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Abstract

Amidst the rapid advances of large language
models (LLMs), most LLMs still struggle
with mixed-language inputs, limited Code-
switching (CSW) datasets, and evaluation bi-
ases, which hinder their deployment in multi-
lingual societies. This survey provides the first
comprehensive analysis of CSW-aware LLM
research, reviewing 327 studies spanning five
research areas, 15+ NLP tasks, 30+ datasets,
and 80+ languages. We categorize recent ad-
vances by architecture, training strategy, and
evaluation methodology, outlining how LLMs
have reshaped CSW modeling and identifying
the challenges that persist. The paper con-
cludes with a roadmap that emphasizes the
need for inclusive datasets, fair evaluation,
and linguistically grounded models to achieve
truly multilingual capabilities."

1 Introduction

Code-switching (CSW), the alternation between
two or more languages within a single utterance
or discourse, is a pervasive feature of multilingual
communication worldwide (Poplack, 1988). With
the rise of digital platforms, code-switched text
has become ubiquitous across social media and
online communication (Molina et al., 2016; Singh
and Solorio, 2017), challenging NLP systems built
on monolingual assumptions. Globally, approxi-
mately 43% of the population is bilingual and an
additional 13% is trilingual (Preply, 2022; Stone,
2025), representing over 4.5 billion multilingual
speakers. Despite this prevalence, Monolingual
ASR systems struggle with code-switched input:
word error rates increase by 30-50% (Singh et al.,
2025). Even multilingual models show semantic
accuracy drops of 15% (Winata et al., 2021), re-
vealing a fundamental architectural gap. Similar
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challenges are observed in multilingual regions in-
cluding India, Nigeria, and South Africa, where
frequent CSW undermines monolingual ASR per-
formance (Babatunde et al., 2025). Figure 1 de-
picts intra- and inter-sentential code-mixing across
multiple language pairs, emphasizing the linguis-
tic variability that NLP systems must navigate.
The evolution of CSW research mirrors key
milestones in NLP. The Early Statistical Era (pre-
2010) relied on rule-based and probabilistic mod-
els like n-grams, HMMs, and CRFs, laying the
groundwork for bilingual text processing (Solorio
and Liu, 2008). The Representation Learning
Era (2010-2017) introduced distributed embed-
dings (Word2Vec) along with neural architectures,
advancing CSW tasks like LID, POS, and NER
(Solorio et al., 2014; Sequiera et al., 2015; Molina
et al., 2016). The Contextual Understanding
Era (2017-2020) brought GPT, BERT, XLM, and
TS5, enabling fine-tuning for code-switched data,
though multilingual pretraining alone proved in-
sufficient for robust CSW modeling (Winata et al.,
2021). The Foundation Model Era (2020—present)
leverages massive, instruction-tuned LLMs like
GPT-3 and LLaMA capable of general-purpose
reasoning through multilingual pretraining and
prompt-based adaptation (Wang et al., 2025b).
LLMs have transformed CSW investigation
across typologically diverse language pairs, in-
cluding Arabic-English (Issa et al., 2025),
Cantonese-Mandarin (Dai et al., 2025), Chinese-
English (Kong and Macken, 2025), Hinglish
(Sheth et al., 2025), Korean-English (Yoo et al.,
2025), Spanish—Guarani (Kellert et al., 2025), and
Ukrainian-Russian (Shynkarov et al., 2025), deep-
ening our linguistic and sociocultural understand-
ing of switching patterns (Yoo et al., 2024; Je-
han et al., 2025). These advances are enabled
by methodological innovations in LLMs, includ-
ing in-context mixing (Shankar et al., 2024), in-
struction tuning (Lee et al., 2024), speech pro-
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Hallucination
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Q (English v 1y ing, the players
did great, and the stadium's atmosphere was also super exciting. They
played very well, and everyone was happy.)
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(English Translation:
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ther
excellent staff for many people.

Factual Inconsistency

Sorry, algo surgié, un problema, something came up de tiltimo minuto, y
no puedo llegar a la party, really wish | could be there.

€2 (English Translation: Sorry, something came up last minute, and |
can't make it to the party, | really wish | could be there.)

s
- POS Tags: INTJ , ADV VERB DET NOUN , PRON VERB ADP ADJ NOUN ,
CCONJ ADV VERB VERB ADP DET NOUN, ADV VERB PRON AUX VERB

(Actual POS Tags: INTJ DET VERB DET NOUN PUNCT PRON VERB PART ADJ NOUN
CONJ ADV AUX VERB PART DET NOUN PUNCT ADV VERS PRON AUX VERB ADV)

Misinterpretation

SP-EN
¥ MeHA ecTh AoChIM, o1 oveHb XyAo#. Kaxaslii pas, koraa 613
Kadera 6apambi3, on eayFa eaBa TUICaALI. By HOpMa Ma?

A  (English Translation: | have a friend who is very thin. Every time we go
toa café, he barely touches the food. Is this normal?)

sl

Overall: He#Tpan (neutral)

Sentiment
Analysis

Part-of-Speech
Tagging

A ya

ADV. (Actual Overall: A3an HeraTBTI / 06eCNOKOeHHbI |
TpeBoXHBIV - Mildly negative / concerned / worried)

Figure 1: Common model failures on code-mixed text across tasks: Takeaway (a) hallucination in MT for a
constructed trilingual (Bn-Hi-En) example, highlighting underexplored settings; (b) factual inconsistency in POS
tagging for Spanish-English data Zeng (2024); and (c) misinterpretation in sentiment analysis for Kazakh-Russian

text Goloburda et al. (2025b).

cessing (Kang, 2024), advanced metrics evaluat-
ing structural and socio-pragmatic aspects (Ugan
et al., 2025; Sterner and Teufel, 2025b), and cur-
riculum strategies for transfer (Yoo et al., 2025).

Research Gap Despite advances, LLMs strug-
gle with zero-shot transfer to real-world CSW
scenarios (Winata et al., 2023a). Multilingual
LLMs often underperform compared to fine-tuned
smaller models, showing that “multilingualism”
alone does not ensure CSW proficiency (Zhang
et al., 2023). LLMs also exhibit asymmetric per-
formance: non-English tokens in English con-
texts degrade performance, while English tokens
in other languages often enhance it (Mohamed
et al., 2025), followed by limited pretraining data
for low-resource languages (Yoo et al., 2025).
Prior works, including (Winata et al., 2023a) and
(Sitaram et al., 2019), have laid essential ground-
work for understanding CSW in NLP but focus
primarily on pre-LLM approaches and text-centric
settings. Building on these foundations, we posi-
tion this work as the first comprehensive survey
of CSW NLP in the LLM era, covering recent
advances in instruction tuning, PEFT, and multi-
modal (speech and vision-language) settings. We
further survey the evolution of CSW research in
the LLM era and present this unified taxonomy
(Figure 2), with a detailed analysis in Appendix
§B that categorizes prior work into five key re-
search directions.

Position We posit that Code-switching should
be treated as a core modelling challenge rather
than a downstream artefact of multilinguality. In
low-resource CSW settings, current monolingual
and multilingual models struggle to cope as lan-
guage switching interacts with script alternation,

orthographic variation, and spontaneous conversa-
tional behavior, which remain insufficiently repre-
sented in existing models and benchmarks across
speech, dialogue, and multimodal contexts. Bridg-
ing this gap requires structured data creation, scal-
able modeling, and human-in-the-loop annota-
tion, reinforced by language- and script-aware CS-
specific architectures rather than broad, undiffer-
entiated, multilingual post-training.

Contributions The key contributions include:
(i) We provide the first comprehensive survey of
CSW research in the LLLM era, analyzing 327 stud-
ies across 15 NLP tasks, 30+ datasets spanning
80+ languages, across diverse language pairs, real-
world applications, and key architectural innova-
tions. (i) We present a taxonomy (Appendix §B
Figure 2) organizing LLM-based CSW research
by architecture, training paradigm, and evaluation,
while revealing key gaps in low-resource cover-
age, script diversity, cross-lingual transfer, the ab-
sence of unified evaluation frameworks. (iii) We
present a roadmap for future CSW research, high-
lighting the need for inclusive datasets, equitable
models, and fair metrics to support linguistically
grounded advances in dialogue, speech, and mul-
timodal contexts.

2 Pre-LLM-Era works

Early computational approaches to code-switched
word processing relied on rule-based and statis-
tical models for foundational tasks such as lan-
guage identification (LID) (Molina et al., 2016;
Gundapu and Mamidi, 2018; Shekhar et al., 2020;
Solorio and Liu, 2008; Chittaranjan et al., 2014;
King et al., 2014), part-of-speech (POS) tag-
ging (Vyas et al., 2014; Raha et al., 2019; Prat-
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apa et al., 2018b; Sequiera et al., 2015), named
entity recognition (NER) (Ansari et al., 2018;
Singh et al., 2018b,a), and sentiment analysis (SA)
(Patwa et al., 2020; Joshi et al., 2016). Meth-
ods included CRFs and CNNs for LID (Solorio
and Liu, 2008; Chittaranjan et al., 2014), CNNs
with n-grams for POS tagging (Vyas et al., 2014),
character-level RNNs and SVMs for NER (Singh
et al., 2018b), and SVM-based sentiment classifi-
cation (Joshi et al., 2016). BiILSTM-CRF models
with embeddings later improved LID and NER,
reducing perplexity (Chopra et al., 2021; Zhang
et al.,, 2023), while switch-point sampling en-
hanced LID performance (Chatterjere et al., 2020).
However, these approaches were limited by task
and language-specific designs, shallow features,
scarce labeled data, and poor cross-linguistic
transfer (Molina et al., 2016; Shekhar et al., 2020).
The fragmented nature of research led to isolated
solutions, preventing the use of shared representa-
tions or unified frameworks across diverse CSW
contexts (Winata et al., 2023a; Liu et al., 2022;
Chi, 2025). The rise of LLMs has shifted CSW
research toward unified, multilingual frameworks
across speech processing, conversational and gen-
eration tasks, motivating surveys to examine their
adaptation, emerging trends, and future directions.

3 Code-Switching Task Landscape:
Capabilities and Gaps

3.1 Traditional Tasks

The integration of LLMs into traditional NLP
tasks has revealed both transformative capabili-
ties and inherent limitations in CSW contexts. In
language identification, innovative fine-grained
techniques such as TongueSwitcher for bound-
ary detection in morphologically mixed German-
English words (Sterner and Teufel, 2023),
MaskLID for training-free iterative identification
of subdominant languages (Kargaran et al., 2024),
and equivalence constraint-guided methods for
grammatical switch points (Kuwanto et al., 2024)
have established new benchmarks, with applica-
tions extending to hope/offensive speech detection
and efficient zero/few-shot adaptation via mod-
els like COOLI and SetFit (Ahmad et al., 2025;
Balouchzahi et al., 2021; Pannerselvam et al.,
2024). Part-of-Speech tagging has benefited
from contextual embeddings (e.g., mBERT on
Arabic-English and Hinglish (Sabty et al., 2020;
Aguilar and Solorio, 2020)), bilingual pretrain-

ing on datasets like GLUECoS (Winata et al.,
2021; Prasad et al., 2021), parallel synthetic
data generation (PACMAN (Chatterjee et al.,
2022)), prompt-based CSW synthesis (PRO-CS
and CoMix (Bansal et al., 2022; Arora et al., 2023;
Kumar et al., 2022)), and S-index-augmented
XLM-R fine-tuning (Absar, 2025). Named Entity
Recognition has evolved from early embedding-
attention approaches for Spanglish tweets (Wang
et al., 2018) to synthetic CSW pretraining with
MELM (Zhou et al., 2022) and two-stage CMB
models (Pu et al., 2022), supported by bench-
marks like MultiCoNER and toolkits such as
CodemixedNLP (Malmasi et al., 2022b; Jayanthi
et al., 2021). Advances, including contextualized
embeddings (Sabty et al., 2020), pseudo-labeling
(El Mekki et al., 2022), switch-point-biased self-
training (Chopra et al., 2021), prompt-based meth-
ods like PRO-CS (Bansal et al., 2022), and data
augmentation in CoSDA-ML (Qin et al., 2020),
have further enhanced zero-shot transfer capabil-
ities.

Despite task-specific advances, multilingual
models underperform on code-mixed inputs com-
pared to monolingual settings (Wang et al.,
2025b), primarily due to the limited represen-
tativeness of CSW in pretraining data (Dogru6z
et al., 2023). These issues are further aggra-
vated in low-resource and typologically distant
languages (Sravani and Mamidi, 2023). Key chal-
lenges include modeling ambiguous switch points
(Chopra et al.,, 2021) and mitigating hallucina-
tions in generative CSW outputs (Wang et al.,
2025a). While prompting techniques, zero-shot
models (e.g., GLINER (Zaratiana et al., 2024)),
generative frameworks (e.g., GPT-NER (Wang
et al., 2025a)), and LLM-based post-processing
(Dai et al., 2025; Khatri et al., 2023) offer promis-
ing few-shot adaptability, these methods alone
cannot fully overcome the deeper structural and
resource-related challenges inherent in real-world
code-mixing.

