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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 online, exposing large language mod-
els (LLMs) to mixed-language inputs. We
present a systematic evaluation of LLM com-
prehension under code-switching by generating
linguistically grounded CSW variants of estab-
lished benchmarks (Belebele, MMLU, XNLI)
across five typologically diverse languages.
Our contributions are: (i) a controlled pipeline
for producing CSW test sets that respect lin-
guistic constraints on code-switching; (ii) a
multi-model, multi-language analysis showing
that inserting non-English tokens into English
consistently reduces accuracy on comprehen-
sion and reasoning benchmarks, whereas em-
bedding English into non-English contexts of-
ten improves it; and (iii) a mitigation study
contrasting in-context learning (ICL) with fine-
tuning. Across model families, ICL cues yield
inconsistent, and sometimes negative, effects,
while fine-tuning on CSW data provides mod-
est but reliable gains, partially recovering accu-
racy under CSW.

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; Doğruöz 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 CSW.

Linguistic theories of code-switching offer valu-
able guidance on where and how language mixing
naturally occurs. Frameworks such as the Equiva-
lence Constraint Theory (Poplack, 1978) and the
Matrix Language Frame model (Myers-Scotton,
1993) describe grammatical boundaries that make
mixed-language sentences well-formed. We draw
on their core insights to guide controlled, linguisti-
cally plausible code-switching in our benchmarks,
ensuring that our synthetic data adheres to natural
switching patterns while remaining interpretable
for systematic evaluation.

Despite extensive linguistic work on code-
switching, existing evaluation benchmarks fail to
leverage these insights to assess deeper compre-
hension in mixed-language contexts. Most cur-
rent CSW benchmarks focus on surface-level tasks,
such as language identification, sentiment analysis,
or part-of-speech tagging, providing limited visi-
bility into models’ reasoning and semantic under-
standing (Khanuja et al., 2020; Aguilar et al., 2020;
Patwa et al., 2020). Recent efforts have begun
probing this gap (Yadav et al., 2024; Gupta et al.,
2024; Ng and Chan, 2024), yet a systematic eval-
uation of LLM comprehension under controlled
code-switching remains missing.

To fill this gap, we propose a systematic
evaluation framework that uses a constrained,
multi-step LLM pipeline to generate linguisti-
cally grounded, code-switched variants of es-
tablished reasoning and comprehension bench-
marks—Belebele, MMLU, and XNLI. Our approach
draws on linguistic theories to ensure natural switch
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: (D): Hume says that beauty is _____.
: Hume says that الجمال is _____.

: Hume says that la beauté is _____.
: Hume says that Schönheit is _____.

: Hume says that 美 is _____.

  (A) a quality in things themselves  (B) a matter of a priori knowledge
      (C) judged by logical standards    (D) no quality in things themselves

: (A)

: (D)
: (C)

: (B)

Input Output

Choices:

Figure 1: Illustration of the noun-token code-switching procedure used in Experiment 1. Each example replaces
the English noun beauty with its aligned translation from a different embedded language (Arabic, Chinese, French,
German) while keeping English as the matrix language. The model’s varied answers across versions reveal how
inserting foreign tokens into English sentences can alter its reasoning and output consistency.

points while maintaining grammatical coherence,
enabling controlled studies of how switching direc-
tion and language pair affect understanding. Code
and data are publicly available1

Our experiments show that the effect of code-
switching on LLM comprehension is systematic
but asymmetric (Figure 1):
• Code-switching into English text consistently
reduces task accuracy, even when switches comply
with linguistic constraints, revealing a structural
sensitivity to foreign insertions beyond token-level
unfamiliarity.
• Embedding English tokens into non-English text
often enhances comprehension, particularly for
models less proficient in the matrix language, high-
lighting the facilitative role of English in mixed-
language contexts.
• In-context learning (ICL) cues yield inconsistent
gains across model families, whereas fine-tuning
on synthetic code-switched data provides reliable
improvements, partially recovering accuracy under
code-switching.

Our findings expose a persistent asymmetry in
how LLMs process mixed-language text. When
non-English tokens interrupt English sentences,
model performance consistently declines; when
English intrudes into other languages, comprehen-
sion often improves. This asymmetry reveals a
structural bias toward English, an imprint of data
imbalance in multilingual pretraining, and points
to a broader challenge of linguistic equity as LLMs
increasingly shape the global information ecosys-
tem.

1https://github.com/amr-mohamedd/Lost-in-the-Mix

2 Related Work

Code-Switching in Language Models. Early
multilingual encoders such as mBERT (Devlin
et al., 2019) and XLM-R (Conneau et al., 2020)
achieved strong monolingual performance but
struggled with code-switched input (Winata et al.,
2021a). This limitation led to specialized archi-
tectures and training regimes tailored for mixed-
language text (Winata et al., 2019; Liu et al., 2020;
Winata et al., 2021b). Benchmarks like GLUE-
CoS (Khanuja et al., 2020) enabled progress, yet
most research remained confined to encoder-centric
models (Tan and Joty, 2021; Zhu et al., 2023).
Decoder-only models—now central to state-of-the-
art LLMs—have received far less attention in this
context. While a few studies explored adversarial
code-mixing in autoregressive architectures (Das
et al., 2022), systematic evaluation of their com-
prehension under controlled, linguistically valid
switching has been lacking.

