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Abstract 029

A written music score specifies what notes should be played, but much of the 030

musical meaning of a performance comes from how those notes are interpreted: 031

pianists shape timing, dynamics, tempo, and articulation to communicate struc- 032

ture, style, and emotion. Modeling this expressive aspect of music matters for 033

music education, digital performance rendering, and creative Al systems, and is 034

difficult precisely because the same score admits many different but musically 035
valid interpretations.

In this paper, we present YQX+, a benchmarking framework for probabilistic 036

modeling of expressive piano performance. YQX+ shifts the focus from demon- 037

strating a single rendering system to comparing how different models capture 038

the expressive variation observed in human performance. To make that compar- 039

ison possible, it fixes the prediction task, a shared multi-scale contextual feature 040

representation, and a common evaluation protocol, so that model families are 041

trained and compared on equal footing. Given a symbolic score, every model 042

in the suite predicts the same note-level expressive parameters, including beat 043

period, velocity, timing deviation, and articulation ratio, from features that cap- 044

ture local note context, harmonic texture, phrase structure, and score markings. 045

046
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The suite takes the original YQX Gaussian mixture model (GMM) as its refer-
ence point and extends it to XGBoost, variational autoencoders, and conditional
flow-matching models.

To support perceptual evaluation, we also introduce PerformanceMOS, a data-
driven estimator of perceived expressive quality and performance skill from
symbolic piano performances. Experiments show that larger-capacity XGBoost
and (3-VAE models achieve lower timing and articulation errors than prior
baselines, including DExter and VirtuosoNet, and obtain the highest predicted
mean opinion scores (MOS). These findings establish YQX+ as a system-
atic benchmark for probabilistic modeling of piano performance expression,
with PerformanceMOS providing a scalable proxy for human listening eval-
uation. The code, trained models, and evaluation scripts are available at
https://github.com/kkwsts/YQX-Plus.

Keywords: Benchmarking, Expressive Performance Evaluation

1 Introduction

A written piano score specifies the notes to be played, but it does not fully deter-
mine how the music should sound. In Western classical piano performance, performers
shape the score through nuanced choices of timing, dynamics, tempo, and articulation,
allowing the same piece to give rise to different but musically valid interpretations.
This expressive component is central to a performance, as it conveys phrasing, stylistic
character, and the performer’s interpretative intent.

Computationally modeling this expressive component remains a longstanding chal-
lenge in music information retrieval (MIR), with applications in music education,
digital performance rendering, and creative Al systems [1-3]. The challenge is not only
to generate a plausible performance, but also to model the range of expressive choices
that human performers may make from the same score. This motivates probabilistic
approaches, which can represent performance expression as a distribution of possible
interpretations rather than as a single deterministic output.

The original YQX system [1], winner of the 2008 Automatic Performance Render-

ing Contest (RenCon) [4], provided an early demonstration of this idea by learning



expressive control parameters such as local tempo, loudness, and articulation from
human piano performances. However, YQX was centered on a Gaussian mixture model
approach and was not designed as a modular benchmark framework for comparing
modern probabilistic and generative models. More recent systems, including diffusion-
based expressive control models [5] and multimodal rendering architectures such as
RenderBox [6], have advanced expressive performance generation. Yet these systems
are difficult to compare directly, because they often differ in their score representations,
output targets, modeling assumptions, and evaluation protocols.

This paper presents YQX+, a benchmarking framework built around a mod-
ern reimplementation of the original YQX system. YQX+ revisits score-conditioned
performance prediction as a supervised learning task: given a symbolic score, the
model predicts note-level expressive parameters describing how the score is performed.
The framework combines structured musical features, a unified target representation,
systematic feature ablations, and a perceptually grounded evaluation.

Figure 1 illustrates this score-conditioned prediction task, showing how a notated
score is aligned with a performed version and how note-level expressive targets such
as beat period, dynamics, timing, and articulation are extracted.

This evaluation component is particularly important because reconstruction-based
objective errors (such as deviation) in timing, dynamics, or articulation do not neces-
sarily capture whether a rendered performance sounds natural, expressive, or skilled
to listeners. To address this, we introduce PerformanceMOS, a data-driven estimator
of perceived performance quality from symbolic piano performances.

As a result, YQX+ shifts the focus from demonstrating a single rendering system
to comparing how different models capture the expressive variation observed in human
performance.

The main contributions of this work are as follows:
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Fig. 1 The opening phrase of Schubert’s German Dance D783, No. 15, with top voice in green
and bottom voice in red. The left panels show the piano-roll representations of the score (top) and
performance (bottom), with alignment of the symbolic note representations in beats and seconds
respectively. The right panels show four expressive targets extracted from the snippet.

® We introduce YQX+, a unified score-conditioned expressive performance prediction
framework that extends the original YQX system with richer musical representations
and benchmarking capabilities for modern probabilistic modeling approaches.

® We evaluate a range of models within this framework, from traditional machine
learning methods to deep generative approaches, including Gaussian mixture mod-
els, XGBoost, Variational Autoencoders, and flow-matching networks. Through
systematic feature ablations, we examine the relative importance of different levels
of score context for predicting expressive performance parameters.

® We introduce PerformanceMOS, a data-driven model for estimating perceived
performance quality, including skill, fluency, and expressiveness, from symbolic
piano performances. This provides a scalable perceptual evaluation component for

comparing YQX+ models and existing expressive rendering baselines.

The remainder of this paper is organized as follows. Section 2 reviews related
work on expressive performance rendering and perceptual evaluation. Section 3

introduces the YQX+ representation framework, including the score-derived input



features, expressive performance targets, and probabilistic modeling approaches.
Section 4 describes the datasets, feature configurations, and training setup. Section 5
presents the objective metrics, PerformanceMOS evaluation, and subjective listening
study. Section 6 discusses the findings and outlines future extensions of the YQX+
framework.

Before presenting these sections, we introduce the key musical terminology. Music
Score: A written guide in Western notation showing idealized pitch, timing, and
markings for performance. Performance: A symbolic representation of performed
musical events with absolute timing. Music Note: A musical event indicating the
pitch, start time, and duration of a sound. Joint Onset: A group of notes notated
as starting simultaneously. Voice: A sequence of notes that is perceived as a coherent

musical line.

2 Background and Related Work

This section reviews two areas of prior work that motivate YQX+. First, we con-
sider expressive performance rendering, focusing on how existing systems represent
the score, model the mapping from score to performance, and define the expressive
parameters to be predicted. Second, we review perceptual evaluation methods, since
benchmarking expressive performance models requires not only objective error met-
rics, but also ways to assess whether generated performances sound natural, expressive,

and skilled to listeners.

