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Abstract

Code-switching (CSW) is the act of alternating
between two or more languages within a sin-
gle discourse. This phenomenon is widespread
in multilingual communities, and increasingly
prevalent in online content, where users nat-
urally mix languages in everyday communi-
cation. As a result, Large Language Mod-
els (LLMs), now central to content process-
ing and generation, are frequently exposed to
code-switched inputs. Given their widespread
use, it is crucial to understand how LLMs pro-
cess and reason about such mixed-language
text. This paper presents a systematic eval-
uation of LLM comprehension under code-
switching by generating CSW variants of es-
tablished reasoning and comprehension bench-
marks. While degradation is evident when for-
eign tokens disrupt English text—even under
linguistic constraints—embedding English into
other languages often improves comprehension.
Though prompting yields mixed results, fine-
tuning offers a more stable path to degradation
mitigation.

1 Introduction

Code-switching (CSW)—the act of alternating
between two or more languages within a single
discourse (Das et al., 2023; Zhang et al., 2023;
Ochieng et al., 2024)—is a common phenomenon
in multilingual communities (Bullock and Toribio,
2009; Parekh et al., 2020; Dogrudz et al., 2021),
and increasingly prevalent in online content (Kodali
et al., 2024), where users naturally mix languages
in everyday informal communications.

Large Language Models (LLMs) have demon-
strated remarkable capabilities across a wide range
of natural language processing tasks (Zhao et al.,
2023). As they are increasingly used to process
and generate content, the widespread availability of
code-switched inputs makes it crucial to understand
how LLMs reason about such mixed-language data,

and whether their multilingual fluency reflects gen-
uine understanding or superficial pattern match-
ing (Zhang et al., 2023). To systematically assess
LLMs’ handling of such data, we turn to insights
from linguistic theories that define the structural
constraints governing natural code-switching.

Linguistic theories have long studied the struc-
ture of code-switching, proposing formal con-
straints on permissible switch points, such as
the Equivalence Constraint Theory (ECT), which
posits that switches occur at positions where the sur-
face structures of both languages are grammatically
compatible (Poplack, 1978), and the Matrix Lan-
guage Frame model (MLF), which distinguishes
between a Matrix Language (ML) that provides
the grammatical frame of the clause and an Em-
bedded Language (EL) that contributes inserted
content without disrupting this structure (Myers-
Scotton, 1993). These frameworks aim to identify
the grammatical boundaries and syntactic compat-
ibility that make code-switching possible and nat-
ural. While such theories offer testable hypothe-
ses for analyzing CSW, current efforts in synthetic
CSW generation often prioritize producing fluent
mixed-language text over probing whether LLMs
genuinely internalize and apply these structural
constraints in their reasoning (Pratapa et al., 2018;
Potter and Yuan, 2024; Kuwanto et al., 2024; Here-
dia et al., 2025).

Despite the availability of well-established lin-
guistic theories, existing evaluation benchmarks
fall short of leveraging these insights to as-
sess deeper comprehension in code-switched con-
texts. Current benchmarks for evaluating the code-
switching capabilities of language models primar-
ily focus on surface-level tasks such as language
identification, sentiment analysis, and sequence la-
beling (Khanuja et al., 2020; Aguilar et al., 2020;
Patwa et al., 2020). However, they largely overlook
the challenge of evaluating deeper reasoning and
semantic understanding in mixed-language settings
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Figure 1: An example illustrating the noun-token code-switching methodology from Experiment 1. The figure
demonstrates how different embedded languages (Arabic, French, German, Chinese) for the noun “beauty” in an

English matrix sentence can lead to varied model outputs.

(Yadav et al., 2024; Gupta et al., 2024; Ng and
Chan, 2024), leaving a critical gap in assessing the
true extent of LLMs’ code-switched comprehen-
sion abilities.

To address these gaps, we introduce a system-
atic evaluation framework that leverages a con-
strained, multi-step LLM pipeline to generate lin-
guistically grounded code-switched variants of es-
tablished benchmarks in reading comprehension,
multi-domain knowledge, and natural language
inference. Code, data, and benchmarks are pub-
licly available!. Our experiments reveal that code-
switching has a nuanced impact on LLM compre-
hension, influenced by the languages involved and
the switching style. In particular:

e Embedding non-English tokens into an En-
glish matrix language consistently degrades per-
formance, even when the switches follow linguistic
constraints, suggesting a structural vulnerability
that cannot be explained solely by token-level un-
familiarity.

e Embedding English tokens into non-English ma-
trix languages often improves comprehension, es-
pecially for models with limited proficiency in the
matrix language, indicating a facilitative role for
English in such contexts.

e While strategic prompting can help some models,
it negatively affects others, highlighting inconsis-
tency in controllability; by contrast, fine-tuning
on code-switched data leads to more stable, albeit
partial, performance recovery.

2 Related Work

Code-Switching in Language Models. Early
multilingual encoder-based models (e.g., mBERT

"Links will be provided upon acceptance.

