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Abstract

State-of-the-art large language models (LLMs) code-switch (i.e., mix languages),
but how and why is still poorly understood–especially cognitive differences from
humans. We address this gap by introducing a cognitive framework for charac-
terizing code-switching in LLM reasoning. We start from reasoning examples
sourced from diverse models, languages, domains, and tasks. Fusing top-down
theory-driven and bottom-up data-driven approaches, we then develop a taxon-
omy of code-switched reasoning behaviors. Our taxonomy reveals that LLM and
human code-switching behaviors in LLMs partially align. Additionally, more
naturalistic, human-like code-switching may boost model performance, particularly
for languages from the long tail of training data distributions. Our work serves
as a first, necessary step toward uncovering parallels between LLM and human
code-switching. With further testing, LLMs could potentially serve as proxies
for human multilingual cognition. Additionally, our approach can develop future
reasoning taxonomies informed by cognitive science and education.

1 Introduction

Code-switching occurs when multiple languages are integrated into a single communication [Myers-
Scotton, 2017]. Work in both linguistics and natural language processing suggests that code-switching
may facilitate reasoning, in both humans and LLMs (e.g., DeepSeek-AI et al. [2025], Torregrossa
et al. [2025], and Li et al. [2025]). Here, we aim to better understand how LLMs code-switch when
reasoning, asking the following questions:

RQ 1 How do LLMs code-switch during reasoning?
RQ 2 How does code-switching in LLM reasoning parallel and differ from code-switching in

humans?
RQ 3 Where does code-switching in reasoning help performance on tasks requiring reasoning?

To address this gap, we make three main contributions:

(1) We introduce a large-scale dataset of multilingual LLM reasoning traces specifically designed to
allow the study of code-switched LLM reasoning, covering reasoning from diverse models, domains,
tasks, and languages.

(2) We use our dataset to develop a cognitive framework for characterizing code-switched reasoning
behaviors (see Figure 1).

(3) We apply our framework to understand how models use code-switching to perform multilingual
reasoning.
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Subcategories of Scope of Code-Switching with Examples (% of Instances With This Type) 

Instance-Level (29.3%)

Bengali Prompt and English Reasoning (DeepSeek-
R1-Distill-Qwen-7 / MMLU Pro X Lite) [Translation]

Prompt: ?  
[What role does glucose play in cell metabolism?]

Reasoning: Hmm, I remember glucogen is related to 
storing energy, but I'm a bit fuzzy on the details.

Step-Level (39.8%)

Chinese-Symbolic Reasoning (DeepSeek-R1-Distill-
Llama-8B / Global MMLU Lite) [Translation]

<step_27> [Calculate the integral:] 
</step_27>

<step_28> (9 - x^2) dx = 9x - (x^3)/3 + C</step_28>

Sentence-Level (4.9%)

Bengali-English Reasoning (DeepSeek-R1-Distill-
Qwen-7B / Global MMLU Lite) [Translation]

A) 
Translation: This is like how natural laws are direct and 
immediate. [A) That natural law corresponds to positive 
law. Translation: This is like how natural laws are direct 
and immediate.]

Phrase-Level (19.6%)

Chinese-Hindi Reasoning (DeepSeek-R1-Distill-Llama-8B / MMLU ProX Lite) 
[Translation]

B  , 
 [Option B: enzyme by forming an irreversible covalent 

bond with it, effectively preventing the enzyme from being bound to it.]

Word-Level (28.3%)

German-English Reasoning (DeepSeek-R1-Distill-Qwen-1.5B / Global MMLU Lite) 
[Translation]

First, I remember that Hirnscans are various methods used in neuroimaging to study 
brain function. [First, I remember that brain scans are various methods used in 
neuroimaging to study brain function.]

Translation and Interpretation

Translates or interprets foreign language phrases into the 
primary language of reasoning to understand meaning.

Directionality of Code-Switching

Whether the code-switching is from the 
primary language of reasoning to a 

second language, or vice-versa.

Taxonomy of Code-Switched Reasoning Behaviors in Three Dimensions

Function Form Coherence

Lexical Retention

Retains words/phrases from the original language of the prompt, 
without translating them to the primary language of reasoning.

Language-Role Mapping

Which language is used for different 
aspects of the reasoning process.

Language-Content Mapping

Maps how different languages are used for different 
content types.

Interleaving Natural and Non-Natural Language Elements

Mixing elements such as code and math into natural language.

Scope of Code-switching

Whether the code-switching occurs at the level of individual 
words, phrases, sentences, or entire reasoning steps.

Fluency of Code-Switching

Assesses naturalness and accuracy of language 
switching.

Consistency of Terminology

Whether specific terms, once introduced in one language, are 
consistently maintained in that language or switch back and forth.

Figure 1: Selected code-switched reasoning behaviors from our taxonomy. Percentages of reasoning
examples for the subcategories of the Scope of Code-switching category add to over 100% because
a single reasoning instance can potentially feature code-switching at multiple scopes.

We find that:

(RQ 1) LLM code-switching serves diverse functions, including translating the prompt from its
original language to another language within the model reasoning. LLMs also use the opposite
strategy of retaining terms from the prompt in their original language, within reasoning that is
primarily in a different language.

(RQ 2) Code-switching in LLMs partially aligns with human code-switching behaviors. For example,
LLM handling of languages in the long tail of the training distribution follows similar patterns to
compensatory code-switching by human bilinguals who have uneven proficiency in two languages.

(RQ 3) More naturalistic, human-like code-switching may improve generalization to languages
underrepresented in the training data.

By investigating how LLM code-switching parallels and diverges from human code-switching, our
work contributes to growing research on comparing and modeling human cognition with LLMs [Binz
and Schulz, 2024, Ji-An et al., 2024, Tan et al., 2024]. Insights gleaned from applying our taxonomy
can be also applied to develop reasoning systems that integrate code-switching as a core feature.
Code and data are available at https://figshare.com/s/f8f6fd2d899b93077b03.

2 Related work

We contribute to growing work on controlling reasoning language (e.g., Tam et al. [2025b] and Gao
et al. [2025]). Here, we discuss only work that characterizes model reasoning in a principled way.

Prior work on code-switched reasoning lacks our coverage of diverse models, languages, do-
mains, tasks, and reasoning behaviors. Yong et al. [2025] study the English-centric s1 model
family using commonsense, factual, cultural, and causal reasoning benchmarks, with prompts in
four languages other than English. Li et al. [2025] study Chinese/English math reasoning from the
Chinese-English QwQ32B-Preview model. Wang et al. [2025] study the Chinese-English DeepSeek-
R1 model family and multilingual QwQ-32B, Qwen3, and Gemini 2.0 Flash Thinking models on
commonsense, factual, and logical reasoning in 15 languages. In contrast, we cover 15 models from
9 families with diverse multilingual capabilities, 18 prompt languages, and reasoning domains/tasks
beyond those in prior work, e.g., moral reasoning. When characterizing code-switching behaviors,
Yong et al. identify the “quote-and-think” pattern and apply the pre-existing linguistic concepts of a
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matrix language and intra-/inter-sentential switching. Wang et al. quantify relative proportions of
reasoning languages. Li et al. identify four main patterns. In contrast, we introduce a rich taxonomy
of 17 code-switching patterns across three dimensions and five levels of granularity.

Our work combines top-down, theory-driven and bottom-up, data-driven approaches for
classifying reasoning behavior. Gandhi et al. [2025] demonstrated the value of theory-driven
approaches by identifying reasoning model behaviors that both drive performance and parallel human
behaviors. In contrast, CoT Encyclopedia characterizes reasoning using bottom-up LLM-assisted
brainstorming and clustering of the resulting text [Lee et al., 2025]. While we base our own approach
on that of Lee et al., we focus specifically on code-switching. We introduce manual curation as
an extra step to ground the resulting taxonomy of code-switching behaviors in prior real-world
observations and theories of code-switching. Additionally, while Lee et al. classify entire reasoning
instances, our framework enables finer-grained analysis of reasoning, at the instance, step, sentence,
and intra-sentence levels. Finally, CoT Encyclopedia has not been tested on smaller multilingual
models and domains beyond math, science, and general knowledge, whereas we cover diverse
domains and models.

3 Approach

Both top-down and bottom-up approaches to characterizing reasoning behaviors (see section 2) face
limitations. Theory-grounded, top-down approaches which look for pre-defined, human-aligned
behaviors in model reasoning (e.g., [Gandhi et al., 2025]) may miss novel reasoning behaviors that
do not align with humans. On the other hand, data-driven, bottom-up approaches which derive
categories of behaviors from observations of model reasoning (e.g., [Lee et al., 2025]) may fail to
surface misalignment with categories of human behaviors. In particular, these data-driven, bottom-up
approaches may fail to observe behaviors that only appear in humans, and not in models. To address
these limtiations, we fuse top-down theory-driven and bottom-up data-driven approaches in our
framework.

First, we select data from diverse models, languages, tasks, and domains for generalizability. We
source examples from 15 models of diverse sizes, reasoning capabilities, and multilingual capabilities.
We select prompts for generating reasoning examples from seven datasets, from s1K (covering STEM,
law, logic, puzzles, and humanities) to UniMoral (covering moral reasoning). Prompts cover 18
languages (Arabic, Bengali, Burmese, English, French, German, Hindi, Indonesian, Italian, Japanese,
Korean, Mandarin Chinese, Portuguese, Russian, Spanish, Swahili, Thai, and Yoruba), 10 scripts, and
8 language families [Hammarström et al., 2025, Unicode, 2025]. We include about 50 instances from
each model/language/dataset combination, for about 7,000 instances total. See Appendices A.3-A.5,
A.25, and A.26 for full details on models, datasets, and prompting configurations.

Next, we develop a taxonomy of code-switched reasoning behaviors by fusing top-down theory-
driven and bottom-up data-driven approaches. We rely on the reasoning examples described
above as input context to Gemini 2.5 Flash for brainstorming criteria that differentiate code-switching
strategies [Google, 2025a, Gemini Team et al., 2025]. At this stage, we introduce helpful inductive
biases to guide the taxonomy development by providing Gemini 2.5 Flash with a minimal and broad
definition of code-switching (“use of multiple scripts or languages”). We apply topic modeling
to Gemini’s brainstormed criteria, using the BERTopic pipeline [Grootendorst, 2022]. Finally, we
introduce further helpful structure in a top-down manner. In particular, we manually consolidate
redundant topics, dropping those unlikely to generalize (e.g., “Interpretation of Yoruba Terms”),
and group topics into dimensions, categories, and subcategories. Manual curation of topics into the
final hierarchy is guided by the authors’ knowledge of the relevant literature on code-switching and
reasoning in both humans and LLMs. See Appendices A.7 and A.8 for details.