2.1 Expressive Rendering

Expressive performance rendering has long been studied in music information retrieval,
with early work recognizing the role of machine learning [7] alongside several rule-based

approaches [3, 8, 9]. In this section, we review learning-based approaches according
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Table 1 Summary of expressive performance rendering models according to their input features,
modeling approach, and target representation. Acronyms used in the table: IR, Narmour’s
implication-realization model; IOI, inter-onset interval; GMM, Gaussian mixture model; CRF,
conditional random field; RNN, recurrent neural network; LSTM, long short-term memory network;
FFNN, feedforward neural network; VAE, variational autoencoder; SSL, self-supervised learning;
XGBoost, extreme gradient boosting; CFG, classifier-free guidance; CFM, conditional flow matching.

Method Year Features Modeling Target
YQX 2009 7 mid-level features (pitch GMM 101 formulation
interval, rhythmic context,
IR, etc.)
Polyhymnia 2011  Piano-roll + one-hot vectors =~ CRF IOI formulation
of markings
Basis Mixer 2018  Collection of basis functions: ~ RNNs/LSTMs Basis Mixer style
pitch, dynamics markings, (onset-wise);
piano-roll, harmonic tension, = FFNNs
segmentation features, etc. (note-wise)
VirtuosoNet 2019  Hierarchical score features in  Hierarchical RNN Tempo, velocity,
note/beat/measure levels with multi-level onset deviation,
attention articulation and
pedal usages
Maezawa et al. 2019  7-beat local piano-roll + one-  Conditional Velocity, onset
hot encodings (pitch, 101, Variational RNN deviation,
duration, tempo, velocity) duration, and
tempo fluctuation
(categorical)
SketchExpression 2022 8 low-level score features Conditional VAE 10I formulation
(pitch, duration, chord with SSL
position, etc.)
midihum 2023  ~400 engineered features XGBoost Velocity only
from seq. modeling (pitch
oscillators)
ScorePerformer 2023  SPMuple: 8 score tokens + 4  Transformer w. SPMuple tokens
performance tokens VAE encoding
(tokenized tuples) heads
DExter 2024  Score codec (4 X n matrix) Diffusion w. CFG Basis Mixer style
+ Perceptual codec (7 X n), conditioning
note level
PianoFlow 2025  Score feature (pitch, CFM Performance
position, PositionShift, features (velocity,
duration) TimeShift,
TimeDuration,
TimeDura-
tionSustain)

to three aspects: the score-derived information provided to the system, the model-

ing approach used to learn the mapping from score to performance, and the target

representation used to capture and reconstruct expressive detail.

6



For learning-based expressive performance rendering, these three aspects provide
a useful basis for comparison, because existing systems differ not only in their model
architectures but also in the musical information they use as input and in how they
represent expressive output. YQX [1], the direct predecessor of the present framework,
illustrates an early instance of this design space along three aspects. Its features are
a set of seven descriptors, pitch interval, rhythmic context, and measures derived
from Narmour’s implication-realization (IR) theory [10, 11]. The modeling approach
is a simple Bayesian network, in which continuous features are treated as Gaussian-
distributed and discrete features as probability tables, with each target predicted by
linear regression over a joint distribution estimated separately for every combination
of discrete feature values. The target representation is the inter-onset interval (IOT)
ratio together with loudness and articulation, computed for a single monophonic voice,
with the remaining voices synchronized to it afterward.

Polyhymnia [12] keeps YQX’s IOI-style target formulation, but replaces the
Bayesian network with a Conditional Random Field (CRF) over a sequence of score
feature vectors, letting sequential dependency between notes be modeled directly in
the graphical structure rather than imposed afterward. The distinctive strategy is
structural rather than learned, where each chord is split into a ‘parent’ note and ‘addi-
tional” (decorative or doubling) notes, with the additional notes’ loudness modeled as
dependent on their parent’s rather than predicted independently.

Basis Mixer [13] extends this design. The features generalize YQX’s fixed set into
an open-ended collection of basis function that uniformly encode a wider range of score
information (i.e. dynamic markings). While the framework originated from closed-
form linear regression, its modeling approach evolved into a pair of non-linear sequence
models. The onset-wise targets are modeled with recurrent networks (RNNs/LSTMs)
and gated recurrent units (GRUs), while note-wise targets are modeled with feed-

forward networks (FFNNs) over local context. The target representation decomposes
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note-level timing into beat period, representing global tempo, and timing deviation,
representing local expression.

VirtuosoNet [2] replaces hand-designed higher-level context features (i.e. phrase)
with a fully learned hierarchical score encoder, where the beat- or measure-level
context is pooled from note-level representations via attention rather than com-
puted analytically. The hierarchical RNN-based model generates tempo and dynamics
at the measure level first, and refine them into note-level tempo, velocity, onset
deviation,articulation, and pedal use.

For more recent work, DExter [5] encodes performances in a fully invertible, Basis
Mixer style note-level codec, conditioned on a score codec and a perceptual codec for
steerable generation. A diffusion model is used for capturing global tempo and dynam-
ics trajectories. PianoFlow [14] uses four score features (pitch, note’s position inside
the bar, PositionShift for an inter-note-interval between consecutive score notes, and
duration), embedded continuously rather than as discrete tokens to preserve relative
pitch and timing information, and trains a masked conditional flow matching (CFM)
model that learns to inpaint whichever performance features a sampled mask hides.
Its target representation is four performance features per note, velocity, TimeShift
(merges tempo and onset deviation into a inter-onset local-tempo measure), TimeDu-
ration and TimeDurationSustain (a pedal-aware note duration split into pressed and
sustained components, jointly approximate articulation and pedal use).

Table 1 summarizes these differences across prior symbolic expressive rendering
systems. Several representative systems illustrate why such comparisons are difficult.
Maezawa et al. [15] and Jeong et al. [2], for example, use sequential models such as
recurrent neural networks (RNNs) and long short-term memory networks (LSTMs),
but differ in the score context provided to the model and in the expressive param-
eters they predict. More recent controllable rendering approaches [16, 17] introduce

conditioning mechanisms through variational models, hierarchical style encoders, or



token-based control representations. While these systems improve generation and con-
trol, their differing inputs, targets, and modeling assumptions make direct comparison
across methods difficult.

Target representations also vary substantially across prior work. Many transformer-
based models [18, 19] output performed notes directly as symbolic tokens, which does
not explicitly separate score content from expressive deviations. One early represen-
tation that explicitly models expressive timing is the IOI formulation [1, 12], which
represents timing through inter-onset intervals between adjacent notes. However, this
formulation assumes a one-dimensional note stream, making it less suitable for poly-
phonic piano music. Basis Mixer [13] decomposes note-level timing, generalizing to
polyphonic textures in a way IOl formulation does not. The target representation used
by PianoFlow [14] differs from the others reviewed here in combining what they treat

as separate targets into fewer.