3.2 Emerging Contemporary Tasks

LLMs have advanced performance in complex
CSW tasks, yet continue to expose limitations
in cross-lingual reasoning and cultural adapta-
tion. In Natural Language Inference, carly con-
versational datasets revealed persistent annotation
disagreements and cultural ambiguities (Khanuja
et al,, 2020a; Huang and Yang, 2023). Syn-
thetic CoSDA-ML data enabled zero-shot trans-
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fer (Qin et al.,, 2020), while in-context mixing
(ICM) prompting improved contextual reasoning
(Shankar et al., 2024; Prasad et al., 2021; Kumar
et al., 2022), though pragmatic variability con-
tinues to cause marked drops relative to mono-
lingual performance. Similarly, Question An-
swering benefited from LLM-based architectures
such as COMMIT (Lee et al., 2024), multimodal
knowledge-distillation approaches (Raj Khan
et al.,, 2021), non-English prompting for gram-
maticality improvements (Behzad et al., 2024),
curriculum-based CSW pretraining (Yoo et al.,
2025), domain-specific embedding migration (MI-
GRATE) for low-resource reasoning (Hong et al.,
2025b), and large-scale African benchmarks such
as MEGAVERSE (Ahuja et al., 2024), build-
ing on earlier multilingual reading comprehen-
sion systems (Gupta et al., 2018). Parallel ad-
vances emerged in Intent Classification and slot
filling, where contrastive pretraining across lan-
guages (Lin et al., 2024), prompt-based methods
such as PRO-CS (Bansal et al., 2022), multilin-
gual semantic parsing (Duong et al., 2017; White-
house et al., 2022), and zero-shot transfer with
XLM-R (Arora et al., 2020; Krishnan et al., 2021;
Wang et al., 2022) improved cross-lingual gener-
alization.

While LLMs have advanced emerging CSW
tasks, persistent limitations remain in contextual
reasoning and discourse grounding. Studies on
code-mixed QA, NLI, intent detection, and dia-
logue show that semantic evidence is often frag-
mented across languages, leading models to rely
on shallow lexical cues rather than compositional
reasoning (Gupta et al., 2018; Chakravarthy et al.,
2020; Krishnan et al., 2021). Inference tasks
further exhibit label instability due to culturally
contingent interpretations (Khanuja et al., 2020a),
while generative models struggle to maintain dis-
course coherence and stable switching patterns
(Mehnaz et al.,, 2021). Text Generation suf-
fers from data scarcity, especially for typologi-
cally distant and non-Latin-script languages (Sra-
vani and Mamidi, 2023). These challenges, com-
pounded by sociolinguistic variation in pragmatic
norms (Park et al., 2024), motivate linguistically
grounded and lightweight modeling approaches
for realistic CSW deployment (Raj Khan et al.,
2021).

See Appendix §C.1 and §C.2 for a detailed discus-
sion of remaining tasks, with associated datasets
and approaches in Appendix §H (Table 1).

3.3 Underexplored Frontiers Tasks

Although core CSW tasks have advanced, conver-
sational, speech, and multimodal CSW remain un-
derexplored, posing both opportunities and chal-
lenges for adapting LL.Ms to naturalistic multilin-
gual mixing. Reasoning tasks, including math-
ematical problem-solving and cross-language en-
tailment, struggle with logical complexity and
semantic drift in CSW contexts (Raihan et al.,
2023a; Mohamed et al., 2025), abstract level phe-
nomena such as metaphor comprehension, analog-
ical reasoning, and verb-level code-mixing pref-
erences expose cultural biases and shallow un-
derstanding (Kodali et al., 2025a; Mehnaz et al.,
2021; Choudhary et al., 2026). Beyond rea-
soning, code generation from mixed prompts
achieves only moderate functional correctness
(Yang and Chai, 2025; Khatri et al., 2023), de-
spite progress in controllable CSW generation
using encoder—decoder models (Mondal et al.,
2022). Conversational systems and dialogue
show emerging gains, with RAG-based architec-
tures improving CSW customer support (Kruk
et al.,, 2025), multilingual dialogue benchmarks
enabling few-shot agents for low-resource pairs
such as Choctaw—English (Brixey and Traum,
2025), and personality-aware response genera-
tion supporting coherent Hinglish multi-party di-
alogue (Kumar and Chakraborty, 2024). In par-
allel, Safety-oriented studies emphasize region-
specific prompting for Kazakh-Russian evaluation
(Goloburda et al., 2025a), while while recent work
shows that code-mixing itself can be exploited
as a trigger for backdoor attacks, raising con-
cerns about robustness and security in CSW-aware
NLP systems. Document processing has also
been explored through multilingual OCR and con-
trastive representation learning for Vietnamese-
English text (Dereza et al., 2024; Do et al., 2024).

Takeaway Although notable progress has been
made in core CSW NLU tasks, many frontier areas
such as safety and visual processing remain un-
derexplored, highlighting opportunities to extend
research beyond existing linguistic and computa-
tional paradigms.

4 Datasets and Resources

4.1 Datasets

The development of CSW datasets has evolved
from manual annotation to LLM-driven scal-
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able creation, highlighting trade-offs between
expanded multilingual coverage and the authen-
ticity of natural code-switching. However, as
pre-training datasets continue to scale, manual
curation becomes a challenge. For Multilin-
gual coverage, large-scale corpora pre-trained
on mixed-language text enhance NLU transfer
through synthetic augmentation (Zhang et al.,
2024a), while manually annotated datasets like
the Multilingual Identification of English CSW
benchmark switch across unseen languages
(Sterner, 2024), SwitchLingua spans 420k
samples and over 80 hours of audio across 12
languages and 63 ethnic groups with LLM-
assisted bias reduction (Xie et al., 2025), and
MEGAVERSE provides LLM-driven bench-
marks covering 22 datasets in 83 languages for
multimodal evaluation (Ahuja et al., 2024). Multi-
CoNER uses LLLM synthetic augmentation across
3 domains and 12 languages with 33 entity classes
for code-mixed NER (Malmasi et al., 2022b),
NusaX offers human annotated parallel sentiment
corpus for 10 Indonesian languages (Winata et al.,
2023b), and GLOSS synthesizes texts for absent
language pairs without manual curation (Hsu
et al., 2023). For Low-resource languages, tar-
geted datasets address critical underrepresentation
through BnSentMix for Bengali-English (Alam
et al., 2025), DravidianCodeMix spanning Tamil-,
Kannada-, and Malayalam—English (Chakravarthi
et al., 2022), Marathi-English corpora (Joshi
et al., 2023), SentMix for trilingual NLI (Raihan
et al., 2023a), GPT-3.5 synthetic Afrikaans— and
Yoruba—English data (Terblanche et al., 2024), and
X-RiSAWOZ with over 18k utterances (Morad-
shahi et al., 2023), collectively diversifying CSW
NLP and reducing dependency on high-resource
pairs.In Synthetic data generation, diverse
approaches have addressed annotation scarcity:
Bengali-English dependency parsing with large
synthetic treebanks (270K+ sentences) (Winata
et al., 2019), PhraseOut for Hinglish NMT (Jasim
et al., 2020), semi-supervised generation using
pre-trained encoders (Gupta et al., 2020), CoSDA-
ML for zero-shot NLI across 19 languages (Qin
et al., 2020), ternary sequence labeling with
mBERT for Hinglish MT (Gupta et al., 2021a),
VACS for perplexity reduction (Samanta et al.,
2019), COMMIT for low-resource QA (Lee et al.,
2024), LLM-generated puns and sentiment data
(including 49K+ synthetic samples) for Spanglish
and Malayalam—English (Zeng, 2024; Sarrof,

2025), In-Context Mixing for intent classification
(Shankar et al., 2024), SynCS for zero-shot gains
via parallel alignment (Wang et al., 2025b), and
naturalistic parallel CSW datasets for PLM evalu-
ation (Leon et al., 2024). Despite these advances,
the move toward LLM-driven, large-scale datasets
raises concerns about capturing sociolinguistic
nuance and authentic representation, with human
evaluations showing only 60-65% acceptability,
and highlighting that high-quality resources for
underrepresented languages still depend heavily
on expert curation and community involvement
(Kodali et al., 2025a).

Refer to Tables 4 and 5 in Appendix §H for a sum-
mary of CSW text and speech datasets.

4.2 Frameworks and Toolkits

To address the growing complexity of CSW re-
search, frameworks and toolkits have emerged
to standardize methodologies and streamline data
creation across annotation and generation. Anno-
tation frameworks, include CoSSAT, which sup-
ports fine-grained word-level and syllable-level
speech annotation (Shah et al., 2019); COMMEN-
TATOR, which integrates LLMs for robust text
annotation and prediction (Sheth et al., 2024);
CHALI, which leverages RLAIF to iteratively re-
fine code-mixed translation annotations (Zhang
et al.,, 2025c); and multimodal tools such as
ToxVidLM, extending annotation to video by
jointly modeling visual and textual CSW signals
(Maity et al., 2024). Synthetic data generation
toolkits include GCM, which produces linguisti-
cally grounded code-mixed text using established
switching theories (Rizvi et al., 2021) (as utilized
in (Huzaifah et al., 2024)); and CodemixedNLP,
an open-source toolkit offering models, datasets,
and synthetic augmentation for seven Hinglish
tasks (Jayanthi et al., 2021). Together, these tools
enable scalable corpus creation and reproducible
CSW research for downstream tasks such as ma-
chine translation and sentiment analysis (Sravani
and Mamidi, 2023; Zeng, 2024).

Takeaway LLM-augmented datasets such as
SwitchLingua, BnSentMix, and COMMIT expand
CSW resources for low-resource languages and
improve model performance. However, synthetic
data may lack naturalness and cultural nuance, in-
troducing biases. Semi-automated, human-in-the-
loop annotation toolkits can help create more au-
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thentic and equitable CSW benchmarks.

5 Model Training & Adaptation

5.1 Mainstream Pre-training Approaches

Pre-training encodes mixed-language structure at
scale, yielding transferable representations for di-
verse CSW tasks. Specialized code-mixed mod-
els trained on real code-mixed corpora consis-
tently outperform multilingual baselines by di-
rectly capturing CSW dynamics. HingBERT and
related models pre-trained on large-scale real-
world data outperform mBERT and XLM-R on
downstream NLP tasks (Nayak and Joshi, 2022).
Probing studies further show that fine-tuning
mBERT on curated naturalistic CSW data yields
stronger attention patterns than synthetic mixing
across Spanish-English and Hinglish pairs (Santy
et al., 2021). Linguistically constrained synthetic
embeddings improve over bilingual baselines for
sentiment analysis(SA) and POS tagging (Pratapa
et al., 2018b), while switch-aware architectures
such as CONFLATOR emphasize language junc-
tions to achieve state-of-the-art results on Hinglish
SA and translation (Mohammed et al., 2023).
For Task-adaptive pre-training, targeted strate-
gies explicitly encode CSW structure. Boundary-
aware masked language modeling that integrates
synthetic CSW data improves downstream QA
and SA performance on CSW benchmarks (Das
et al., 2023). Model-merging approaches combin-
ing continued pre-training with checkpoint fusion
outperform standard fine-tuning (Kodali et al.,
2025b). Alignment-based methods leveraging par-
allel text enhance SA analysis and QA (Fazili
and Jyothi, 2022), while joint LID-POS multi-
task models better capture social media CSW pat-
terns (Dowlagar and Mamidi, 2021c). Multilin-
gual augmentation through synthetic CSW gen-
eration improves zero-shot intent detection and
slot filling (Krishnan et al., 2021), and large-scale
CSW pre-training with diverse synthetic mixtures
yields stronger benchmarks and improved lan-
guage alignment (Wang et al., 2025b).

5.2 Mainstream Fine-tuning Approaches

Fine-tuning adapts models to task-specific CSW
distributions, improving in-domain performance
but limiting generalization to unseen language
pairs.  Task-specific fine-tuning yields com-
petitive in-domain results but depends heavily
on curated CSW data: transformer-based fine-

tuning achieves better word-level LID on low-
resource Kannada-English pair (Lambebo Tonja
et al.,, 2022), fine-tuned XLM-RoBERTa intro-
duces the S-index for measuring switching in-
tensity and demonstrating effective generalization
(Absar, 2025), fine-tuned mBERT provides base-
lines for sentiment analysis on noisy social me-
dia data (Palomino and Ochoa-Luna, 2020), fine-
tuned multilingual models like mBART and mTS5,
often combined with back-translation and ensem-
bling, deliver fluency and accuracy for translation
(Chatterjee et al., 2023; Khan et al., 2022), LLM
fine-tuning with syntactic post-processing en-
hances Cantonese-to-Mandarin translation quality
across domains (Dai et al., 2025), and efficient
monolingual ASR fine-tuning substantially lowers
WER on Yoruba-English code-switched speech
compared to larger zero-shot multilingual mod-
els, though it degrades performance on the non-
target (English) language (Babatunde et al., 2025).
Multi-task fine-tuning leverages synergies for
added robustness but can introduce negative trans-
fer or require careful task balancing: syntax-
aware joint training of language modeling and
parsing lowers perplexity on Mandarin-English
data (Winata et al., 2018), intermediate-task fine-
tuning on bilingual auxiliaries yields consistent
gains in NLI, QA, and sentiment across Hinglish
and Spanish-English (Prasad et al., 2021), shared
representations enhance offensive speech detec-
tion on Hinglish tweets and joint NER model-
ing in low-resource Arabic dialects (Amazouz
et al., 2017), multi-directional fine-tuning and
adapter-based methods improve translation and
modular transfer (Kartik et al., 2024; Rathnayake
etal., 2024), and contrastive multi-task pretraining
boosts zero-shot information retrieval and transfer
(Do et al., 2024).

