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Abstract

Code-switching is a common practice for mil-
lions of multilingual speakers but remains chal-
lenging for Large Language Models (LLMs).
This paper investigates LLM capabilities in gen-
erating code-switched text, conducting exten-
sive experiments across five diverse language
pairs: English paired with Hindi, Tamil, Malay-
alam, and Indonesian, as well as Indonesian-
Javanese. Our analysis, grounded in compre-
hensive human evaluations by native speakers,
uncovers a directional asymmetry: LLMs con-
sistently produce higher-quality (more accurate
and fluent) code-switched text when prompted
with a lower-resource language (e.g., Hindi,
Tamil, Javanese) as the source, compared to
when a higher-resource language (English, In-
donesian) serves as the source. This asym-
metry mirrors sociolinguistic patterns, particu-
larly the Matrix Language Frame model, sug-
gesting LLMs implicitly learn common code-
switching structures from their training data
where regional languages often form the gram-
matical base. Furthermore, we find that explicit
linguistic guidance, applied through Equiv-
alence Constraint Theory (ECT) to identify
switching points, primarily benefits genera-
tion quality only in the less common, higher-
resource-source direction where LLMs intrinsi-
cally struggle. These findings highlight a cru-
cial interplay between the implicit linguistic
knowledge captured by LLMs and the targeted
utility of explicit linguistic constraints. We
also introduce CSPREF, a pairwise preference
dataset derived from our human evaluations,
to facilitate future research in code-switching
generation and evaluation.

1 Introduction

Bilingual and multilingual speakers frequently en-
gage in code-switching, the phenomenon where
speakers alternate between languages within a sin-
gle discourse. The widespread of this linguistic
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You are a billingual English-Hindi speaker,
you will help translate these English sentence
into a code-switched sentence with romanized
Hindi and English with specific keywords that
should appear

Input Sentence: This sentence is in English
Word Constraint: [this, sentence]

Output

Yah sentence English mein hai.

@ CS Text Generation

Figure 1: Example of CSPREF. The top panel shows
the word-level alignment between English and Hindi.
The middle panel displays the input to the LLM, includ-
ing the original English sentence and word constraints
derived from ECT. The bottom panel shows the resulting
code-switched output sentence generated by the LLM.

phenomenon follows complex syntactic, semantic,
and sociolinguistic patterns rather than occurring
randomly or as an indication of the lack of lan-
guage proficiency. Despite being so widespread,
code-switching still remains a challenge to model
effectively, creating significant barriers to building
truly inclusive language technologies.

The computational implementation of linguis-
tic theories explaining code-switching constraints
has proven difficult. Established frameworks
like Equivalence Constraint Theory (Poplack,
1980) and Matrix Language Frame model (Myers-
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Scotton, 1997) offer theoretical explanations, but
their application in NLP systems remains limited.
Current approaches typically adopt either purely
data-driven methods or focus on complex syntac-
tic rules (Bhat et al., 2016), with few successfully
bridging these approaches. Pratapa and Choud-
hury (2021) implements linguistic constraints us-
ing parse trees from parallel sentences. Similarly,
Winata et al. (2019) applies linguistic constraints to
generate synthetic code-switched text, finding that
combining real and synthetic data improves perfor-
mance for pretraining Language Models. Large
Language Models (LLM) while demonstrating
impressive cross-lingual capabilities, continue to
struggle with generating natural code-switching
(Winata et al., 2021; Zhang et al., 2023) often pro-
ducing unnatural switching points due to insuffi-
cient training data of the same distribution.

To facilitate a comprehensive analysis of code-
switching generation and evaluation, we conduct
extensive experiments across five diverse language
pairs (English-Hindi, English-Tamil, English-
Malayalam, English-Indonesian, and Indonesian-
Javanese). Our research reveals a striking direc-
tional asymmetry in code-switching quality that
has significant implications for linguistic inclusion
and technological equity. Our major contributions
can be summarized as follows:

* We uncover a consistent pattern where LLMs
generate higher-quality code-switched text
when lower-resource languages serve as the
source, without requiring explicit constraints.
Conversely, when higher-resource languages
serve as the source, additional linguistic guid-
ance significantly improves quality.

* We demonstrate that this directional asymme-
try mirrors sociolinguistic patterns observed
in natural multilingual communication, where
regional languages typically serve as the ma-
trix language while global languages con-
tribute embedded terms.

* We present a comprehensive evaluation
dataset that prioritizes native speakers’ judg-
ments of code-switched text quality, offer-
ing a valuable resource for future research
on evaluating code-switching across different
language pairs and switching directions.

2 Linguistic Theories of Code-Switching

2.1 Code-Switching Patterns and Constraints

Code-switching, the alternation between two or
more languages within a single discourse, repre-
sents a complex linguistic phenomenon observed
across multilingual communities worldwide. Far
from being random or indicative of language de-
ficiency, code-switching follows systematic pat-
terns governed by grammatical and sociocultural
constraints (Poplack, 1980; Myers-Scotton, 1994;
Muysken and ebrary, 2000.). Research has iden-
tified several common patterns, including inter-
sentential switching (between sentences), intra-
sentential switching (within a sentence), and tag-
switching (insertion of a tag phrase) (Jan-Petter and
Gumperz, 2007; Poplack, 1988).