2.2 Performance Evaluation

Evaluating expressive performance rendering is likewise difficult. Objective evaluation
is almost always reconstruction-based: the predicted expressive parameters are com-
pared with those extracted from one recorded human performance of the same score,
and the resulting differences in timing, dynamics, or articulation are reported as errors.
The term is inherited from supervised learning, where any departure from the held-out
target counts as an error, but a score admits many valid interpretations, so a differ-
ence from one particular reference performance is not in itself a defect. Peter et al. [20]
examine this assumption directly: in a listening test they find that listeners perceive
subtle differences between performances that quantitative reconstruction measures do
not capture, and in further experiments they find that the reliability and validity of
such measures vary considerably across reference performances and pieces. We there-

fore treat the deviation measures reported in Section 5 as differences from one specific
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reference performance rather than as errors in an absolute sense, and pair them with
perceptual measures. Human listening tests provide the perceptually meaningful judg-
ments that reconstruction measures lack, but they are costly, time-consuming, and
difficult to scale.

A complementary line of work assesses a performance directly, without comparing
it to a matched recording of the same piece. Music performance analysis has a long
history of relating measurable properties of a performance to human judgments of its
quality [21]. One strand of recent work predicts those judgments. Expert and novice
listeners have been shown to invoke systematically different criteria when assessing the
same student performances [22], which makes the provenance of the ratings part of the
evaluation design rather than an incidental detail. Datasets pairing performances with
expert annotation have made rating prediction tractable: PercePiano [23] labels 1,202
performance segments with 19 perceptual features grouped into eight categories, while
the NeuroPiano [24] and YCU-PPE [25] corpora provide examiner ratings of student
performances. Models trained on such data range from feature-based regressors to
language-model coaches that answer free-form questions about a performance [26].

A second strand localizes what a listener notices as wrong, rather than scoring the
performance as a whole. Morsi et al. [27] detect conspicuous mistakes without access
to the score, on the observation that some errors are salient to listeners while others
pass unnoticed. Subsequent work [28] organizes these phenomena into a hierarchical
taxonomy of piano performance mistakes, in which a low level of granular score devi-
ations (pitch insertion and deletion, note delay and anticipation, note extension and
shortening, and time shifts or jumps within the score) composes into a mid level of
core mistakes and recovery behaviours such as mistouches, substitutions, time inter-
ruptions, dragging, and note repetitions, each associated with the musical texture in
which it occurs. Because the taxonomy is generative as well as descriptive, it can be

used to synthesize mistakes on mistake-free performances, and it has since been used to

10



augment score-aligned corpora for expressive rendering [6]. RUMAA [29] unifies score-
performance alignment, score-informed transcription, and mistake detection within a
single model. This strand is complementary to the present work: it identifies depar-
tures from the notated score that are unintended, whereas the expressive parameters
modeled here are precisely the departures that are intended.

Beyond the music domain, this problem is related to automatic quality assess-
ment in speech, music, and audio, where data-driven models are increasingly used to
approximate human perceptual ratings [30-32].

In speech, perceptual quality has traditionally been evaluated using human lis-
tening tests, particularly mean opinion score (MOS) evaluations. The VoiceMOS
Challenge series [33], initially launched in 2022, has encouraged the development of
reference-free (non-intrusive) MOS prediction methods that estimate human ratings
from data. Similar ideas have also been extended to music and general audio evaluation
[34]. For example, Audiobox Aesthetics [30] and SongEval [31] use human-annotated
perceptual data to predict qualities such as musicality, structure, and production
quality.

However, expressive piano performance evaluation differs from general audio qual-
ity assessment because the object being judged is not only audio fidelity or production
quality, but also the perceived skill, fluency, and expressiveness of a performance. To
support a scalable evaluation in this setting, we introduce PerformanceMOS, a neural
regression model trained on rubric-augmented and human-rated piano performance
data. PerformanceMOS provides a data-driven approximation of expert perceptual
evaluation and complements the reconstruction-based measures when comparing

expressive rendering models.

11

461
462
463
464
465
466
467
468
469
470
471
472
473
474
475
476
477
478
479
480
481
482
483
484
485
486
487
488
489
490
491
492
493
494
495
496
497
498
499
500
501
502
503
504
505
506



207
508
509
510
511
512
513
514
515
516
017
018
519
520
521
522
5923
524
925
526
927
528
529
530
531
932
933
934
935
536
237
938
539
540
541
542
943
544
945
546
047
948
549
550
951
952

3 Methodology

YQX+ models expressive piano performance as a score-conditioned prediction prob-
lem. Given a symbolic score, the aim is to predict a compact set of note-level
parameters that describe how the written notes are realized in performance. A render-
ing system could instead emit performance MIDI or audio directly [18, 19]; we predict
parameters because benchmarking requires all model families to share one fixed target,
and because parameters defined relative to score notes keep the output note-aligned
to the score by construction. This entails two design choices: a representation of the
musical context available from the score, and a target representation that separates
expressive deviations from the underlying score content.

We first describe the score-derived features used to represent each note in context.
These features extend the original YQX representation by incorporating information
about pitch, harmony, rhythm, phrase structure, and score markings. We then define
the expressive targets predicted by the models: beat period, velocity, timing deviation,
and articulation. Finally, we describe the probabilistic modeling approaches used to
compare different ways of learning the mapping from score features to expressive

performance parameters.

3.1 Score and Performance Representation
3.1.1 Features

The original YQX system used seven features describing timing, articulation, and
loudness, including pitch intervals, local rhythmic context, and melodic expectation
features derived from Narmour’s implication-realization (IR) theory. YQX+ extends
this representation with five categories of score-derived features: pitch, harmony,
rhythm, phrase structure, and score markings. Inspired by midihum [35], we also
include long-range contextual features to capture musical information beyond the

immediate neighborhood of notes. Figure 2 illustrates a representative subset of these

12



features. A complete list of features and descriptions is provided in the supplementary

materials.
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Fig. 2 An example showing some prominent features of: (1, red) the current note and the two
adjacent notes; (2, blue) notes that belong to the same phrase as the current note; (3, green) notes
simultaneous with the current note.

Pitch

Besides the basic pitch class and octave information, we extended the pitch features

as follows:

e Pitch interval features: For each note n;, forward and backward pitch intervals
are computed as A" = p(niy ) — p(ng) and A7F = p(ny) — p(ni_x), where p(n;)
denotes the pitch of n; in semitones and the index i runs over the notes of the voice
containing n;. Every interval is measured from n; itself rather than between suc-

cessive notes, and we take k € {1,2,3}, giving six features per note: three forward
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intervals to the first, second, and third following note of the voice, and three back-
ward intervals to the first, second, and third preceding note. Intervals that reach
beyond the start or end of the voice are set to zero.

e Pitch interval direction: The direction of each forward interval, s¥ = sign(A;“k)
for k € {1,2,3}, where +1 is ascending, —1 is descending, and 0 represents a
repeated pitch.

