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Advancing Mult

-Instrument Music Transcription: Results from
the 2025 AMT Challenge

Ojas Chaturvedi (ochaturv@purdue.edu), Kayshav Bhardwaj, Tanay Gondil, Benjamin
Shiue-Hal Chou, Yujia Yan, Kristen Yeon-Ji Yun, Yung-Hsiang Lu, Sungkyun Chang

We launched the 2025 AMT Challenge with a
novel multi-instrument dataset, revealing a
critical gap in polyphonic transcription.
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The evaluation set consists of 76 newly.
\g modern atonal
Vorka and undemmumsd instruments.
such as bassoon and viola — rendered from
MiDI using FluidSynth (FILidR3 GM). Each
piece follows strict constraints: tempos
between 60-90 BPM, meters limited to 3/4,
414, or 6/8, and hythmic subdivisions no
‘smaler than sixteenth notes. To avoid

~ includin

Rank Model Name FlScore Precision Recall Overlap Runtime  ambiguty, elementslie swing, ills,
double-dotted rhythms, and grace notes were
1 5998 06558 05724 07391 2205
2 YowMT3YPTEMoEM 05938 06010 05888 07305 1260  excluded. Pleces span a pitch range of
3 YouwMT3-YPTES 05581 0555 05615 07326 1540  C2-C7,use dynamics from pp o f, and
4 YouMT3 03947 0X X .72 1499 include up to three instruments drawn from
5 MT3 (bascline) 03932 07180 20.19 eight allowed choices, with at most one string
6 YouMT3-YPTRSP-V 03305 07147 1450 instrument per piece.
7 pmslovinl 03199 0731 1930
8 press towin2 03190 07310 1808
5 SouMTIYPTEMOEMP 02173 06116 1603
10 press to_win3 02168 06159 1615
= e 1 1721 05423 967 1y MIDIfles are compared to calculate the
CT v o 12 press to_wind 01470 0% 21Tk yuniriokon pragiams ssore, The evakiation
13 ReconVAT 0.1415 07898 545
14 BasicPitch 00634 07 I T Wb et i . oo
overtap ra callof the
Fomeasurs Diseibution by Model e s oS I e
using the mir_oval library. Overlap is calculated
Composers 5 2 through onset and offset, i.e., the iming of a
ranseiption and ground truth
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o J=120
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ot ol
Piano:
1.MIROS.

« Uses MusicFM, a conformer-based, self-supervised foundation model, which is

M@ e @

pretrained ken modeling o ey
audio data.
 Extendsthe Tostyle , uiizing
potentially overftto existing datasals.
2. YourMT3.YPTF-MoE-M
. 0.5938) with a significantly Our goal is to build an interprotable AMT model
(12.60 ms), demonstrating excellent practical efficency. — on that approaches stato-of-the-art accuracy
.  Wo aim to
Success in detecting allrue musical notes. dsign sl whose intomal decisons can
be examined and understood, rather than
07504, reated as a black box.
« Patofa we plan
B E AN Lo s suoe i (Diflerentiable Dictionary Snnmm arciocr.
DDS uses a nomalizing flow o leam
R Paormance s siument Conturons dictionary of possible “notes” and vepr'nnts an
. . et ad e audio signal as a lnear combin
- mod pases Thi allows the ool nt ery 1o
= 16 prdictons but aiso to rove

we
declined on longer pieces and on pieces with more.
overlapping instruments.

‘which dictionary elements it relies on, providing
a ciearer window into how the transcription is
produced.

) - -




Significant Model Differences
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F-measure

F-measure by Instrument Category (Single vs Multiple) and Model
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Music Complexity - Metrics

e Rhythmic
o  Hypothesis: Higher variability in note placements (less
common rhythms)— worse transcription accuracy

