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ABSTRACT

Monophonic audio-to-score transcription remains a challenging
task, especially for improvised jazz solos. Prior work commonly
follows a modular pattern: combining audio-to-performance-MIDI
transcription, state-of-the-art beat tracking, and a post-processing
algorithm that assigns metrical durations to notes (note values).
This approach is prone to error accumulation at every step. Moti-
vated by how expert transcribers work, we propose an end-to-end
approach that inverts the logical order of subtasks: first, we model
rhythm perception by transcribing the rhythmic structure of the
melody at the beat level; then, we estimate the pitch for each note
within the predicted rhythmic structures. Technically, our model
introduces a thythm-aware transformer architecture with perceiver-
style cross-attention that jointly aligns frame-level acoustic features
with beat-synchronous rhythmic embeddings. The proposed solu-
tion achieves state-of-the-art results on a challenging corpus of alto
saxophone solos by Charlie Parker (the “Omnibook™).

Index Terms— Audio-to-score transcription, rthythm percep-
tion, jazz improvisation

1. INTRODUCTION

The main goal of this work is to build a transcription system that as-
sists the automatic analysis of improvised monophonic jazz solos, a
domain that is especially challenging due to sophisticated idiomatic
rhythmic concepts, rich timbral variety, advanced harmonies, and
technically demanding melodic patterns. This analysis should de-
couple expressive techniques (rthythmic and timbral) from music-
theoretical concepts (harmonic and melodic patterns). For the latter,
we need an audio-to-score system that ignores expressive techniques
and renders musical content in a unified, standardized score notation.
Most recent progress in automatic music transcription has been made
in the audio—to—performance—MIDﬂ setting 1} 12]. These systems do
not provide rhythmic annotation, which obstructs computer-assisted
musicological research that typically requires score-level notation.
Several works address this gap with performance-MIDI-to-score so-
lutions [3}!4]. However, modular solutions suffer from error accumu-
lation when the performance MIDI is derived automatically from an
audio recording. Another line of work develops end-to-end audio-to-
score transcription systems [5,16] that typically include a transformer
decoder which autoregressively generates a tokenized musical score
from audio features. This approach requires a significant amount
of training data, and autoregressive generation does not guarantee a
valid score.

IThe MIDI (Musical Instrument Digital Interface) protocol captures the
times at which each note starts and ends, along with its discrete pitch. Per-
formance MIDI uses physical time (e.g. in seconds), while score MIDI inter-
prets timing in musical units (e.g. quarter notes), as used in Western music
notation.
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Fig. 1. Rhythm Perceiver architecture (for details see Sec. [3)

In this paper we propose a novel approach for audio-to-score
transcription of jazz solos inspired by human perception. It includes
a tokenization scheme based on rhythmic patterns and a transformer
architecture for structured generation of monophonic musical scores.
Since it explicitly models rhythmic perception in jazz and conceptu-
ally follows the Perceiver [[7] family of architectures, we call it the
“Rhythm Perceiver” (Fig. [T).

We make the following assumptions: (a) input audio segments
are improvised solo passages where a woodwind soloist plays along-
side a rhythm section (piano or guitar, bass, and drums); (b) music
isinaj time signature; (c) melodic and rhythmic content lies within
the mainstream jazz idiom defined in the 1950s (bebop). These as-
sumptions allow us to rely on existing high-quality beat tracking and
source separation methods. Our work is motivated by the following
observations about human perception: (a) expert transcribers typi-
cally recognize the rhythm first and fill in exact pitch values later; (b)
melodic patterns in jazz are somewhat invariant to tempo, so that ma-
terial played at one rate can often be played at double speed (called
“double time”) as well. Although we apply this approach to mono-
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Fig. 2. Examples of beat signatures (rhythm masks) compatible with
the proposed score tokenization

phonic jazz solos, it could be adapted to other data-sparse musical
styles with established rhythmic idioms.