The structural patterns of code-switching vary
significantly across language pairs and communi-
ties. For instance, noun phrases are frequently
switched in Spanish-English code-switching (Pfaff,
1979), while function words typically remain in
the matrix language in Chinese-English mixing
(Kamwangamalu and CHER-LENG, 1991). Sev-
eral factors influence these patterns, including ty-
pological similarity between languages, lexical
gaps, and discourse functions (Bullock and Toribio,
2009).

Sociolinguistic research has demonstrated that
code-switching serves various communicative func-
tions, including expressing solidarity, conveying
nuanced meanings, establishing social identity,
and filling lexical gaps (Gumperz, 1982; Myers-
Scotton, 1993; Auer, 2013). Among bilingual com-
munities with English as one of their languages, a
common pattern emerges where the regional lan-
guage often serves as the matrix language while
English provides specific technical terminology, es-
pecially in domains like technology, education, and
business (Bentahila, 1983; Wei, 2000).

2.2 Equivalence Constraint Theory

The Equivalence Constraint Theory (ECT), first
proposed by Poplack (1980), represents one of the
most influential frameworks for understanding the
grammatical constraints on intra-sentential code-
switching. The central premise of ECT is that code-
switching is permissible only at points where the
surface structures of the two languages align, mean-
ing that switching does not violate the syntactic
rules of either language involved.

More formally, ECT posits that code-switching



tends to occur at points where the word order re-
quirements of both languages are satisfied simul-
taneously. If a potential switch point would create
a structure that violates the grammar of either lan-
guage, speakers typically avoid switching at that
point. Sankoff (1998) formalized this constraint,
stating that switching is prohibited if it generates a
surface structure that would be ungrammatical in
either language.

For example, in English-Spanish code-switching,
switching between an adjective and noun is per-
missible when moving from English to Spanish
but constrained in the opposite direction due to
the differing adjective placement rules (English
places adjectives before nouns, while Spanish typi-
cally places them after). Consider the sentence: "I
bought a libro rojo" (I bought a red book), where
switching occurs before "libro" (book). This switch
respects both English syntax (determiner before
noun) and Spanish syntax (noun before adjective).
However, "I bought a rojo libro" would violate
Spanish word order rules and is thus less likely to
occur naturally (Poplack, 1978).

While ECT has proven effective in predicting
many code-switching patterns, it faces limitations
with typologically distant languages or in cases
where one language strongly dominates as the ma-
trix language (Muysken and ebrary, 2000.; Bhatt,
2013).

2.3 Matrix Language Frame Model

The Matrix Language Frame (MLF) model, de-
veloped by Myers-Scotton (1993, 1997), offers an
alternative framework that addresses some limita-
tions of ECT, particularly for language pairs with
significant structural differences. This model dis-
tinguishes between the "matrix language" (ML),
which provides the morphosyntactic framework,
and the "embedded language" (EL), which con-
tributes specific lexical items. According to the
MLF model, the matrix language determines the
overall grammatical structure, including word order
and functional morphemes, while the embedded
language contributes primarily content morphemes.
Two key principles govern this interaction:

The Morpheme Order Principle: The order of
morphemes must follow that of the matrix lan-
guage. The System Morpheme Principle: System
morphemes (functional elements like determiners,
tense markers) must come from the matrix lan-
guage.

This asymmetric relationship between languages

helps explain why certain switching patterns occur
more frequently than others. For instance, in many
bilingual communities where a regional language
interacts with English, the regional language typi-
cally serves as the matrix language, with English
nouns and technical terminology embedded within
the syntactic framework of the regional language
(Bhatt, 2013; Sebba, 2009). The MLF model is
particularly relevant for understanding directional
asymmetry in code-switching patterns. It predicts
that switching from the matrix language to the
embedded language for content words (especially
nouns and adjectives) is more common than the
reverse direction (Myers-Scotton, 2002).

2.4 Directional Asymmetry in Natural
Code-Switching

A significant yet often overlooked aspect of code-
switching is its directional asymmetry across lan-
guage pairs. Research has consistently demon-
strated that the patterns, frequency, and constraints
of code-switching differ depending on which lan-
guage serves as the primary or matrix language
(Gardner-Chloros, 2009; Sebba, 2009).

This asymmetry is particularly evident in post-
colonial and globalized contexts where English in-
teracts with regional languages. Studies across
diverse communities—f{rom Hindi-English in India
(Kachru, 1978; Bhatt, 1997) to Swahili-English in
East Africa (Myers-Scotton, 2002) and Spanish-
English in the United States (Poplack, 1980)—re-
veal a consistent pattern: when the regional lan-
guage serves as the matrix language, English lex-
ical items are frequently embedded, especially
for technical, academic, or professional domains.
However, when English serves as the matrix lan-
guage, embeddings from the regional language
tend to be more limited and often serve cultural
or identity-marking functions (Bullock and Toribio,
2009).

Several factors contribute to this asymmetry So-
ciolinguistic status: The relative prestige and do-
mains of use for each language influence switching
patterns (Myers-Scotton, 1993). Lexical accessi-
bility: Terms may be more readily available or
precise in one language than another (Heredia and
Altarriba, 2001). Processing constraints: The cog-
nitive mechanisms underlying language production
may favor certain switching directions (Green and
Abutalebi, 2013). Communicative functions: Dif-
ferent switching directions serve distinct discourse
purposes (Gumperz, 1982).