A detailed discussion of remaining pre-training
and fine-tuning approaches is provided in Ap-
pendix §D and §E.

5.3 Post-training Approaches

While post-training approaches enable rapid CSW
adaptation with minimal or no labeled data, their
effectiveness varies widely across language pairs
and task types. Zero-shot CSW methods rely on
prompting, heuristic switching, or synthetic aug-
mentation, including prompt-based CSW gener-
ation with GPT-3.5 (Yong et al., 2023), entity-
driven switching for slot filling and dialogue
(Whitehouse et al., 2022; Liu et al., 2022), and
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data-centric augmentation for MT and classifi-
cation (Gupta, 2022; Lai et al., 2021; Krishnan
et al., 2021; Qin et al., 2020). However, even
strong LLMs such as GPT-4 exhibit significant
performance drops in zero-shot CSW, with out-
comes highly sensitive to pretraining language
composition (Zhang et al., 2023; Tatariya et al.,
2023). One- and few-shot methods leverage lim-
ited to few examples through adapted prompting,
including similarity-based prompting with Chat-
GPT (Tahery and Farzi, 2025), RAG-based in-
context learning for hate speech detection (Srivas-
tava, 2025), multi-task LLM fine-tuning for harm-
ful content in memes (Kumar et al., 2025), genera-
tive transformers for emotion detection in Bangla-
English-Hindi (Goswami et al., 2023), and trans-
lation with LLM classification for affective tasks
(Yadav et al., 2025). Instance-based prompt-
ing further enhances performance, with PRO-CS
using mBERT with Hinglish prompts improv-
ing NER and POS tagging (Bansal et al., 2022),
GLOSS synthesizing CSW text for unseen pairs
through self-training (Hsu et al., 2023), Dwesh-
Vaani’s RAG retrieving Hinglish examples boost-
ing hate speech detection (Srivastava, 2025), and
In-Context Mixing improving intent classification
on MultiATIS++ (Shankar et al., 2024), instruc-
tion tuning for low-resource CSW scenarios (Lee
et al., 2024), and synthetic data augmentation for
sentiment analysis (Zeng, 2024).

Takeaway While prompting and retrieval enable
rapid CSW adaptation, they struggle with infor-
mal mixing and low-resource pairs, highlighting
that post-training flexibility cannot substitute for
pre-training on diverse, naturalistic code-switched
data (Bansal et al., 2022; Shankar et al., 2024).

6 Evaluation & Benchmarking

CSW benchmarks have evolved from narrow
task evaluations to broader frameworks measuring
switching patterns, cross-language performance,
and contextual understanding. We review CSW
benchmarks across text, speech, and multimodal
tasks, with comprehensive details in Appendix
(§F.1) and Table 3 in Appendix §H. Evaluating
CSW systems requires diverse metrics, encom-
passing standard performance measures, code-
switching—specific metrics, and human-centric
evaluation. Full descriptions of evaluation meth-
ods, and metrics are given in Appendix (§F.2).

7 Multi- & Cross-Modal Applications
7.1 Speech Processing

Advances in recognition and multimodal integra-
tion have improved CSW speech processing, yet
limited data availability continues to constrain
performance across languages. Speech transla-
tion has advanced through end-to-end modeling
for English—Spanish (Weller et al., 2022), stream-
ing Mandarin—English via self-training (Alastruey
et al., 2023), and Whisper-based fine-tuning ap-
proaches such as CoVoSwitch (Kang, 2024) and
CoSTA (P S V N et al., 2025). End-to-end ASR
research increasingly emphasizes adaptation over
scale, using linguistic augmentation (Chi and Bell,
2022), monolingual fine-tuning that outperforms
multilingual baselines (Babatunde et al., 2025),
retrieval-augmented refinement (R et al., 2025),
and architectural innovations including attention-
guided Whisper adaptation (Aditya et al., 2024),
mixture-of-experts models (Zhang et al., 2025a),
and hybrid CTC/attention systems with language
biasing (Liu et al., 2024). Complementary sig-
nals from text-derived LID (Wang and Li, 2023)
and semi-supervised learning (Biswas et al., 2020)
further mitigate data scarcity. Beyond audio-
only pipelines, audio-visual recognition lever-
ages visual cues to improve CSW ASR across
African and Indian language pairs (Babatunde
et al., 2025; Hemant and Narvekar, 2025), while
data-centric strategies such as phrase-level mixing
(Hussein et al., 2024) and zero-resource bench-
marks (Huang et al., 2024) support robust evalu-
ation.

Despite these advances, persistent challenges
include high error rates at language switch points
(Chi and Bell, 2022), limited generalization
from synthetic data (Kugathasan and Sumathipala,
2021), and fine-tuning trade-offs in monolingual
performance and computational cost (Babatunde
et al., 2025).

7.2 Vision-Language Processing

Applied CSW research in real-world deploy-
ments remains limited, particularly for multimodal
vision-language tasks. Visual question answer-
ing has advanced through knowledge distillation
for Hinglish queries (Raj Khan et al., 2021). Mul-
timodal systems tackle challenges in harmful
meme detection through visual-text fusion (Ku-
mar et al., 2025; Maity et al., 2024), while CLIP
variants enable image-text retrieval in CSW set-
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tings (Kumari et al., 2024). Collectively, these
efforts highlight growing real-world CSW appli-
cations while underscoring the need for domain-,
language-, and region-aware adaptation.

7.3 Cross-Modal Integration

Beyond text-only modeling, cross-modal integra-
tion enables CSW systems to leverage phonetic,
acoustic, and visual cues for robust multilingual
understanding. Phonetic modeling supports dis-
criminative language modeling (Winata et al.,
2019), transliteration and back-transliteration (Ta-
sawong et al., 2023; Fernando and Ranathunga,
2021), and tasks such as abusive content detec-
tion and translation alignment (Gautam et al.,
2021a; Chou et al., 2023), with recent gains
from transformer-based phonetic guidance and
Wav2Vec2-GPT-2 fusion (Yang and Tu, 2022;
Perera and Sumanathilaka, 2025). Multimodal
fusion further improves code-mixed ASR and
video-based toxicity detection by integrating au-
dio, visual, and textual signals (Maity et al., 2024;
Perera and Sumanathilaka, 2025; Zhang et al.,
2025a).

Takeaway Closing CSW performance gaps will
require scalable, phonetic-aware multimodal pre-
training, as approaches like Wav2Vec?2 fusion al-
ready achieve 8—10% ASR error reductions in
high-resource switching scenarios.

8 Open Problems and Future Directions

Data scarcity and quality issues A key chal-
lenge in building CSW-friendly NLP systems is
the lack of appropriate training data. The field re-
mains heavily English-centric, with over 72% of
speech and 92% of social media datasets involv-
ing English (Dogruoz et al., 2023), leaving non-
English pairs underrepresented. Low-resource
languages face higher computational costs due
to inefficient tokenization (Nag et al., 2024),
while regional biases reduce generalization, mod-
els trained on one region often fail on the same
language pair from another (Dogruéz et al., 2023).

Model Architecture and performance gaps
LLMs frequently exhibit language confusion, gen-
erating responses in unintended languages, am-
plified by standard fine-tuning (Yoo et al., 2025;
Marchisio et al., 2024). Trained predominantly on
monolingual text, models remain ill-equipped for
naturalistic CSW. While LLMs excel at synthetic

code-mixed data generation (Pratapa et al., 2018a;
Winata et al., 2019), they show fragility in zero-
shot transfer with sharp accuracy drops (Zhang
et al., 2023; Tatariya et al., 2023; Tahery and Farzi,
2025). (Refer to Table 7 in Appendix §H for rep-
resentative failures.)

Benchmarking and evaluation limitations
LLM-based evaluators often overestimate perfor-
mance relative to human judgments, especially
for low-resource and non-Latin-script languages
(Hada et al., 2024). Widely used metrics like
BLEU and WER fail to capture the linguistic
diversity which leads to poorly estimating the
quality of code-mixed data (Srivastava and Singh,
2021). Similarly, perplexity correlates poorly with
both ASR performance and human judgments
(Cheong et al., 2021; Arora et al., 2023; Garg
et al., 2021). Standard semantic similarity metrics
further struggle to model cross-lingual equiva-
lence in mixed contexts (Maimaiti et al., 2025).
(Refer to Table 8 in Appendix §H failure modes.)

Real-World Impact and Applications Ad-
vances in CSW research unlock transformative
applications with significant societal impact: mul-
tilingual conversational assistants for accessible
public services, cross-lingual educational plat-
forms adaptive to learners’ natural language prac-
tices, healthcare interfaces for multilingual popu-
lations, and digital preservation tools for endan-
gered dialects. Such applications carry substantial
social and economic value by reducing language
barriers, democratizing access to information, and
empowering multilingual communities within the
digital economy. BanglAssist for customer service
(Kruk et al., 2025) and code-switched dialogue
agents for language learning (Brixey and Traum,
2025) illustrates this potential.

Language Bias and Trilingual Neglect Cur-
rent CSW research exhibits pronounced bias
toward high-resource language pairs, with the
majority of studies focusing on English-Spanish,
English-Hindi, and English-Mandarin combina-
tions (Sitaram et al., 2019; Winata et al., 2023a).
Performance metrics demonstrate significant
disparities: English-Spanish and English-Hindi
systems achieve mid-90s F1 scores, while less
common pairs like Arabic-Egyptian Arabic or
low-resource African language combinations
show substantially lower accuracy (Nguyen
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et al.,, 2021). African and Southeast Asian
code-switched language pairs remain critically
underexplored, with very few publicly available
datasets (Terblanche et al., 2024). Despite evi-
dence that 7% of India’s population is trilingual,
with over 250 million speakers engaging in
multilingual discourse. Only isolated examples
exist, such as SentMix (Bangla-English-Hindi
trilingual dataset for NLI) and English-Hindi-
Bengali Language Identification (Raihan et al.,
2023a), leaving a critical gap in understanding
how models process switches across three or more
languages. This bias perpetuates a cycle where
resources and research investments concentrate
on already well-studied pairs (Terblanche et al.,
2024; Dogruéz et al., 2021), further marginalizing
underrepresented multilingual communities and
limiting the development of truly inclusive CSW
technologies.

Additional challenges are discussed in Appendix

(§G).

Future Directions

Toward Inclusive CSW Datasets Progress in
CSW NLP relies on expansive, inclusive datasets,
yet large-scale conversational resources captur-
ing naturalistic CSW interactions remain criti-
cally lacking. Multimodal efforts like MEGA-
VERSE (Ahuja et al., 2024) show promise but fall
short in linguistic and domain diversity. Switch-
Lingua (Xie et al., 2025), while large and multi-
lingual, relies on structured and synthesized text
rather than fully natural conversational speech.
CS-FLEURS (Yan et al., 2025) uses mostly syn-
thetic or TTS-generated audio, limiting its abil-
ity to capture spontaneous CSW patterns. Multi-
domain multilingual dialogue corpora (Morad-
shahi et al., 2023), though broader in scope, high-
light the need for future efforts to expand cover-
age, diversity, and naturalistic interactions.

Next-Generation Architectures must jointly
model text, speech, and vision to enable switch-
point detection, contextual understanding, and
natural multilingual interactions, while ASR and
TTS systems should leverage self-supervised en-
coders, cross-lingual, and emotion-aware condi-
tioning. Promising directions include Speech-
Conditioned LLLMs combined with MoE for ASR
(Zhang et al.,, 2025a) and curriculum learning
strategies for multilingual transfer (Yoo et al.,

2025). These approaches address phonemic con-
fusion, data scarcity and the need for adaptive lan-
guage mixing (Hamed et al., 2025).

Holistic Evaluation Paradigms As CSW mod-
els become more multimodal and adaptive, eval-
uation must move beyond isolated task-level met-
rics toward human-aligned assessment of multi-
lingual competence. Future frameworks should
jointly capture switch-point accuracy, semantic
consistency, fluency, and sociolinguistic appro-
priateness. While benchmarks such as CS-Sum
(Suresh et al., 2025) and CodeMixBench (Yang
and Chai, 2025) mark important progress (Hamed
et al., 2025), evaluation must also account for re-
gional and dialectal variation.

Ethics and Safety in Multilingual Contexts
Beyond performance and evaluation, future CSW
systems must address critical ethical vulnerabili-
ties stemming from multilingual safety alignment
gaps (Song et al., 2025), which disproportion-
ately affect low-resource and marginalized lan-
guage communities (Hamed et al., 2025). Safety
evaluations reveal persistent failures under unseen
language mixture patterns, as demonstrated by the
Qorgau framework in Kazakh—Russian settings
(Goloburda et al., 2025a). Addressing these chal-
lenges requires CSW-aware ethical Al that empha-
sizes inclusivity, transparency, and accountabil-
ity through bias-aware training, fairness-sensitive
evaluation, and participatory data curation with
speaker communities.

9 Conclusion

CSW research has undergone a major transfor-
mation with the rise of LLMs, evolving from
task-specific statistical methods to unified multi-
lingual and instruction-based frameworks. How-
ever, this survey shows that gains remain largely
confined to high-resource language pairs, while
LLMs struggle with spontaneous mixing, reason-
ing, and sociolinguistic variation in low-resource
settings. These challenges are further amplified
by limited dataset coverage and the lack of ro-
bust, CSW-aware evaluation frameworks. Mean-
ingful progress in CSW NLP therefore requires
moving beyond generic multilinguality toward tar-
geted data curation, linguistically informed ar-
chitectures, and evaluation protocols grounded in
real-world language-mixing.
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Limitations

Despite providing a broad survey, this paper has
several limitations:

1. Coverage Bias The survey highlights widely
studied language pairs and might have missed
indigenous or minority code-mixed lan-
guages.

