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ABSTRACT

Automatic lyrics transcription (ALT) from polyphonic mu-
sic requires not only accurate recognition of sung words,
but also the recovery of the structural conventions of writ-
ten lyrics. We present our submission to the MIREX 2026
Lyrics Transcription task, a long-form inference pipeline
that combines automatic speech recognition, music-aware
audio understanding, and refinement with a large language
model (LLM). Source separation is used to support voice
activity detection and long-form segmentation, while lex-
ical transcription is performed on the original polyphonic
mixture. We exploit internal segmentation and timing in-
formation produced during Whisper decoding to construct
a structured full-song transcription and recover lyric for-
matting. Two additional full-song transcriptions, produced
by Music Flamingo and Parakeet, provide complementary
evidence. Finally, Kimi K3 processes the three transcrip-
tions to produce the submitted lyric sheet. The system re-
quires no task-specific acoustic model training and simul-
taneously targets lexical accuracy and the punctuation, cas-
ing, parentheses, line breaks, and section boundaries con-
sidered in the MIREX evaluation.

1. INTRODUCTION

Automatic lyrics transcription (ALT) aims to transcribe
the content of sung vocals directly from music recordings.
Compared with conventional automatic speech recogni-
tion, ALT must operate under instrumental interference,
highly variable vocal production, and musical structures
that extend over several minutes. Long-form transcription
further requires the system to maintain consistency across
repeated verses and choruses while avoiding errors intro-
duced by independently processing short audio segments.

The MIREX 2026 Lyrics Transcription task addition-
ally evaluates properties that are not captured by word error
rate (WER) alone. Besides lexical accuracy, a system must
reproduce the written organization of the lyrics, including
casing, punctuation, parentheses, line breaks, and section
boundaries. Thus the final lyric transcription should be
represented as a structured lyric sheet.
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Our submission treats lexical transcription and lyric-
structure recovery as complementary stages rather than
delegating both to a single model. The system combines
Whisper large-v3 (1.55B) [1], Music Flamingo (8B) [2],
Parakeet-TDT-0.6B-v3 (0.6B) [3], and Kimi K3 (2.8T to-
tal parameters; 104B activated) [4] to jointly address lexi-
cal accuracy and full-song lyric formatting.

2. SYSTEM DESCRIPTION
2.1 Source Separation and Long-form Transcription

We use the long-form inference framework released with
MSS-ALT [5] as the transcription backbone of our sys-
tem. Its implementation is included as a third-party com-
ponent of the submission'. Following MSS-ALT, music
source separation is used to obtain a vocal estimate for
voice-activity-based segmentation, while transcription it-
self is performed on the original polyphonic mixture.

We use the Demucs mdx_extra separator [6]. RMS-
based vocal activity detection is applied to the separated
vocal signal at 16 kHz, and detected regions are merged
into chunks of at most 30 s. The resulting fixed temporal
regions are subsequently applied to the original mixture
and reused throughout the Whisper stages.

Before transcription, we determine one language label
per song using Whisper. For songs containing at least three
RMS-VAD chunks, we select chunks longer than 5 seconds
from the beginning, middle, and end of the song. Whisper
performs automatic language identification on the origi-
nal polyphonic audio. The language prediction with the
highest confidence is selected and fixed for all subsequent
Whisper decoding of that song.

2.2 Two-pass Whisper Transcription and Lyric
Formatting

Whisper large-v3 is run twice over the same fixed RMS-
VAD regions. In the first pass, we decode the original poly-
phonic audio using beam size 10 and the fixed song-level
language label. Word-level timestamps are disabled, and
the concatenated output is retained as the canonical lexi-
cal transcription. This sequence is kept immutable in all
subsequent formatting stages.

The second pass uses the same chunk boundaries, lan-
guage label, and decoding settings, but enables word-level

! https://github.com/jaza-syed/mss-alt
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timestamps. In addition to word timings, we retain the in-
ternal segment boundaries generated by Whisper. In our
experiments, timestamp-aware decoding slightly degraded
the lexical accuracy compared with the first pass. Thus,
we use the second pass only to obtain timing and segmen-
tation cues. The first- and second-pass word sequences
are globally aligned using Levenshtein alignment and word
timings, Whisper internal-segment boundaries, and RMS-
VAD chunk boundaries are projected on the canonical first-
pass sequence.

Lyric-line boundaries are reconstructed from the union
of three cues; projected Whisper internal-segment bound-
aries, RMS-VAD chunk boundaries, and capitalization
cues. For English, Spanish, and French, an uppercase
initial token is additionally treated as a potential line-
break cue; the standalone English pronoun “I” is excluded
from this heuristic. The capitalization heuristic is dis-
abled for German. Boundaries immediately preceding at-
tached punctuation are shifted after the punctuation token.
Formatting is applied exclusively by replacing inter-token
whitespace with line breaks, ensuring that the canonical
lexical sequence is unchanged.

