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ABSTRACT
For a low-resourced language like Swiss German with no
standard orthography and a significant variation in its written
form, spoken language resources are more likely to come
with translations than transcriptions. Moreover, the desired
output of an automatic transcription system for Swiss German multi-dialectal speech is Standard German. This, in turn,
is due to many applications that include our TV Box voice
assistant and broadcast media. It follows that a translation is
usually required as Swiss German and Standard German have
mismatches on all linguistic levels. Unfortunately, there are
not enough parallel text corpora available for training a proper
translation system, nor enough in-domain speech translation
(ST) data for training an ST system. We aim at investigating
an end-to-end approach for multi-dialect Swiss German ST
using transfer learning. Our ST model is based on an encoderdecoder architecture where we initialize the encoder with a
cross-lingual speech representation model which is adapted
to in-domain Swiss German speech data. We demonstrate
that training the decoder on an out-of-domain ST corpus by
preserving the encoder unit and then fine-tuning on in-domain
ST data can be more effective than a cascade or vanilla direct
ST.
Index Terms— Speech Translation, Swiss German,
Multi-dialect, Transfer learning, Speech Recognition
1. INTRODUCTION
In German-speaking Switzerland people have the tendency
towards informality in communication, which favors the use
of Swiss German, a dialectal variety of the German language.
Unlike many other countries, dialect is not a marker of low
social class; everyone speaks Swiss German, but if they find
cues that a person is not a dialect speaker they can switch to
Standard German. Standard German is used in books, newspapers, and all official publications. Public radio and television have been more strictly in Standard German for many
years, but local media are still in dialect.
Automatic speech recognition (ASR) of Swiss German
is a considerable challenge owing to the lack of transcribed
datasets and its considerable regional variation. There is no

official orthographic convention for Swiss German varieties.
The Dieth spelling system [1] (a phonetic transcription system) is usually used in scientific accounts for writing Swiss
German dialects (referred to as GSW), but even phonetically
identical words could be written differently. Moreover, due
to many applications, including broadcast media and our TV
box voice assistant, the desired output of an automatic transcription system is Standard German.
Swiss German is different from Standard German on all
levels of linguistic analysis including vocabulary, pronunciation, orthography, and syntax. As a result, a machine translation (MT) system needs to be applied to the output of the ASR
system to generate a Standard German translation of the utterance; it is termed a cascade speech translation (ST) system
[2]. However, there is always a risk of error propagation and
higher latency due to multiple inferences [3]. Unfortunately,
Swiss German transcription is non-standard and hard to obtain, either for training ASR or MT systems. An end-to-end
ST [4, 5] on the other hand, does not rely on the transcription
of the source language for generating the translation. This as
a result makes end-to-end ST systems more attractive.
Publicly available ST corpora for Swiss German speech
to Standard German text are also limited. However, they are
more likely to emerge due to the non-standardized written
form of Swiss German dialects. Recently, an effort has been
made to collect an ST corpus, called the Swiss Parliament
Corpus, using a fully automatic procedure [6, 7]. They used a
sentence-level forced alignment procedure using a Swiss German ASR model to align Standard German transcripts with
Swiss German speech recording of the meetings in the parliament of Bern (mostly in Bernese dialect). Other examples
of recent ST resources include the SRF Meteo weather report
dataset [8] that consists of Swiss German weather reports of
SRF Meteo with textual annotation in standard German, and
the SwissDial corpus [9] with the speech in 8 different Swiss
German dialects and both Swiss German and Standard German annotations.
We are interested in multi-dialect Swiss German speech
translation into Standard German text for the Swisscom TV
Box voice assistant. Due to the limited in-domain ST data,
the use of separate ASR and MT corpora to train a cascade
ST is currently unavoidable. In this paper, we investigate an

