonlinear activation function σ(·), thereby constructing a multi-layer spectral gating
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network. Consequently, the output of the ℓ-th layer of the network can be recursively
expressed as

hℓ = σ
(

hℓ−1W ℓ + Bℓ
)

, h0 = X . (2)

where hℓ denotes the output of the ℓ-th layer. To fully leverage the structural advantages of
complex-valued representations, the linear transformation is explicitly decomposed into its
constituent real and imaginary components. Specifically, the complex-valued weight matrix
denotes as Wℓ = Wℓ

R + jWℓ
I and the bias vector denotes as Bℓ = Bℓ

R + jBℓ
I . By applying

the algebraic rules of complex multiplication, the layer-wise computation is formulated
as follows:

Re(h)ℓ = Re(hℓ−1)Wℓ
R − Im(hℓ−1)Wℓ

I + Bℓ
R, (3)

Im(h)ℓ = Re(hℓ−1)Wℓ
I + Im(hℓ−1)Wℓ

R + Bℓ
I , (4)

where hℓ represents the pre-activation state. To maintain the complex-valued nature of the
features, a component-wise non-linear activation σ(·) is applied, yielding the final output:

hℓ = σ
(

Re(h)ℓ
)
+ jσ

(
Im(h)ℓ

)
. (5)

Figure 1. The architecture of the proposed model components. (a) The Acoustic Module consisting of
a CNN-FC stack for feature extraction. (b) The Spectral Layer utilizing Fast Fourier Transform (FFT)
and learnable weights for frequency-domain processing. (c) The Multi-head Attention mechanism
for capturing contextual dependencies.

By reformulating the spectral gating mechanism through a complex-valued decom-
position, the model explicitly characterizes the cross-correlation between the real and
imaginary components. This approach effectively expands the hypothesis space of the
gating operation, enabling the capture of more sophisticated frequency-domain dependen-
cies. Such a formulation is instrumental in capturing the subtle inter-harmonic interference
and sympathetic resonance inherent in piano tones. By precisely modeling these cross-
component interactions, the network can distinguish between overlapping overtones that
would otherwise lead to representation aliasing in a purely real-valued space. Operationally,
the proposed A-SGN formulates the spectral gating mechanism as a complex-valued linear
transformation, which is mathematically equivalent to a global circular convolution in
the spatial domain. This formulation effectively mitigates the computational overhead
associated with conventional spatial-domain convolutions. Specifically, whereas a global
convolution in the spatial domain incurs a computational complexity of O(N2), the A-
SGN transforms the operation into an element-wise modulation in the frequency domain,
thereby reducing the complexity to a quasi-linear scale of O(N log N) via the Fast Fourier
Transform (FFT). Subsequently, the Inverse Fast Fourier Transform (IFFT) is applied to map
the processed signals from the frequency domain back to the latent space. Therefore, the
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acoustic spectral gating operation can be effectively interpreted as a global convolution
performed on the input features.

3.2. Acoustics Spectral Attention

In the traditional attention mechanism, the input sequence X undergoes parallel
projections into specialized latent spaces. Specifically, the Query and Key components are
mapped to different latent spaces using weight matrices WQ and WK, respectively, capturing
the contextual dependencies between input tokens, primarily through the computation of
scaled dot-product attention scores. These scores are then used to compute the attention
weights Aij, which represent the attention of token i to token j.

At the same time, the Output-Value (OV) circuit applies the transformation matrix
WV to generate value vectors vi, which encode information. The final output Ri is a linear
weighted sum of these value vectors, based on the attention distribution A, as expressed by:

Ri = ∑
j

Aijvj, (6)

where vj denotes the value vector of token j, and Aij represents the attention weight,
indicating the importance of token j to token i.

However, while attention mechanisms excel at capturing long-range dependencies,
they are less efficient in modeling periodic signals compared to spectral modules. To
address this, we propose integrating the attention output Ri with the spectral result to
enable complementary learning across different domains. The spectral result is derived
through the A-SGN (Acoustic Spectral Graph Network) module, which interprets the
element-wise modulation in the frequency domain as a kernel integral operator K in the
spatial domain. This perspective allows A-SGN to be viewed as a learnable neural spectral
kernel κϕ, which learns continuous input-output mappings.

