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Abstract

This paper introduces the Polish Speech Emo-
tion Recognition Challenge, a shared task
aimed at advancing research on cross-lingual
emotion recognition in low-resource languages.
The challenge’s objective was to develop sys-
tems that could recognize emotional states in
Polish speech using only multilingual training
data, with no access to Polish training examples.
The final test set consisted of newly recorded
Polish speech samples created specifically for
the challenge, ensuring a fully blind evaluation.
Participants submitted emotion predictions for
six target classes. System performance was as-
sessed using the macro-averaged F1 score as
the primary metric.

1 Introduction

Speech emotion recognition (SER) is a growing
area of research focused on identification of human
emotional states from speech signals. It relies not
only on the lexical content of utterances, but also
on prosodic and acoustic cues, such as intonation,
pitch, and rhythm.

This capability plays an essential role in a wide
range of real-world applications, including human-
computer interaction, conversational agents, and
accessibility technologies. Despite its importance,
SER remains challenging due to cross-speaker vari-
ability, culturally dependent emotional expression,
and the lack of large, balanced datasets, particularly
for low-resource languages.

The main objective of the Polish SER Challenge
was to promote research on cross-lingual emotion
recognition by developing systems able to recog-
nize emotions in Polish speech without using any
Polish training data. Participants were asked to clas-
sify each audio recording into one of six predefined
emotional states. The focus on Polish was moti-
vated by the scarcity of labeled emotional speech
resources in this language and the practical need
for robust multilingual SER systems.
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The corpus prepared for this task was based on
the large multilingual CAMEOQ dataset (Christop
and Czajka, 2025), which aggregates multiple es-
tablished emotional speech corpora and is pub-
licly available through the Hugging Face platform.
The training set consisted exclusively of emotional
speech recordings in seven non-Polish languages.
Polish speech samples used for validation came
from the nEMO dataset (Christop, 2024), which
was integrated into CAMEO. Importantly, the test
data consisted of unseen audio samples recorded
specifically for this challenge. These recordings
followed the same labeling scheme and comparable
recording conditions but had not been released pub-
licly. The test set labels were withheld throughout
the competition, ensuring that the final evaluation
was conducted on completely unseen material and
represented as a genuine cross-lingual assessment
scenario.

2 Task Definition

The Polish SER Challenge required participants to
build systems capable of predicting emotion labels
for Polish speech samples from the hidden test set.
The training was restricted to the provided multilin-
gual training data. No Polish speech samples could
be used for training or data augmentation, includ-
ing the validation split, which was provided strictly
for evaluation purposes. Manual annotations of the
test set, semi-annotated labeling, crowdsourcing, or
any indirect form of labeling was strictly forbidden.
It was also prohibited to use external datasets or
resources not included in the official training data.
Pretrained models and transfer learning approaches
were allowed only if they had not been trained
or fine-tuned on Polish data or specifically on the
nEMO dataset. These constraints ensured a fair
comparison across systems and a true simulation
of a low-resource zero-shot learning scenario.
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Split anger fear happiness neutral sadness surprise Total
train 5212 4241 5216 7161 5127 2757 29714
dev 749 736 749 809 769 669 4481
test-A 276 267 246 271 268 255 1583
test-B 258 240 271 271 267 266 1573
Total 6495 5484 6482 8512 6431 3947 37351

Table 1: Distribution of samples per emotional state across train, validation and test splits.

Dataset Language anger fear happiness neutral sadness surprise Total
CaFE French 144 144 144 72 144 144 792
CREMA-D English 1271 1271 1271 1087 1271 - 6171
EMNS English 133 - 158 149 150 153 743
Emozionalmente Italian 986 986 986 986 986 986 5916
eNTERFACE English 210 210 207 - 210 210 1047
JL-Corpus English 240 - 240 240 240 - 960
MESD Spanish 143 144 144 143 144 - 718
Oréau French 73 71 72 71 72 72 431
PAVOQUE German 601 - 584 3126 556 - 4 867
RAVDESS English 192 192 192 96 192 192 1056
RESD Russian 219 223 218 191 162 - 1013
SUBESCO Bengali 1000 1000 1000 1000 1000 1000 6 000
Table 2: Distribution of samples per emotional state in train set.
3 Dataset tion through the Hugging Face platform'. Table 3

The dataset for the Polish SER Challenge was split
into three parts — training, validation, and test. Ta-
ble 1 shows the distribution of samples per emo-
tional state across the splits.