Code-Switched Text Generation. Synthetic
code-switched text generation is key for augment-
ing multilingual data, and probing model robust-
ness (Pratapa et al., 2018; Zhang et al., 2023). Ap-
proaches span from linguistically motivated frame-
works—such as the Equivalence Constraint The-
ory (ECT) (Poplack, 1978), and Matrix Language
Frame (MLF) model (Myers-Scotton, 1993), to
heuristic or random token substitutions (Myslín,
2014; and, 2018; Chan et al., 2024). Alignment-
based methods (Kuwanto et al., 2024) generate flu-
ent outputs, but often overlook broader syntactic or
contextual coherence. Recent work has begun ex-
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ploiting LLMs’ capacity for context-aware, linguis-
tically grounded switching, via constrained prompt-
ing (Potter and Yuan, 2024), fine-tuning (Heredia
et al., 2025), or hybrid pipelines (Kuwanto et al.,
2024). Yet, reliable control over switch placement,
scalability across language pairs, and rigorous eval-
uation of resulting text quality remain open chal-
lenges. Our work advances this line by employing
modern LLMs in a controlled, theory-informed
pipeline that produces high-quality, linguistically
constrained code-switched benchmarks for system-
atic comprehension testing.

Evaluation of LLM CSW Capabilities. Ex-
isting evaluations of code-switching compe-
tence largely target surface-level tasks—language
identification, sentiment, or part-of-speech tag-
ging—through benchmarks such as GLUECoS
(Khanuja et al., 2020), LINCE (Aguilar et al.,
2020), and SemEval (Patwa et al., 2020). While
informative, these tasks assess recognition rather
than reasoning. A few recent studies extend to
question answering and sentiment classification
(Winata et al., 2021a; Huzaifah et al., 2024), but
remain narrow in scope and metrics. In contrast,
we evaluate deeper comprehension and reasoning
under linguistically controlled code-switching, us-
ing established multi-domain benchmarks (Bele-
bele, MMLU, XNLI). This shift enables a system-
atic analysis of how switching direction, language
pair, and linguistic grounding jointly shape LLM
comprehension under code-switching.

3 Methodology

3.1 Notations
B = {Bp}Pp=1

be a set of P standard benchmarks. Let

L = {lj}Lj=1

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

M = {mk}Kk=1

be a set of K LLMs.
To evaluate the performance of an LLM mk ∈

M on code-switched text comprehension, we gen-
erate a code-switched version of benchmark Bp ∈
B using a single matrix language lmatrix ∈ L and
a set of embedded languages Lembedded, where
Lembedded ⊆ L \ lmatrix and |Lembedded| ≥ 1, which
we denote by Blmatrix→Lembedded

p .

3.2 Constructing Code-Switched Inputs

We operationalize code-switching through two in-
put construction strategies that differ in their lin-
guistic grounding. (i) Noun-token CSW: nouns
in the matrix-language text are replaced with their
aligned counterparts from a parallel sentence in
the embedded language. Substitutions are ap-
plied only when they adhere to standard CSW
constraints—the Equivalence Constraint Theory
and the Matrix Language Frame model—keeping
the matrix language as the grammatical frame
(Poplack, 1978; Myers-Scotton, 1993). (ii) Ratio-
token CSW: a fixed proportion of tokens (≈ 20%)
are replaced irrespective of syntactic structure, fol-
lowing prior heuristic setups (Chan et al., 2024).

An example of the noun-token method across
embedded languages is shown in Figure 2.

Generation pipeline used in main experiments.
Given each matrix/embedded parallel pair from
the selected benchmarks, we use a two-step LLM-
centric procedure: (1) identify and mask candidate
switch points (nouns for the noun-token setting;
random tokens for the ratio-token setting) under the
stated constraints; (2) fill each placeholder with the
aligned counterpart from the embedded-language
sentence, adjusting inflection as needed so the sen-
tence remains well-formed and semantically faith-
ful.

Our choice of the LLM-centric pipeline follows
a comparative evaluation against an alignment-
first alternative (AWESOME (Dou and Neubig,
2021) + LaBSE (Feng et al., 2022) with POS-
guided substitution via Stanza (Qi et al., 2020)).
Across language pairs, bilingual annotators pre-
ferred the LLM-centric outputs in manual checks,
and LLM-as-a-Judge results corroborated this trend
(Zheng et al., 2023). We therefore adopt it for all
main experiments. Full prompts, alignment set-
tings, quality-control procedures, comparative re-
sults, and dataset-level statistics on token replace-
ment ratios and switch densities are provided in
Appendices B and C.