(Devlin et al., 2019), XLM-R (Conneau et al.,
2020)), while effective on monolingual tasks, con-
sistently faltered on code-switched inputs (Winata
et al., 2021a). This gap spurred specialized meth-
ods for mixed-language text, including new archi-
tectures and training regimes (Winata et al., 2019;
Liu et al., 2020; Winata et al., 2021b). Although ex-
isting benchmarks (Khanuja et al., 2020) supported
these efforts, research predominantly focused on
encoder-centric models (Winata et al., 2019; Tan
and Joty, 2021; Zhu et al., 2023). Consequently,
decoder-only architectures, now central to state-of-
the-art NLP, have received markedly less scrutiny
regarding CSW. While some studies probed adver-
sarial code-mixing in autoregressive models (Das
et al., 2022), meaningful evaluation of such models
requires access to high-quality, linguistically coher-
ent code-switched text. This has motivated growing
interest in controlled CSW text generation.

Code-Switched Text Generation. Synthetic
code-switched text generation plays a critical role
in data augmentation and diversification for mul-
tilingual language models (Pratapa et al., 2018;
Zhang et al., 2023). Methods range from linguis-
tically motivated approaches—such as the Equiv-
alence Constraint Theory (ECT) (Poplack, 1978)
and Matrix Language Frame (MLF) model (Myers-
Scotton, 1993)—to heuristic token-level substitu-
tions (Myslin, 2014; and, 2018; Chan et al., 2024).
Recent work often relies on word-level aligners to
guide borrowing from embedded-language texts
while preserving grammatical structure (Kuwanto
et al., 2024). Although these techniques aim for
token-level accuracy, they overlook the growing
capacity of LLMs to perform context-aware, lin-
guistically grounded substitutions. Leveraging this



potential, recent studies have explored LLM-based
generation using linguistic constraints (Kuwanto
et al., 2024), fine-tuning on CSW data (Heredia
et al., 2025), or zero-shot prompting (Potter and
Yuan, 2024). Still, challenges remain in control-
ling switch placement, scaling across language
pairs, and conducting robust evaluation. Our work
addresses these challenges by leveraging modern
LLMs to generate linguistically grounded code-
switched text, grounded in established theoretical
constraints, to support more rigorous evaluation of
model comprehension in mixed-language contexts.

Evaluation of LLM CSW Capabilities. LLM
code-switching evaluation has largely focused on
surface-level tasks through benchmarks like GLUE-
CoS (Khanuja et al., 2020), LINCE (Aguilar et al.,
2020), and SemEval (Patwa et al., 2020) (e.g., lan-
guage ID, sentiment, PoS tagging), thus neglect-
ing deeper semantic or reasoning capabilities. Al-
though more recent studies assess CSW sentiment
classification (Winata et al., 2021a), and question
answering (Huzaifah et al., 2024), they are limited
in scope, emphasizing task-specific metrics over
broader comprehension. In contrast, our approach
introduces linguistically grounded CSW variants
of established comprehension and reasoning tasks,
enabling a more rigorous assessment of LLMs’ ca-
pacity to reason over mixed-language input beyond
surface-level performance.

3 Methodology

3.1 Notations

Let
B = {Bp 1113:1

be a set of P standard benchmarks. Let

L= {lj }5;:1

be a set of L languages from which the matrix
and embedded languages are selected for code-
switched benchmarks generation. Let

M = {mk}é(:l

be a set of K LLMs. To evaluate the perfor-
mance of an LLM m; € M on code-switched
text comprehension, we generate a code-switched
version of benchmark B, € B using a single
matrix language lnawix € £ and a set of em-
bedded languages Lembedded, Where Lembedded &

L\ Imatrix and | Lembedded| > 1, which we denote by
Blmalrix ‘)Eembedded
) .

3.2 Code-Switching Methods

To investigate how different code-switching strate-
gies affect LLM comprehension, we generate in-
puts using two distinct approaches: a linguisti-
cally grounded noun-token method (Poplack, 1988;
Muysken, 2000; Moyer, 2002; Chan et al., 2024)
and a heuristic ratio-token method (Chan et al.,
2024). In the noun-token method, we replace nouns
in the matrix language text with their aligned coun-
terparts from a parallel sentence in the embedded
language. Substitutions are only applied when they
preserve grammatical well-formedness according
to two established linguistic constraints: the Equiv-
alence Constraint Theory (ECT), which requires
syntactic alignment at switch points, and the Ma-
trix Language Frame (MLF) model, which man-
dates that the matrix language maintains control
over the clause’s morpho-syntactic structure. In
contrast, the ratio-token method replaces 20% of
tokens at random, regardless of linguistic struc-
ture. This comparison allows us to isolate the role
of syntactic and grammatical constraints in LLM
comprehension of code-switched text.

3.3 Code-Switched Text Generation
Approaches

Given a corpus of parallel texts, we generate
code-switched sentences by substituting embedded-
language words into matrix-language sentences us-
ing two approaches:

Alignment-Based Approach. We begin by align-
ing words between matrix and embedded language
sentences using the AWESOME aligner (Dou and
Neubig, 2021), guided by LaBSE embeddings
(Feng et al., 2022). Based on this alignment, we
apply two code-switching strategies:
Noun-Token: Matrix-language nouns are identi-
fied using the Stanza POS tagger (Qi et al., 2020),
then replaced by their aligned counterparts from
the embedded-language text guided by Claude 3.5
Sonnet (Claude), while ensuring compliance with
the Equivalence Constraint Theory (ECT), and the
Matrix Language Frame (MLF) model.
Ratio-Token: 20% of aligned tokens are randomly
sampled and substituted with embedded-language
words, without enforcing any linguistic constraints
(Chan et al., 2024).

