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Abstract
Motivated by a growing research interest in automatic speech recognition (ASR) and the growing body of work for
languages in which code-switching (CS) often occurs, we present a systematic literature review of code-switching
in end-to-end ASR models. We collect and manually annotate papers published in peer-reviewed venues. We
document the languages considered, datasets, metrics, model choices, and performance, and present a discussion
of challenges in end-to-end ASR for code-switching. Our analysis thus provides insights into current research efforts
and available resources, as well as opportunities and gaps to guide future research.
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1. Introduction

Automatic speech recognition (ASR) is one of the
most widely used technologies for accessible com-
munication and device interaction. A recent market
analysis estimated the global market of speech
and voice technologies at USD 20 billion in 2023,
of which ASR accounts for over 60%, distributed
across a range of sectors, including automotive,
banking and financial, healthcare, and retail (Grand
View Research, 2024). Such widespread adoption
of ASR highlights the need and desire for high-
performing systems across different languages and
speech patterns. While large-scale resources for
developing robust ASR systems are common for
monolingual settings, datasets and methods for
code-switching (CS)—the practice of alternating
between two or more languages in a single con-
versation or discourse— remain a challenge for
current ASR models, despite that it is a widespread
phenomenon across the globe (UNESCO, 2024).
Studies that seek to address CS in speech are
limited by a scarcity of datasets that are designed
to evaluate this phenomenon. In this paper, we
present a comprehensive review of efforts towards
end-to-end (E2E) ASR systems for CS. We seek
to identify the current trends in research by answer-
ing the following research questions: (1) Which
language pairs, modeling, and evaluation mecha-
nisms have been pursued? (2) What is the current
state-of-the-art for E2E ASR for CS? (3) What are
the persisting challenges in ASR for CS research?
We find that although the body of work in E2E ASR
for code-switching is growing, a small subset of
languages receives the most attention. Moreover,
we find a wide variety of training and evaluation
methodologies, but the efforts are mostly sporadic,
with no consistent benchmarking or clarity on di-
rections for future research. Through this literature

review and discussion, we hope to provide a road
map for more inclusive, rigorous, and reproducible
research in end-to-end ASR for code-switching.

1.1.

People engage in CS in their communication for
many and varied reasons, such as a speaker’s fa-
miliarity with the setting and language and how
they wish to project themselves (Myers-Scotton,
1993); to express identity or tone (Gumperz, 1982);
and due to diglossia, the presence of two lan-
guages or varieties used under different condi-
tions, such as ‘high’ and ‘low’ (colloquial) vari-
eties (Ferguson, 1959). In code-switching re-
search, there is a distinction made between the
matrix language—the language which provides the
structure—and the embedded language—which
provides the foreign words or phrases (Weller et al.,
2022). Code-switching is often categorized into
two types: inter-sentential (switching languages or
dialects between sentences) and intra-sentential
code-switching, where language switches happen
within a single sentence. The latter is most chal-
lenging for speech systems and is what is typically
addressed in the surveyed literature.

Code-switching

1.2. Automatic Speech Recognition

ASR research and development has a long history
dating back to the 1950s. Anusuya and Katti (2010)
summarize the progress made until 2009; by then,
the SOTA models were hybrid HMIM-DNN models,
combining the controlled statistical power of HMMs
for lexical and language modeling with the adap-
tive nature of neural networks for acoustic model-
ing. Subsequent research led to the development
of fully connected end-fo-end (or E2E for short)
ASR systems. As pointed out in Prabhavalkar et al.
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(2024), the term E2E hides various practical com-
plexities in these systems, and itis an umbrella term
used to describe various neural ASR systems that
are characterized (with caveats) as joint modeling
and training of ASR components from scratch in a
single computational graph and objective function.
Refer to Prabhavalkar et al. (2024) for a compre-
hensive review of these systems and their types.
Relevant to our discussion here is that these sys-
tems are currently the state-of-the-art in speech
recognition, enhanced with self-supervised learn-
ing (SSL) methods that utilize large unlabeled data
for better generalization. A review of these SSL
methods for speech is provided in Mohamed et al.
(2022). These systems achieve remarkable recog-
nition performance across speakers, noise condi-
tions, and even across different languages (Yadav
and Sitaram, 2022).

1.3. Related Work

While there are hundreds of reviews of “speech
recognition” systems (e.g., Reddy, 1976; Prab-
havalkar et al., 2024), we identify only one pub-
lished survey on code-switching in ASR sys-
tems (Mustafa et al., 2022). In their study, Mustafa
et al. (2022) analyze a sample of papers on bilin-
gual and multilingual ASR, including 24 papers on
CS. Their search methodology differs from ours in
both focus and scope, as they analyze a relatively
small subset of CS papers, many of which predate
the ones in our analysis. Meanwhile, in text pro-
cessing Winata et al. (2023) present a comprehen-
sive survey of code-switching, covering decades
of research in NLP. Our work complements these
efforts by focusing exclusively on E2E ASR, which
currently represents the mainstream in ASR tech-
nology. Furthermore, our analysis includes all pa-
pers that fit our search and inclusion criteria, which
is constrained only by the recency of the studied
E2E systems: over half of the papers in our survey
have been published since 2022. Our survey thus
provides a comprehensive and up-to-date overview
of the research on CS in E2E ASR.

1.4. Outline

We present a systematic literature review of pub-
lished research on E2E ASR for code-switched
speech. We analyze the coverage of languages,
datasets, metrics, and modeling choices, thereby
presenting a comprehensive overview of the field.
We first describe the scope of the study and our
search and annotation methodologies in Section 2,
and describe the results of our annotation in the
subsequent sections. Section 3 summarizes the
languages and datasets covered in this literature.
We then detail ASR modeling choices in Section
4, including architectures, language identification,

and decoding strategies, among other dimensions
identified in our annotation scheme. Section 5 de-
scribes the training and evaluation settings used
in these papers, such as data augmentation and
evaluation metrics. We summarize the state-of-
the-art models in Section 6, and describe new and
persisting challenges in Section 7.