2. RELATED WORK

The domain of improvised jazz solos is data-sparse. In the sem-
inal “Jazzomat” project [8], 456 solos were transcribed by expert
annotators, generating high-quality performance MIDI for nearly
10 hours of jazz solos (known as the “Weimar Jazz Database” or
WID). Another available dataset is Filosax [9], which contains 48
jazz standards performed by 5 tenor saxophonists over a backing
track, resulting in 24 hours of audio. Importantly, this dataset con-
tains accurate score notation of the performances, a rare and valu-
able resource for jazz improvisation. Finally, the Omnibook dataset
[LO. [11]] contains a well-studied collection of 50 relatively short im-
provised solos by Charlie Parker, comprising roughly 1 hour of au-
dio. Similar to Filosax, this dataset contains accurate score anno-
tations of the performances, but the material is significantly more
challenging because the rhythmic and melodic content is more ad-
vanced and the recording quality is lower. The PIJAMA [12] and
Jazz Trio [13] datasets contain automatically generated performance
MIDI for many solo piano and piano trio recordings, but they do not
contain score annotations.

The following approaches have been applied to automatically
generate score notation for jazz solos: In [8]], expert annotators tran-
scribed solos into performance MIDI, which were later converted
to score notation using the proposed FlexQ algorithm, performing
a grid search for the optimal rhythmic annotation that minimizes
a hand-crafted error function. Another recent approach [11] used
a convolutional-recurrent neural network to generate performance
MIDI, which was converted to score notation using the qparse al-
gorithm [14], solving a similar optimization problem via Weighted
Tree Automata and dynamic programming. These approaches share
a limitation: they are generally not suitable for widely used rhythmic
jazz idioms such as swing, syncopation, or playing behind the beat.

Our approach shares similarities with SheetSage [15 [16]: we
also use a pretrained audio encoder and a transformer encoder-only
backbone. Related ideas with different tokenization schemes were
explored for singing melody transcription [17] and audio-to-score
systems [6]. Similar to [2], we generate the score hierarchically (first
note values, then pitches), but [2] targets performance MIDI genera-
tion, whereas we generate score notation. Our original contribution
is the explicit modeling of beat-level rhythmic units, which provides
additional insights into the structure of improvised jazz solos.
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Fig. 3. Histogram of beat-signature classes extracted from Filosax
(15 most frequent classes before and after augmentation). Frequen-
cies generally follow Zipf’s law. After “double-time” augmenta-
tion, beat signatures based on 16th notes become significantly more
frequent (because, before augmentation, classes based on 8th notes
dominate shorter note values).

3. METHODOLOGY

Score and Rhythm Tokenization. Recent work [[15,17] approaches
score generation as token prediction on a fixed metrical grid, where
tokens contain pitch and onset information. A common choice for
the grid resolution is the sixteenth note, which is unable to encode
triplet eighth notes, a defining element of jazz phrasing. Therefore
we use a more fine-grained tokenization scheme, dividing each beat
into 12 equal parts (“bins”). Each bin is assigned one of 130 token
classes: 128 MIDI pitches (onset tokens), 1 rest token, and 1 tie to-
ken. The first bin of each note is an onset token; subsequent bins for
that note are ties, and unvoiced bins (gaps between notes) are rests.
This tokenization encodes the following monophonic note values:
whole, half, dotted half, quarter, dotted quarter, triplet quarter, 8th,
dotted 8th, 16th, 8th-note triplets, and 16th-note triplets. Addition-
ally, we introduce the concept of a “beat signature”: a sequence of
12 bins representing the rhythmic pattern within a beat, where the
pitched onset tokens are replaced by a single generic onset token
(see Fig. [2).

