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Abstract

Code-switching is widespread in multilingual
speech, yet its automatic detection remains
challenging, especially for low-resource lan-
guages. In Switzerland, a context with multiple
languages and Swiss German varieties, these
challenges are amplified by variable orthogra-
phy and limited annotated data. We present a
supervised word-level language-identification
system for code-switching detection in multi-
lingual everyday child and adult speech, ob-
tained by fine-tuning SwissBERT. We con-
structed a dataset of four languages and an
other category, implemented controlled sub-
word-label alignment, and evaluated perfor-
mance using token-level F1. To contextual-
ize SwissBERT’s performance, we additionally
fine-tuned mBERT as a multilingual baseline.
SwissBERT achieves robust word-level predic-
tions and outperforms mBERT. We release the
full training pipeline and evaluation scripts to
facilitate reproducibility.
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1 Introduction

Multilingualism shapes Switzerland’s identity:
one-third of the population regularly uses more
than one language (Bundesamt fiir Statistik, 2021).
In multilingual settings, speakers often engage
in code-switching (CS), the alternation between
two or more languages within a conversation. CS
emerges early in development (Smolak et al., 2020)
and is a natural, systematic feature of multilingual
communication rather than a sign of confusion
or delay. CS occurs across sentences (i.e., inter-
sentential; “I went to the park yesterday! Ich ha
Spass gha.”) or within the same sentence (i.e., intra-
sentential; “Could you give me s Buech bitte?”).
Swiss German presents unique challenges for com-
putational models: it lacks a standardized orthog-
raphy, exhibits substantial regional variation, and
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Figure 1: Overview of the methodology. A multilingual
annotated dataset is aligned at the subword level and
used to fine-tune SwissBERT and mBERT.
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is underrepresented in existing multilingual pre-
trained models.

These difficulties are amplified in child speech.
Young children frequently produce phonological
reductions, truncations, and non-standard word
forms that deviate from adult speech (Dodd et al.,
2003), making word boundaries and lexical iden-
tity less predictable. In multilingual contexts, chil-
dren may additionally blend features from multiple
languages within a single word or use language-
specific morphology in non-target-language utter-
ances (Paradis and Genesee, 1996), further com-
plicating word-level language identification. More-
over, child-directed speech from caregivers often
contains simplified or exaggerated forms that dif-
fer from standard adult registers (Foulkes et al.,
2005), adding another layer of variation. Unlike
social-media text, where non-standard spelling fol-
lows some community conventions that models can
learn, the variability in child speech is less system-
atic and harder to anticipate from pre-training data
alone.

In this work, we address these gaps by construct-
ing a multilingual, manually annotated dataset
across four languages and by fine-tuning Swiss-
BERT (Vamvas et al., 2023)—a transformer model
pre-trained on Swiss national languages and di-
alects—for word-level CS detection. Because
SwissBERT is pre-trained on Swiss German, we hy-
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pothesize that it will outperform other multilingual
models. To test this hypothesis, we additionally
fine-tune mBERT (Wu and Dredze 2020) as a con-
trastive baseline using the same training pipeline.
To our knowledge, this is the first work to ap-
ply transformer-based word-level CS detection to
multilingual child speech involving Swiss German.

2 Related Work

Previous work on CS relied heavily on manual
annotation to identify language boundaries (e.g.,
Lachemat et al., 2025). Most research on CS detec-
tion has focused on social-media text. The Sec-
ond Shared Task on Language Identification in
Code-Switched Data (Molina et al., 2016) provided
one of the first large-scale word-level benchmarks
for bilingual social-media corpora, highlighting
persistent challenges, including noisy orthography,
short words, and limited annotated data. Rijhwani
et al. (2017) proposed a generalized word-level
language identification model based on a Hidden
Markov Model, enabling multilingual CS detec-
tion without manually annotated training data and
demonstrating its effectiveness on Twitter data.

Recent work has increasingly turned to
transformer-based architectures.  Multilingual
models like mBERT (Wu and Dredze, 2020)
and XLM-R (Conneau et al., 2020) outper-
form traditional sequence models on CS lan-
guage identification, especially when fine-tuned
on mixed-language data (e.g., Aguilar et al., 2020;
Khanuja et al., 2020; Das et al., 2023). Other stud-
ies have explored syntactic and discourse informa-
tion: Sterner and Teufel (2025) showed that syn-
tactic structure alone can support human-level CS
acceptability judgments in a graph-neural-network
model (CSntax-GNN), with patterns generalizing
across unseen language pairs.

