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Abstract

Output diversity is crucial for Large Language
Models as it underpins pluralism and creativ-
ity. In this work, we reveal that controlling the
language used during model thinking—the lan-
guage of thought—provides a novel and struc-
tural source of output diversity. Our prelim-
inary study shows that different thinking lan-
guages occupy distinct regions in a model’s
thinking space. Based on this observation,
we study two repeated sampling strategies un-
der multilingual thinking—Single-Language
Sampling and Mixed-Language Sampling—and
conduct diversity evaluation on outputs that
are controlled to be in English, regardless of
the thinking language used. Across exten-
sive experiments, we demonstrate that switch-
ing the thinking language from English to
non-English languages consistently increases
output diversity, with a clear and consistent
positive correlation such that languages far-
ther from English in the thinking space yield
larger gains. We further show that aggre-
gating samples across multiple thinking lan-
guages yields additional improvements through
compositional effects, and that scaling sam-
pling with linguistic heterogeneity expands the
model’s diversity ceiling. Finally, we show that
these findings translate into practical benefits
in pluralistic alignment scenarios, leading to
broader coverage of cultural knowledge and
value orientations in LLM outputs. Our code
is publicly available at https://github.com/
iNLP-Lab/Multilingual-LoT-Diversity.

1 Introduction

Large Language Models (LLMs) have been glob-
ally adopted due to their extensive knowledge and
strong reasoning capabilities. Beyond the correct-
ness of individual responses, this widespread use
has drawn increasing attention to the diversity of
LLM-generated outputs. Formally, output diversity
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quantifies a model’s ability to generate multiple
distinct responses to open-ended questions without
ground-truth answers (Jiang et al., 2025; Zhang
et al., 2025b). It is recognized as a fundamental ob-
jective in pluralistic alignment research (Sorensen
et al., 2024; Conitzer et al., 2024), where low
diversity can lead to homogenization—often re-
ferred to as mode collapse (Jiang et al., 2025;
Zhang et al., 2025b; Lagzian et al., 2025)—and
the over-representation of dominant cultural val-
ues (AlKhamissi et al., 2024; Wang et al., 2024).
Moreover, diversity is a key indicator of whether
AI systems exhibit human-like creativity (Pépin
et al., 2024), laying the foundation for innovative
problem-solving (Ye et al., 2025; Tian et al., 2024;
Chen et al., 2025b; Han et al., 2025), open-ended
exploration, and the generation of novel ideas (Guo
et al., 2025a; Ruan et al., 2024).

To improve output diversity, temperature scal-
ing is commonly utilized by increasing sampling
randomness (Pépin et al., 2024; Tevet and Berant,
2021; Peeperkorn et al., 2024). Other work ex-
plored advanced decoding methods (Peeperkorn
et al., 2025), aggregating outputs from multiple
LLMs (Liang et al., 2024a; Shur-Ofry et al., 2024;
Tekin et al., 2024), or increasing prompt varia-
tion (Shur-Ofry et al., 2024; Lagzian et al., 2025;
Wang et al., 2025a). At training time, several stud-
ies proposed diversity-driven RLHF and SFT ob-
jectives to encourage more varied generations (Li
et al., 2025b; Sun et al., 2025).

Despite their promise, most existing work fo-
cuses on English-only or multilingual input set-
tings (Wang et al., 2025a). In contrast, lever-
aging the inherently multilingual nature of mod-
ern LLMs (Zhao et al., 2025b; Zhang et al.,
2025a; Yang et al., 2025; Zhang, 2026), we in-
vestigate whether the language used during inter-
mediate thinking—referred to as the language of
thought—can serve as a controllable and structural
source of output diversity. Our investigation is mo-
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tivated by two observations. First, insights from
cognitive science suggest that multilingualism pro-
motes divergent thinking and creativity, as different
languages encode distinct conceptual and structural
biases (Blasi et al., 2022; Kharkhurin et al., 2023).
According to the Sapir–Whorf hypothesis (Whorf,
2012), language can shape how concepts are or-
ganized and related during thinking. Second, re-
cent studies have demonstrated that modern LLMs
are capable of explicit reasoning in multiple lan-
guages, with performance differences across lan-
guages (Yong et al., 2025; Qi et al., 2025). To-
gether, these insights motivate us to study language
of thought as a structural property of the model’s
thinking process, and to examine how varying this
property influences output diversity.

To this end, we begin with a preliminary study
that explores whether different thinking languages
induce structural differences in the model’s think-
ing space (§3). Specifically, given the same En-
glish input, we control the thinking process to be
conducted in different languages and collect the
resulting hidden representations. By visualizing
these multilingual thinking representations, we ob-
serve that different languages correspond to distinct
regions in the model’s thinking space. Moreover,
non-English languages exhibit substantial variation
in their distances to English thinking. These ob-
servations reveal geometric differences induced by
different languages of thought.

Building on these observations, we next exam-
ine whether the thinking-space shifts induced by
different languages of thought help output diver-
sity (§4&5). Although the thinking process is con-
trolled to be conducted in different languages, we
further control the model’s final outputs to English
for fair output diversity evaluation (§4.1). Based on
this setup, we perform repeated sampling and ag-
gregate the resulting English outputs for diversity
evaluation. Specifically, we explore two sampling
strategies. The first, Single-Language Sampling,
performs repeated sampling within a single think-
ing language (§4.2). The second, Mixed-Language
Sampling, aggregates English outputs generated
through thinking in different languages (§4.3).