LLM-Centric Approach Inspired by the recent
capabilities of LLMs in code-switched text gener-
ation (Potter and Yuan, 2024), we propose a two-



step approach using Claude to generate CSW text.
In step (1), the model identifies and placeholder-
masks switching points in the matrix-language sen-
tence—nouns for the noun-token strategy and ran-
domly selected tokens for the ratio-token strategy.
In step (2), the placeholders are filled with con-
textually appropriate words from the embedded-
language sentence.

3.4 Code-Switching Approach Evaluation

For each embedded language, we assembled a 300-
sample test-set, and generated code-switched vari-
ants using both CSW approaches. GPT-4o then
conducted blind, pairwise comparisons under the
LLM-as-a-Judge framework (Zheng et al., 2023),
evaluating fluency, depth of mixing, grammatical
validity at switch points, adherence to the Matrix
Language Frame model, and overall coherence. In
every case, GPT-4o preferred the two-step LLM-
Centric approach, demonstrating its superior capac-
ity to produce high-quality, linguistically coherent
code-switched text (See Appendix B for details
on the embedding model, LLM setup, and CSW
approach selection and evaluation).

3.5 Evaluation Metrics

We evaluate models using three key metrics to cap-
ture baseline performance and the effects of code-
switching: accuracy, weighted average accuracy,
and accuracy delta.

Accuracy. For a model m; € M and bench-
mark B’, whether a monolingual test B, € BB or its
code-switched variant le)mﬂ"i*_membedded, we define
accuracy as:

Acc(my, B') =
|B'|

1
B Z]l(Correct(mk,instancei)), (1)
i=1

where | B’| denotes the number of samples in bench-
mark B’, instance; is its i-th example, and 1(-) is
the indicator function.

Weighted Average Accuracy. To report an ag-
gregate performance measure for a model my
across multiple benchmarks B, we compute the
weighted average accuracy as:

ACCWeighted(mka I matrix, Eembedded) =
e | Bol - Acc(imy, Bl Lenveisa)

>, | Byl ’

2

Accuracy Delta (AAcc). We quantify the code-
switching impact by computing the accuracy delta,
i.e., the difference between a model’s score on the
code-switched benchmark and its score on the orig-
inal monolingual benchmark, as:

AAcc(my, Bématrix"ﬁembedded) —

ACC(mk, le)malrixﬁﬁembedded) _ ACC(mk, Bp) (3)

Positive AAcc indicates an improvement under
code-switching, negative values a drop.

4 Experimental Setting

Languages selection We consider a set of lan-
guages
L = {English, Arabic, German, French, Chinese}

We hypothesize that this set creates varying de-
grees of semantic, lexical, and syntactic similari-
ties between the matrix language and the embedded
languages set, which may differentially affect the
degradation caused by code-switching, akin to ef-
fects observed in machine translation (Guerin et al.,
2024; Mohamed et al., 2025).

Models selection We evaluated LLaMA 3.2 In-
struct (3B) and LLaMA 3.1 Instruct (8B, 70B)
(Grattafiori et al., 2024), Qwen 2.5 Instruct (3B,
7B, 72B) (Yang et al., 2025), Mistral 7B Instruct
(v0.3) (Albert et al., 2023), and ALLaM 7B (Bari
et al., 2024), encompassing a wide range of scales
and pretraining curricula. Allam currently repre-
sents the state-of-the-art in Arabic LLMs, while
Owen and Mistral excel in Chinese and French,
respectively, even as they maintain strong multi-
lingual capabilities. The Llama family delivers
consistently robust multilingual performance, en-
abling us to isolate the effects of architecture and
model scale on code-switching resilience.

Benchmarks selection We assess LLM com-
prehension on three established tasks: Belebele
(Bandarkar et al., 2023) for passage-level reading
comprehension (with both passages and questions
code-switched), MMLU? (Hendrycks et al., 2020)
for broad-domain multiple-choice reasoning (code-
switching applied to questions), and XNLI (Con-
neau et al., 2018) natural language inference (both
premise and hypothesis code-switched). To ensure
consistent, scalable evaluation across models, we
used and adapted EleutherAI’s Language Model
Evaluation Harness (Gao et al., 2024) for our code-
switched variants.

Zhttps://huggingface.co/datasets/openai/ MMMLU
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Figure 2: Comparison of LLM accuracy on monolingual English versions of Belebele, MMLU, and XNLI benchmarks
(baseline) versus their noun-token code-switched counterparts. English serves as the matrix language, with Arabic
(EN—AR), French (EN—FR), German (EN—DE), and Chinese (EN—ZH) as embedded languages.