Finally, we annotate our taxonomy on previously unseen reasoning examples. From the datasets
listed in Appendix A.26 (but excluding any instances already used to develop the taxonomy), we
include about 50 instances from each model/dataset/language combination. We prompt Gemini 2.5
Flash to annotate each instance with our taxonomy categories. We use newlines to identify reasoning
step boundaries as in Chen et al. [2025]. See Appendices A.5 and A.9-A.19 for details.

We validate LLM annotations by human evaluation. Our taxonomy development approach
follows Lee et al. [2025], who conduct extensive human evaluation demonstrating that their COT
ENCYLOPEDIA derives more interpretable, comprehensive analyses than prior approaches. To further
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verify the quality of the LLM annotations used in this work, we follow a similar procedure to Lee
et al. We randomly sample 100 instances each from (1) the code-switching criteria brainstormed
by Gemini 2.5 Flash, and (2) the reasoning examples annotated with our taxonomy, then manually
annotate them as detailed in Appendix A.20.

4 Results

Instance−level code−switch
Step−level code−switch

Sentence−level code−switch
Phrase−level code−switch

Word−level code−switch
Lexical retention

Lexical ambiguity resolution
Parenthetical translation

0 2 4 6
Change in log odds of code−switching behavior

Figure 2: When prompted in a language they do not
officially support, models are significantly more
likely to engage in diverse code-switching behav-
iors during reasoning, as demonstrated for the se-
lected categories from our taxonomy. Error bars
show standard error. All effects are significant at
the α = 0.001 level (see Appendix A.22 for details
on modeling for this figure and Figure 3).

Our taxonomy (see Figure 1) features 3 dimen-
sions (Function, Form, and Coherence) anno-
tated at the word, phrase, sentence, step, in-
stance, and code-switch–level. Behaviors un-
der each dimension are classified hierarchically.
(See Appendix A.6 for the detailed taxonomy.)
We find that Gemini 2.5 Flash is an effective
annotator, generating plausible descriptions of
code-switching 85% of the time.

In answer to our research questions, we find
that (1) models are predisposed to use diverse
code-switching behaviors to handle queries in
languages in the long tail of their training data
distributions (RQ 1), (2) model behavior par-
tially aligns with humans (RQ 2), and (3) code-

switching fluency positively affects performance, with an even stronger effect when prompting in
unsupported languages (RQ 3).

Gemini 2.5 Flash performs reasonably well at annotating code-switched reasoning. For 85% of
reasoning instances, the criteria brainstormed by Gemini 2.5 Flash for differentiating code-switching
strategies are plausible. When annotating taxonomy categories, Gemini 2.5 Flash achieves an average
macro F1 of 0.60 for the binary labels evaluated, outperforming a naive majority class baseline
(macro F1 = 0.46). For code-switching fluency (a continuous measure), Gemini 2.5 Flash and human
ratings are weakly positively correlated (r = 0.29, p < 0.01). The low correlation between LLM and
human fluency ratings may be partially due to the subjective nature of this rating, where the rater is
asked to rate fluency on a scale from one to five.

RQ 1: Models are more likely to code-switch to handle queries in unsupported languages.
For the DeepSeek distilled, Llama-3.1-Nemotron-Nano-8B-v1, and Phi-4-mini-reasoning models,
prompting in an unsupported language significantly increases the log odds that the model engages
in diverse code-switching behaviors during reasoning, as seen in Figure 2. (See Appendix A.21 for
languages supported by each model.) In particular, applying our taxonomy reveals that code-switches
at all levels (word, phrase, sentence, step, and instance) are more likely when prompted in an
unsupported language. Additionally, behaviors from the Translation and Interpretation and Lexical
Retention categories of our taxonomy’s Function dimension are more likely when prompting in
unsupported languages.

Overall, this result suggests that diverse forms of code-switching are a generalizable behavior across
reasoning models for handling languages beyond the training distribution. In this respect, model
behavior parallels compensatory code-switching in humans, which occurs when a multilingual
switches to one language to compensate for a lack of proficiency in another language. For example,
a German-Turkish bilingual may say a word in German because they are able to think of this word
more easily in German than in Turkish [Schächinger Tenés et al., 2023].

RQ 2: Model code-switching behavior partially aligns with humans. For example, models may
quote content in one language and then translate and reason about that content in English. Our
taxonomy categories of Translation and Interpretation and Language of Direct Quotes effectively
describe this behavior. Similarly, humans may quote speech in its original language, but provide
additional context for the quote in another language [Begum et al., 2016]. Humans also code-switch
to repeat phrases from one language in another language, for both emphasis and clarity [Belani and
Flanigan, 2023]. See Appendix A.27 for examples.
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By code-switching to reason about content from lower-resource languages in higher-resource lan-
guages, models mitigate the language resource gap. In Figure 1, we show additional examples of how
code-switching at the instance, step, sentence, phrase, and word levels of our taxonomy’s Scope of
Code-Switching category handles queries in languages (Bengali, Hindi, and German) beyond the
core languages (Chinese and English) supported by the DeepSeek-R1 distilled models.

Effect of unsupported
prompt language

Effect of code−switching
fluency

Effect of fluency when prompted
in unsupported language

−4 −3 −2 −1 0 1
Change in log odds of correct final answer

Figure 3: The Fluency category of the Coherence
dimension in our taxonomy is defined as the accu-
racy and naturalness of code-switching. Increased
fluency increases the log odds of a correct final an-
swer (considering code-switched instances only).
Error bars show 95% CI. Fluency effect significant
at the α = 0.01 level.

RQ 3: More fluent code-switching has a sig-
nificant positive effect on performance. In
our taxonomy, the Fluency1 category of the Co-
herence dimension is defined as the accuracy
and naturalness of the code-switching, rated
on a scale from one (“very disfluent”) to five
(“very fluent”). We measure the effect of code-
switching on performance using a generalized
linear mixed effects (GLME) model, with cor-
rectness of the final LLM answer coded as a
binary variable. Our GLME model includes the
interaction between fluency and whether or not
the prompt language is supported by the model,
as well as the random effects of the dataset item
and model (see Appendix A.22 for details).

As seen in Figure 3, for each one-point increase
in the fluency rating of a code-switched reasoning instance, the log odds of a correct final answer
increase by 0.12 (p < 0.01). The positive effect of code-switching fluency on accuracy suggests that
code-switching that is more natural and human-like may be more beneficial to model performance.
Moreover, we see that increased code-switching fluency has an even greater positive effect (0.62±0.28
standard errors, p < 0.05) when models are prompted in unsupported languages. In other words,
while beneficial for model performance on average, fluent code-switching is particularly impactful
when models are forced to handle queries in languages that are underrepresented in their training
data. Our finding in LLMs parallels the finding that highly fluent human code-switchers demonstrate
cognitive benefits, compared to less fluent bilinguals [Kheder and Kaan, 2021].

5 Conclusion

In this work, we ask (1) how LLMs code-switch during reasoning, (2) how this code-switching
parallels and differs from human code-switching, and (3) where code-switching can help performance
on reasoning tasks. To answer these questions, we introduce a new dataset of LLM reasoning traces for
studying code-switching and a cognitive framework for characterizing model code-switched reasoning
behaviors. The dataset consists of reasoning examples from diverse domains, tasks, and models. We
use this dataset in our human-validated approach, combining LLM-assisted brainstorming, topic
modeling, and theory-informed manual curation to develop a taxonomy of behaviors. In answer to our
research questions, we find that (1) models code-switch to reason about queries in languages from the
long tail of their training data distributions, (2) humans and model behaviors partially align, and (3)
fluent code-switching during reasoning positively impacts performance, suggesting that more natural
and human-like code-switching may benefit reasoning. This beneficial effect is even more pronounced
in the challenging setting of prompting in unsupported languages. Overall, the surface-level parallels
between LLM and human code-switchers suggest that with further testing, LLMs could serve as
proxies for human multilingual cognition in the future. Our combination of theory- and data-driven
approaches for characterizing model behavior can also extend to behaviors beyond code-switching.
See Appendices A.1 and A.2 for future work, limitations, and broader impacts.
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M. Lučić, G. Zhang, W. Farhan, M. Sharman, P. Natsev, P. Michel, Y. Bansal, S. Qiao, K. Cao, S. Shakeri,
C. Butterfield, J. Chung, P. K. Rubenstein, S. Agrawal, A. Mensch, K. Soparkar, K. Lenc, T. Chung, A. Pope,
L. Maggiore, J. Kay, P. Jhakra, S. Wang, J. Maynez, M. Phuong, T. Tobin, A. Tacchetti, M. Trebacz,
K. Robinson, Y. Katariya, S. Riedel, P. Bailey, K. Xiao, N. Ghelani, L. Aroyo, A. Slone, N. Houlsby,
X. Xiong, Z. Yang, E. Gribovskaya, J. Adler, M. Wirth, L. Lee, M. Li, T. Kagohara, J. Pavagadhi, S. Bridgers,
A. Bortsova, S. Ghemawat, Z. Ahmed, T. Liu, R. Powell, V. Bolina, M. Iinuma, P. Zablotskaia, J. Besley, D.-W.
Chung, T. Dozat, R. Comanescu, X. Si, J. Greer, G. Su, M. Polacek, R. L. Kaufman, S. Tokumine, H. Hu,
E. Buchatskaya, Y. Miao, M. Elhawaty, A. Siddhant, N. Tomasev, J. Xing, C. Greer, H. Miller, S. Ashraf,
A. Roy, Z. Zhang, A. Ma, A. Filos, M. Besta, R. Blevins, T. Klimenko, C.-K. Yeh, S. Changpinyo, J. Mu,
O. Chang, M. Pajarskas, C. Muir, V. Cohen, C. L. Lan, K. Haridasan, A. Marathe, S. Hansen, S. Douglas,
R. Samuel, M. Wang, S. Austin, C. Lan, J. Jiang, J. Chiu, J. A. Lorenzo, L. L. Sjösund, S. Cevey, Z. Gleicher,
T. Avrahami, A. Boral, H. Srinivasan, V. Selo, R. May, K. Aisopos, L. Hussenot, L. B. Soares, K. Baumli,
M. B. Chang, A. Recasens, B. Caine, A. Pritzel, F. Pavetic, F. Pardo, A. Gergely, J. Frye, V. Ramasesh,
D. Horgan, K. Badola, N. Kassner, S. Roy, E. Dyer, V. C. Campos, A. Tomala, Y. Tang, D. E. Badawy,
E. White, B. Mustafa, O. Lang, A. Jindal, S. Vikram, Z. Gong, S. Caelles, R. Hemsley, G. Thornton, F. Feng,
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A Technical appendices and supplementary material

A.1 Future work

This work can be extended by fine-tuning and open-sourcing a classifier for our taxonomy and extending our
approach to develop a general reasoning behavior taxonomy, not limited to code-switching behaviors. Our
taxonomy can also be applied to test whether multilingualism and creativity are positively associated in LLMs,
as they are in human cognition. More generally, our taxonomy can be applied to measure the multilingual
capabilities of different LLMs [Kharkhurin and Wei, 2015, Fernandez-Duque, 2025].