end-to-end approach for ST using transfer learning. Utilizing
pre-trained components and multi-task learning are widely
used methods to leverage ASR and MT datasets [5, 10]. Although pre-training is shown to be more effective than multitask training due to sub-optimal solutions by the entire multitask optimization problem [11], reusing pre-trained components also suffers from consistency issues [12].
We contribute by proposing a technique to train an endto-end ST model which alleviates shortcomings in the existing methods. We exploit the powerful speech representation of self-supervised acoustic pre-training (wav2vec) [13]
to address the low-resourced nature of the spoken dialects.
Self-supervised pre-training is particularly efficient in low resource settings and it has been shown that fine-tuning pretrained representations on the ST training data are beneficial
[14]. Next, we leverage an out-of-domain ST dataset to pretrain the translation decoder in an encoder-decoder ST with
attention. Direct optimization of the ASR output towards
translation quality avoids semantic and length inconsistency
compares to reusing a pre-trained MT decoder on text data
[12]. Therefore, a more robust translation is expected to be
achieved as we can pre-train the ST attention module, reduce
the information loss and ASR error propagation. We empirically evaluate the proposed technique on our low-resourced
in-domain ST dataset as well as on publicly available out-ofdomain Swiss Parliament Corpus.
The rest of the paper is organized as follows. Section 2,
introduces related work. In Section 3 we present our method
for training an end-to-end ST by transfer-learning. We describe the data and baseline systems as well as experimental
results in Section 4. Finally, we conclude in Section 5 with
future directions.
2. RELATED WORK
With the recent success of end-to-end models for MT, ASR,
and the availability of ST corpora, researchers start to explore
end-to-end ST models. The cascade ST approach that divides
the task into independent recognition and translation steps
suffers from errors propagation from the ASR [15]. This in
turn makes it challenging for machine translation which expects well-formed inputs. Following works turned increasingly to data-driven and statistical MT approaches to somewhat alleviated this issue and move from loosely-coupled cascade toward a tighter coupling [16, 2]. Researchers found an
approximate integration over transcripts using n-best translation approach more tractable compared to a desirable full
integration [17]. A follow-up work used word lattices as the
interface between ASR and MT to improve translation performance when the weighted acoustic scores are incorporated
into the MT unit [18]. In another approach, rather than trying to avoid early decisions using an n-best list or lattices,
researchers introduced synthetic ASR errors to train a robust
MT model [19, 12].

End-to-end approaches, on the other hand, learns a single
model to map acoustic frames to target word sequence in the
target language in a single step. Despite better performance
obtained by the cascade approach [20], end-to-end methods
are becoming more popular as they provide faster inference,
rectifying error propagation (at least in theory), and minimizing the requirement for source language transcription. Recent
investigation shows that in spite of data scarcity conditions
which penalize the end-to-end approach, the two paradigms
now perform substantially on par and the subtle differences
observed in their behavior are not sufficient for humans neither to distinguish them nor to prefer one over the other [21].
Training an end-to-end ST model requires large-scale ST
corpora which is difficult to obtain. Transfer-learning techniques including pre-training [22] and multi-task training [5]
have been applied to leverage large-scale datasets available
for ASR and MT. A recent finding indicates that utilizing
pre-trained ASR and MT units and fine-tuning on weaklysupervised ST data generated using speech-to-text (TTS) synthesis models, strongly outperforms multi-task training [11].
An encoder-decoder ST model is usually pre-trained
using an ASR encoder and an MT decoder following a finetuning step by multi-task learning which usually weights the
losses of ASR, MT, and ST. It turns out that this approach
suffers from consistency as both the encoder and decoder
play different roles during pre-training and fine-tuning [12].
Moreover, a pre-trained MT on text data may weaken the
model’s sensitivity to prosody [3]. Recently, a Tandem Connectionist Encoding Network (TCEN) which consists of a
speech encoder, a text encoder, and a target text decoder has
been proposed to address this issue [12]. They pre-trained
an ASR encoder model using Connectionist Temporal Classification (CTC) [23] loss function to generate embeddings
in the source language and pre-trained an encoder-decoder
MT model on large MT parallel corpora. Then they proposed
solutions to solve the length inconsistency (ASR encoder
output length is much larger than MT text input) and semantic inconsistency (ASR embedding space is different from
MT word embedding space) of these two units when they
are jointly trained by multi-task learning method. A knowledge distillation method has also been investigated recently
in [24] to improve the end-to-end ST model by transferring
the knowledge from a pre-train MT model. They first trained
a text MT model and then an ST model is trained to learn its
output probabilities through knowledge distillation.
3. METHOD
End-to-end speech translation aims to translate a sequence of
speech features or raw waveform in source language defined
as x = (x1 , x2 , ..., xT ) into a sequence yt = (y1t , y2t , ..., yTt 00 )
of units in target language vocabulary (yi ∈ V t ) without generating a sequence ys = (y1s , y2s , ..., yTs 0 ) of units in source
language vocabulary (yi ∈ V s ). Unfortunately, directly train-