5 Experiments

5.1 Experiment 1: Linguistically motivated
CSW

Setup We use English as the matrix language
Imatrix, and perform code-switching on the bench-
marks with each language in £\ Imauix as the em-
bedded language separately, using the noun-token
code-switching method, and compare the perfor-
mance of the code-switched benchmarks with the
original English benchmarks.

Hypothesis 1 (H1) We hypothesize that LLM per-
formance on code-switched benchmarks degrades
in proportion to the linguistic distance between the
matrix and embedded languages.

Results Table 1 and Figure 2 show consistent
drops in LLM performance on noun-token code-
switched benchmarks compared to their English
versions. The extent of degradation varied by
embedded language and model. For example,
LLaMA-70B’s weighted average accuracy declined
from 0.70 (English) to 0.66 on EN—AR/EN—DE
(A = —0.04) and 0.67 on EN—ZH (A =~ —0.03).

Mistral-7B showed minimal loss on EN—FR
(A ~ —0.01), and ALLaM-7B retained relatively
strong performance on EN—AR (A ~ —0.06).
Qwen models exhibited consistent degradation
across languages (e.g., Qwen-7B: A ~ —0.03 to
—0.06), with larger models achieving better abso-
lute scores but similar relative drops. These trends
held across all three tasks, underscoring both the
general difficulty of CSW and the role of language-
specific model strengths.

5.2 Experiment 2: Non-linguistically
motivated code-switching

Setup In this experiment, we retain the experi-
mental framework of Experiment 1, replacing the

Model EN—AR|EN—DE|EN—FR|EN—ZH| EN
Llama 3B 0.47 0.47 0.47 0.50 | 0.54
Qwen 3B 0.49 0.50 0.52 0.51 0.56
Allam 7B 0.55 0.52 0.53 0.53 | 0.58
Mistral 7B| 0.47 0.52 0.52 0.51 0.57
Qwen 7B 0.52 0.55 0.56 0.57 | 0.61
Llama 8B 0.48 0.51 0.52 0.51 0.59
Llama 70B| 0.66 0.66 0.67 0.67 | 0.70
Qwen 72B | 0.65 0.66 0.65 0.65 | 0.69

Table 1: Weighted average accuracy of selected LLMs
on noun-token code-switched benchmarks (EN— AR,
EN—DE, EN—FR, EN—ZH) compared to the mono-
lingual English baseline. Cell colors indicate relative
performance from highest (green) to lowest (red). The
highest scores are indicated in bold.

linguistically motivated noun-token CSW method
with the ratio-token method.

Hypothesis 2 (H2) We hypothesize that non-
linguistically motivated code-switching leads to
sharper performance degradation in LLMs than
that observed on linguistically motivated code-
switching, as such input is less likely to align with
patterns encountered during pre-training.

Results Results are show in Table 2. All models
exhibited a decline in weighted average accuracy,
consistent with the patterns observed in Experi-
ment 1. The extent of degradation varied with
model size and language pairing. Smaller models
experienced the most pronounced drops; for exam-
ple, Liama 3B decreased from 0.54 (EN) to 0.43 on
EN—DE (A = —0.11) and to 0.47 on EN—AR
(A = —0.07). In contrast, Llama 70B showed min-
imal degradation, with weighted average accuracy
decreasing from 0.70 to 0.68 across all embedded
languages (A ~ —0.02). Language-specific re-
silience was also observed. Allam 7B and Mistral
7B relatively strong performance on EN—AR on
EN—FR, respectively. Qwen 7B exhibited consis-



Model EN—AR|EN—DE(EN—FR|EN—ZH| EN
Llama 3B 0.47 0.43 0.46 0.51 | 0.54
Qwen 3B 0.50 0.51 0.52 0.51 | 0.56
Allam 7B 0.56 0.51 0.53 0.54 | 0.58
Mistral 7B| 0.49 0.52 0.53 0.52 | 0.57
Qwen 7B 0.53 0.55 0.56 0.57 | 0.61
Llama 8B 0.50 0.52 0.53 0.54 | 0.59
Llama 70B| 0.68 0.67 0.68 0.68 | 0.70
Qwen 72B | 0.66 0.66 0.66 0.66 | 0.69

Table 2: Weighted average accuracy of selected LLMs
on ratio-token code-switched benchmarks (EN— AR,
EN—DE, EN—FR, EN—ZH) compared to the mono-
lingual English baseline. Cell colors indicate relative
performance from highest (green) to lowest (red). The
highest scores are indicated in bold.

tent, moderate degradation, decreasing from 0.61
to arange of 0.53-0.57 depending on the embedded
language (A = —0.08 to —0.04).

6 Ablations

Building on Section 5, which found comparable
degradation from noun-token and ratio-token code-
switching, we proceed with ablation studies using
exclusively the noun-token method.

6.1 English as an embedded language

To assess whether embedding English improves
comprehension in other matrix languages, we re-
versed the language roles from the main experi-
ments, using each language in £ \ lnarix as the
matrix language, and English as the sole embed-
ded language. We generated code-switched ver-
sions (Bl Enelishly o the Belebele, MMLU,
and XNLI benchmarks. By comparing model per-
formance on these variants against their original
monolingual counterparts, we aimed to assess any
comprehension enhancement attributable to the em-
bedded English words.