The asymmetric nature of code-switching has
important implications for computational model-
ing. Models trained primarily on data where one
language consistently serves as the matrix may de-
velop biases that affect their ability to generate nat-
ural code-switching in the opposite direction. This
directional sensitivity suggests that linguistic con-
straints may be more critical for guiding generation
in directions that are less represented in naturally
occurring data.

Understanding these directional asymmetries is
crucial for developing computational approaches
that accurately reflect the complex patterns ob-
served in natural code-switching across diverse
multilingual communities.

3 Methodology

3.1 Experimental Design

To investigate directional asymmetry in code-
switching, we designed a comprehensive evaluation
framework examining code-switched text genera-
tion across five diverse language pairs: English-
Hindi (en-hi), English-Tamil (en-ta), English-
Malayalam (en-ml), English-Indonesian (en-id),
and Indonesian-Javanese (id-jv). These pairs were
selected to represent varying typological distances,
resource availability, and sociolinguistic contexts.
For each pair, we examined both possible direc-
tional flows: higher-resource language to lower-
resource language (e.g., English— Hindi) and
lower-resource language to higher-resource lan-
guage (e.g., Hindi— English). Our experimental
design focused on evaluating the quality of gener-
ated code-switched text under different conditions:

1. Direct Generation: Direct prompting of LLMs
to produce code-switched text without explicit
linguistic constraints

2. Linguistically-Guided Generation: Genera-
tion guided by constraints derived from lin-
guistic theories, specifically Equivalence Con-
straint Theory (ECT)

3.2 Data Preparation
3.2.1 Obtaining Translations

We utilized existing parallel datasets to obtain high-
quality translations across our target language pairs.
For Hindi, we used the HinGE dataset (Srivastava
and Singh, 2021), while Tamil and Malayalam
translations came from the Samanantar dataset
(Ramesh et al., 2022). For Indonesian-English and

Indonesian-Javanese, we used the NusaX dataset
(Winata et al., 2023b). These human-translated
parallel sentences provided a reliable basis for our
experiments.

To ensure consistency across experiments, we
also generated translations using Llama3 8B, pro-
viding a controlled alternative to the human trans-
lations. This dual approach allowed us to assess
whether any observed directional asymmetry was
consistent across both human and machine transla-
tions.

3.2.2 Bitext Alignment

For each parallel sentence pair, we applied the
GIZA++ tool (Och and Ney, 2003) to obtain word-
level alignments between the source and target lan-
guages. These alignments were crucial for identi-
fying potential code-switching points according to
linguistic constraints.

3.3 Code-Switched Sentence Generation
3.3.1 Direct Generation

For Direct Generation, we prompted large lan-
guage models to generate code-switched text with-
out providing explicit linguistic constraints. The
prompt simply instructed the model to create a
code-switched version of the input sentence, incor-
porating elements from both languages naturally.

3.3.2 Linguistically-Constraint Generation

For the linguistically-guided approach, we incor-
porated switching constraints derived from Equiv-
alence Constraint Theory. ECT posits that code-
switching is natural at points where the word order
rules of both languages align, avoiding violations of
either language’s syntax. We operationalized ECT
by using word alignments to identify non-crossing
alignment points as valid switching locations. For
each input sentence, we constructed prompts that
guided the model to generate the sentence with
words that are acquired from

3.4 Evaluation Framework

To ensure a robust assessment of code-switching
quality, we developed a comprehensive evaluation
framework

3.4.1 Automatic Evaluation

Our primary evaluation methodology employs
GPT-40-mini as an automated assessor of code-
switching quality. This approach demonstrates sub-
stantially higher correlation with human judgments



compared to traditional metrics, with Kendall’s tau
coefficients of 0.558 for accuracy and 0.514 for
fluency (as detailed in 4.

We provide GPT-40-mini with identical instruc-
tions as our human evaluators, asking it to rate
generated sentences on discrete scales from 1 (low-
est) to 3 (highest) for both accuracy and fluency.
The prompt includes:

The original sentence in the first language (L1)
The corresponding sentence in the second language
(L2) The generated code-switched output

This structured approach allows GPT-40-mini
to perform consistent evaluations across different
language pairs and generation methods, focusing
specifically on meaning preservation (accuracy)
and natural-sounding integration of languages (flu-
ency).

3.4.2 Human Evaluation

We perform human evaluations with native bilin-
gual speakers who actively code-switch in daily life.
Indic language evaluators are recruited through
DeccanAl (previously SoulAl), which ethically
sources and trains annotators in India after assess-
ing their English and native language proficiency.
Indonesian evaluators are separately recruited. All
annotators score the code-switched sentences for
accuracy and fluency using established annotation
guidelines.

This on 150 sample of inputs from dataset de-
scribed in Section 4.3 with 18 different generation
settings. Totaling 2700 sentence to rate for each
language. In total, we conduct 24,300 human eval-
uations in total. For each code-switched sentence,
we ask 3 unique evaluators to score the accuracy
and fluency of the sentence on a discrete scale from
1 (lowest) to 3 (highest). While evaluating, the
evaluators can see the parallel sentence pair (both
languages) and the LLM generated code-switched
sentence.