‘We motivate this by the fact that jazz has an established rhythmic
idiom; to correctly define note characteristics we must know their
rhythmic context. For example, 8th notes are commonly played with
rhythmic displacement (“swing” feel), where instead of dividing the
beat into two equal 8ths, it is divided into longer and shorter parts.
The ratio between these parts (the swing ratio) is usually stable over
a piece but changes with tempo and style. A common swing ratio
at medium tempos is 2:1, approaching 1:1 as tempo increases [18].
A more nuanced example is a four-note pattern where the first three
notes are 16th-note triplets and the last is an 8th note. This pat-
tern can be confused with four 16th notes, especially at fast tempos.
However, these rhythmic structures are not interchangeable: the first
is commonly used in phrases of swung 8ths to embellish a down-
beat 8th note, whereas the second is used in lines of 16ths (often
referred to as a “double-time” feel). An example of both patterns
appears in the melody of Charlie Parker’s “Confirmation” (second
beat of bar 2 and first beat of bar 21, respectively). In these exam-
ples, actual note durations depend not only on the nominal value but
also on position in the rthythmic grid. This position can also be af-
fected by expressive timing, such as playing slightly delayed or (less
commonly) ahead of the beat, which is characteristic of certain jazz
styles. These style-dependent rhythmic idioms define a gap between
musical content and its score representation. Readers of score nota-
tion are expected to have sufficient stylistic knowledge to interpret
the score accurately.

To solve the rhythm classification task, we first define a set
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of beat-signature classes compatible with the proposed tokenization
scheme. We extract these classes from the Filosax dataset as follows:
for each beat, we construct a rhythm signature as a sequence of 12
bins with onset, tie, or rest tokens. If this construction is impossible
due to unsupported note values, we assign a special “unsupported”
class to the beat. We then compute class frequencies and assign a
special “rare” class to beats with less than 30 occurrences. After
this procedure we obtain 42 unique beat-signature classes (plus two
special classes). We also apply a “double-time augmentation” by
dividing each note value by two. This is motivated by the common
practice of playing similar material at different time resolutions (the
same melodic line may be played with 8ths or 16ths, depending on
tempo and harmony). Figure |3| shows the histogram of the most
common beat-signature classes before and after augmentation.

Audio Encoder. To extract audio features we design a modu-
lar frontend consisting of source separation, beat tracking, and on-
set/frame recognition (Fig[). Since we mainly work with saxophone
and trumpet solos, we use an open-source source-separation system
[19] trained to produce two stems: a single wind instrument and
the accompaniment. In the small-ensemble jazz tradition, a soloist
is typically accompanied by a “rhythm section” (piano, double bass,
and drums) whose role is to outline the rhythmic and harmonic struc-
ture while interacting with the soloist. While the soloist’s lines may
be rhythmically sophisticated (as discussed above), the accompani-
ment tends to be rhythmically clearer. We exploit this in the next
step, beat tracking. We apply the open-source Madmom beat tracker
[20] with the following settings: (i) we apply it to the separated ac-
companiment rather than the original mix; (ii) we set the “transition
lambda” parameter high, since we do not expect significant changes
in tempo or meter within the analyzed fragment.

For onset and frame extraction we employ the strategy from [1],
later used in a state-of-the-art AMT system for jazz solos [L1]. It
consists of several convolutional audio encoders followed by gated
recurrent units (GRUs), trained to predict frame-level pianoroll and
onsets from the mel spectrogram of the original audio.

Shared Position Encoder. We propose a beat-synchronized hi-
erarchical position encoding scheme for both modalities (score to-
kens and audio-extracted features) with three levels of granularity.
The high-level position encodes the bar index in the analyzed frag-
ment; the medium-level position encodes the beat index within a bar;

the low-level position encodes position between neighboring beats.
Since both modalities share the high- and medium-level structures,
we propose shared encodings for these levels, while low-level posi-
tions in the score (bin index) and audio (frame index) are encoded
independently.

Let Ny, be the total number of bars in the analyzed fragment,
Nieqr the number of beats per bar, Ny, = 12 the number of score
bins per beat, and D, the positional-encoding dimension. To en-
code bar and beat positions we use Npq,r and Npeq: trainable embed-
ding vectors of dimension D,.. To encode low-level score positions
we use a set of Ny, trainable embedding vectors of the same dimen-
sion. We also encode the position of special tokens that define the
beat signature for each beat via an additional trainable embedding
vector of dimension D)., used homogeneously with bin position en-
codings.