Results are presented in Table 3. Embedding
English into lower-resource matrix languages of-
ten improved model performance or, at minimum,
avoided large degradations. Gains were espe-
cially prominent when models lacked proficiency
in the matrix language. For instance, Mistral 7B’s
weighted average accuracy in Arabic rose from
0.35 t0 0.48 (A = +0.13), while its score in Chi-
nese increased by +0.07 points. In contrast, when
models already demonstrated strong matrix lan-
guage proficiency, improvements were minimal or
absent. Allam 7B (Arabic) and Mistral 7B (French)
saw gains of only +0.01 and +0.03, respectively.
High-performing models such as Llama 70B and

AR—EN DE—EN FR—EN ZH—EN

Orig CSW |Orig CSW |Orig CSW |Orig CSW
Llama 3B |0.37 0.45[{0.35 0.38(0.43 0.45[0.42 0.47
Qwen 3B |0.40 0.48(0.49 0.52(0.50 0.53[0.48 0.48
Allam 7B [0.51 0.52]0.39 0.43|0.49 0.52|0.44 0.51
Mistral 7B (0.35 0.48|0.50 0.54|0.52 0.55|0.46 0.53
Qwen7B |0.47 0.52(0.51 0.53(0.56 0.57(0.56 0.55
Llama 8B (0.38 0.44|0.50 0.50|0.50 0.52]|0.49 0.53
Llama 70B|0.61 0.66 [0.67 0.67 [0.68 0.68|0.64 0.66
Qwen 72B | 0.63 0.66 [0.68 0.68|0.68 0.68|0.66 0.66

Model

Table 3: Weighted average accuracy of LLMs on mono-
lingual (Orig) versus English-embedded code-switched
(CSW) benchmarks across Arabic, German, French, and
Chinese, rounded to two decimals. Bold indicates the
higher score in each Orig/CSW pair. [Ifalic indicates
instances where performance did not change between
the original and code-switched versions.

Owen 72B showed no change in several settings.
Only one case showed a minor drop: Qwen 7B
on Chinese (A ~ —0.01). This suggests that em-
bedded English may introduce interference when
matrix language representations are already strong.

6.2 When Code-Switching Goes Extreme

To assess performance under more complex mul-
tilingual mixing, an "extreme" code-switching ex-
periment was conducted on the MMLU bench-
mark. English served as the matrix lan-
guage, with nouns code-switched using three
distinct embedded languages sets: Setting 1
featured a non-Latin script pair (Lembedded =
{Arabic,Chinese}), Setting 2 used a Latin script
pair (Lembedded = {French,German}), and Set-
ting 3 combined all four languages (Lembedded =
{Arabic,Chinese,French,German}). For generat-
ing the code-switched text across these settings,
Claude was, additionally, prompted to borrow
words evenly from the specified embedded lan-
guages for each instance. Table 4 demonstrates
that all models experience a decline in MMLU ac-
curacy under extreme code-switching relative to the
monolingual English baseline. For example, Llama
70B’s score decreases from 0.77 to between 0.70
and 0.72, and Qwen 72B’s from 0.77 to 0.73-0.74.
Analyzing language-script effects by comparing
the non-Latin mix (Setting 1) against the Latin mix
(Setting 2) reveals no uniform penalty for non-Latin
scripts. Allam 7B achieves a higher accuracy with
the non-Latin pair (0.56 vs. 0.54), whereas Mis-
tral 7B performs better with the Latin pair (0.56 vs.
0.53). Moreover, extending the embedded set to
all four languages (Setting 3) does not invariably



Model Setting 1 | Setting 2 | Setting 3 EN
Llama 3B 0.48 0.46 0.47 0.55
Qwen 3B 0.54 0.55 0.53 0.59
Allam 7B 0.56 0.54 0.54 0.58
Mistral 7B 0.53 0.56 0.55 0.59
Qwen 7B 0.58 0.60 0.59 0.65
Llama 8B 0.49 0.51 0.49 0.60
Llama 70B| 0.72 0.70 0.70 0.77
Qwen 72B 0.74 0.74 0.73 0.77
Table 4: MMLU  accuracy for extreme

code-switching with  [apix = English and

Lembedded = {Arabic, Chinese} (Setting 1),
Lembedded =  {French, German} (Setting 2), and
Lembedded =  {Arabic, Chinese, French, German}

(Setting 3), alongside the monolingual English baseline.
The highest scores are indicated in bold.

yield the lowest scores, while Llama 70B (0.70)
and Qwen 72B (0.73) record their minima in Set-
ting 3, other models exhibit accuracies intermediate
between those in Settings 1 and 2.

7 Mitigation strategies

To mitigate the performance declines induced by
code-switching, we investigate two strategies: a
prompt-based approach, which prepends explicit
instructions to code-switched inputs, and a model-
based approach, which fine-tunes LLMs on syn-
thetic CSW data.

7.1 Prompt-based Mitigation

Each noun-token code-switched benchmark in-
stance was prepended with an explicit instruction
indicating that the input involves English mixed
with an embedded language. Further details on
the prompts used per benchmark are provided in
Appendix C.

