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ABSTRACT

We describe the UFAL-PMCG submission to the
MIREX 2026 Automatic Lyrics Transcription task. We
do not train or fine-tune anything. Instead, we compare
two pretrained ASR models, Whisper and Qwen3-ASR,
with open-weight audio large language models (audio-
LLMs) that fit into 32 GB of GPU memory. On a 500-
song multilingual development subset of DALI, Qwen3-
ASR has the lowest word error rate (28.9%). The best
audio-LLM system, Gemma 4 E4B given the ASR tran-
scripts as hints, reaches 33.8% and stays behind both ASR
models. We submit four systems: Whisper, Qwen3-ASR,
Gemma 4 E4B with ASR hints, and a combination in
which a text-only LLM (Qwen3-8B) merges the Whisper
and Qwen3-ASR transcripts clip by clip and then inserts
section breaks. The combination’s WER (29.7%) is close
to that of Qwen3-ASR, and it has the best section-break
F-score.

1. INTRODUCTION

This extended abstract describes the systems submitted by
the Prague Music Computing Group (PMCG) at the Insti-
tute of Formal and Applied Linguistics (UFAL), Charles
University, to the MIREX 2026 Automatic Lyrics Tran-
scription (ALT) task.

Cifka et al. [1] showed that a general-purpose ASR
model, Whisper [2], transcribes lyrics fairly well without
any adaptation. Audio-LLMs have many more parameters
and are trained on a wide range of audio tasks, so one
might expect them to do better. The only evaluation of
open-weight audio-LLMs on lyrics transcription we know
of, CMI-Bench [3], found all tested models unusable, but
it covered older models. We test recent open-weight audio-
LLMs against Whisper and Qwen3-ASR [4], all used off
the shelf. In our development experiments, the ASR mod-
els outperform the audio-LLMs. Merging the two ASR
transcripts with a text-only LLM gives a WER close to the
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best single ASR model and the best section structure. We
submit the two ASR models, their LLM combination, and
the best audio-LLM system.

2. TASK AND EVALUATION

The input is a polyphonic music recording (44.1 kHz stereo
WAV); the output is the lyrics as plain text, organized into
lines, with an empty line between sections. The test sets
are Jam-ALT [1] (79 songs in English, French, German,
and Spanish, revised from the multilingual version [5] of
JamendoLyrics [6]), MUSDB-ALT [7] (39 English songs
from MUSDBI18 [8]), and an undisclosed set of 10 English
songs. Any training data not overlapping with the test sets
may be used (DALI [9] is recommended); each submission
must run within 24 h on a single GPU with at most 32 GB
of VRAM. The main criteria are WER and CER. Follow-
ing Cifka et al. [1], the alt-eval toolkit [10] reports
WER, the case-sensitive WER’, and F-scores for punc-
tuation (P), parentheses (B), line breaks (L), and section
breaks (S); it does not compute CER, so we compute CER
with our own code. We select systems by WER and CER;
the other metrics are less reliable on our development data
(Section 3).

3. DATA

We do not train or fine-tune any model, so we use no train-
ing data. The pretrained models we use were trained on
large amounts of data, which are not published.

We use DALI [9], the recommended training set of
the task, for development. Its version 1.0 contains 5,358
commercial songs with semi-automatically aligned lyrics
(paragraphs, lines, words, and notes) and a link to a match-
ing YouTube video for each song. DALI’s download
tool relies on the defunct youtube_d1l, so we down-
loaded the audio with yt-d1lp (best audio, converted to
192 kbps MP3) for the 5,086 entries marked as working,
one at a time with randomized delays, logging failures
without stopping. We obtained 4,280 songs (84%); the
other 806 are no longer available (deleted, private, termi-
nated account, copyright takedown, or region or age re-
striction). We exported the annotations of all 5,358 songs
with the DALT package (v1.1) into plain-text lyrics files
(lines sorted by start time, blank lines between paragraphs)
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and JSON files readable without the package, and built a
per-song index (artist, title, language, YouTube id, avail-
ability, and word, line, and paragraph counts). The lyrics
cover 30 languages: English 75%, German 8.1%, French
4.0%, Italian 3.6%, Spanish 3.5%.