Specifically, the evolution of the latent state vℓ 7→ vℓ+1 incorporates the non-local
kernel K and a non-linear activation function σ(·), with the update rule given by:

vt(x) 7→ vt+1(x) = σ((K(a; ϕ)vt)(x)), ∀x ∈ D, (7)

where the kernel integral operator K is defined as:

(K(a; ϕ)vt)(x) :=
∫

D
κ(x, y, a(x), a(y); ϕ)vt(y) dy. (8)

Here, vt(y) is the value vector at time step t, and D represents the input domain.
In this framework, κϕ represents a neural network parameterized by ϕ ∈ ΘK, which

allows the kernel integral operator to be implemented as a convolution operator in the
Fourier domain. The A-SGN module captures the spectral characteristics of the input signal
in the frequency domain and combines this with the temporal attention mechanism.

Finally, the Acoustic Spectral Attention mechanism integrates the spectral transforma-
tion and attention mechanism, expressed as:

vt+1(x) := Rt + σ((K(a; ϕ)vl)(x)), ∀x ∈ D, (9)

where Rt represents the accumulation from the attention mechanism, vl is the previous
representation, and σ(·) is a non-linear activation function. The kernel function κ, param-
eterized by a and ϕ, acts on the previous representation vl . Through this integration, the
local focus of attention and the global reach of the spectral kernel are effectively combined,
enabling the model to learn periodic and aperiodic signal transformations in complex
acoustic signals.
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3.3. SpectTrans

Based on the proposed Acoustics Spectral Gating Network (A-SGN) and the Acoustics
Spectral Attention mechanism, we construct the overall transcription architecture, termed
SpectTrans. SpectTrans is designed as a unified frequency–time domain hybrid modeling
framework that jointly exploits spectral-domain global modeling and time-domain contex-
tual attention. Specifically, as illustrated in Figure 2, SpectTrans first employs the Acoustic
Module shown in Figure 1a to extract latent representations, providing a compact and in-
formative embedding space for subsequent modeling. Each convolutional block consists of
two convolutional layers with a kernel size of 3× 3. To ensure training stability and enhance
the nonlinear representation capacity of the system, Batch Normalization [26] and ReLU ac-
tivation [27] are applied immediately after each linear convolution operation. The extracted
latent features are then processed by the SpectTrans backbone, which integrates the Acous-
tics Spectral Attention mechanism with the standard Transformer attention architecture, as
shown in Figure 1c. The spectral pathway implemented by the A-SGN performs global
frequency-domain modulation, enabling the model to capture intrinsic harmonic structures
and long-range spectral correlations inherent in piano acoustics. In parallel, the standard
attention mechanism models long-range temporal dependencies, contextual relationships
across frames, and event-level dynamics in the time domain. This dual-pathway design
enables complementary learning in the frequency and temporal domains, allowing Spect-
Trans to jointly model global periodic structures and long-range temporal dependencies.
To further enhance onset detection performance, considering that note velocity provides
informative cues for onset localization, the outputs of the velocity regression submodule
and the onset regression submodule are concatenated along the frequency dimension.
This concatenated representation is then fed into a cross-attention layer to compute the
final onset predictions. Similarly, the outputs of the onset regression and offset regression
submodules are concatenated and used as the input to a cross-attention layer to generate
the final frame-wise predictions. The final model output is denoted as Yq ∈ RL×K, where
q ∈ { f rame, onset, o f f set, velocity} represents the piano roll predictions over L frames and
K piano pitches for each transcription subtask, including frame-level pitch estimation, onset
detection, offset detection, and velocity estimation. Binary cross-entropy loss is employed
for all subtasks.

Figure 2. The overall framework of our proposed SpectTrans.
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The spectral gating component introduces a structured global convolutional prior
through frequency-domain modulation, enhancing the model’s robustness to harmonic
interference and spectral aliasing. Meanwhile, the Transformer component provides flex-
ible sequence modeling capability, enabling the network to capture note-level temporal
evolution, onset–offset relationships, and cross-frame dependencies, which are essential
for accurate piano transcription. The joint optimization of these two components allows
SpectTrans to achieve a balanced representation that is both spectrally structured and
temporally coherent. Therefore, SpectTrans can be interpreted as a hybrid frequency–time
domain architecture, in which frequency-domain global modeling and attention-based
temporal contextual learning are tightly coupled. This design effectively overcomes the
limitations of purely spectral models or purely attention-based models, enabling effective
modeling of complex acoustic signals with strong harmonic structures and long-range
temporal dependencies.