3.3 Evaluation Metrics

We report three standard metrics.
Accuracy. For each benchmark B, accuracy is the
proportion of correctly answered questions.
Weighted average accuracy. To summarize per-
formance across benchmarks, we compute a size-
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Questions:

EN: Find the degree for the given field extension Q(
√
2,
√
3,
√
18) over Q.

EN→AR: Find the �
ék. PX for the given É

�
®mÌ'@ X@Y

�
JÓ@ Q(

√
2,
√
3,
√
18) over Q.

EN→FR: Find the degré for the given extension de champ Q(
√
2,
√
3,
√
18) over Q.

EN→DE: Find the Grad for the given Felderweiterung Q(
√
2,
√
3,
√
18) over Q.

EN→ZH: Find the次 for the given域 Q(
√
2,
√
3,
√
18) over Q.

Choices: 0, 4, 2, 6

Answer: 2

Figure 2: Example of the noun-token code-switching method applied to an MMLU question (Abstract Algebra).
Embedded tokens from Arabic, French, German, and Chinese are shown in blue, illustrating aligned noun replace-
ments within an English matrix sentence while preserving grammatical structure and meaning.

weighted mean:

Accweighted(mk, lmatrix,Lembedded) =∑
Bp∈B |Bp| ·Acc(mk, B

lmatrix→Lembedded
p )

∑
Bp∈B |Bp|

, (1)

Accuracy delta. The CSW impact for a benchmark
B is

∆Acc(mk, B
lmatrix→Lembedded
p ) =

Acc(mk, B
lmatrix→Lembedded
p )−Acc(mk, Bp). (2)

with negative values indicating degradation un-
der code-switching. Unless noted, tables show
weighted averages; per-benchmark results appear
in the figures and appendix.

4 Experimental Setting

Language selection. We consider the set

L = {English,Arabic,German,French,Chinese},

chosen to represent languages with varying degrees
of semantic, lexical, and syntactic similarity to En-
glish. Prior work has shown that such typological
diversity can influence cross-lingual transfer and
degradation patterns in multilingual modeling and
translation (Guerin et al., 2024; Mohamed et al.,
2025). This selection therefore enables controlled
analysis of how linguistic distance and representa-
tion coverage affect model robustness under CSW.

Model selection. We evaluate 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), covering a broad range of scales, architec-
tures, and pretraining curricula. Allam represents
the state of the art among Arabic-focused LLMs,
while Qwen demonstrates strong coverage of Chi-
nese and other languages. The LLaMA and Mis-
tral families provide robust multilingual baselines
with balanced proficiency across high-resource lan-
guages. This diversity allows us to analyze how
architecture type and model scale influence robust-
ness to code-switching.

Benchmark selection. We evaluate LLM
comprehension using three well-established
tasks adapted into linguistically controlled
code-switched variants. Specifically, we use
Belebele (Bandarkar et al., 2023) for passage-level
reading comprehension (with both passages and
questions code-switched), MMLU2 (Hendrycks
et al., 2020) for broad-domain multiple-choice
reasoning (code-switching applied to questions),
and XNLI (Conneau et al., 2018) for natural
language inference (both premise and hypothesis
code-switched). All non-English content is drawn
from the official parallel translations accompa-
nying these benchmarks, ensuring one-to-one
alignment with the English source data rather than
region-specific or independently translated variants.
This guarantees semantic fidelity across languages
and supports consistent evaluation of switching
direction and language pair effects. To standardize
evaluation across models, we adapt EleutherAI’s
Language Model Evaluation Harness (Gao et al.,
2024) for our code-switched benchmarks.

Full implementation details (hardware, GPU-
hours, and evaluation harness details) are provided

2https://huggingface.co/datasets/openai/MMMLU
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Figure 3: Comparison of LLM accuracy on monolingual English benchmarks versus their noun-token code-switched
variants. English serves as the matrix language, with Arabic (EN→AR), Chinese (EN→ZH), French (EN→FR),
and German (EN→DE) as embedded languages.

Model EN→AR EN→DE EN→FR EN→ZH EN Placeholder
Llama 3B 0.47 0.47 0.47 0.50 0.54 0.41
Qwen 3B 0.49 0.50 0.52 0.51 0.56 0.44
Allam 7B 0.55 0.52 0.53 0.53 0.58 0.48
Mistral 7B 0.47 0.52 0.52 0.51 0.57 0.46
Qwen 7B 0.52 0.55 0.56 0.57 0.61 0.47
Llama 8B 0.48 0.51 0.52 0.51 0.59 0.43
Llama 70B 0.66 0.66 0.67 0.67 0.70 0.57
Qwen 72B 0.65 0.66 0.65 0.65 0.69 0.59

Table 1: Weighted average accuracy of LLMs on noun-token code-switched benchmarks compared to the monolin-
gual English and placeholder baselines. Cell colors indicate relative performance (green = higher, red = lower). The
placeholder baseline isolates structural disruption without foreign semantics.

in Appendix A.