Fig. 1. The ST model architecture with training procedure. (a) ASR pre-training on in-domain speech data, (b) MT pre-training
on out-of-domain ST data by freezing the ST encoder and (c) fine-tuning on in-domain ST dataset.
ing ST model is often impractical due to scarce end-to-end
ST training corpora. This problem has been mainly tackled with data augmentation [11] and knowledge transfer [12]
techniques. However, for a low-resource language like Swiss
German with no standard orthography, there are not enough
parallel text corpora available for training a proper MT model,
nor enough in-domain ST data for a direct ST model. Our
end-to-end ST model is based on an encode-decoder architecture with attention mechanism. We split the training procedure to pre-training and fine-tuning stages as illustrated in
Figure 1. In pre-training stage, we initialize our ST encoder
with a pre-trained ASR encoder as we describe in Section
3.1, but the ST decoder is pre-trained on an out-of-domain ST
P
dataset DSTout = {(xi , yit )i=1 } which is described in Section
3.2. During fine-tuning, we use our low-resourced in-domain
P0
ST data DSTin = {(xi , yit )i=1 } where P 0  P , to train the
ST model.
3.1. ASR pre-training
To train a Swiss German ASR model we use our in-domain
N
multi-dialectal speech dataset DASR = {(xi , yis )i=1 } (see
Section 4.1) [25]. The network architecture is based on
the cross-lingual speech representations (XLSR) [26] model
which is publicly available. It is built on top of wav2vec
2.0 [13], a framework for self-supervised learning of representations from the raw waveform of speech. Cross-lingual
representation learning or pre-training aims to build models which leverage unsupervised multilingual data to share
discrete acoustic units across languages, particularly, for lowresource languages, creating bridges across languages. It
encodes speech audio via a multi-layer convolutional neural

network which is then fed to a Transformer network [27]
to learn contextualized representations via a contrastive task
where the true latent is to be distinguished from distractors
[13]. The XLSR model has a large capacity (315M parameters) and contains 24 Transformer blocks with model dimensions 1,024, inner dimension 4,096, and 16 attention heads.
It is trained on 56k hours of speech data from 53 languages
including the CommonVoice (36 languages, 3.6k hours) [28],
Babel (17 languages, 1.7k hours) [29], and Multilingual LibriSpeech (8 languages, 50k hours) [30] corpora. We adapt the
model by fine-tuning it on our multi-dialect speech data in
the TV domain toward Connectionist Temporal Classification
(CTC) objective [23]. To achieve this, we add a classifier on
top of the model representing characters (including a word
boundary token) in the source vocabulary V s and train the
model using the CTC loss function. Thus, there is no need for
a decoder, and the ASR encoder will generate embeddings in
the source language (after dropping the classification layer).
For the first 10k updates only the output classifier is trained,
after which the Transformer Network is also updated. Models
are implemented in Fairseq [31].
3.2. MT pre-training
We initialize the encoder of the ST model with a the pretrained ASR encoder as described in Section 3.1. Unlike
similar studies that use a pre-trained MT model [12, 11], we
pre-train our ST decoder using an out-of-domain ST dataset
DSTout while preserving the ASR encoder (through freezing
the weights during training). The ST decoder is based on 4
layers of Transformers blocks with model dimensions 512,
inner dimension 2048, and 8 attention heads. The ST model
is optimized using cross-entropy loss with label smoothing in