For low-level audio positions we take a different approach, since
the number of spectrogram frames between beats varies with tempo.
For each frame f; we compute w; € [0, 1) as the time from the frame
center to the previous beat, divided by the time between the previous
and the next beats.

Let {B¢,0, B¢,1, Be,2, Be,3} denote the beat times within bar £,
and ¢4 = Be+1,0 denotes the first beat time of the next bar (assum-
ing that bar £ is in  time signature). For a frame centered at time ;,
we define the bar index ¢; and the beat index b; € {0, 1,2, 3} such
that t; € [Be, b, Be;,b;+1), and the normalized phase

i — ti — Be; b,
' Beibi+1 — Bei b,
We then apply a Fourier feature mapping to w; to obtain a vector

of dimension 2K, which is then passed through a multi-layer per-
ceptron to obtain a vector of dimension D,,.:

€0,1). )

fi = [sin(2mk wi), COS(Z’Tkai)]szl € R*¥, 2)
PE™™ — MLP(w;, f;) € RPr. A3)

This encoding helps distinguish sequences of different note val-
ues; for example, a sequence of triplet 8ths will have onsets near
peaks of cos(27 - 3w; ), while a sequence of 16ths will have onsets
near peaks of cos(27 - 4w;). We set K = 6, as we do not expect
more than 6 onsets within a single beat.

Finally, the positional encoding for an audio frame (and for a
score bin) is the sum of all three components:

PE;wdio _ PE{mme + PE?M. + PE?SM c RDPE, (4)

PE?co're _ PE7b'm + PEi?a'r + PEfeat c RDpe' (5)

Rhythm Perceiver Architecture. The Perceiver architecture
[7] is transformer-based, with an early cross-attention layer that
projects inputs into a latent space (potentially better suited to the
task), followed by a transformer encoder operating on the latents.
For Rhythm Perceiver (Fig[I) we design the latent space as a con-
catenation of bin and rhythm latents, which are then processed by a
shared transformer encoder. After that, rhythm and bin latents are
processed by two branches. The rhythm branch consists of a linear
classifier that predicts a beat-signature class for each beat. The bin
branch consists of an additional transformer encoder followed by
a linear classifier that predicts a pitch value for each bin. We also
condition the bin branch on the rhythm branch by adding a rhythm
mask to the bin latents immediately after the shared encoder.



Table 1. Ablations on the Filosax test set

Variant Pianoroll Acc T Rhythm AccT  Pitch AccT OnsetF1 1T  OnsetRecall T  Voiced Acc 1

Perceiver 0.90 0.83 0.95 0.91 0.90 0.97

+ Rhythm Classifier 0.91 0.86 0.94 0.92 0.92 0.97

+ Mask Injection 0.91 0.87 0.95 0.92 0.92 0.97

+ DT augmentation (final) 0.92 0.87 0.95 0.93 0.93 0.97

Table 2. Audio-to-Score evaluations on the Omnibook dataset

Variant Pianoroll Acc T Rhythm Acc 1  Onset F1 T Multi-Pitch Acc 1 MV2H 1 Note Insertion |  Note Deletion |
CRNN + gparse [[L1] 0.19 0.18 0.48 N/A N/A 23.26 54.74
Perceiver 0.51 0.48 0.81 0.64 £0.13 0.92 +£0.03 17.21 61.13
Rhythm Perceiver 0.53 0.53 0.83 0.64 £0.13 0.92 +£0.03 20.42 53.36

A rhythm mask is created from rhythm branch predictions by
unfolding each predicted class into a sequence of 12 bins with on-
set, tie, or rest tokens. Each token is replaced with one of three
learnable embedding vectors of the same dimension as the bin po-
sitional encoding. We also use this mask when computing the pitch
loss: cross-entropy is calculated only at note onset positions indi-
cated by the mask. During training we use teacher forcing, supply-
ing the ground-truth rhythm mask instead of predictions. The model
is trained end-to-end with the following loss:

Lrp = CE(J, y|7) + Amytun - CE(7, 1), (6)

where ¢ is the predicted pitch, y is the ground truth pitch, 7 is the
predicted rhythm class, r is the ground truth rhythm class, and Arythm
weights the rhythm loss. We set Amyim = 1.0.