4 Experimental Setup

4.1 Models

We employ three distinct open-weight LLLMs to as-
sess the consistency of our findings across different
architectures and training regimes:

* Aya 23 (8B): (Aryabumi et al., 2024) An LLM
explicitly designed for multilingual tasks,
trained on a diverse language corpus, making
it potentially well-suited for code-switching.

* Llama 3 (8B): (Dubey et al., 2024) A widely-
used model offering a balance between per-
formance and computational efficiency within
the Llama 3 series.

* Llama 3.1 (8B): An improved iteration of
Llama 3 8B, incorporating refined training
techniques and updated data, potentially offer-
ing enhanced capabilities in complex linguis-
tic tasks like code-switching.

All experiments were conducted on a single
NVIDIA L40 GPU equipped with 48GB of mem-
ory, ensuring consistency in the computational en-
vironment.

4.2 Language Pairs and Directions

Our investigation spans five language pairs, cho-
sen to represent different language families, ty-
pological characteristics, and sociolinguistic con-
texts involving English and Indonesian as higher-
resource languages: English-Hindi (en-hi), English-
Tamil (en-ta), English-Malayalam (en-ml), English-
Indonesian (en-id), Indonesian-Javanese (id-jv).

For each pair, we examine code-switched gener-
ation in two distinct directions to probe for asym-
metry:

Higher-Resource to Code-Switched: Genera-
tion initiated from the higher-resource language
(English for en-hi, en-ta, en-ml, en-id; Indone-
sian for id-jv), incorporating the lower-resource
language.

Lower-Resource to Code-Switched:  Gener-
ation initiated from the lower-resource language
(Hindi, Tamil, Malayalam, Indonesian, or Ja-
vanese), incorporating the higher-resource lan-
guage.

4.3 Datasets

Our experiments utilize five parallel corpora, each
corresponding to a distinct language pair, as de-
tailed in Table 1. For the human translations, we
rely on the parallel sentences available in these
datasets. In contrast, for the LLM translations we
generate translations using the Llama3 8B model.

5 Results

5.1 Automatic Metrics

We first present the results using GPT-40-mini as
an automated evaluator for Accuracy (preserving
meaning, GPT4o0,) and Fluency (naturalness of



Language Pair Source Size
Hindi-English (hi-en) HinGE 2,766
Tamil-English (ta-en) Samanantar (WAT 2020) 2,000
Malayalam-English (ml-en) Samanantar (WAT 2020) 2,000
Indonesian-English (id-en) =~ NusaX 1,000
Indonesian-Javanese (id-en) NusaX 1,000

Table 1: Summary of datasets used in the experiments,
including source and size.

Method Low High A
GPT4o0,

Direct Generation 1.55 1.39 +0.26

Guided Gen. (Human Trans.) 1.58 147 +0.11

Guided Gen. (LLM Trans.) 1.59 147 +0.12
GPT4oy

Direct Generation 1.63 1.75 +0.12

Guided Gen. (Human Trans.) 1.53 1.67 +0.14

Guided Gen. (LLM Trans.) 1.53 1.64 +0.11

Table 2: Average GPT-4 evaluation of Accuracy
(GPT40,) and Fluency (GPT4oy) for the two direction
generation across different methods. Scores are in the
range of 1-3. Positive A shows that Low Resource is
better than High Resource.

code-switching, GPT40). While automatic met-
rics for code-switching are challenging, recent
work suggests large models like GPT-40 can serve
as reasonable proxies for certain quality aspects,
especially when compared to traditional metrics
(see Section 5.3). Table 2 shows the average scores
across all five language pairs for each method and
model, separated by the direction of generation.
The automatic evaluation scores in Table 2 pro-
vide initial evidence supporting directional asym-
metry, with Direct Generation achieving higher
accuracy (1.55 vs. 1.39) and fluency (1.75 vs. 1.63)
when sourced from the lower-resource language.
Interestingly, while the linguistically guided meth-
ods show some accuracy gains over direct genera-
tion, they appear to result in lower fluency scores
according to GPT-40 across both directions. These
preliminary automated results underscore the need
for human evaluation to fully assess the nuances of
code-switching quality, which we address next.

5.2 Human Evaluation Results

Given the limitations of automatic metrics for nu-
anced linguistic phenomena like code-switching
fluency, we now turn to the human evaluation re-
sults presented in Table 3 as our primary basis for
analysis. These scores, provided by native bilin-

lang GPT40, GPT40;y Human, Humany
en-hi 0.33 0.41 0.59 0.53
en-ml 0.12 0.10 0.56 0.63
en-ta 0.07 0.12 0.45 0.39
id-jv 0.13 0.15 0.14 0.12
en-id 0.11 0.11 0.23 0.29

Table 3: Difference of Average between Low Resource
and High Resource for Direct Generation. Difference
Value is calculated by A,,, = low,, —high,,. All values
are positive because Low Resource inputs consistently
outperforms High Resource inputs. The higher the dif-
ference the higher the more prominent the asymmetry

gual speakers actively using code-switching, offer
crucial insights into the perceived accuracy and
naturalness of the generated text.