® Melodic contour: Unlike the interval features above, which are all measured from
n;, this feature describes the directions between successive notes. It is the sequence
(sign(p(nitj+1) —p(niﬂ)))é;% of directions over the next [ steps of the voice, taken

as a single categorical pattern, with [ € {3,5}.

p(ni)—min, e, p(n;)

e Pitch range context: -
Hlaan Evny p(nj)_mlnnj Evn,

o) the normalized pitch of n;

with respect to the pitch range of all notes n; in its voice vy, .

Harmony

Harmony features capture interdependencies among simultaneously active musical

notes, relevant for the performer’s interpretation of layering and texture.

® Harmonic density: The onset density is defined as the number of notes still
sounding when n; begins, i.e., ZTdensity(1:) = [{n; | o(n;) < o(n;) < o(n;) + d(n;)},
where o(n;) and d(n;) are the onset time and duration of note n; in beats. The
density ratio normalizes this by the largest number of notes sharing a single onset
anywhere in the piece.

e Harmonic interval: These describe pitch relations between the current note and
the other notes sounding when it begins. All three are signed from n; outwards,
so that a positive value means the other note lies above n;: the interval to the

highest note nyp, is xfﬁf (ni) = p(niop) — p(n;), to the lowest note npey is 225 (n;) =

av

p(nbot) —p(n;), and to the average pitch is 2 (n;) = Pon(n;) —p(n;), where pon(n;)

is the mean pitch of those notes.
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Rhythm

Following the YQX system, we extract rhythm-related features that capture local

patterns, beat positions, and relative durations.

® Rhythmic context: Local duration patterns, computed at two granularities. The
relative pattern compares the neighbouring durations to that of n,: each of d(n;_1)
and d(n;4+1) is labelled short (s) when its ratio to d(n;) falls below 0.75, long (1)
when it exceeds 1.33, and medium (m) otherwise. The absolute patterns discretize
the durations of n; and its following two or four notes in the voice into short (<
0.5 beats), medium (< 1 beat), and long (> 1 beat), forming sequences such as
s-s-1-m-1 that characterize the local rhythmic contour R. Notes whose window
extends past the end of the voice take a separate boundary category.

® Beat position: Using the measure and time signature parsed from the score, the

O(ni)fom ("7'7)

yp where oy, (n;) and

position of n; within its measure is Pyeat(n;) =
Ly, (n;) are the onset and length of the containing measure in beats. A note n; is
considered on beat if it lies within 0.1 beats of any metrical pulse of its measure, and
on downbeat if it lies within 0.1 beats of the measure start. Scores without measure

information fall back to a 4/4 approximation.

® Duration context: We compute duration ratios relative to both the average

d(ni)

LD R
meann, | vy, d(n;)’ and

duration in the same voice and in the entire piece: z, =

d(n;)

e T— e R T d(n;) is the duration of note n;. Additionally, we
nj€pPn; J

P
Laur =
compute the normalized rank of n;’s duration within its voice, ranky,,(n;), and the

piece, rankh (n;).

Phrase

Phrase boundaries are detected at rests, where the gap between the end of one note
and the onset of the next exceeds 0.5 beats, and at large pitch leaps of more than 12

semitones between consecutive notes. Within each phrase, we compute:
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® Phrase position: The normalized position of each note within its phrase
Pphrase(n;), and the phrase length (number of notes) Lpnrase(7i)-

e TR features: Narmour’s Implication-Realization theory [10, 11] holds that a
melodic interval sets up an expectation about the next one: a small interval implies
continuation in the same direction and at a similar size, while a large interval implies
a change of direction and a smaller interval to follow. Each note can therefore be
labelled by whether the interval that arrives fulfils or violates that implication,
yielding categories such as process (the expected continuation), reversal (a change
of direction), and registral return (the melody arrives back near where it started).
Following the implementation in YQX [1], we compute: IR-label, derived from the
implicative interval x_;(n;), the realized interval x;“i(ni), and their product indicat-
ing registral direction; and IR-closure, a scalar estimating how strongly the note
acts as a point of arrival rather than a continuation. These features are informative
for performance because pianists tend to mark points of melodic closure by slowing

down and playing more softly.

Score markings

We additionally extract performance-directive annotations from the MusicXML score.
Articulation marks (accent, staccato, and their combination) are encoded as the indica-
tor features Tace (1), Tstac(ni), and a categorical articulation type. Dynamic markings
(constant markings from pppp to ffff, sf and sfz, and cresc., decresc. and dim. direc-
tions) whose span covers n; are mapped to the categorical dynamic type, together
with a dynamic strength that scales the note’s velocity by a factor between 0.3 (pppp)
and 1.7 (ffff), and a categorical direction and contour. This matches the marking con-
ditioning used by VirtuosoNet [2], ensuring the comparison in Section 5 is on equal

footing with respect to score annotations.
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3.1.2 Targets

The target representation follows Basis Mixer [13], where each performed note is
described by four expressive parameters. Together with the score, these parameters
provide a compact representation from which the aligned symbolic performance can

be reconstructed without loss. The four note-level targets are described as follows:

e Beat period: The ratio of the inter-onset intervals (IOIs) between successive score
onset positions in the performance and the score. This parameter is defined as
follows:

o .perf( . \_ aperf/ .
Thp(n;) = IISII;ZL((’Z)) S EZi 37227“)(""), where 67/ (n;) is the actual performed

onset time, in seconds, corresponding to score onset o(n;) in beats, calculated as

the average onset time of all notes played at score onset position of note n;.

vel(n;)
127 >

e Velocity: xya(n;) = where vel is the MIDI velocity of a played note.
e Timing: zm(n;) = Ai(n;) = 6P F(n;) — oPf(n;), the average onset time of all
notes played at the score onset position (used in beat period), minus the performance

onset time of n;. The beat period is taken as the ‘tempo grid’ notion [36]; timing

would then refer to the micro-deviation of each note relative to the grid.
dperf(ni)

d(ni) - wpp(n:)

between the played and the expected (tempo-adjusted score) note duration. Taking

e Articulation: x,.(n;) = log2< ), the base-2 logarithm of the ratio
the logarithm follows the partitura encode_performance convention and makes the
scale symmetric: a note held twice as long as notated and one held half as long
are equally far from zero in opposite directions, whereas on the raw ratio scale the
former is 1.0 away from unity and the latter only 0.5. Since articulation is stored in
these units, the D, figures reported in Section 5, like the other deviation measures,
are root mean squared errors (RMSE), but in logy duration-ratio units rather than

in seconds: D, = 1 corresponds to being wrong by a factor of two in note length.
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3.2 Probabilistic modeling

The selected models span a range of modeling assumptions, from the original sta-
tistical formulation of YQX to modern neural generative approaches. To establish
baseline comparisons and evaluate the effectiveness of the updated feature representa-
tion, we evaluate two traditional machine learning models: the Gaussian mixture model
(GMM) used in the original YQX [1], and XGBoost, following its use in midihum [35].
To go beyond these traditional statistical approaches, we also evaluate Variational
Autoencoder (VAE) and Conditional Flow Matching (CFM) models within the YQX-+

framework.

