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Abstract

Research on cross-dialectal transfer from a
standard to a non-standard dialect variety has
typically focused on text data. However, di-
alects are primarily spoken, and non-standard
spellings cause issues in text processing. We
compare standard-to-dialect transfer in three
settings: text models, speech models, and cas-
caded systems where speech first gets automat-
ically transcribed and then further processed by
a text model. We focus on German dialects in
the context of written and spoken intent classifi-
cation – releasing the first dialectal audio intent
classification dataset – with supporting experi-
ments on topic classification. The speech-only
setup provides the best results on the dialect
data while the text-only setup works best on the
standard data. While the cascaded systems lag
behind the text-only models for German, they
perform relatively well on the dialectal data if
the transcription system generates normalized,
standard-like output.

1 Introduction

While most natural language processing (NLP) re-
search focuses on highly standardized languages
with large amounts of training and evaluation data
available, a subfield focusing on dialect NLP has re-
cently been emerging, studying the (lack of) robust-
ness NLP tools exhibit towards dialectal variation
(Zampieri et al., 2020; Joshi et al., 2025).

In dialect NLP, oftentimes no training but only
evaluation data are available for non-standard di-
alect varieties. In such cases it is common to train
NLP models on a higher-resource, closely related
standard language instead. Part of what makes such
standard-to-dialect transfer challenging in contrast
to standard transfer learning is the large degree of
spelling variation exhibited in dialectal writing, as
it frequently leads to infelicitous subword tokeniza-
tions (Aepli et al., 2023; Blaschke et al., 2023; Sri-
vastava and Chiang, 2025; Kanjirangat et al., 2025).

Ist es heute kalt?
Is es heid koid?

Ist es heute kalt?

Ist es halt keut? (sic)

Is it cold today?

Is it cold today?
ASR

Is it just [nonce]?

Text- 
only

Cascaded

ASR

Speech- 
only

Figure 1: We compare three evaluation setups for Ger-
man and dialectal text and speech data.

Such challenges have led to research on processing
dialectal data with token-free models, such as for
example pixel models (Muñoz-Ortiz et al., 2025).
These input representation challenges also bring
about the question of how robust speech models
are towards dialectal variation, given the continu-
ous nature of their inputs. This has to some extent
been investigated for automatic speech recogni-
tion (ASR; §2), but not yet for classification tasks.
Focusing on speech is especially relevant for pro-
cessing non-standard dialects, as these varieties are
predominantly spoken.

Our work primarily focuses on intent classifica-
tion in the context of queries for virtual assistants
for two reasons: Firstly, dialect-robust virtual as-
sistants are seen as especially desirable in a survey
on potential NLP technologies for German dialects
(Blaschke et al., 2024). Secondly, this task natu-
rally lends itself to the spoken domain, but most
available datasets only include written data. This
can partially be explained by the conventional cas-
caded paradigm of first automatically transcribing
audio data (cf. Faruqui and Hakkani-Tür, 2022),
and then classifying the transcribed text as a sec-
ond step. However, this approach ignores the short-
comings of current ASR systems with respect to
low-resource and non-standardized languages.
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In this study, we extend a text-only intent classi-
fication dataset to audio with recordings in German
and a related non-standard dialect, Bavarian. We
compare three setups across a variety of text and
speech encoders and ASR models (Figure 1): mod-
els trained and evaluated on the written version
of the dataset (“text-only”), on the spoken version
(“speech-only”) or trained on text and evaluated on
ASR transcripts of the spoken input (“cascaded”).
We replicate our findings in a supporting experi-
ment on a conceptually similar task (topic classifi-
cation) with German and Swiss German (dialect).

We present the following findings, which show
that results for standard languages do not necessar-
ily generalize to even closely related non-standard
dialects:

1. While the cascaded models lag behind the
text-only models for the German data, sys-
tems whose ASR step in practice normalizes
the data outperform the text-only models for
dialectal input (§5.1).

2. Although the speech-only systems perform on
par with the cascaded systems on the German
data, they greatly outperform the cascaded
systems on the dialectal data (§5.2).

3. Although the text-only models perform much
better than the speech-only models on the Ger-
man data, the situation is largely reversed for
the dialectal data (§5.3).

Furthermore, we contribute a spoken intent dataset
for German and Bavarian (§3.2). We make the
dataset1 and our code and model predictions2 pub-
licly available.

2 Related Work

Intent classification for written dialects Several
works have focused on standard-to-dialect transfer
for written dialects, starting with the xSID dataset
(van der Goot et al., 2021), and including multiple
shared tasks (Aepli et al., 2023; Malaysha et al.,
2024; Scherrer et al., 2025). A common theme in
these works is the gap between the performance on
the standard variety and the non-standard dialects.
Intent classification systems have been shown to
be somewhat affected by syntactic variation (Arte-
mova et al., 2024). Other works have focused on
improving intent classification by mitigating the

1https://doi.org/10.5281/zenodo.19554427
2github.com/mainlp/dialects-text-vs-speech

effect of infelicitous subword tokenizations for di-
alectal text by manipulating the subword tokeniza-
tion of the standard language as well (Srivastava
and Chiang, 2023; Blaschke et al., 2025a) or by us-
ing token-free models (Muñoz-Ortiz et al., 2025).

Spoken dialect processing Most work on spoken
dialect processing has focused on ASR, covering a
variety of languages like Arabic (Djanibekov et al.,
2025), Dutch (ten Bosch, 2000), English (Torgbi
et al., 2025), German (Beringer et al., 1998), Greek
(Vakirtzian et al., 2024), Frisian (Amooie et al.,
2025), Irish (Lonergan et al., 2023), Mandarin
(Tang et al., 2021), Telugu (Yadavalli et al., 2022),
Wenzhounese (Gao et al., 2025), and Yorùbá (Ahia
et al., 2024). Common themes in these works
are performance gaps between standard and non-
standard varieties, the effect of dialectal pronunci-
ation differences, as well as lexical and syntactic
differences between the dialect and the standard.

The most relevant works for our study analyze
the performance of current ASR models on German
dialects. In a study on automatically transcribing
German dialects, Blaschke et al. (2025b) find that
ASR models differ in how much they normalize
their output towards standard German. In a similar
vein, Dolev et al. (2024) and Gorisch and Schmidt
(2024) find that Whisper ASR models (Radford
et al., 2023) tend to replace colloquial or regional
German syntactic constructions with constructions
that are more common in written German, although
this is not always successful (Sicard et al., 2023).

Focusing on a different task – question answer-
ing – Faisal et al. (2021) evaluate cascaded models
on different nation-level varieties of five languages.
They find performance gaps between varieties of
the same language and a positive correlation be-
tween transcription quality and question answering
performance.

Spoken intent and topic classification A range
of recent works has focused on spoken intent
and topic classification. Bastianelli et al. (2020)
present an English-language intent classification
dataset that was later extended into the multilin-
gual Speech-MASSIVE by Lee et al. (2024). Simi-
larly, Schmidt et al. (2025) and Keller and Glavaš
(2025) present large-scale multilingual speech clas-
sification datasets. Rajaa et al. (2022) present an
Indian English intent classification dataset. Two
datasets include multiple varieties of the same lan-
guage: MInDS-14 (Gerz et al., 2021) includes stan-
dard English accents from three countries, with no
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eng Remind me to call Stephanie on Tuesday
deu Erinnere mich Stephanie am Dienstag anzurufen
bar Erinner mi d Stephanie am Dienstag ozumruafa

remind me the Stephanie on Tuesday to.call

eng Because many services that we use today...
deu Denn viele Dienste, die wir heute nutzen,
gsw-be Denn vili Dienschtä, womer hüt nutzä,
gsw-lu Well vell Dienst, womer höt bruched,

because many services that we today use
eng ...only work with the help of satellites.
deu funktionieren nur mit Hilfe von Satelliten.
gsw-be funktionierä numä mit Hiuf vo Satellitä.
gsw-lu fonktionierted nor met Helf vo Satellite.

work only with help of satellites

Table 1: Standard German and dialectal sentences
from the datasets we use (top: German and Bavarian
sentences from xSID; bottom: German and two of the
Swiss German sentences – Bern, Lucerne – from Swiss-
Dial). While there are some grammatical and lexical
differences between the varieties, the most salient differ-
ences are on the level of pronunciation/spelling. Note
that the xSID sentences were independently translated
from English – while the sentence pair in this table is par-
allel on a word level, this does not apply to all sentences.
For more examples, see Table 15 in Appendix F.2.

consistent performance differences between them.
ITALIC contains recordings from different Italian
regions (Koudounas et al., 2023), but no analysis
of performance differences across regions. On the
engineering side, Wang et al. (2023) and He and
Garner (2023) explore the benefits of multi-task
learning for spoken intent detection. In the con-
text of cascaded systems, Faruqui and Hakkani-Tür
(2022) argue for a better integration of ASR sys-
tems and text-based classification models.