5 Experiments

We conduct two complementary experiments to an-
alyze how linguistic grounding and switch structure
affect LLM comprehension under code-switching.
The first evaluates linguistically constrained noun
substitutions; the second uses random replacements
independent of syntax. To isolate structural dis-
ruption from semantic effects, we include a place-
holder baseline where all switch points are replaced
with a neutral token (“####”) instead of foreign
words.

5.1 Experiment 1: Linguistically Grounded
Code-Switching

Setup. English serves as the matrix language
(lmatrix). For each non-English language l ∈ L \
lmatrix, we construct code-switched variants of all
benchmarks using the noun-token method (§3.2),
in which aligned nouns from the embedded lan-
guage replace their English counterparts while pre-
serving grammatical structure and sentence mean-
ing. Models are evaluated on the original English
versions, the noun-token CSW variants, and the

placeholder baseline to disentangle the impact of
mixed-language semantics from mere surface dis-
ruption.

Results. Figure 3 and Table 1 summarize results
across models and languages. All models show con-
sistent degradation when foreign nouns are embed-
ded into English text, confirming that even linguisti-
cally valid switches impair comprehension. The ex-
tent of degradation correlates with model scale and
language coverage: larger models (LLaMA 70B,
Qwen 72B) are most robust, while smaller ones
exhibit larger relative losses. Allam 7B remains
comparatively strong for Arabic due to its language-
focused pretraining. Importantly, all models out-
perform the placeholder baseline, indicating that
meaningful foreign tokens are less harmful than
nonsensical replacements and carry recoverable se-
mantic information.

5.2 Experiment 2: Random Code-Switching
Without Linguistic Constraints

Setup. This experiment follows the same setup as
Experiment 1 but replaces linguistically valid noun
substitutions with random token swaps (≈ 20%
of tokens per sentence), disregarding syntactic
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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 LLMs on ratio-
token (random) code-switched benchmarks compared
to the monolingual English baseline. Cell colors indi-
cate relative performance from highest (green) to lowest
(red).

structure (§3.2). This configuration tests whether
degradation primarily stems from grammatical dis-
ruption or from the general presence of mixed-
language tokens.

Results. Table 2 presents the outcomes. All
models again show performance degradation rela-
tive to the monolingual baseline, consistent with
Experiment 1. The overall magnitude of loss is
similar to the noun-token setting, indicating that
linguistic well-formedness only partly mitigates
CSW difficulty. Smaller models are most affected
(LLaMA 3B, −0.11 on EN→DE), while larger
ones (LLaMA 70B, Qwen 72B) remain more stable
(∆ ≈ −0.02). The persistence of comparable de-
clines across both structured and random mixing
suggests a broader limitation in LLMs’ ability to in-
tegrate multilingual input, independent of syntactic
plausibility.

6 Ablations

Building on Section 5, which found comparable
degradation from noun-token and ratio-token CSW,
we conduct two additional ablations to test (i) how
switching direction affects comprehension, and (ii)
whether model robustness persists under extreme
multilingual mixing. All ablations use the linguis-
tically grounded noun-token method described in
§3.2, with switch density fixed at roughly 30% of
content nouns per sentence for consistency across
languages.

6.1 English as an Embedded Language
To assess whether embedding English improves
comprehension in other matrix languages, we re-
verse the language roles from the main experiments.
Each non-English language in L \ lmatrix serves

Model
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

Qwen 7B 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

Table 3: Weighted average accuracy of LLMs on mono-
lingual (Orig) versus English-embedded code-switched
(CSW) benchmarks across Arabic, German, French, and
Chinese. Bold indicates improvement (∆ > 0); Italic
indicates no change. Deltas are computed relative to
Orig.

as the matrix language, while English becomes
the embedded language. Code-switched variants
(Blmatrix→{English}

p ) of Belebele, MMLU, and XNLI
are generated using their official multilingual par-
allel versions rather than region-specific or inde-
pendently translated variants, ensuring one-to-one
alignment with the English originals. This guar-
antees that inserted English tokens correspond ex-
actly to their aligned nouns in the parallel English
item rather than being back-translated. All ablation
datasets are produced with the same LLM-centric
pipeline vetted for linguistic quality (§3.2).

Embedding English into lower-resource matrix
languages consistently improves comprehension,
whereas effects are minimal for languages already
well represented in training corpora. For example,
Mistral 7B gains +0.13 in Arabic (0.35→0.48) and
+0.07 in Chinese, but only +0.03 in French, while
high-capacity models (LLaMA 70B, Qwen 72B)
show near-parity between monolingual and CSW
conditions. These asymmetric patterns support the
view that improvements arise from greater data
familiarity with English rather than typological dis-
tance. Qualitative examples of reverse direction
code-switching are included in Appendix B.