3.1 Train Set

The training split consisted of 29714 speech
samples from 12 multilingual datasets within
CAMEO - CaFE (Gournay et al., 2018), CREMA-
D (Cao et al., 2014), EMNS (Noriy et al., 2023),
Emozionalmente (Catania et al., 2025), eNTER-
FACE (Martin et al., 2006), JL-Corpus (James
etal., 2018), MESD (Duville et al., 2021a,b), Oréau
(Kerkeni et al., 2020), PAVOQUE (Steiner et al.,
2013), RAVDESS (Livingstone and Russo, 2018),
RESD (Amentes et al., 2022), and SUBESCO (Sul-
tana et al., 2021). Together, these covered seven
non-Polish languages. All training samples were
annotated using the same six emotional categories
— anger, fear, happiness, sadness, surprise, and a
neutral state. Table 2 shows the distribution of sam-
ples by emotional state in the training set across all
datasets.

The audio recordings and metadata for train split
were accessible as a part of the CAMEO collec-
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shows an overview of available metadata fields.

Field Description

file_id Unique identifier of the audio
sample.

audio File path, raw waveform, and
sampling rate.

emotion Expressed emotional state.

transcription  Orthographic transcription of
the utterance.

speaker_id Unique speaker identifier.

gender Gender of the speaker.

age Age of the speaker.

dataset Dataset of origin.

language Primary language of the sample.

license Original dataset license.

Table 3: Overview of the metadata fields available in
the CAMEQO collection.

Additionally, the input files, in. tsv, were avail-
able in the challenge repository on GitHub plat-
form?. Each line specified the CAMEO split name

1https://huggingface.co/datasets/amu-cai/
CAMEO

2https://github.com/poleval/
2025-speech-emotion


https://huggingface.co/datasets/amu-cai/CAMEO
https://huggingface.co/datasets/amu-cai/CAMEO
https://github.com/poleval/2025-speech-emotion
https://github.com/poleval/2025-speech-emotion

Speaker Gender Age anger fear happiness neutral sadness surprise Total
SBO M 24 68 69 65 65 69 67 403
JSO M 25 68 59 55 67 64 55 368
MCO M 25 70 68 70 70 70 69 417
ICO F 30 70 70 70 70 70 70 420
KJO M 60 54 66 57 68 70 69 384
MClI M 22 70 69 67 70 70 69 415
SO0 F 21 69 62 70 69 70 63 403
JWO0 F 24 65 44 63 63 52 59 346
Total 3F/ 5M 534 507 517 542 535 521 3156

Table 4: Distribution of samples per emotional state across all speakers in the test set.

and the file identifier, ensuring precise mapping
between the provided lists and the datasets hosted
on Hugging Face, as shown in Figure 1.

cafe e9d4b7b83bd1f6825dabca3fc51.flac
ravdess 4dd5629990a4931959da7735b28.flac
resd ebcea26cf1ffffdb66eed7d7468.flac

Figure 1: Example of the in. tsv file available for train
and validation splits.

3.2 Validation Set

The validation split consisted of 4 481 recordings
from the Polish nEMO dataset. These samples
were fully labeled but restricted to evaluation only.
The validation set allowed participants to estimate
cross-lingual generalization performance on Polish
speech prior to submitting systems for the hidden
test evaluation.

As with the training set, the audio recordings
and metadata for the validation set were available
on the Hugging Face platform. The input file was
provided in the GitHub repository. Both the meta-
data and the input file had the same structure as the
training set.

3.3 Test Set

The test set contained unseen Polish speech record-
ings that were obtained specifically for this chal-
lenge. These samples were not part of any public
dataset and their labels were hidden throughout the
competition. This dataset provided a controlled
and unbiased evaluation of system performance on
Polish emotional speech from previously unheard
speakers and newly recorded material.

The test set consisted of recordings from eight
speakers, including five men and three women,
ranging in age from 21 to 60 years old. The test
set contains a total of 3 156 utterances, which are
distributed relatively evenly across the six emotion

categories. Each speaker contributed a compara-
ble number of recordings to ensure that no single
speaker dominated the test data. This composition
allows for a fair and robust evaluation of emotion
recognition performance across speakers and emo-
tional categories. Table 4 shows the distribution of
samples by speaker across all emotional states.