3 Experiments

3.1 Setups

We compare three setups. In the text-only setup,
the models are trained on the German text data and
evaluated on the German and dialectal text data. In
the cascaded setup, the same models are evaluated
on ASR transcriptions of the German and dialectal
speech data.3 Lastly, in the speech-only setup, the
models are trained on the German audio data and
evaluated on the German and dialectal audio data.

3We additionally train some cascaded models on ASR
transcriptions, but find that they show the same transfer trends
as the cascaded models trained on gold-standard text data (§E).

Dataset Mod Lang Train Dev Test

Intent classification
Speech-MASSIVE × deu 2.5k 459 361 }

p.MASSIVE (deu) v deu 2.5k 459 361
MASSIVE (bar) v bar – – 361
xSID v deu, bar – – 2×412 }

p.
xSID-audio (new) × deu, bar – – 2×412

Topic classification
SwissDial (deu) v deu 1.5k 194 396 }

p.
SwissDial (gsw) v× gsw (8 dials)– – 8×396

Table 2: Datasets used in this study. The numbers of
instances reflect the subsets we used in our experiments
(for instance, in order to have comparable intent label
sets across datasets), e.g., the full version of xSID-audio
contains 300 development and 500 test instances per
variety. Several datasets are parallel (p.) to each other.
Modality: v= text, ×= speech.

3.2 Data

We use data in Standard German (deu) and two
related dialects: Bavarian (bar) and Swiss German
(gsw). Neither Bavarian nor Swiss German are
standardized. Both are primarily spoken, but also
occasionally written, especially in informal situ-
ations. The most salient differences between the
standard and non-standard varieties are on the pro-
nunciation level (which is reflected when they are
written), although there are also some lexical and
grammatical differences (Table 1).

To the best of our knowledge, no classification
datasets with parallel spoken and written data in a
standard and non-standard variety are available for
any other language/dialect.

Main experiment: intent classification Our
main set of experiments concerns intent classifi-
cation. We use (and introduce) data in German and
a closely related dialect, Bavarian. The data con-
sist of queries and commands for virtual assistants
annotated with user intents.

We use the German splits of the text-based MAS-
SIVE dataset (FitzGerald et al., 2023) and its audio
counterpart Speech-MASSIVE (Lee et al., 2024)
for training models. For evaluation, we use the
subset of the MASSIVE test set that has been trans-
lated into Bavarian (Winkler et al., 2024) as well
as the corresponding German (Speech-)MASSIVE
instances. We furthermore use the German and
Bavarian test splits of xSID (van der Goot et al.,
2021; Winkler et al., 2024).4 Because xSID is only

4xSID is an evaluation dataset, and does not provide (high-
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released as a text-based dataset, we additionally cre-
ate audio recordings (read speech). The audios are
recorded in-house by a native speaker of both Ger-
man and Bavarian who also translated the written
Bavarian split. The German and Bavarian record-
ings are identical in content, speaker, and recording
conditions, and only differ in their language vari-
ety. Appendix A contains the data statement for
xSID-audio.

We map the instances in (Speech-)MASSIVE to
the label set used by xSID (Appendix C.1), and
exclude all instances that do not match this map-
ping. As shown in Table 2, this leaves 2.5k/459/361
train/dev/test instances for (Speech-)MASSIVE
and 412 test instances for xSID, and 10 labels.5

There is no overlap in speakers between the train-
ing and evaluation splits. Because all text is lower-
cased in MASSIVE, we lowercase the xSID data
and the ASR transcriptions as well.

Supporting experiment: topic classification To
replicate our findings to the extent possible with
available data, we further include experiments on
topic classification, a task conceptually similar to
intent classification. Except for our extension of
xSID, the dataset below is the only classification
dataset that contains parallel (or otherwise compa-
rable) dialectal and standard-variety data where at
least the dialectal split is available as both spoken
and written data.

We use SwissDial (Dogan-Schönberger et al.,
2021), which contains German sentences that are
also parallel in up to eight Swiss German dialects.
The German sentences are only available as text
data, but the dialectal sentences are both written
and spoken, allowing us to use the dataset for the
text-only and cascaded setups. We exclude rare
or incoherent labels (Appendix C.2), resulting in
a label set of 10 topics. We split the dataset into
1.5k/194/396 train/dev/test sentences. The test set
only contains sentences that are parallel across all
eight dialects. For training and development, we
only use the Standard German versions.

3.3 Models

Table 3 provides an overview of the models we
use. We focus on encoder models, as fine-tuned

quality) training splits for German or Bavarian. For the Bavar-
ian data, we use the split from Upper Bavaria (“de-ba”).

5The full xSID-audio 0.1 release contains recordings for
the entire Bavarian and German development and test sets
(300+500 sentences, 16 intents).

Model Encoder size (M) ASR

Text mBERT 86
mDeBERTa 85
XLM-R base 86
XLM-R large 303

Speech mHuBERT 94
XLS-R 300M 315
XLS-R 300M DE 315 CTC
MMS 300M 315
Whisper tiny 8 LM
Whisper base 20 LM
Whisper small 87 LM
Whisper medium 306 LM
Whisper large-v3 635 LM

Add. ASR XLS-R 1B DE CTC
MMS 1B-all CTC
Whisper large-v3-turbo LM

Table 3: Text/speech encoders and additional
ASR models. Encoder size in millions of non-
embedding parameters. ASR decoding strate-
gies: CTC = connectionist temporal classification,
LM = language modelling. For licenses and links, see
Appendix B.

pre-trained encoder models have been shown to
outperform larger instruction-tuned decoders on
classification tasks (Adelani et al., 2024; Ojo et al.,
2025; Kasa et al., 2025; Saattrup Nielsen et al.,
2025). Furthermore, fine-tuning the pre-trained
models below gives us more control over the ex-
perimental setup, as we can ensure each model is
exposed to exactly the same labelled intent/topic
classification training data.

Text and speech models of comparable size We
focus on two sets of pretrained multilingual trans-
former models with comparable backbone parame-
ter sizes (encoder parameters without embedding
layers): ∼90 M backbone parameters (12 encoder
layers, 758 hidden dimensions) and ∼300 M param-
eters (24 encoder layers, 1024 hidden dimensions).
For encoder–decoder models, we only fine-tune the
encoder (plus a classification head).

As text models, we select mBERT (Devlin et al.,
2019), XLM-R base and large (Conneau et al.,
2020), and mDeBERTa-v3 (He et al., 2021a,b). The
latter has shown strong performance in previous
work on intent classification for dialectal German
data (Artemova et al., 2024; Krückl et al., 2025).
As speech models, we use the encoders of Whisper
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small and medium (Radford et al., 2023). We also
use mHubERT-147 (Zanon Boito et al., 2024) and
MMS 300M (Pratap et al., 2024). We addition-
ally use both the original version of XLS-R 300M
(Babu et al., 2022) and a version fine-tuned for
German ASR (McDowell, 2022b).

All of the models we use include German in their
pre-training data. Only mBERT includes Bavarian;
none of the models were trained on Swiss German
per their documentation.6

Additional model sizes To further investigate
the effect of model size, we also include the Whis-
per model sizes tiny (8 M backbone encoder pa-
rameters), base (20 M), and large-v3 (635 M). No
additional text model sizes are available.

ASR models To transcribe the evaluation data in
the cascaded setup, we use all speech models men-
tioned above in this section that are trained/fine-
tuned for ASR. To evaluate the effect of the ASR
performance on the cascaded systems in greater
detail, we additionally use a version of XLS-R 1B
fine-tuned for German ASR (McDowell, 2022a),
MMS 1B fine-tuned for multilingual ASR, and
Whisper large-v3-turbo, a version of Whisper large-
v3 with a reduced number of decoder layers. All
Whisper models are trained for multilingual ASR.
We use all ASR models without further fine-tuning
and set German as the output language, as none of
the ASR models support German dialects.

The Whisper models consist of a stack of en-
coder layers (that we also use in the speech-only
setup) followed by a stack of decoder layers that act
as a language model. The XLS-R and MMS mod-
els are based on wav2vec2 (Baevski et al., 2020)
and trained for connectionist temporal classifica-
tion (CTC), mapping the model’s internal represen-
tations to individual characters based on the audio
alone without further information on plausible char-
acter or word sequences in the output language.

We use the word/character error rate for evaluat-
ing ASR performance. We also manually evaluate
a subset of the transcriptions based on whether they
are in fluent German, retain the overall meaning of
the utterance, and retain keywords related to the

6The training datasets of the speech models are not openly
accessible, but the metadata indicate no inclusion of dialectal
training data. The fact that the ASR-capable speech models
all perform very poorly on Bavarian ASR (Table 5) indicates
that it is unlikely these models were exposed to Bavarian data,
despite performing quite strongly on Bavarian in the speech-
only setup. The qualitative ASR examples in §F.2 further
illustrate this.

intent of the sentence (details in §F.1).