2. Scope & Methodology

Data Collection We gathered related papers by
querying the Semantic Scholar API' to retrieve pa-
pers that use terms related to code-switching, pub-
lished from 2014 until February 27, 2025.2 We ini-
tially retrieved 378 papers, from which we only kept
papers that have been published in peer-reviewed
venues and describe end-to-end ASR systems, re-
sulting in a set of 127 papers for analysis.®

Annotation The papers were annotated by five
annotators after agreeing on the annotation dimen-
sions. The annotations were carried out during
scheduled annotation sessions, where any misun-
derstandings and questions were addressed dur-
ing the session to ensure consistency in annotation
procedures. Each paper was annotated by one
annotator by manually going over the paper text.
We extracted information from each paper across
four major dimensions:

» Problem Setup & Data: We recorded the lan-
guages covered, the datasets used, for training
and evaluation, and dataset accessibility.*

* Model Design Choices: We annotated
whether monolingual or multilingual com-
ponents are explicitly modeled, and noted
whether code-switched data are used for train-
ing. We also annotated the text units used
(e.g., characters, phones, BPE), the model ar-
chitecture (e.g., hybrid CTC/attention-based
model with Transformer encoder), use of large
pretrained models (e.g., Whisper), external lan-
guage model integration (e.g., shallow fusion
during decoding), loss function and the decod-
ing strategies employed (e.g., beam search).

Training and Evaluation Settings: We anno-
tated whether the study applied any form of
data augmentation, and zero-shot evaluation

1 . .
https://www.semanticscholar.org/product/api

2We used the following query for retrieving papers: (ASR | Speech
recognition) & (code-switch* | codeswitch* | code switch* | code-mix* |
codemix®).

3Based on our search results, the first paper related to ASR for CS
using an E2E architecture was published in 2018.

4We understand an ‘accessible’ dataset to be one where a link is
made available, it can be obtained upon request, or it is used in subse-
quent research.
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Dimension Attribute Description

Language(s) Languages studied (see full list in Appendix)
Problem Setup & Data Datasets Datasets used (see full list in Appendix)

Dataset Accessibility ~ Yes | No

Monolingual Modeling  Yes | No

Multilingual Modeling  Yes | No

LID Yes | No

Text Units Words | Subwords (BPE) | Characters | Phones

Architecture
Pretrained models
Language Model
Loss Function
Decoding Strategy

Model Design Choices

Type of neural architecture used for ASR

Yes | No

Yes | No

CTC | Cross Entropy | Hybrid CTC/Attention | Others
Greedy | Beam search | Other

Data augmentation
Translation
Zero-Shot
Evaluation metrics

Training and Evaluation Settings

Type of data augmentation used
Yes | No

Yes | No

WER | CER | MER | TER | etc.

Best performance

Performance Best model

Best reported performance
Model with best reported performance

Table 1: List of annotated attributes in the survey.

(i.e., evaluating multilingual models on code-
switched utterances without fine-tuning). We
also annotated the ASR metrics reported.

* Performance: We annotated the best-
reported result in each paper and the model
that achieved the best performance.

We also coded the type of contributions in each
paper. The majority of the surveyed papers de-
scribe empirical research focused on model design
choices, such as architecture or training method-
ology. The ‘Other’ category includes papers that
do not fit the other categories, such as papers that
examine text encodings, data partitions, or analysis
of existing models.

Type Count
Modeling 88
New Dataset 19
Data Augmentation 10
New Evaluation Metric 3
Shared Task 2
Other 6

Table 2: Number of papers by category.

3. Languages & Datasets

We find a steady increase in publications over time,
with more than 38 datasets currently available over
35 unique language pairs; however, the majority of
languages appear only in a single dataset. The
research is dominated by three language pairs
accounting for ~76% of all papers: Mandarin-
English (zho-eng), Hindi-English (hin-eng), and
Arabic-English® (ara-eng) (see Figure 1). Mandarin-
English is the most studied language pair and is

5Here, we collate several dialects of Arabic.

Language Pair
EE zho-eng
351 @3 hin-eng
= ara-eng
307 1 other

e

2018

2019 2020 2021

Year

2022 2023 2024

—©— Unique language pairs (cumulative) —# Unique datasets (cumulative)

Figure 1: Total number of papers per year, and the
number of papers on each of the top 3 language pairs.
The lines show the cumulative total of unique language
pairs and unique datasets covered over time.

covered by ~55% of all papers. Research on
Mandarin-English is partially driven by the avail-
ability of large datasets such as SEAME (Lyu et al.,
2010) and the ASRU 2019 challenge (Shi et al.,
2020). The availability of datasets appears to
be one of the main drivers of research in this
area; ~77% of papers make use of accessible
datasets, while the rest use proprietary or unspec-
ified datasets. For a full listing of languages and
datasets, see Table 6 in the Appendix.

Below, we briefly summarize frequently used ac-
cessible datasets in the literature, grouped by the
matrix language. Unless otherwise specified, the
embedded language is English.®

3.1.