At inference time we first predict rhythm classes for each beat,
then read out pitch predictions at note-onset positions indicated by
the rhythm mask, generating a score in the same tokenization scheme
as during training. To convert this representation to MusicXML for-
mat we use standard methods from the “music21” library [21]].

This two-stage approach has two benefits: (i) it mirrors human
transcription practice, recognizing rhythm first and then filling in
pitches; (ii) it enables structured generation of score notation, where
errors have local scope and the produced score is guaranteed to be
syntactically valid.

4. RESULTS AND DISCUSSION

The CRNN frontend was trained on a combination of the Filosax and
WID datasets. To match the inference domain, Filosax solo tracks
were mixed with background tracks at various loudness ratios and
then separated using UVR [19]. We selected 396 WID tracks con-
taining wind instrument solos and performed source separation as
well. Onset and offset encoders are trained with a regression loss
(mean squared error). The objective is to estimate the distance be-
tween each frame center and the nearest onset or offset event. To im-
prove robustness we apply random key transpositions to avoid over-
fitting to common keys.

Rhythm Perceiver was trained only on Filosax (split: compo-
sitions 1-44 for training, 45 for validation, 46-48 for testing). We
use 256-dimensional embeddings; the shared latent transformer has
6 layers and 8 attention heads; the bin transformer has 4 layers and
8 heads; dropout is 0.1 and the learning rate is 10~%.

In the ablation study (Tab. [I), we evaluate the effect of explicit
beat-signature modeling: (i) Perceiver without rhythm supervision

(bin branch only); (ii) rhythm supervision without cross-branch con-
ditioning (mask used only in the loss); (iii) full Rhythm Perceiver
with cross-branch conditioning; (iv) Rhythm Perceiver with double-
time augmentation. We report beat-level rhythm accuracy, note-level
onset precision, recall, and F1; pitch accuracy for correctly predicted
note onsets; and score-based pianoroll accuracy (pianorolls are gen-
erated from the predicted score and aligned with the ground truth at
the same BPM). Onset precision and recall are calculated with zero
tolerance.

The results show that the main source of improvement is struc-
tured prediction: in the bin-only model, it is not guaranteed that each
note begins with an “onset” token, which lowers onset recall. Beat-
level rthythm accuracy also improves consistently with the addition
of rhythm supervision.

To compare our approach with the state of the art, we repro-
duce the setup from [[11], using the same subset of Omnibook tracks.
Edit-based metrics (“note insertion” and “note deletion”) are directly
comparable with [11], although we found their performance highly
sensitive to the quality of beat tracking. Since beat tracking is out-
side the scope of this work, we divided the test set into “easy” and
“hard” subsets: the “hard” subset contains tracks with fast tempos,
poor recording quality, and rhythmically complex accompaniments
(roughly 40% of the test set), while the “easy” subset consists of
tracks with reliable automatically generated beat tracking (see Sec.
[). The remaining metrics in Tab. [J] are reported on the “easy” sub-
set (60% of the original test set). Following [5], we also report the
MV2H metric [22]], along with its most relevant component for our
task, “multi-pitch accuracy.”

These results demonstrate a clear improvement over prior work
and highlight the benefits of explicitly modeling beat-level rhythmic
units, which is our main original contribution. However, the domain
mismatch between Filosax and the Omnibook is evident: pianoroll
and rhythm accuracies decrease substantially. This can be attributed
to the fact that our model is optimized for rhythmic structures within
Filosax, which primarily covers mainstream jazz. It is not designed
to capture complex polyrhythms or more abstract avant-garde styles.
The Charlie Parker Omnibook contains denser, more inventive, and
technically challenging material than Filosax. Addressing this gap in
available transcribed jazz solos, as well as extending our approach to
polyphonic music, remain important directions for future work.
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