2. Evolving Landscape Given the rapid pace of
LLM research, some approaches and bench-
marks described may soon be outdated or re-
placed by newer paradigms.

3. Evaluation Constraints While we include
recent advances in speech and multimodal
processing, the volume of research in these
areas significantly lags behind text-based
NLU, resulting in our taxonomy covering
more text based NLU.

4. Practical deployment The survey mainly
covers academic progress, leaving ethical,
computational, and accessibility concerns in
real-world deployment less examined.

5. Quantitative Reporting All quantitative
claims are representative values reported in
the cited primary works rather than aggre-
gated or meta-analyzed statistics.

Ethics Statement

This study involves a review and synthesis of pre-
viously published research and publicly available
datasets. No human or user data were collected
or analyzed. All works included in this survey
were cited appropriately to acknowledge original
authorship. The review process was conducted
with transparency and fairness, avoiding selective
reporting or biased interpretations. Our study pro-
motes fairness and inclusivity in multilingual NLP
by focusing on underrepresented code-mixed lan-
guage scenarios, encouraging equitable research
attention toward linguistically diverse communi-
ties. The study adheres to established ethical stan-
dards for research in computational linguistics.
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A Methodology

This section outlines the methodology adopted to
identify, review, and categorize literature relevant
to this survey on code-switching in the era of
LLMs. The goal was to capture key trends, mod-
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lenges across NLP tasks rather than conduct an ex-
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established survey practices (Kinney et al., 2023).
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Paper Selection We began by defining a set
of search keywords targeting three core dimen-
sions: code-mixing/code-switching, multilingual
NLP, and large language models. To ensure broad
linguistic coverage, the search encompassed ma-
jor bilingual and multilingual language pairs doc-
umented in prior research and repositories (e.g.,
CoVoSwitch, GLUECoS, LinCE). Using these
keywords, we queried the ACL Anthology, arXiv
and Semantic Scholar databases via their APIs,
with a search cutoff date of October 2025, con-
sistent with ACL Rolling Review’s recency guide-
lines. This process initially retrieved around 500
papers.

Screening and Filtering Duplicate entries were
removed using DOIs and titles, prioritizing peer-
reviewed sources. The remaining papers were
manually screened for relevance. A study was
included if it addressed code-mixing or code-
switching within any NLP task, or explored multi-
lingual and LLM-based adaptation methods. This
screening resulted in a refined set of 327 papers,
covering both pre-LLM and LLM-era research.

Categorization Selected papers were catego-
rized by (i) task type (e.g., Language Identifi-
cation, POS Tagging, NER, Intent, Speech/ASR,
MT), (if) modality (text, speech, vision-language),
and (@ii) model architecture (transformer-based,
instruction-tuned, multimodal). When overlaps
occurred (e.g., between translation and genera-
tion), we retained the category most central to the
contribution. Dataset coverage, annotation meth-
ods, and language pairs were systematically ver-
ified to map diversity and resource availability.
High-, mid-, and low-resource classifications fol-
lowed conventions in multilingual NLP research.

This multi-stage process of search, screening,
and categorization produced 327 papers forming
the foundation of this survey, spanning 15 NLP
tasks, 30+ datasets, and 80+ languages.

Handling Multi-Category Papers and Report-
ing Gaps Papers spanning multiple categories
or tasks (common in recent LLM-era work) are
assigned multi-label categories and discussed in
the most relevant primary section, with cross-
references provided where appropriate. Reported
performance gaps are presented as representative
values directly quoted or reported from individual
primary studies on their respective benchmarks.
This approach preserves representativeness and re-

flects the interdisciplinary nature of modern code-
switching research (e.g., a single work advancing
both synthetic data generation and fine-tuning).

B Taxonomy

In this section, we elaborate on the taxonomy of
code-mixed language analytics introduced in Fig-
ure 2 that provides an analytical overview of the
CSW research landscape across four dimensions:
(A) task maturity, showing saturation in traditional
tasks (e.g., LID, POS) and persistent gaps in rea-
soning and multimodal settings; (B) methodolog-
ical evolution from statistical models to LLM-
based approaches; (C) language-pair coverage, re-
vealing a strong 72% English-centric bias; and (D)
performance gaps that grow with task complex-
ity, from 4% degradation in LID to over 33% in
reasoning-heavy tasks. An interactive taxonomy
offers paper-level details.

The rapid evolution of code-switching (CSW)
research in the LLM era requires a comprehen-
sive framework capturing methodological diver-
sity and task complexity. Our framework sup-
ports scalable LLM approaches while distinguish-
ing various contribution types.

This structure reflects the interconnected na-
ture of modern CSW research, emphasizing the
shift from language-pair-specific solutions to uni-
fied multilingual architectures and the need for in-
tegrated, end-to-end CSW systems.

Code-Switched Language Analytics

B.1 Code-Switching Task Landscape

Foundational Tasks These represent core NLP
taskcompetencies essential for understanding
code-switched text analysisstructure and linguis-
tic properties. They form the foundationbase layer
upon which more complex applications are built.

* Language Identification: Identifies lan-
guage boundaries at the word or token level,
forming the basis for downstream analy-
sis in mixed-language text Detects language
boundaries at word/token level, including
Hope and Offensive text detection.

* Part-of-Speech Tagging: Assigns grammat-
ical categories to code-mixed tokens, ac-
counting for syntactic ambiguity and struc-
tural variation at switch points.
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Part Of Speech Tagging: mBERT embeddings (Sabty et al., 2020; Aguilar and Solorio, 2020), joint models (Dowlagar and Mamidi, 2021c; Kartik et al., 2024), switch-point
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Tasks
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fine-tuning (Nagoudi et al., 2021), gated seq2seq (Dowlagar and Mamidi, 2021a)
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Chai, 2025)
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2024), MEGAVERSE (Ahuja et al., 2024), MAD-X (Fazili and Jyothi, 2022), K-MMLU (Yoo et al., 2025)

Tasks

Intent Classification: intent prediction (Krishnan et al., 2021; Srivastava and Singh, 2020; Raihan et al., 2023a; Arora et al., 2020), seq2seq (Wang et al., 2022), PRO-CS (Bansal
etal,, 2022), ENTITYCS (Whitehouse et al., 2022), NLU (Aguirre et al., 2022), ContrastiveMix (Lin et al., 2024)

Code-Mixed Text Generation: Synthetic data (Potter and Yuan, 2024; Gupta et al., 2020; Tarunesh et al., 2021; Salaam et al., 2022; Liu et al., 2022), LLM prompting (Kuwanto
et al., 2024; Pratapa et al., 2018a; Yong et al., 2023; et al., 2024), der-decoder (Mondal et al., 2022), dependency trees (Gregorius and Okadome, 2022), back-
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Cross-lingual Transfer: Zero-shot transfer (Wu et al., 2023; Do et al., 2024), COMMIT (Lee et al., 2024), PCS (Li et al., 2024), EntityCS (Whitehouse et al., 2022), SCOPA
(Lee et al., 2021), ICM (Shankar et al., 2024), test-time (Sheng et al., 2025), MIGRATE (Hong et al., 2025b), curriculum (Yoo et al., 2025), Activation steering (Yadav, 2026)

Text St ization: A i ive (Mchnaz et al., 2021; Arora et al., 2023; Yoo et al., 2025), GupShup (Mehnaz et al., 2021), CroCoSum (Zhang and Eickhoff, 2024),
CS-Sum (Suresh et al., 2025), MLSUM (Scialom et al., 2020), contrastive learning (Lin et al., 2024)
Indic language ion (Anand and Kumar, 2022; Vavre et al., 2022; Dowlagar and Mamidi, 2021b), Back i (Weisberg etal., 2024;
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§ 2 [ Conversational: RAG (Kruk ctal., 2025), State Tracking (DST) ( etal., 2023), L (Brixey and Traum, 2025; Hemant and Narvekar, 2025), language model
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CS-Specific Metrics: CMI (Das and Gambiick, 2013), SyMCoM (Kodali et al., 2022), M-index (Barnett et al., 2000), I-index (Guzmén et al., 2017), PIER (Ugan et al., 2025),
switch-point analysis (Gambiick and Das, 2016)

Evaluation & Benchmarking

Evaluation
Metrics

Task-Specific Metrics: chrF++ (Popovié¢, 2015), PhoBLEU (Arora et al., 2023), WER (Kadaoui et al., 2024; Piccinini and Garellek, 2014)

Quality Assessment: SAER (Xie et al., 2025), Semantic preserve (Reimers and Gurevych, 2020), naturalness (Liu et al., 2021; Kodali et al., 2025a) ]
Intrinsic Evaluation: GAME metric (Gupta et al., 2024), Perplexity (Chen and Goodman, 1996), grammaticality scoring (Warstadt et al., 2019) ]

Speech Translation: G2P conversion (Cho et al., 2020), STT translation (P S V N et al., 2025), End-to-End speech (Weller et al., 2022), real-world streaming (Alastruey et al.,
2023), ASR and MoE (Zhang et al., 2025a), Segmentation with Whisper & CoVoSwitch (Kang, 2024)

End-to-End ASR: Speech recognition (Kronis et al., 2024; Hemant and Narvekar, 2025; Yan et al., 2025), info & augmentation (Chi and Bell, 2022; Hamed et al., 2025),
fine-tuning (Bansal et al., 2022; Babatunde et al., 2025; Biswas et al., 2020), Wav2Vec2-GPT-2 (Perera and Sumanathilaka, 2025), MoE with SC-LLMs (Zhang et al., 2025a),
Transformer-based ASR (Wang and Li, 2023)

Speech
Processing

Audio-Visual Recognition: CI-AVSR (Dai et al., 2022; Babatunde et al., 2025), multimodal speech fusion (Raj Khan et al., 2021; Perera and Sumanathilaka, 2025), transformer-
based & MoE (Hemant and Narvekar, 2025; Aditya et al., 2024; Li et al., 2025)

Visual Question Answering: Knowledge distillation (Raj Khan et al., 2021; Ahuja et al., 2024), harmful content (memes/video) (Kumar et al., 2025; Maity et al., 2024), RAG &
Agents (Kruk et al., 2025; Zhao et al., 2025), hate speech (Arul et al., 2025)

& Cross-Modal Applications

Vision-Language
Processing

Multimodal Systems: CM_CLIP (Kumari et al., 2024), Multilingual model merging (Kodali et al., 2025b), ToxVidLM (Maity et al., 2024)

= - PhoneticP ing: Transliteration (Weisberg Mi et al., 2024), phonetic embedding (Chi and Bell, 2022; Winata et al., 2019), transformers (Tasawong et al., 2023; Chou

B £ | etal.2023; Yang and Tu, 2022; Fernando and Ranathunga, 2021), discriminative LM (Winata et al., 2019), agglutinative support (Tasawong et al., 2023), abusive detection

= % (Gautam et al.. 2021a), Wav2Vec2 (Perera and Sumanathilaka, 2025)

g E i Fusion: Audio-visual-text systems for hate speech (Srivastava, 2025; Maity et al., 2024), cross-modal alignment for emotion (Wu et al., 2025a), Wav2Vec2-GPT-2
(Perera and i 2025). MoE. -English ASR (Zhang et al.. 2025a)

Figure 2: A unifying taxonomy of the code-switching research landscape. Takeaway The mind map contextualizes
recent LLM-based advances, revealing continuities, shifts, and unresolved challenges across the CSW literature.
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* Named Entity Recognition: Detects and
classifies named entities across language
boundaries, addressing challenges such as
transliteration, script variation, and cross-
lingual ambiguity.

* Machine Translation: Translates code-
switched input into a single target language,
requiring joint modeling of mixed-language
syntax and semantics.

* Syntactic Analysis: Parses the grammati-
cal structure of code-switched sentences to
analyze well-formedness and linguistic con-
straints governing switching behavior.

* Sentiment and Emotion Analysis: Models
affective meaning across languages, includ-
ing aspect-based sentiment and multi-label
emotion classification.

* Machine Translation: Translates code-
switched text to monolingual output, requir-
ing understanding of mixed-language syntax.

Emerging and Contemporary Tasks Emerg-
ing tasks extend beyond surface-level analysis to
capture semantic interpretation, pragmatic rea-
soning, and contextual understanding in code-
switched settings.

¢ Natural Language Inference: Evaluates en-
tailment and contradiction between code-
switched premise—hypothesis pairs.

* Question Answering: Supports information
retrieval and reasoning over code-switched
queries and documents.

* Intent Classification: Infers speaker in-
tent in mixed-language conversational inputs,
particularly relevant for dialogue and assis-
tant systems.

* Code-Mixed Text Generation: Generates
linguistically and sociolinguistically plausi-
ble code-switched text, often used for data
augmentation and dialogue systems.

* Cross-lingual Transfer: Exploits code-
switching to improve generalization across
languages, including transfer to unseen or
low-resource language pairs.

* Text Summarization: Produces abstractive
or extractive summaries while preserving se-
mantic content and, where relevant, code-
mixing patterns.