A total of 70 distinct utterances were recorded
to create the test set. The complete list of these
sentences is provided in the Appendix A. The in-
tended number of samples per emotional state was
equal to the number of utterances (70). However,
recordings that did not sufficiently represent the
targeted emotional state were manually rejected
and excluded from the final test set. This resulted
in minor deviations from the ideal count.

{
"file_id": "bb7ee27f3e.flac”,
"transcription”: "Ochronie cie.",
"speaker_id":"SBo",
"gender"”:"male",
"age":"24",
"dataset”: "test"”,
"language": "Polish",
"license"”: "CC BY-NC-SA 4.0"

}

Figure 2: Example record from the JSONL metadata
files provided for test splits.

The test set was divided into two splits, test-A
and test-B, comprising 1 583 and 1 573 samples,
respectively. Both splits were released to partic-
ipants, but the labels were hidden. test-B was
used exclusively for the final evaluation and leader-
board ranking. The input files for both test-A and
test-B contained the split name and file identifier
for each sample. Additionally, JSONL metadata
files were provided to ensure the same set of meta-
data fields was available to participants across all
splits. An example metadata record is shown in
Figure 2. The corresponding audio recordings for
both test splits were distributed as a compressed
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TAR archive via the challenge GitHub repository.

4 Evaluation

4.1 Submission Format

The evaluation was conducted based on participant
submissions in the form of a TSV file. This file
was supposed to contain exactly one emotion label
per line, corresponding to each sample listed in the
input file. Figure 3 shows an example of the output
file.

anger
neutral
happiness

Figure 3: Example of an output file.

4.2 Metrics

System performance was measured using standard
classification metrics — macro-averaged F1 score as
the primary metric and accuracy as a supplementary
metric. The macro F1 score was computed by cal-
culating the F1 score separately for each emotion
class and averaging these values without weighting,
according to the Formula 1. This way, the perfor-
mance across all emotional states was emphasized
equally regardless of dataset imbalance.

1 XK
Flmacro = ? ZFli (1)
=1

where K — number of classes, F1; — F1-score for
class 1.

The accuracy was calculated according to For-
mula 2, as the fraction of correctly predicted sam-
ples across the entire test set.

Zfil TP; 2)
N
where TP; — number of correctly predicted sam-
ples for class 7, /N — total number of samples.
For both metrics, values ranged from O to 1, with
1 being the highest possible score.

Accuracy =

4.3 Post-processing Strategy

To assist participants in creating valid submissions,
an implementation of the post-processing strategy
introduced by Christop and Czajka (2025) was pro-
vided. This tool was designed primarily to nor-
malize outputs generated by large language models
or other systems that might produce descriptive
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responses or use different part of speech than ex-
pected.

The post-processing strategy involved tokeniza-
tion the generated response and calculating the Lev-
enshtein ratio between each target label and each
word in the prediction. Similarity scores below the
predefined threshold of 0.57 were filtered out for
each label, and the remaining values were summed
to yield an aggregated score for that label. The
class with the highest aggregated similarity score
was then selected as the best match. This strategy
was only used if the generated response was not an
exact match for any of the labels.

The usage of the post-processing strategy was
optional.

4.4 Baseline

Several open source baseline systems were evalu-
ated on the validation (dev) set, as well as on the
two test splits (test-A and test-B), to provide
reference points for this challenge. The macro-
averaged F1 scores obtained by these models are
shown in Table 5. In addition to a variety of au-
dio languange models, a cascaded system compris-
ing Whisper-Large-v3 (Radford et al., 2022) and
Llama-3.3-70B-Instruct (Grattafiori et al., 2024)
was evaluated. In this system, Whisper first gener-
ates a transcription of each utterance. Then, Llama
3.3, a text-only large language model, analyzes the
transcription to predict the emotional label.

Model dev test-A  test-B
Audio Flamingo 3 0.0829  0.0768  0.0875
GAMA 0.0433  0.0486  0.0528
Qwen2-Audio 0.1977 0.1500 0.1492
Qwen-Audio-Chat 0.1444  0.1363  0.1236
Ultravox v0.6 0.1334 0.1418  0.1576
Whisper + Llama 3.3 0.1173  0.1283  0.1147

Table 5: Fl-macro results obtained by selected open
source systems on validation and test sets.