3.2.1 GMM

We reproduce the GMM experiments following the original YQX formulation [1] with
K-Means initialization. Each target expressive parameter is modeled with a separate
GMM trained on the expanded feature set. The GPU-accelerated implementation is
provided by the gmm-gpu library [37]. We evaluate different capacities varying the
number of mixture components {2,4, 8,16, 32}, finding that the configuration with 16

components consistently achieved the best generalization performance.

3.2.2 XGBoost

For each expressive target ¢, we train an independent XGBoost regressor f; that
predicts the target value ¢; from the note-level feature vector x € R? The model
combines an ensemble of K regression trees: g;(x) = 25:1 fr.6(x), where each tree
fer incrementally corrects the residual errors of previous trees. The training is to
minimize the squared error loss with a regularization term on tree complexity to avoid

overfitting. The specific experiment details are reported in Section 4.
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3.2.3 Variational Autoencoder

A transformer-based conditional -VAE is implemented. The encoder takes note-wise
contextual features and outputs parameters of a latent Gaussian distribution N (i1, 02),
from which a latent variable z is sampled. The decoder, conditioned on both z and the
original context features, reconstructs expressive targets. Both encoder and decoder
are implemented as multi-layer transformer modules. The model is trained by maxi-
mizing the following 5-VAE objective, which consists of a reconstruction term and a

KL divergence regularization term:

Lsvae = Eq,(alyx) logpe(y | 2,x)] — 8 Dkw (q¢(2 | ¥, %) || p(2)), (1)

where x represents the input features, y represents the target parameters, § denotes
the parameters of the conditional likelihood py(y|z, %), ¢ denotes the parameters of
the approximate posterior ¢4(z|y,x), p(z) = N(0, ) is the latent prior, and f is the

hyperparameter controlling the weight of the KL divergence term.
3.2.4 Conditional Flow Matching

Timestep t

NRSHRERE

Timing — 7‘

Beat Period

S5 vl

Beat Period
(U} W e e mm——

..... ConditionalFlow |

fal
\ |
zg ~ N(0,I)| Noiseve

p: Score; Bottom: Performance W i x1
0 = 3 =
401 L m E
SEROR Z 8
Time (beats) P9 5 2
i > o
Jgas © =
] i | =
60 = : =
W .
3 R I B oo
Time (seconds)
Alignment Feature Inputs Velocity Field Network Integral to Expression

Fig. 3 Overview of the framework for expressive performance generation conditioned on score-level
features. The conditional flow matcher takes a symbolic score and random noise zo ~ N (0,1) as
input and predicts the velocity field v¢ iteratively throughout the trajectory. The output of the veloc-
ity field network is mapped to the final expressive performance space, capturing timing, dynamics,
articulation, and beat period variations.
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We aim to model a continuous vector field vg (x4, ¢, f) over expressive performance
parameters x, where ¢t € [0, 1] is a time parameter interpolating between a noise prior
and the real data distribution, and f represents the musical features. The training
objective is to approximate the conditional vector field that transports samples from an
initial Gaussian noise xg ~ N (0, ) to the target expressive parameter z1, by following
trajectories that approximate either linear interpolations or optimal transport (OT)
paths in the data space.

As illustrated in Figure 3, we adopt the CFM objective [38], which trains a neural
network to approximate a target velocity field u;. Our CFM model vy is parameterized
by a transformer architecture [39]. Given a source sample zy and a target sample
1 drawn jointly from the data distribution, we construct intermediate points z; by
interpolating between xy and z; with added Gaussian noise x; ~ N(t x+ (1 —
t)zg, o2I) where ¢t ~ U[0,1]. The network is trained to match the ground-truth

1 —

conditional velocity field u; (x; | 1) = #=F* by minimizing the mean squared error:

LcorMm = Em07ml7t [||U9($t7t7 f) - ut”%] . (2)

We consider both the linear and the optimal transport (OT) CFM objectives. Regard-
ing OT CFM where the pairings (zg, 1) are computed via an OT plan within each

mini-batch, the joint distribution 7(x, 1) is approximated by solving:

* = i C 3
77 argwerglﬁgﬂl)< , T, (3)

where C is the pairwise cost matrix. Samples (zg, 1) ~ 7* are used to compute the

interpolants z; and the velocity learning.
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4 Experiment setup

4.1 Datasets

For training, we used the score-performance aligned datasets ASAP [40] and
ATEPP [41], which contain MusicXML scores and aligned performance MIDI for
1815 pieces from the Western classical repertoire. The Viennadx22 dataset [42], which
contains 22 performances of four excerpts, served as the test dataset for all experi-
ments. We evaluated three feature configurations, corresponding to short, long, and
full contexts, to assess the impact of different levels of musical context on model

performance.

® Short context: This configuration includes only local features, directly derived
from the target note and its immediate neighbors. It represents the smallest
temporal window and focuses on note-level details without broader musical context.

® Long context: This configuration extends the local representation with phrase-
level structure and long-term dependencies, including multistep melodic intervals,
interval directions over two- or three-step windows, rhythmic patterns across mul-
tiple notes, and statistical measures over voice- and piece-level pitch and duration
distributions.

® Full context: This configuration incorporates all available features, including the
extended context from the midihum feature set and technical indicators, providing

a comprehensive and multi-scale representation of musical structure.

4.2 Experiment details

For the XGBoost model, we followed the midihum implementation, using a learning
rate of 0.05, maximum depth of 7, 1700 estimators, subsampling of 0.9, and col-
umn sampling of 0.6 to enhance generalization. We also conducted experiments with

higher-capacity configurations, increasing the maximum depth to 9 and the number
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967 of estimators to 2500. Both the S-VAE and CFM architectures were trained with
968

99 approximately 1.6M parameters, 6 Transformer layers, 8 attention heads, a hidden
970
971
972 for up to 1000 epochs using the Adam optimizer with an initial learning rate of 1074,
973

974 @ cosine learning-rate scheduler, and Xavier uniform weight initialization. All training
975
976
977
978
979
980
981 We evaluate YQX+ models using three complementary approaches. First, we compare
982

083 predicted expressive parameters against aligned human performances using objec-
984
985
986 perceptual proxy to estimate perceived performance quality from symbolic piano per-
987

088 formances. Third, we conduct a subjective listening study to assess whether the model
989
990
991 teners. Together, these evaluations allow us to examine both parameter-level accuracy
992

993 and perceptual quality.