Datasets for Mandarin code-switched data include:
TALCS (Li et al., 2022), ASCEND (Lovenia et al.,
2022), the ASRU 2019 Code-Switching Challenge

Mandarin

SWe use 1SO-3 language codes and full language names interchange-
ably to represent language pairs. See Table 6 in the Appendix for a
complete mapping.
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Code-Switched Speech

Dataset Matrix Language Speech Type Total Duration (hr)
(hrs) Trai

rain Dev Test
TALCS (Li et al., 2022) zho Spontaneous  587.0 5559 8.0 23.6
ASCEND (Lovenia et al., 2022) zho Spontaneous 10.6 8.8 0.9 0.9
ASRU 2019 (Shi et al., 2020) zho Read 740.0 200.0 40.0 -
SEAME (Lyu et al., 2010) zho Spontaneous  192.0 101.1 11.4 -
KSC2 (Mussakhojayeva et al., 2022) kaz Read 11279 263 05 0.5
Hartanto CS (Roosadi and Lestari, 2023) ind - 7.15 6.0 - 1.15
VITB-HEBIC (Jain and Bhowmick, 2024) hin Read 7.5 - - -
MUCS 2021 (Diwan et al., 2021) hin, ben Spontaneous  600.0 135.9 12.2
IITG-HingCos (Sreeram et al., 2019) hin Read 25.0 - - -
Mixat (Ali and Aldarmaki, 2024) ara Spontaneous 15.0
ZAEBUC-Spoken (Hamed et al., 2024) ara Spontaneous 12.0 - - -
TunSwitch CS (Abdallah et al., 2024) ara, fra Spontaneous 163.62 85 0.15 0.25
HAC (Hamed et al., 2022b) ara Spontaneous 2.0 - - -
ESCWA-CS (Chowdhury et al., 2021) ara Spontaneous 2.8
QASR.CS (Mubarak et al., 2021) ara Read 5.9
ArzEn (Hamed et al., 2020) ara Spontaneous 12.0 - - -
FAME (Yilmaz et al., 2015) fry-nid Spontaneous 14 115 1.2 1.2
DECM (Ugan et al., 2024) deu Spontaneous  3.38 - - 3.38
German Spoken Wikipedia Corpus (Khosravani et al., 2021) deu Read 34 - - -
Miami Bangor (Deuchar et al., 2014) spa Spontaneous  35.66 - - -
South African Soap Operas (van der Westhuizen and Niesler, 2018)  xho, sot, tsn, zul ~ Spontaneous  14.3 25 0.2 0.7
Two Sepedi SPCS Corpus(Modipa and Davel, 2022) nso Read 10 - - -

Table 3: Comprehensive list of publicly available datasets found in the surveyed literature. Embedded

language is English unless otherwise specified.

dataset (Shi et al., 2020), and the Southeast Asia
Mandarin-English (SEAME) corpus (Lyu et al.,
2010), mainly covering the Mandarin-English pair.
Among these, SEAME—which contains Mandarin-
and Singaporean-accented speech—is the most
frequently used (~24%) followed by ASRU 2019
(~11%). Despite being the largest dataset, TALCS
is used in only ~4% of papers.

3.2. Indic Languages

Datasets covering Indic languages include MUCS
(Diwan et al., 2021) and ITTG-HingCos (Sreeram
et al., 2019), which primarily cover Hindi-English
(hin-eng) and Bengali-English (ben-eng). As the
second most studied language group, ~11% of
papers address hin-eng and ~3% cover ben-eng.
Of papers studying code-switching with Indic lan-
guages, ~38% rely on the MUCS dataset—which
includes monolingual speech in 7 Indic languages
as well as CS speech in the hin-eng and ben-eng
language pairs.

3.3. Arabic

Code-switching datasets for Arabic primarily em-
bed English or French, with a few cases of intra-
Arabic dialectal CS (i.e., code-switching between
Arabic dialects).” We identify 8 Arabic datasets
in the literature—most explicitly designed for CS
research—more than any other language. Mixat
(Ali and Aldarmaki, 2024) is the largest dataset,
covering Emirati Arabic-English, followed by ArzEn

"We observe the following Arabic dialects in the literature: Egyptian,
Emirati, MSA, Gulf, Jordanian, Mauritanian, Palestinian and Tunisian.

(Hamed et al., 2020), which covers Egyptian Arabic-
English code-switching.

3.4. Japanese

Japanese-English (jpn-eng) is another common
language pair in the survey, with about 5% of pa-
pers focusing on it. Interestingly, none of these
works use or release a dedicated jpn-eng code-
switched dataset. Instead, most rely on synthetic
data, typically using the BTEC (Takezawa et al.,
2007) corpus—a parallel Japanese-English dataset
for machine translation—to create code-switched
segments. These datasets are proprietary, so
no large-scale, publicly available jpn-eng code-
switched dataset appears in the surveyed literature.

4. ASR Modeling Choices

We now summarize the findings related to how
code-switching has been modeled in end-to-end
ASR research. We present statistics and summa-
rize findings related to: monolingual and multilin-
gual modeling (Section 4.1), language identifica-
tion, Section 4.2), text units (Section 4.3), architec-
tures (Section 4.4), large pretrained models (Sec-
tion 4.5), decoding schema (Section 4.6), and the
use of language models (Section 4.7).

4.1. Monolingual vs. Multilingual Models

Monolingual modeling has become an important
method for optimizing CS performance, even in
medium and high-resource settings. We find that
roughly 60% of surveyed papers included additional
monolingual data for training their models—nhalf of
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which include datasets with more than 100 hours
of CS speech. Other efforts turned towards multi-
lingual modeling to encode both languages in the
latent space. More than a third of surveyed pa-
pers include multilingual components, where two
or more languages are modeled as part of the same
ASR architecture. These models can be appealing
because they capture shared acoustic and lexical
patterns across languages, and they obviate the
need for separate language-dependent acoustic
models and pronunciation dictionaries.

Effect of monolingual training: Due to the limited
availability of large-scale CS training data, which
remains a major challenge in building effective
CS ASR systems for most languages, many re-
searchers model each language separately using
monolingual data and introduce CS data at a later
stage, effectively utilizing transfer learning (Yue
et al., 2019; Yang et al., 2024; Wang et al., 2024).
For example, Wang et al. (2024) propose a tri-stage
training strategy for a two-pass E2E Mandarin-
English ASR system. They use large monolingual
Mandarin and English corpora to pretrain two sym-
metric, language-specific encoders. The pretrained
representations are then combined using a feed-
forward neural network and the combined system
is retained using monolingual data, followed by fine-
tuning on a CS corpus.

