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Fig. 1: Overview of MUSVIT. MuSVIT is pre-trained on diverse sheet music pages
using Masked Autoencoders: patches are randomly masked and the model learns to re-
construct the missing content from the remaining visible context. We evaluate the
generality of the learned representations by probing the encoder across four diverse
downstream tasks: full-page and staff-level music score recognition, music symbol de-
tection, and score difficulty classification. Pre-trained models, code, and reproducibility
resources are available through the project page: https://grfia.dlsi.ua.es/musvit.

Abstract. Foundation models have transformed vision and language
processing by providing rich, reusable representations that transfer across
diverse tasks. Sheet music, as a visual encoding of musical language,
lacks such a strong domain-specific backbone. We introduce MuSV1T
(Music Score Vision Transformer): the first foundation vision model
for sheet music representation—a ViT encoder pre-trained via Masked
Autoencoders on 9.7 million pages from the International Music Score
Library Project (IMSLP). To handle the complexity of real-world scores,
we adopt a two-stage curriculum: a synthetic warm-up on typeset scores
followed by large-scale training on the full IMSLP corpus. We evaluate
MuSVIT on four downstream tasks—full-page and staff-level music score
recognition, music symbol detection, and score difficulty classification—
under two scenarios: linear probing (frozen encoder) and fine-tuning.
Under linear probing, MUSVIT consistently outperforms modern vision
encoders, revealing that general-purpose representations, regardless of
scale, fall systematically short on the structured symbolic properties


https://orcid.org/0000-0001-6460-1831
https://orcid.org/0000-0002-7770-9726
https://orcid.org/0009-0008-1245-5746
https://orcid.org/0000-0001-5524-2435
https://orcid.org/0000-0001-9949-5522
https://orcid.org/0000-0003-1676-3101
https://orcid.org/0000-0003-3183-2232
https://grfia.dlsi.ua.es/musvit

2 Penarrubia et al.

—e— MuSViT PaliGemma 2 ~e Qwen3-VL —e— MuSViT o SoTA
MuSViT-Light +- Kosmos-2.5 DINOv3-7B MuSViT-Light
Full-Page Music Full-Page Music
Score Recognition Score Recognition

Staff-Level Music
Score Recognition

Score Difficulty
Classification

\ Staff-Level Music Score Difficulty
/| Score Recognition Classification

Music Symbol Music Symbol
Detection Detection
Fig.2: MuSVIT performance across four downstream tasks. Left: Linear probing
(frozen encoder)—MUSVIT (solid) consistently outperforms general-purpose vision en-
coders (dashed), demonstrating superior representation quality. Right: Fine-tuning—
MUuUSVIT generally outperforms state-of-the-art methods (SoTA). Axes represent nor-
malized performance on each task (higher is better); see Section for detailed results.

of musical notation. Under fine-tuning, MUSVIT generally improves
upon task-specific state-of-the-art methods. An additional embedding-
transcription consistency analysis reveals that MuSVIT encodes sym-
bolic musical structure directly in its representation space—unlike other
encoders, whose embeddings do not correlate with music notation con-
tent. These results establish MuSVIT as a foundation backbone for sheet
music understanding.

Keywords: Representation Learning - Foundation Vision Model - Sheet
Music - MuSViT

1 Introduction

Music represents an essential part of human tradition and a valuable element of
cultural heritage. Over the centuries, musical compositions have been transmit-
ted both orally and in written form, with music encoded in documents known as
scores (or sheet music). Today, vast collections of these scores are preserved in
libraries and archives, and large-scale digitization initiatives have made millions
of pages available online.

However, the majority of this material exists only as raw page images. Due to
the high cost of manual transcription, most scores have not been converted into
structured digital formats that enable indexing, retrieval, or automated analysis.
As a result, despite the growing availability of digitized music documents, much
of this cultural treasure remains effectively inaccessible and underutilized.

Traditional approaches to automated music document analysis—most no-
tably in the field of Optical Music Recognition (OMR)—have focused on task-
specific systems, employing end-to-end models or multi-stage pipelines trained
on limited annotated datasets |7]. These systems often remain brittle, with per-
formance degrading sharply when confronted with unfamiliar notation styles,
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engraving conventions, or visual artifacts that differ from the training data [36].
The extreme heterogeneity of real-world music scores continues to limit the gen-
eralization capabilities of these specialized models.