994

995 . . .

996 ©°-1 Objective metrics

997
998 We evaluated the expressive performance predictions using the objective metrics
999
1000

1001 dicted and ground-truth parameters, capturing the magnitude of deviation across each
1002

1003 parameter. We also measured Pearson correlation coefficients for tempo and velocity
1004
1005

1006 sive trajectories. The results shown in Table 2 were aggregated across 22 performances
1007

1008 Per piece, and 95% confidence intervals were computed for all metrics.
1009
1010

1011 performing experiment of 3-VAE, particularly for beat period, timing, and velocity,
1012

dimension of 128, and, for the 5-VAE, a latent dimension of 64. Models were trained

was conducted on a high-performance computing cluster using a Tesla V100 GPU.

5 Evaluation

tive error and correlation metrics. Second, we use PerformanceMOS as an automatic

outputs are perceived as natural, expressive, and musically convincing by human lis-

computed against the Viennadx22 dataset. We calculated the RMSE between pre-

curves, Ciemp and Cyel, at the onset level to evaluate the structural similarity of expres-

The larger XGBoost configuration (m9, n2500) performed on-par with our best
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Table 2 Feature ablation study across different models and context windows. For XGBoost, parameters m7 and m9 represent maximum depths of
7 and 9, respectively, while n1700 and n2500 represent 1700 and 2500 estimators, respectively. Each model is evaluated with three feature
configurations: Short context (S), Long context (L), and Full context (F). Dy, D¢, Dy, and D, represent the RMSE of beat period, timing, velocity,
and articulation, respectively (D, in logz duration-ratio units), and Ciemp and Cyer the onset-level Pearson correlation of the tempo and velocity
curves. Arrows indicate the preferred direction of each metric. GMM, Gaussian mixture model; VAE, variational autoencoder; CFM, conditional

€C

flow matching; MOS, the predicted PerformanceMOS score.

Model Feats Objective Metrics MOS 1t
params Db J, Dy \L D, \L D, \l/ C'temp T C'vel T
DExter - - 0.57£0.32 0.10£0.06 0.23+0.02 1.40+0.25 0.29+0.17 0.06£0.06 59.0
VirtuosoNet - - 0.5410.24 0.124+0.11 0.24%+0.15 1.14£0.24 0.214+0.12 0.08+0.24 64.4
GMM ne = 16 S 0.64+0.54 0.05+0.01 0.284+0.04 1.62+0.16 0.01£0.03 0.03£0.08 64.4
ne = 16 L 0.66+0.54 0.0440.02 0.28+0.04 1.66+0.16 0.04+0.11 -0.01£0.06 64.3
XGBoost m7,n1700 S 0.53%0.62 0.05£0.01 0.2540.05 1.69+0.46 0.2240.07 -0.06+0.18 61.2
m7,n1700 L 0.70+0.25 0.061+0.02 0.26+0.11 4.651+0.32 -0.09£0.13 0.08+0.14 62.2
m7,n1700 F 0.5440.48 0.11£0.01 0.2440.04 1.2440.34 -0.03£0.03 0.02£0.09 64.6
m9,n2500 S 0.601+0.65 0.06+0.01 0.26+0.10 2.0540.42 0.10%0.10 0.0140.12 62.4
m9, n2500 L 0.51£0.62 0.04£0.02 0.2440.06 1.61+0.45 0.1540.08 0.05£0.18 63.5
m9, n2500 F 0.51+0.57 0.04+0.02 0.24+0.05 1.60£0.47 0.03+0.04 0.03+0.10 62.5
B-VAE B=4 S 0.51£0.61 0.03+0.02 0.2440.06 1.02+0.26 0.03£0.07 0.0240.07 60.2
B=4 L 0.50£0.61 0.03+0.02 0.2440.04 1.38+0.37 0.23£0.07 0.05£0.15 62.4
=1 F 0.53+0.63 0.03%0.02 0.23%0.06 1.1440.31 0.131+0.07 0.02+0.11 62.0
B=4 F 0.53+0.63 0.03+0.02 0.25+0.12 0.95+0.20 -0.08£0.08 0.02+0.11 64.5
B =10 F 0.5040.60 0.0340.02 0.25+0.12 1.514+0.42 0.2240.09 0.0240.10 68.9
CFM linear S 0.61£0.56 0.05£0.01 0.2740.03 1.68+0.19 0.02£0.08 0.03£0.10 52.9
linear L 5.27+0.55 1.20£0.08 0.30+0.04 3.03+0.18 0.05%+0.05 -0.05£0.09 50.3
linear F 0.89+0.62 0.07+0.01 0.35+0.15 1.64+0.14 0.01+0.05 0.051+0.07 60.2
oT S 0.591+0.56 0.0440.02 0.29+0.04 2.2040.24 0.0240.08 0.03£0.04 52.0
oT L 1.05+0.17 0.16£0.04 0.4040.09 3.1440.13 -0.10£0.06 0.02£0.07 51.7
oT F 0.871+0.32 0.04+0.02 0.25+0.03 1.9940.28 -0.001£0.05 0.02+0.06 59.8
el e e e e e e el e e e e e e e e e e e e e e e e e e el e el e e el e e el e el e e e e e e e
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1059 although its articulation errors remained higher than the best S-VAE configura-

1060
1061 tion. Among the S-VAE models, the full-context setting with 3 = 4 achieved the

1823 lowest articulation error (D, = 0.95), while the 8 = 10 setting achieved the low-

1064 est beat-period error among the S-VAE variants and the highest PerformanceMOS
1065

1066 score reported in Table 2. In contrast, the CFM models showed substantial variation
1067
1068
1069 markedly higher errors.

1070

1071 Compared with the baselines DExter and VirtuosoNet, several YQX+ configura-

1072

across trajectory objectives and feature configurations, with some settings producing

tions obtained lower timing deviation (D;) and articulation deviation (D, ), although

1074 the improvements were not consistent across all metrics. Tempo and velocity correla-

1075
1076 tlons remained low across the YQX+ models, with occasional negative correlations.

18;; This suggests that while the models can predict local expressive parameters with rel-

1079 atively low error, they do not yet consistently capture the larger-scale temporal and

1080
1081 dynamic trajectories learned by sequential models such as DExter and VirtuosoNet.

1082
1083
1084 most cases. Full-context settings provided modest improvements in correlation metrics

Across model families, the difference between short and long contexts was small in

1085
1086 for XGBoost (Cper = 0.08) and B-VAE (Ciemp = 0.22). However, deviation metrics

182; (Dy, Dy, D,,, D,) were largely similar across context lengths, with no consistent trend

1089 favoring a specific context size.