6.2 Extreme Multilingual Mixing

To test robustness under multi-language mixing,
we create “extreme” CSW variants of the MMLU
benchmark with English as the matrix language and
multiple embedded languages per sentence. We de-
fine three settings: (S1) non-Latin scripts ({Arabic,
Chinese}), (S2) Latin scripts ({French, German}),
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Model S1 S2 S3 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 CSW with En-
glish as the matrix language and the embedded lan-
guages being Arabic and Chinese (Setting 1), French
and German (Setting 2), and Arabic, Chinese, French,
and German (Setting 3), alongside the monolingual En-
glish baseline. The highest scores are indicated in bold.

and (S3) all four. Each instance borrows embedded
words evenly from the specified set using the same
linguistically constrained pipeline as in §3.2.

All models degrade moderately under extreme
CSW, with drops of 0.03–0.07 relative to English.
Script type (non-Latin vs Latin) has no consis-
tent effect: Allam 7B performs slightly better with
non-Latin (0.56 vs 0.54), whereas Mistral 7B fa-
vors Latin (0.56 vs 0.53). Even when all four lan-
guages are mixed, high-capacity models (LLaMA
70B, Qwen 72B) lose less than 0.07, indicating sta-
ble multilingual alignment. These findings suggest
that degradation arises from representational inter-
ference rather than script complexity or language
count.

7 Mitigation Strategies

To mitigate the performance declines induced by
code-switching, we explore two complementary
strategies: an in-context learning (ICL) approach,
which prepends explicit cues identifying the input
as mixed-language, and a model-based approach,
which fine-tunes LLMs on synthetic CSW data.

7.1 ICL-Based Mitigation

Each noun-token CSW instance was preceded by a
short meta-instruction indicating that the input text
mixes English with another language and should be
interpreted without translation. The goal is to test
whether minimal contextual framing can help the
model activate multilingual priors relevant for pro-
cessing mixed-language inputs. The exact instruc-
tions used per benchmark are listed in Appendix D.

ICL cues yield mixed outcomes across model
families (Table 5). Models with stronger multi-

Model EN→AR EN→DE EN→FR EN→ZH EN
Llama 3B 0.31 0.34 0.32 0.32 0.54
Qwen 3B 0.51 0.53 0.54 0.53 0.56
Allam 7B 0.56 0.53 0.54 0.53 0.58
Mistral 7B 0.46 0.50 0.50 0.50 0.57
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: Effect of ICL-based mitigation on noun-token
CSW benchmarks. English serves as the matrix lan-
guage; results are weighted-average accuracies. The
highest scores are in bold.

lingual pretraining (Qwen, Allam) show modest,
consistent gains, occasionally matching or exceed-
ing their English-only accuracy (e.g., Qwen 72B
on EN→ZH),whereas Llama and Mistral are neu-
tral to negative. Taken together, this pattern indi-
cates that ICL mitigates CSW degradation primar-
ily when robust multilingual representations are
already present, rather than as a function of scale;
in models with limited cross-lingual priors, the cue
can instead disrupt processing.

7.2 Model-Based Mitigation

Fine-tuning on code-switched data offers a comple-
mentary approach by directly exposing the model
to mixed-language patterns. We fine-tuned Llama
8B, a model that showed limited responsiveness to
IC, on a small, linguistically constrained CSW cor-
pus derived from TED Talk translations (Qi et al.,
2018) spanning English, Arabic, Chinese, French,
and German. We filtered to English sentences >70
words to emphasize multi-clause structure and in-
crease potential switch sites, yielding roughly 3.6k
examples per language pair. Applying the noun-
token CSW process produced a total of 14.6k train-
ing samples. Each example instructed the model
to generate the code-switched variant given the En-
glish and embedded-language sentences, using five
paraphrased templates to maintain prompt diversity
(Appendix E).

Instruction tuning on CSW data leads to consis-
tent, though modest, performance recovery across
all embedded languages (Figure 4). The largest
improvement is observed for EN→AR, aligning
with its lower representation in pretraining data.
Notably, the model was fine-tuned for generation
of code-switched text, yet evaluated on compre-
hension benchmarks. The observed gains there-
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Figure 4: Comparison of Llama 8B and its CSW-tuned
variant (CSW-Llama 8B) on English and code-switched
benchmarks (Belebele, MMLU, XNLI). English is the
matrix language; Arabic, Chinese, French, and German
serve as embedded languages.

fore suggest that exposure to the structural pat-
terns of CSW, rather than task-specific supervision,
enhances the model’s ability to interpret mixed-
language input. Crucially, English-only accuracy
remains stable, indicating no trade-off between
monolingual and code-switched comprehension.