Effect of CS on monolingual performance:
While monolingual modeling can have positive im-
pacts on CS, Shah et al. (2020) argue that the
relationship is not necessarily isomorphic. They
argue that fine-tuning pretrained monolingual mod-
els for CS may impair performance on monolingual
datasets due to CS data contributing to catastrophic
forgetting. They propose the Learning Without For-
getting (LWF) mechanism for when the monolingual
model is available but its training data is not; and a
regularization method when the monolingual train-
ing data and model are available. LWF applies
a knowledge distillation loss to retain the original
model’s predictions during CS training, which con-
sistently outperforms simple fine-tuning on mono-
lingual and CS test sets; while the regularization
method minimizes the KL divergence between the
output distribution of the pretrained and fine-tuned
models.

Effect of multilingual training Seki et al. (2018,
2019) find that multilingual methods may outper-
form language-dependent models (i.e., models with
language-specific ASR modules and a separate
LID module) to optimize both CS and monolingual
performance. They propose a monolithic multilin-
gual ASR system that jointly performs language
identification and transcription, which introduces
dynamic language tracking within an utterance to
handle intrasentential code-switching.

4.2. Language ID

We find that LID plays a supporting role in
many E2E ASR systems for CS in our survey—
approximately 33% of papers incorporate LID in
some stage of their training process, either as a
pre-processing step to separate the languages (Lu
etal., 2020), as part of the loss function (Zeng et al.,
2019; Shan et al., 2019; Zhao et al., 2024), as an
auxiliary task (Qiu et al., 2020), or as part of the
predicted output sequence (Seki et al., 2018, 2019;
Zhang et al., 2021b). For example, Lu et al. (2020)
propose a bi-encoder transformer network-based
Mixture-of-Experts (MoE) architecture, which uses
an external LID to route language-specific data to
the corresponding language-specific encoder to
avoid cross-lingual contamination of the encoder
modules. In contrast, Shan et al. (2019) propose a
Multi-Task Learning (MTL) setup where they ana-
lyze the impact of LID loss at different points in the
network and find that attention-related components
(like the attention output and the attention hidden
state) yield the best results compared to adding the
loss in decoder hidden state, suggesting that acous-
tic and alignment information is more useful for LID
than the language modeling information in the de-
coder. Other work has experimented with predicting
LID at each time step as an auxiliary task alongside
character predictions (Qiu et al., 2020; Shan et al.,
2019). Shan et al. (2019) find that this frame-level
LID prediction, implemented via MTL, outperforms
predicting LID token at the beginning of the se-
quence. They argue that the latter approach is
more appropriate for inter-sentential switching than
intra-sentential switching, as it does not capture
spontaneous switching within sentences.

4.3. Text Units

The choice of text units in code-switching ASR,
whether shared or distinct at phonetic levels or
word/character levels, impacts the model’s ability to
capture linguistic nuances and transitions between
languages. A small subset of surveyed papers
(~5%) used a common label set shared across
languages. For instance, Seki et al. (2018, 2019)
construct a common character set by taking the
union of characters from all involved languages.
While simple, this approach suffers from greater
confusion between cross-language targets—due
to the similar acoustic realization of different sym-
bols, and higher computational costs caused by
the larger vocabulary. Seeking to address this is-
sue, Dhawan et al. (2020) and Sreeram and Sinha
(2020) propose a reduced set of target phones
based on acoustic similarity using IITG-HingCos.
Despite the reduction in the size of the target set,
Sreeram and Sinha (2020) report an increase in
WER, which they attribute to ambiguities among
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homophones.

Li et al. (2019) instead propose using Unicode
bytes as output units, which affords a fixed-size and
language-independent vocabulary, thereby avoid-
ing the need to modify the softmax output layer due
to new characters or languages. Nearly all papers
on Mandarin-English CS adopt mixed units, where
the former is encoded using characters and the
latter using Byte Pair Encoding (BPE) (e.g., Zhang
et al., 2021b; Long et al., 2021; Yan et al., 2023).

4.4. Architectures

While CTC is attractive for CS due to the output in-
dependence assumption, auto-regressive models
with encoder-decoder architectures are shown to
perform better in Peng et al. (2022b). Almost half
of the surveyed papers (47%) employ an encoder-
decoder architecture, with RNN/LSTM (Zeng et al.,
2019; Ma et al., 2019) being most common before
2020, and Transformer architectures being more
common recently (J et al., 2020; Nga et al., 2023;
Sailor et al., 2021; Kronis et al., 2024). Around
17% of the papers relied on pretrained models,
such as Wav2L etter2+ (Naowarat et al., 2021), XLS-
R (Ogunremi et al., 2023; Akhi and Arefin, 2024),
Wav2Vec2 (Chen et al., 2024), and most commonly
Whisper (Ugan et al., 2024; Kim et al., 2024; Alharbi
et al., 2024); these are discussed in more detail in
the next section. The remaining papers used CTC-
based encoder only models (Chuang et al., 2021;
Tian et al., 2022), RNN or Transformer based trans-
ducers (Dalmia et al., 2021; Zhang et al., 2021b),
or Mixture of Experts (Lu et al., 2020; Ma et al.,
2023; Yang et al., 2024).

4.5. Multilingual Pretrained Models

The use of pretrained language models is another
common feature across our sample. In particu-
lar, ~17% of papers use Whisper (Radford et al.,
2023), Wav2Vec 2.0 (Baevski et al., 2020), or XLS-
R (Conneau et al., 2021). We identify three notable
directions in work that use pretrained models: (i)
methods that focus on distillation and parameter-
efficient fine-tuning (PeFT), such as Tseng et al.
(2024), who use a filtering method to distill Whis-
per Large V2 by 50% and speed up generation
five-fold, while outperforming the teacher model
by 30% in some settings, and Kim et al. (2024)
present Gated Low Rank Adaptation, a weight
separation-based PeFT method to enable the use
of pretrained models on low-spec devices, e.g.,
mobile phones. (ii) Methods that perform multilin-
gual fine-tuning of pretrained models—specifically
XLSR—for low-resource languages, e.g., South-
ern Bantu languages from South Africa (Ogun-
remi et al., 2023), Kichwa (Taguchi et al., 2024)

from South America and Bangla (Akhi and Are-
fin, 2024) from Bangladesh. Finally, (iii) simple
prompting techniques have been explored. For
example, Penagarikano et al. (2023) show that by
concatenating LID tags with the input prompt, Whis-
per can be used for zero-shot CS detection for
Mandarin-English despite not officially supporting
code-switching.