Model EN—AR|EN—DE(EN—FR|EN—ZH| EN
Llama 3B 0.31 0.34 0.32 032 | 0.54
Qwen 3B 0.51 0.53 0.54 0.53 | 0.56
Mistral 7B| 0.46 0.50 0.50 0.50 | 0.57
Allam 7B 0.56 0.53 0.54 0.53 | 0.58
Qwen 7B 0.54 0.56 0.58 0.59 | 0.61
Llama 8B 0.41 0.47 0.48 0.47 | 0.59
Llama 70B| 0.53 0.53 0.64 0.50 | 0.70
Qwen 72B | 0.70 0.71 0.71 0.72 | 0.69

Table 5: Impact of an instructional prompt on
LLM weighted average accuracy for noun-token code-
switched benchmarks. English serves as the matrix
language, with results shown for various embedded lan-
guages. The highest scores are indicated in bold

The results of the prompt-based mitigation ap-

proach, presented in Table 5, show considerable
variation across models when compared to un-
prompted noun-token code-switching (Table 1).
For some models, most notably the Qwen family,
the addition of an explicit instruction led to con-
sistent performance gains. Qwen 72B improved
across all language pairs, most remarkably surpass-
ing its monolingual English weighted average ac-
curacy (EN—ZH: 0.72 vs. EN: 0.69). Similarly,
Qwen 7B also benefited, with EN—ZH improving
from 0.57 to 0.59 (A = 40.02). Allam 7B exhib-
ited minor improvements as well, such as EN—AR
increasing from 0.55 to 0.56 (A = +0.01).

Conversely, for other models, particularly the
Llama family and Mistral 7B, the prompt-based
strategy was frequently detrimental. Llama 8B
saw weighted average accuracy declines across
all embedded languages (e.g., EN—FR dropped
from 0.52 to 0.48, A = —0.04). More substantial
drops were observed for Llama 70B, especially on
EN— AR and EN—ZH, where performance fell by
13 and 17 points respectively. Llama 3B and Mis-
tral 7B similarly exhibited declines (e.g., Llama 3B
EN—AR: 0.47 to 0.31, A = —0.16).

7.2 Model-based Mitigation

Directly fine-tuning LLMs on code-switched text
presents another avenue for mitigation. For this,
Llama 8B was selected, primarily due to its limited
responsiveness to prompting within its size cate-
gory. A parallel corpus of TED Talk transcripts
(Qi et al., 2018) spanning English, Arabic, Chinese,
French, and German was utilized. The instruction-
tuning dataset was constructed by first selecting
samples from the parallel corpus where the English
sentence length was greater than 70 words. This
filtering yielded approximately 3,650 pairs per lan-
guage combination. Noun-token code-switching,
with English as a matrix language, was then ap-
plied to these, resulting in an instruction-tuning
dataset of approximately 14,600 training samples.
The instruction required the model to generate the
code-switched text from the original English and
embedded-language sentences, using five distinct
prompt templates to ensure instructions diversity
(further details in Appendix D).

The impact of this instruction fine-tuning is illus-
trated in Figure 3. The baseline Liama 8B model
achieved an English-only weighted average accu-
racy of 0.59 on the combined benchmarks. Intro-
ducing noun-token code-switching without fine-
tuning resulted in a weighted average accuracy re-
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Figure 3: Comparison of Llama 8B and its instruction-
tuned variant (CSW-Llama 8B) on monolingual English
benchmarks (Belebele, MMLU, and XNLI) versus their
noun-token code-switched counterparts. English serves
as the matrix language, with Arabic, French, German,
and Chinese, as embedded languages.

duction of up to 0.11 points, depending on the
embedded language. After fine-tuning on the code-
switched corpus (yielding CSW-Llama 8B), a par-
tial recovery of performance was observed. The
most significant improvement was for the EN—AR
setting, where the weighted average accuracy in-
creased by +0.04 points over the baseline. The
smallest gain was for EN—FR, with an increase of
+0.03 points.

8 Discussion and Conclusion

As LLMs increasingly process multilingual and
mixed-language inputs, understanding their com-
prehension limits is paramount. This study sys-
tematically evaluated LLM performance on code-
switched text, yielding multifaceted insights into
information processing under these conditions. Our
findings reveal several nuanced insights.

LLM comprehension of English as a matrix lan-
guage is significantly disrupted by the introduc-
tion of elements from other languages. Our ex-
periments consistently show that inserting tokens
from other languages—Arabic, Chinese, French, or
German—into English text leads to a drop in LLM
comprehension. This drop does not appear to stem
solely from unfamiliarity with code-switching, as
similar performance declines were observed when
randomly inserting foreign tokens (as in the ratio-
token method from Experiment 2). Instead, these
findings point to a more fundamental difficulty:
LLMs struggle to process disrupted monolingual
structures and integrate mixed linguistic signals
effectively.

Embedding English tokens into other languages
often improves LLLM comprehension of the orig-
inal text. LLMs frequently exhibited improved
comprehension on non-English texts when English
tokens were embedded, surpassing their baseline
performance on the original monolingual versions
of the same benchmarks.