Recent advances in deep learning have demonstrated the value of foundation
models for representation learning from large-scale unlabeled data. In computer
vision, Vision Transformers (ViTs) pre-trained via self-supervised learning—such
as DINO [9,25}/33]—learn transferable visual representations that can serve as
general-purpose backbones for diverse downstream tasks. Language-image pre-
training approaches such as CLIP [27] and SigLIP [40|, together with vision-
language models such as PaliGemma [6,34] and Qwen-VL [3}|4}38], extend these
principles to multimodal understanding.

A similar trend is observed in the audio domain: general-purpose models such
as Qwen-Audio [10,[11] and Audio Flamingo [1,/14,/19] address a wide range of
audio tasks, while music-specific foundation models [17,[20] demonstrate that
domain-specific pre-training consistently outperforms general-purpose alterna-
tives on music audio tasks. Despite this progress across text, vision, and audio,
to the best of our knowledge, no foundation model exists for sheet music—a
highly structured visual domain with unique symbolic properties.

In this paper, we introduce MUSVIT (Music Score Vision Transformer), a
ViT encoder pre-trained on 9.7 million sheet music pages from the IMSLPEI using
Masked Image Modeling (MIM) [16]. MUSVIT learns rich visual representations
by reconstructing masked regions of full-page sheet music images, thus capturing
the structural and symbolic properties of music notation without requiring any
annotated data. An overview of MUSVIT is shown in Fig. [T}

To assess the quality of the learned representations, we evaluate MUSVIT
on four diverse downstream tasks from the related literature: full-page music
score recognition (page-level transcription) [32], staff-level music score recogni-
tion (staff-level transcription) [24], music symbol detection (dense object local-
ization) |21], and score difficulty classification (document-level estimation) [29).
Following standard practice for evaluating foundation models |2}/6}/11}/19}/20}27],
we adopt two complementary protocols: linear probing, where the encoder is
frozen and only lightweight task-specific heads are trained, which directly mea-
sures the quality of the extracted representations against other pre-trained vision
encoders; and fine-tuning, where the encoder is trained jointly with a downstream
head, which measures transfer-learning capacity and enables a fair comparison
against state-of-the-art task-specific methods. Our results show that MuSVIT
achieves strong performance in both scenarios (see Fig. , highlighting the im-
portance of music-specific representations for sheet music tasks.

Beyond task performance, an embedding-transcription consistency analysis
demonstrates that MUSVIT representations align more closely with symbolic
musical content than those of general-purpose vision encoders. This provides
direct evidence that domain-specific pre-training captures musically meaningful
structures and semantics.

The contributions of this work are summarized as follows:

! https://imslp.org/
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1. We introduce and publicly release MUSVIT, the first vision foundation
model for sheet music representation. MUSVIT is a ViT encoder pre-trained
on 9.7 million pages of sheet music collected from the IMSLP via MIME|

2. We evaluate MUSVIT on four representative downstream tasks—full-page
music score recognition, staff-level music score recognition, music symbol de-
tection, and score difficulty classification—under two scenarios: linear prob-
ing (frozen encoder) and fine-tuning.

(a) Under linear probing, MUSVIT consistently outperforms general-
purpose pre-trained vision encoders, suggesting that sheet music analysis
requires representations that general computer vision models—regardless
of scale or pre-training diversity—do not capture well.

(b) Under fine-tuning, MUSVIT surpasses task-specific state-of-the-art
methods on three of the four tasks and matches the best results on
the fourth, confirming that music-specific pre-training provides a strong
initialization for task-specific adaptation.

3. Our embedding-transcription consistency analysis provides direct evidence
that MUSVIT representations correlate with symbolic musical content, in
contrast to those of general-purpose vision models.

By publicly releasing MUSVIT, we aim to provide the research community
with a foundation representation layer that accelerates progress across a wide
range of sheet music applications.

2 MuSViT: Music Score Vision Transformer

MuUSVIT (Music Score Vision Transformer) is a self-supervised Vision Trans-
former (ViT) designed to learn meaningful visual representations for sheet music
images. These serve as a general backbone that can be reused across diverse
downstream tasks. This section describes MUSVIT in detail, covering the pre-
training strategy, the encoder architecture, and the training data.