4.6. Decoding Strategies

Most papers do not explicitly mention the decoding
strategy. As greedy decoding is the simplest strat-
egy and is commonly used in end-to-end models,
we assume that most papers follow this strategy
(only seven papers explicitly mention greedy de-
coding). Around 30% of papers explicitly mention a
strategy other than greedy decoding, approximately
70% of which used some form of beam search.
Yue et al. (2019) introduce a multi-graph decoding
strategy to address data imbalance between high-
resourced and low-resourced languages. They
construct parallel Weighted Finite-State Transducer
(WFST) search graphs, one for each monolingual
language and one for the bilingual setup (Frisian-
Dutch), while sharing the acoustic and lexicon mod-
els, which allows the decoder to dynamically select
the most appropriate path during inference. How-
ever, this setup does not support intra-sentence
switching, as decoding is limited to a fixed monolin-
gual or bilingual path. In contrast, Ali et al. (2021)
propose a similar multi-graph decoding approach
but incorporate a Kleene-closure, enabling transi-
tions between language graphs and allowing intra-
sentence switching during decoding.

4.7. Language Model

Around 45% papers report using a language model
(LM) in their ASR pipeline to improve decoding ac-
curacy through shallow fusion or rescoring. While
20% use some form of n-gram LMs (Tian et al.,
2022; Ma et al., 2023; Srivastava and Sitaram,
2018), the remainder use RNN-based LMs (Yue
et al.,, 2019; Sharma et al., 2020; Zhou et al.,
2020) or transformer-based LMs (Liu et al., 2023,
2024; Chen et al., 2023a). Li and Vu (2020) ex-
periment with a word-based LM (one-layer LSTM)
and a subword-based LM (two-layer RNN) for
Mandarin-English code-switched ASR. The mod-
els are trained on natural and synthetic ASR and
integrated into the ASR using shallow fusion. They
find that the subword-based LM trained on SEAME
and augmented with CycleGAN-generated (Zhu
et al.,, 2017) text achieves the highest performance.
Chen et al. (2023b) investigate the capability of
T5 (Raffel et al., 2020), MT5 (Xue et al., 2021)
and PaLM (Chowdhery et al., 2023) to rescore hy-
potheses generated by an ASR model for long-form
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speech recognition in US English and Indian En-
glish. The LLMs compute log-likelihoods of ASR
outputs and improve performance through rescor-
ing with optional segment-level context. The paper
finds that MT5 rescoring—when fine-tuned on CS
data—improves WER over neural and maximum
entropy-based baselines.

5. Training & Evaluation

5.1.

Code-switching is a low-resource setting due to the
small size of datasets for code-switching and the
limited coverage of language pairs. Unsurprisingly,
~30% of papers explicitly mention data augmen-
tation in their methodology. SpecAugment (Park
et al., 2019), speed perturbation, and TTS syn-
thesis (Sharma et al., 2020) constitute the most
commonly used data augmentation techniques.

While SpecAugment and speed perturbation re-
main the main techniques used, some methods
have been developed specifically for CS speech.
Sharma et al. (2020) synthesize Hindi-English CS
speech and apply Mixup regularization (Zhang
et al., 2018) to bridge the distribution gap between
synthetic and real data. Results on proprietary data
show reductions up to 5% absolute WER. Du et al.
(2021) find mixed results in an exploration of TTS-
based augmentation. They experiment with audio
splicing, random noun/verb translation, and random
English word insertion into Mandarin sentences, fol-
lowed by TTS. While the combination of all three
methods, along with SpecAugment, yielded the
best overall performance, SpecAugment still out-
performed them individually. Liang et al. (2022)
compare numerous data augmentation techniques,
namely pitch shifting, speed perturbation, audio
codec augmentation, SpecAugment, and a TTS
approach combining transcripts from one dataset
and style IDs from another. Experiments on a Con-
former favor TTS and speed perturbation, while
audio codec and pitch shifting can have an adverse
effect on performance. Other methods (Chi et al.,
2023; Hussein et al., 2024) explore CS speech
generation from monolingual data, using grid beam
search (Hokamp and Liu, 2017) and audio splicing
with energy normalization.

Data Augmentation

5.2. Translation

17 papers use translation in their methodology to
augment their language model data (Penagarikano
et al., 2023), to improve model evaluation (Taguchi
et al., 2024; Kadaoui et al., 2024), or used TTS
synthesis to augment their speech data (Yu et al.,
2023; Tazakka et al., 2024).

For example, Yu et al. (2023) use machine trans-
lation to generate a parallel dataset of sentences,

then perform word alignment and substitution to
ensure the synthetic data mirrors the statistics of
CS in the natural data. They convert their synthe-
sized text into speech using a multilingual TTS sys-
tem to augment their training data. Their method
obtains a 16% relative reduction in error rate for
Mandarin-English. Tazakka et al. (2024) take a sim-
ilar approach to perform semi-supervised training
for Indonesian-English.