4. Results
4.1. Datasets and Evaluation Metrics

Experimental evaluation was conducted on the widely adopted MAESTRO (v1.0.0)
piano dataset [2], which contains approximately 200 h of high-fidelity recordings of live
piano performances paired with precisely aligned MIDI annotations. These MIDI files pro-
vide detailed information on note events, including key-strike velocities and sustain pedal
positions. All experiments strictly follow the official dataset splits for training, validation,
and testing to ensure fair and reproducible comparisons. During audio preprocessing, the
raw waveforms were resampled to 16 kHz using the librosa library [28] and segmented into
fixed-length 8-second audio clips. MIDI data parsing was performed using the pretty_midi
library [29]. Each note event was independently projected onto four separate piano-roll
representations corresponding to frame activation, onset, offset, and velocity, respectively,
providing a comprehensive symbolic encoding for supervised training. For a quantitative
assessment of the effectiveness of the proposed method, we introduce three evaluation met-
rics, encompassing Precision, Recall and F1 score [30], to evaluate the system performance
at both the frame-level and note-level metrics. The formulas are as follows:

Precision =
TP

TP + FP
(10)

Recall =
TP

TP + FN
(11)

F1 =
2Precision × Recall
Precision + Recall

(12)

where TP is the number of true positives, FP is the number of false positives and FN is the
number of false negatives.

4.2. Experiment Setup

Following the established protocol, we employ high-resolution regression for the
precise estimation of onset and offset times within their respective branches. The training
process is optimized using the Adam [31] optimizer with a mini-batch size of 8. We maintain
a learning rate of 0.0005 for 300k steps, incorporating an early stopping strategy to ensure
convergence. Model training was conducted on two NVIDIA GeForce RTX 5090 GPUs
(Nvidia, Santa Clara, CA, USA).
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4.3. Evaluation Results of Piano Transcription

Table 1 presents the performance of our proposed piano transcription method on the
MAESTRO V1.0.0 test set. We compare our method with several representative methods,
including Onsets and Frames [9], Adversarial Onsets and Frames [3], S2S [32], PAR [33],
and HRT [10]. The method in [3] extends [9] by incorporating adversarial training and is
likewise optimized with a quantization-based objective. S2S employs a generic encoder–
decoder Transformer architecture with standard decoding strategies to directly translate
spectrogram inputs into MIDI-like event sequences. PAR constructs a real-time piano
transcription system by introducing a FiLM-based frequency modulation layer, a pitch-
wise LSTM, and enhanced autoregressive contextual modeling. HRT proposes a high-
resolution piano transcription framework that regresses precise note onset and offset
times, thereby surpassing traditional frame-level detection approaches. To ensure a fair
comparison between our proposed approach and prior methods, we adopt consistent
evaluation criteria. Specifically, a tolerance of 50 ms is used for onset evaluation, while offset
evaluation applies the same 50-millisecond tolerance together with an offset ratio of 0.2. For
velocity evaluation, a tolerance threshold of 0.1 is employed. After scaling and normalizing
velocities to the range [0, 1], an estimated note is regarded as correct if its velocity falls
within the specified tolerance of the corresponding reference note. Compared with baseline,
our proposed SpectTrans improves the frame F1 score from 82.7% to 89.2% and note F1 score
from 96.1% to 96.6% and improves the note F1 score evaluated with offset from 89.6% to
90.3%. These results demonstrate that our proposed method, by combining a spectral gating
network with a multi-head self-attention mechanism, effectively models both spectral
characteristics and temporal dependencies, thereby achieving competitive performance.

Table 1. Transcription results evaluated on the test set of MAESTRO V1 dataset. Results in bold
indicate the method proposed in this paper. “-” indicates that the corresponding result is not available.

Methods
Frame Note Note w/ Offset

P (%) R (%) F1 (%) P (%) R (%) F1 (%) P (%) R (%) F1 (%)

Onsets & frames - - - 92.6 98.3 95.3 78.2 83.0 80.5
Adversarial - - - 93.2 98.1 95.6 79.3 83.5 81.3
S2S - - - - - 96.0 - - 83.5
PARcompact - - - 94.9 97.2 96.0 83.7 85.7 84.7
HRT (baseline) 87.4 90.1 82.7 98.3 97.4 96.1 92.7 88.9 89.6
SpectTrans 88.1 90.5 89.2 98.0 95.3 96.6 93.0 88.0 90.3

The cross-domain evaluation results on the MAPS dataset are presented in Table 2.
We strictly follow the standard cross-domain evaluation protocol [10], where the model is
trained on the MAESTRO dataset without any data augmentation and directly tested on
the MAPS dataset. For comparison, we also evaluate HRT under the same conditions. As
shown in Table 2, the proposed SpectTrans achieves competitive performance, attaining an
F1 score of 77.6% in frame-level detection, an F1-score of 81.6% for note onset detection
and 56.7% for note onset with offset. These results provide strong evidence that SpectTrans
demonstrates robust generalization capability and resilience to variations in piano timbre
and non-ideal recording environments.
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Table 2. Cross-domain evaluation results on the MAPS Dataset. Results in bold indicate the method
proposed in this paper.