2.1 Pre-Training Strategy

Sheet music differs fundamentally from natural images: it is a visual encoding of
a symbolic language, where every element—such as noteheads, stems, acciden-
tals, or rests—has a precise semantic meaning in terms of duration and pitch,
following strict music notation rules. This structured nature has two important
implications for the design of a ViT-based pre-training strategy. First, musi-
cal symbols are small and dense, requiring fine-grained patches such that each
patch captures only elementary notational content—i.e. a single notehead, stem,
or accidental—rather than spanning entire notes or measures, which would cause
distinct symbols to blend within a single token. Second, the rigid spatial gram-
mar of music notation makes local context highly informative: the identity and

2 The model, pre-training code, and evaluation scripts are available through the
project page: https://grfia.dlsi.ua.es/musvitl
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position of neighboring symbols strongly constrain what can appear in a masked
region.

Among MIM approaches [16], we adopt Masked Autoencoders (MAE) [15]
for pre-training. MAE learns visual representations by reconstructing randomly
masked portions of the input image. With a high masking ratio, entire measures
and long sequences of symbols are occluded at once. To reconstruct these missing
regions, the encoder cannot simply interpolate textures as it might for natural
images; instead, it must infer which symbols should appear (duration), where
they should be placed vertically on the staff (pitch), and how they fit into the
surrounding sequence (context). In other words, MAE forces the model to learn
the visual language of music notation without any supervision. This is the main
reason we choose MAE: its high masking ratio naturally aligns with the struc-
tured, symbolic nature of sheet music, requiring the encoder to develop a deep
understanding of musical notation in order to solve the reconstruction task. A
qualitative reconstruction example is shown in Fig. [3|

Additionally, MAE reconstruction objective operates directly on pixel val-
ues and requires no external tokenizer or pre-trained teacher. This helps avoid
domain mismatch, since no foundation model for sheet music currently exists.
Its asymmetric encoder-decoder design, where the encoder processes only visible
patches, also makes training efficient despite the long patch sequences that result
from the fine-grained patch sizes required by our domain.

We now describe the pre-training procedure. Given an RGB input image
x € R3XHXW e split it into a grid of non-overlapping P x P patches, yielding
N = % X % patches per image. We then follow the two-stage curriculum learning
strategy, with varying masking ratios:

— Stage 1 (Synthetic warm-up). We initialize training on the DeepScores V2
dataset [37], a synthetic corpus with lower visual variability and cleaner
notation. This stage is not merely beneficial but necessary since we observed
that training directly on real-world sheet music results in highly unstable
and unreliable convergence, with the model predicting average pixel values
rather than structured content. Therefore, starting on synthetic data allows
the encoder to learn basic structures before encountering the high complexity
of real-world scores. We use a masking ratio of 50% to provide more visible
context and ease convergence. Training operates on random 512 x 512 crops
with patch size P = 16, yielding N = 32 x 32 = 1,024 patches per crop,
ensuring each patch captures elementary notational content (e.g., a single
notehead or accidental).

— Stage 2 (Real-world adaptation). We transfer to the full IMSLP corpus,
exposing the model to the diversity of real-world sheet music. We increase
the masking ratio to 70% and move from crops to full pages resized to 1,024 x
1,024 pixels, maintaining patch size P = 16 and yielding N = 64 x 64 = 4,096
patches per image. This transition introduces full-page context—including
global layout structure, multi-system arrangements, and page-level spatial
relationships—while the consistent patch size ensures that the local features
learned in Stage 1 remain applicable.
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An ablation comparing the proposed curriculum against single-stage MAE
training directly on IMSLP confirms that this two-stage design is necessary:
without the synthetic warm-up, the encoder suffers dimensional collapse [18|
41]—the decoder predicts average patches rather than music-notation structures.
A detailed analysis of the singular value spectrum and effective rank is provided
in the “Supplementary Material”.

Fig. 3: MUSVIT reconstruction example. Left: Masked music score image. Middle:
MUSVIT reconstruction. Right: The original sheet music. The coloured rectangles
highlight different reconstruction components: Red indicates pitch sequence reconstruc-
tion (staff position); Blue represents clef reconstruction; Green marks rest reconstruc-
tion; and Purple denotes musical note sequence reconstruction (musical symbol aligned
with staff position).

Unlike distillation-based approaches such as DINO [9}[25], which require
aggressive augmentation (including Gaussian noise that can easily erase staff
lines—destroying pitch information, a well-known challenge in music document
processing [13]), the MAE reconstruction objective naturally encourages robust
learning with minimal augmentation. We apply only random resized cropping
to preserve the structural integrity of musical notation. Full pre-training details
(learning rate, batch size, epochs, warm-up schedule, weight decay) are provided
in the “Supplementary Material”.