5.3. Zero-Shot Evaluation

Given the scarcity of CS speech data and the preva-
lence of multilingual ASR systems, zero-shot evalu-
ation appears to be an attractive choice for CS ASR.
While using large multilingual pretrained models,
such as Whisper, presents as an obvious choice,
Whisper is also only trained with monolingual data.
However, Peng et al. (2023) find that concatenating
the language tokens for the languages in a CS sce-
nario improves Whisper performance, despite it not
being explicitly trained to receive such combined
tokens. Ugan et al. (2024) conduct a zero-shot eval-
uation of Whisper and MMS models on a German-
English CS dataset. Whisper performs best overall,
while MMS has almost a 12% higher WER. Further
analysis suggests that WhisperDe’s lower overall
performance stems from its superior German mono-
lingual performance, rather than CS in particular.
Zhou et al. (2024b) adapt kNN-CTC (Zhou et al.,
2024a) to enable zero-shot Chinese-English ASR
through the use of dual monolingual datastores of
labeled examples. This approach outperforms CTC
fine-tuning and even small Whisper variants (Rad-
ford et al., 2023; Peng et al., 2023) that are almost
double the parameter size. In Yan et al. (2023), two
monolingual modules transcribe all segments using
their respective vocabularies, resulting in translit-
erations for foreign segments. This delays the CS
boundary decision to a textual bilingual module that
generates a bilingual sequence from the previous
outputs, thereby mitigating error-propagation com-
pared to earlier methods (Tian et al., 2022; Song
et al., 2022).

5.4. Evaluation Metrics

We now turn to discussing notable metrics used in
the surveyed work (see Table 5 for a full listing of
metrics we found in our survey).

Standard Metrics: The standard metric for evalu-
ating ASR accuracy is the Word Error Rate (WER).
WER computes the edit distance between a refer-
ence and a prediction and divides the total number
of substitutions, insertions, and deletions by the
total number of words in the reference. Character
Error Rate (CER) offers a higher level of granular-
ity by employing the same principle of WER, but
on a character-level. It is particularly useful for
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sgp-eng 20.8
ASRU (Wang et al., 2023) 2023 v v v MoE zho-eng MER 8.2
TALCS (Wang et al., 2024) 2024 v v Enc zho-eng  MER 6.17
ASCEND (Tseng et al., 2024) 2024 Whisper  zho-eng MER 17.86
MUCS (Kumar et al., 2021) 2021 v v v Enc-Dec hin-eng WER 22.0
ben-eng  WER 27.8
ArzEn (Hamed et al., 2022a) 2022 v v v Non E2E ara-eng WER 32.1
Mixat (Kadaoui et al., 2024) 2024 v Whisper ara-eng  WER 24.8
Miami Bangor (Hillah et al., 2024) 2024 v v Whisper spa-eng WER  48.38
ESCWA (Chowdhury et al., 2021) 2021 v Enc-Dec ara-eng  WER 37.7
Table 4: Best performing models on popular datasets.
languages that lack word boundaries, such as Chi- Metric  Languages Description
nese, Japanese, and Thai. WER spa, kor, hin, fry-nld, Word-level ED
nld, cmn, tha
CER jpn, cmn, deu, spa, fra, Character-level ED
ita, nld, rus, por
Mixed Metrics: For CS, other metrics such TER jpn, cmn Token-level ED
as Mixed Error Rate (MER) and Token Error POWER  hin WER + g2p conversion
Rate (TER) (Zhou et al., 2024b; Shen and Guo, toWER  hin, ben :{VEF“WFST translitera-
on
2022) have been proposed due to the nature of
. . . . . MER cmn WER (segmental) + CER
code-switching that often involves different writ- (syllabic)
ing systems, e.g., where one Ianguage employs PPL cmn Token-level perplexity
word boundaries but another does not (such as WPER  5pn Wordpiece ED
Japanese-English). MER combines WER for word- UER kor Unit-level ED (e.g. jamo,
based language segments and CER for character- syllable)
based segments within the same transcription, SER  kor Sentence-level ED
while TER evaluates prediction at the token-level, LER cmn, eng, jpn, deu, spa, LID error rate

be it a character for a language like Chinese or a
sub-word unit for languages like English.

Transliteration-Based Metrics: Other metrics first
transliterate to a single writing system, then com-
pute performance to address the ambiguous dis-
tinction between code-switching and loan words
in cases where the matrix and embedded lan-
guages use different scripts and predictions may
be unfairly penalized for being written in the wrong
script. For example, Transliteration-Optimized
WER (toWER, Emond et al., 2018) first translit-
erates using a weighted finite state transducer
then computes WER on the “transliterated space”,
and the Pronunciation-Optimized Word Error Rate
(pOoWER, Srivastava and Sitaram, 2018) process
the reference and prediction with a grapheme-to-
phoneme conversion for each word to ensure that
predicted words that are faithful to the audio are not
penalized. Kadaoui et al. (polyWER, 2024) instead
propose a modification to the edit distance algo-
rithm to enable multi-reference evaluation. They
apply PolyWER across two dimensions: transliter-
ation with a CER threshold for allowed variations in
orthography, or translation with a cosine similarity
threshold to allow synonyms.

fra, ita, nld, rus, por

Table 5: Evaluation metrics and the languages they
were employed for in our survey. Embedded lan-
guage is English unless specified otherwise. ED:
Edit distance.

6. Best Performing Models

We summarize the modeling choices correspond-
ing to the state-of-the-art approaches on popular
datasets in Table 4. Note that there is no single
methodology shared across all datasets. Roughly
half use monolingual modeling, and half use multi-
lingual modeling, with only two SOTA systems utiliz-
ing both approaches. The use of LM, LID, and data
augmentation is relatively small, in spite of efforts
showing the potential of these approaches. None
of the SOTA models rely on zero-shot evaluation,
which underscores the importance of dedicated CS
training. The choice of architecture also varies, but
Encoder-Decoder architectures (including Whisper)
is most common. In one of the datasets (ArzEn),
the explored E2E models do not even outperform
the sequential baseline, which is a hybrid CNN-
TDNN model.
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7. Discussion

Research in code-switching is undergoing rapid
methodological innovation and resource develop-
ment. Here, we present a discussion of challenges
and opportunities as drawn from our analysis.