Code-switching complexity does not linearly cor-
relate with performance degradation. In our "ex-
treme" code-switching experiments, increasing the
number of embedded languages or mixing script
types did not consistently lead to greater declines
in model performance compared to simpler two-
language settings. These findings suggest that
degradation is not a direct function of multilingual
complexity, but rather emerges from a nuanced in-
teraction between specific language combinations
and model-specific linguistic representations.

While prompting helps some models mitigate
degradation, fine-tuning offers a more reliable
solution. We evaluated two strategies for mitigat-
ing the effects of code-switching: prompt-based
and model-based. Explicitly prepending instruc-
tions about upcoming code-switched input (Table
5) proved effective for some architectures—most
notably the Owen family. However, this strategy
was less effective, or even detrimental, for others
like Llama and Mistral, likely due to interference
with their internal processing. For models that
did not benefit from prompting, such as Llama
8B, we explored direct instruction fine-tuning on
code-switched data. This approach led to a more
consistent improvement. As shown in Figure 3,
Llama 8B, which suffered performance drops under
prompting, partially recovered its accuracy after in-
struction tuning—demonstrating that fine-tuning is
a more promising path for improving LLM robust-
ness to code-switching.

These findings underscore that while LLMs ex-
hibit impressive multilingual capabilities, code-
switching introduces specific comprehension chal-
lenges distinct from monolingual processing. The
asymmetric impact of English as a matrix versus
embedded language highlights areas requiring fur-
ther research. While mitigation is possible, the
model-specific nature of these solutions points to-
wards the need for more adaptive approaches to
ensure reliable LLM performance in real-world
multilingual environments.



Limitations

While our study adopts a controlled evaluation
setup for both linguistically and non-linguistically
motivated code-switching, the noun-token ap-
proach we employ reflects one of the fundamen-
tal forms of linguistically grounded, naturalistic
switching. However, more complex forms of code-
switching may induce more severe performance
degradation. Future work should investigate how
higher-complexity switching patterns affect LLMs’
understanding.

Additionally, in our non-linguistically motivated
ratio-token experiments, the substitution rate was
fixed at 20%. Exploring how variation in this ratio
affects model behavior could yield a more nuanced
understanding of the impact of non-linguistically
grounded switching on LLM comprehension.
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A Additional Details

All experiments were conducted using NVIDIA A100 (40GB VRAM) and A10 (24GB VRAM) GPU
clusters. The compute allocation totaled 22 GPU-days, comprising 8 GPU-days on 8xA100 nodes and 14
GPU-days on 4xA10 nodes.

B Code-Switched Text Generation Approaches and Component Selection

This section details our selection process for model components used in generating code-switched (CSW)
text, as introduced in Section 3. Our objective was to identify the most effective LLM and alignment
backbone for producing fluent, grammatically valid CSW outputs suitable for benchmark construction.

B.1 LLM Selection for Generation

We compared Claude 3.5 Sonnet and GPT-40 as generation modules for both the Alignment-Based and
LLM-Centric pipelines. For each matrix—embedded language pair (EN—AR, ZH, FR, DE), we sampled
100 samples from the Belebele, MMLU, and XNLI benchmarks. Both models generated noun-token CSW
sentences under linguistically grounded prompting that adhered to the Equivalence Constraint Theory
(ECT) and Matrix Language Frame (MLF) model.

Bilingual annotators conducted pairwise preference evaluations of the outputs, focusing on a single
criterion: which code-switched sentence sounded more natural to them. Claude was consistently favored,
with preference rates ranging from 52% to 62% across languages, as shown in Table 6. Accordingly,
Claude was selected as the generation model for all subsequent CSW construction.

Embedded Language‘Claude (%)‘GPT—40 (%)

Arabic 55 45
Chinese 57 43
French 52 48
German 62 38

Table 6: Human preferences for CSW text generated by Claude vs. GPT-40 (100 examples per language pair).

B.2 Embedding Backbone Selection

To identify the best embedding model for alignment in the Alignment-Based Pipeline, we evaluated
AWESOME with mBERT (AWESOME’s default embedding model) and LaBSE. For each language
pair, 300 noun-token CSW sentences were generated using alignments from each configuration, with
substitution handled by Claude.

Using GPT-40 as an LLLM-based judge, we found that LaBSE-based alignments consistently yielded
more natural and fluent code-switched outputs than those derived from mBERT, with clear preferences
observed for Arabic (89.0%), Chinese (91.3%), and French (74.7%). For German, the preference was
more modest (55.3%), though still in favor of LaBSE. GPT-40 was selected as the evaluator due to
its strong multilingual capabilities and demonstrated aptitude in code-switching understanding across
typologically diverse languages. Importantly, using GPT-40 rather than Claude to evaluate outputs avoids
the potential biases introduced by self-evaluation, such as output familiarity or training data memorization,
thus providing a more neutral and reliable assessment of generation quality. Results presented in Table 7,
informed our decision to adopt LaBSE as the default embedding backbone for alignment in all subsequent
experiments.
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Embedded Language‘LaBSE (%)‘mBERT (%)

Arabic 89.0 11.0
Chinese 91.3 8.7

French 74.7 25.3
German 55.3 44.7

Table 7: GPT-4o0 preference rates for CSW text generated using LaBSE vs. mBERT alignments. Percentages reflect
outcome ratios from 300 evaluation instances per language.