2.2 Architecture

The MUSVIT encoder employs a ViT architecture [12], comprising 12 Trans-
former layers with approximately 85M parameters. Each P x P patch from the
input image is flattened and linearly projected into a d = 768-dimensional em-
bedding vector. Following MAE design [15] and prior work on music document
recognition [32], we use 2D sinusoidal positional encodings (PE) rather than the
standard 1D PE, as 2D PE explicitly encodes vertical position and helps the
model identify elements along the height of the document—information that 1D
PE forces the model to learn implicitly. During pre-training, only the visible
(unmasked) patches are processed by the encoder, as described in Section
Adhering to MAE design philosophy [15], a lightweight decoder is used ex-
clusively during pre-training and discarded afterward. The encoded visible patch



Fig. 4: Representative pages from the IMSLP pre-training corpus, illustrating its visual
diversity. The collection spans historical periods, notation systems, engraving styles,
and musical textures.

embeddings are projected to the decoder dimension, after which learnable mask
tokens are inserted into the sequence at the positions of missing patches. As with
the encoder, 2D PE is applied to the full sequence to maintain spatial correspon-
dence. Each output at a masked position is linearly projected to reconstruct the
patch pixel values. The training loss is the mean squared error (MSE) between
predicted and target pixels, applied only to masked patches. Full architecture
details are provided in the “Supplementary Material”.

In addition to MUSVIT, we train a lightweight variant, MUSVITpgnt, which
shares the same 12-layer Transformer architecture but uses a smaller embedding
dimension (d = 384), totalling approximately 25M parameters. MUSVIT1gnt
targets limited computational resources scenarios, while MUSVIT is intended
for maximum performance.

2.3 IMSLP training data

MUSVIT is pre-trained on a large-scale corpus of public-domain sheet music
pages collected from the International Music Score Library Project (IMSLP)El
The IMSLP hosts hundreds of thousands of scanned music scores spanning mul-
tiple centuries, composers, and engraving styles. Unlike synthetic or homoge-
neous corpora, this collection captures a wide spectrum of real-world sheet mu-
sic variability—from monophonic vocal lines to dense orchestral scores, across
both modern typeset and historical engraving conventions—providing the vi-
sual diversity necessary for learning generalizable representations. Specifically,
we collect 9.7 million pages drawn from around 400,000 distinct musical works.
Each page is rendered as an RGB image. Representative samples are shown in
Fig. [} additional examples are provided in the “Supplementary Material”.

3 Evaluation on Downstream Tasks

Sheet music analysis encompasses a wide range of perceptual and structural chal-
lenges, from localizing individual symbols to transcribing entire pages and es-
timating high-level score properties. We probe MUSVIT representations across
four tasks that collectively cover this spectrum: full-page music score recogni-
tion [32], staff-level music score recognition , music symbol detection ,

3 All data used for pre-training is sourced from publicly available scans that are in the
public domain or permissively licensed under the IMSLP terms of use.
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and score difficulty classification |29]. We believe that performance across this
diverse set of tasks serves as a reliable proxy for the generality of MuSVIT
representations for sheet music analysis. Table [I] summarizes the datasets and
metrics. For each task, we consider two evaluation scenarios:

1. Linear probing. The MUSVIT encoder remains frozen and only
lightweight, task-specific heads are trained on top of the extracted repre-
sentations. This protocol isolates the intrinsic quality of the learned features
and provides a controlled comparison against other pre-trained vision en-
coders, all of them evaluated under identical frozen conditions.

2. Fine-tuning. The MUSVIT encoder is unfrozen and trained jointly with the
task-specific head, allowing the representations to adapt to each downstream
objective. Since each task has its own established training and evaluation
protocols, we follow the respective protocols in each case to ensure a fully
comparable evaluation against state-of-the-art methods. Full training details
are provided in the “Supplementary Material”.

Table 1: Overview of the four downstream tasks used to evaluate MuSVIT. Each task
targets a different level of sheet music understanding—from sequence-level transcrip-
tion (full-page and staff-level recognition) to dense spatial localization (symbol detec-
tion) and document-level semantics (difficulty classification). We report the datasets
and primary evaluation metrics for each task.