Data Scarcity: Research in our sample is driven
primarily by the scarcity of data, which means
that higher-resourced languages have received a
greater focus. For example, Mandarin-English re-
ceived the most research attention due to the exist-
ing availability of datasets and challenges. More-
over, while there is a positive upward trend of new
resources being published, these resources tend to
concentrate around a small number of languages,
thereby privileging some languages over others,
which remain understudied. Adding to the chal-
lenge of resource availability is that a large pro-
portion of datasets are proprietary in nature and
therefore are not available to the wider research
community, e.g., for further studies or replicating
results. The development of publicly available train-
ing and evaluation data thus presents an oppor-
tunity for researchers to help steer the future of
research towards underrepresented languages.

Disparities in coverage: While ASR research is
moving towards inclusive and fair representation
with coverage of hundreds of languages, research
in code-switching in ASR remains confined to a
small subset of languages. Moreover, dialectal vari-
ations are only partially represented for the Arabic
and Indic language families. Considering the collo-
quial nature of code switching, dialectal variations
also need to be taken into account, with a focus
on marginalized communities who often need to
code-switch in order to utilize such systems (Har-
rington et al., 2022). As ASR technology continues
to be deployed in critical domains such as acces-
sibility, healthcare, and education, this disparity in
coverage risks exacerbating existing inequalities.
Evaluation: The recent introduction of new evalu-
ation metrics provides further avenues for precise
evaluation of end-to-end ASR systems for code-
switching, but they also underscore the existing
conceptual challenges in ASR evaluation and the
shortcomings of existing metrics. These challenges
arise due to differences between scripts (e.g., dif-
ferent levels of tokenization) and norms (e.g., stan-
dardization of spelling and transliteration). This
calls for additional efforts to examine current evalu-
ation practices and propose metrics that are valid
(i.e., consistent, interpretable, and meaningful) (Ja-
cobs and Wallach, 2021; Delobelle et al., 2024) for
a grounded assessment of progress.

Systematic studies & Reproducibility: The rapid
methodological innovation in the field has led to a
lack of insight into (i) the robustness of proposed
methods, (ii) their applicability across language

pairs, and (iii) the interaction of different methods,
e.g., the impact of data augmentation methods on
different architectures or language pairs. Further-
more, with the exception of a small set of languages,
the efforts appear sporadic and lack a consistent
evaluation framework, benchmarking, and conti-
nuity to compare proposed methods with past ef-
forts. As a result, positive findings from earlier
studies have often not been replicated on newer
datasets, leading to performance gaps and uncer-
tainty about the robustness and validity of prior
work. These gaps present opportunities for future
research, such as the development of benchmarks
to standardize experimental methodology and stud-
ies focused on replication and comparison.

Data Augmentation: Data augmentation lies at
the intersection of resource and methodological
challenges. In the surveyed literature, data aug-
mentation, e.g., through code-switched speech syn-
thesis and audio perturbation, has been frequently
employed as a redress to concerns of data sparsity.
While increasing data resources for a particular lan-
guage may mitigate the data sparsity issue, data
augmentation can still prove useful for other pur-
poses, e.g., to ensure model robustness and gen-
eralization. Furthermore, the availability of mono-
lingual data will likely continue to outpace that of
code-switching resources, which remain limited in
part due to the challenges of annotation. The field
could benefit from further innovation in data aug-
mentation techniques and comprehensive studies
in the utility of data augmentation across different
language pairs and settings.

8. Conclusion

Research on code-switching in end-to-end ASR is
experiencing a boom with an increasing number
of papers published in recent years. In this pa-
per, we conducted an extensive literature review
of 127 papers published on the topic of E2E ASR
for code-switched speech. By annotating and an-
alyzing these papers, we sought to identify and
explicate developments and trends in this body of
research across languages and datasets, modeling
choices, and training and evaluation methods, and
presented a discussion of existing and potential
challenges identified through our literature review.
We note a significant bias towards language pairs
with established datasets and benchmarks, under-
scoring the importance of resources and standard-
ization in driving research. Through this study, we
hope to encourage future research towards more
inclusive and replicable research.
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Language Pair ISO-3 Code  # Papers \ Dataset Breakdown
Mandarin—English zho-eng 70 | (M, 32) (W, 15) (W, 6) (%, 5) (", 2) (M, 1) (%, 1) (W, 1) ( , 1) (W, 11)
Hindi-English hin-eng 15 | (W, 5) (%, 3)( , 1) (¥, 1) (W, 5)
Arabic—-English ara-eng 12 | (W, 3) (9, 2) (M, 2) (9, 1) (W, 1) (59, 1) ( , 1) (W, 1) (W, 1)
Japanese—English jpn-eng 7 | @7)

Bengali-English ben-eng 5 | (H,3) W2

German-English deu-eng 4 | (F,1) (W, 1) (M, 2)
Korean—English kor-eng 3| (LN, nm
Spanish—English spa-eng 3| (,2)@1)

French—English fra-eng 3 | (3

Italian—English ita-eng 2 | (W2

Dutch—-English nid-eng 2 | (W2

Portuguese—English ~ por-eng 2 | (W2

Russian—English rus-eng 2 | (2

Thai—-English tha-eng 2 | (m,1) (W 1)

Arabic-French ara-fra 2 (F ) 1) ()
Indonesian—English ind-eng 2 | (W2

isiZulu—English zul-eng 21 (,2

isiXhosa—English xho-eng 21 (,2

Sesotho-English sot-eng 21 (,2

Setswana—-English tsn-eng 21 (,2

Sepedi-English nso-eng 21 (.20

Frisian—Dutch fry-nid 1 FAME!