* Transliteration: Converts text across scripts
while maintaining phonetic fidelity in mixed-
language contexts.

Underexplored and Frontier Tasks These
tasks represent comparatively underexplored di-
rections where code-switching intersects with
safety, reasoning, creativity, and multimodal un-
derstanding.

* Conversational and Speech: Includes dia-
logue generation, customer support agents,
and ASR systems operating on naturally oc-
curring code-switched speech.

» Safety and Multimodal: Addresses multi-
lingual safety alignment, jailbreaking, and
image—text interactions in code-mixed set-
tings.

* Reasoning and Abstraction: Examines
causal, analogical, and metaphorical reason-
ing across languages within a single utterance
or discourse.

* Creative and Code Generation: Covers
programming code generation from code-
mixed prompts and creative language use
such as wordplay and homophonic mixing.

B.2 Datasets and Resources

Datasets Datasets form the backbone of code-
switched language research, enabling empirical
evaluation across diverse languages, domains, and
modalities.

* Low-Resource Coverage: Targeted datasets
addressing underrepresented language pairs,
including African, Dravidian, and Central
Asian languages.

* Multilingual Coverage: Large-scale corpora
spanning multiple language families, scripts,
and sociolinguistic contexts.

* Synthetic Data: Promptly generated corpora
leveraging linguistic constraints or LLMs to
augment scarce real-world data.
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Frameworks and Toolkits Frameworks and
toolkits support standardized annotation, data gen-
eration, and experimentation in code-switched set-
tings.

* Annotation Frameworks: Tools for anno-
tating code-mixed text, speech, and multi-
modal data with support for human-in-the-
loop workflows.

e Synthetic Data Generation Toolkits:
Tools designed to generate synthetic
code-mixed corpora through rule-based con-
straints, transliteration models, and language
model-based augmentation.

B.3 Model Training and Adaptation

Pre-training Approaches Pre-training strate-
gies aim to encode code-switching phenomena di-
rectly into model representations, often outper-
forming generic multilingual pre-training on CSW
tasks.

* Specialized Code-Mixed Models: Architec-
tures trained explicitly on code-mixed cor-
pora with switch-point awareness.

* Task-Adaptive Pre-training: = Domain-
specific and task-specific adaptation using
masked language modeling and alignment-
aware objectives.

* Cross-lingual Alignment: Representation
alignment and continual learning techniques
to improve multilingual generalization.

Fine-tuning Approaches Fine-tuning methods
adapt pre-trained models to specific tasks while in-
corporating code-switching-aware objectives.

» Task-specific Fine-tuning: Staged training
of a model (or adapters) dedicated to a sin-
gle task/language pair.

* Multi-task Fine-tuning: Joint training of a
single model on multiple tasks/language pairs
simultaneously with shared parameters to en-
able knowledge transfer.

* Instruction Tuning: Instruction-following
adaptation using code-mixed prompts and re-
sponses.

* Parameter-efficient Methods: Lightweight
adaptation techniques such as LoRA, prompt
tuning, and quantization-aware training.

* Reinforcement Learning: Reward-based
optimization for improving fluency and nat-
uralness in code-switched generation.

Post-training and Inference-time Adaptation
These approaches enable generalization in low-
resource settings without extensive labeled data.

* Zero-, One-, and Few-shot Learning:
Prompt-based and retrieval-augmented meth-
ods for code-switched tasks under minimal
supervision.

* Instance-based Prompting: In-context
learning approaches that leverage curated or
automatically selected code-mixed examples
to guide model behavior at inference time.

B.4 Evaluation and Benchmarking

Benchmarks Benchmarks provide standardized
evaluation protocols for measuring progress across
tasks and domains.

* Comprehensive Benchmarks: Multi-task
suites covering both traditional and emerging
code-switched NLP tasks.

* Domain-specific Corpora: Evaluation
datasets tailored to domains such as so-
cial media, healthcare, agriculture, and
multimodal content.

Evaluation Metrics Evaluation metrics aim
to capture both task performance and code-
switching-specific linguistic properties.

e Traditional Metrics: Standard NLP mea-
sures such as accuracy, F1, BLEU, ROUGE,
and METEOR.

* Code-switching-specific Metrics: Measures
that quantify mixing intensity, syntactic di-
versity, and switch-point accuracy in mixed-
language text.

» Task-specific Metrics: Evaluation measures
tailored to individual tasks, accounting for
script variation, phonetic ambiguity, and
speech recognition errors.

* Quality Assessment: Human judgments of
fluency, semantic preservation, and natural-
ness across languages.

* Intrinsic Evaluation: Gold-reference-
independent metrics for assessing grammati-
cality, fluency, and distributional consistency.
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B.S Multi- and Cross-modal Applications

Speech Processing Code-switching in speech
introduces phonetic and acoustic variability that
challenges conventional speech models.

* Speech Translation: Systems that integrate
automatic speech recognition and machine
translation for processing mixed-language
speech input.

* End-to-End ASR: Direct modeling of code-
switched speech using data augmentation
strategies and expert-based or modular archi-
tectures.

* Audio-Visual Recognition: Multimodal ap-
proaches that combine acoustic signals with
visual cues to improve recognition robust-
ness.

Vision-Language Processing Vision-language
tasks extend code-switching to multimodal con-
texts.

* Visual Question Answering:mage-based
reasoning with mixed-language questions
and captions.

* Multimodal Systems: Joint visual-text pro-
cessing for multilingual and code-switched
documents.

Cross-modal Integration Cross-modal ap-
proaches aim to unify representations across text,
speech, and vision.

* Phonetic Processing: Script conversion and
phonetic embeddings for mixed-script lan-
guages.

¢ Multimodal Fusion: Joint audio—visual—-text
models for affective analysis and safety-
related tasks.

C Code-Switching Task Landscape:
Capabilities and Gaps

C.1 Traditional Tasks

Language Identification Script detection re-
mains crucial for accurate token-level process-
ing, with Bi-GRU architectures achieving 90.17%
accuracy on Roman Urdu, Hindi, Saraiki, Ben-
gali, and English using GloVe embeddings (Yasir
et al., 2021). The ILID corpus provides 250K

sentences across 25 scripts and 23 languages, in-
cluding dual-script instances for Manipuri and
Sindhi (Ingle and Mishra, 2025). Character n-
gram TF-IDF features (1-6 grams) have proven
effective for Dravidian script-mixed social media
text (Saumya et al., 2021). Shared-task initia-
tives such as LT-EDI-EACL extended hope speech
detection to English, Malayalam—English, and
Tamil-English, where TF-IDF features combined
with MuRIL embeddings achieved F1 scores of
0.92, 0.75, and 0.57 respectively (Dave et al.,
2021). Specialized datasets such as KanHope
(English—-Kannada) highlight persistent issues of
class imbalance and preprocessing challenges in-
volving emojis and multilingual tokens (Hande
et al., 2021). Overall, methodological advances
have transitioned from traditional machine learn-
ing to transformer-based architectures, where
task-adaptive pre-training and multilingual con-
textual embeddings substantially improve perfor-
mance, particularly in low-resource and mor-
phologically rich languages (Jayanthi and Gupta,
2021; Shanmugavadivel et al., 2022). Offen-
sive Language Identification in code-switched
text presents unique challenges, as users often
employ strategic language alternation to bypass
keyword-based moderation. Foundational datasets
such as OffMix-3L establish trilingual bench-
marks for Bangla—English—Hindi, underscoring
the difficulty of handling transliterated content
where phonetic variation hinders detection ac-
curacy (Goswami et al., 2023; Sazzed, 2021).
Transformer-based systems such as COOLI ex-
plicitly target adversarial switching strategies,
while synthetic code-switched data generation
has emerged as a promising avenue for build-
ing linguistically diverse and robust training cor-
pora (Balouchzahi et al., 2021; Salaam et al.,
2022). Recent paradigms incorporate transfer
and multi-task learning, with approaches such as
SetFit enabling efficient few-shot adaptation for
Tamil-English detection, and multi-task frame-
works demonstrating strong performance across
zero-shot and fine-tuning scenarios for harmful
multimodal content (Pannerselvam et al., 2024,
Kumar et al., 2025).

Sentiment & Emotion Analysis ihas been ex-
tensively studied in CSW settings, with shared
tasks like SemEval (Sentiment Analysis for Code-
Mixed Social Media Text), where fine-tuned
multilingual transformers achieved strong perfor-
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mance on Hinglish and Spanglish datasets via
strategies such as focal loss for class imbal-
ance (XLM-R) (Ma et al., 2020), straightforward
mBERT fine-tuning (Palomino and Ochoa-Luna,
2020), RoBERTa fine-tuning (Sultan et al., 2020),
stacked ensembling of BiLSTM and BERT vari-
ants (Singh and Singh Parmar, 2020), and multi-
task learning with BERT (Wu et al., 2020); sim-
ilar approaches were applied in NLP-CIC sys-
tems (Angel et al., 2020). Research has expanded
to diverse language pairs, including Dravidian
languages (Tamil-English, Malayalam-English,
Kannada-English) (Chakravarthi et al., 2022), In-
donesian and Vietnamese-English (Winata et al.,
2023b; Van et al., 2022), Kenyan Sheng-English
slang (Etori and Gini, 2024), Bengali-English
trilingual sentiment (Raihan et al., 2023a), and
emotion-specific trilingual analysis (Raihan et al.,
2024). Multi-label emotion detection frameworks
support fine-grained analysis across CSW texts
(Wadhawan and Aggarwal, 2021), while cross-
lingual aspect-based sentiment analysis (ABSA)
leverages shared representations for improved
transfer (Zhang et al., 2021). Data scarcity chal-
lenges are mitigated through unsupervised self-
training on unlabeled CSW data (Gupta et al.,
2021b), progressive curriculum learning with in-
creasing mixing intensity (Ranjan et al., 2022), in-
tegration of monolingual resources (Kumar et al.,
2022), and synthetic code-switched augmenta-
tion via CoSDA-ML, yielding consistent zero-shot
gains across multiple tasks (Qin et al., 2020).
Large language models enable effective zero-
shot sentiment classification through translation-
based pipelines (Yadav et al., 2025), multilin-
gual RLAIF for preference alignment (Zhang
et al., 2023), and efficient synthetic data leverag-
ing for downstream sentiment tasks (Zeng, 2024).
Harmful content detection has advanced with
datasets targeting Bangla-English offensive lan-
guage and Devanagari-script hate speech (Rai-
han et al., 2023b), where parameter-efficient fine-
tuning (PEFT) and SetFit embeddings achieve
competitive results on low-resource CSW hate
speech (Sidibomma et al., 2025; Pannerselvam
et al., 2024).

Syntactic Analysis in CSW has shifted from
structural modeling to theory-guided methods,
improving parsing and evaluation. SyMCoM
introduced a syntactic measure of code-mixing
based on POS tags for English-Hindi, enabling

dataset comparison and highlighting variations
in open/closed class contributions (Kodali et al.,
2022). Syntax-aware multi-task LSTMs jointly
trained on language modeling and parsing signif-
icantly reduced perplexity on Mandarin-English
code-switched data (Winata et al., 2018). Syn-
thetic treebanks generated via annotation projec-
tion improved dependency parsing performance
for Bengali-English (Ghosh et al., 2019). CoMix
leveraged phonetic and POS-guided pre-training
to advance Hinglish machine translation and NER
(Arora et al., 2023). Linguistically constrained
generation following the Equivalence Constraint
produced more natural code-mixed text compared
to heuristic baselines (Pratapa and Choudhury,
2021). LLMs facilitated Universal Dependencies
annotation for low-resource pairs like Spanglish
and Spanish—Guarani (Kellert et al., 2025), while
large-scale experiments demonstrated strong syn-
tactic alignment in CSW with monolingual parses
(Sterner and Teufel, 2025a; Laureano De Leon
et al., 2024). Non-English prompting enhanced
LLM grammaticality judgments (Behzad et al.,
2024), and LLM-based grammatical error correc-
tion performed well on learner corpora (Potter
and Yuan, 2024). Despite these advances, enforc-
ing universal syntactic constraints across typolog-
ically diverse languages remains difficult, often
leading to unnatural switches or reduced fluency
in generated text (Pratapa and Choudhury, 2021).

Machine Translation in CSW contexts has
evolved from statistical to neural paradigms, ad-
dressing irregular switching and data scarcity.
Pioneering works used code-switching as aug-
mentation to enforce lexical constraints in stan-
dard NMT by replacing source phrases with tar-
get translations to teach copying (Song et al.,
2025), while PhraseOut advanced controlled mix-
ing via phrase-level replacement for multilin-
gual low-resource scenarios (Jasim et al., 2020).
Back-to-back translation improved Hinglish MT,
while unsupervised approaches with linguis-
tic heuristics enhanced Sinhala—English corpora
(Tarunesh et al., 2021; Kugathasan and Sumath-
ipala, 2021). CoSDA-ML scaled dynamic multi-
language code-switching augmentation by word
substitution from bilingual dictionaries to fine-
tune mBERT for zero-shot cross-lingual align-
ment across diverse tasks (Qin et al., 2020),
and CoMeT/back-translation with COMET fil-
tering produced higher-quality synthetic parallel
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data for Indic/Hinglish pairs by concatenating
monolingual sentences and transliterating roman
script (Gautam et al., 2021b). Gated seq2seq ar-
chitectures with explicit language tags (Dowla-
gar and Mamidi, 2021a), fine-tuned mT5 for
Hinglish (Nagoudi et al., 2021), and mBART
overcoming orthographic challenges in MSA-
Egyptian—English (Nagoudi et al., 2021) further
refined neural approaches. Recent LLM inte-
grations, including syntactic post-processing for
Cantonese—Mandarin (Dai et al., 2025) and di-
rect GPT prompting for Hinglish fluency (Kha-
tri et al., 2023), have elevated quality, with fine-
tuned transformers/T5 achieving strong CodeMix-
to-English results extended via knowledge distil-
lation to multimodal tasks (Chatterjee et al., 2023;
Jawahar et al., 2021; Raj Khan et al., 2021). De-
spite these strides, CSW MT remains prone to syn-
tactic misalignment at switch points, inconsistent
transliteration, and degraded performance on in-
formal/noisy social media text, underscoring the
need for more robust, linguistically grounded hy-
brid strategies (Winata et al., 2021; Sazzed, 2021).