Overall, baseline performance was relatively low,
reflecting the task’s difficulty and the strict zero-
shot, cross-lingual setting. ultravox-v0Q_6-1lama-
3_3-70b (fixie-ai, 2025) achieved the strongest per-
formance among the evaluated systems on the fi-
nal hidden test set, obtaining a macro F1 score of
0.1576. This system also exhibited consistent be-
havior across splits, producing comparable score
on the validation and test-A sets.

Qwen2-Audio-7B-Instruct (Chu et al., 2023)
obtained the highest score on the validation set
(0.1977), but it exhibited a noticeable drop in per-



formance on both test splits. This suggests that it
has limited generalization to newly recorded Polish
speech data. Similarly, Qwen-Audio-Chat (Chu
et al., 2023) and Whisper + Llama 3.3 demon-
strated moderate performance on the validation set,
yet neither outperformed Ultravox v0.6 on test-B.

The remaining baselines, Audio Flamingo 3
(Goel et al., 2025) and GAMA (Ghosh et al.,
2024), achieved substantially lower macro F1
scores across all splits, indicating their limited ef-
fectiveness in cross-lingual speech emotion recog-
nition in this setup. The gap observed between val-
idation and test performance across several models
further highlights the challenges posed by domain
mismatch, unseen speakers, and newly recorded
test material.

To facilitate a deeper analysis of baseline behav-
ior, the confusion matrices for all baseline systems
evaluated using the validation and test splits are
provided in Appendix B.

An analysis of the confusion matrices for all the
evaluated baseline systems further illustrates the
task’s challenges. Predictions were heavily biased
toward a small subset of emotions across models,
most notably neutral. For all emotional states, sub-
stantial confusion between emotionally proximate
classes remained evident. These patterns suggest
that the baseline systems had difficulty capturing
subtle emotional distinctions in Polish speech in a
zero-shot, cross-lingual setting, often defaulting to
more common or less distinctive emotional states.

The confusion matrices also reveal that no base-
line system achieved balanced performance across
all six emotional states. This directly explains the
low macro-averaged F1 scores observed in Table 5.
Even the strongest baseline, Ultravox v0.6, exhib-
ited notable confusion between happiness and other
affective states. This suggests limited sensitivity
to emotional prosody in the unseen language. The
weakest baselines exhibited near-random behavior
for several classes, rarely predicting certain emo-
tions.

The confusion patterns observed for the cas-
caded system of Whisper + Llama 3.3, suggest
that relying solely on lexical information, without
direct access to acoustic cues, is insufficient for
robust speech emotion recognition.

Overall, these baseline results established a chal-
lenging lower bound for the task and underscored
the need for more specialized modeling approaches
tailored to cross-lingual and low-resource speech
emotion recognition.
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5 Results

A total of six participants submitted solutions that
were evaluated on at least one test set. However,
only five participants provided predictions for the
final evaluation set, test-B, and were therefore
included in the official leaderboard. The F1-macro
results obtained by all participants are shown in
Table 6.

Rank User test-A  test-B
1 maciejlachut 0.5161  0.5412
2 tomasz 0.5318  0.5247
3 tomek 0.5319 0.5129
4 kondziu98 0.3915  0.3833
5 cyrta - 0.0966
- pawlew 0.1273 -

Table 6: Fl-macro results obtained by participants on
test sets.

The best performing system, submitted by
maciejlachut, reached a macro F1 score of
0.5412, significantly outperforming the baseline
models. tomasz followed closely behind with a
score of 0.5247. The third-place finished, tomek,
scored 0.5129 on test-B, while kondziu98 placed
fourth with a score of 0.3833. The fifth-place par-
ticipant, cyrta, achieved substantially lower score
of 0.0966 on the hidden test set. pawlew did not
submit results for test-B and therefore did not
receive a ranking on the leaderboard.

Comparing these results to the baseline mod-
els (Table 5) shows that the baseline systems per-
formed notably lower. The best-performing base-
line model, Ultravox v0.6, achieved an F1-macro
score of 0.1576 on test-B, significantly lower than
the top participants’ scores.