Data-augmentation strategies have also been pro-
posed to improve CS language modeling. Hu
et al. (2020) combined monolingual sentence se-
lection, syntactic-constraint substitution, and a
pointer-generator network, achieving substantial
perplexity reductions on Mandarin—English CS cor-
pora.

A comprehensive survey by Winata et al. (2023)
reviewed more than 400 CS studies and docu-
mented a rapid increase in the number of pub-
lications. However, two gaps remain: (1) most
work targets high-resource language pairs (e.g.,
Spanish—English, Mandarin—English), and (2)

Language Words
Swiss German 50,733
English 49,658
Italian 48,844
French 46,281
Other 9,956

Table 1: Distribution of the 205,472 manually labeled
words across Swiss German, English, French, Italian
and other.

fine-grained word-level CS detection remains diffi-
cult for informal registers with high variability. Fur-
thermore, automatic CS detection in child speech,
particularly for low-resource languages, remains
unexplored. This gap is especially relevant for de-
velopmental psychology, where CS annotation is
typically performed manually. Automating this
process provides a methodological bridge between
computational linguistics and developmental re-
search, enabling scalable, reproducible analyses of
multilingual child language.

3 Data

Existing CS datasets and benchmarks focus pri-
marily on adult speakers, social-media text, or
high-resource language pairs. No existing re-
sources cover multilingual child speech in Swiss
German, so we created a manually annotated
dataset across four languages (see Table 1), includ-
ing an other category.

3.1 Sources

In total, we assembled a corpus of 205,472 man-
ually labeled words across five labels (Swiss Ger-
man, English, French, Italian, Other). The dataset
contains 46,501 utterances with a mean utterance
length of 4.42 words (SD = 5.16), ranging from 1 to
127 words per utterance. This level of variability is
characteristic of spontaneous child speech, where
children often produce one-word utterances while
caregivers may produce much longer utterances.
English, French, and Italian words were
extracted from publicly available transcribed
child-speech corpora in the CHILDES database
(MacWhinney, 2000), including Antelmi and Mor-
lacchi (2005); Stine and Bohannon (1983); Bur-
gato (2025); Hamann et al. (2003); Genesee et al.
(2004); Pizzuto (2004); Tonelli (2004); Watkins
(2004), both monolingual corpora and multilin-
gual corpora with CS. More than one third (17,624
words) of the Swiss German words were obtained



from unpublished child speech data collected as
part of a pre-registered' project in our research
unit. The dataset consists of spontaneous every-
day speech produced by three-year-old children
and their interlocutors (i.e., caregivers, siblings,
friends). The recordings were collected using mi-
crophones that the children wore for approximately
12 hours across one week in their everyday envi-
ronments. Because no open-source Swiss German
child speech corpora currently exist, we expanded
the Swiss German portion of the dataset with an
additional 33,109 tokens from the SwissDial cor-
pus (Dogan-Schonberger et al., 2021). Although
SwissDial is not child speech, its inclusion in-
creases lexical diversity and improves coverage of
Swiss German orthographic variation. Because the
dataset was constructed over an extended period,
the earliest stage involved artificially enriching
code-switching patterns. Specifically, within a seg-
ment of 1,619 monolingual Swiss German words,
we added 139 English words by translating parts
of existing utterance to simulate code-switching.
This approach was only used in the initial phase;
as more recordings were transcribed and real-life
instances of child code-switching became avail-
able, the dataset was expanded using real instances
instead of artificial ones.

3.2 Preprocessing

Before word annotation, the data were prepro-
cessed to ensure consistent tokenization across het-
erogeneous sources. This included: (i) splitting
contractions in English, French, and Italian (e.g.,
c¢’/est, don’/t) to ensure that each meaningful unit
receives an independent label; (ii) separating Swiss
German clitics (e.g., s/Auto); (iii) removing punctu-
ation; (iv) normalizing white-space and removing
transcription artifacts. These steps ensured that
word boundaries aligned with meaningful linguis-
tic units, which is essential for reliable word-level
CS detection.