B.3 Final Generation Approach Selection

We compared the Alignment-Based Pipeline and the LLM-Centric Method for generating noun-token
CSW text across 100 samples per language and benchmark. Results are presented in Table 8. Pairwise
evaluation via GPT-40 favored the LLM-Centric approach in all settings, with the strongest preferences
for Chinese (66%) and French (63.8%). Based on these results, we adopt the LLM-Centric Method for
all noun-token CSW benchmark construction, while retaining the Alignment-Based Pipeline for tasks
requiring explicit control over substitution rates (e.g., ratio-token generation).

Embedded Language‘LLM—Centric (%)‘Alignment—Based (%)

Arabic 56.1 43.9
Chinese 66.0 34.0
French 63.8 36.2
German 534 46.6

Table 8: GPT-40 preferences between generation methods for noun-token CSW outputs.

You have two code-switched sentences, A and B, each blending English (matrix
language) with {second_language}. Follow these steps and then choose the better
sentence (A or B):

1. Assess Fluency: check which sentence flows most naturally, like plausible
bilingual speech.

2. Assess Depth of Mixing: check which sentence meaningfully integrates both
languages rather than inserting isolated tokens.

3. Assess Switch Grammar: check which sentence has grammatically valid switch points

under Equivalence Constraint Theory.

4. Assess Consistency: check which sentence uses English as its grammatical frame
and embeds {second_language} elements appropriately under the Matrix Language
Frame model.

5. Assess Overall Coherence: check which sentence remains clear and plausible as a
whole despite the language mixing.

After evaluating all five criteria, return A or B with no further explanation.
Sentences:
A: {sentence_one}

B: {sentence_two}

OQutput:

Figure 4: The prompt given to Claude 3.5 Sonnet for choosing the best summary between the baseline and LLM-
generated summaries.
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C Instructional Prompt for Prompt-Based Mitigation

Belebele Prompt

You are an expert in understanding code-switched text. You will be given a passage
and a question in code-switched English and Arabic. You have to understand them
and respond to the given question with best answer: A, B, C, or D.

Figure 5: Instructional prompt prepended for Belebele multiple-choice QA tasks.

MMLU Prompt

You are an expert in understanding code-switched text. You will be given a question
in code-switched English and Arabic. You have to understand it and respond to
the given question with best answer: A, B, C, or D.

Figure 6: Instructional prompt prepended for MMLU multiple-choice QA tasks.

XNLI Prompt

You are an expert in understanding code-switched text. You will be given two code-
switched passages that correspond to a premise and a hypothesis in code-switched
English and Arabic text. You have to understand them and respond with the best
answer: @, 1, or 2.

Figure 7: Instructional prompt prepended for XNLI natural language inference tasks.

D Instruction Tuning for Model-Based Mitigation

We fine-tuned LLaMA-3.1-8B-Instruct to improve its comprehension of code-switched text using a targeted
instruction-tuning dataset. Full-model training was conducted over a single epoch using a learning rate
of 2 x 1076 with linear decay and 5% warmup. Training leveraged mixed-precision BF16 and dynamic
sequence packing within a 4096-token window, and a batch-size of four.

D.1 Dataset Preparation

The training data was derived from parallel TED Talk translations (Qi et al., 2018), selecting English
sentences longer than 70 words and their Arabic, Chinese, French, and German equivalents. Each English
sentence was converted into four code-switched variants using the LLM-Centric Method (Appendix B.3).
The final dataset included over 14,000 examples, shuffled and formatted as instruction-response pairs.

D.2 Prompt Templates for Instruction Tuning

To prevent overfitting to fixed phrasing, each training instance was paired with a randomly selected prompt
from a pool of five semantically equivalent instruction templates. These templates varied in their surface
structure but uniformly instructed the model to blend the matrix English sentence with embedded nouns
from the translation. Figures 8—12 illustrate the five styles used.

Take this English sentence and infuse it with <LANGUAGE> code-switching:
English: "<ENGLISH_SENTENCE>"
<LANGUAGE >: "<TRANSLATION_SENTENCE>"

Figure 8: Infusion-style template.
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Convert the following English line into a code-switched mix with
English: "<ENGLISH_SENTENCE>"
<LANGUAGE >: "<TRANSLATION_SENTENCE>"

<LANGUAGE >:

Figure 9: Conversion-style template.

Blend English and <LANGUAGE> in the sentence below:
English text: "<ENGLISH_SENTENCE>"
<LANGUAGE > equivalent: "<TRANSLATION_SENTENCE>"

Figure 10: Blending-style template.

Generate a code-switched rendition by swapping in <LANGUAGE>:
English original: "<ENGLISH_SENTENCE>"
<LANGUAGE > snippet: "<TRANSLATION_SENTENCE>"

Figure 11: Rendition-style template.

Switch parts of this English sentence into <LANGUAGE>:
English: "<ENGLISH_SENTENCE>"
<LANGUAGE >: "<TRANSLATION_SENTENCE>"

Figure 12: Switching-style template.
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