Fairseq.
Compared to using a pre-trained MT model on text data,
this pre-training strategy avoids semantic and length inconsistency and optimizes the decoder towards translation. This
in turn results in a more robust ST decoder, reduces the information loss and ASR error propagation as shown in Section 4.3. Moreover, the attention module is also pre-trained
which is usually discarded during knowledge transfer (ASR
and MT components model the source language differently).
Note that, unlike many language pairs where large amounts of
parallel text data are available, it is not easy to obtain such corpora for Swiss German text to Standard German text mainly
due to non-standard orthography and significant variation in
the written form.
3.3. ST fine-tuning
In the fine-tuning step, we use our in-domain ST dataset
DSTin to adapt the ST model, which in turn strongly improves the translation quality (see Section 4.3). Unlike the
previous step, the ST encoder is also adapted. The model
is optimized using the same cross-entropy loss with label
smoothing.
4. EXPERIMENTS
4.1. Data
Our in-domain ASR dataset DASR is a proprietary Swiss German multi-dialect dataset designed to improve Swisscom TV
Box voice assistant 1 . It is designed to mimic a realistic usage
scenario (e.g. users at different locations in a room talking to
the TV box). With the help of 8 different microphones placed
at different locations (2 close-talk, 1 pressure zone, 1 midfield, and 4 far-field) we collect user’s voice commands when
interacting with TV assistant 2 , e.g. ‘what will the weather
be like tomorrow in Bern.’ in Swiss German. The recording
sessions were either scripted (a speaker reads from a written
note) or free talk (the speaker could improvise). The transcriptions are generated manually with the help of linguists in
various Swiss German dialects. In total, the corpus consists of
392,420 short utterances comprising 440 hours of speech data
from 3817 speakers (aged 14 to 89). It covers different Swiss
German dialects from different regions including, Bern (BE),
Valais (VS), Zurich (ZH), Eastern Swiss (EA), Grisons (GR),
Central Swiss (CE), and Northwestern Swiss (NW), however,
the distribution of the dialects is somehow imbalanced. The
data is split into a train (417h) and validation (23h) sets for
system development. We use a different set (23h) for system
evaluation.
1 https://www.swisscom.ch/en/residential/help/device/blue-tv/voiceassistant.html
2 https://www.swisscom.ch/en/residential/plans-rates/inonehome/swisscom-blue-tv/functions.html

Our in-domain ST dataset DSTin is also a proprietary
Swiss German multi-dialect dataset from Swisscom TV Box
voice assistant but in the real scenario. In total, the corpus
consists of 43,970 short utterances comprising 30 hours of
speech data from 4147 speakers. Unlike DASR , there is no
dialect information, but annotations are available for each
utterance in both Swiss German and Standard German. The
data is split into a train (18h), validation (3h), and test (9h).
We use Swiss Parliament out-of-domain ST dataset
DSTo ut which is an automatically aligned Swiss German
speech to Standard German text corpus [7]. The dataset has
been generated using a forced sentence alignment procedure
to align the translation of the Swiss German speech recordings of meetings in the parliament of Bern (almost all in Bern
dialect). The corpus includes an overall 293h of training data
and 6h of testing data.
SwissDial is an annotated parallel corpus of spoken Swiss
German dialects for 8 different regions of Aargau (AG), Bern
(BE), Basel (BS), Graubunden (GR), Luzern (LU), St. Gallen
(SG), Wallis (VS) and Zurich (ZH). The Standard German
sentences from various topics are read and recorded by a limited number of speakers (one per dialect), and then manually
translated into Swiss German dialects. It consists of 23195
utterances with parallel transcripts. We use this dataset for
MT model training.

4.2. Baseline systems
4.2.1. Cascade ST
We build a cascade ST model as a baseline system by first
training an ASR model for Swiss German as described in
Section 3.1. Then we feed the predicted transcript from the
ASR model as input to an MT model. The MT model is a
simple character-based encoder-decoder network with Transformer layers which is trained on SwissDial [9] MT dataset
M
DM T = {(yis , yit )i=1 }. The reason for using this model is
that Swiss German and Standard German are closely related
languages and the MT corpora are limited for this language
pair. We split this dataset into train, validation, and test sets
where the test set is a disjoint set of two Swiss German dialects.

4.2.2. Direct ST
A vanilla direct ST model with an encoder-decoder architecture is trained on both in-domain DSTin and out-of-domain
DSTout datasets. The encoder is initialized with an XLSR
model described in Section 3.1, but no fine-tuning has been
performed to adapt it for Swiss German ASR. The ST decoder is the same Transformer network described in Section
3.2.