3.3 Annotation

After preprocessing, the dataset was manually la-
beled at the word level. The annotator assigned one
of four languages (Swiss German, French, English,
or Italian) to each token based on its lexical form.
Proper names, place names, interjections, fillers,
and words whose language could not be reliably
assigned to any of the four languages (e.g., super,

1h'ctps ://osf.io/57wt3/overview?view_only=
3fb372b514e4413ca8dbbde205616011

Comparison Percent Agreement Cohen’s
Avs.B 0.99 0.98
A vs. GOLD 0.98 0.97
B vs. GOLD 0.98 0.97

Table 2: Inter-annotator agreement for language-label
annotations.

okay) were assigned to an additional other category.
This category prevents false code-switch detections
for language-neutral or ambiguous lexical items
that do not clearly belong to a single language. All
annotations were first performed by an annotator
fluent in all languages in the dataset.

To calculate inter-annotator agreement (IAA),
we extracted a total of 200 utterances (1,831 words),
equally divided into 100 monolingual utterances
(balanced across Swiss German, English, French,
and Italian) and 100 multilingual utterances. Only
utterances containing at least three words were in-
cluded, as shorter utterances do not provide enough
lexical or contextual information to be reliably cat-
egorized. Two annotators (A and B), both fluent
in all languages of the dataset, completed the task.
Before the main annotation, they annotated 30 ut-
terances as a training exercise, after which they
proceeded independently following the annotation
guidelines.

IAA was computed between the two annotators
and relative to the gold standard (i.e., the labeled
dataset). Percent agreement and Cohen’s x are
reported in Table 2. The agreement values are
extremely high, indicating that the task is straight-
forward and that the annotation scheme is well-
defined. Disagreements were mostly found in short
utterances, where the lack of contextual and lexical
cues made language identification more difficult.

3.4 Sentence IDs

Each label word in the dataset is associated with a
sentence identifier (i.e., Sentence ID), allowing for
the reconstruction of utterance boundaries after pre-
processing and tokenization. Maintaining utterance
structure is crucial for analyzing code-switching
patterns, as CS can occur both within and across
utterances.

4 Methodology

Our approach combines manual dataset construc-
tion, controlled preprocessing, and transformer-
based token classification. Figure 1 provides an
overview of the methodology.
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other gsw 85w it

Word {ahm} {wen‘sch} { du } [cioccolata?}

Subword

Prediction other gsw gsw gsw it en fr

Aligned lother] ’gSWl [gswl ’ it l

Figure 2: Example of WordPiece tokenization with cor-
responding word-level labels, model predictions, and
loss masking. Only the first subword of each word con-

tributes to the supervised loss.

4.1 Model Architecture

We fine-tuned SwissBERT (Vamvas et al., 2023), a
multilingual transformer pre-trained on the Swiss
national languages (Standard German, French, Ital-
ian, and Romansh), and more importantly, includ-
ing recently-added Swiss German. A linear classi-
fication head predicts one of the five labels (Swiss
German, English, French, Italian or other) for each
word.

4.2 Baseline Model

To contextualize the performance of Swiss-
BERT, we additionally fine-tuned mBERT (De-
vlin et al., 2019) using the same preprocessing,
subword-label alignment, and training pipeline.
mBERT serves as a contrastive baseline: unlike
SwissBERT, it is not pre-trained on Swiss German.
This comparison allows us to isolate the contribu-
tion of SwissBERT’s dialect-specific pretraining
and assess whether exposure to Swiss German dur-
ing pretraining yields measurable improvements in
word-level CS detection.

4.3 Subword Tokenization and Alignment

SwissBERT uses WordPiece tokenization, which
frequently splits words into multiple subword units.
However, code-switching happens at the word level,
and accurate CS detection requires a single lan-
guage label per word. To reconcile word-level
labels with subword tokenization, we adopt a
first-subword labeling strategy: the first subword
inherits the word’s language label, while all subse-
quent subwords are ignored during loss computa-
tion. This alignment ensures that the model learns
word-level language boundaries while remaining
compatible with subword-based transformer archi-
tectures.

4.4 Inference

At inference time, the model applies the same pre-
processing and WordPiece tokenization used dur-
ing training. As illustrated in Figure 2, SwissBERT
outputs a label for every subword token. To obtain
word-level predictions, we use the same strategy
as in training: only the first subword is kept, and
all later subwords are ignored. This mirrors the
loss-masking scheme showed in Figure 2, where
non-initial subwords receive a null label (@), ensur-
ing that each word receives exactly one linguisti-
cally meaningful prediction.