Methods
Frame Note Note w/ Offset

P (%) R (%) F1 (%) P (%) R (%) F1 (%) P (%) R (%) F1 (%)

HRT (baseline) 85.2 80.2 82.5 78.9 87.4 82.8 54.0 59.9 56.2
SpectTrans 85.3 79.7 82.7 77.6 87.3 81.6 54.7 60.3 56.7

4.4. Evaluation Results of Pedal Piano Transcription

The actual duration of a musical note depends not only on the release of the key
(note offset) but also on the state of the sustain pedal. When the pedal is pressed, the note
continues to sound even after the finger leaves the keyboard. Therefore, following existing
evaluation protocols, we further report the experimental results of pedal transcription,
as shown in Table 3. Specifically, with a pedal onset tolerance of 50 ms, the proposed
SpectTrans achieved an F1 score of 94.80% in event-based evaluation; with a pedal onset
tolerance of 50 ms and an offset ratio of 0.2, SpectTrans also achieved an F1 score of 79.76%
in event-based evaluation. These results demonstrate that by simultaneously performing
high-resolution regression modeling of both notes and pedals, our method can more
accurately characterize the acoustic boundaries of notes, thus achieving high-resolution
piano transcription.

Table 3. Pedal Transcription evaluated on the test set of MAESTRO V1 dataset. Results in bold
indicate the method proposed in this paper.

Methods
Frame Event Event w/ Offset

P (%) R (%) F1 (%) P (%) R (%) F1 (%) P (%) R (%) F1 (%)

HRT 94.76 94.72 94.69 90.70 92.56 91.46 80.13 78.61 79.07
SpectTrans 95.04 94.91 94.91 97.42 92.37 94.80 81.84 77.66 79.67

4.5. Ablation Studies

In our architecture, the A-SGN is designed as a performance-enhancement module
integrated into the Transformer backbone. To isolate and quantify its contribution, we
conduct a controlled ablation study by comparing SpectTrans with standard attention and
alternative spectral layer variants, including the Fourier Network (FN) and the discrete
cosine transform (DCT), as summarized in Table 4. The results show that replacing stan-
dard attention with FN reduces both the parameter count (106.47 M vs. 125.37 M) and
FLOPs (214.83 vs. 233.72), while achieving a frame-level F1-score of 89.3%. The DCT
variant achieves a slightly higher frame-level F1-score of 89.1%, but at the cost of increased
computational complexity (231.82 FLOPs). In contrast, SpectTrans, which incorporates the
A-SGN, achieves the best frame-level F1-score of 89.2% with minimal computational cost
(106.46 M parameters and 214.82 FLOPs). These results demonstrate that A-SGN provides
a more effective spectral modeling mechanism than alternative spectral layers, yielding
superior frequency-domain feature discrimination and noise suppression while preserving
computational efficiency.

https://doi.org/10.3390/electronics15030665

https://doi.org/10.3390/electronics15030665


Electronics 2026, 15, 665 11 of 15

Table 4. Spectral layer variants. This table shows the ablation analysis of various spectral layers in
SpectFormer architecture such as the FN, the FNO, and the A-SGN. We conduct this ablation study
on the small-size networks in stage architecture. This indicates that FGN performs better than other
kinds of networks. Results in bold indicate the method proposed in this paper.

Methods Parameters FLOPs
Frame

P (%) R (%) F1 (%)

Standard attention 125.37 233.72 - - -
FN 106.47 214.83 87.9 87.8 89.3
DCT 109.51 231.82 88.3 89.6 89.1
SpectTrans 106.46 214.82 88.1 90.5 89.2

4.6. Computational Efficiency

This subsection focuses on analyzing the computational efficiency of the proposed
architecture. As reported in Table 4, although SpectTrans integrates a CNN-based acoustic
front-end, a Spectral Gating Network, and a Transformer backbone, the overall model
complexity remains low, with 106.46 M parameters and 214.82 FLOPS. Compared with
the baseline model using standard self-attention (125.37 M parameters and 233.72 FLOPS),
SpectTrans achieves both higher transcription accuracy and lower computational cost,
indicating that performance gains are not achieved at the expense of efficiency.