Compared to ICL, fine-tuning offers a more
stable and architecture-agnostic mitigation: even
small-scale exposure to code-switched text enables
the model to internalize switch-boundary patterns
and reduce sensitivity to linguistic mixing.

8 Discussion and Conclusion

This work provides the first systematic evaluation
of LLM comprehension under linguistically con-
trolled code-switching (CSW). By generating par-
allel, theory-grounded CSW variants of established
reasoning and comprehension benchmarks, we re-
vealed how language mixing interacts with multilin-
gual pretraining, linguistic structure, and mitigation
strategies. Our findings expose consistent asymme-
tries in how models process mixed-language text
and point to concrete paths for improving robust-
ness.

Code-switching disrupts comprehension in
structurally predictable ways. When English
serves as the matrix language, introducing tokens
from other languages systematically degrades accu-
racy across models and tasks. This degradation per-
sists even when switch points comply with linguis-
tic theories such as the Equivalence Constraint and
Matrix Language Frame models. The comparable
losses between linguistically grounded and random
substitutions indicate that the issue is not grammat-

ical violation, but rather a representational limita-
tion: LLMs trained on monolingual data struggle to
integrate multilingual cues within a single syntactic
frame.

The direction of switching reveals a structural
bias toward English. Embedding English tokens
into non-English text often improves performance,
sometimes exceeding monolingual baselines, while
inserting non-English tokens into English sentences
consistently hurts comprehension. This asymmetry
reflects the data imbalance in multilingual pretrain-
ing corpora: English serves as a dominant anchor
representation that other languages map into, but
not vice versa. Consequently, English functions
as a facilitative embedded language rather than a
robust matrix language, underscoring that LLM
multilingualism remains uneven and data-driven
rather than typologically general.

Mitigation requires representation-level adapta-
tion, not only contextual cues. Our mitigation ex-
periments compare lightweight in-context learning
(ICL) cues with direct fine-tuning on CSW data. As
shown in Table 5, ICL occasionally aids multilin-
gual models with broad language coverage (Qwen,
Allam), but fails, or even backfires, for models less
aligned to instruction-following or cross-lingual
processing (Llama, Mistral). In contrast, model-
based instruction tuning on code-switched corpora
(Figure 4) yields small yet consistent gains across
all languages, improving robustness without harm-
ing monolingual performance. This suggests that
structural adaptation to CSW distributions, rather
than contextual re-instruction, is the more stable
path to multilingual resilience.

Our results demonstrate that current LLMs ex-
hibit systematic and direction-dependent vulner-
abilities when processing mixed-language input.
Linguistically controlled evaluation reveals that
these failures arise not from superficial noise but
from deeper representational asymmetries rooted
in data imbalance. While ICL can sometimes com-
pensate for multilingual exposure, stable compre-
hension of code-switched text ultimately demands
explicit modeling of mixed-language structures dur-
ing training. As LLMs continue to mediate global
communication, ensuring equitable comprehension
across languages requires moving beyond English-
centric pretraining toward training paradigms that
natively include code-switching as a first-class lin-
guistic setting.
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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.

Finally, our benchmarks are synthetically con-
structed yet human-verified to ensure linguistic
naturalness, and this controlled design enables re-
producible analysis of how LLMs process mixed-
language inputs, even if it does not capture all nu-
ances of spontaneous human code-switching.
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A Additional Experimental Details

Hardware and budget. Experiments ran on mixed GPU clusters with NVIDIA A100 (40GB) and
A10 (24GB) devices. We report device-time explicitly: 528 GPU-hours in total: A100: 192 GPU-h; A10:
336 GPU-h.

Evaluation harness. We adapted EleutherAI’s LM Evaluation Harness to our CSW variants with
identical prompting across models (zero-shot for main experiments; mitigation prompts only in §D).

B Code-Switched Text Generation: Components and Selection

This appendix complements §3.2 with concrete generation components, prompts, quality controls, and
selection criteria.

B.1 LLM Selection for Generation

We compared Claude 3.5 Sonnet and GPT-4o as generators in both Alignment-Based and LLM-Centric
pipelines. For each language pair (EN→AR/FR/DE/ZH), we sampled 100 items across Belebele, MMLU,
and XNLI, and generated noun-token CSW sentences under explicit ECT/MLF guidance.

Human preference. Bilingual author-annotators conducted blind, pairwise preferences on naturalness
(“which sounds more like plausible bilingual speech?”). Results (Table 6) favored Claude across all
languages by a modest but consistent margin; thus Claude was selected as the generator for the main
benchmark construction. We also performed manual sanity checks during prompt refinement to verify
ECT/MLF adherence (see §B.7).

Embedded Language Claude (%) GPT-4o (%)

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

Table 6: Human preferences for CSW text generated by Claude vs. GPT-4o (100 examples per language pair).