Seeds and hyperparameters We choose hyper-
parameter values based on prior work on written
and spoken intent classification (Rajaa et al., 2022;
Koudounas et al., 2023; Arora et al., 2024; Lee
et al., 2024; Schmidt et al., 2025). We use the
training and development splits of the German
(Speech-)MASSIVE and Swissdial versions for se-
lecting the learning rate7 and maximum number
of training epochs. Details on the hyperparameter
search and model training are in §D. We report the
mean accuracy values over three random seeds.

4 Results

Table 4 shows the overall intent/topic classification
results per setup. The detailed results for each ASR
and text model combination for the cascaded setup
are in Appendix G, Table 17.

As in prior work on zero-shot standard-to-dialect
transfer (§2), the results on the German test data are
consistently better than on the dialectal data, with
performance gaps between 6.1 and 36.7 percent-
age points (pp.) in accuracy for intent classification
and gaps between 7.9 and 12.0 pp. for topic clas-
sification. For the intent classification data, the
performance also drops in the cross-dataset trans-
fer – the (German) test set accuracies for xSID
are lower than for MASSIVE, although the dialect
gap is much narrower for xSID (6.1–29.9 for xSID
compared to 30.6–36.7 for MASSIVE).

For the speech-only models, the models
trained/fine-tuned for German or multilingual ASR
outperform their non-fine-tuned counterparts (at
least when matched by model size), both on the
German and dialectal data. This is consistent with
prior works finding ASR to be a useful pre-training
task for downstream tasks related to understanding
the content of an utterance (He and Garner, 2023;
Schmidt et al., 2025).

Different setups work best for the German
and dialectal data. The text-only models achieve
the best performances on the German data, fol-
lowed by the cascaded models and the ASR-tuned
speech models. The non-ASR speech models per-
form worst. For the Bavarian data however, the
ASR-tuned speech models (and the one text model
pretrained on Bavarian data, mBERT), perform

7We observe that the text models are much more robust to
the choice of learning rate than the speech models, with the
speech models without ASR tuning being especially sensitive
(Table 11 in Appendix D).
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Intents Topics

MASSIVE xSID Swissdial

Model deu bar ∆ deu bar ∆ deu gsw ∆

Majority class baseline 29.1 29.1 9.5 9.5 21.0 21.0
Random baseline 10.0 10.0 10.0 10.0 10.0 10.0

Text-only 93.11.6 59.74.4 81.84.6 58.85.2 54.03.3 43.73.8

mBERT 94.10.6 62.85.1 –31.3 83.50.0 65.01.3 –18.5 52.82.1 41.21.0 –11.6
mDeBERTa 93.50.8 56.81.0 –36.7 79.00.6 54.42.6 –24.6 51.41.2 43.62.6 –7.9
XLM-R base 92.92.5 62.33.1 –30.6 78.67.1 57.05.0 –21.7 53.33.2 41.34.0 –12.0
XLM-R large 91.81.7 56.94.4 –34.9 85.92.5 59.04.8 –26.9 58.31.3 48.71.0 –9.6

Cascaded 88.34.2 77.16.0 52.59.8 42.98.7

... averaged over ASR models
mBERT 89.83.6 80.23.6 60.97.0 –19.4 41.58.5
mDeBERTa 87.85.1 72.35.1 43.98.1 –28.4 40.88.8
XLM-R base 88.33.8 75.56.1 50.57.5 –25.0 43.18.4
XLM-R large 87.33.9 80.54.9 54.88.1 –25.7 46.38.6
... averaged over text models
XLS-R 300M DE 88.02.1 75.84.4 48.17.1 –27.7 32.13.1
XLS-R 1B DE 89.01.8 79.64.5 49.76.6 –29.9 33.13.5
MMS 1B-all 89.22.1 75.74.3 48.84.7 –26.9 37.33.3
Whisper tiny 79.82.8 69.55.9 41.98.4 –27.6 35.62.3
Whisper base 84.11.9 72.85.6 46.59.2 –26.3 42.22.3
Whisper small 89.41.7 79.34.6 57.48.7 –21.9 49.22.5
Whisper medium 91.21.4 80.04.7 57.08.0 –23.0 51.72.9
Whisper large-v3-turbo 91.81.5 80.84.9 61.86.7 –19.1 52.63.1
Whisper large-v3 92.21.7 80.84.8 61.46.6 –19.4 52.73.1

Speech-only 83.17.8 70.68.9 60.87.9

mHuBERT 75.11.5 59.70.7 53.60.5 –6.1
XLS-R 300M 76.10.2 62.10.4 54.30.6 –7.8
XLS-R 300M DEASR 90.90.3 76.12.2 66.01.1 –10.0
MMS 300M 77.90.4 65.91.6 58.21.2 –7.8
Whisper tinyASR 71.32.2 59.61.8 47.62.8 –12.1
Whisper baseASR 84.10.7 70.50.9 63.31.5 –7.1
Whisper smallASR 89.90.2 80.31.2 69.22.8 –11.1
Whisper mediumASR 91.00.8 79.01.3 62.63.6 –16.3
Whisper large-v3ASR 91.40.5 82.71.1 72.50.1 –10.2
... ASR models 86.47.5 74.78.1 63.58.3

... non-ASR models 76.41.5 62.62.9 55.42.2

Table 4: Although the speech-only models generally show the worst results for the German data, they give
the overall best results in the dialectal setting for xSID and Swissdial. The performance of the cascaded
models varies strongly for the dialectal data. Accuracy (in %) on the German (deu) and dialectal (Bavarian,
bar; Swiss German, gsw) test sets, and the difference between them (∆ bar–deu, ∆ gsw–deu). Darker shades of
green: better performance; darker shades of red: greater performance differences (the colour scales for intents and
topics are independent of one another). All results are averaged over three random seeds. The cascaded systems are
additionally averaged over ASR/text models (de-aggregated results in Appendix G, Table 17). Standard deviations
are in subscripts. For performance differences between the setups, see Table 6. Average performances per setup
type are in italics. ASR = speech models tuned for ASR.
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WER CER

Intents Topics Intents Topics

MAS. xSID xSID Swissdial MAS. xSID xSID Swissdial
(deu) (deu) (bar) (gsw) (deu) (deu) (bar) (gsw)

Model deu ref bar ref deu ref gsw ref deu ref bar ref deu ref gsw ref

Word/character error rates per ASR model used in cascaded setups (↓)
X. 300M DE 26.425.3 31.524.7 86.320.7 77.922.3 83.015.5 82.716.1 5.97.2 11.913.7 51.019.8 31.317.3 38.414.8 29.312.6
X. 1B DE 23.326.2 28.024.5 84.120.8 76.621.8 82.916.5 82.916.8 5.37.0 10.713.3 49.920.1 31.018.0 38.415.0 30.013.1
MMS 1B-all 20.523.9 28.924.6 82.522.4 75.123.0 81.020.2 80.919.7 5.78.4 11.011.4 50.219.3 32.016.6 36.614.9 29.013.3
Whisper tiny 39.234.4 42.630.5 87.425.8 85.423.8 85.7169.3 96.3136.2 16.416.7 16.914.4 53.418.3 39.715.9 46.6162.4 44.6149.0
Whisper base 28.932.3 31.228.7 85.130.0 81.928.6 64.949.2 86.054.8 11.514.3 12.513.2 51.421.0 37.820.9 31.738.9 33.741.0
W. small 18.024.1 16.621.8 75.627.3 72.525.8 42.925.5 79.320.2 13.3126.8 6.19.2 46.221.0 31.619.5 20.617.5 28.214.3
W. medium 14.422.7 11.016.5 71.628.4 70.129.5 29.923.5 76.819.7 5.711.0 4.16.5 46.546.4 31.949.4 15.014.3 27.110.6
W. lg.-v3-tur. 14.323.9 9.014.5 68.028.0 67.028.3 26.022.1 75.520.1 5.310.1 3.25.9 42.521.6 28.117.1 13.313.6 25.89.9
W. lg.-v3 11.819.2 8.213.8 67.128.4 68.328.4 24.121.8 75.019.7 4.58.0 3.05.5 42.221.9 28.817.6 12.713.5 26.110.2

Correlations between WER/CER and ∆ cascaded–text
mBERT –0.86 –0.75 –0.86 –0.89 –0.97 –0.65 –0.73 –0.77 –0.91 –0.81 –0.94 –0.50
mDeBERTa –0.98 –0.85 –0.86 –0.93 –0.97 –0.67 –0.72 –0.87 –0.92 –0.88 –0.94 –0.51
XLM-R base –0.74 –0.77 –0.85 –0.82 –0.96 –0.65 –0.79 –0.78 –0.85 –0.66 –0.93 –0.50
XLM-R large –0.84 –0.87 –0.87 –0.84 –0.99 –0.73 –0.81 –0.87 –0.88 –0.67 –0.97 –0.58

Table 5: The better the ASR performance, the better the cascaded systems do compared to the text-only
systems. Top: Word/character error rates of ASR models (in %), averaged over sentences for each test set (standard
deviations in subscripts). Lower (darker) is better. Bottom: Correlations between error rates and performance
differences between cascaded and text-only setups (Pearson’s r, all p-values < 0.001 except for the right-most
column, where 0.001 < p < 0.01). For the performance differences (cascaded minus text-only), see Table 6 (right).

best. The accuracy of the cascaded models varies
a lot, depending on both the ASR model and the
text model. Similarly, for the Swiss German data,
the cascaded systems contain both the best and the
worst results – depending on the ASR model in-
cluded – even though on average their performance
is similar to that of the text-only models. This trend
is consistent across the eight different dialects in
Swissdial (Table 16 in Appendix G).