4.5 Training Procedure

We fine-tuned SwissBERT with a classification
head using the Hugging Face Trainer API (Wolf
et al., 2020) for five epochs, a batch size of 8, and
a learning rate of 5 x 107°. We used the AdamW
optimizer with weight decay 0.01. Validation was
performed at the end of each epoch using the F1
metric computed over non-masked tokens, and the
best-performing checkpoint was selected.

To train the model, we randomly split the anno-
tated dataset into training and validation sets using
a 90/10 ratio. The split was performed at the utter-
ance (sentence ID) level, ensuring that all tokens
within the same utterance remained in the same
partition. This prevents contextual leakage across
splits and avoids artificially inflated performance.
Each utterance was truncated to a maximum length
of 128 tokens, which standardizes input size and
ensures consistent batching during training.

We evaluate model performance using the stan-
dard F1 score, computed with the Seqeval library
(Nakayama, 2018). Seqeval is widely used for
sequence-labeling tasks such as named entity recog-
nition and token-level classification, and provides
a reliable implementation of precision, recall, and
F1 over label sequences. We report token-level F1
computed only on non-masked tokens (i.e., the first
subwords), thereby aligning the evaluation with our
word-level labeling scheme. Following common
practice in token-level evaluation, we use Seqeval’s
micro-averaged F1 across all tokens to select the
best model checkpoint during training.

S Results
5.1 Test Setup

The models were evaluated on an independent
dataset of 15,819 manually labeled words grouped
into 3,420 utterances. This dataset was collected



Child Languages Words
A French, Swiss German 3,442
B Italian, Swiss German 1,960
C English, Swiss German 5,337
D Italian, French, English 5,080
Total 15,819

Table 3: Composition of the evaluation dataset, based
on transcriptions of naturalistic everyday interactions
between multilingual children and their caregivers.

SwissBERT mBERT

Language P R F1 P R F1

English 0.87 099 093 | 082 092 0.87
French 098 1.00 099 | 0.88 090 0.89
Italian 091 090 090 | 0.83 0.88 0.85
Swiss German 098 095 096 | 092 0.85 0.88
Other 099 095 097 | 090 0.87 0.89
Overall 096 096 0.96 | 0.88 0.88 0.88

Table 4: Token-level precision (P), recall (R), and F1 for
SwissBERT and mBERT on the external evaluation set.
SwissBERT consistently outperforms mBERT across
all languages.

within the same pre-registered” project described in
Section 3.1. Because it originates from a different
population and recording context than the training
corpus, it provides an ecologically valid estimate
of model generalization. The composition of the
evaluation set is provided in Table 3.

5.2 Token-level Prediction

Table 4 reports precision, recall, and F1 for each
language category for both models. Across the test
dataset, the fine-tuned SwissBERT model achieved
an overall F1 score of 0.96. Performance was high
across all languages, with F1 scores of 0.93 (En-
glish), 0.99 (French), 0.90 (Italian), 0.97 (Other),
and 0.96 (Swiss German). These results indicate
that SwissBERT generalizes well to naturalistic
multilingual child speech despite dialectal varia-
tion and informal registers.

To assess the contribution of dialect-specific pre-
training, we compared SwissBERT with mBERT,
both fine-tuned on the same training data and align-
ment strategy. mBERT achieved an overall F1
score of 0.88. While mBERT performed reason-
ably well, SwissBERT outperformed it across all
languages.

Overall, the results show that SwissBERT’s pre-
training on Swiss German leads to better subword
representations of dialectal spellings.
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Metric Value
Gold switch points 736
Predicted switch points 862
Precision 0.78
Recall 0.91
F1 score 0.84

Table 5: Switch-point detection performance. A switch
is defined as a change in language label between con-
secutive tokens, excluding the label other.

5.3 Switch-Point Detection

To further evaluate the performance of our model,
we compute its ability to correctly identify
switch-points. These correspond to transitions be-
tween two consecutive words where the language
label changes, excluding any words labeled other.
The other label is treated as non-linguistic and is
removed from the evaluation stream prior to com-
puting transitions. This ensures that sequences such
as English — other — Swiss German are treated
as a direct English — Swiss German transition.