This efficiency advantage originates from the structural properties of the spectral gat-
ing mechanism. Spectral gating operates through element-wise modulation in the frequency
domain, which has linear computational complexity with respect to sequence length. In
contrast, standard self-attention incurs quadratic complexity (O(N2)) due to pairwise token
interactions. As a result, SGN serves as a low-cost alternative to conventional attention,
enabling efficient global information filtering without introducing significant computa-
tional overhead. This design demonstrates that structurally richer architectures can achieve
improved modeling capacity without proportional increases in computational complexity.

4.7. Visualization of Frame Activations

Figure 3 illustrates the output of the piano transcription system when processing
complex piano recordings. The first row shows the log-Melogram of the input audio
segment, serving as the basis for the model to extract time-frequency features. The second
row shows the frame-level note activation probabilities, reflecting the sustained state of
the notes over time. The third row shows the regression output of the note initiation point,
used to capture the precise moment of note attack. The fourth row shows the regression
output of the note termination point, used to identify the precise moment of note release.
The fifth row shows the activation curve of the sustain pedal, recording the continuous state
of the pedal being pressed and released during performance. This visualization outputs
provides qualitative evidence of the SpectTrans framework’s superior performance in high-
fidelity piano transcription. As shown in the onset and offset panels, the proposed methods
produces sharp and localized activation peaks which demonstrate that the Spectral Gating
Network effectively mitigates harmonic interference and non-stationary noise through
frequency-domain refinement. This specialized gating process addresses the anisotropic
nature of audio spectrograms and prevents the “harmonic neglect” commonly found in
standard Vision Transformers by adaptively filtering overlapping partials.
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Figure 3. Visualization of the transcription outputs for a piano performance segment. From top to
bottom, the panels show the log-Mel spectrogram of the input audio, the frame-wise probability of
note activation, the onset regression indicating note attack moments, the offset regression identifying
note release moments, and the pedal activation curve representing the sustain pedal state. For the
spectrogram and regression-related outputs, warmer colors correspond to higher energy or higher
prediction confidence. The horizontal axis denotes time frames, and the overall temporal alignment
demonstrates the model’s capability to accurately map symbolic music events to the underlying
acoustic signal.

5. Error Analysis and Limitation
While SpectTrans demonstrates strong overall performance, a detailed error analysis

highlights specific limitations under challenging acoustic conditions. One major issue arises
in highly polyphonic passages, where spectral masking can obscure overlapping harmon-
ics. Although the A-SGN effectively refines harmonic content, it occasionally struggles to
disentangle closely overlapping partials. Additionally, in passages with extensive sustain
pedal use, temporal boundaries become less distinct, indicating that global spectral filter-
ing may unintentionally smooth fine-grained transient offsets. Furthermore, the current
analysis primarily focuses on spectral and temporal features, leaving the model’s ability to
leverage higher-level musical structures—such as phrasing, motifs, and harmonic progres-
sion—largely unexplored. Addressing these aspects could provide a deeper understanding
of systematic errors and guide improvements in transcription accuracy.

6. Conclusions
In this paper, we introduce SpectTrans, a polyphonic piano transcription framework

that integrates spectral analysis with long-range temporal modeling. Central to our ap-
proach is the Acoustic Spectral Gating Network (SGN), which employs learnable frequency-
domain gating to emulate physical frequency filtering and encode the logarithmic harmonic
structure inherent to piano timbres. Complementing this, an attention mechanism captures
long-range temporal dependencies to improve note recognition over extended contexts.
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Experimental results demonstrate that SpectTrans achieves effective transcription perfor-
mance across diverse piano pieces. Beyond piano transcription, the proposed architecture
is adaptable to other audio analysis tasks, including multi-instrument transcription, speech
separation, and sound event detection. Future work may focus on task-specific adaptations
and parameterized extensions to further enhance the model’s flexibility and accuracy.

For future work, two directions are particularly promising. First, the model’s capac-
ity to exploit higher-level musical structure remains underexplored and could enhance
transcription robustness, especially in complex polyphonic passages. Second, a more com-
prehensive error analysis framework is needed to systematically identify limitations and
guide refinements. These avenues offer opportunities to extend the model’s applicability
and improve its precision in real-world music transcription tasks.
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MIR Music Information Retrieval
SGN Spectral Gating Network
A-SGN Acoustic Spectral Gating Network
MHSA Multi-Head Self-Attention
FFT/IFFT Fast Fourier Transform/Inverse FFT
CNN Convolutional Neural Network
RNN Recurrent Neural Network
MLM Music Language Model
FNO Fourier Neural Operator
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