A.2 Limitations and broader impacts

Developed with a bottom-up approach, our taxonomy depends on the models and datasets included in the initial
data. While we include diverse languages, domains, tasks, and models, future work should further expand and
diversify the dataset coverage.

Our work is also limited by the language proficiency of the human evaluator of the LLM annotations. Our
evaluator is a native English speaker with advanced proficiency in Mandarin Chinese, advanced proficiency in
German, and elementary proficiency in Spanish. Additionally, they also have a background in linguistics through
which they have prior exposure to Arabic, French, Hindi, Italian, Indonesian, Japanese, Korean, Russian, and
Swahili. Nevertheless, it’s possible that our human evaluation suffers from accuracy losses due to the evaluator’s
lack of full fluency in all languages evaluated. Future work should rely on native speakers of all languages
included in the dataset to evaluate LLM annotations.

Another limitation of this work is that we use a black box approach, looking at only the final model outputs. An
alternative direction pursued by Li et al. [2025] would be to apply methods from mechanistic interpretability to
understand and steer model code-switching at the level of internal model activations.

This work can improve usability of large language models (LLMs) for multilinguals and speakers of low-resource
languages, by yielding actionable insights into how LLMs handle queries in their languages. We do not anticipate
any significant negative societal impacts of this work.

A.3 Experiments compute resources

Generating the reasoning examples from the Global MMLU Lite, MMLU ProX Lite, UniMoral, and BBEH
datasets used in this work takes approximately 19.3 hours on 4 NVIDIA A100-SXM4-80GB GPUs, 0.4 hours on
2 NVIDIA RTX A5000 GPUs, and 72.8 hours on 10 NVIDIA RTX A6000 GPUs. We also spend approximately
$2.40 and 13.3 hours to prompt DeepSeek-R1 through the DeepSeek API2 and obtain reasoning examples from
Global MMLU Lite. All other data used in this work is drawn from previously existing publicly available
datasets.

We use $260.55 of Google Cloud credits for accessing Vertex AI, Google Translate, the Gemini API, and Google
Cloud Storage. We use these services for the LLM-assisted brainstorming, as part of our topic modeling pipeline,
and for LLM-as-judge annotation described in this work, as well as data processing for preliminary and failed
experiments. Prompting gemini-2.5-flash for annotation through the Vertex AI Batch Inference service takes
approximately 5.4 hours.

Topic modeling using the BERTopic pipeline described in Appendix A.8 (including preliminary experiments
used to develop the final pipeline) takes approximately 1 hour on a single NVIDIA RTX A5000 GPU.

All other data pre-/post-processing and analysis is performed using CPUs on servers with the following
specifications:

• 160 cores, 3TB memory, Ubuntu 20.04.6 LTS
• 16 cores, 0.5TB memory, Ubuntu 20.04.6 LTS
• 40 cores, 1TB memory, Ubuntu 20.04.6 LTS
• 48 cores, 1TB memory, Ubuntu 22.04.5 LTS
• 64 cores, 867GB memory, Ubuntu 22.04.2 LTS
• 128 cores, 1.4TB memory, Ubuntu 24.04 LTS

A.4 Configuration for generating reasoning examples

We generate reasoning examples on the BBEH, UniMoral, Global MMLU Lite, and MMLU ProX Lite datasets.
All other data used in our experiments is drawn from preexisting reasoning example datasets.

2https://api-docs.deepseek.com/
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BBEH Following the recommendations from the model creators,3 for prompting DeepSeek-R1-Distill-
Qwen-7B and DeepSeek-R1-Distill-Llama-8B we set temperature=0.6, top_p=0.95. We also set
max_tokens=32768, which is the maximum allowed by the DeepSeek distilled models.

UniMoral For both Phi-4-mini-reasoning and DeepSeek-R1-Distill Llama-8B, we set temperature=0.6,
top_p=0.95, and max_tokens=32768.

Global MMLU Lite For DeepSeek-R1-Distill-Qwen-1.5B, DeepSeek-R1-Distill-Qwen-7B, DeepSeek-
R1-Distill-Llama-8B, and DeepSeek-R1-Distill-Qwen-14B, we set temperature=0.6, top_p=0.9, and
max_tokens=32768, again following the recommendations from the model creators.4 For DeepSeek-
R1-Distill-Qwen-32B and DeepSeek-R1-Distill-Llama-70B, we set temperature=1.0, top_p=1.0, and
max_tokens=32768. For prompting DeepSeek-R1, we leave the API defaults as is and use the January
2025 model checkpoint.5

MMLU ProX Lite For Llama-3.1-Nemotron-Nano-8B-v1, we set temperature=0.6, top_p=0.95, and
max_tokens=32768, following NVIDIA’s recommendations.6 We also turn reasoning mode on. For gemma-3-
4b-it and DeepSeek-R1-Distill-Qwen-7B, we set temperature=0 and max_tokens=2048, as we initially fol-
lowed the defaults in lm-evaluation-harness.7 For DeepSeek-R1-Distill-Llama-8B, we set temperature=0
and max_tokens=32768.

A.5 Dataset

Table 1 shows the sources of the data used to develop the taxonomy of code-switched reasoning behaviors. Table
2 shows the sources of the data used to characterize reasoning behaviors.

Table 1: Data used to develop the taxonomy of code-switched reasoning behaviors.

Prompt language Model Dataset Count

ar DeepSeek-R1-Distill-Llama-8B Global MMLU Lite 50
ar DeepSeek-R1-Distill-Llama-8B MMLU ProX Lite 50
ar DeepSeek-R1-Distill-Llama-8B UniMoral 50
ar DeepSeek-R1-Distill-Qwen-1.5B Global MMLU Lite 50
ar DeepSeek-R1-Distill-Qwen-14B Global MMLU Lite 50
ar DeepSeek-R1-Distill-Qwen-7B Global MMLU Lite 50
ar DeepSeek-R1-Distill-Qwen-7B MMLU ProX Lite 50
ar Llama-3.1-Nemotron-Nano-8B-v1 MMLU ProX Lite 50
ar Phi-4-mini-reasoning UniMoral 50
ar gemma-3-4b-it MMLU ProX Lite 50
bn DeepSeek-R1-Distill-Llama-8B Global MMLU Lite 50
bn DeepSeek-R1-Distill-Llama-8B MMLU ProX Lite 50
bn DeepSeek-R1-Distill-Qwen-1.5B Global MMLU Lite 50
bn DeepSeek-R1-Distill-Qwen-14B Global MMLU Lite 50
bn DeepSeek-R1-Distill-Qwen-7B Global MMLU Lite 50
bn DeepSeek-R1-Distill-Qwen-7B MMLU ProX Lite 50
bn Llama-3.1-Nemotron-Nano-8B-v1 MMLU ProX Lite 7
bn gemma-3-4b-it MMLU ProX Lite 50
de DeepSeek-R1-Distill-Llama-8B Global MMLU Lite 50
de DeepSeek-R1-Distill-Llama-8B MMLU ProX Lite 50
de DeepSeek-R1-Distill-Qwen-1.5B Global MMLU Lite 50
de DeepSeek-R1-Distill-Qwen-14B Global MMLU Lite 50
de DeepSeek-R1-Distill-Qwen-7B Global MMLU Lite 50
de DeepSeek-R1-Distill-Qwen-7B MMLU ProX Lite 50
de Llama-3.1-Nemotron-Nano-8B-v1 MMLU ProX Lite 50
de gemma-3-4b-it MMLU ProX Lite 50
en Claude 3.7 Sonnet s1K-claude-3-7-sonnet 50
en DeepSeek-R1 Global MMLU Lite 50

3https://huggingface.co/deepseek-ai/DeepSeek-R1
4https://huggingface.co/deepseek-ai/DeepSeek-R1
5https://api-docs.deepseek.com/news/news250120
6https://build.nvidia.com/nvidia/llama-3_1-nemotron-nano-8b-v1/modelcard
7https://github.com/EleutherAI/lm-evaluation-harness/blob/main/lm_eval/tasks/

mmlu_prox/en/_en_template_yaml
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Prompt language Model Dataset Count