B.2 Embedding Backbone for Alignment (Alignment-Based Pipeline)

We evaluated AWESOME+{mBERT, LaBSE} as alignment backbones to support POS-guided substitu-
tions. For each pair, 300 noun-token CSW sentences were built using each backbone, with substitutions
performed by Claude under the same prompts. GPT-4o served as an independent judge to avoid self-
evaluation by Claude. LaBSE-based alignments yielded more natural outputs (Table 7), and we adopt
LaBSE for alignment-dependent experiments.

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-4o preferences for LaBSE vs. mBERT alignments (300 judgments per language).

B.3 LLM-Centric Prompt Templates (Two-Step, Noun-Token)

Step 1: Placeholder identification (ECT/MLF-aware). We mark switchable English nouns with
"#######", preserving English as matrix language and ECT/MLF constraints.
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You are an expert linguist in code -switching. Using the Equivalence Constraint
Theory (ECT) and the Matrix Language Frame (MLF) model , identify nouns in the
English sentence that are natural switch points. Replace each such noun with
"#######" and return only the transformed sentence (no commentary). Ensure the
English sentence remains the grammatical frame (MLF), and avoid fixed
expressions or idioms that should not be switched.

[English sentence]
{text}

Figure 5: Step 1 prompt: placeholder identification (noun-token).

Step 2: Placeholder filling (aligned insertions). We fill each placeholder using only aligned tokens
from the parallel target-language sentence, adjusting inflection to maintain well-formedness.

You are given parallel texts in English and {LANGUAGE }. Produce a code -switched
English sentence by replacing each "#######" with its aligned
{LANGUAGE} counterpart from the {LANGUAGE} sentence. Preserve meaning and
English as the matrix language (MLF). Respect ECT; adjust inflection as needed.
Return only the final code -switched sentence.

[English with placeholders]
{placeholder_text}

[{ LANGUAGE} sentence]
{target_text}

Figure 6: Step 2 prompt: placeholder filling (noun-token).

B.4 Ratio-Token Variant (Random)
For the random CSW variant, we replace a 20% of tokens with aligned counterparts irrespective of syntax:

You are given an English sentence with "#######" placeholders and its {LANGUAGE} parallel. Replace each
"#######" with the aligned {LANGUAGE} segment so that the result reads naturally as mixed English {
LANGUAGE }. Preserve order and return only the final sentence.

[English with placeholders]
{placeholder_text}

[{ LANGUAGE} parallel]
{target_text}

Figure 7: Prompt used in the ratio-token variant (after random placeholder placement).

B.5 Final Generation Approach Selection
We compared Alignment-Based vs. LLM-Centric for noun-token generation on 100 items per language
and benchmark, using GPT-4o as the independent judge (single binary preference per pair). LLM-Centric
was preferred across the board (Table 8), hence adopted for main benchmarks; the Alignment-Based
pipeline is retained when explicit control of replacement ratios is needed.

Embedded Language LLM-Centric (%) Alignment-Based (%)

Arabic 56.1 43.9
Chinese 66.0 34.0
French 63.8 36.2
German 53.4 46.6

Table 8: GPT-4o preferences between generation methods (noun-token).

B.6 LLM-as-Judge Protocol and Prompt
We used GPT-4o to avoid self-evaluation by Claude. Each comparison returns a single preference (A or
B). Ties default to A. Criteria are presented jointly and elicit a single overall choice to avoid ambiguous
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multi-criterion aggregation.

You will compare two code -switched sentences , A and B, mixing English (matrix
language) with {LANGUAGE }. Choose the better sentence by considering:

1) Fluency (plausible bilingual speech),
2) Depth of mixing (meaningful integration beyond isolated tokens),
3) Switch grammar under Equivalence Constraint Theory (ECT),
4) English as grammatical frame (Matrix Language Frame , MLF),
5) Overall coherence.

Return exactly "A" or "B". If you cannot decide , choose "A".
A: {sentence_one}
B: {sentence_two}

Figure 8: GPT-4o prompt for LLM-as-Judge preference between two CSW sentences.

B.7 Manual Sanity Checks and Human Protocol

Beyond pairwise preferences, authors conducted manual sanity checks during prompt development and
post-generation spot checks to verify ECT/MLF adherence and naturalness.

C Dataset Characterization and Controls

C.1 Foreign-Token Proportions (Noun-Token, EN as Matrix)

We report the average percentage of tokens replaced by embedded-language items per instance (means
across test splits). Minor length fluctuations (≈5%) arise from morphological realization.

Dataset EN→AR EN→FR EN→DE EN→ZH

Belebele 36.92 31.49 32.00 31.83
MMLU 39.98 34.18 34.02 34.91
XNLI 33.92 29.43 29.53 29.20

Table 9: Average proportion (%) of embedded tokens per instance (noun-token CSW).

C.2 Ratio vs. Noun-Token Replacement Rates

The ratio-token variant fixes the replacement rate at 20%, whereas the noun-token variant yields ≈30–40%
depending on dataset/language (Table 9).