1090

1091

1092 5.2 PerformanceMOS model
1093

183‘51 5.2.1 Dataset and Augmentation

183? Accurately predicting perceptual ratings of expressive piano performance remains

1098 challenging in music education and music information retrieval [24], partly because
1099

1100 of the difficulty of specifying objective assessment criteria [22, 28]. To obtain train-
1101
1102
1103
1104

ing data covering a wide range of performance quality, we constructed a rule-based

24



mistake-synthesis pipeline that generates corrupted performances of varying sever-
ity. The rubric was informed by the Expert-Novice dataset [22, 26] and by ABRSM

grading criteria.

Algorithm 1: PerformanceMOS Data Augmentation with Rating Penalties

Input: Dataset D of performances with maximum rating R,.x and
score-performance alignment.

1 Puiform(a, b): random value in [a, ]
2 U(0, 1): uniform probability over [0, 1]
3 foreach P € D do
4 7 < Rmax;

5 if U < 0.5 then

6 Sample intensity ¢~2(0.1,1); corrupt n = min(|¢|P|], 10) wrong
notes; r < r + n - Punitorm(—3, —1);
7 if U < 0.5 then
8 Sample ¢~4(0.1,1); corrupt n = min([¢|P|],12) timing values;
7 < 7+ n - Puiform(—2, —0.5);

9 if U < 0.5 then
10 Sample ¢t~U(0.1,1); corrupt n = min(|¢ |P]], 15) velocities;
rér+n- Puniform(_1~57 _03)7
11 if 4 < 0.2 then
12 L Remove a voice; 7 < 7 + Pypiform (—60, —30);

13 if U < 0.2 then
14 L Remove a passage; r < 7 + Puniform (—50, —20);

15 | 7 < max(1,r); store (P,7);

For each clean performance in ASAP [40] and ATEPP [41], five corruption types
are sampled independently as Bernoulli events, as shown in Algorithm 1. These cor-
ruptions include incorrect notes, timing errors, velocity errors, missing voices, and
missing passages. Multiple corruptions may be applied to the same sample, and each
applied corruption subtracts a penalty from the maximum rating Ry .x of the source
dataset, where Ry.x = 80 for ASAP and Ry, = 99 for ATEPP. To prevent long
pieces from receiving unbounded penalties, the number of corrupted notes is capped
for the small-error categories: 10 for wrong notes, 12 for timing errors, and 15 for

velocity errors.
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1151 The constants in Algorithm 1 are design choices and encode three assumptions.

1152
1153 First, since r starts at Rmax and only decreases, Rmax 1s the rating an uncorrupted per-

ﬂgg formance receives, and therefore expresses the assumed quality ceiling of each source

1156 corpus. Second, the per-note penalty ranges order the three small-error types by how

1157
1158 salient they are to a listener, with wrong notes ([-3,—1]) penalised more heavily

ﬂgg than timing errors ([—2,—0.5]) and these in turn more heavily than velocity errors

1161 ([—1.5,—0.3)); the structural corruptions are penalised an order of magnitude more,
1162

1163 on the assumption that a missing voice or passage is categorically worse than any
1164
1165
1166 note penalties so that the three categories contribute comparable worst-case totals

1167
1168 (10 x 3 = 30, 12 x 2 = 24, 15 x 1.5 = 22.5), which keeps any one category from

accumulation of local errors. Third, the caps are set in the inverse order of the per-

ﬂgg dominating the synthetic rating. Together these produce a continuous distribution of

1171 synthetic quality scores suitable for regression training, as illustrated in Figure 4.

1172
1173 In addition to the rubric-augmented data, we trained PerformanceMOS using the

ﬂ;g Transkun-transcribed [43] YCU-PPE-III dataset [25]. Each performance in this dataset

1176 was rated independently by three human judges, and we used the average of the three
1177

1178 scores as the training label for MOS prediction.

1179
1180
1181
1182 ] ) )
1183 Our PerformanceMOS model builds upon Aria [44], a self-supervised transformer

1184

5.2.2 Model Architecture and Training

architecture pre-trained on large-scale MIDI performance data for music understand-

1186 ing tasks. We adapt its fine-tuning classification variant by replacing the classification
1187

1188 head with a regression head to predict continuous MOS scores on a 0-100 scale. We
1189
1190
1191 Aria’s fine-tuning protocol with a learning rate of 1075 (linear scheduler), batch size
1192

1193 of 12, and training for 10 epochs.

1194

1195

1196

report the best result from fine-tuning the model end-to-end on our data, following
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Fig. 4 Design overview for the corruption algorithm and PerformanceMOS pipeline.

5.2.3 PerformanceMOS Results

The PerformanceMOS predictions are shown in the final column of Table 2. The
highest predicted MOS was obtained by the S-VAE model with 8 = 10 and full con-
text (68.9). The best XGBoost configuration also achieved a competitive predicted
MOS score (64.6), slightly above DExter (59.0) and comparable to VirtuosoNet (64.4).
Several other YQX+ configurations, including GMM and S-VAE variants, obtained
predicted MOS scores in the same range as VirtuosoNet, while the CFM models
consistently received lower predicted MOS scores.

The PerformanceMOS results therefore suggest that the strongest 5-VAE and
XGBoost configurations are competitive with existing expressive rendering baselines
in terms of predicted perceptual quality. However, the relationship between objec-
tive errors and predicted MOS is not perfectly direct: some models achieve low
parameter-level errors without obtaining the highest MOS score. This supports the use
of PerformanceMOS as a complementary perceptual proxy rather than a replacement

for objective metrics or human listening tests.

5.3 Subjective Listening Experiment

We conducted a MUSHRA-style listening evaluation on the four Viennadx22 excerpts
(Frédéric Chopin: Etude in E major Op. 10, No. 3, bars 1-21; Frédéric Chopin: Ballade
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1243 in F major Op. 38, 1-45; Franz Schubert: Deutscher Tanz in f minor D.783 No. 15;

1244
1245 Wolfgang Amadeus Mozart: Sonata in A major K.331, first movement, bars 1-18) [42].

gf; Forty listeners, including 22 with more than five years of classical music engagement

1248 (listening and playing experience), rated six rendered versions of each excerpt on a 0 to
1249

1250 100 scale across four dimensions: naturalness, rhythmic freedom, expressiveness, and
1251
1252

1253 music markings approximately interpreted by the MuseScore! system, the rendered

1254
1255 audio was provided as a reference. This resulted in 40 x 4 x 6 x 4 = 3,340 ratings. Indi-

125? vidual listeners agreed only weakly with one another (single-listener ICC(2, 1) = 0.057;

performance quality. The music score was rendered using the same soundfont, with its

1258 mean pairwise Pearson 7 = 0.09; Krippendorfl’s ae = 0.041), which is expected when
1259

1260 €xpressive nuance is judged by a heterogeneous listener panel rather than by calibrated
1261
1262
1263 estimated from the same between-listener and between-stimulus variance components

1264
1265 and expresses the reliability of the 40-listener mean rather than of any single rating.

experts [30]. Averaging over the panel is nevertheless reliable: ICC(2, k=40) = 0.707 is

ggg Subsequent analyses therefore use ratings aggregated over listeners. By comparison,

1268 the three trained YCU-PPE-III judges used to train PerformanceMOS showed higher
1269
1270 Panel-level reliability (ICC(2, k=3) = 0.846, single-judge leave-one-out r = 0.69-0.77),

1271 hsistent with rubric-based expert assessment.