Task Description Datasets Metric (%)

FullPage Music Score  Transcribe full music score  Mozarteun] Polish Digital Scoredf] SER |

Recognition pages

Staff-Level Music Score  Transcribe single staff-level Capitan |8, Guatemala |35], Il Lauro Secco [26|, AMDC |23], FMT |31] SER |

Recognition images

Music Symbol Detection  Localize and classify music — DeepScoresV2 |37 mAP, w-mAP 1
symbols

Score Difficulty Classifi-  Estimate performance diffi-  FreeScores (29|, Can I Play It? [29|, PianoStreet [29) Acco, Acey +

cation culty from score images

Together, these two scenarios disentangle the contribution of pre-trained rep-
resentations (linear probing) from the model capacity when allowed to special-
ize (fine-tuning), offering a comprehensive view of MUSVIT as both a general-
purpose foundation layer and a competitive task-specific model. Due to space
constraints, we here report results averaged across datasets for all tasks; per-
dataset breakdowns are available in the “Supplementary Material”.

We compare MUSVIT against four general-purpose vision encoders rep-
resenting complementary pre-training paradigms: (i) DINOv3-7B [33|, lat-
est large-scale self-supervised vision model; (ii) Qwen3-VL [4], state-of-the-
art vision-language model pre-trained on large-scale image—text corpora; (iii)
PaliGemma 2 [34], vision-language model that combines a SigLIP vision en-
coder pre-trained on diverse language—image pairs with a language model; and

4 |https: //dme.mozarteum.at /movi/en
% https://github.com /pl-wnifc/humdrum-polish-scores
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(iv) Kosmos-2.5 [22], document-oriented multimodal model designed for struc-
tured visual inputs such as forms and documents. Only the vision encoder com-
ponent is used for evaluation. To our knowledge, none of these encoders has
been exposed to sheet music during pre-training, making them direct controls
for measuring the value of music-specific visual representations.

Figure [2| provides a high-level summary of results across all four tasks and
both evaluation scenarios. Under linear probing, MUSVIT achieves the largest
enclosed area in the radar chart, outperforming all general-purpose vision en-
coders across every task. Under fine-tuning, MUSVIT matches or surpasses task-
specific state-of-the-art methods. The following subsections present the detailed
results for each task[]

3.1 Full-Page Music Score Recognition

Full-page music score recognition is the task of transcribing an entire score image
into its corresponding symbol-level sequence, considering the correct reading
order. This task has classically been approached using a two-stage pipeline—
where a layout analysis step first segments individual staves, which are then
transcribed independently—but recent work has enabled end-to-end models that
process the full page in a single pass [32]. This end-to-end formulation is a
particularly demanding test of representation quality: the encoder must capture
both fine-grained notational detail at the symbol level and the global spatial
organization of the page.

We evaluate on two datasets of scanned pianoform scores: Mozarteum (101
pages, printed CWMN) and Polish Digital Scores (117 pages, printed CWMN).
We adopt an autoregressive Transformer decoder [32] on top of the MUSVIT
encoder, which attends autoregressively to the patch embeddings to generate the
output sequence. Performance is measured using the Symbol Error Rate (SER),
defined as the normalized edit distance between predicted and ground-truth
sequences [32].

Table [2] reveals a striking gap under linear probing: all general-purpose
encoders produce SER values in the 48-62% range, while MUSVIT achieves
16.4%—more than 2.5x lower than the best baseline (PaliGemma 2, 48.6%).
Remarkably, MUSVIT already outperforms the state-of-the-art performance [32]
(20.0%). These results show that MUSVIT simultaneously encodes fine-grained
symbol-level detail and the global reading-order structure spanning the entire
page, whereas no general-purpose encoder provides representations sufficient for
this dual requirement.

Table shows that under fine-tuning MUSVIT achieves 10.9% average SER,
outperforming the state of the art [32] by 9.1 points. Per-dataset results (see

6 Additionally, we fine-tuned all general-purpose models on two representative tasks
to verify that the gap is not an artifact of the frozen evaluation protocol; MuSVIT
remains superior even against fine-tuned four baselines while being 5-82x smaller
in parameters and 16—260x more efficient in GFLOPs. These results and detailed
computational cost comparison are provided in the “Supplementary Material”.
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Table 2: Average Symbol Error Rate (SER %, |) across all full-page recognition
datasets under the linear probing scenario (frozen encoder). Best result is in bold;
second best is underlined.

PaliGemma 2 |34 Kosmos-2.5 [22] Qwen3-VL [4] DINOv3-7B |33] MuSVIT MuUSVITLight

Avg. 48.6 62.4 51.0 56.9 16.4 20.9

Table 3: Average Symbol Error Rate (SER %, |) across all full-page recogni-
tion datasets under the fine-tuning scenario. Best result is in bold; second best is
underlined.