" e e e et e P o  Example: Entropy of Inter-Onset-Intervals
i g (L) [P e W2 00
5, EE = 6\' — e Harmonic
9" 7" 7" " R
Harmony [ Z = 5 zj = 1 o Hypothesis: More complex chord transitions — worse
o k= 8 Ig J I 18 1} . .
o - o G N transcription accuracy
o  Example: Average Transition Complexity
’ h o e ) 7] 'ﬁ‘/\f e ., L POIyph0n|C
R e — =" i o Hypothesis: Higher number of notes played
g e e ¥ . simultaneously — worse transcription accuracy
harm [y —g3 e e . . . .
g8 8 = ! Z : i o  Example: Proportion of piece with 2+ notes being
F Dm Em Dm Em

played simultaneously




— Complexity Results
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— Complexity Results

avg_polyphony - All Datasets Combined

ioi_entropy_piece - All Datasets Combined
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tonal_certainty_piece -

pitch_class_entropy_piece - -0.000

melodic_interval_entropy_piece - 0.310

iol_entropy_piece - 0.026

max_polyphony - 0.181

avg_polyphony - 0.163

std_polyphony - 0.151

polyphony_density - 0.076

seg_max_poly - 0.183
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seg_mean_avg_polyphony_measures - 0.180
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— Complexity Results

melodic_interval_entropy_piece -

Complexity Metrics

Complexity Metrics vs Model F-Measures
(All Datasets Combined)

tonal_certainty_piece - 0.140 -0.148 0.074 -0.012 0.015 0.123 -0.131 0.048 0.153 -0.000
pitch_class_entropy_piece - -0.147 -0.184 -0.347 -0.016 -0.046 -0.149 -0.167 0.274 -0.151 0.126
0.116 -0.428 -0.184 -0.250 -0.105 0.086 -0.389 0.077 0.187 -0.016
ioi_entropy_piece - 0.155 -0.125 -0.165 -0.177 -0.093 -0.061 -0.149 -0.337 0.276 -0.290
std_polyphony - -0.170 -0.080 0.060
polyphony_density - -0.160 -0.077
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Transcription Models
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e Positive correlation

O

Higher complexity score ->
higher accuracy

e Negative correlation

@)

Higher complexity score ->
lower accuracy

e Weak correlations

@)

Could correspond to the
amount of data models were
trained on
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— Complexity Results

Jointist: CHORDINO ATC vs F-measure

(POP909 Dataset)
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F-measure

— Complexity

Results

PYCHORD ATC vs F-measure by Model
(Maestro Dataset)
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F-measure

— Complexity Results

CREPE_Pitch_Tracker: PYCHORD ATC vs F-measure
(Maestro Dataset)
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Results Analysis

e Positive correlation
o Higher complexity score -> higher accuracy

e Negative correlation
o Lower complexity score -> higher accuracy

e Weak correlations
o Could correspond to the amount of data models were trained on
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Research Dissemination

1 The 2025 Automatic Music Transcription Challenge

o Competitors from 5 countries
o Presented results at the Al for Music Workshop at NeurlPS

4 Paper in progress conducting a literature review in SotA
AMT, aiming to publish in IEEE MultiMedia

Drafting a paper to be published to Arxiv




Building an Interpretable Model

e Whatisinterpretability?

Current models are “black boxes”
We don’t know what they “learn”
Errors are difficult to isolate and fix
The overfitting problem

INPUT OUTPUT
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Building an Interpretable Model

e Our goalistobuild aninterpretable AMT model:

o Approaching SoTA accuracy with higher transparency
o Lookinside the model to see why it does what it does

e Planned DDS architecture

o Differentiable Dictionary Search
o Deep learning to build a dictionary of possible “notes”
o Sums and generates the predicted linear sum of the bases




Computer Vision

Converting guitar performance video to tablature




TAB staff lines represent guitar strings

String numbers /
1 e
2 B L
3 G ==
4 D 3 6 9 ) l
8 .A \\ ‘\ ll PHANTOMEUITAR com
6/‘ \ TR ¥

String names Fret numbers placed on the staff
tell you where to put your fingers.

The word TAB is placed at the start
of a TAB staff so it is not confused ——
with regular music notation..

Source: https://phantomguitar.com/blog/how-to-read-guitar-tab/
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Fingertip Detection (MediaPipe)
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Fretboard Isolation (Mask R-CNN)

Prediction for 34_7.png

Prediction for 31_8.png
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If intersection is
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bounding box and
finger we assume
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