In most setups, bigger models outperform
smaller models, with the exception of XLM-R
large (text-only and cascaded) for the MASSIVE
test data, even though it outperforms its smaller
counterpart in the cross-dataset evaluation on xSID.

5 Analysis

5.1 Cascaded vs. text-only: How well do the
text models generalize to transcribed
data?

The quality of the ASR system is an important
factor in the cascaded setup. Table 5 shows the
word and character error rates (WER, CER) of the
different ASR models for the different test sets, as
well as the correlations between the error rates and
the performance differences between the cascaded
and text-only setups.

For the dialectal test sets, we compare the ASR
hypotheses to both the dialectal and the German
references. We compare them to the dialectal ref-
erences as they directly correspond to the audio
recordings. However, the ASR models – espe-
cially the Whisper ones – tend to produce more
normalized, German-like output (Dolev et al., 2024;
Gorisch and Schmidt, 2024; Blaschke et al., 2025b).
We therefore also compare their outputs to the Ger-
man text data, although there can be lexical and
syntactic differences between the German and di-
alectal versions. In the case of xSID, the German
and Bavarian splits were independently translated
from English (Winkler et al., 2024), leading to sen-
tence pairs that are parallel on a sentence level
but not necessarily on a word level (Winkler et al.,
2024; Krückl et al., 2025).

For the German test sets, the closer the ASR
hypotheses are to the gold text, the smaller the per-
formance gap between the text-only and cascaded
setups (Pearson’s r for error rate and cascaded/text-
only gap between −0.72 and −0.98). However,
even the cascaded systems with the lowest error
rates do not reach the accuracies of the correspond-
ing text-only versions (Table 6, right). For the di-
alectal test sets, ASR performance is also strongly
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∆ speech–cascaded ∆ speech–text ∆ cascaded–text

MAS. xSID xSID MAS. xSID xSID MAS. xSID xSID Swissd.
Model deu deu bar deu deu bar deu deu bar gsw

mHuBERT –18.01.0 –22.03.6 –5.24.5
XLS-R 300M –17.01.0 –19.63.6 –4.54.5
XLS-R 300M DE +2.81.4 +0.33.9 +17.97.2 –2.21.0 –5.73.6 +7.24.5 –5.11.1 –6.01.8 –10.72.8 –11.62.4
XLS-R 1B DE –4.00.7 –2.21.4 –9.12.1 –10.62.2
MMS 300M –15.11.0 –15.83.6 –0.64.5
MMS 1B-all –3.90.7 –6.12.7 –10.00.6 –6.42.0
Whisper tiny –8.52.4 –9.95.2 +5.68.6 –21.81.0 –22.13.6 –11.24.5 –13.32.5 –12.23.1 –16.94.9 –8.12.8
Whisper base +0.01.3 –2.34.9 +16.99.7 –9.01.0 –11.33.6 +4.54.5 –9.01.2 –9.03.4 –12.45.8 –1.52.7
Whisper small +0.61.5 +1.03.8 +11.88.8 –3.11.0 –1.53.6 +10.44.5 –3.70.6 –2.51.8 –1.44.6 +5.52.5
Whisper medium –0.21.0 –1.03.8 +5.67.5 –2.01.0 –2.83.6 +3.84.5 –1.80.3 –1.81.0 –1.83.5 +8.02.0
Whisper large-v3-turbo –1.20.3 –1.00.8 +2.92.3 +9.01.7
Whisper large-v3 –0.80.9 +1.94.0 +11.16.0 –1.71.0 +0.93.6 +13.74.5 –0.90.3 –1.00.7 +2.61.8 +8.91.7

Table 6: Using text data works best for the standard-language test sets, while speech data tends to yield better
results for the dialect. Accuracy differences between setups, in percentage points. We use the results that are
already averaged across random seeds for calculating differences. ∆ speech–cascaded: Each speech-only model
is compared to all cascaded systems that involve the given speech model as ASR model. ∆ speech–text: Each
speech-only model is compared to all text-only models. ∆ cascaded–text: Each cascaded system is compared to the
text-only system involving the same text model. Standard deviations are in subscripts.

correlated with the results of the cascaded systems.
However, the cascaded systems with the best ASR
models outperform their text-only counterparts.

For the Swiss German data, the correlations be-
tween the error rate and the performance gap are
very strong when comparing the ASR hypotheses
to the German references (−0.94 < r < −0.99):
if the ASR output is normalized German (i.e., the
WER/CER is low with respect to the German ref-
erence), the text models can process it well. For
the Bavarian data where there might be more syn-
tactic variation between the German and Bavar-
ian text versions, the correlations are not quite as
strong as for the Swiss German data, but they are
high both when considering the German and the
Bavarian references (−0.85 < r < −0.92 and
−0.66 < r < −0.93).

For the dialectal test sets, using ASR presents
on the one hand the chance of acting as dialect-
to-standard normalization, and on the other hand
the risk of the ASR model producing nonsensical
outputs. However, the automatic ASR quality mea-
sures might give a somewhat pessimistic impres-
sion with respect to sentence classification tasks. In
our manual evaluation of ASR hypotheses for 125
German and Bavarian sentences from the xSID test
set by four of the ASR models, we find that key-
words related to the intent are often still retained

in the transcriptions even when the sentence has
a (somewhat) different meaning and/or is not in
fluent and orthographically correct German (§F.1).

In the case of Swissdial, the best cascaded mod-
els perform on the Swiss German data on par with
the German text-only evaluations, suggesting suc-
cessful normalization. For the cascaded intent clas-
sification systems, gaps of up to 19.1 pp. between
the German and Bavarian data remain even for
systems with the best-performing ASR models (Ta-
ble 4). For the cascaded systems with the worst
ASR models, the performance is worse than pro-
cessing the written dialect data.

5.2 Speech-only vs. cascaded: How to best
deal with spoken inputs?

There are two approaches for handling spoken input
data: training a speech-based system (speech-only)
or training a text-based system and transcribing
the spoken input data. For the German test data,
this choice barely makes a difference. When
comparing the speech-only and cascaded systems
involving the same speech/ASR models, the perfor-
mance gaps are close to zero (Table 6, left), with
the exception of the smallest model (Whisper tiny).
For Bavarian however, the speech-only setup
outperforms the cascaded setup across the board
(performance gains of 5.6− 17.9 pp.).
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5.3 Speech-only vs. text-only: Which modality
is preferable?

The text-only models nearly always outperform
the speech-only models for German (Table 6, mid-
dle). For the text and speech models of comparable
sizes, the performance gaps are between −23.8 and
+1.6 pp. (∼90 M parameters) and between −23.8
and −7.0 pp. (∼300 M parameters).8 The gaps are
smaller for ASR speech models (Table 4).

The results for the Bavarian data are different:
the speech models are generally more robust in
standard-to-dialect transfer than the text mod-
els. Most speech models outperform the text mod-
els that were not also pretrained on Bavarian data
(i.e., all text models except mBERT). The per-
formance gaps are between −3.3 and +14.8 pp.
(∼90M parameters, ignoring mBERT) and between
−4.7 and +7.0 pp. (∼300M parameters).9 Except
for the speech models whose performance gap is
particularly large on the German data (accuracy dif-
ferences of more than 15 pp.), the speech models
outperform the text models on the Bavarian data.

6 Discussion

Results for German vs. dialects The text-only
approach is generally best for the German data, fol-
lowed by the cascaded setup and lastly the spoken
setup. This is consistent with prior work finding
that text-only models typically outperform speech-
only models (Koudounas et al., 2023; Lee et al.,
2024; Schmidt et al., 2025) and cascaded models
(Lee et al., 2018; Bastianelli et al., 2020; Schmidt
et al., 2025), and that – especially in cross-lingual
transfer settings – cascaded models often outper-
form speech-only setups (Lee et al., 2024; Keller
and Glavaš, 2025; Schmidt et al., 2025).

In standard-to-dialect transfer settings, however,
the speech-only models perform best, and cascaded
systems yield very heterogeneous results. This is
more similar to the finding by Keller and Glavaš
(2025) that speech-only models outperform cas-
caded systems in monolingual settings where the
language is not supported by the ASR component
of the cascaded model. Rajaa et al. (2022) find that
speech-only models also outperform cascaded ones
on non-native Indian English. This might be due to

8mHuB.–mBERT: −23.8, Whispersm–XLM-Rbase: +1.6,
XLS-R300M–XLM-Rlg: −23.8, Whispermed–XLM-Rlg: −7.0.