State-of-the-art |32] MuSVIT MUSVIT Light

Avg. 20.0 10.9 11.8

“Supplementary Material”) show that this improvement is consistent across both
corpora, with a particularly large gain on Polish Digital Scores where the prior
system struggled most, suggesting that pre-training on large-scale diverse scores
yields a more robust initialization than task-specific supervision alone.

3.2 Staff-Level Music Score Recognition

Staff-level music score recognition shares the same transcription objective as full-
page recognition but operates on individually segmented staff images rather than
complete pages, requiring a prior layout analysis step. Although this interme-
diate segmentation makes the transcription pipeline less end-to-end, staff-level
recognition is among the most established benchmarks in music transcription
research, providing a complementary evaluation at finer spatial granularity.

We evaluate MUSVIT on five corpora spanning both historical and mod-
ern notation, as well as printed and handwritten engraving styles: Capitan (828
staves, handwritten mensural) 8], Guatemala (3,263 staves, handwritten mensu-
ral) [35], Il Lauro Secco (1,136 staves, printed mensural) [26], AMDC (308 staves,
printed CWMN) [23], and FMT (1,305 staves, handwritten CWMN) [31]. We
follow the recurrent neural network-based recognition head of |24] and report
SER values.

Table |4 shows that under linear probing MUSVIT achieves 18.4% average
SER—the best result among all encoders, 2.6 points ahead of Qwen3-VL (21.0%).
Per-dataset results (see “Supplementary Material”) follow the same trend. The
gap over DINOv3-7B (32.1%) and Kosmos-2.5 (47.5%) is large, confirming that
neither scale nor linguistic pre-training substitutes for music-specific visual rep-
resentations.

Table [5 shows that under fine-tuning MUSVIT reaches 8.6% average SER,
within 0.6 points of the task-specific state of the art [24] (8.0%). This narrow
gap—smaller than the advantage seen in full-page recognition—is consistent with
the reduced spatial complexity of the staff-level setting: because each input con-
tains a single row of notation, the encoder does not need to simultaneously
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Table 4: Average Symbol Error Rate (SER %, |) across all staff-level recognition
datasets under the linear probing scenario (frozen encoder). Best result is in bold;
second best is underlined.

PaliGemma 2 |34 Kosmos-2.5 [22] Qwen3-VL [4] DINOv3-7B |33] MuSVIT MuUSVITLight

Avg. 23.9 47.5 21.0 32.1 18.4 23.0

Table 5: Average Symbol Error Rate (SER %, |) across all staff-level recogni-
tion datasets under the fine-tuning scenario. Best result is in bold; second best is
underlined.

State-of-the-art [24] MuSVIT MUSVITLight

Avg. 8.0 8.6 9.8

manage global page layout and local symbol detail, leaving less room for music-
specific pre-training to provide an additional edge.

3.3 Music Symbol Detection

Music symbol detection is the task of simultaneously localizing and classifying all
individual notation elements within a score image, producing a set of bounding
boxes with class labels for every visible symbol (noteheads, stems, accidentals,
rests, clefs, etc.). Unlike the transcription tasks above, this is a dense spatial
task: it requires the model to reason about 2D locations rather than reading
order.

We evaluate on DeepScoresV2 |37] (1,714 scores, 135 symbol classes) using a
Faster R-CNN [30], reporting mAP and w-mAP for linear probing. Concerning
fine-tuning, we consider mAP5q to mirror the current state of the art [21]; full
implementation details are in the “Supplementary Material”.

Table |§| shows that, under linear probing, MUSVIT achieves 79.7% mAP
and 80.7% w-mAP-—both best among all encoders—with MUSVITyghe within
0.6 and 0.3 points, respectively. The gap over DINOv3-7B is substantial on
both metrics—9.3 points in mAP (70.4%) and 18.7 in w-mAP (62.0%). Vision-
language models trail far behind. The large disparity between vision-only and
language-aligned encoders suggests that language-aligned training actively de-
grades spatial precision on symbol-dense layouts.

Fine-tuning yields the most decisive gains in the entire evaluation as shown
in Table both MUSVIT variants surpass 96% mAPs5q, outperforming the
state of the art [21] (90.5%) by more than 6 points. This margin is doubly
notable: MUSVIT uses a Faster R-CNN detector, considerably lighter than the
Transformer-based architecture of the state of the art, and the encoder is only
parameter-efficiently adapted via LoRA rather than fully fine-tuned (see “Sup-
plementary Material”)—both factors favour the baseline. The performance gap
therefore reflects the quality of the pre-trained representations rather than a
more powerful detection head or a more intense training.
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Table 6: mAP and weighted mAP (1) on the DeepScoresV2 dataset for music symbol
detection under the linear probing scenario (frozen encoder). Best results are in bold;
second best are underlined.