en DeepSeek-R1 OpenMathReasoning 50
en DeepSeek-R1 s1K-1.1 50
en DeepSeek-R1-Distill-Llama-70B Global MMLU Lite 50
en DeepSeek-R1-Distill-Llama-8B BBEH 50
en DeepSeek-R1-Distill-Llama-8B Global MMLU Lite 50
en DeepSeek-R1-Distill-Llama-8B MMLU ProX Lite 50
en DeepSeek-R1-Distill-Llama-8B UniMoral 50
en DeepSeek-R1-Distill-Qwen-1.5B Global MMLU Lite 50
en DeepSeek-R1-Distill-Qwen-14B Global MMLU Lite 50
en DeepSeek-R1-Distill-Qwen-32B Global MMLU Lite 50
en DeepSeek-R1-Distill-Qwen-7B BBEH 50
en DeepSeek-R1-Distill-Qwen-7B Global MMLU Lite 50
en DeepSeek-R1-Distill-Qwen-7B MMLU ProX Lite 50
en Kimi k1.5 Kimi-K1.5-Distill-data 50
en Llama-3.1-Nemotron-Nano-8B-v1 MMLU ProX Lite 50
en Phi-4-mini-reasoning UniMoral 50
en QwQ-32B OpenMathReasoning 50
en gemini-2.0-flash-thinking-exp-1219 s1K-1.1 50
en gemma-3-4b-it MMLU ProX Lite 50
en magistral-small-2506 s1k-magistral-small-2506 50
es DeepSeek-R1-Distill-Llama-8B Global MMLU Lite 50
es DeepSeek-R1-Distill-Llama-8B MMLU ProX Lite 50
es DeepSeek-R1-Distill-Llama-8B UniMoral 50
es DeepSeek-R1-Distill-Qwen-1.5B Global MMLU Lite 50
es DeepSeek-R1-Distill-Qwen-14B Global MMLU Lite 50
es DeepSeek-R1-Distill-Qwen-7B Global MMLU Lite 50
es DeepSeek-R1-Distill-Qwen-7B MMLU ProX Lite 50
es Llama-3.1-Nemotron-Nano-8B-v1 MMLU ProX Lite 50
es Phi-4-mini-reasoning UniMoral 50
es gemma-3-4b-it MMLU ProX Lite 50
fr DeepSeek-R1-Distill-Llama-8B Global MMLU Lite 50
fr DeepSeek-R1-Distill-Llama-8B MMLU ProX Lite 50
fr DeepSeek-R1-Distill-Qwen-1.5B Global MMLU Lite 50
fr DeepSeek-R1-Distill-Qwen-14B Global MMLU Lite 50
fr DeepSeek-R1-Distill-Qwen-7B Global MMLU Lite 50
fr DeepSeek-R1-Distill-Qwen-7B MMLU ProX Lite 50
fr Llama-3.1-Nemotron-Nano-8B-v1 MMLU ProX Lite 50
fr gemma-3-4b-it MMLU ProX Lite 50
hi DeepSeek-R1-Distill-Llama-8B Global MMLU Lite 50
hi DeepSeek-R1-Distill-Llama-8B MMLU ProX Lite 50
hi DeepSeek-R1-Distill-Llama-8B UniMoral 50
hi DeepSeek-R1-Distill-Qwen-1.5B Global MMLU Lite 50
hi DeepSeek-R1-Distill-Qwen-14B Global MMLU Lite 50
hi DeepSeek-R1-Distill-Qwen-7B Global MMLU Lite 50
hi DeepSeek-R1-Distill-Qwen-7B MMLU ProX Lite 50
hi Llama-3.1-Nemotron-Nano-8B-v1 MMLU ProX Lite 5
hi Phi-4-mini-reasoning UniMoral 50
hi gemma-3-4b-it MMLU ProX Lite 50
id DeepSeek-R1-Distill-Llama-8B Global MMLU Lite 50
id DeepSeek-R1-Distill-Qwen-1.5B Global MMLU Lite 50
id DeepSeek-R1-Distill-Qwen-14B Global MMLU Lite 50
id DeepSeek-R1-Distill-Qwen-7B Global MMLU Lite 50
it DeepSeek-R1-Distill-Llama-8B Global MMLU Lite 50
it DeepSeek-R1-Distill-Qwen-1.5B Global MMLU Lite 50
it DeepSeek-R1-Distill-Qwen-14B Global MMLU Lite 50
it DeepSeek-R1-Distill-Qwen-7B Global MMLU Lite 50
ja DeepSeek-R1-Distill-Llama-8B Global MMLU Lite 50
ja DeepSeek-R1-Distill-Llama-8B MMLU ProX Lite 50
ja DeepSeek-R1-Distill-Qwen-1.5B Global MMLU Lite 50
ja DeepSeek-R1-Distill-Qwen-14B Global MMLU Lite 50
ja DeepSeek-R1-Distill-Qwen-7B Global MMLU Lite 50
ja DeepSeek-R1-Distill-Qwen-7B MMLU ProX Lite 50
ja Llama-3.1-Nemotron-Nano-8B-v1 MMLU ProX Lite 50
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ja gemma-3-4b-it MMLU ProX Lite 50
ko DeepSeek-R1-Distill-Llama-8B Global MMLU Lite 50
ko DeepSeek-R1-Distill-Llama-8B MMLU ProX Lite 50
ko DeepSeek-R1-Distill-Qwen-1.5B Global MMLU Lite 50
ko DeepSeek-R1-Distill-Qwen-14B Global MMLU Lite 50
ko DeepSeek-R1-Distill-Qwen-7B Global MMLU Lite 50
ko DeepSeek-R1-Distill-Qwen-7B MMLU ProX Lite 50
ko Llama-3.1-Nemotron-Nano-8B-v1 MMLU ProX Lite 50
ko gemma-3-4b-it MMLU ProX Lite 50
my DeepSeek-R1-Distill-Llama-8B Global MMLU Lite 50
my DeepSeek-R1-Distill-Qwen-1.5B Global MMLU Lite 50
my DeepSeek-R1-Distill-Qwen-14B Global MMLU Lite 50
my DeepSeek-R1-Distill-Qwen-7B Global MMLU Lite 50
pt DeepSeek-R1-Distill-Llama-8B Global MMLU Lite 50
pt DeepSeek-R1-Distill-Llama-8B MMLU ProX Lite 50
pt DeepSeek-R1-Distill-Qwen-1.5B Global MMLU Lite 50
pt DeepSeek-R1-Distill-Qwen-14B Global MMLU Lite 50
pt DeepSeek-R1-Distill-Qwen-7B Global MMLU Lite 50
pt DeepSeek-R1-Distill-Qwen-7B MMLU ProX Lite 50
pt Llama-3.1-Nemotron-Nano-8B-v1 MMLU ProX Lite 50
pt gemma-3-4b-it MMLU ProX Lite 50
ru DeepSeek-R1-Distill-Llama-8B UniMoral 50
ru Phi-4-mini-reasoning UniMoral 50
sw DeepSeek-R1-Distill-Llama-8B Global MMLU Lite 50
sw DeepSeek-R1-Distill-Llama-8B MMLU ProX Lite 50
sw DeepSeek-R1-Distill-Qwen-1.5B Global MMLU Lite 50
sw DeepSeek-R1-Distill-Qwen-14B Global MMLU Lite 50
sw DeepSeek-R1-Distill-Qwen-7B Global MMLU Lite 50
sw DeepSeek-R1-Distill-Qwen-7B MMLU ProX Lite 50
sw Llama-3.1-Nemotron-Nano-8B-v1 MMLU ProX Lite 7
sw gemma-3-4b-it MMLU ProX Lite 50
th DeepSeek-R1-Distill-Llama-8B MMLU ProX Lite 50
th DeepSeek-R1-Distill-Qwen-7B MMLU ProX Lite 50
th gemma-3-4b-it MMLU ProX Lite 50
yo DeepSeek-R1-Distill-Llama-8B Global MMLU Lite 50
yo DeepSeek-R1-Distill-Qwen-1.5B Global MMLU Lite 50
yo DeepSeek-R1-Distill-Qwen-14B Global MMLU Lite 50
yo DeepSeek-R1-Distill-Qwen-7B Global MMLU Lite 50
zh DeepSeek-R1 Global MMLU Lite 50
zh DeepSeek-R1-Distill-Llama-70B Global MMLU Lite 50
zh DeepSeek-R1-Distill-Llama-8B Global MMLU Lite 50
zh DeepSeek-R1-Distill-Llama-8B MMLU ProX Lite 50
zh DeepSeek-R1-Distill-Llama-8B UniMoral 50
zh DeepSeek-R1-Distill-Qwen-1.5B Global MMLU Lite 50
zh DeepSeek-R1-Distill-Qwen-14B Global MMLU Lite 50
zh DeepSeek-R1-Distill-Qwen-32B Global MMLU Lite 50
zh DeepSeek-R1-Distill-Qwen-7B Global MMLU Lite 50
zh DeepSeek-R1-Distill-Qwen-7B MMLU ProX Lite 50
zh Llama-3.1-Nemotron-Nano-8B-v1 MMLU ProX Lite 50
zh Phi-4-mini-reasoning UniMoral 50
zh gemma-3-4b-it MMLU ProX Lite 50