9mHuB.–XLM-Rbase: −3.3 (if including mBERT: mHuB.–
mBERT: −11.3), Whispersmall–mDeB.: +14.8, XLS-R300M–
XLM-Rlg: −4.7, XLS-R300M–XLM-Rlg: +7.0.

potentially poor ASR performance on non-native
accents (cf. Sanabria et al., 2023).

Robustness and input representations The
speech models tend to be more robust towards di-
alectal variation than the text models in our experi-
ments (§5.3). This might be due to the speech mod-
els processing continuous signals from the audio
data as their input without relying on pre-defined
tokens. While the dialects in our study also differ
from German in lexical and morphosyntactic re-
gards, the chief differences are on the phonological
and phonetic level, and prior research has shown
that multilingual speech models encode phoneti-
cally similar inputs similarly (Choi et al., 2024;
Shim et al., 2025).

Designing datasets for speech-related tasks
Creating written datasets for tasks like intent de-
tection makes sense for high-resource languages
where ASR systems work well, given that it is eas-
ier to collect written data and cascaded models
perform on par with speech-only models (§5.2).
However, for language varieties that are primar-
ily spoken and not supported well by text mod-
els, collecting spoken data might be an especially
promising avenue for creating realistic datasets (cf.
Scharenborg et al., 2020; Chrupała, 2023).

7 Conclusion

Insights about processing standard languages do
not necessarily generalize to even closely related
dialects, as speech-only and cascaded systems can
be more promising on dialect data than their results
on standard-language data might indicate. We hope
that our work on intent and topic classification in-
spires more research on expanding the burgeoning
field of dialect NLP to focus on processing speech
data beyond ASR.

Limitations

Language varieties Our experiments involve a
limited set of languages, dialects, and tasks, as
these experiments require datasets that (i) have eval-
uation data that are parallel in a standard language
and a related non-standard dialect, (ii) have parallel
written and spoken evaluation data, (iii) have par-
allel written and spoken training data, and (iv) are
labelled for a content classification task. To the
best of our knowledge, we create the first dataset
that fulfills all four conditions, and use all available
datasets that fulfill conditions i, ii, and iv. We hope
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our work encourages others to release more such
datasets in additional languages.

Cascaded setup For the cascaded setup, we fo-
cus on models trained on gold-standard text data
rather than on ASR transcriptions. This imple-
mentation matches that of prior work (e.g., Wang
et al., 2023; Lee et al., 2024). We do this in order
to keep computation feasible while being able to
compare a large amount of ASR models, as we
only need to train 12 models this way (four text
models on three random seeds each), instead of
training 108 models (nine ASR models × four text
models × three seeds). To mitigate this limitation,
we additionally train a subset of the possible cas-
caded configurations on automatically transcribed
training data (three ASR models, two text models,
three seeds). While the exact results differ from the
systems trained on gold-standard text data (some
of the cascaded systems trained on ASR data are
stronger, but others weaker, than the cascaded sys-
tems trained on gold text), the transfer trends are
the same when comparing the cascaded systems to
the text-only and speech-only systems (§E).

Models We use encoder models because of
their well-suitedness for classification tasks and to
have more control over their task-specific training
data (§3.3). While follow-up work on instruction-
tuned text/audio LLMs would be interesting, we in-
tentionally do not include them in our experiments.
We cannot directly compare the performance of
instruction-tuned text vs. audio LLMs – unlike our
experiments here where we control the fine-tuning
data, we would not know if the differences in the
model results are due to differences in the internal
representations or due to differences in possible
classification-related instruction-tuning data.

We use models that we deem representative
of typical text- or speech-based encoders. How-
ever, not all models use the same kinds of input
representations. E.g., a recently released speech
model, OpusLM (Tian et al., 2025), uses audio to-
kens rather than continuous representations, and
pixel-based models (Rust et al., 2023; Muñoz-Ortiz
et al., 2025) use continuous input representations
for text. We also do not use any multimodal models
that are trained to minimize representation differ-
ences between parallel text and speech input (e.g.,
Duquenne et al., 2023).

The pre-training datasets of the speech mod-
els are unfortunately not openly accessible, but
the metadata indicate no dialectal training data.

The poor performance of all ASR-capable speech
models on Bavarian ASR (Table 5 and §F.2) indi-
cates that it is unlikely these models were exposed
to much Bavarian data, despite performing quite
strongly on Bavarian in the speech-only setup.

Ethical Considerations
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speaker/annotator who was employed and paid ac-
cording to national standards and who agreed to
share their recordings/annotations for research use.
We share the audio recordings for research on pro-
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their use in the context of speech synthesis or voice
cloning.
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A Data Statement

A.1 Summary and motivation

• Dataset name and version: xSID-audio, ver-
sion 0.1

• Dataset curators: Verena Blaschke, Miriam
Winkler, Barbara Plank

• Dataset and data statement citation: Please
cite this paper.

• Data statement version: 1.0

Executive summary and curation rationale
This dataset extends the slot and intent classifica-
tion dataset xSID by providing audio recordings for
300 development and 500 test sentences in German
and Bavarian. Its purpose is to allow research on
intent classification for spoken dialectal data.

A.2 Documentation for source datasets

We use the written German and Bavarian test
datasets from xSID 0.5 (van der Goot et al., 2021;
Aepli et al., 2023; Winkler et al., 2024; CC BY-SA
4.0). xSID itself is derived from Snips (Coucke
et al., 2018; CC0 1.0 Universal) and and a dataset
by Schuster et al. (2019; CC-BY-SA). For details
on the German translation, see van der Goot et al.
(2021); for details on the Bavarian translation, Win-
kler et al. (2024).

A.3 Composition

Our dataset consists of spoken sentences with intent
labels. All of the sentences are from the develop-
ment and test splits of xSID.

Date The original sentences are likely from ca.
2018 (Coucke et al., 2018; Schuster et al., 2019).
The German translation (van der Goot et al., 2021)
is from ca. 2020 and the Bavarian translation (Win-
kler et al., 2024) is from 2023. Our recordings are
from 2024.

Modality Spoken (read speech).

Genre Questions and commands for a virtual per-
sonal assistant.

Split N # Int. Duration (s)

xSID-audio 0.1
de dev 300 15* 3.33±1.05

test 500 15* 3.47±1.00
de-ba dev 300 15* 3.04±0.98

test 500 15* 3.56±0.99

Subset used for experiments in this paper
de (“deu”) test 412 10 3.48±1.05
de-ba (“bar”) test 412 10 3.52±1.02

Table 7: Dataset statistics for xSID-audio. Intents:
*The development and test splits of xSID(-audio) con-
tain 16 intent labels in total, but only 15 per split (14
are shared across splits). Duration: mean duration ±
standard deviation.

Language varieties and speaker We record au-
dios in Standard German spoken in Germany (“de”)
and in the dialectal variant of Bavarian as spoken
in rural Upper Bavaria (“de-ba”). The audios were
recorded by a native speaker of both German and
Bavarian in her 20s. The speaker is the same person
who translated the text version of xSID de-ba.

Dataset statistics The dataset consists of one
German and one Bavarian audio recording for each
of the 300 development and 500 test sentences. On
average, each audio clip in xSID-audio 0.1 has a
duration of 3.4 s for German and 3.3 s for Bavarian.
Detailed statistics are in Table 7.

Labels Each sentence is annotated with one of
16 intent labels, although the development set and
test set each only use a subset of 15 labels. The
labels are identical to the ones in xSID. The label
distribution for the subset of instances used in the
experiments in this paper is in Table 10 in §C.1. For
annotation details, see van der Goot et al. (2021).

Data quality We directly worked with xSID’s
German and Bavarian sentences. The German sen-
tences contain a few intentional grammatical errors
to reflect errors in the original English data (van der
Goot et al., 2021). The Bavarian dataset does not
contain such errors (Winkler et al., 2024). The
recordings directly reflect the written versions.

A.4 Audio recording and formatting

We record the samples with a Røde NT-USB micro-
phone with pop filter in a quiet room. The micro-
phone was set up at the desk and the speaker spoke
from a distance of about 20 cm. The instances were
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read one sentence at a time directly from the dataset
text with breaks in between. After recording, we
convert the audio files to the wav mulaw format,
resulting in stereo audios with a recording rate of
48 kHz and a bit rate of 768 kBit/s.

The audios are in a folder each for each language
and dataset split with corresponding TSV files con-
taining the sentence ID, intent, written sentence
and audio filename.

A.5 Distribution, use, and maintenance
Distribution and usage terms We release the
dataset on Zenodo (10.5281/zenodo.19554427)
under the CC BY-SA 4.0 license (in accordance
with xSID’s license). We prohibit the use of xSID-
audio for voice cloning or speech synthesis.

Other uses The dataset could also be used for
slot filling (in combination with the slot annotations
in xSID). It could further be used for ASR and for
phonetic studies.

Maintenance and updates We have not planned
any specific updates. If you find errors in the
dataset, please email Verena Blaschke or Barbara
Plank.

A.6 Limitations, acknowledgements, and
further information

Limitations In order to be parallel to the already
existing test version of xSID, this dataset consists
of read speech. It is therefore not representative of
spontaneous speech.