C.2 Emerging Contemporary Tasks

Code-Mixed Text Generation has progressed
from early transfer- and translation-based meth-
ods toward LLM-driven and data-centric ap-
proaches. Semi-supervised transfer learning and
machine translation models improved Hinglish
fluency and structural consistency (Gupta et al.,
2020; Tarunesh et al., 2021), while COCOA
demonstrated effective English—Spanish code-
mixed generation through controlled switching
mechanisms (Mondal et al., 2022). Syntactically
grounded approaches leveraging dependency trees
enabled CSW generation without parallel corpora,
highlighting the role of linguistic constraints in
low-resource settings (Gregorius and Okadome,
2022). Subsequent work has explored synthetic
data filtering and prompt-based LLM genera-
tion to improve naturalness and diversity for lan-
guage pairs such as Tagalog—English (Sravani and
Mamidi, 2023; Yong et al., 2023; Terblanche et al.,
2024), with LLMs also applied to grammatical
correction and acceptability optimization for code-
mixed outputs (Potter and Yuan, 2024; Heredia
et al., 2025b). However, benchmark-driven eval-
uations such as EZSwitch and HinglishEval ex-
pose a persistent gap between automatic metrics
and human judgments, underscoring limitations
in current evaluation practices for CSW genera-

tion (Kuwanto et al., 2024; Srivastava and Singh,
2022a).

Text Summarization addresses data scarcity
and linguistic heterogeneity in CSW through task-
specific datasets and modeling strategies. Bench-
marks such as GupShup show that multilin-
gual sequence-to-sequence models (e.g., mBART)
can effectively summarize Hinglish conversa-
tional data when fine-tuned on code-mixed inputs
(Mehnaz et al., 2021), while CroCoSum, which is
predominantly code-switched, reveals consistent
performance degradation for cross-lingual mod-
els relative to monolingual summarization, high-
lighting challenges in semantic alignment (Zhang
and Eickhoff, 2024). CS-Sum demonstrates that
explicitly modeling CSW and alternation patterns
improves summarization quality in Hinglish and
Spanish—English settings (Suresh et al., 2025),
and MLSUM shows that synthetic data augmen-
tation can partially mitigate low-resource con-
straints in multilingual summarization (Scialom
et al., 2020). Contrastive learning further enhances
mixed-language representation alignment, yet pre-
serving discourse coherence and semantic fidelity
across typologically diverse languages remains a
key challenge (Zhang and Eickhoff, 2024; Lin
et al., 2024). In contrast to CSW text generation,
summarization demands deeper semantic ground-
ing and cross-lingual alignment, making it a more
stringent test of CSW understanding.

Cross-lingual Transfer Progressive Code-
Switching (PCS) achieved strong zero-shot
transfer (Li et al., 2024). EntityCS improved spo-
ken language understanding (Whitehouse et al.,
2022), SCOPA enhanced representations (Lee
et al., 2021), and Incontext Mixing strengthened
MultiATIS++ (Shankar et al., 2024). Test-time
code-switching boosted sentiment analysis
(Sheng et al., 2025), curriculum-based methods
improved intent detection for African languages
(Yoo et al.,, 2025), and MIGRATE enhanced
zero-shot QA/NER (Hong et al., 2025b), though
typological diversity remains challenging. Recent
work further explores low-resource cross-lingual
adaptation in CSW settings, emphasizing effi-
cient transfer through lightweight alignment and
data-efficient strategies (Yadav, 2026).

Transliteration poses unique challenges in
CSW contexts, where romanized representa-
tions of non-Latin scripts (e.g., Hinglish, Ara-
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bizi) dominate informal digital communication.
In code-switched text, romanized Hindi pre-
vents utilization of monolingual Devanagari re-
sources, necessitating normalization and back-
transliteration pipelines (Parikh and Solorio, 2021;
Weisberg Mitelman et al., 2024). Pretrained mod-
els struggle with script conversion due to pho-
netic variations, non-standard spellings, and lim-
ited transliteration training (Taguchi et al., 2021).
To address these challenges, Specialized systems
have been developed for Indic languages (Anand
and Kumar, 2022), Korean grapheme-to-phoneme
conversion (Cho et al., 2020), and multilingual
code-mixed translation (Vavre et al., 2022; Dowla-
gar and Mamidi, 2021b), though low-resource lan-
guages face computational constraints (Nag et al.,
2024). Low-resource language pairs face com-
pounded hurdles, as demonstrated by Cyrillic-to-
Latin conversion for Tatar code-switching, where
limited parallel data amplifies transliteration am-
biguity (Taguchi et al., 2021). These translitera-
tion challenges cascade through downstream NLP
tasks such as question answering, where script
mismatches complicate linguistically-driven ques-
tion generation and comprehension (Gupta et al.,
2018), highlighting the need for robust translitera-
tion models handling phonetic variation and code-
switching boundaries.

D Pre-training Approaches

Cross-lingual alignment Code-switched data in
multilingual embeddings enhances cross-lingual
alignment for downstream tasks. CoSwitchMap
leverages naturally occurring code-switching in
embeddings, outperforming other unsupervised
mapping methods on 2 of 3 tested language
pairs in bilingual lexicon induction (Gaschi et al.,
2023). Synthetic CSW data improves re-
trieval, yielding 5.1 MRR@10 for cross-lingual
and 3.9 MRR@10 for multilingual IR, with
larger gains for distant language pairs (Litschko
et al., 2023). CMLFormer’s dual-decoder trans-
former with switching-point pretraining boosts
Hinglish benchmark F1 by better attending to lan-
guage transitions (Baral et al., 2025). Multi-
View Mixed Language Training (MVMLT) uses
gradient-based saliency to replace task-relevant
keywords, enhancing cross-lingual NER align-
ment (Lai et al., 2021), while Attention-Informed
Mixed-Language Training (AIMLT) applies atten-
tion scores to generate CS sentences for dialogue

systems, improving intent detection by 4-6% (Zhu
et al., 2023; Micallef et al., 2024). Context-
similarity token replacement mitigates grammat-
ical errors, achieving 0.95 F1 over mBERT and
1.67 F1 over baseline CSW methods on POS/NER
(Feng et al., 2022). Cross-Lingual Continued In-
struction Tuning (X-CIT) fine-tunes Llama-2-7B
on English then target-language data using self-
paced learning, improving objective performance
by 1.97% and LLM-as-a-judge scores by 8.2%
across five languages (Wu et al., 2025b).

E Fine-tuning Approaches

Instruction Tuning Instruction tuning in mul-
tilingual (CSW) settings enhances LLMs’ abil-
ity to follow instructions across languages while
aligning with human preferences, despite chal-
lenges like Script variability and cultural nuances.
COMMIT adapts English-centric LLMs via code-
mixed instruction tuning on synthetic Hinglish
data, yielding substantial improvements on low-
resource QA tasks but relying heavily on gener-
ated examples (Lee et al., 2024). CSCL employs
code-switching curriculum learning to progres-
sively introduce CSW patterns during instruction
tuning, enhancing cross-lingual transfer across di-
verse language pairs (Yoo et al., 2025). sPhinX
introduces sample-efficient fine-tuning through N-
shot guided prompting and selective translation
of instructions, boosting zero-shot QA in African
languages while minimizing catastrophic forget-
ting on English benchmarks (Ahuja et al., 2025).
PLUG leverages pivot-language (e.g., English)
code-switching to guide response generation, im-
proving instruction-following in multilingual set-
tings (Zhang et al., 2024b). Preference-aligned
methods, such as multilingual blending for safety
evaluation, enhance naturalness and ethical adher-
ence in low-resource bilingual contexts, though
mixed-language prompts can still bypass safe-
guards (Song et al., 2025). These approaches
demonstrate the effectiveness of curriculum-based
and preference-optimized tuning, yet underscore
the need for culturally diverse datasets to mitigate
biases and improve generalization.

Parameter-efficient fine-tuning Parameter-
efficient fine-tuning (PEFT) methods like LoRA,
QLoRA, adapters, and soft prompt tuning enable
scalable adaptation of LLMs for CSW tasks with
reduced resource demands, though they often
require careful hyperparameter tuning and may
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underperform on highly divergent or transliterated
language pairs. LoRA fine-tuning on models like
Llama-3.1-8B achieves strong performance for
Hindi/Nepali hate speech detection (Sidibomma
et al., 2025), while QLoRA on Gemma-2 sup-
ports effective Hinglish religious hate speech
classification (Srivastava, 2025). Soft prompt
tuning lowers mixed error rates in Mandarin-
English speech recognition (Liu et al., 2025), and
LoRA enhances Hinglish NER despite translit-
eration issues (Shirke et al., 2025). Adapters
and quantization-aware PEFT reduce compu-
tational costs for safety evaluation in bilingual
contexts like Kazakh-Russian (Goloburda et al.,
2025a). Overall, PEFT balances performance
and efficiency for code-switched LLMs across
applications.

Reinforcement Learning for CSW Adaptation
To improve LLMs’ code-mixing capabilities, rein-
forcement learning from Al feedback (RLAIF) has
emerged as a cost-efficient alternative to human
annotation, demonstrating gains in code-mixed
translation quality (Zhang et al., 2023). CHAI ex-
tends this paradigm to CSW by fine-tuning Llama-
3.1-8B-Instruct for English—Hinglish translation
using GPT-4o-generated preference pairs from
MixMT and ALL-CS, with PPO optimization
yielding superior human judgments, improved
COMET and chrF scores, and downstream ben-
efits for Hinglish sentiment analysis (Zhang et al.,
2025c). Related work applies RL-based policy
optimization over back-translated synthetic CSW
data, optimizing acceptability to enhance fluency
and naturalness (Heredia et al., 2025b). These ef-
forts highlight RLAIF’s potential to scale align-
ment without heavy human annotation, yet the
field’s reliance on RLHF for broader multilin-
gual capabilities and the computational demands
of RLAIF pipelines indicate significant room for
growth in CSW-specific reinforcement learning.

F Evaluation & Benchmarking

F.1 Benchmarks

CSW benchmarks have progressed from task-
specific datasets to comprehensive evaluation
frameworks that assess model capabilities across
switching patterns, language boundaries, and
contextual coherence. Domain-specific efforts
include include CodeMixBench, which reports
5-10% performance drops on 5k+ Hinglish, Span-
glish, and Chinese Pinyin—English prompts rela-

tive to English-only tasks using fine-tuned CodeL-
LaMA models (Sheokand et al., 2025); MEGA-
VERSE, spanning 22 datasets and 83 languages
with LLM-based translation and LoRA adapters
for low-resource QA (Ahuja et al., 2024); applied
CSW corpora such as Telugu—English medical di-
alogues for intent and slot filling (Dowlagar and
Mamidi, 2023); MultiCoNER, covering 11 lan-
guages and improving over mBERT via LLM aug-
mentation and multi-task learning (Malmasi et al.,
2022b); and large-scale resources like Switch-
Lingua (420k texts, 80+ hours of audio) built
using LLM-assisted balancing and LoRA fine-
tuning (Xie et al., 2025). Comprehensive mul-
tilingual benchmarks enable broader evaluation
across tasks and languages, including multi-task
suites such as GLUECoS (Khanuja et al., 2020b)
and LinCE (Aguilar et al., 2020), manually an-
notated datasets for summarization and sentiment
analysis such as CroCoSum (Zhang and Eickhoff,
2024) and DravidianCodeMix (Chakravarthi et al.,
2022), and scalable annotation frameworks like
PACMAN (Chatterjee et al., 2022) and COMI-
LINGUA (Sheth et al., 2025), which employ semi-
automated, human-in-the-loop strategies to bal-
ance coverage with linguistic fidelity.

Takeaway Existing CSW benchmarks, though
comprehensive in scope, are often better suited
for classification and retrieval tasks than for evalu-
ating complex reasoning, multimodal interaction,
and long-form generation in CSW contexts.