Prompt language Model Dataset Count

ar DeepSeek-R1-Distill-Llama-8B Global MMLU Lite 50
ar DeepSeek-R1-Distill-Llama-8B MMLU ProX Lite 50
ar DeepSeek-R1-Distill-Llama-8B UniMoral 50
ar DeepSeek-R1-Distill-Qwen-1.5B Global MMLU Lite 50
ar DeepSeek-R1-Distill-Qwen-14B Global MMLU Lite 50
ar DeepSeek-R1-Distill-Qwen-7B Global MMLU Lite 50
ar DeepSeek-R1-Distill-Qwen-7B MMLU ProX Lite 50
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ar Llama-3.1-Nemotron-Nano-8B-v1 MMLU ProX Lite 20
ar Phi-4-mini-reasoning UniMoral 50
ar gemma-3-4b-it MMLU ProX Lite 50
bn DeepSeek-R1-Distill-Llama-8B Global MMLU Lite 50
bn DeepSeek-R1-Distill-Llama-8B MMLU ProX Lite 50
bn DeepSeek-R1-Distill-Qwen-1.5B Global MMLU Lite 50
bn DeepSeek-R1-Distill-Qwen-14B Global MMLU Lite 50
bn DeepSeek-R1-Distill-Qwen-7B Global MMLU Lite 50
bn DeepSeek-R1-Distill-Qwen-7B MMLU ProX Lite 50
bn gemma-3-4b-it MMLU ProX Lite 50
de DeepSeek-R1-Distill-Llama-8B Global MMLU Lite 50
de DeepSeek-R1-Distill-Llama-8B MMLU ProX Lite 50
de DeepSeek-R1-Distill-Qwen-1.5B Global MMLU Lite 50
de DeepSeek-R1-Distill-Qwen-14B Global MMLU Lite 50
de DeepSeek-R1-Distill-Qwen-7B Global MMLU Lite 50
de DeepSeek-R1-Distill-Qwen-7B MMLU ProX Lite 50
de Llama-3.1-Nemotron-Nano-8B-v1 MMLU ProX Lite 50
de gemma-3-4b-it MMLU ProX Lite 50
en Claude 3.7 Sonnet s1K-claude-3-7-sonnet 50
en DeepSeek-R1 Global MMLU Lite 50
en DeepSeek-R1 OpenMathReasoning 50
en DeepSeek-R1 s1K-1.1 50
en DeepSeek-R1-Distill-Llama-70B Global MMLU Lite 50
en DeepSeek-R1-Distill-Llama-8B BBEH 50
en DeepSeek-R1-Distill-Llama-8B Global MMLU Lite 50
en DeepSeek-R1-Distill-Llama-8B MMLU ProX Lite 50
en DeepSeek-R1-Distill-Llama-8B UniMoral 50
en DeepSeek-R1-Distill-Qwen-1.5B Global MMLU Lite 50
en DeepSeek-R1-Distill-Qwen-14B Global MMLU Lite 50
en DeepSeek-R1-Distill-Qwen-32B Global MMLU Lite 50
en DeepSeek-R1-Distill-Qwen-7B BBEH 50
en DeepSeek-R1-Distill-Qwen-7B Global MMLU Lite 50
en DeepSeek-R1-Distill-Qwen-7B MMLU ProX Lite 50
en Kimi k1.5 Kimi-K1.5-Distill-data 50
en Llama-3.1-Nemotron-Nano-8B-v1 MMLU ProX Lite 50
en Phi-4-mini-reasoning UniMoral 50
en QwQ-32B OpenMathReasoning 50
en gemini-2.0-flash-thinking-exp-1219 s1K-1.1 50
en gemma-3-4b-it MMLU ProX Lite 50
en magistral-small-2506 s1k-magistral-small-2506 50
es DeepSeek-R1-Distill-Llama-8B Global MMLU Lite 50
es DeepSeek-R1-Distill-Llama-8B MMLU ProX Lite 50
es DeepSeek-R1-Distill-Llama-8B UniMoral 50
es DeepSeek-R1-Distill-Qwen-1.5B Global MMLU Lite 50
es DeepSeek-R1-Distill-Qwen-14B Global MMLU Lite 50
es DeepSeek-R1-Distill-Qwen-7B Global MMLU Lite 50
es DeepSeek-R1-Distill-Qwen-7B MMLU ProX Lite 50
es Llama-3.1-Nemotron-Nano-8B-v1 MMLU ProX Lite 50
es Phi-4-mini-reasoning UniMoral 50
es gemma-3-4b-it MMLU ProX Lite 50
fr DeepSeek-R1-Distill-Llama-8B Global MMLU Lite 50
fr DeepSeek-R1-Distill-Llama-8B MMLU ProX Lite 50
fr DeepSeek-R1-Distill-Qwen-1.5B Global MMLU Lite 50
fr DeepSeek-R1-Distill-Qwen-14B Global MMLU Lite 50
fr DeepSeek-R1-Distill-Qwen-7B Global MMLU Lite 50
fr DeepSeek-R1-Distill-Qwen-7B MMLU ProX Lite 50
fr Llama-3.1-Nemotron-Nano-8B-v1 MMLU ProX Lite 50
fr gemma-3-4b-it MMLU ProX Lite 50
hi DeepSeek-R1-Distill-Llama-8B Global MMLU Lite 50
hi DeepSeek-R1-Distill-Llama-8B MMLU ProX Lite 50
hi DeepSeek-R1-Distill-Llama-8B UniMoral 50
hi DeepSeek-R1-Distill-Qwen-1.5B Global MMLU Lite 50
hi DeepSeek-R1-Distill-Qwen-14B Global MMLU Lite 50
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hi DeepSeek-R1-Distill-Qwen-7B Global MMLU Lite 50
hi DeepSeek-R1-Distill-Qwen-7B MMLU ProX Lite 50
hi Phi-4-mini-reasoning UniMoral 50
hi gemma-3-4b-it MMLU ProX Lite 50
id DeepSeek-R1-Distill-Llama-8B Global MMLU Lite 50
id DeepSeek-R1-Distill-Qwen-1.5B Global MMLU Lite 50
id DeepSeek-R1-Distill-Qwen-14B Global MMLU Lite 50
id DeepSeek-R1-Distill-Qwen-7B Global MMLU Lite 50
it DeepSeek-R1-Distill-Llama-8B Global MMLU Lite 50
it DeepSeek-R1-Distill-Qwen-1.5B Global MMLU Lite 50
it DeepSeek-R1-Distill-Qwen-14B Global MMLU Lite 50
it DeepSeek-R1-Distill-Qwen-7B Global MMLU Lite 50
ja DeepSeek-R1-Distill-Llama-8B Global MMLU Lite 50
ja DeepSeek-R1-Distill-Llama-8B MMLU ProX Lite 50
ja DeepSeek-R1-Distill-Qwen-1.5B Global MMLU Lite 50
ja DeepSeek-R1-Distill-Qwen-14B Global MMLU Lite 50
ja DeepSeek-R1-Distill-Qwen-7B Global MMLU Lite 50
ja DeepSeek-R1-Distill-Qwen-7B MMLU ProX Lite 50
ja Llama-3.1-Nemotron-Nano-8B-v1 MMLU ProX Lite 50
ja gemma-3-4b-it MMLU ProX Lite 50
ko DeepSeek-R1-Distill-Llama-8B Global MMLU Lite 50
ko DeepSeek-R1-Distill-Llama-8B MMLU ProX Lite 50
ko DeepSeek-R1-Distill-Qwen-1.5B Global MMLU Lite 50
ko DeepSeek-R1-Distill-Qwen-14B Global MMLU Lite 50
ko DeepSeek-R1-Distill-Qwen-7B Global MMLU Lite 50
ko DeepSeek-R1-Distill-Qwen-7B MMLU ProX Lite 50
ko Llama-3.1-Nemotron-Nano-8B-v1 MMLU ProX Lite 28
ko gemma-3-4b-it MMLU ProX Lite 50
my DeepSeek-R1-Distill-Llama-8B Global MMLU Lite 50
my DeepSeek-R1-Distill-Qwen-1.5B Global MMLU Lite 50
my DeepSeek-R1-Distill-Qwen-14B Global MMLU Lite 50
my DeepSeek-R1-Distill-Qwen-7B Global MMLU Lite 50
pt DeepSeek-R1-Distill-Llama-8B Global MMLU Lite 50
pt DeepSeek-R1-Distill-Llama-8B MMLU ProX Lite 50
pt DeepSeek-R1-Distill-Qwen-1.5B Global MMLU Lite 50
pt DeepSeek-R1-Distill-Qwen-14B Global MMLU Lite 50
pt DeepSeek-R1-Distill-Qwen-7B Global MMLU Lite 50
pt DeepSeek-R1-Distill-Qwen-7B MMLU ProX Lite 50
pt Llama-3.1-Nemotron-Nano-8B-v1 MMLU ProX Lite 44
pt gemma-3-4b-it MMLU ProX Lite 50
ru DeepSeek-R1-Distill-Llama-8B UniMoral 50
ru Phi-4-mini-reasoning UniMoral 50
sw DeepSeek-R1-Distill-Llama-8B Global MMLU Lite 50
sw DeepSeek-R1-Distill-Llama-8B MMLU ProX Lite 50
sw DeepSeek-R1-Distill-Qwen-1.5B Global MMLU Lite 50
sw DeepSeek-R1-Distill-Qwen-14B Global MMLU Lite 50
sw DeepSeek-R1-Distill-Qwen-7B Global MMLU Lite 50
sw DeepSeek-R1-Distill-Qwen-7B MMLU ProX Lite 50
sw gemma-3-4b-it MMLU ProX Lite 50
th DeepSeek-R1-Distill-Llama-8B MMLU ProX Lite 50
th DeepSeek-R1-Distill-Qwen-7B MMLU ProX Lite 50
th gemma-3-4b-it MMLU ProX Lite 50
yo DeepSeek-R1-Distill-Llama-8B Global MMLU Lite 50
yo DeepSeek-R1-Distill-Qwen-1.5B Global MMLU Lite 50
yo DeepSeek-R1-Distill-Qwen-14B Global MMLU Lite 50
yo DeepSeek-R1-Distill-Qwen-7B Global MMLU Lite 50
zh DeepSeek-R1 Global MMLU Lite 50
zh DeepSeek-R1-Distill-Llama-70B Global MMLU Lite 50
zh DeepSeek-R1-Distill-Llama-8B Global MMLU Lite 50
zh DeepSeek-R1-Distill-Llama-8B MMLU ProX Lite 50
zh DeepSeek-R1-Distill-Llama-8B UniMoral 50
zh DeepSeek-R1-Distill-Qwen-1.5B Global MMLU Lite 50
zh DeepSeek-R1-Distill-Qwen-14B Global MMLU Lite 50
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zh DeepSeek-R1-Distill-Qwen-32B Global MMLU Lite 50
zh DeepSeek-R1-Distill-Qwen-7B Global MMLU Lite 50
zh DeepSeek-R1-Distill-Qwen-7B MMLU ProX Lite 50
zh Llama-3.1-Nemotron-Nano-8B-v1 MMLU ProX Lite 50
zh Phi-4-mini-reasoning UniMoral 50
zh gemma-3-4b-it MMLU ProX Lite 50

Table 2: Data used to characterize model behaviors.

A.6 Full taxonomy of code-switched reasoning behaviors

The taxonomy is shown in Table 3.

A.7 Prompt for brainstorming code-switched reasoning classification criteria

Here is a problem and the reasoning process that a model generated
when it tried to solve the problem.

Problem: (enclosed in double backticks)
‘‘
{problem}
‘‘

Reasoning process: (enclosed in triple backticks , the reasoning
process has been split into distinct reasoning steps in the
format of <step_idx ><reasoning_step_content ></step_idx >)

‘‘‘
{reasoning}
‘‘‘

You are tasked with analyzing any code -switching strategies used
in the above reasoning , where code -switching is defined as the
use of multiple scripts or languages. Your goal is to extract
and describe patterns based on various criteria that

characterize how the model uses code -switching in its
reasoning.

Please follow these guidelines:

1. Identify multiple *meaningful criteria* that differentiate code
-switching strategies. Each criterion should have a clear and
descriptive name that reflects a real aspect of the code -
switching process. **Do not use generic placeholders like ‘
Criterion 1’.**

2. For each criterion , provide a brief description.

3. Present your analysis in the following format , using <patterns >
and </patterns > tags to enclose the list:

<patterns >
Descriptive Criterion Name (Description of the Criterion)
Descriptive Criterion Name (Description of the Criterion)
...
Descriptive Criterion Name (Description of the Criterion)
</patterns >

4. Do not include any additional explanations or commentary within
the <patterns > tags.

5. If no code -switching is observed in the reasoning , simply
return "<patterns ></patterns >".
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Table 3: Annotation schema for analyzing multilingual reasoning behaviors.
Dimension Name: Description Granularity

Function

Translation and Interpretation: Translates or interprets foreign
language phrases into the primary language of reasoning to under-
stand meaning.

Step-level

Lexical Ambiguity Resolution: Identifies unclear terms in one
language and clarifies meaning in another.

Step-level

Parenthetical Translation: Provides a direct translation of a
single word or short phrase in parentheses, often immediately after
the term appears, reinforcing the precise meaning of a concept for
clarity and accuracy.

Step-level

Lexical Retention: Retains words/phrases from the original lan-
guage of the prompt, without translating them to the primary lan-
guage of reasoning.

Step-level

Form

Directionality of Code-switching: Whether the code-switching is
from the primary language of reasoning to a second language, or
vice-versa.

Switch-level

Scope of Code-switching: Whether the code-switching occurs at
the level of individual words, phrases, sentences, or entire reasoning
steps.

Word-/Phrase-
/Sentence-/Step-
/Instance-level

Language-Role Mapping: Which language is used for different
aspects of the reasoning process.

Instance-level

Language of Core Reasoning: The primary language used for
the logical progression and problem-solving steps of the reasoning
process.

Instance-level

Language of Internal Monologue: The language in which the
model uses conversational phrases and self-correction markers com-
mon in human thought processes, such as “Okay, so...”, “Let’s see.”,
“Wait,”, “Hmm.”, “No.”, “Alright,” to structure its reasoning and
signal its thought progression.

Instance-level

Language of Problem Deconstruction: The language used when
breaking down or rephrasing parts of the original problem statement
or options.

Instance-level

Language of Self-Correction: The language used by the model
during self-correction or re-evaluation of its understanding.

Instance-level

Language of External Knowledge Retrieval: The language
used when recalling or integrating external information or general
knowledge relevant to the problem.

Instance-level

Language-Content Mapping: Maps how different languages are
used for different content types.

Step-level

Language of Direct Quotes: Language used when quoting origi-
nal problem text.

Step-level

Language of Technical Terminology: Language for domain-
specific terms and concepts.

Step-level

Language of Final Answer: Language used to state the final
answer or conclusion.

Step-level

Interleaving Natural and Non-natural Language Elements: Mix-
ing elements such as code and math into natural language.

Step-level

Interleaving Math and Natural Language: Integration of math-
ematical symbols, equations, or expressions directly within natural
language sentences or phrases.

Step-level

Interleaving Code and Natural Language: Integration of ele-
ments such as code snippets, programming language constructs, or
pseudocode directly within natural language sentences or phrases.