This dataset reflects the dialect of a single
speaker.

Disclosures and acknowledgements There are
no conflicts of interest. This research is supported
by European Research Council (ERC) Consolidator
Grant DIALECT 101043235.

About this data statement A data statement is
a characterization of a dataset that provides con-
text to allow developers and users to better under-
stand how experimental results might generalize,
how software might be appropriately deployed, and
what biases might be reflected in systems built on
the software.

This data statement was written based on
the template for the Data Statements Version 3
Schema. The template was prepared by An-
gelina McMillan-Major and Emily M. Bender and
can be found at http://techpolicylab.uw.edu/
data-statements.

We adapted the structure and questions of the
template and integrated parts of the audio-specific
data statements by Papakyriakopoulos et al. (2023)
and Agnew et al. (2024).

B Resource Links and Licenses

Table 8 provides license details and resource links
for the models and datasets we use. We use all
resources in accordance with their intended use.

The MASSIVE dataset (FitzGerald et al., 2023)
is a multilingual, text-only extension of SLURP
(Bastianelli et al., 2020). Speech-MASSIVE (Lee
et al., 2024) adds audio recordings for several of
the languages in MASSIVE. The Bavarian trans-
lation of a subset of MASSIVE that we use was
introduced in Winkler et al. (2024), where it is
called “MASSIVE de:ba”. For details on the source
datasets that xSID is built on, see A.2.

C Data Preprocessing

C.1 Mapping the intent labels

We map the (Speech-)MASSIVE labels to the ones
used by xSID: If a sentence in MASSIVE was man-
ually re-annotated with an xSID label by Winkler
et al. (2024), we use that label. Otherwise, if it
can be mapped according to Table 9, we update
the label accordingly. Otherwise, we exclude the
sentence. Sentences with labels that occur less than
ten times in MASSIVE’s training data are excluded
as well. The resulting label distribution is shown
in Table 10.

C.2 Excluded topic labels

When using SwissDial, we remove sentences with
labels that are not content-based topics: Random
(these appear to be randomly chosen sentences
from Wikipedia) and Special (sentences show-
casing lexical variation across dialects). We also
exclude sentences with labels that occur very rarely:
Earth/Space and Story.

D Hyperparameters and Training

We use HuggingFace’s transformers library (Wolf
et al., 2020, v4.51.3, Apache 2.0 license) to fine-
tune our models. We use GPUs of type NVIDIA
H200 for fine-tuning the Whisper large-v3 models
and NVIDIA A100-SXM4-80GB for the remaining
models.

We use the training and development datasets
of the German splits of (Speech-)MASSIVE and
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Resource License Hugging Face ID / Dataset link

Models
mBERT Apache 2.0 google-bert/bert-base-multilingual-cased
mDeBERTa MIT microsoft/mdeberta-v3-base
XLM-R base MIT FacebookAI/xlm-roberta-base
XLM-R large MIT FacebookAI/xlm-roberta-large
mHuBERT CC BY-NC-SA 3.0 utter-project/mHuBERT-147
XLS-R 300M Apache 2.0 facebook/wav2vec2-xls-r-300m
XLS-R 300M DE Apache 2.0 AndrewMcDowell/wav2vec2-xls-r-300m-german-de
XLS-R 1B DE Apache 2.0 AndrewMcDowell/wav2vec2-xls-r-1B-german
MMS 300M CC BY-NC 4.0 facebook/mms-300m
MMS 1B-all CC BY-NC 4.0 facebook/mms-1b-all
Whisper tiny Apache 2.0 openai/whisper-tiny
Whisper base Apache 2.0 openai/whisper-base
Whisper small Apache 2.0 openai/whisper-small
Whisper medium Apache 2.0 openai/whisper-medium
Whisper large-v3 Apache 2.0 openai/whisper-large-v3
Whisper large-v3-turbo MIT openai/whisper-large-v3-turbo

Datasets
MASSIVE Apache 2.0 github.com/alexa/massive
Speech-MASSIVE CC BY-NC-SA 4.0 github.com/hlt-mt/Speech-MASSIVE
MASSIVE de:ba not specified github.com/mainlp/NaLiBaSID
xSID CC BY-SA 4.0 github.com/mainlp/xsid
xSID-audio CC BY-SA 4.0 doi.org/10.5281/zenodo.19554428
SwissDial CC BY-NC 4.0 mtc.ethz.ch/publications/open-source/swiss-dial.html

Table 8: Links and licenses for the resources we use/release.

MASSIVE label → xSID label

play_music PlayMusic

recommendation_movies SearchScreeningEvent
(if slots contain place_name and/or business_type)
alarm_remove alarm/cancel_alarm

alarm_set alarm/set_alarm

alarm_query alarm/show_alarms

calendar_remove reminder/cancel_reminder
(if English text includes “remind” and/or “notif”)
calendar_set reminder/set_reminder
(if English text includes “remind” and/or “notif”)
calendar_query reminder/show_reminders
(if English text includes “remind”)
weather_query weather/find

Table 9: Intent label mappings. See §C.1 for additional
mapping details.

(Speech-)MASSIVE xSID

Intent Train Dev Test Test

AddToPlaylist 24 4 8 34
PlayMusic 923 168 105 39
BookRestaurant 23 3 1 43
SearchScreeningEvent 43 9 9 37
alarm/cancel_alarm 71 13 21 33
alarm/set_alarm 173 30 40 29
alarm/show_alarms 132 21 31 19
reminder/set_reminder 350 58 41 37
reminder/show_reminders 156 27 32 19

Total 2468 459 361 412

Table 10: Label distribution in the intent classification
datasets after mapping the labels.
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Swissdial for selecting the learning rate and max-
imum number of training epochs. We train each
model configuration on three random seeds, both
for hyperparameter tuning and for the main exper-
iments. We always choose the model epoch with
the highest development accuracy. The hyperpa-
rameter values are based on prior work on written
and spoken intent classification (Rajaa et al., 2022;
Koudounas et al., 2023; Arora et al., 2024; Lee
et al., 2024; Schmidt et al., 2025). We otherwise
use the default values of the TrainingArguments
class.

• Maximum number of training epochs (written
input): 10

• Maximum number of training epochs (spoken
input): 30 (used in hyperparameter search).
Maximum number picked based on hyper-
parameter experiments: 15 (Whisper small,
Whisper large-v3), 17 (Whisper medium), 19
(Whisper tiny, Whisper base), 23 (XLS-R
300M DE), 29 (MMS 300M, mHuBERT), 30
(XLS-R 300M)

• Learning rate: {1e-5, 5e-5, 1e-4}. Learning
rates chosen:

– Intents: 1e-5 (XLM-R base, mDeBERTa,
Whisper medium, Whisper large-v3),
5e-5 (mBERT, Whisper small, XLS-R
300M, MMS 300M, mHuBERT), 1e-4
(XLM-R large, XLS-R 300M DE, Whis-
per tiny, Whisper base)

– Topics: 1e-5 (XLM-R large), 5e-5
(mBERT, XLM-R base), 1e-4 (mDe-
BERTa)

• Batch size: 32

• Warm-up ratio: 0.1

• Weight decay: 0.01

For the intent classification task, we observe that
the text models are much more robust to the learn-
ing rate choice than the speech models (Table 11).

E Cascaded Setups Trained on ASR Data

When testing on automatically transcribed data,
it can make a difference whether the model was
fine-tuned on gold text data or on transcriptions
produced by the same ASR model (Lee et al., 2018;
Phung et al., 2024).

Intents

Model 1e-5 5e-5 1e-4

mBERT 95.60.2 96.00.3 95.60.3
mDeBERTa 97.30.1 97.20.6 96.90.4
XLM-R base 97.50.3 97.20.3 96.80.3
XLM-R large 96.70.4 96.41.8 96.90.2

mHuBERT 67.11.6 85.11.4 49.021.5
XLS-R 300M 42.40.7 86.30.6 81.72.6
XLS-R 300M DEASR 88.00.9 95.10.7 95.40.4
MMS 300M 66.70.8 83.00.7 74.49.5
Whisper tinyASR 71.20.3 74.10.8 77.10.5
Whisper baseASR 74.82.5 85.44.3 89.41.9
Whisper smallASR 91.12.1 94.00.3 92.31.1
Whisper mediumASR 95.30.8 94.40.8 93.51.1
Whisper large-v3ASR 94.10.9 93.11.0 92.20.3

Topics

Model 1e-5 5e-5 1e-4

mBERT 55.02.4 57.71.8 55.51.1
mDeBERTa 44.21.7 54.33.1 57.42.5
XLM-R base 56.01.3 58.10.3 55.20.9
XLM-R large 60.00.8 34.723.5 21.10.0

Table 11: Effect of the learning rate on development
accuracies (in %). For the intent classification task, the
text models are more robust to learning rate differences
than the speech models, and the ASR speech models
(ASR) are more robust than the non-ASR ones. The best
development score per model and task is bolded. Scores
are averaged over three random seeds, with standard
deviations in subscripts.

