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ABSTRACT

This paper describes SCALE (Structural Context from
Audio and Lyric Evidence), our submission to the MIREX
2026 Music Structure Analysis Task. SCALE separates
boundary detection and functional labeling into two ded-
icated pathways, reflecting the different information re-
quired by the two tasks. In the function pathway, lyric
information is further incorporated to provide complemen-
tary evidence for identifying chorus sections. This design
leads to a substantial improvement in boundary detection
while maintaining strong functional labeling performance.

1. INTRODUCTION

Music structure analysis (MSA) aims to divide a music
recording into contiguous, non-overlapping sections and
assign a functional label to each section [1]. It involves
two closely related tasks: boundary detection, which iden-
tifies the start and end of structural sections, and functional
labeling, which assigns labels such as intro, verse, chorus,
and bridge. Recent systems such as All-In-One [2] and
SongFormer [3] jointly address these tasks using attention-
based architectures and pretrained music representations.

However, boundary detection and functional labeling
rely on different types of information. Boundary detection
depends strongly on local musical changes and precise tim-
ing, whereas functional labeling benefits more from long-
range structural context [4]. In addition, most end-to-end
MSA systems remain audio-only, although lyrics provide
useful structural cues: verses tend to introduce new text,
while choruses often contain repeated or similar lyrics [5].

In this submission, we propose SCALE (Structural
Context from Audio and Lyric Evidence), which separates
boundary detection and functional labeling into two dedi-
cated pathways so that each task can learn representations
suited to its information requirements. SCALE further in-
corporates lyric information into the function pathway, us-
ing lyrical recurrence as complementary evidence for cho-
rus prediction. This design substantially improves bound-
ary detection while maintaining strong functional labeling
performance.
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2. METHODS

2.1 Data

HarmonixSet. We use the official HarmonixSet [6] splits
released for the MIREX 2026 Music Structure Analysis
task. The training and validation splits are used for model
development, and the held-out test split is used for final
evaluation.

SheetSage-MSA. We additionally use SheetSage-
MSA, constructed from the function labels and bound-
ary annotations released with SheetSage [7]. Following
the SheetSage-A2S data acquisition procedure [8], we re-
trieve the corresponding recordings from the metadata and
group multiple annotated excerpts belonging to the same
song. Excerpt boundaries are updated using the refined
beat-to-time alignments when available, after which un-
supported, composite, and duplicate function annotations
are removed. The retained annotations are then placed
on the timeline of the corresponding full-length recording,
producing partially labeled song-level examples in which
unannotated regions are masked during training. The re-
sulting dataset contains 13,880 cleaned excerpt annotations
from 9,010 songs, totaling approximately 82.5 hours of an-
notated audio.

2.2 Model Architecture

Figure 1 shows the overall architecture of SCALE, which
consists of three paths: boundary, function, and lyrics. The
boundary and function paths use local and global repre-
sentations extracted from a frozen MuQ encoder [9], while
the lyrics path provides complementary evidence for cho-
rus prediction.
Boundary path. The local and global MuQ representa-
tions are temporally aligned, fused with a learned gate,
and downsampled. Four BiMamba blocks [10] model lo-
cal temporal dependencies, after which pooled features
are processed by a Transformer [11] to capture longer-
range structural context. Cross-attention then combines
this global context with the frame-level representation, and
a boundary head predicts boundary probabilities.
Function path. The aligned local and global MuQ repre-
sentations are concatenated and fed to a separate function
pathway. After downsampling, a four-layer Transformer
with rotary positional embeddings (RoPE) [12] predicts
frame-level structural labels. This dedicated pathway al-
lows functional labeling to focus on longer-range section
ordering rather than sharing the boundary encoder.
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Figure 1. Overview of SCALE. The model contains three paths: a boundary path, a function path, and a lyrics path. The
first two paths use MuQ audio features, while the lyrics path provides additional evidence for chorus prediction.

Lyrics path. Timestamped lyrics are extracted offline us-
ing the SoulX-Singer pipeline [13]. Each timestamped
lyric segment is further divided into lines using SaT [14].
Longformer [15] encodes the lyric content, and recurrence
and temporal features are used to predict a chorus score for
each segment. The segment-level chorus scores are aligned
to the audio timeline and added only to the chorus logit
from the function path, thereby refining chorus prediction
without affecting boundary detection.

2.3 Configuration

MuQ features are extracted at 25 Hz and downsampled to
approximately 8.33 Hz. The boundary representation has
dimension 256 and the function Transformer has hidden
dimension 512; all Transformer modules use eight atten-
tion heads and 0.10 dropout. MuQ remains frozen, while
the last two Longformer layers are fine-tuned. We opti-
mize with AdamW [16] using learning rate 1.5× 10−4 for
the main network, 10−5 for Longformer, and weight decay
10−4. A cosine schedule follows 600 warm-up steps. Gra-
dient accumulation gives an effective batch size of eight
and gradients are clipped to norm 1.0. In mixed-data
training, each HarmonixSet training example is repeated
four times to increase its contribution relative to the larger
SheetSage-MSA set. At inference time, boundary peaks
use threshold 0.35 and a minimum spacing of 2 s. Func-
tion logits are averaged within each predicted segment and
the highest-scoring allowed label is emitted.

3. RESULTS

The official MSA metrics on the MIREX HarmonixSet
test split are presented in Table 1. We report frame-
level functional-label accuracy (ACC) and boundary F-
measures with 0.5-s and 3-s tolerances (HR.5F and
HR3F) [17], together with the systems reported in MIREX
2025 for comparison.

Table 1. Results on the MIREX HarmonixSet test split.
System ACC HR.5F HR3F

MusicFM (MIREX 2025) [18] 0.705 0.644 0.710
KGStruct (MIREX 2025) [19] 0.720 0.590 0.762
SCALE 0.803 0.731 0.828

SCALE achieves higher scores than the previous
MIREX systems across all three evaluation metrics.

4. CONCLUSION

This paper presents SCALE, our submission to the MIREX
2026 Music Structure Analysis task. SCALE sepa-
rates boundary detection and functional labeling into
task-specific pathways and incorporates lyrical recurrence
as additional evidence for chorus prediction. Together
with the additional supervision from SheetSage-MSA, the
proposed system improves both functional labeling and
boundary detection, with particularly strong gains on the
boundary metrics.
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