PaliGemma 2 |34 Kosmos-2.5 (22, Qwen3-VL 4] DINOv3-7B |33] MuSVIT MUSVITLight
mAP 31.7 42.7 67.1 70.4 79.7 79.1
w-mAP 39.0 47.4 61.0 62.0 80.7 80.4

Table 7: mAPs5¢ (%, 1) on the DeepScores V2 dataset for music symbol detection under
the fine-tuning scenario. Best results are in bold; second best are underlined.

State-of-the-art [21] MuSVIT MUSVITLight

mAP5o 90.5 97.0 96.6

3.4 Score Difficulty Classification

Score difficulty classification aims at estimating the performance difficulty of a
musical piece directly from its sheet music images [29]. Prior research has pri-
marily addressed this task using symbolic music representations, which offer high
interpretability but are limited by their scarce availability and dependence on
successful prior transcription steps [28|. In contrast, the image-based formula-
tion operates directly on raw score pages, bypassing the need for intermediate
transcription and enabling application to any digitized score. Unlike recognition
or detection, this task demands representations that aggregate holistic page-level
properties rather than resolving individual symbols or their spatial arrangement.

We evaluate MUSVIT on three piano corpora: FreeScores (4,193 pieces, 5
difficulty levels) [29], Can I Play It? (652 pieces, 9 levels) 29|, and PianoStreet
(2,816 pieces, 9 levels) [29]. We report Accy (exact match) and Acc; (within
one adjacent level) [29]. We also mirror the evaluation protocol of |29|, which
compares simpler and more complex classification heads and reports best results
with the latter. Therefore, for linear probing, we adopt the simpler head: per-
page patch embeddings are mean-pooled into a document-level embedding and
passed to an MLP classifier on top of the frozen encoder; whereas for fine-tuning,
we adopt a more expressive head: a GRU-based recurrent network that processes
the sequence of page embeddings sequentially.

Table [8] show that, under linear probing, MUSVIT achieves 47.4% Accy and
87.1% Accy, the best results among all encoders. Notably, MUSVIT g ties
MUuSVIT on Accy, suggesting that even the lightweight variant captures the
global page-level properties relevant to difficulty estimation. Both MUuSVIT vari-
ants already surpass the current state of the art [29] (38.4% Accg, 84.3% Accy) by
9.0 and 2.8 points respectively. The relatively small gap between MUSVIT and
the best general-purpose encoder (PaliGemma 2, 46.8% Accp) is consistent with
the holistic nature of this task, where page-level visual statistics alone already
provide a useful difficulty signal.

In the fine-tuning scenario, reflected by Table [0} MUSVIT achieves 54.2%
Accy and 89.3% Accy, outperforming the state of the art [29] by 15.8 and 5.0
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Table 8: Average Acco and Accy across all score difficulty classification datasets under
the linear probing scenario (frozen encoder). Best results are in bold; second best are
underlined.

PaliGemma 2 [34] Kosmos-2.5 [22] Qwen3-VL 4| DINOv3-7B (33| MuSVIT MUSVITight
Avg. Acco 146.8 34.3 43.3 5.5 47.4 47.4
Avg. Accy 83.9 69.6 83.1 83.9 87.1

Table 9: Average Acco and Acer (%, 1) across all score difficulty classification datasets
under the fine-tuning scenario. Best results are in bold; second best are underlined.

State-of-the-art [29] MuSVIT MUSVITLight
Avg. Acco 38.4 54.2 54.0
Avg. Accy 84.3 89.3 88.9

points, respectively. MUSVIT1,gne matches these results closely (54.0% Acco,
88.9% Accy), with a margin of only 0.2 and 0.4 points. This represents the
smallest gap between MUSVIT variants observed across all tasks, further rein-
forcing that difficulty estimation is well served by holistic representations rather
than fine-grained encoder capacity.

4 Embedding-Transcription Consistency Analysis

Although downstream task performance provides evidence of representation
quality, it does not directly reveal whether the learned embeddings capture
music-notation semantics. To address this question, we perform an embedding-
transcription consistency analysis that quantifies how strongly the visual em-
bedding space aligns with symbolic musical content (i.e., transcription). The
hypothesis is simple: if MUSVIT learns music-aware representations, then pairs
of score images with similar transcriptions should produce similar embeddings,
and pairs with different transcriptions should be farther apart in the embed-
ding space. We expect MUSVIT to exhibit stronger embedding—transcription
alignment than general-purpose vision models, validating that music-specific pre-
training captures symbolic musical structure rather than purely visual patterns.