Step-level

Coherence Fluency of Code-Switching: Assesses naturalness and accuracy of
language switching.

Instance-level

Consistency of Terminology: Whether specific terms, once intro-
duced in one language, are consistently maintained in that language
or switch back and forth.

Instance-level
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A.8 BERTopic modeling details

All components of our topic modeling pipeline used in the development of the code-switched reasoning tax-
onomy are implemented in BERTopic. We use all-mpnet-base-v2 to embed the text of each criterion, UMAP
for dimension reduction, HDBSCAN for clustering, and Gemini 2.5 Flash for generating topic represen-
tations. For UMAP dimension reduction, we set n_neighbors=15, n_components=5, min_dist=0.0,
metric=‘cosine’. For HDBSCAN clustering, we set min_cluster_size=15, metric=‘euclidean’

, cluster_selection_method=‘eom’, and prediction_data=True. We use CountVectorizer with
stop_words=‘‘english’’ for topic tokenization and c-TF-IDF for extracting topic words. Finally, we Gemini
2.5 Flash to generate more interpretable topic representations.

A.9 Prompt for annotating the languages used for core reasoning, internal monologue,
problem deconstruction, self-correction, and external knowledge retrieval

Here is a problem and the reasoning process that a model generated
when it tried to solve the problem.

Problem: (enclosed in double backticks)
‘‘
{problem}
‘‘

Reasoning process: (enclosed in triple backticks , the reasoning
process has been split into distinct reasoning steps in the
format of <step_idx ><reasoning_step_content ></step_idx >)

‘‘‘
{reasoning}
‘‘‘

You are tasked with identifying the languages used for different
roles in the reasoning process.

The roles are defined as follows , in the format "<role >: <
role_definition >"

‘‘‘
{{

"Language of Core Reasoning": "The primary language used for
the logical progression and problem -solving steps of the
reasoning process.",

"Language of Internal Monologue": "The language in which the
model uses conversational phrases and self -correction
markers common in human thought processes , such as \"Okay ,
so...\", \"Let’s see.\", \"Wait ,\", \"Hmm.\", \"No.\", \"

Alright ,\" to structure its reasoning and signal its
thought progression.",

"Language of Problem Deconstruction": "The language used when
breaking down or rephrasing parts of the original problem
statement or options.",

"Language of Self -Correction": "The language used by the model
during self -correction or re -evaluation of its

understanding.",
"Language of External Knowledge Retrieval": "The language used

when recalling or integrating external information or
general knowledge relevant to the problem."

}}
‘‘‘

The languages are defined as follows , in the format "<
language_name >: <language_code >":

‘‘‘
{{

"Arabic": "ar",
"Bengali": "bn",
"German": "de",
"English": "en",
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"Spanish": "es",
"French": "fr",
"Hindi": "hi",
"Indonesian": "id",
"Italian": "it",
"Japanese": "ja",
"Korean": "ko",
"Burmese": "my",
"Portuguese": "pt",
"Russian": "ru",
"Swahili": "sw",
"Thai": "th",
"Yoruba": "yo",
"Chinese": "zh",

}}
‘‘‘

Identify the primary language used for each role in the reasoning
process , outputting your answer using the above two -letter ISO
639 language codes.

If you identify a language not listed above , please use the
appropriate two -letter ISO 639 language code for that language
.

If you are unable to identify a language for a role , please return
"None" for that role.

Return your answer in the following JSON format:
‘‘‘
{{

"core_reasoning_language": "<language_code | None >",
"internal_monologue_language": "<language_code | None >",
"problem_deconstruction_language": "<language_code | None >",
"self_correction_language": "<language_code | None >",
"external_knowledge_retrieval_language": "<language_code |

None >"
}}
‘‘‘

A.10 Prompt for annotating lexical ambiguity resolution

Here is a problem and the reasoning process that a model generated
when it tried to solve the problem.

Problem: (enclosed in double backticks)
‘‘
{problem}
‘‘

Reasoning process: (enclosed in triple backticks , the reasoning
process has been split into distinct reasoning steps in the
format of <step_idx ><reasoning_step_content ></step_idx >)

‘‘‘
{reasoning}
‘‘‘

For each step , you are tasked with determining whether the model
performs Lexical Ambiguity Resolution.

Lexical Ambiguity Resolution occurs when the model identifies
terms that are unclear or ambiguous in one language and
attempts to clarify their meaning in another language.

For each step in which Lexical Ambiguity Resolution occurs , you
should also determine which language the unclear/ambiguous
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terms are originally in ("ambiguous_language"), and which
language is used for the Lexical Ambiguity Resolution ("
resolution_language").

The languages are defined as follows , in the format "<
language_name >: <language_code >":

‘‘‘
{{

"Arabic": "ar",
"Bengali": "bn",
"German": "de",
"English": "en",
"Spanish": "es",
"French": "fr",
"Hindi": "hi",
"Indonesian": "id",
"Italian": "it",
"Japanese": "ja",
"Korean": "ko",
"Burmese": "my",
"Portuguese": "pt",
"Russian": "ru",
"Swahili": "sw",
"Thai": "th",
"Yoruba": "yo",
"Chinese": "zh",

}}
‘‘‘

If you identify a language not listed above , please use the
appropriate two -letter ISO 639 language code for that language
.

If you are unable to identify a language for a role , please return
"None" for that role.

Return your answer in the following JSON format:
‘‘‘
{{

[<step_idx >: {{"ambiguous_language": "<language_code | None >",
"resolution_language": "<language_code | None >"

}},
<step_idx >: {{"ambiguous_language": "<language_code | None >",

"resolution_language": "<language_code | None >"
}},

...]
}}
‘‘‘

A.11 Prompt for annotating parenthetical translation

Here is a problem and the reasoning process that a model generated
when it tried to solve the problem.

Problem: (enclosed in double backticks)
‘‘
{problem}
‘‘

Reasoning process: (enclosed in triple backticks , the reasoning
process has been split into distinct reasoning steps in the
format of <step_idx ><reasoning_step_content ></step_idx >)

‘‘‘
{reasoning}
‘‘‘
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For each step , you are tasked with identifying any cases of
Parenthetical Translation.

Parenthetical Translation occurs when the model provides a direct
translation of a single word or short phrase in parentheses ,
often immediately after the term appears , reinforcing the
precise meaning of a concept for clarity and accuracy.

For each step in which Parenthetical Translation occurs , you
should extract the original term ("<original_term >"), its
parenthetical translation ("<parenthetical_translation >"), the
source language of the original term ("<source_language >"),

and the target language of the parenthetical translation ("<
target_language >").

Use the following language codes , provided in the format "<
language_name >: <language_code >":

‘‘‘
{{

"Arabic": "ar",
"Bengali": "bn",
"German": "de",
"English": "en",
"Spanish": "es",
"French": "fr",
"Hindi": "hi",
"Indonesian": "id",
"Italian": "it",
"Japanese": "ja",
"Korean": "ko",
"Burmese": "my",
"Portuguese": "pt",
"Russian": "ru",
"Swahili": "sw",
"Thai": "th",
"Yoruba": "yo",
"Chinese": "zh",

}}
‘‘‘

If you identify a language not listed above , please use the
appropriate two -letter ISO 639 language code for that language
.

If you are unable to identify a language for a role , please return
"None" for that role.

Return your answer in the following JSON format:
‘‘‘
{{

[<step_idx >: [{{"original_term": "<original_term >",
"parenthetical_translation": "<

parenthetical_translation >",
"source_language": "<language_code | None >",
"target_language": "<language_code | None >"}},

{{"original_term": "<original_term >",
"parenthetical_translation": "<

parenthetical_translation >",
"source_language": "<language_code | None >",
"target_language": "<language_code | None >"}},
...],

<step_idx >: [{{"original_term": "<original_term >",
"parenthetical_translation": "<

parenthetical_translation >",
"source_language": "<language_code | None >",
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"target_language": "<language_code | None >"}},
{{"original_term": "<original_term >",

"parenthetical_translation": "<
parenthetical_translation >",

"source_language": "<language_code | None >",
"target_language": "<language_code | None >"}},
...],

}}
‘‘‘

A.12 Prompt for annotating lexical retention

Here is a problem and the reasoning process that a model generated
when it tried to solve the problem.

Problem: (enclosed in double backticks)
‘‘
{problem}
‘‘

Reasoning process: (enclosed in triple backticks , the reasoning
process has been split into distinct reasoning steps in the
format of <step_idx ><reasoning_step_content ></step_idx >)

‘‘‘
{reasoning}
‘‘‘

For each step , you are tasked with identifying any cases of
Lexical Retention.

Lexical Retention occurs when the model retains specific words or
phrases from the original language of the problem within its
reasoning , without translating them to the primary language of
reasoning.

For each step in which Lexical Retention occurs , you should
extract any retained terms ("<retained_term >") and the
translation of each retained term to English ("<
english_translation >").

Return your answer in the following JSON format:
‘‘‘
{{

[<step_idx >: [{{"retained_term": "<retained_term >",
"english_translation": "<english_translation >"

}},
{{"retained_term": "<retained_term >",

"english_translation": "<english_translation >"
}},

...],
<step_idx >: [{{"retained_term": "<retained_term >",

"english_translation": "<english_translation >"
}},

{{"retained_term": "<retained_term >",
"english_translation": "<english_translation >"

}},
...],

}}
‘‘‘

A.13 Prompt for annotating direct quotes
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Here is a problem and the reasoning process that a model generated
when it tried to solve the problem.

Problem: (enclosed in double backticks)
‘‘
{problem}
‘‘

Reasoning process: (enclosed in triple backticks , the reasoning
process has been split into distinct reasoning steps in the
format of <step_idx ><reasoning_step_content ></step_idx >)

‘‘‘
{reasoning}
‘‘‘

For each step , you are tasked with identifying any cases of Direct
Quotation.

Direct Quotation occurs when the model repeats parts of the
original problem statement in its reasoning word -for -word.

The quotes can be in the original language of the problem or in
another language , and they may be enclosed in quotation marks
or not.

For each step in which Direct Quotation occurs , you should extract
each quoted span of text ("<quotation_text >") and the

language of the quoted text ("<quotation_language >").

Use the following language codes , provided in the format "<
language_name >: <language_code >":

‘‘‘
{{

"Arabic": "ar",
"Bengali": "bn",
"German": "de",
"English": "en",
"Spanish": "es",
"French": "fr",
"Hindi": "hi",
"Indonesian": "id",
"Italian": "it",
"Japanese": "ja",
"Korean": "ko",
"Burmese": "my",
"Portuguese": "pt",
"Russian": "ru",
"Swahili": "sw",
"Thai": "th",
"Yoruba": "yo",
"Chinese": "zh",

}}
‘‘‘

If you identify a language not listed above , please use the
appropriate two -letter ISO 639 language code for that language
.

