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Abstract—Performance-score synchronization is an integral
task in signal processing, which entails generating an accurate
mapping between an audio recording of a performance and
the corresponding musical score. Traditional synchronization
methods compute alignment using knowledge-driven and stochas-
tic approaches, and are typically unable to generalize well to
different domains and modalities. We present a novel data-driven
method for structure-aware performance-score synchronization.
We propose a convolutional-attentional architecture trained with
a custom loss based on time-series divergence. We conduct
experiments for the audio-to-MIDI and audio-to-image alignment
tasks pertained to different score modalities. We validate the
effectiveness of our method via ablation studies and comparisons
with state-of-the-art alignment approaches. We demonstrate that
our approach outperforms previous synchronization methods for
a variety of test settings across score modalities and acoustic
conditions. Our method is also robust to structural differences
between the performance and score sequences, which is a
common limitation of standard alignment approaches.

Index Terms—Performance-score synchronization, audio-to-
score alignment, convolutional neural networks, multimodal data,
time-series alignment, stand-alone self-attention

I. INTRODUCTION

HE alignment of time-series data corresponding to differ-

ent sources of information is an important task in signal
processing, with applications in a variety of scenarios such
as subtitle synchronization, performance analysis and speech
recognition. Performance-score synchronization is one such
alignment task that is aimed at computing the optimal mapping
between a performance and the score for a given piece of
music. Depending upon the task, the alignment computation
is either carried out online, known as score following, or
offline, known as performance-score synchronization or audio-
to-score alignment. In this paper, we focus on the offline
alignment task, i.e. performance-score synchronization. Tra-
ditional alignment methods are generally based on Dynamic
Time Warping (DTW) [1] or Hidden Markov Models (HMMs)
[2]. A particular limitation of DTW-based methods is the
inability to capture structural differences between the two input
sequences, since the alignments computed using DTW are con-
strained to progress monotonically through both the sequences.
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Similarly, the Markov assumption in HMMs limits contextual
modelling necessary for efficient alignment in the presence of
anomalies. Data-driven approaches have shown promise for
various signal processing tasks, including alignment [3], [4].
Recent methods have proposed the use of neural networks for
the similarity computation [5], [6], coupled with DTW for the
alignment computation. This paper furthers the development of
data-driven alignment approaches and proposes a neural archi-
tecture for learnt alignment computation, thereby eschewing
the limitations of DTW-based alignment.

We present a novel neural method for performance-score
synchronization, which is also robust to structural differ-
ences between the performance and the score. We propose
a convolutional-attentional encoder-decoder architecture, with
the encoder based on a convolutional stem and the decoder
based on a stand-alone self-attention block [7]. Our motivation
behind employing the stand-alone self-attention block, as
opposed to the more commonly used approach of an attention
computation on top of the convolution operation, is that the
stand-alone self-attention layers have proven to be effective
at capturing global relations in vision tasks when employed
in later stages of a convolutional network [7]. In addition
to proposing a novel architecture, we employ a customized
divergence loss function based on the differentiable soft-DTW
computation [8] to train our models. We conduct experiments
for two synchronization tasks involving different score modal-
ities, namely audio-to-MIDI alignment, i.e. aligning audio
to symbolic music representations, and audio-to-image align-
ment, i.e. aligning audio to scanned images of sheet music.
Our results demonstrate that the proposed method generates
robust alignments in both settings. The primary contributions
of this paper are summarized below:

e We present a novel neural architecture for learning

structure-aware performance-score synchronization.

o We demonstrate that combining stand-alone self-attention
layers with a convolutional stem outperforms multiple
alignment methods across different test settings.

o We demonstrate that our method effectively handles per-
formances containing structural deviations from the score.

o« We demonstrate that the custom soft-DTW based di-
vergence is an effective loss function for training
performance-score synchronization models.