To supplement our experiments on cascaded se-
tups, we additionally train six cascaded systems
(three ASR models × two text models) on training
data that was automatically transcribed by the same
ASR models as the evaluation data. We select this
subset since training on all combinations of ASR
and text models is not feasible. We use the two text
models with the best and worst performance on the
Bavarian data (mBERT and mDeBERTa, respec-
tively). For the ASR models, we select the overall
best and worst ASR model (Whisper large-v3 and
tiny, respectively), and additionally XLS-R 300M
DE so as to also include a CTC-based ASR model.
We only carry out these supplemental experiments
on the intent classification data, since no spoken
training data is available for the topic classification
dataset.

How big the performance difference is between

6824



ASR model F↑ M↑ K↑ A↑ Acc↑ WER↓
German audio
X. 300M DE 46.4 46.4 76.8 32.0 76.94.6 29.826.9
MMS 1B-all 53.6 45.6 81.6 36.8 75.95.3 30.830.0
Whisper small 88.8 68.0 90.4 64.8 79.94.5 19.328.8
W. large-v3 98.4 84.0 97.6 84.0 80.35.3 8.614.4

Bavarian audio
X. 300M DE 2.4 3.2 28.8 2.4 45.88.7 90.521.7
MMS 1B-all 4.0 5.6 33.6 3.2 47.17.3 89.829.3
Whisper small 14.4 8.0 45.6 4.8 53.211.185.730.7
W. large-v3 29.6 20.0 56.8 14.4 59.97.3 81.224.5

Table 12: Manual ASR evaluation of a subset of
xSID. All values in %. Manual evaluation: F = fluency,
M = meaning, K = keywords, A = all combined (F and
M and K are all yes). The “Acc” column contains the
intent classification accuracy of the cascaded models on
the same subset, averaged over text models and random
seeds.

MASSIVE xSIDASR
model Train deu ∆ deu ∆ bar ∆

mBERT as text model
XLS-R gold 89.81.3 79.62.3 57.52.5

ASR 90.31.0
0.5

77.30.7
-2.3

51.81.4
-5.7

W. tiny gold 82.41.5 72.81.7 50.62.9
ASR 86.61.4

4.2
74.31.6

1.5
55.31.9

4.8

W. large gold 93.31.0 83.30.4 68.82.6
ASR 93.90.0

0.6
84.90.8

1.6
67.41.8

-1.4

mDeBERTa as text model
XLS-R gold 86.91.0 71.40.4 41.11.2

ASR 86.03.7
-0.9

69.55.3
-1.9

47.72.0
6.6

W. tiny gold 76.60.9 62.31.7 30.31.1
ASR 76.13.2

-0.6
61.24.6

-1.1
39.62.1

9.4

W. large gold 92.71.0 77.01.0 54.42.9
ASR 86.84.7

-5.9
67.27.4

-9.9
52.52.1

-1.9

Table 13: Performance differences between cascaded
models that were trained on gold-standard vs. au-
tomatically transcribed data. Each row shows the
test-set performance of one cascaded setup (accuracy,
in %, averaged over three seeds with standard deviations
in subscripts). The ∆ columns show the differences in
percentage points: trained on data transcribed by the
same ASR model as the evaluation data minus trained
on gold text data. ASR models: XLS-R 300M DE,
Whisper tiny, Whisper large-v3.

∆ speech–casc. ∆ cascaded–text

Text Speech/ MAS. xSID xSID MAS. xSID xSID
model ASR mod. deu deu bar deu deu bar

Train on gold text data, evaluate on ASR data
mBERT XLS-R 1.0 -3.6 8.5 -4.2 -3.9 -7.4

W. tiny -11.1 -13.2 -3.0 -11.7 -10.7 -14.4
W. large -1.8 -0.6 3.7 -0.8 -0.2 3.8

mDeB. XLS-R 4.0 4.6 24.9 -6.6 -7.5 -13.3
W. tiny -5.4 -2.7 17.3 -16.9 -16.7 -24.1
W. large -1.3 5.7 18.1 -0.8 -1.9 0.0

Train/eval on data transcribed by the same ASR model
mBERT XLS-R 0.6 -1.3 14.2 -3.8 -6.1 -13.2

W. tiny -15.3 -14.6 -7.8 -7.5 -9.2 -9.6
W. large -2.5 -2.2 5.1 -0.2 1.4 2.4

mDeB. XLS-R 4.9 6.6 18.3 -7.6 -9.5 -6.6
W. tiny -4.8 -1.6 7.9 -17.5 -17.7 -14.7
W. large 4.6 15.5 20.0 -6.7 -11.8 -1.9

Table 14: The overall trends are similar for cascaded
systems that were fine-tuned on gold-standard text
data (top) vs. automatically transcribed data (bot-
tom). Accuracy differences between setups, in percent-
age points. Text models: mBERT and mDeBERTa,
speech/ASR models: XLS-R 300M DE, Whisper tiny,
Whisper large-v3.

the cascaded models trained on gold-standard vs.
automatically transcribed data – and which version
actually yields the better results – varies across
the ASR and text model combinations (Table 13).
While the ASR errors in the training data help some
models better generalize to the evaluation data, this
is not the case for all models: the ASR transcrip-
tions might on the one hand introduce infelicitous
noise into the training data, and on the other hand,
the types of ASR errors can be different across data
splits (see §F.2).

Comparing the performance differences between
cascaded and text-/speech-only models results in
somewhat different deltas, but the trends are the
same regardless of whether the cascaded models
are trained on gold or transcribed text (Table 14).
As in the overall analysis (§5, Table 6), the speech-
only setups generally outperform the cascaded ones
on the Bavarian test data, but not necessarily on
the German data. Most cascaded-setups are outper-
formed by the text-only models on both German
and Bavarian.

Thus, while training cascaded models on auto-
matically transcribed data results in somewhat dif-
ferent predictions than when training them on gold
text data, the overall patterns stay the same.
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F Details on ASR Results

F.1 Manual Evaluation of ASR Results
We annotate the ASR hypotheses of four models
(XLS-R 300M DE, MMS 1B-all, Whisper small,
and Whisper large-v3) for the first 75 and last 50 in-
stances of the xSID test set in German and Bavarian
based on the following criteria:

• Fluency: Is the ASR hypothesis in fluent,
grammatical, and orthographically correct
German? Colloquial and regionally marked
language is okay, major spelling errors are not
(unless they concern named entities).

• Meaning: Does the hypothesis have the same
meaning as the reference? Spelling errors are
okay as long as it would still be clear out of
context what the sentence means, but not if
they concern key entities (i.e., we keep slot
filling in mind).

• Keywords: Does the hypothesis contain ob-
vious clues for the intent label? This can be
the case even if the more nuanced meaning of
the sentence did not get preserved. The key-
words signalling the intent should be spelled
correctly (so as to match the spelling in the
training data) and should not be merged with
other words in the hypothesis due to wrong
word segmentation, unless they occur at the
beginning of the merged word.
This measure is from the annotator’s perspec-
tive, but the pertinent keywords (keyword
subtokens) / combinations thereof learned by
the models might be different. This measure
is inspired by Choi et al. (2024), whose work
suggests that keyword spotting is often suffi-
cient for intent classification.

We annotate each instance with yes or no for each
of the criteria. If in doubt, we choose no. We ignore
capitalization (since the model input is lowercased,
§3.2). We also ignore punctuation. For each mea-
sure, we calculate the proportion of instances that
were annotated as yes. The annotator is a native
speaker of German who is familiar with Bavarian
and with the dataset.

Results Table 12 shows the results. All of these
measures are highly correlated with each other and
nearly always show the same model ranking. How-
ever, the keyword measure almost always has the
highest score, and it is always much higher than the

meaning score (with differences of 13.6–37.6 pp.).
This shows that even if the meaning of the tran-
scribed sentence does not match the original mean-
ing, the sentence often still contains keywords re-
lated to the intent. This is even the case for Bavar-
ian sentences whose transcriptions neither match
the original meaning nor are in fluent German.

F.2 ASR Sample Outputs
Table 15 shows ASR sample transcriptions. While
the German transcriptions are usually understand-
able, the transcriptions for Bavarian audio contain
many more mistakes.

G De-aggregated Results

Table 16 shows the topic classification per Swiss
German dialect in Swissdial. Table 17 shows the
detailed results for the cascaded systems (by text
and ASR model). Both tables complement Table 4
in §4.
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“Show (me) all reminders”

DEU Zeige alle Erinnerungen
W. lg Zeige alle Erinnerungen.
W. tiny Zeige aller Erinnerungen.

(“show all.GEN reminders”)
XLS-R zeige alle erinnerungen

BAR Zoag ma olle Erinnerungen
W. lg Zeug mir alle Erinnerungen.

(“beget me all reminders”)
W. tiny Talk mal alle ja in der Wungen.