If you are unable to identify the language , please return "None."

Return your answer in the following JSON format:
‘‘‘
{{

[<step_idx >: [{{"quotation_text": "<quotation_text >",
"quotation_language": "<language_code | None >"

}},
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{{"quotation_text": "<quotation_text >",
"quotation_language": "<language_code | None >"

}},
...],

<step_idx >: [{{"quotation_text": "<quotation_text >",
"quotation_language": "<language_code | None >"

}},
{{"quotation_text": "<quotation_text >",

"quotation_language": "<language_code | None >"
}},

...],
}}
‘‘‘

A.14 Prompt for annotating language of technical terms

Here is a problem and the reasoning process that a model generated
when it tried to solve the problem.

Problem: (enclosed in double backticks)
‘‘
{problem}
‘‘

Reasoning process: (enclosed in triple backticks , the reasoning
process has been split into distinct reasoning steps in the
format of <step_idx ><reasoning_step_content ></step_idx >)

‘‘‘
{reasoning}
‘‘‘

For each step , identify any terms used by the model that are
specialized or specific to the problem domain ("term").

For each identified term , identify the language of the term ("
language").

Use the following language codes , provided in the format "<
language_name >: <language_code >":

‘‘‘
{{

"Arabic": "ar",
"Bengali": "bn",
"German": "de",
"English": "en",
"Spanish": "es",
"French": "fr",
"Hindi": "hi",
"Indonesian": "id",
"Italian": "it",
"Japanese": "ja",
"Korean": "ko",
"Burmese": "my",
"Portuguese": "pt",
"Russian": "ru",
"Swahili": "sw",
"Thai": "th",
"Yoruba": "yo",
"Chinese": "zh",

}}
‘‘‘
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If you identify a language not listed above , please use the
appropriate two -letter ISO 639 language code for that language
.

If you are unable to identify the language , please return "None."

Return your answer in the following JSON format:
‘‘‘
{{

[<step_idx >: [{{"term": "<term >",
"language": "<language_code | None >"}},

{{"term": "<term >",
"language": "<language_code | None >"}},
...],

<step_idx >: [{{"term": "<term >",
"language": "<language_code | None >"}},

{{"term": "<term >",
"language": "<language_code | None >"}},
...],

}}
‘‘‘

A.15 Prompt for annotating language of final answer

Here is a problem and the reasoning process that a model generated
when it tried to solve the problem.

Problem: (enclosed in double backticks)
‘‘
{problem}
‘‘

Reasoning process: (enclosed in triple backticks , the reasoning
process has been split into distinct reasoning steps in the
format of <step_idx ><reasoning_step_content ></step_idx >)

‘‘‘
{reasoning}
‘‘‘

For each step , first determine if the model provides a final
answer to the problem. Keep in mind that the model may reach a
final answer at multiple points in the reasoning process and

may even change its answer throughout.

Second , each time the model provides a final answer , identify the
language used to state the final answer.

Use the following language codes , provided in the format "<
language_name >: <language_code >":

‘‘‘
{{

"Arabic": "ar",
"Bengali": "bn",
"German": "de",
"English": "en",
"Spanish": "es",
"French": "fr",
"Hindi": "hi",
"Indonesian": "id",
"Italian": "it",
"Japanese": "ja",
"Korean": "ko",
"Burmese": "my",
"Portuguese": "pt",
"Russian": "ru",
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"Swahili": "sw",
"Thai": "th",
"Yoruba": "yo",
"Chinese": "zh",

}}
‘‘‘

If you identify a language not listed above , please use the
appropriate two -letter ISO 639 language code for that language
.

If you are unable to identify the language , please return "None."

Return your answer in the following JSON format:
‘‘‘
{{<step_idx >: "<language_code | None >",

<step_idx >: "<language_code | None >",
...

}}
‘‘‘

A.16 Prompt for annotating code-switching between math and natural language

Here is a problem and the reasoning process that a model generated
when it tried to solve the problem.

Problem: (enclosed in double backticks)
‘‘
{problem}
‘‘

Reasoning process: (enclosed in triple backticks , the reasoning
process has been split into distinct reasoning steps in the
format of <step_idx ><reasoning_step_content ></step_idx >)

‘‘‘
{reasoning}
‘‘‘

For each step , determine if the model integrates mathematical
symbols , equations , or expressions directly within natural
language sentences or phrases.

If the model does integrate math with natural language , answer "
True" for that step. Otherwise , answer "False".

Return your answer in the following JSON format:
‘‘‘
{{<step_idx >: <True | False >,

<step_idx >: <True | False >,
...

}}
‘‘‘

A.17 Prompt for annotating code-switching between programming and natural languages

Here is a problem and the reasoning process that a model generated
when it tried to solve the problem.

Problem: (enclosed in double backticks)
‘‘
{problem}
‘‘
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Reasoning process: (enclosed in triple backticks , the reasoning
process has been split into distinct reasoning steps in the
format of <step_idx ><reasoning_step_content ></step_idx >)

‘‘‘
{reasoning}
‘‘‘

For each step , determine if the model integrates code with natural
language.

This could look like embedding code snippets , programming language
constructs , or pseudocode directly within natural language

sentences or phrases.

If the model does integrate code with natural language , answer "
True" for that step. Otherwise , answer "False".

Return your answer in the following JSON format:
‘‘‘
{{<step_idx >: <True | False >,

<step_idx >: <True | False >,
...

}}
‘‘‘

A.18 Prompt for annotating presence of word-, phrase-, sentence-, step-, and instance-level
code-switching

Here is the reasoning process that a model generated when it tried
to solve a problem.

Problem: (enclosed in double backticks)
‘‘
{problem}
‘‘

Reasoning process: (enclosed in triple backticks , the reasoning
process has been split into distinct reasoning steps in the
format of <step_idx ><reasoning_step_content ></step_idx >)

‘‘‘
{reasoning}
‘‘‘

Determine if the model performs any of the following types of code
-switching in its reasoning process and respond with either "
True" or "False" for each type:

- word_level: The model inserts individual words from one language
/script into a sentence primarily in another language/script.

- phrase_level: Phrases within a single sentence are in different
languages/scripts.

- sentence_level: Within a given reasoning step , entire sentences
are in different languages/scripts , but the sentences are not
mixed within the same sentence.

- step_level: Out of all reasoning steps , there are at least two
reasoning steps where the model uses different languages/
scripts , but the steps themselves are not mixed within the
same step.

- instance_level: The model uses only a single language/script
throughout the entire reasoning process , but this language/
script is different from the language/script of the problem
statement.

Return your answer in the following JSON format:
‘‘‘
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{{"word_level": <True | False >,
"phrase_level": <True | False >,
"sentence_level": <True | False >,
"step_level": <True | False >,
"instance_level": <True | False >

}}
‘‘‘

A.19 Prompt for annotating code-switching fluency

Here is the reasoning process that a model generated when it tried
to solve a problem.

Reasoning process: (enclosed in triple backticks , the reasoning
process has been split into distinct reasoning steps in the
format of <step_idx ><reasoning_step_content ></step_idx >)

‘‘‘
{reasoning}
‘‘‘

First , determine if the reasoning contains any code -switching ,
defined as the use of multiple scripts or languages within the
reasoning process.

Then , rate the overall fluency of the code -switching in the
reasoning process on a scale from 1 to 5, where fluency
describes the accuracy and naturalness of the code -switching.

The scale is defined as follows , in the format <index >. <
description >:

0. No code -switching
1. Very disfluent
2. Somewhat disfluent
3. Neither fluent nor disfluent
4. Somewhat fluent
5. Very fluent

Return your answer as "<index >".

A.20 Human evaluation of LLM annotations

For validating the LLM-brainstormed criteria to differentiate code-switching strategies, we follow Lee et al.
[2025] in asking our evaluator to answer the following yes-no question for each instance: “Are the automatically
generated, detailed criteria plausible?”

For evaluating the quality of our LLM annotations of fluency (a continuous measure), we compute the Pearson
correlation coefficient between human and LLM ratings with scipy [Virtanen et al., 2020]. For hypothesis
testing, we assume that the correlation is positive as our alternative hypothesis. We include those instances
labeled with “0” for the fluency score (indicating no code-switching detected). We exclude those instances with
malformed response formats that prevent accurate parsing of the score. The rate of malformed responses for
fluency annotations is 1%.

For the binary labels in Table 4, the rate of malformed responses is 0%.

Table 4: Evaluation metrics for LLM annotations of code-switching behaviors highlighted in this
work. Here, we evaluate binary classification, where each reasoning instance is labeled as either
featuring (1) or not featuring (0) each of the listed behaviors. For each annotated behavior, the naive
baseline is to guess the majority label (0 or 1).

Behavior Precision Recall Micro F1/Accuracy Macro F1

Parenthetical translation (LLM) 0.1500 1.0000 0.8300 0.5824
Parenthetical translation (Baseline) 0.0000 1.0000 0.9700 0.4924

Lexical ambiguity resolution (LLM) 0.5000 0.5000 0.8200 0.6951
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Behavior Precision Recall Micro F1/Accuracy Macro F1

Lexical ambiguity resolution (Baseline) 0.0000 0.0000 0.8200 0.4505

Lexical retention (LLM) 0.1594 0.9167 0.4100 0.3879
Lexical retention (Baseline) 0.0000 0.0000 0.8800 0.4681

Instance-level code-switching (LLM) 0.5417 0.8125 0.8600 0.7812
Instance-level code-switching (Baseline) 0.0000 0.0000 0.8400 0.4565

Step-level code-switching (LLM) 0.0857 1.0000 0.6800 0.4802
Step-level code-switching (Baseline) 0.0000 0.0000 0.9700 0.4924

Sentence-level code-switching (LLM) 0.0000 0.0000 0.9500 0.4872
Sentence-level code-switching (Baseline) 0.0000 0.0000 0.9900 0.4975

Phrase-level code-switching (LLM) 0.6111 0.4400 0.7900 0.6889
Phrase-level code-switching (Baseline) 0.0000 0.0000 0.7500 0.4286

Word-level code-switching (LLM) 0.5385 0.5385 0.7600 0.6881
Word-level code-switching (Baseline) 0.0000 0.0000 0.7400 0.4253

Average (LLM) 0.3233 0.6510 0.7625 0.5989

Average (Baseline) 0.0000 0.1250 0.8700 0.4639

A.21 Languages supported by models

Table 5: Languages supported and unsupported by models in our dataset

Model Supported languages Unsupported languages

DeepSeek-R1-Distill-Qwen-
1.5B

en, zh es, ar, hi, de, fr, pt, ja, ko, bn, sw,
it, id, yo, my, th, ru

DeepSeek-R1-Distill-Qwen-7B en, zh es, ar, hi, de, fr, pt, ja, ko, bn, sw,
it, id, yo, my, th, ru

DeepSeek-R1-Distill-Llama-8B en, zh es, ar, hi, de, fr, pt, ja, ko, bn, sw,
it, id, yo, my, th, ru