Direct Generation The human evaluation re-
sults for direct generation reveal clear direc-
tional asymmetry across language pairs, with
lower-resource languages consistently outperform-
ing higher-resource languages as source inputs.
English-Hindi shows the most pronounced asym-
metry with human accuracy and fluency differences
of 0.59 and 0.53 respectively, followed by English-
Malayalam (0.56, 0.63) and English-Tamil (0.45,
0.39). The Indonesian-Javanese pair exhibits min-
imal asymmetry (0.14, 0.12), likely due to both
languages occupying similar resource levels within
their shared ecosystem. English-Indonesian shows
moderate differences (0.23, 0.29). These patterns
align with sociolinguistic observations that speak-
ers naturally use their regional language as the
grammatical foundation while incorporating En-
glish terms, rather than embedding regional ele-
ments within English grammatical structures.

5.3 Correlation Between Automatic and
Human Metrics

To assess the reliability of automatic metrics for
this task, we calculated the Kendall’s Tau corre-
lation between various automatic scores and the
average human ratings (Accuracy and Fluency) on
the human-evaluated subset (2,700 samples per lan-
guage, aggregated). Table 4 shows these correla-
tions

The results confirm findings from previous work
(Guzman et al., 2017; Winata et al., 2023a) that
traditional metrics like BLEU and COMET show
weak correlation with human judgments of code-
switching quality, especially for fluency. No-



Human, Human;
Human,, 1.000 0.768
Human 0.768 1.000
GPT4o, 0.558 0.504
GPT4o; 0.540 0.514
COMET _avg 0.246 0.290
BLEU* 0.229 0.201

Table 4: Kendall’s tau correlation scores between differ-
ent automatic metrics and human evaluations for Human
Accuracy and Human Fluency. *BLEU score can only
be calculated for Hindi-English as there is no code-
switched references for other language pairs.

tably, our GPT-40-mini based evaluations (GPT4o0,,
GPT4o0y) demonstrate substantially higher corre-
lation with human ratings (Tau around 0.51-0.56)
compared to other automatic metrics. This supports
its use as a more reliable proxy for large-scale au-
tomatic evaluation in this context, although human
evaluation remains the gold standard.

5.4 Pairwise Preference Dataset

We construct CSPREF, a pairwise preference
dataset using human ratings to evaluate the per-
formance of different models in code-switched
text generation. Each pair consists of two gen-
erated code-switched sentences compared based on
their human-evaluated accuracy and fluency scores.
To further analyze the performance, we split the
dataset into easy and hard subsets. The easy sub-
set includes pairs where the difference in human
ratings is high (indicating a clear preference for
one generated sentence), while the hard subset
consists of pairs with minimal differences (indicat-
ing ambiguous preferences). Table 5 provides the
statistics for the pairwise dataset across three lan-
guages: Hindi, Tamil, and Malayalam. We report
the total number of pairs, as well as the breakdown
into easy and hard subsets for each language pair.

6 Discussion

6.1 Explaining Directional Asymmetry

We found a directional asymmetry in code-
switching: ECT-guided approaches significantly
improve quality when higher-resource languages
are the source, but offer minimal benefit with lower-
resource source languages (like Indic or Austrone-
sian languages). This aligns with the Matrix Lan-
guage Frame model (Myers-Scotton, 1993), where
one language provides the grammatical framework

Language Pair Total Easy Hard
Hindi-English (hi-en) 17,460 9,621 7,839
Tamil-English (ta-en) 5,034 4,506 528
Malayalam-English (ml-en) 8,064 7,517 1,147
Indonesian-English (id-en) 22,430 2,394 20,036
Indonesian-Javanese (id-jv) 44,606 13,262 31,344

Table 5: Statistics of CSPREF for five language pairs
(Hindi-English, Tamil-English, Malayalam-English,
Indonesian-English, and Indonesian-Javanese). “Easy”
pairs are defined as those with high rating differences,
while “Hard” pairs are defined as those with low rating
differences.

while another contributes lexical items. In multi-
lingual communities, lower-resource regional lan-
guages typically serve as the matrix language with
higher-resource languages providing embedded
content words (Bhatt, 2013; Myers-Scotton, 2002).
Our findings suggest LLMs have implicitly learned
these natural patterns during pre-training, develop-
ing strong capabilities to generate code-switched
text where lower-resource languages serve as the
matrix. This matches sociolinguistic patterns in
regions like India and Indonesia (Kachru, 1978;
Nababan, 1991). Conversely, LLMs struggle with
the less common pattern of higher-resource ma-
trix languages with lower-resource embeddings un-
less explicitly guided by ECT constraints (Poplack,
1988).

6.2 Linguistic Constraints vs. Implicit
Knowledge in LLMs

Our results reveal an interesting observation be-
tween explicit linguistic constraints and LLMs’ im-
plicit knowledge. In the lower-resource-to-higher-
resource direction, LLMs generate fluent code-
switched text without guidance, suggesting they’ve
internalized common patterns from training data.

This contributes to the debate on whether LLMs
truly learn linguistic rules or simply memorize
patterns (McCoy et al., 2020; Linzen and Ba-
roni, 2021). For frequent phenomena like code-
switching from lower-resource to higher-resource
languages, LLLMs develop robust implicit knowl-
edge aligning with linguistic theories like MLF.
However, explicit constraints remain valuable for
less common patterns.