We conduct this analysis on the Mozarteum and Polish Digital Scores
datasets, for which both score images and symbolic transcriptions are avail-
able. For each image i, we extract an embedding vector e; by flattening all token
representations produced by the frozen encoder into a single vector. We com-
pare MUSVIT against PaliGemma 2 [34], Kosmos-2.5 |22, Qwen3-VL [4], and
DINOv3-7B [33], all evaluated under identical frozen conditions.

To quantify similarity, we compute pairwise distances in two spaces. In the
embedding space, we use the Euclidean distance between embedding pairs, yield-
ing D € RV*N with ijmb = |le; — €j||2. In the transcription space, we
compute two complementary measures: (1) Edit distance D®d, applying Lev-
enshtein distance to transcription pairs, capturing differences in symbolic content
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Table 10: Pearson and Spearman correlation between pairwise embedding distances
and pairwise transcription distances (edit and histogram) for each encoder. Higher
positive values indicate stronger alignment between the visual embedding space and
symbolic musical content. Best results are in bold; second best are underlined.

PaliGemma 2 Kosmos-2.5 Qwen3-VL  DINOv3-7TB MuSVIT MuSVITLight

Pearson P31 -0.110 -0.080 -0.041 -0.080 0.606 0.618
Correlation  » -0.127 -0.130 -0.052 -0.100 0.665 0.646
Spearman 5 -0.120 0.114 -0.009 -0.135 0.691 0.658
Correlation  u 0.132 0.153 -0.009 -0.152 0.714 0.662

and sequential ordering; and (2) Histogram distance D", computing distance
between token frequency distributions, measuring compositional differences in
notation while ignoring order.

To assess embedding—transcription consistency, we compute both Pearson
(pp) and Spearman (p;) correlation |5,39] between corresponding entries of De™P
and each transcription distance matrix, yielding four values per encoder: pgd, pg,
pSd, and ph. A higher positive correlation indicates that the embedding space
preserves symbolic similarity, i.e., transcriptionally similar images are placed
closer in the embedding space.

Table[I0]reports the embedding—transcription correlation results. All general-
purpose encoders yield low negative correlations across both distance measures
and both correlation metrics, meaning their embedding spaces are not merely
uncorrelated with musical content, but they are slightly anti-correlated: images
with similar content might be placed farther apart in the embedding space. Be-
cause these encoders are optimized for visual appearance, they can be misled by
surface-level cues that do not necessarily reflect the underlying musical struc-
ture. Therefore, visually similar pages may encode different musical content, and
vice versa. In contrast, MUSVIT variants yield consistently high positive cor-
relations, confirming that music-specific models are necessary for the encoder
to capture symbolic musical structure. The larger gap on histogram distance
suggests that MUSVIT models are particularly effective at capturing the distri-
bution of music notation. We further complement this research with two analyses
in the “Supplementary Material™ an attention heat map that visualizes which
image regions MUSVIT focuses on, and a k-curve analysis that examines local
embedding structure across neighborhood sizes.

5 Conclusions

We introduce MUSVIT, the first foundation vision model for sheet music repre-
sentation: a ViT pre-trained via MAE on 9.7 million public-domain score pages
from the IMSLP through a two-stage curriculum progressing from synthetic
to real-world data. As a result, MUSVIT representations are grounded in the
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structure of music notation. Across four downstream tasks, MUSVIT gener-
ally outperforms other vision encoders under linear probing and task-specific
state-of-the-art systems under fine-tuning. This advantage spans tasks with fun-
damentally different demands—from spatially precise symbol detection, which
requires dense per-symbol localization, to classification-oriented score difficulty
estimation, which requires global semantic understanding—demonstrating that
the learned representations are broadly useful rather than narrowly specialized.
Underlying this performance gap is a more fundamental result: sheet music is
a genuinely distinct visual domain that general-purpose models fail to repre-
sent adequately. Our embedding-transcription consistency analysis shows that
general-purpose encoders produce representations that do not correlate with mu-
sical content, while MUSVIT encodes symbolic musical structure directly in its
embedding space. Therefore, a domain-specific model is not merely beneficial for
sheet music representation but necessary.
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