DeepSeek-R1-Distill-Qwen-14B en, zh es, ar, hi, de, fr, pt, ja, ko, bn, sw,
it, id, yo, my, th, ru

DeepSeek-R1-Distill-Qwen-32B en, zh es, ar, hi, de, fr, pt, ja, ko, bn, sw,
it, id, yo, my, th, ru

DeepSeek-R1-Distill-Llama-
70B

en, zh es, ar, hi, de, fr, pt, ja, ko, bn, sw,
it, id, yo, my, th, ru

DeepSeek-R1 en, zh es, ar, hi, de, fr, pt, ja, ko, bn, sw,
it, id, yo, my, th, ru

Llama-3.1-Nemotron-Nano-8B-
v1

en, de, fr, it, pt, es, th, hi zh, ar, ja, ko, bn, sw, id, yo, my,
ru

phi-4-mini-reasoning en zh, es, ar, hi, de, fr, pt, ja, ko, bn,
sw, it, id, yo, my, th, ru

gemma-3-4b-it 140+ languages8 Unknown
magistral-small-2506 en, fr, de, el, hi, id, it, ja, ko, ms,

ne, pl, pt, ro, ru, sr, es, tr, uk, vi,
ar, bn, zh, fa

sw, yo, my, th

gemini-2.0-flash-thinking-exp-
1219

ar, bn, bg, zh, hr, cs, da, nl, en, et,
fi, fr, de, el, iw, hi, hu, id, it, ja,
ko, lv, lt, no, pl, pt, ro, ru, sr, sk,
sl, es, sw, sv, th, tr, uk, vi

None

Claude 3.7 Sonnet en, es, pt, it, fr, id, de, ar, zh, ko,
ja, hi, bn, sw, yo

None

QwQ-32B en, zh es, ar, hi, de, fr, pt, ja, ko, bn, sw,
it, id, yo, my, th, ru

8The Gemma 3 paper and website do not specify which languages are supported, but we assume that the over
140 languages covered by the model include those languages that we prompt the model on in this work [Google,
2025b, Gemma Team et al., 2025].
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Model Supported languages Unsupported languages

Kimi 1.5 en, zh es, ar, hi, de, fr, pt, ja, ko, bn, sw,
it, id, yo, my, th, ru

A.22 Details of generalized linear mixed effects analysis

For the full implementation of our generalized linear mixed effects analysis, see our code at https://figshare.
com/s/f8f6fd2d899b93077b03. We use glmer from the lme4 R library for modeling, setting family =
binomial(link = “logit”).9 We use R’s base implementation of ANOVA from the stats package to
perform significance testing.10

For the model presented in Figure 3, the response variable is the presence/absence of each code-switched
reasoning behavior listed in Table 6, coded as a binary variable. Whether the prompt language is officially
supported by the model is coded as a binary variable and included as a fixed effect. The dataset item identifier
and model (both categorical variables) are included as random effects. We assume random slopes and intercepts
for the random effects. For significance testing, for each response variable we construct a null model without the
fixed effect of prompt language.

Table 6: ANOVA results for generalized linear mixed effects models of effect of prompt language.

Response variable χ2 df p Increase in log odds SE

Parenthetical translation 14.68 1 0.0001274 2.4489 0.5422
Lexical ambiguity resolution 25.985 1 3.441× 10−7 3.4704 0.5228
Lexical retention 16.395 1 5.142× 10−5 1.8906 0.3095
Word-level code-switch 19.955 1 7.93× 10−6 3.1296 0.5473
Phrase-level code-switch 21.552 1 3.443× 10−6 2.9362859 0.0005249
Sentence-level code-switch 26.632 1 2.461× 10−7 4.331 1.014
Step-level code-switch 26.304 1 2.916× 10−7 3.9072 0.5499
Instance-level code-switch 25.93 1 3.54× 10−7 3.3258 0.5182

For modeling the effect of code-switching fluency on accuracy, we treat the correctness of the final answer as
the binary response variable. We include an interaction term for the joint effect of fluency (rated on a Likert
scale from one to five) and whether or not the prompt language is supported by the model (binary variable). The
dataset item and model (both categorical variables) are treated as random effects. For significance testing, we
construct a null model omitting the effect of fluency. We only include those instances that feature code-switching
in their reasoning for modeling (n = 2054). Each one-point increase in the fluency rating of a model’s code-
switching during reasoning increases the log odds of a correct final answer by 0.11± 0.05 (standard errors),
(χ2(2) = 12.16, p = 0.002292).

A.23 Significance testing for difference in fluency scores between correct and incorrect
instances

We perform a one-tailed Welch’s t-test11 and report the results in Table 7.

Table 7: Results of significance testing for difference in fluency scores between correct and incorrect
instances.

Comparison M1 SD1 M2 SD2 t df p

Incorrect v. correct instances
(unsupported prompt language)

3.00 1.32 3.88 1.17 4.04 41.97 0.00011

Incorrect v. correct instances
(supported prompt language)

2.61 1.20 2.86 1.16 3.94 860.9 4.48× 10−5

Incorrect v. correct instances (all
prompt languages)

2.68 1.24 2.93 1.19 3.98 874.33 3.80× 10−5

9https://search.r-project.org/CRAN/refmans/lme4/html/glmer.html
10https://stat.ethz.ch/R-manual/R-devel/library/stats/html/anova.html
11https://docs.scipy.org/doc/scipy/reference/generated/scipy.stats.ttest_ind.html
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A.24 Sources of code used in this work

Parts of our code (available at https://figshare.com/s/f8f6fd2d899b93077b03) are sourced from the
following works: Tam et al. [2025a], Tam [2025], Gao et al. [2024], Grootendorst [2022], and Kumar and
Jurgens [2025].

A.25 Models used to source reasoning examples

Table 8: Sources of models used to generate reasoning examples in this work.

Model Citation

DeepSeek-R1 and its distilled variants DeepSeek-AI et al. [2025]
gemini-2.0-flash-thinking-exp-1219 Google [2025a], Gemini Team et al. [2025]
Claude Sonnet 3.7 Anthropic [2025]
Llama-3.1-Nemotron-Nano-8B-v1 Bercovich et al. [2025]
gemma-3-4b-it Google [2025b]
Phi-4-mini-reasoning Xu et al. [2025]
QwQ-32B Yang et al. [2024], Team [2025]
Magistral Small 1.0 Mistral-AI et al. [2025]
Kimi k1.5 Team et al. [2025]

A.26 Datasets used to source reasoning examples

Table 9: Datasets used to generate reasoning examples in this work.

Dataset Type Citation

s1K-1.1 and s1K-claude-3-7-sonnet Coding, math, puzzle, sci-
ence, legal, logic, humani-
ties

Muennighoff et al. [2025]

Global MMLU Math, science, humanities,
medical, business, legal

Singh et al. [2025]

MMLU ProX Math, science, humanities,
medical, business, legal

Xuan et al. [2025]

BIG-Bench Extra Hard Puzzle, logic, common-
sense, linguistics, spatial

Kazemi et al. [2025]

UniMoral Cultural, social Kumar and Jurgens [2025]
OpenMathReasoning Math Moshkov et al. [2025]
Kimi-K1.5-Distill-data Math Wang [2025], Ye et al. [2025]

A.27 Additional examples of alignment between model and human reasoning behaviors

Figure 4 includes an additional example of alignment between human and model code-switched reasoning
behaviors.

A.28 Additional visualizations of effect of prompting in unsupported languages

In Figure 5, we compare frequencies of diverse code-switching behaviors for instances where a model is queried
in a language it officially supports, versus in an unsupported language. (Error bars represent binomial standard
error.)

As seen in Figure 6, in cases where a model uses code-switching in its reasoning, higher code-switching fluency
is associated with higher accuracy (see Appendix A.23 for details of significance testing). Instances with correct
final answers feature reasoning that is rated as significantly more fluent on a scale from 1 to 5 than instances
with incorrect answers (p < 0.001). Looking separately at instances where the model is prompted in supported
and unsupported languages, we find that the difference in fluency between successful and unsuccessful reasoning
is even more pronounced when the model is handling queries in unsupported languages (p < 0.001). In contrast,
the difference in mean fluency for correct and incorrect instances when the model is prompted in supported
languages is smaller, though still significant, (p < 0.001). The positive association between code-switching
fluency in model reasoning and accuracy suggests that code-switching that is more natural and human-like may
be more beneficial to model performance.
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Model Behavior: Lexical Ambiguity Resolution

Burmese-English reasoning trace excerpt [English Translation] 
(Model: DeepSeek-R1-Distill-Qwen-14B; Dataset: Global MMLU Lite)

Each option lists a set of terms, and I need to determine which option correctly fills in 
the blanks in the given statements.

Looking at the first part of the question: " ______ 
" Translating that, it's talking about something related to the 

"scarcity of resources" and the "state of natural resources." So, the blank here is likely 
referring to a principle or concept in resource economics. [Looking at the first part of 
the question: “The ______ aspect of sustainability is the planet’s” Translating that, it's 
talking about something related to the "scarcity of resources" and the "state of natural 
resources." So, the blank here is likely referring to a principle or concept in resource 
economics.] 

Alignment of Model and Human Reasoning Behaviors

Aligned Human Behavior: Translation

Spanish-English code-switching excerpt [English Translation] (Belani et al., 
2023)

A veces, sometimes, I like to be by myself. [Sometimes, sometimes, I like to be 
myself.]

Model Behavior: Parenthetical Translation

Japanese-English reasoning trace excerpt [English Translation] 
(Model: DeepSeek-R1-Distill-Qwen-7B; Dataset: MMLU ProX Lite)

ulnar region forearm
ulnar collateral nerve UCN ulnar medial nerve UMN

Ucn Umn [Consider the classification of nerves. There are 
nerves in the forearm (ulnar region) and elbow (forearm). The forearm nerves are the 
ulnar collateral nerve (UCN) and the ulnar medial nerve (UMN). The UCN is on the 
outside of the right arm, and the UMN is on the inside.] 

Aligned Human Behavior: Quotation

Spanish-English code-switching excerpt [English Translation] (Belani et al., 
2023)

So my Spanish teacher said, "Oye, necesitas estudiar más.“ [So my Spanish teacher 
said, "Hey, you need to study more."]

Figure 4: Examples of parallels between human code-switching and code-switching in model
reasoning. Human code-switching examples are from [Belani and Flanigan, 2023].

Figure 5: DeepSeek distilled, Llama-3.1-Nemotron-Nano-8B-v1, and Phi-4-mini-reasoning models
code-switch more to handle queries in unsupported languages than for supported languages.
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Figure 6: Our taxonomy includes a Fluency category that assesses the accuracy and naturalness of
code-switching. For code-switched reasoning instances, reasoning that leads to correct answers is
significantly more fluent than reasoning that leads to incorrect answers. Error bars show standard
error of the mean.
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