D Instructional Prompts for Prompt-Based Mitigation

We use short instructions instantiated per language (AR/FR/DE/ZH) and per task. Prompts avoid transla-
tion instructions and cue the model to reason over mixed text.

Belebele

You will be given a passage and a question written in code -switched English and {
LANGUAGE }.

Do not translate. Read and reason over the mixed -language text , then answer with A/B
/C/D.

Figure 9: Mitigation instruction for Belebele. Instantiate {LANGUAGE} as AR/FR/DE/ZH.
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MMLU

You will be given a question written in code -switched English and {LANGUAGE }.
Do not translate. Read and reason over the mixed -language text , then answer with A/B

/C/D.

Figure 10: Mitigation instruction for MMLU.

XNLI

You will be given a premise and a hypothesis written in code -switched English and {
LANGUAGE }.

Do not translate. Read and reason over the mixed -language text , then answer with
0/1/2.

Figure 11: Mitigation instruction for XNLI.

E Instruction Tuning for Model-Based Mitigation

We instruction-tuned LLaMA-3.1-8B-Instruct on CSW generation tasks (to expose the model to CSW
structure), then evaluated comprehension (zero-shot) on our CSW benchmarks.

E.1 Dataset Preparation

We used parallel TED Talks (Qi et al., 2018). For each English sentence >70 words, we built 4 CSW
variants (EN as matrix; AR/FR/DE/ZH embedded) using the LLM-Centric noun-token pipeline (§B.3).
Total size: 14.6k instruction–response pairs.

E.2 Prompt Templates (Five Styles)

Each instance sampled one of five equivalent instruction templates to avoid overfitting surface form;
examples below.

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

Figure 12: Infusion-style template (one of five).

Convert the following English line into a code -switched mix with <LANGUAGE >:
English: "<ENGLISH_SENTENCE >"
<LANGUAGE >: "<TRANSLATION_SENTENCE >"

Figure 13: Conversion-style template.

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

Figure 14: Blending-style template.
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Generate a code -switched rendition by swapping in <LANGUAGE >:
English original: "<ENGLISH_SENTENCE >"
<LANGUAGE > snippet: "<TRANSLATION_SENTENCE >"

Figure 15: Rendition-style template.

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

Figure 16: Switching-style template.

E.3 Training Setup
Full-parameter instruction tuning, single epoch, BF16 mixed precision, dynamic packing to 4096 context
length, per-device batch size 4.
Optimizer & schedule: AdamW (β1=0.9, β2=0.95 ), weight decay 0.1, grad clip 1.0, linear decay with
5% warmup.
Validation and selection. We held out a stratified dev split for early stopping and checkpoint selection on
CSW perplexity.
Example instance (abridged). Example instance (IFT, EN↔FR).

[
{

"content ": "Take this English sentence and infuse it with French code -switching
:\ nEnglish: This is back in 1964 , when the technical managers have suits
and ties and NRK rolled all its equipment on board a ship , and 200 meters
out of the shore , transmitting the signal back , and in the machine room ,
they talked to the machine guy , and on the deck , they have splendid
entertainment .\ nFrench: En 1964 par exemple , - les directeurs techniques
portaient encore des cravates . La NRK avait embarqué son matériel à bord ,
qui , jusque à 200 m des côtes , transmettait le signal . Dans la salle des
machines , ils ont parlé aux machinistes . Et sur les ponts , ils avaient de
fabuleuses activités récréatives .\n",

"role": "user"
},
{

"content ": "This is back in 1964, when the directeurs techniques have cravates
and costumes and NRK rolled all its matériel on board a navire , and 200 mè
tres out of the côtes , transmitting the signal back , and in the salle des
machines , they talked to the machiniste guy , and on the ponts , they have
splendid activités récréatives.",

"role": "assistant"
}

]

Figure 17: IFT example instance (French).
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Model EN→AR EN→DE EN→FR EN→ZH

LLaMA 3B −0.16 −0.13 −0.15 −0.18
Qwen 3B +0.02 +0.03 +0.02 +0.02
Allam 7B +0.01 +0.01 +0.01 0.00
Mistral 7B −0.01 −0.02 −0.02 −0.01
Qwen 7B +0.02 +0.01 +0.02 +0.02
LLaMA 8B −0.07 −0.04 −0.04 −0.04
LLaMA 70B −0.13 −0.13 −0.03 −0.17
Qwen 72B +0.05 +0.05 +0.06 +0.07

Table 10: ICL mitigation deltas: (ICL accuracy) − (unprompted CSW accuracy), weighted across tasks.

F ICL vs. Unprompted: Accuracy Deltas (Noun-Token)

Table 10 reports absolute ICL versus CSW accuracy deltas (weighted averages) for EN as matrix; positive
values indicate that mitigation helps. As discussed in the main text, gains concentrate in multilingual-heavy
families (Qwen, Allam), while Llama and Mistral often see neutral or negative effects.
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