(“[nonce] once all yes in the [nonce]”)
XLS-R zorgmal olle erinnerungen

(“[nonce] [‘old’ in DEU / ‘all’ in BAR]
reminders”)

“Add a reminder for 4pm today”

DEU Eine Erinnerung für heute um 4
Uhr nachmittags hinzufügen

W. lg Eine Erinnerung für heute um 4
Uhr nachmittags hinzufügen.

W. tiny Eine Erinnerung für heute um vier
Uhr nachmittags hinzufügen.

XLS-R eine erinnerung für heute um vier
uhr nachmittags hinzufügen

BAR Stei ma a Erinnerung füa heid
um viere Nammiddog ei

W. lg Stell mal Erinnerung für Heidumphiri
Namidogai. (“set reminder for [nonce]
[nonce]”)

W. tiny Stämmerer Erinnerung für Heidung
4 Nm. (“[nonce] reminder for [nonce]
4 [nonce]”)

XLS-R steimeerinnerung für heidung
virenamidock ei (“[nonce]reminder for [nonce]
[nonce] [nonce in DEU / ‘in’ in BAR]”)

“Show all alarms”

DEU Zeige alle Wecker
W. lg Zeige alle Wecker.
W. tiny Zeige alle Wecker.
XLS-R zeige alle weger (“show all [nonce]”)

BAR Zoag alle Wegga
W. lg Zwerg-Olewecke (“dwarf-[nonce]”)
W. tiny Zuhack und lege. (“[nonce] and lay”)
XLS-R zorg ollyvicker (“[nonce] [nonce]”)

Table 15: Sample gold sentences and ASR outputs for
German (DEU) and Bavarian (BAR) audios by Whisper
large-v3, Whisper-tiny, and XLS-R 300M DE. Wrong
transcriptions are in red; transcriptions that are wrong
in German but accurate in Bavarian are in blue.
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Model deu gsw ag be bs gr lu sg vs zh

Text-only 54.03.3 43.73.8 41.93.3 40.04.5 46.43.9 46.34.7 41.84.2 45.64.4 42.73.7 44.93.4

mBERT 52.82.1 41.21.0 39.70.6 37.52.1 43.90.8 43.31.2 39.62.4 42.21.9 41.00.8 42.61.1
mDeBERTa 51.41.2 43.62.6 40.71.4 41.11.5 48.04.1 45.52.8 40.92.7 45.52.9 41.22.4 45.53.5
XLM-R base 53.33.2 41.34.0 40.74.2 35.74.1 43.44.2 44.15.5 39.23.6 43.44.4 41.34.7 42.72.8
XLM-R large 58.31.3 48.71.0 46.40.6 45.61.9 50.31.7 52.41.5 47.51.7 51.41.0 47.12.3 48.90.6

Cascaded 42.98.7 42.39.4 43.19.9 43.77.8 45.67.5 42.49.3 43.87.9 39.99.3 42.79.7

... averaged over ASR models
mBERT 41.58.5 40.29.3 41.99.7 42.27.6 44.47.2 40.58.9 42.97.7 38.99.3 41.29.2
mDeBERTa 40.88.8 39.79.0 41.310.2 42.07.6 43.47.9 39.99.6 41.48.0 38.39.2 40.79.7
XLM-R base 43.18.4 42.99.1 42.910.0 44.17.9 45.47.2 42.68.3 43.47.4 40.39.3 43.39.8
XLM-R large 46.38.6 46.39.4 46.39.5 46.47.9 49.36.7 46.79.5 47.47.6 42.39.5 45.410.0
... averaged over text models
XLS-R 300M DE 32.13.1 31.03.1 30.63.3 34.33.4 36.53.2 32.64.5 33.53.8 27.93.2 30.63.1
XLS-R 1B DE 33.13.5 33.04.7 31.03.7 36.64.2 37.24.2 33.23.9 35.53.6 28.23.2 30.13.1
MMS 1B-all 37.33.3 36.93.9 35.13.8 38.62.5 42.34.6 34.83.6 41.43.8 33.22.9 35.93.2
Whisper tiny 35.62.3 32.62.7 35.63.1 36.02.4 39.73.8 34.52.7 36.62.7 34.32.3 35.22.2
Whisper base 42.22.3 41.63.2 44.92.7 42.02.6 44.02.6 40.23.4 41.82.5 39.93.0 43.43.1
Whisper small 49.22.5 48.24.2 51.22.4 49.22.8 50.72.5 48.62.8 49.33.2 45.32.2 51.12.0
Whisper medium 51.72.9 52.03.5 52.32.8 51.12.6 52.32.6 52.34.2 51.13.1 50.03.3 52.52.5
Whisper large-v3-turbo 52.63.1 52.53.9 53.72.9 52.52.9 53.92.7 52.94.0 52.43.3 50.02.9 52.83.5
Whisper large-v3 52.73.1 52.63.8 53.52.9 53.03.0 54.13.1 53.04.2 52.43.2 50.82.5 52.53.1

Table 16: Topic classification accuracies for German, Swiss German (all dialects), and Swiss German by
region. Key: deu = German, gsw = Swiss German (all of the following dialects), ag = Aargau, be = Bern, bs = Basel,
gr = Grisons, lu = Lucerne, sg = St. Gallen, vs = Valais, zh = Zurich. Accuracies in %, averaged over three random
seeds (standard deviations in subscripts). Average performances per setup type are in italics.
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Intents Topics

MASSIVE xSID Swissdial

Text model ASR model deu deu bar ∆ gsw

mBERT XLS-R 300M DE 89.81.3 79.62.3 57.52.5 -22.1 30.60.8
XLS-R 1B DE 90.70.4 82.81.0 57.80.6 -25.0 31.40.7
MMS 1B-all 90.51.4 79.11.3 54.02.1 -25.1 35.30.5
Whisper tiny 82.41.5 72.81.7 50.62.9 -22.2 34.60.9
Whisper base 85.82.1 77.22.0 56.21.2 -21.0 41.21.2
Whisper small 90.91.0 82.21.4 67.62.5 -14.6 47.81.0
Whisper medium 92.20.7 81.90.9 65.52.3 -16.3 50.51.4
Whisper large-v3-turbo 93.10.8 83.30.0 69.61.8 -13.7 51.21.3
Whisper large-v3 93.31.0 83.30.4 68.82.6 -14.5 51.21.4

mDeBERTa XLS-R 300M DE 86.91.0 71.40.4 41.11.2 -30.3 30.04.3
XLS-R 1B DE 88.51.9 75.41.2 42.80.6 -32.6 30.54.1
MMS 1B-all 88.81.2 71.20.4 44.52.4 -26.7 35.02.9
Whisper tiny 76.60.9 62.31.7 30.31.1 -32.0 33.52.1
Whisper base 82.70.9 65.92.3 33.70.7 -32.2 40.11.8
Whisper small 89.80.8 74.50.5 47.12.8 -27.4 47.30.9
Whisper medium 92.00.8 75.90.4 47.33.4 -28.6 49.61.5
Whisper large-v3-turbo 92.50.7 76.91.1 54.03.3 -22.8 50.61.8
Whisper large-v3 92.71.0 77.01.0 54.42.9 -22.7 50.71.7

XLM-R base XLS-R 300M DE 88.41.7 73.54.3 44.12.6 -29.4 32.72.8
XLS-R 1B DE 88.91.3 77.36.1 46.84.1 -30.5 33.43.2
MMS 1B-all 89.82.2 75.45.3 47.33.8 -28.1 37.53.3
Whisper tiny 80.32.5 69.27.4 41.42.7 -27.8 36.32.7
Whisper base 84.52.0 72.76.0 44.72.4 -28.0 43.02.4
Whisper small 89.71.2 77.96.7 54.14.1 -23.8 49.93.4
Whisper medium 90.61.7 77.97.2 56.35.2 -21.6 51.33.8
Whisper large-v3-turbo 91.11.5 77.97.2 59.93.8 -18.0 51.94.0
Whisper large-v3 91.62.3 77.87.1 59.93.8 -18.0 52.13.6

XLM-R large XLS-R 300M DE 87.03.1 78.53.7 49.74.9 -28.8 35.20.7
XLS-R 1B DE 88.12.4 82.82.7 51.46.0 -31.4 37.20.6
MMS 1B-all 87.73.0 77.04.9 49.44.7 -27.7 41.30.9
Whisper tiny 80.02.8 73.92.9 45.65.6 -28.3 37.81.1
Whisper base 83.41.7 75.34.2 51.16.2 -24.2 44.60.9
Whisper small 87.31.3 82.42.2 60.85.9 -21.6 51.81.2
Whisper medium 90.11.5 84.31.5 58.97.2 -25.4 55.21.0
Whisper large-v3-turbo 90.61.7 85.21.9 63.55.6 -21.7 56.50.9
Whisper large-v3 91.21.9 85.02.4 62.56.8 -22.5 56.80.9

Table 17: Detailed results for the cascaded systems (accuracy, in %). Results are averaged over three random
seeds; standard deviations in subscripts. Models are trained on German text and evaluated on all available speech
test sets. For a version of this table aggregated over text or ASR models, see Table 4.
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