Switch-points are therefore computed on a
cleaned word sequence in which all words with
the label other have been removed. A predicted
switch is counted as correct only if it occurs at the
same position in the global sequence and exhibits
the same direction of transition (e.g., Swiss German
— English) as in the gold annotation. Experiments
on the switch-point detection, as summarized in Ta-
ble 5, show that the model achieves a switch-point
precision of 0.78, recall of 0.91, and F1 score of
0.84. These results suggest that the model captures
the majority of true code-switching transitions, al-
though it tends to over-predict switch points. This
additionally indicates that even though the model
achieves high token-level F1, as discussed in Sec-
tion 5.2, it is less effective at identifying the exact
locations of language transitions.

6 Discussion & Conclusion

Our aim was to develop an automatic approach to
detect code-switching in multilingual child speech.
We hypothesized that SwissBERT’s pre-training
on Swiss German and the Swiss national languages
would provide an advantage for multilingual
word-level classification. The evaluation con-
firmed this: SwissBERT outperformed mBERT
across all languages.
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A likely explanation for this performance differ-
ence lies in the training data and model specializa-
tion. SwissBERT is trained with a focus on lan-
guage varieties relevant to Switzerland, allowing
it to better capture linguistic nuances, vocabulary,
and orthographic variation present in the dataset.
In contrast, mBERT is designed as a broadly multi-
lingual model trained on a wide range of languages,
which can limit its ability to model specific regional
language varieties.

The strong performance of both models may also
reflect that the languages in our dataset are linguis-
tically distant, which simplifies the classification
problem. Future work with more closely related
language pairs (e.g., Standard German vs. Swiss
German) may pose greater challenges, because lex-
ical overlap and shared morphology reduce the
distinctiveness of subword patterns. Moreover,
code-switching frequency varies widely across
speakers and contexts, introducing additional vari-
ability that models must learn to handle.

A qualitative analysis also highlighted a struc-
tural limitation shared by both models: words that
are orthographically identical across languages are
difficult to classify reliably when they appear in iso-
lation or in contexts with limited syntactic informa-
tion. For example, the word da (Italian preposition
and Swiss German adverb) is sometimes misclassi-
fied when isolated. In such cases, the model has no
access to phonetic cues (which would distinguish
the two pronunciations) or semantic cues (which
would clarify the intended meaning), making mis-
classifications almost unavoidable. This limitation
is not specific to our models but reflects an inherent
ambiguity in written speech transcripts.

Finally, although the training pipeline is fully
generalizable, the current model’s advantage stems
from SwissBERT’s region-specific pre-training and
is therefore limited to the Swiss context. As our
research unit continues to collect more diverse mul-
tilingual child-speech data, the same corpus can
be extended to train classifiers that recognize an
increasingly broad set of languages, enabling pro-
gressively richer and more inclusive analyses of
code-switching.

Limitations

The dataset is imbalanced. The other category is
heterogeneous, grouping together diverse linguistic
phenomena that are not easily comparable. The
Swiss German portion of the dataset is not exclu-

sively composed of child-speech data, as it also
includes corpus data from SwissDial that differ
substantially from naturalistic child language. This
mismatch introduces distributional differences that
may affect model performance and limit the va-
lidity of the results. Our long-term goal is to re-
train the model on a corpus composed exclusively
of child-speech data as soon as additional record-
ings become available. Although the current model
shows high performance and strong inter-annotator
agreement, these metrics may shift as more closely
related languages are added. This is especially true
for distinctions between language varieties (e.g.,
Swiss German vs. Standard German).

Manual annotation is time-consuming and in-
troduces the possibility of bias, particularly for
ambiguous or context-dependent words. These
challenges are amplified by the absence of pho-
netic information, which limits the ability to disam-
biguate homographs or reduced child-speech forms.
Future work should integrate both phonetic and or-
thographic information to improve the robustness
of code-switching detection.

Ethical Considerations

All data involving families were collected in ac-
cordance with the ethical standards of the 1964
Helsinki Declaration and its later amendments. The
recordings contain sensitive everyday conversa-
tions between children and their caregivers; there-
fore, raw audio and transcripts cannot be publicly
released. The dataset reflects multilingual families
in the Zurich area, which may limit generalizability
and introduce demographic biases. Our work is
intended solely for research on early multilingual
development. The authors declare no conflicts of
interest.
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