F.2 Evaluation Metrics

CSW evaluation has long relied on traditional
metrics such as F1, Accuracy, BLEU, ROUGE,
and METEOR for classification and generation
tasks (Qin et al., 2020; Agarwal et al., 2021a;
Papineni et al., 2002; Hada et al., 2024), but
these frequently underperform on CSW outputs
due to their emphasis on rigid lexical matching.
To more effectively capture switching behavior,
researchers have developed CS-specific metrics
that quantify structural and linguistic properties:
the Code-Mixing Index (CMI) assesses word-level
mixing intensity (Das and Gambick, 2013), SyM-
CoM evaluates syntactic variety and grammati-
cality (Kodali et al., 2022), the I-Index measures
switch-point probability and integration (Guzman
et al., 2017), the M-Index captures the overall
distribution of languages in an utterance (Bar-
nett et al., 2000), and switch-point analyses ex-
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plore intra- and inter-sentential patterns (Gam-
biack and Das, 2016). In speech domains, PIER
(Point-of-Interest Error Rate) targets errors at
code-switched segments (Ugan et al., 2025), while
SAER (Semantic-Aware Error Rate) integrates se-
mantic similarity for context-aware assessment
(Xie et al., 2025). Task-specific metrics further
refine evaluation, including chrF++ for character-
level robustness in morphologically rich languages
(Popovié, 2015), PhoBLEU for handling ortho-
graphic and phonetic variation in MT (Arora et al.,
2023), and prosodic/phonetic cues that aid antici-
pation of switches in bilingual speech processing
(Piccinini and Garellek, 2014). Complementing
these reference-based approaches, intrinsic and
human-centric evaluation methods, such as the
gold-standard-agnostic GAME metric for multi-
lingual alignment (Gupta et al., 2024), percep-
tual tasks distinguishing ground-truth from pho-
netically similar alternatives (Chen and Goodman,
1996), and Cline’s acceptability judgments focus-
ing on perceived naturalness (Kodali et al., 2025a),
often align more closely with human judgments
in the LLM era. Additionally, inter-annotator
agreement (IAA) measures like Cohen’s or Fleiss’
kappa are commonly reported to assess the reli-
ability of human annotations in CSW tasks (Bar-
man et al., 2014; Cohen, 1960; Fleiss, 1971).

Takeaway Although CSW evaluation has
moved from monolingual to CS-specific metrics,
existing measures fail to reliably assess genera-
tion quality, overlooking discourse consistency,
semantic adequacy, and natural CSW patterns.

G Future Directions

Transfer learning limitations Despite massive-
scale pretraining, multilingual LLMs fail to trans-
fer effectively to complex CSW settings, with
sharp semantic accuracy drops on code-switched
inputs, particularly for typologically distant pairs
(Birshert and Artemova, 2021). Counterintu-
itively, CSW augmentation can yield diminish-
ing or negative returns for strong models such as
XLM-R across 32 languages (Feng et al., 2022).
Apparent gains from scale do not translate into
robust code-mixed competence, as models gen-
eralize poorly across regions, exhibiting 25-35%
performance drops when evaluated on the same
language pair from different geographic varieties
(e.g., Mandarin—English in Hong Kong vs. Sin-
gapore) (Dogruoz et al., 2023). Direct trans-

fer from monolingual training fails without ex-
plicit CSW supervision, with performance col-
lapsing at language-switch boundaries (Liu et al.,
2022; Chi and Bell, 2022). Even high-resource
pairs demand task-specific adaptations (Aguilar
and Solorio, 2020; Gaser et al., 2023), while CSW
exposes safety vulnerabilities through jailbreaks
enabled by fine-tuning on mixed languages (Upad-
hayay and Behzadan, 2025) (Refer to representa-
tive failures in Table 6).

Sociolinguistic and Pragmatic Understanding
Current models treat CSW as primarily as a syn-
tactic or lexical pattern, overlooking the sociolin-
guistic dimensions features like speaker identity,
discourse function, cultural norms, and pragmatic
intent (Ostapenko et al., 2022; Brixey and Traum,
2025). This surface-level approach leaves models
unable to generate contextually appropriate code-
mixed text or predict where and why speakers
switch languages within discourse (Agarwal et al.,
2021b; Pratapa and Choudhury, 2021). This limi-
tation is acute in dialogue systems, where models
cannot replicate authentic bilingual interactions or
handle community-specific pragmatics (Krishnan
et al., 2021; Liu et al., 2022). Even with high
token-level accuracy, models lack understanding
of communicative intent behind switching (Brixey
and Traum, 2025; Pratapa and Choudhury, 2021).

H Supplementary Material

This section provides additional resources to sup-
port our main findings, including extended tables,
illustrative examples of model hallucinations, and
dataset analyses for code-mixed NLP research.

Figure 3 shows a ChatGPT hallucination where
a query for vacation countries results in a list of
Indian states and union territories. The response
also exhibits incorrect grammar, demonstrating
the model’s limitations in handling nuanced,
code-mixed queries.

Figure 4 shows an illustration of hallucination
in the open-source model GLM-4.6. When
prompted to perform morphophonemic (sandhi)
analysis of the Bengali word Ohoroho (“always”)
in Bengali-Romanized Hindi script, the model
misinterprets the query and generates an incorrect
response.

Figure 5 shows a failure case from Perplexity Al
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Mate vacation pai baharku jiba achi, Mate kau desa buli jiba katha?

Tume chahucha vacation pai baharaku jiba, tahale mu kichhi suggestion deipari:

. Beach destination — Goa, Andaman & Nicobar, Maldives (relaxing, sun & sand).

. Hill station — Manali, Shimla, Darjeeling, Ooty (cool climate, trekking, scenic views).

. Cultural & historical - Jaipur, Udaipur, Hampi, Khajuraho (heritage, forts, temples).

. Nature & wildlife — Jim Corbett, Kaziranga, Kerala backwaters (safari, boating, wildlife).

. Adventure - Rishikesh (rafting), Leh-Ladakh (biking, trekking), Coorg (coffee plantations + trekking).

Tuma interest ku depend karuchi — relax kariba, adventure, culture, ba nature? Sehi hisabe mu best option

suggest karipari.

Tume kona type preference karucha?

Figure 3: Failure cases when we prompt ChatGPT in Odia-Romanized Hindi code-mixed pair.
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Figure 4: Failure cases when we prompt GLM-4.6 in Bangla-English code-mixed pair.

When prompted in a code-mixed query for Goan
temples specifically destroyed by the Portuguese,
the model disregards this constraint and instead
provides information on only existing ancient
temples and not the destroyed ones.

Figure 6 presents a dual analysis of dataset sizes.
The bar chart on the left compares the number
of instances in prominent datasets, showing
COMI-LINGUA (125,615) and MEGAVERSE
(100,000) as the largest. The pie chart on the
right categorizes the overall distribution, revealing

that ‘Large’ datasets (50-100k instances) are the
most common category, comprising 40% of the
analyzed collections.

Figure 7 chart displays the prevalence of different
language pairs in code-switching studies, mea-
sured by the number of available datasets and
benchmarks. The data clearly indicates a strong
dominance of Hinglish and Spanish-English
combinations, highlighting a significant research
focus on these pairs compared to others.
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Figure 5: Failure cases when we prompt Perplexity in Konkani-English code-mixed pair.

Dataset Sizes Comparison Dataset Size Distribution
SwitchLingua 90,000
Small Very Large
LinCE 20,000 (<20K) (>100K)
GLUECoS 15,000
20% 20%
MultiCONER 80,000
PACMAN 50,000
X-RISAWOZ 18,000
20%
Medium
Crocosum 24,000 (20-50K)
40%

DravidianCodeMix 60,000

COMI-LINGUA

125,615 Large

(50-100K)

MEGAVERSE 100,000

o

20000 40000 60000 80000 100000 120000
Number of Instances

Figure 6: Distribution of code-switched datasets by size and scale. Takeaway:The visualization highlights variabil-
ity in dataset magnitude, with a concentration of resources in mid-sized collections and relatively fewer large-scale
datasets.

Figure 8 illustrates the primary focus areas within ~ details the distribution of specific tasks, with
code-switching NLP research. The left pie chart SA (26.2%) and MT (18.5%) being the most
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Top 15 Language Pairs
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Hindi-English and Spanish-English dominate, highlighting need for diverse language pair coverage

Figure 7: Top 15 language pairs in code-switching research. Takeaway: English-centric pairs dominate, indicating
a strong bias toward high-resource languages.

Top 10 Individual NLP Tasks Task Maturity Distribution

Offensive Language ID Underexplored
Corpus Creation

Sentiment Analysis Emotion Detection

Emerging
Speech Recognition (ASR)

Language Identification (LID)

17.0%

POS Tagging

Machine Translation (MT) Foundational

Language Modeling

NER

Figure 8: Taxonomy of code-switched NLP tasks organized by linguistic level and modality. Takeaway: Tasks are
grouped into token-level, sentence-level, and higher-level understanding and generation tasks, revealing an uneven
research focus with a concentration on lower-level tasks such as language identification and sentiment analysis.

studied. The right pie chart groups these into  those involving high-resource languages.
broader categories, where ‘Other’ (55.9%) and

‘Understanding’ (31.1%) tasks represent the vast

majority of research efforts.

Figure 9 illustrates the distribution of language
pairs across 202 CSW datasets and benchmark
studies, revealing a strong concentration around a
limited set of language combinations, particularly
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Language Pair Distribution Across Code-Switching Research
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Figure 9: Language pair distribution across 202 code-switching datasets and benchmarks. Takeaway: A handful of
high-resource pairs: notably Hindi—English and Spanish—English dominate the literature, underscoring the limited
coverage of low-resource and typologically diverse language combinations.
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Task Dataset Languages Domain Key Characteristics  Strengths / Weaknesses
SemEval-2022 Multilingual Short queries 6 entity types; 2.3M + Covers complex NEs (CW,
NER Task 11 (Mal- instances across 11 GRP) in multi-domain/short
masi et al, langs/domains contexts
2022a) — CS via entity replacement;
lacks natural alternation
Kannada- Kannada—EN Social media  Low-resource Dravid- + Realistic Romanized Dra-
English NER ian; user-generated vidian CS
(S and Shrivas- — Very small size; ur-
tava, 2022) ban/platform bias
TB-OLID Bangla-EN Social media 5k FB comments; hier- + Granular transliterated CS
(Raihan et al., archical offense toxicity labels
2023b) — Offense-only; small/single-
domain
WMT 2022 Hindi-EN General Bidirectional Hinglish; + Standardized bidirectional
Machir}e MixMT  (Sri- shared task metrics eval
Translation  vastava and — Hinglish-only; synthetic ar-
Singh, 2022b) tifacts
CoMeT Corpus Multiple pairs General Synthetic from parallel + Scalable switch-point con-
(Gautam et al., monolingual trol
2021b) — Synthetic; misses pragmat-
ics/noise
AfroCS-xs African + EN Agriculture Human-validated syn- + Rare African low-res CS
(Olaleye et al., thetic — Narrow agriculture domain
2025)
CoVoSwitch Multiple pairs Synthetic Prosody-aligned into- + Acoustic switch realism
(Kang, 2024) nation units — Fully synthetic; no speaker
variation
GupShup Hindi-EN Entertainment 6.8k convs; abstractive + First Hi-En open-domain di-
Dialogue (Mehnaz et al., summaries alogue sum.
2021) —Movie-chat limited diversity
X-RiSAWOZ  Multilingual Task-oriented ~ 18k+ utts; 12 domains + Multi-domain multilingual
(Moradshahi dialogues
etal., 2023) — CS mostly derived; few
benchmarks
Dweshvaani Hindi-EN Social media 11k YT comments; re- + Real-world religious toxic-
(Srivastava, ligious hate ity CS
2025) — Narrow hate focus/platform
Emoti EmoMix-3L BN-EN-HI Social media 1k+ instances; 5 emo- + Controlled trilingual emo-
motion/ . . .
: (Raihan et al., tions tions
Sentiment . .
2024) — Tiny size; sentence-level
only
SentMix-3L BN-EN-HI Social media 1k+ instances; 3-class + Balanced trilingual senti-
(Raihan et al., ment
2023a) — Test-only scale; short texts
OffMix-3L BN-EN-HI Social media 1k+ instances; offense + First trilingual offense
(Goswami ID benchmark
et al., 2023) — Small; limited granularity
ASCEND Mandarin—-EN ~ Conversational HK speakers; location + Natural HK bilingual
ASR/Speech (Lovenia et al., variation speech
2022) — Few speakers; controlled
conditions
SEAME (Lyu Mandarin—-EN-  Conversational Trilingual mixing + Rich trilingual CS standard
etal., 2010) Hokkien — OIld recordings; outdated
lexica
English— English—isiZulu Conversational Semi-supervised mod- + African low-res CS ASR
isiZulu (Biswas eling — Sparse/noisy annotations
et al., 2020)

Table 1: Top specialized code-switching datasets by task, with paper-grounded strengths/weaknesses.
Note: Selection of "Top" datasets is based on a weighted combination of Citation Count and community adoption.
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Model

Methodology (brief)

Strengths

Weaknesses

XLM-RoBERTa

(Kochar et al., 2024)

Multilingual masked LM trained
on 2.5TB CommonCrawl; 100 lan-
guages; RoBERTa architecture

+ SOTA on MultiCoNER
(F1: 0.88), OffMix-3L; ex-
cellent zero-shot transfer;
robust cross-lingual repre-
sentations

— Struggles with unseen
code-switching patterns; re-
quires fine-tuning for best
results; computationally ex-
pensive

MuRIL
etal.,, 2023)

(Goswami

BERT pre-trained on 17 Indian lan-
guages + transliterated text ; 17M

Indian corpus

+ Best for Indic tasks;
handles script mixing; 5-
8% better than mBERT on
Hindi-English

— Limited to Indian sub-
continent; less effective for
other language families;
smaller coverage

mBERT
et al., 2023)

(Goswami

Multilingual

cabulary

BERT on 104
Wikipedia dumps;

shared vo-

+ Strong baseline (F1:
0.85+); widely adopted;
stable performance across
tasks

— Curse of multilingual-
ity; undertrained on low-
resource languages; outper-
formed by specialized mod-
els

GPT-4 (Ahuja et al.,

2024)

Decoder-only transformer;

web-

scale training; RLHF alignment

+ Strong zero-shot on
SentMix-3L, OffMix-3L;
excellent generation (puns,
translation); few-shot
learning

— Closed-source; expen-
sive API; inconsistent on
low-resource pairs; unpre-
dictable behavior

IndicBERT (Tatariya

et al., 2023)

BERT on 12 Indian languages; 9GB
Indic corpus; language-specific tok-

enization

+ Best for Indian mono-
lingual + code-mixed tasks;
F1: 0.82 on Dravidian-
CodeMix; efficient

— Limited to 12 languages;
requires language-specific
tuning; less generalizable
than XLM-R

Table 2: Top 5 models for code-switching NLP with methodology and performance characteristics.
Note: Top 5 models were selected based on a weighted combination of Citation Count and community adoption.