GPT-40-mini’s effectiveness as an evaluator,
with much higher correlation to human judgments
than traditional metrics, reinforces this view. The
model appears to have internalized not just genera-



tion capabilities but also human quality assessment
criteria.

These findings point to a complementary rela-
tionship: linguistic theories like ECT provide valu-
able guidance for uncommon patterns, while LLMs
excel at reproducing frequently observed phenom-
ena without explicit constraints.

7 Related Work

Code-switching has been extensively studied from
both linguistic and computational perspectives.
Early linguistic theories, such as ECT (Poplack,
1980), establishes foundational principles for un-
derstanding syntactic boundaries in code-switching.
Similarly, research by Joshi (1982) and Pfaff (1979)
examine structural constraints and sentence pro-
cessing in bilingual contexts. Recent computational
approaches have adapted these theories into neural
models. For instance, Winata et al. (2019) utilized
ECT to generate synthetic data for training lan-
guage models, while Gupta et al. (2020) employed
pre-trained models to create code-switched text
without explicit constraints. Pratapa and Choud-
hury (2021) utilized ECT to synthetically gener-
ate code-switched text by using the Dependency
Tree. And Gupta et al. (2021) adopted a Machine
Translation approach to the problem. Comprehen-
sive survey by Sitaram et al. (2019); Winata et al.
(2023a) outline the computational challenges and
advancements in code-switching research.

Evaluation benchmarks, such as LinCE (Aguilar
et al., 2020) and GLUECoS (Khanuja et al., 2020)
have standardized model assessments across di-
verse tasks. Recent studies have also investigated
automatic metrics for code-switching (Guzman
etal., 2017) and explored the use of LLMs in under-
standing code-switched text (De Leon et al., 2024),
and also generating (Yong et al., 2023). In this
context, our work builds on these foundations by
integrating linguistic constraints into LLM-based
generation, addressing existing limitations in flu-
ency and accuracy evaluation.

8 Future Work

Future work could address these limitations
through several avenues. Using the CSPREF
dataset to fine-tune models specifically for code-
switching generation could potentially improve per-
formance without explicit constraints. Combining
ECT with other theories like MLF might yield a
more comprehensive approach to constraint-guided
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Figure 2: Distribution of I-index across annotators, rep-
resenting the probability of code-switching at any given
token. The I-index indicates the proportion of switch
points relative to language-dependent tokens in the cor-
pus. The variability in switching preferences among
annotators highlights the individual differences in their
judgment of fluency, suggesting that demographic fac-
tors may play a role in code-switching evaluation.

generation. Adapting generation to match individ-
ual code-switching patterns based on demographic
and language proficiency factors represents another
promising direction Figure 2. Creating specialized
automatic metrics that better correlate with human
judgments of code-switching quality would also
significantly advance the field. The asymmetric re-
sults also suggest an intriguing direction for future
work: exploring whether models can be trained to
recognize the "matrix language" in a given context
and automatically apply appropriate constraints
based on the direction of generation.

9 Conclusion

In this work,we investigated the capabilities of
Large Language Models in generating code-
switched text. Our evaluation across five language
pairs revealed a striking directional asymmetry.
Our results consistently show that models gener-
ate substantially more accurate and fluent code-
switched text when prompted with a lower-resource
language as the source, compared to when starting
with a higher-resource language like English or
Indonesian.

The asymmetry aligns with sociolinguistic pat-
terns observed in natural code-switching and sug-
gests that LLMs have implicitly learned common
code-switching patterns during pre-training. Our
findings demonstrate that linguistic theory and data-
driven approaches can complement each other, with
explicit constraints providing valuable guidance for
less common code-switching patterns.

Our result underscore the importance of con-



sidering directionality and sociolinguistic context
when developing and evaluating multilingual mod-
els. The challenges observed in automatic evalua-
tion further emphasize the continued necessity of
human judgment, a need we aimed to support by
creating the CSPREF pairwise preference dataset.
Ultimately, this work contributes to a more nuanced
understanding of LLM capabilities and limitations
in handling code-switching, paving the way for
more linguistically informed and culturally aware
language technologies.

Limitations

While our study provides valuable insights into
code-switching generation, several limitations war-
rant discussion. Our language coverage, though
spanning Indo-European, Dravidian, and Austrone-
sian language families, could be expanded to in-
clude other language families, particularly tonal
languages and those with substantially different
writing systems, to strengthen our findings. The
approach also focuses primarily on syntactic con-
straints and does not fully account for the sociolin-
guistic and pragmatic factors that influence code-
switching in natural settings. Despite using GPT-
40-mini evaluation and human judgments, we still
lack specialized metrics designed specifically for
code-switching quality assessment. Additionally,
our experiments are limited to relatively small open-
source models; larger models might show different
patterns or capabilities.