2.3 Complementary Full-Song Transcriptions

We additionally process each original full-song waveform
with Music Flamingo [2]. The model receives the complete
polyphonic song and is prompted to generate a structured
lyric sheet. Its output serves both as an independent full-
song transcription candidate and as a source of higher-level
structural information.

We observed that Music Flamingo is able to gener-
ate plausible candidates for the structure of the song, but
suffers from frequent hallucinations. We thus transfer
the structural cues from Music Flamingo to the formatted
Whisper transcription. The two transcriptions are token-
aligned using SequenceMatcher-based alignment, after
which Music Flamingo’s parentheses predictions spans
are projected on the corresponding Whisper word spans.
Additionally, blank-line section boundaries from Music
Flamingo are mapped to the nearest existing Whisper line
boundary as a section break. Thus, Music Flamingo may
introduce parentheses and section divisions, but cannot al-
ter the Whisper lexical sequence or create new lyric-line
positions.

Finally, we use Parakeet-TDT-0.6b-v3 [3] as a lexical
transcription candidate to resolve disagreements between
the two other transcriptions, ie as a tie-breaker. All three
transcriptions are subsequently retained in full-song form
for the final fusion stage.

2.4 LLM-Based Full-Song Fusion

For the final stage, we follow the general idea of LLM-
assisted hypothesis refinement used in LyricWhiz [7], but
applying it to three heterogeneous full-song candidates.
We provide Kimi-K3 with the structured Whisper tran-
scription, the Music Flamingo transcription, and the Para-
keet transcription. The LLM is instructed to compare the
candidates line by line, favor lexical content supported
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Lang. N WER WER.,. Punc.F| Paren.F| Line F; Sect.F}
EN 160 20.92 36.32 26.01 3.70 77.97 62.74
DE 19 34.06 52.80 33.95 - 70.23 50.23
ES 9 1892 28.51 9.86 - 63.72 62.81
FR 7 28.82 39.76 35.20 - 73.38 42.74
All 195 22.37 37.68 27.17 2.95 76.55 60.84

Table 1. Final Kimi K3 fusion results (%) on our 195-song
held-out DALI test set.

System WER WER,sc Punc.F} Paren.F; Line F} Sect.F}
Whisper (first pass)  27.36 40.99 26.64 - - -
Structured Whisper ~ 27.36 40.99 26.25 0.00 74.19 3443
Music Flamingo 60.15 71.37 18.49 1.65 49.85 38.07
Parakeet 44.68 53.79 15.40 - - -
Kimi K3 fusion 22.37 37.68 27.17 2.95 76.55 60.84

Table 2. Intermediate transcription outputs and final fusion
results (%) on our 195-song held-out DALI test set.

by multiple systems while also considering grammatical
and semantic coherence and lyric rhyme or meter. It is
explicitly discouraged from introducing unsupported con-
tent and is asked to output only the final lyrics, preserv-
ing blank lines for section boundaries and parentheses for
likely backing vocals. Fusion is performed once per com-
plete song, allowing long-range repetitions and song-level
context to contribute to the final decision.

3. EVALUATION

Table 1 reports the final post-fusion results overall and by
language. We evaluate the final post-fusion system on our
held-out DALLI test set, comprising 195 songs. This split
was originally created at the song level during data prepa-
ration for planned task-specific fine-tuning experiments,
and was retained as the held-out evaluation partition for
the final inference-only system. The resulting test set is im-
balanced across the four target languages, containing 160
English, 19 German, 9 Spanish, and 7 French songs.

The final system achieves an overall WER of 22.37%,
while recovering lyric-line and section structure with F1
scores of 76.55% and 60.84%, respectively. Because the
test split is strongly English-dominated, aggregate results
should be interpreted together with the language-specific
scores.

As shown in Table 2, structured Whisper preserves the
first-pass lexical WER, while introducing explicit lyric-
line and section structure. Music Flamingo and Parakeet
score substantially higher standalone WERs and are there-
fore used as complementary sources rather than primary
lexical hypotheses. The final Kimi K3 fusion reduces
WER and further improves line and section F1.

4. RESOURCES DECLARATION

No task-specific model training was performed. End-to-
end inference on the task’s known test sets (7.49 h of au-
dio) on an NVIDIA GeForce RTX 3090 (24 GB) required
approximately 9 h, corresponding to 1.20 h of inference
time per hour of audio.
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