4.3. Results
We explore the effect of our pre-training strategy as described
in Section 3 and compare it to the baseline systems. ASR
quality is measured in terms of word error rate (WER) and
character error rate (CER). For translation quality assessment
we report the BLEU score [32] which is the scheme used by
the annual Conference on Machine Translation (WMT)3 with
a tool denoted as SACREBLEU4 . Its values (the higher the
better) range from 0 to 100, but compare to the state-of-theart systems in European language pair settings, the score for
Swiss German text to Standard German text is usually much
higher as they relatively closely related languages and the test
set is in the same context as the development set.
We start by presenting our in-domain Swiss German
multi-dialect ASR results on various dialects of DASR in
Table 1 [25]. The results are obtained on a test set (23h)
collected in a controlled environment with an average 17.4%
WER and 4.18% CER. Lexicon-free beam-search decoding
without any language model (LM) is used to generate transcriptions in Swiss German. VS (35h) and GR (44h) dialects
have the lowest amount of speech data, so we observe higher
WER, but for the eastern part of Switzerland (EA) we observe
the lowest WER mainly due to more speech data that covers
most of the variations. Owing to self-supervised pre-training
using multilingual data, we achieve a high-performing multidialect ASR system in low-resource settings. In another
experiment, we adapt the ASR model to our in-domain ST
dataset by combining both training sets. Note that our indomain ST dataset comes with both translation and transcription. This results in a huge drop in WER (CER) from
30.0% (10.6%) down to 12.5% (3.66%) on in-domain ST test
set mainly due to acoustic mismatch between controlled and
realistic scenarios and more simple or short utterances.
The MT model in our cascade ST baseline system achieved
45.9 BLEU and 31.1% WER on a disjoint set with two Swiss
German dialects. Due to errors, inconsistencies, different
context of MT corpus and unrecognized words associated
with ASR output, we expected a drop in the performance of
the MT model. As shown in Table 2, a BLEU score of 29.1
and WER of 36.2% were achieved for our baseline cascade
ST model. The direct ST baseline model which is trained
on the combination of in-domain (18h) and out-of-domain
(293h) ST datasets could not outperform the cascaded approach. However, making a generalizable claim about the
relative performance between the two ST models is not easy
since we do not know how much increase in accuracy is
achievable through the addition of more ST training data.
The direct ST models exhibit an advantage over cascade ST
which suffers from erroneous early decisions, however, it
seems that lack of in-domain ST data and domain mismatch
also play a key role.
3 http://statmt.org
4 https://github.com/mjpost/sacrebleu

Table 1. Performance of our multi-dialect ASR systems in
terms of WER(%) on various Swiss German dialects. The
results is reported on the test set of DASR .
GSW Dialects
Evaluation

NW BE

In-domain ASR

17.2 18.2 16.9 20.8 14.7 19.3 17.4

ZH

GR

EA

VS

CE

Table 2. Speech translation performance in terms of WER(%)
and BLEU score on both in-domain and out-of-domain test
sets using different systems.
In-domain

Out-of-domain

Systems

WER% BLEU

WER% BLEU

Baseline Cascade ST
Baseline Direct ST
Out-of-domain E2E ST
In-domain E2E ST

36.2
45.3
−
25.1

29.1
21.1
−
35.2

−
55.8
50.2
−

−
16.1
18.6
−

Following the training procedure described in Section
3 and illustrated in Figure 1, we train our end-to-end ST
model. Table 2 shows the results on both out-of-domain and
in-domain test sets before and after fine-tuning, respectively.
The transfer-learned in-domain end-to-end ST model significantly outperforms both baseline systems. Freezing the
pre-trained ST encoder would compel the model to generate
intermediate embeddings in the source language. This in
turn results in a pre-trained ST decoder when the model is
trained on an out-of-domain ST dataset. Since the decoder is
optimizing the ASR output toward the translation objective,
the information loss and error propagation are minimized
compared to initialization with a pre-trained MT decoder.
Nevertheless, the result demonstrates that for low-resourced
languages, especially those with considerable spoken variation, an end-to-end ST could be more effective than the
cascade ST provided that we can have access to more out-ofdomain ST datasets.
5. CONCLUSION & FUTURE WORK
We investigated an end-to-end approach for ST using transfer learning. The non-standard orthography of Swiss German
and lack of parallel text corpora and for training an MT model
as well as ASR error propagation limits the performance of
the cascade ST. We leveraged an out-of-domain ST dataset
to pre-train the ST decoder in an encoder-decoder ST architecture with attention. This approach which optimizes the
ASR output toward translation avoids semantic and length
inconsistency compared to reusing a pre-trained MT model.

Fine-tuning a pre-trained cross-lingual speech representation
model was very effective for low-resource and highly dialectical Swiss German. We showed that our transfer-learned ST
model can outperform both cascade and end-to-end ST baseline systems. For future work, we aim at investigating data
augmentation and leveraging weakly supervised training data
to improve end-to-end ST.
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