Ethics Statement

All aspects of this research were reviewed and ap-
proved by the Institutional Review Board of our
organization. Data collection was conducted by
DeccanAl for the Hindi, Tamil, and Malayalam
evaluations. We compensate human evaluators INR
110 for every 18 sentences they evaluate, which
typically takes around 20 minutes. This results in
an effective pay rate of INR 330 per hour. The
human evaluators work entirely remotely and in-
teract with DeccanAl through their web platform.
All evaluators are native speakers of the respective
lower-resource languages they assess and are pro-
ficient in English. Their language proficiency is
evaluated through custom online tests. Most evalu-
ators come from major cities in India where these
native languages are spoken and frequently engage
in code-switched dialogues. DeccanAl provides
training for the evaluators to ensure they are well-

calibrated with the annotation guidelines.

For the Indonesian-Javanese language pair, anno-
tators were recruited separately through our Indone-
sian university partners. These evaluators were
compensated at a rate of IDR 2,000,000, in line
with local research assistant compensation rates.
All Indonesian annotators were native speakers of
both Indonesian and Javanese, with most coming
from various cities across Central and East Java,
representing different dialectal backgrounds.
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A Relaxed Equivalence Constraint
Theory (ECT)

Winata et al. (2019) apply ECT by simplifying sen-
tences in terms of a linear grammatical structure
and allowing lexical substitution on non-crossing
alignments between parallel sentences (e.g., lexi-
cal substitution between “sentence” and “vaaky” in
Figure 1). Denoting L, as the source language and
L as the target language, given a sentence in L
comprising an array of words u; = ay,as, ..., am
and a corresponding sentence in Lo comprising an
array of words vy = by, ba, ..., by, the alignment
between a; and b; does not satisfy the constraint if
there exists a pair a; and b; such that (a; < a; and
b; > b;) or (a; > a; and b; < bj). If a switch oc-
curs at this point, it alters the grammatical order in
both languages, rendering the switch unacceptable.
During the generation step, we permit any switches
that do not violate this constraint.

This relaxation allows for greater flexibility
in identifying potential switching points, accom-
modating the complexities of real-world code-
switching patterns while maintaining grammatical
coherence. Our implementation expands on the lin-
ear grammatical structure and non-crossing align-
ment criteria, introducing additional flexibility to
capture a broader range of code-switching phenom-
ena. In the following section, we outline our ap-
proach to implementing the relaxed ECT for identi-
fying switching points, developing code-switched
sentence generation techniques, and establishing a
comprehensive evaluation framework.

B Switching Point Algorithm

The algorithm for the process of getting valid
switching points is as described in Algorithm 1

C Prompt Details

In Table 6 we present the specific prompts used
across different methods in our code-switching ex-
periments. The Translate prompt is used when we
generate the translations to get alignment. The Di-
rect Generation prompt is used when we evaluate
LLM to generate codeswitching. The ECT prompt
is used for both Human translated and Machine
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Algorithm 1: Identification of Valid
Switching Points

Result: List of valid switching points
GetValidSwitchingPoints(pairs)
valid_pairs <[ [;
for i < 1 to length(pairs) do
valid < true;
for j « 1 to length(pairs) do
(ai, b;) < pairslil;
(aj.b;) « pairs[j]:
if (a; < a; and b; > b;) or
(a; > aj and b; < b;) then
valid < false;
break;
end

end
if valid then

Append pairs[i] to valid_pairs;
end

end
return valid_pairs;

Translated Linguistically-Guided Genration. The
GPT Eval prompt defines the structure for evaluat-
ing code-switching output based on accuracy and
fluency.

D Human Evaluation

D.1 Annotation Guidelines

The following guidelines are provided to human
evaluators to assess the model’s responses. Eval-
uators rate the generated sentences based on two
criteria: Accuracy and Fluency. The original sen-
tence is in English, Indian local languages (Hindi,
Malayalam, and Tamil), and evaluators must adhere
to the rubrics outlined below.

D.1.1 General Guidelines

* MUST: Be objective while rating the re-
sponses.

* MUST: Strictly follow the rubrics for Accu-
racy and Fluency evaluation.

e Score each criterion on a scale from 1 to 3,
where 1 is the lowest and 3 is the highest.

* Ignore formatting, and any additional explana-
tory text generated by the language model.
Only focus on meaning and context.

12

* If the model fails to generate a response, as-
sign a score of 1 for both Accuracy and Flu-
ency.

D.1.2 Accuracy

Accuracy measures how well the generated sen-
tence preserves the meaning and information of the
original sentence and whether the code-switched
terms are used correctly. The scores are as follows:

* 1. Low Accuracy:

— Significant deviations from the original
meaning.

— Key information is missing, altered, or
repeated redundantly.

— Code-switched terms are incorrect or in-
appropriate.

— Introduces new information not present
in the original sentence.

— Key details are altered or repeated redun-
dantly.

* 2. Moderate Accuracy:

— Minor deviations from the original mean-
ing.

— Most key information is present but may
have slight errors.

— Most code-switched terms are appropri-
ate but with minor mistakes.

* 3. High Accuracy:

— Preserves the original meaning fully.

— All key information is present and cor-
rect.

— Code-switched terms are accurate and
appropriately used.

D.1.3 Fluency

Fluency measures how natural and easy to under-
stand the generated sentence is, considering gram-
mar, syntax, and the smooth integration of code-
switching. The scores are as follows:

* 1. Low Fluency:

— The sentence is difficult to understand or
awkward.

— Poor grammar or syntax in either lan-
guage.

— Code-switching disrupts the flow of the
sentence.