Overall, almost all of the participants’ sys-
tems clearly outperformed the baseline models.
maciejlachut achieved an F1-macro score lead
of over 0.38 on hidden test set compared to the best
baseline. This suggests that the participants’ mod-
els leveraged the provided data effectively through
fine-tuning and strategies tailored to the unique
challenge. These results underscore the difficulty
of the task and the effectiveness of the competing
systems in addressing cross-lingual speech emotion
recognition.
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A List of Utterances Used for Test Set

This appendix presents the complete list of the 70
distinct utterances used to record the Polish speech
samples that make up the test set for the Polish
Speech Emotion Recognition Challenge. Each sen-
tence was recorded by each speaker for each tar-
geted emotional state, providing a consistent, con-
trolled basis for eliciting emotional speech. Using a
fixed set of utterances across speakers and emotions
ensured the comparability of the recordings, allow-
ing emotional variation to be expressed through
prosody and vocal delivery rather than lexical con-
tent.

1. Biata parasolka jest tej pani.

2. Oni zaczeli.

3. Czy posiada pani karte kredytowa?

O co tyle hatasu?

5. Czy lubisz rap?

Woli pan herbatg?

. Zawsze pij¢ rano dwie filizanki kawy.
8. Nie zapomnij swoich rzeczy.

9. Poprosze filizanke kawy.

10. Jaki kolor ma twoja sukienka?

11. Wybaluszyta oczy.

12. Niech nie wie lewica, co robi prawica.

13. W restauracji zaméwitem zestaw z chrzanem.

14. Otworzylem pudto, ale ono byto puste.

15. Damy radg.

16. Uczniowie nie postuchali swojego nauczy-

ciela.

17. Uratujemy ich.

18. To moja ptyta, nie?

19. Ktéry rekomendujesz?
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20.
21.
22.
23.

24,
25.
26.
27.
28.
29.
30.
31.
32.
33.
34,
35.
36.
37.
38.
39.
40.
41.
42.
43.
44.
45.
46.
47.
48.
49.
50.

Ona zyje!
Chyba go polubisz.
Id¢ do kina.

Dopdki nie byta catkiem syta, jadta jednego
cukierka za drugim.

Zwolnig go.

Wciaz o pani mysle.

Nosi okulary.

Pocimy si¢ w tym upale.

Ochronig cieg.

Maria byta na Wegrzech.

Tloma jezykami dobrze si¢ postugujesz?
Pokazat jezyk swojemu nauczycielowi.
Maria potrafi gra¢ na pianinie.

Stysze muzyke.

IdZ droga w prawo.

Cigzko oddychali.

Lubig¢ koreariskie jedzenie.

Mialem operacje.

Jej uczucia sa trochg urazone.

To ptonie.

Jezyki programowania to jego hobby.
Wczoraj wieczorem ukradziono mi rower.
Nie oczekuje, ze pan odpowie.

Ona pije kawe.

Mianowali Janka kierownikiem.

Ucze si¢ chinskiego w Pekinie.

Sa zajeci.

Zaufata mi.

Préobowatem pisa¢ moja lewa reka.

On nie jada surowych ryb.

Ohydne to mleko.


https://doi.org/10.1371/journal.pone.0250173
https://doi.org/10.1371/journal.pone.0250173
https://doi.org/10.1371/journal.pone.0250173

51.
52.
53.
54.
55.
56.
57.
58.
59.
60.

61.
62.
63.
64.
65.

66.
67.
68.
69.
70.

B

Czy zarezerwowales juz pokdj w hotelu?
Ona uprawia wiele gatunkéw kwiatow.
Niech pan mnie ochrania!

Oto Japonia.

Na Wegrzech kazdy méwi po wegiersku.
Boli ci¢ glowa?

Uwazaj na lewe taryfy.

Uczymy sig jezyka hiszpariskiego.

Para dobrych okularéw pomoze ci czytac.

Oliwa sprawiedliwa zawsze na wierzch
wyplywa.

Do stomatologa obowiazuja zapisy.
Méwisz moim jezykiem.
Pojechatem do Paryza.

Jego rada niewiele pomogta.

Swieze owoce 1 warzywa sg dobre dla twojego
zdrowia.

Tomek nigdy nie byl w Bostonie.
Moim hobby jest towienie ryb.
Prawa r¢ka nie wie co czyni lewa.
Lubi¢ happy endy.

Kiedy wychodzimy?