We estimate the ratio of English, French, German, and
Spanish songs in the final MIREX ALT test sets as roughly
69:20:20:20 and, from the 4,280 songs in DALI with both
audio and lyrics, drew two subsets with this ratio, based
on the language label of the DALI index (we did not check
the actual language of the lyrics). Songs are shuffled per
language with a fixed seed, so the smaller subset is con-
tained in the larger one: multiling25 (13 English, 4 French,
4 German, 4 Spanish; 1.6 h of total audio) for preliminary
experiments, and multiling500 (268/78/77/77; 31.6h) for
the final comparison. The DALI lyrics are all lowercase,
S0 case-sensitive metrics are not meaningful on these sub-
sets.

4. SYSTEM DESCRIPTIONS

Given the limit of 32 GB of GPU memory, we use Whis-
per [2] (as Cifka et al. [1]) and Qwen3-ASR [4], and the
audio-LLMs Qwen2-Audio-7B-Instruct [11], Qwen2.5-
Omni-3B and -7B [12], and Gemma 4 E2B, E4B, and
12B [13] (larger Gemma 4 models have no audio input).
All systems first run Whisper on the whole song; the others
reuse its timestamped segments to cut the song into clips
of at most 30s. Post-processing strips whitespace, drops
lines of music symbols only (such as “4”), and collapses
multiple blank lines; casing, punctuation, and parentheses
are not normalized.

4.1 ASR-Based Systems

Whisper. We run Whisper large-v2, which Cifka et al. [1]
found better than v3 on Jam-ALT with the language pro-
vided (27.9% vs. 32.6% WER), with faster-whisper [14]
in floatl6. As Cifka et al. [1], we use long-form tran-
scription with beam size 5 and a line break between times-
tamped segments; unlike them, we detect the language
from the first 30s. Conditioning on the previous text
caused catastrophic failures in preliminary experiments:
once a 30 s window was decoded as “é”’, the symbol prop-
agated through the rest of the song, and some songs were
transcribed as “4” only. We therefore disable it. Lines
of music symbols only, which Whisper still occasionally
outputs, add spurious line breaks, so post-processing drops
them.

Qwen-ASR. We run Qwen3-ASR-1.7B with Hugging
Face transformers (bfloat16, greedy decoding) on clips cut
in the middle of the gaps between Whisper segments, de-
tecting the language per clip. As it outputs no line breaks,
we split each clip’s text into as many lines as there are
Whisper segments in the clip, in proportion to their word
counts.

Whisper+Qwen-ASR+Qwen3-8b. For each clip, a text-
only LLM, Qwen3-8B [15] (chosen for its memory foot-
print; greedy, thinking off), receives the Whisper and

Qwen3-ASR transcripts, the detected language, and all
previously combined lines. It picks the more likely read-
ing of each part or combines the two, using only words
from the candidates and correcting only clearly misheard
words; empty, truncated, or overly long answers fall back
to Qwen3-ASR. Then the same LLM receives the num-
bered lines of the whole song and names the lines that
end a section, where we insert blank lines. This improves
the section-break F-score and leaves the words, and hence
WER, unchanged. Unlike LyricWhiz [16], which com-
bines several Whisper runs, we combine two different ASR
systems.