French—Mandarin fra-zho 1 (|, 1)

Japanese-Mandarin  jpn-zho 1 (1)

Tamil-English tam-eng 1| (1)

Cantonese—English yue-eng 1| (1)

Marathi-English mar-eng 1| (A1)

Kazakh—English kaz-eng 1 KSC2

Basque—Spanish eus-spa 1 Bilignual Basque-Spanish Dataset
Manipuri-English mni-eng 1 MECOS

Quechua-Spanish que-spa 1 Killkan

Urdu-English urd-eng 1 Roman Urdu Code-Mixed Dataset
Latvian—English lav-eng 1 (|, 1)

Table 6: Number of papers per language pair and dataset usage breakdown.
Dataset Legend:
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HMUCS

M ArzEn
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QASR.CS M HAC
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IITH-HE-CM
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MagicData-RAMC W ASRU 2021
[l ISCSLP 2022 CSASR challenge

NTUT-ABO1
VITB-HEBIC

ZAEBUC-Spoken M Casablanca

M Saudilang Code-switch Corpus (SCC)

DECM

MEDREC

KECS
Two Sepedi-English Code-Switched Speech Corpora B Proprietary Data

Bangor Miami I LOTUS-BI

DOl Year Type Dataset Languages
10.21437/interspeech.2019-1429 2018 Modeling M SEAME zho-eng
10.1109/ICASSP.2019.8682674 2018 Modeling M Proprietary Data jpn-eng
10.21437/Interspeech.2018-1171 2018 Modeling M Proprietary Data hin-eng
10.1109/ICSDA.2018.8693044 2018 Dataset H Proprietary Data jpn-eng
10.1109/SLT.2018.8639699 2018 Evaluation Metric M Proprietary Data hin-eng
10.1109/ICASSP.2018.8462180 2018 Modeling M Proprietary Data zho-eng, jpn-eng, deu-eng,
spa-eng, fra-eng, ita-eng,
nld-eng, rus-eng, por-eng
10.21437/SLTU.2018-23 2018 Dataset IITH-HE-CM hin-eng
10.1109/ASRU46091.2019.9004035 2019 Modeling FAME fry-nid
10.1109/ICASSP.2019.8682824 2019 Other M Proprietary Data ben-eng
10.21437/interspeech.2019-1867 2019 Modeling B SEAME zho-eng
10.1109/ASRU46091.2019.9003926 2019 Modeling M Proprietary Data jpn-eng, jpn-zho, zho-eng,
fra-eng, fra-zho
10.1109/IALP48816.2019.9037688 2019 Modeling M SEAME zho-eng
10.18653/v1/K19-1026 2019 Data Augmentation B SEAME zho-eng
10.1109/0-COCOSDA46868.2019.9060847 2019 Modeling M Proprietary Data jpn-eng
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10.1109/ICASSP.2019.8682850 2019 Modeling M Proprietary Data zho-eng
10.21437/INTERSPEECH.2019-3038 2019 Modeling M Proprietary Data jpn-eng, zho-eng, deu-eng,
fra-eng, ita-eng, nld-eng,
por-eng, rus-eng
10.18653/v1/2020.acl-main.348 2020 Modeling B SEAME zho-eng
10.1109/ICASSP39728.2021.9413806 2020 Modeling M Proprietary Data tha-eng
10.1109/ICASSP39728.2021.9413562 2020 Modeling M SEAME zho-eng
10.21437/interspeech.2020-2402 2020 Data Augmentation M Proprietary Data hin-eng
10.21437/interspeech.2020-2177 2020 Data Augmentation B SEAME zho-eng
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Modeling M ASRU 2019

Modeling M Proprietary Data

Data Augmentation B ASRU 2019

Modeling B SEAME

Dataset M ArzEn

Modeling B SEAME

Modeling IITG-HingCoS

Modeling B ASRU 2019

Modeling B SEAME

Modeling B SEAME

Modeling B MUCs

Dataset German Spoken Wikipedia Corpus
Modeling B SEAME

Modeling M ASRU 2019

Other M Proprietary Data

Modeling ESCWA, I QASR.CS
Modeling B MUCS

Modeling M ArzEn

Modeling ESCWA

Modeling B SEAME

Modeling M Proprietary Data

Other M MUCS

Modeling M Proprietary Data

Modeling B SEAME

Modeling B SEAME

Modeling H Proprietary Data

Modeling M Proprietary Data

Modeling M Proprietary Data

Dataset W TALCS corpus

Modeling B SEAME

Modeling I TALCS corpus and [ MagicData-RAMC
Modeling N.A

Modeling M Proprietary Data

Dataset Two Sepedi Corpus

Other [ TALCS corpus and I/ MagicData-RAMC
Modeling B ASRU 2019

Modeling B SEAME

Modeling I ASRU 2021

Modeling B MUCS

Modeling Alcubes competition dataset
Modeling I ISCSLP 2022 Code-Switching Challenge
Modeling M Proprietary Data

Evaluation Metric B HAC

Dataset KSC2

Modeling M ASRU 2019

Other ASCEND, B SEAME

Data Augmentation

M SEAME, 11 ASCEND

Modeling ASCEND, NTUT-ABO1
Data Augmentation B SEAME

Data Augmentation B SEAME

Modeling M ASRU 2019

Modeling M Hartanto CS

Modeling M Proprietary Data

Modeling M Proprietary Data

Dataset Bilingual Basque-Spanish Dataset
Modeling B SEAME

Modeling B MUCS

Data Augmentation M ASRU 2019

Modeling South African Soap Operas
Modeling B SEAME

Modeling, Dataset TunSwitch

Modeling B SEAME

Modeling B SEAME

Modeling M ASRU 2019

Modeling M Proprietary Data

Modeling M ASRU 2019

Modeling B ASRU 2019

Data Augmentation B SEAME, [ ESCWA
Modeling W TALCS corpus

Dataset VITB-HEBIiC

Modeling B SEAME

Dataset MECOS

Other South African Soap Operas
Dataset M Mixat

Dataset DECM

Dataset Kilkarn

Modeling M Hartanto CS

Dataset ZAEBUC-Spoken

Modeling M TALCS corpus

Modeling Bangor Miami

Modeling M Proprietary Data

Other B SEAME

Modeling M ASRU 2019

Modeling B SEAME

Modeling I TALCS corpus

Modeling Roman Urdu code-mixed dataset
Evaluation Metric W Mixat
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zho-eng
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zho-eng

zho-eng

zho-eng

yue-eng

zho-eng

zho-eng

zho-eng

zho-eng

mar-eng

zho-en
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