II. RELATED WORK
Traditional performance-score synchronization approaches
relied mainly on DTW [1], [9]-[11] or HMMs [12]-[15].
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Fig. 1: Schematic diagram illustrating our model architecture.
The output alignment path is plotted against the distance matrix for a simple example to aid visualization.

Methods were subsequently proposed that modified DTW
for optimizing alignment performance across various settings
[16]-[21]. With the advent of data-driven approaches, recent
methods have demonstrated the efficacy of learnt represen-
tations coupled with DTW-based alignment computation for
performance synchronization [5], [6], [22], [23]. A step further
are fully learnt methods, which have been explored for generic
multiple sequence alignment. These include Deep Canonical
Time Warping [24], the first deep temporal alignment method
for simultaneous feature selection and alignment; NeuMATCH
[25], an alignment method based on LSTM blocks, and more
recently, Neural Time Warping [26] that models multiple
sequence alignment as a continuous optimization problem.
While neural methods have recently been explored for score
following [27], [28], their application to performance-score
synchronization remains relatively unexplored.

An approach related to our method is the audio-conditioned
U-net for position estimation in sheet images [29], later
adapted for score following by addressing the temporal aspects
of the task [28]. While they employ a U-net architecture and
focus on score following, we present a hybrid convolutional-
attentional architecture and focus on performance-score syn-
chronization. We also employ a custom loss to train our
models. Additionally, our method is able to handle struc-
tural deviations from the score, which is a limitation of
their model. Approaches to specifically tackle structural dif-
ferences in audio-to-score alignment include JumpDTW
[30], Needleman-Wunsch Time Warping [31] (NWTW) and
progressively dilated convolutional neural networks [4]. Our
method differs from these in that we do not explicitly model
the structural deviations, and our architecture learns to model
them inherently while predicting the alignment. Additionally,
the alignment computation is performed by our network itself,
rather than relying on a dynamic programming framework.

III. PROPOSED METHOD

We model the performance-score synchronization task as
a sequence prediction task, given the two input sequences
corresponding to the performance and score respectively.
However, rather than relying on recurrent neural networks

or Transformers [32] and predicting the output sequence
one token at a time, we propose a convolutional-attentional
architecture that predicts the entire alignment path in a one-
shot fashion. This allows the model to capture long-term
dependencies and also handle structural differences between
the performance and score sequences. The architecture of
our model is depicted in Figure 1. Our network operates
on the cross-similarity matrix between the performance and
score feature sequences and predicts the (X, Y) co-ordinates
corresponding to the frame indices that make up the optimal
alignment path. Since the X-axis of the matrix corresponds to
the performance, it progresses linearly in the alignment and
the goal is essentially to predict the sequence of Y co-ordinates
(i.e. frame indices in score axis) that determine the alignment
path. Formally, let X= (X1;X2;::5; Xp) and Y = (Y1;¥2; 55 Yq)
be the feature sequences corresponding to the performance
and score respectively. The network is trained to predict the
sequence of frame indices Vo= ($1;92; 5 ¥p), denoting the
path taken by the performance X through the score Y .

Our network has an encoder-decoder architecture, with
the encoder comprising four convolutional and downsampling
blocks, and the decoder comprising an upsampling block,
a stand-alone self-attention (hereafter abbreviated as SASA)
block and a fully connected block. It must be noted that the
SASA block employed by our decoder is different from the
commonly explored combination of an attention computation
applied on top of a convolution operation [33], or the self-
attention layer from the sequence to sequence Transformer
architecture [32]. The SASA block borrows ideas from both
convolution and self-attention, and is able to replace spatial
convolutions completely and effectively integrate global in-
formation, especially when deployed in the later stage of a
convolutional neural network [7]. As part of our upsampling
strategy, we employ the max-unpooling operation [34] as
opposed to the transposed convolution, which has been shown
to result in artifacts [35]. We store the indices of the highest
activations during pooling and pass these recorded locations to
the upsampling block, where the max-unpooling places each
element in the unpooled map according to the mask, instead
of assigning it to the upper-left pixel.