Benchmark Languages Focus Source Key Impact
CodeMixBench 18 langs (7 fami- LLM + NLP Synthetic Comprehensive 8-task eval (incl. rea-
lies) tasks soning, truthfulness); large-scale multi-
lingual CS
CodeMixBench Hi-En, Es-En, Code genera- Human 5K CS prompts; up to 60% accuracy
(Code Gen) Zh(Pinyin)-En tion drop vs English-only
COMI-LINGUA Hi-En Multi-task Human 125K expert-annotated instances; LID,
NLU/MT POS, NER, MT; dual-script support
CroCoSum En-Zh Cross-lingual Human >18K code-switched summaries; re-
summarization vealed challenges in CS generation
CS-Sum Zh-En, Ta-En, Ms- Dialogue sum- Human First dedicated CS dialogue summa-
En marization rization benchmark
CS3-Bench Zh-En Speech-to- Human + Up to 66% drop in knowledge QA; lan-
speech Synthetic guage alignment issues in speech
GLUECoS Hi-En, Es-En Multi-task eval Human 6-task suite (QA, NLI, Sentiment, LID,
POS, NER); exposed poor task general-
ization
LinCE Es-En, Ne-En, Hi- Foundational Human First standardized CS benchmark; LID,
En, Ar-Eg NLU NER, POS, Sentiment tasks
Lost in the Mix En-Ar, En-De, En- Reasoning Synthetic CS variants of MMLU, Belebele,
Fr, En-Zh (variants) XNLI; deeper reasoning degradation
analysis
MEGAVERSE 83 languages Broad LLM  Hybrid Widest multilingual coverage; high-
eval lighted catastrophic low-resource fail-
ures
PACMAN Hi-En POS tagging Synthetic 50K samples; matched human annota-
tion quality
SwitchLingua 12 langs, 63 ethnic ~ Multitask NLU  Hybrid Largest scale (420K text + 80hrs audio);
groups + ASR ethnic diversity and bias reduction
X-RiSAWOZ En-Fr, En-Hi, En- Task-oriented Human Multilingual TOD with CS scenarios;

Es

dialog

few-shot ready

Table 3: Major code-switching benchmarks. Highlights diversity in languages, tasks, and data sources across
existing evaluation resources.
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Dataset Languages Tasks Source Novel Contribution
AfroCS-xs 4 African-En MT Hybrid 100 expert sentences beat 10K syn-
thetic; high-quality human-validated syn-
thetic data
ASCEND Zh-En Dialog, ASR Human 10.3hrs spontaneous; Hong Kong regional
CS patterns
BanglishRev Bn-En Sentiment Human 23K e-commerce reviews; largest Bangla-
English review dataset with business use
case
Bengali Abusive Bn-En Toxicity Human Transliteration challenges in abuse detec-
tion
BnSentMix Bn-En Sentiment Human 20K multi-source (reduces platform overfit-
ting)
Bollywood NLI Hi-En NLI Human 40% annotator disagreement; cultural am-
biguity
COMI-LINGUA Hi-En LID, MLI, Human Largest expert-annotated (125K+ in-
POS, NER, stances); dual-script (Roman + Devanagari)
MT
Cline Hi-En Acceptability ~ Human Largest judgment corpus; metric correlation
study
CS-NLI Hi-En NLI Human First CS entailment; cultural reasoning gaps
DravidianCodeMix  Ta-En, MI-En, Sentiment, Human 60K+ samples; regional toxicity patterns
Kn-En toxicity
DweshVaani Hi-En Religious hate Human RAG-based; 91% F1 with 1K informal ex-
amples
EkoHate Nigerian En-  Hate speech Human 3.4K tweets; African political CS
Pidgin
GupShup Hi-En Summarization Human 6.8K conversations; 15% coherence drop
HiACC Hi-En ASR, Speech ~ Human First code-switched Hinglish speech with
adults & children (5.24hrs)
Hindi-Marathi CS Hi-Mr ASR, LID Human 450hrs; 300% error spike at switch points
Hinglish Blog Hi-En POS, LM Human 59K natural sentences from authentic blogs
HinGE Hi-En NLG Human 73% of LLM output flagged unnatural by
natives
KRCS Kz-Ru MT Human 618 sentences; first Central Asian CS
MaCmS Magahi-Hi-En Sentiment Human Endangered language (14M speakers)
MMS-5 Ta-En, Kn-En Multimodal Human First CS meme dataset; visual-text clash
toxicity
MultiCoNER 11 languages Complex Hybrid 88% F1 (XLM-R); nested entity handling
NER
My Boli Mr-En General NLU  Human Includes pre-trained models + data
OffMix-3L / Bn-En-Hi Affect Human First trilingual CS; exposes binary assump-
EmoMix-3L tions
Prabhupadavani 25 Indic-En Speech MT Human Largest multi-Indic speech (hours not re-
ported)
Qorgau Kz-Ru Safety Human 67% jailbreak success vs 12% monolingual
SwitchLingua 12 langs, 63 Multitask Hybrid 420K texts + 80hrs audio; largest multi-
groups NLU, ASR ethnic CS resource
ToxVidLM Hi-En (videos) Multimodal Human First code-mixed video toxicity dataset (931
toxicity videos, 4021 utterances)
TweetTaglish TI-En LID Human 78K tweets; first large Southeast Asian CS
‘Word-Level Hate Hi-En, De-En, Toxicity Human Word-level; CS as evasion tactic
Es-En

Table 4: Representative code-switching datasets. Datasets vary widely in scale, tasks, and linguistic coverage,
reflecting the diversity of CSW research.
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Dataset

Description

Language Pairs Tasks Data Source

ASCEND
etal., 2022)

(Lovenia

TALCS (Li et
2022)

al.,
ArzEn (Hamed et al.,
2020)

MUCS (Diwan et al.,
2021)

ESCWA (Al
2021)

et al.,

Mixat (Al Ali and Al-
darmaki, 2024)
Saudilang (Alharbi
et al., 2024)

A 10.6-hour corpus of spontaneous conversational
speech capturing natural dialogue mixing and ac-
cent variations.

A massive 580-hour dataset focused on the educa-
tion domain, designed for training large-scale E2E
ASR systems.

A 12-hour informal speech corpus targeting code-
switched Egyptian Arabic-English for speech trans-
lation.

A large-scale (~600h) mixed-domain corpus de-
signed to improve ASR for low-resource Indic sce-
narios.

A 2.8-hour corpus of formal political meetings
(UN), providing a rare resource for high-register
code-switching.

A 15-hour corpus derived from podcasts, focusing
on dialectal variations and evaluating Whisper mod-
els.

A synthetic spoken dataset leveraging LLMs to aug-
ment training data for robust Saudi Arabic-English
ASR.

Mandarin-En Dialogue, ASR Real (Human)

Mandarin-En E2E ASR Real (Human)

Egyptian Ar-En Speech Translation ~ Real (Human)

Hindi/Bengali-En Low-Resource Real (Human)
ASR
Arabic-En Formal/Political Real (Human)
ASR
Emirati Ar-En Dialectal ASR Real (Human)
Saudi Ar-En ASR Augmentation  Synthetic
(LLM)

Table 5: Code-switching speech datasets. Combines real and synthetic resources for ASR and speech tasks across

languages.

Failure Mode

Input Prompt (Code-Mixed)

Model Output & Error Analysis

1. Language Con-
fusion
(Marchisio et al.,
2024)

(English—French Mix)
“Explain the raison d’étre of this algorithm
in simple terms.”

Output: “Le raison d’étre de cet algorithme est pour op-
timiser...”

Error: The model ignores the instruction to explain “in
simple terms” (implied English context) and becomes
locked into French generation due to the code-switched
trigger phrase.

2. Reasoning Gap
(Mohamed et al.,
2025)

(Math in Hinglish)

“If I have do apples and I eat ek, how many
are left?”

(“do” = two, “ek” = one)

Qutput: “You have two apples left.”

Error: Although the model translates mixed-language
numerals correctly, it fails basic arithmetic reasoning in
the code-switched context.

3. Safety Jail-
break
(Song et al., 2025)

(Harmful intent in Romanized Hindi)
“Kaise main hotwire karoon ek car ko bina
chabi ke?”

(How do I hotwire a car without a key?)

Output: “Car hotwire karne ke liye, pehle steering col-
umn ke neeche...”

Error: Safety guardrails fail under code-mixed input;
the equivalent English prompt triggers refusal, while the
mixed-language version bypasses filtering.

4. Pragmatic
Failure
(Park et al., 2024)

(Sarcasm in Spanglish)

“Oh great, otra vez missed the bus. Qué
suerte tengo!”

(What luck I have!)

Output: “The user is expressing happiness about their
luck.”

Error: The model interprets sarcasm literally, failing
to infer pragmatic intent from contextual cues in mixed-
language discourse.

Table 6: Representative failures of LLMs in CSW settings. Takeaway: While models handle surface-level transla-
tion, they exhibit failures in reasoning, safety alignment, and understanding under mixed-language inputs.
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Failure Mode

Input Context (Code-Mixed)

Model Output & Error Analysis

1. Acoustic Ambiguity
(Hemant and Narvekar,
2025)

(Spoken Hindi-En)
Audio: “Mujhe bank jana hai.”
(I want to go to the bank.)

Transcription: “Mujhe back jana hai.”

Error: Model confuses phonetically similar En-
glish words (‘bank’/‘back’) due to accent shifts in
mixed speech.

2. Visual-Text Clash
(Maity et al., 2024)

(Meme: Image of happy person)
Text: “Jab result aaye aur tum fail ho jao.”
(When results come and you fail.)

Prediction: Positive Sentiment

Error: Model over-relies on visual cues (smil-
ing face), ignoring the negative sentiment in the
Hinglish text.

3. Safety Evasion
(Kumar et al., 2025)

(Hate Speech in Tamil-En)
Text: “Avane kick pannunga from the group.”
(Kick him from the group.)

Prediction: Benign / Non-Hateful

Error: Safety filters miss toxicity when the aggres-
sive English verb (“kick”) is embedded in low-
resource script contexts.

4. OCR Fragmentation
(Dereza et al., 2024)

(Invoice: Vietnamese-En)
Text: “Total Amount: ‘n3Ym mugi’ USD”

Extraction: “Total Amount: [UNK] USD”
Error: OCR engine treats the switched Vietnamese
number tokens (*n3m mugi') @ noise or layout
artifacts.

Table 7: Representative failures in Speech and Multimodal code-switching. Takeaway: Models frequently fail at
cross-modal grounding (over-relying on images) and acoustic disambiguation in mixed-language streams.

Metric & Failure

Example Scenario (Hindi-English)

Why the Metric Fails

1. BLEU/ROUGE
Failure: Transliteration
Rigidity

(Arora et al., 2023)

Ref: “Main zindagi se pareshan hoon.”
Pred: “Main zindgi se pareshan hun.”
(Both mean: I am tired of life.)

Penalty for Spelling: n-gram metrics penalize
the prediction (0.0 score) because ‘zindgi’ #
‘zindagi’, despite them being valid, intelligible
variations of the same code-switched word.

2. Exact Match (EM)
Failure: Synonymy Intoler-
ance

(Khanuja et al., 2020b)

Ref: “The weather is suhana (pleasant).”
Pred: “The weather is badhiya (great).”

Penalty for Valid Switches: EM requires identi-
cal lexical choice. In CSW, switching a word for
a valid synonym in the other language is common
but penalized as a total error.

3. CMI (Code-Mixing
Index)
Failure:
Blindness
(Kodali et al., 2022)

Grammatical

Input: “Going main eating khana school.”
(Lit: Going I eating food school.)
Score: High CMI (> 40)

False Positive: CMI measures only the frequency
of switches. It rates this grammatically broken
"word salad" highly simply because it alternates
languages, failing to capture syntactic coherence.

4. Standard BERTScore
Failure: Alignment Gap
(Gupta et al., 2024)

Ref: “I need a break.”
Pred: “Mujhe break chahiye.”

Embedding Mismatch: Monolingual-centric em-
beddings often place the English sentence and the
Code-Mixed translation far apart in vector space,
yielding a low semantic similarity score despite
perfect equivalence.

Table 8: Key failure modes of standard evaluation metrics in code-switching. Takeaway: Standard n-gram metrics
punish transliteration variations, while frequency-based metrics like CMI fail to penalize ungrammatical mixing.
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