Confusion Matrices for Baseline
Systems

Figures 4— 9 show confusion matrices for all base-
line models evaluated on dev, test-A, and test-B
splits. Rows correspond to true labels and columns
to predicted labels, following the fixed label or-

der:

anger (A), fear (F), happiness (H), neutral (N),

sadness (Sa), and surprise (Su).
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True label

True label

True label

A{ 11 3 1 6 Al 12 o 0o 4 A{ o 30
F{ 4 34 42 6 F{ 3 0 6 2 F{ 1 14 4
H{ 3 0 1 4 H4{ 10 1 0 3 Hy 1 2 7
N3 o 0o 4 N{ 3 2 o 3 N{ 1 10

Sa{ 2 0 10 2 Sa{ 5 0 2 1 Sa{ O 2 2

Suqi 8 0 0 8 Suqi 6 3 0 7 Suqi 1 6 15

A }é S'a §u A }é S'a §u A S'a §u
Predicted label
Figure 4: Confusion matrices for Audio Flamingo 3 model evaluated on validation and test splits.
dev test-A
A{ O 0 0o 0 o0 A{ O 0 o0 0o o0 A{ 3 0o o0
F{ O 0 0 0 0 F{ 1 0 0 0 0 F{ 9 0 0
H{ O 0 0 0 0 H{ 0O 1 o0 0o o0 H{ 2 0o o0
N{ O 0 0 0 0 N{ 1 0 0 0o o0 N{ 2 0o o0
Sa{ O 0 0 0 0 Sa{ O 0 0 0 0 Sa{ 4 0 0
suy o 0 0 0 o0 suy 0 0 0 0o o0 Su; 6 0o o0
A F H N sa A F H N Sa su A sa su
Predicted label
Figure 5: Confusion matrices for GAMA model evaluated on validation and test splits.
dev test-A test-B

89 84 38 1 a{ 59 5 59 7 15 Al 48 8 5 4 0

57 88 55 1 F{ 41 3 51 14 10 F{ 28 13 53 13 0

99 120 28 2 H{ 42 5 72 3 15 H{ 56 15 70 3 0

119 141 82 1 N{ 40 2 |7 11 12 N{ 28 15 INFM 10 o©

66 166 149 0 Saq{ 41 2 n 17 13 Sa{ 20 9 88 21 0

63 80 24 O su{ 52 5 57 4 7 su{ 58 6 5 3 0

H N sa su A H N sa su A H N sa su

Predicted label

Figure 6: Confusion matrices for Qwen2-Audio model evaluated on validation and test splits.
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dev test-A test-B

A 2 63 1 4 A{ 9 23 13 1 4 A O 25 10 6 5

F{ 3 173 16 6 F{ 3 48 4 5 3 F{ O 30 8 5 11

Ko] Hy 7 11 0 0 H{ 8 5 23 1 1 H{ O 6 30 1 2
Q
o

(] N{ 6 15 0 1 N 2 10 3 4 0 N7 O 9 4 2 6
=

Sa{ 6 63 6 3 Sa{ 6 14 4 5 0 Sa{ O 10 1 5 5

Suqi 6 22 1 8 Suqi 5 17 22 0 2 Suq O 15 26 0 7

A }é S'a §u A }é Ill S'a §u A }é Ill S'a §u

Predicted label

Figure 7: Confusion matrices for Qwen-Audio-Chat model evaluated on validation and test splits.

True label

dev test-A test-B

Al 23 o0 114 52 Al 12 o 55 64 22 Al 8 5 23

F{ 21 0 120 38 F{ 6 0 62 58 26 F{ 5 11 23

T H{ 23 0 114 35 Hi 8 3 60 37 23 H{ 5 2 27
fe)
©

@ N{24 0 137 38 N{ 70 61 56 14 N{ 72 26
=

Saq{ 19 0 146 32 Sa{ 8 2 48 62 26 Sa{ 8 2 18

sui 22 0 98 35 su{ 70 65 47 26 su{ 8 9 29

A F sa su A F H N sa su A F su

Predicted label
Figure 8: Confusion matrices for Ultravox v0.6 model evaluated on validation and test splits.
test-A test-B

72 17 A{ 13 2 36 60 4 A{ 10 4 26 a0 4

68 16 F{ 10 2 34 49 1 F{ 9 5 25 40 3

65 18 H{ 15 6 37 43 4 Hy 13 2 34 41 5

76 19 N{ 5 5 30 EEN N{ 11 3 31 56 0

73 16 Sa{ 9 3 26 51 2 Saq{ 7 4 85| 41 5

58 14 Suq 12 3 35 41 4 Suq 10 4 33 52 3

sa  su A F H sa  su A F H sa  su

Predicted label

Figure 9: Confusion matrices for Whisper + Llama 3.3 cascaded system evaluated on validation and test splits.
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