4.2 Audio-LLM-Based Systems

Most open-weight audio-LL.Ms accept at most 30 s of au-
dio, so the audio-LLM transcribes each clip (consecutive
Whisper segments merged up to 30 s) separately, following
the instructions of Cifka et al. [1, Sec. 2], with greedy de-
coding. In preliminary experiments on multiling25, adding
the text of previous clips as context hurt Gemma 4 E4B, so
we do not use it. Against repetition loops, we apply a rep-
etition penalty to the tokens generated for the current clip;
of the values 1.05 to 1.5, we chose 1.1. A final text-only
pass to fix inconsistencies did not help in a single trial. Op-
tionally, the audio-LLM also gets the Whisper and Qwen3-
ASR transcripts of the clip as two unnamed drafts, similar
to the multi-ASR fusion of Prakash et al. [17] on speech.
In preliminary experiments (mostly on multiling25),
Qwen2.5-Omni-7B and Gemma 4 E4B were the best,
while the other models reached WER above 100% and
seemed to need further prompt engineering. In the fi-
nal setup (no context, penalty 1.1), Qwen2.5-Omni-7B
(46.1% WER) and Gemma 4 E4B (57.8%) remained the
best without hints (63.8—131.6% for the others); with hints,
Gemma 4 12B (36.7%) came close to Gemma 4 E4B
(34.1%). Manual inspection of a few songs suggests that
some errors of Gemma 4 E4B come from mishearing and
from long repetitions of vocalizations (“oh oh oh”) that
may or may not belong in the transcript. We compare
Qwen2.5-Omni-7B and Gemma 4 E4B, each with and
without hints (QwenOmni2.5-7b-nohint, QwenOmni2.5-
7b-ASR-hints, Gemma-e4b-nohint, Gemma-e4b-ASR-
hints); QwenOmni2.5-7b-ASR-hints is missing from the
results because its run failed on the day of the deadline.

5. DEVELOPMENT RESULTS

Table 1 shows the results on multiling500. In WER and
CER, Qwen-ASR and the ASR combination are the best,
with Whisper slightly behind. Among the audio-LLM sys-
tems, Gemma with ASR hints has the lowest WER and
CER, but its WER is still higher than those of both its hints,
so it is unclear whether the hints help it recognize anything
or whether it merely avoids spoiling them too much. Whis-
per and the ASR combination have the best punctuation,
the audio-LLM systems slightly better line breaks, and the
ASR combination the best section breaks, closely followed
by QwenOmni2.5-7b-nohint. We do not discuss WER’, as
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System WER| CER] WER'| Fpt Fst F.t Fs?
Whisper 333 218 46.1 242 - 700 0.1

Qwen-ASR 289 169 406 189 - 531 -

Whisper+Qwen-ASR+Qwen3-8b 297  18.1 432 209 00 647 231
QwenOmni2.5-7b-nohint 425 289 550 145 00 756 217
Gemma-e4b-nohint 525 313 613 07 03 735 14.8
Gemma-e4b-ASR-hints 33.8  21.1 470 28 02 764 156

Table 1. Results on multiling500 (500 songs, 31.6 h), all in %. F7 is the F-score for punctuation (P), parentheses (B), line
breaks (L), and section breaks (S); “~" means no tokens of that type in the output.

the DALI references are lowercase.

Overall, ASR outperforms the audio-LLMs. Qwen-
ASR alone has the lowest WER and CER, but the LLM
combination of two ASR systems comes close while giv-
ing the best section breaks and good punctuation, i.e., the
best balance over all metrics.

CMI-Bench [3] evaluated mostly older audio-LLMs
(Qwen2-Audio, used in our preliminary experiments, is the
only overlap) on DSing [18], English solo singing without
accompaniment, which is much simpler than our multilin-
gual polyphonic data. All models had WER above 100%,
usually far above, and the authors conclude that none is
usable. On DALI, with suitable prompting, recent audio-
LLMs get much closer to the ASR systems, with WER
safely below 100%; a safe comparison would require eval-
uating them on DSing too. Still, much smaller ASR mod-
els outperform open-weight general-purpose audio-LLMs
on lyrics transcription.

6. SUBMITTED SYSTEM

We submit four systems: Whisper as UFAL-PMCG-
Whisper, Qwen-ASR as UFAL-PMCG-Qwen-ASR,
Whisper+Qwen-ASR+Qwen3-8b as UFAL-PMCG-
Whisper+Qwen-ASR+Qwen3-8b, and Gemma-e4b-
ASR-hints as UFAL-PMCG-Gemma-e4b-ASR-hints.
None of them uses training data or training. Table 2 gives
their sizes and resource use.

7. LIMITATIONS AND CONCLUSION

The pretrained models may have seen the evaluation data
during training; their training data are not published, so we
cannot check this.

On a multilingual subset of DALI, off-the-shelf ASR
models transcribe lyrics better than audio-LLMs that fit
into 32 GB of GPU memory. ASR hints narrow the gap
but do not close it. Merging two ASR transcripts with a
text-only LLM keeps WER close to the best single model
and adds section structure; this is our primary system.
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