1273 Table 3 reports the mean ratings for each system with 95% bootstrap confidence

1274
1275 intervals. The 5-VAE model achieved the highest mean rating (62.7), followed closely

g;g by VirtuosoNet (61.1) and XGBoost (60.1). DExter (56.4), CFM (51.7), and GMM

1278 (50.4) received lower mean ratings. Paired Wilcoxon tests with Holm correction over

1279
1280 &l 15 system pairs placed the top three systems in a statistical tie (PHOIMm > 0.09;

gg; Cliff’s 6 < 0.10, negligible), while all nine comparisons between the top-three and

1283 bottom-three systems were significant (proim < 0.01). These results indicate that

1284
1285 the learned probabilistic YQX+ models, particularly XGBoost and 8-VAE, reach

1286
1287 1https://musescore.org

1288
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perceptual parity with the strongest prior baseline, VirtuosoNet, and substantially
outperform DExter, CFM, and GMM in the listening test.

Rhythmic freedom is not desirable in itself, and how much of it is appropriate
depends on the repertoire, so we verified that this dimension does not drive the aggre-
gate. Excluding it and averaging the remaining three dimensions leaves the ordering
unchanged (8-VAE 62.5, VirtuosoNet 61.6, XGBoost 60.2, DExter 56.5, CFM 51.1,
GMM 50.1).

Table 3 Listening test: mean
rating across all pieces and
dimensions, 95% bootstrap CI

(n = 160).

System Mean 95% CI
B-VAE 62.7  [59.4, 66.0]
VirtuosoNet 61.1 [57.7, 64.5]
XGBoost 60.1  [57.0, 63.3]
DExter 564 [53.1, 59.8]
CFM 517  [48.1, 55.3]
GMM 504 [46.7, 54.0]

The ranking varied substantially by piece, as shown in Figure 5. VirtuosoNet
achieved the highest ratings on both Chopin excerpts (Op. 10 No. 3: 66.0; Op. 38:
64.4), XGBoost achieved the highest rating on Mozart K. 331 (66.1, compared with
65.2 for S-VAE), and S-VAE achieved the highest rating on Schubert D. 783 No. 15
(62.3). The four perceptual dimensions were moderately correlated (r = 0.62-0.69)
and largely preserved the same ordering, except that XGBoost tied with VirtuosoNet
for rhythmic freedom. Experienced listeners gave ratings that were uniformly 2-7
points higher across systems, without changing the comparative ordering, supporting

the pooled analysis.
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Fig. 5 Listening test rating for excerpts: (A) Chopin Op.10 No.3, (B) Chopin Op.38, No.2, (C)
1352 Mozart K.331, and (D) Schubert D.783, No.15.
1353

ggé 5.3.1 Comparison with PerformanceMOS
1356
1357
1358 strongly with the three-judge mean (Pearson r = 0.87, Spearman p = 0.90, MAE =
1359

1360 3.79, RMSE = 6.43). Per-judge correlations ranged from r = 0.69 to 0.85, indicating
1361
1362
1363 judge leave-one-out consistency range reported above (r =0.69-0.77).

1364

1365 On the Viennadx22 listening test, evaluated at the piece x system level (n = 24),
1366
1367
1368 son r = 0.28, Spearman p = 0.39, Kendall 7 = 0.33, MAE = 15.0). The model

1369
1370 correctly identified the top-rated system for three of the four pieces: both Chopin

On the YCU-PPE-III test split (n = 251), PerformanceMOS predictions correlated

that PerformanceMOS agrees closely with the expert consensus and exceeds the single-

PerformanceMOS showed a weaker but positive association with listener ratings (Pear-

1372 excerpts and Schubert, with Mozart K. 331 within one rank. Per-dimension correla-

ig;i tions were strongest for naturalness (r = 0.36) and performance quality (r = 0.28),
1375 with rhythmic freedom and expressiveness at approximately » = 0.19. This pattern is
1376
1377
1378 emphasize overall cleanness and naturalness.
1379

1380

consistent with PerformanceMOS being trained on YCU-style examiner ratings, which
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The lower correlation on Vienna4x22 is expected, since these stimuli are synthe-
sized model outputs rather than recorded student performances, and the listener panel
is more heterogeneous than the expert ratings used for training. Overall, Performance-
MOS acts as an expert-aligned predictor within its training domain and as a useful
trend indicator for synthesized expressive renderings, but it should be interpreted as

a complement to, rather than a replacement for, human listening evaluation.

6 Discussion and Conclusion

YQX+ recasts expressive performance rendering as a probabilistic prediction prob-
lem over a compact and interpretable target space: beat period, velocity, timing, and
articulation. By combining this target representation with shared datasets, feature
configurations, objective metrics, predicted MOS scores, and listening-test evalua-
tion, YQX+ supports systematic comparison across different model families. On
Viennadx22, XGBoost and S-VAE reach perceptual parity with VirtuosoNet, with the
B-VAE 8 = 10 configuration achieving the highest predicted MOS. Neither requires
recurrence or iterative sampling, in contrast to the hierarchical recurrent architec-
ture of VirtuosoNet and the diffusion sampling loop of DExter, so parity is reached
at a lower inference cost. The combination of a 40-participant listening study and
the YCU-PPE-III expert panel also provides a useful basis for evaluating automatic
perceptual predictors: the listening study gives a crowd-rated benchmark on synthe-
sised renderings, while YCU-PPE-III provides a higher-reliability expert-rated dataset
against which PerformanceMOS achieves a strong correlation with expert consensus.

PerformanceMOS provides a fast and reproducible perceptual proxy that comple-
ments objective metrics and can help identify cases where full listening tests are most
needed. The four note-level targets used in YQX+ are recoverable from any aligned

score-performance corpus, making the framework extensible to broader repertoire,
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1427 additional targets such as pedal control, and transformer-based controllable render-

1428
1429 Ing systems such as ScorePerformer retrained under the same target representation.

ﬁg(l) Future work could also connect YQX+ to neural audio synthesis pipelines, enabling

1432 downstream comparison between symbolic performance quality and audio-domain
1433

1434 Perceptual quality.
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