Method Prompt

Translate
<Input Sentence>

Translate the following lang1 sentence to lang2:

You are a Bilingual 1ang1-lang2 speaker, you will help translate these lang1

Baseline
<Input Sentence>

sentences into a code-mixed sentence with Romanized 1lang2 and lang?

You are a Bilingual 1ang1-lang2 speaker, you will help translate these lang1
sentences into a code-mixed sentence with Romanized 1ang2 and lang1

ECT Prompt
<Input Sentence>

with specific keywords that should to appear.

Words wanted: <List of Words>

You are provided with triplets of sentences. The first two sentence in each triplet
is the original monolingual sentences. The second sentence is a generated
code-switched sentence. Your task is to evaluate the generated sentence based
on two criteria: Accuracy and Fluency. You will score each criterion on a scale
from 1 to 3, where 1 is the lowest and 3 is the highest. When evaluating the

GPT Eval

generated sentences, focus on the content and meaning. Ignore any extra

formatting, alignment artifacts, or additional explanatory text. Judge the
sentence to determine its accuracy and fluency.

original_I1: <Original Langl Sentence>

original_I2: <Original Lang2 Sentence>

generated: <Code Switched Sentence>

Table 6: Prompts used in our experiment.

* 2. Moderate Fluency:

— The sentence is understandable but may
have awkward or unnatural phrasing.

— Acceptable grammar and syntax in both
languages.

— Code-switching is somewhat smooth but
not perfectly integrated.

* 3. High Fluency:

— The sentence is natural and easy to un-
derstand.

— Good grammar and syntax in both lan-
guages.

— Code-switching is smooth and seamless,
enhancing the sentence flow.

D.2 Detailed Values

Table 7 shows the mean scores of GPT and Human
judgements for all the combinations of experiments
that we did.

D.3 Inter Annotator Agreement

As seen in Table 8, the inter-annotator agreement,
measured by Krippendorff’s alpha, reveals vary-
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ing levels of consensus across languages, with the
highest agreement for Hindi. While Fluency is gen-
erally lower, this is expected as Fluency is more of
a subjective measure.

For Indonesian-Javanese, we observed lower
agreement scores compared to other language pairs.
This can be attributed to our annotators coming
from different cities across Java, where regional
variations in Javanese dialects led to different inter-
pretations of certain common words. These dialec-
tal differences affected how annotators judged the
appropriateness of specific code-switched terms,
particularly when evaluating fluency in contexts
where regional expressions were used.

Throughout the evaluation process, we continu-
ously monitored the quality of annotations by mea-
suring inter-annotator agreement at regular inter-
vals. If the agreement metric indicated significant
divergence in scores, particularly when individ-
ual annotators’ ratings deviated notably from the
group consensus, we conducted alignment meet-
ings. These meetings were used to clarify the guide-
lines and ensure a consistent understanding of the
evaluation criteria among the annotators. During



GPT4o0,, GPT4o; Human,, Human

direction high low high low high low high low
lang  method
en-hi  Direct Generation 1.69 2.02 175 214 175 233 179 232

Guided Gen. (Human Trans.) 1.63 190 1.70 198 172 221 1.73 2.12
Guided Gen. (LLM Trans.) 1.65 186 171 196 1.75 219 1.75 2.14

en-ml Direct Generation 1.21 133 139 143 1.15 181 1.15 1.78
Guided Gen. (Human Trans.) 1.36 1.27 146 138 1.17 1.72 1.16 1.66
Guided Gen. (LLM Trans.) 1.382 1.33 148 140 1.16 1.66 1.15 1.61

en-ta  Direct Generation 1.26 133 131 143 1.11 156 1.15 1.54
Guided Gen. (Human Trans.) 1.39 136 146 152 1.17 135 1.19 1.38
Guided Gen. (LLM Trans.) 1.29 135 134 149 1.15 135 1.17 1.38

id-jv  Direct Generation 143 186 1.82 197 211 252 201 2.13
Guided Gen. (Human Trans.) 148 1.56 1.62 1.69 227 240 197 1.99
Guided Gen. (LLM Trans.) 148 152 166 1.62 229 236 199 197

en-id  Direct Generation 148 159 166 177 244 267 2.18 249
Guided Gen. (Human Trans.) 1.51 1.56 1.67 1.77 253 256 220 226
Guided Gen. (LLM Trans.) 1.58 1.61 1.77 174 247 252 217 2.21

Table 7: Mean scores of Human Accuracy (Human,), Human Fluency (Humany), and GPT4-based evaluations
(GPT40, for Accuracy and GPT4o; for Fluency). Scores are grouped by translation direction (Higher Resource to
Lower Reousrce and vice versa.)

these sessions, any inconsistencies were discussed
and resolved to improve consistency, especially
in subjective aspects like Fluency. This iterative
process helped ensure the reliability of the final
evaluations and minimized discrepancies in the rat-

ings.
Language Fluency Accuracy
Tamil-English 0.321 0.445
Malayalam-English 0.405 0.423
Hindi-English 0.646 0.720

Indonesian-English 0.535 0.606
Indonesian-Javanese 0.274 0.317

Table 8: Krippendorff’s alpha scores for inter-annotator
agreement on Fluency and Accuracy across Tamil,
Malayalam, and Hindi.
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