We conduct experiments on two benchmarks us-
ing two different diversity metrics. Multiple LLMs
and 15 thinking languages are evaluated (§5.1).
Our main findings are as follows.

First, under Single-Language Sampling, we ob-
serve that simply switching the language of thought
from English to non-English languages consis-

tently leads to higher output diversity. By fur-
ther computing the correlation between output
diversity and the thinking-space distance to En-
glish across non-English languages, we identify
a clear positive relationship: thinking languages
that are geometrically farther from English consis-
tently achieve higher output diversity. These re-
sults demonstrate that sampling within thinking re-
gions outside the English-dominant space can sys-
tematically mitigate output homogenization. We
also evaluate output quality and find that thinking
in non-English languages incurs only negligible
degradation (§5.2).

Second, we further find that Mixed-Language
Sampling yields additional gains in output diversity.
This result indicates that sampling from distinct
thinking regions induced by linguistic heterogene-
ity can further enhance output diversity beyond a
single region. Further analysis reveals clear compo-
sitional effects among languages: while removing
any single language has a relatively small impact,
removing multiple languages leads to substantially
greater degradation in diversity (§5.3).

Third, we analyze the effects of the sampling
number and temperature, and find that Mixed-
Language Sampling exhibits a pronounced advan-
tage over Single-Language Sampling when fur-
ther scaling the sampling number, highlighting the
role of linguistic heterogeneity in expanding the
model’s diversity ceiling (§5.4).

Finally, we extend our analysis to pluralistic
alignment scenarios (§6). Our results show that
Mixed-Language Sampling leads to broader cov-
erage of cultural knowledge and values in LLMs,
outperforming other sampling strategies, includ-
ing English sampling, high-temperature decoding,
explicit diversity requests, and multilingual prompt-
ing. These results highlight the practical utility of
our findings in real-world applications.

Overall, our findings establish the language of
thought as a novel and effective control axis for
enhancing output diversity.

2 Related Work

Output Diversity of LLMs Many studies have
shown that LLMs often exhibit limited output di-
versity (Padmakumar and He, 2024; Liang et al.,
2024b; Luo et al., 2024; Giorgi et al., 2024). Output
diversity evaluation typically considers lexical, syn-
tactic, and semantic dimensions (Guo et al., 2024,
2025b; Lagzian et al., 2025), and employs tools
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such as Self-BLEU (Zhu et al., 2018) and Sentence-
BERT (Reimers and Gurevych, 2019) to compute
diversity metrics in NLG tasks (Guo et al., 2024).
Moreover, diversity is often evaluated alongside
novelty and creativity in more complex generation
settings (Zhang et al., 2025b; Lagzian et al., 2025;
Pépin et al., 2024; Ye et al., 2025; Tian et al., 2024).
Recently, NOVELTYBENCH (Zhang et al., 2025b)
and INFINITY-CHAT (Jiang et al., 2025) were in-
troduced to assess the ability of LLMs to produce
distinct outputs in open-domain dialogue.

Existing approaches to improve output diver-
sity include aggregating outputs from multiple
LLMs (Liang et al., 2024a; Shur-Ofry et al., 2024),
increasing prompt variation (Liang et al., 2024a;
Lagzian et al., 2025; Wang et al., 2025a), and de-
veloping diversity-driven RLHF and SFT objec-
tives (Li et al., 2025b; Sun et al., 2025). Unlike
these approaches, our work explores the inherent
multilingual properties of LLMs as a structural
source of output diversity.

Multilingual Reasoning Modern LLMs are
trained to perform explicit intermediate reason-
ing before producing final answers (Muennighoff
et al., 2025; Zeng et al., 2025; DeepSeek-AI et al.,
2025). As LLMs increasingly exhibit a shared—yet
still imbalanced—thought space across different
languages (Chen et al., 2025c; Zhao et al., 2024,
2025a), many studies have explored the multilin-
gual generalization of LLM reasoning (Son et al.,
2025; Yong et al., 2025; Wang et al., 2025b; Ba-
jpai and Chakraborty, 2025; Qi et al., 2025; Tam
et al., 2025; Khairi et al., 2025). Other work has
investigated whether multilingualism can improve
the performance (Li et al., 2025a; Gao et al., 2025,
2026) and efficiency (Ahuja et al., 2025; Chen et al.,
2025a) of reasoning. However, none of these stud-
ies have examined whether multilingual thinking
can enhance the output diversity of LLMs.

3 Language Geometry of Thinking Space

We first conduct a preliminary study to examine
whether different thinking languages induce struc-
tural differences in the model’s thinking space.

3.1 Thinking Language Control

All of our investigations focus on reasoning-
capable LLMs. Given an English input prompt,
the model first performs intermediate thinking T ,
enclosed within <think>...</think>, and then

generates the final output o, both in English by
default.

To control the LLM to perform its intermediate
thinking in a target language l, we follow exist-
ing multilingual reasoning techniques (Yong et al.,
2025; Qi et al., 2025). Specifically, we insert a short
prefix, “Okay, the user is asking”—translated
into l— immediately after the <think> token, guid-
ing the subsequent thinking process to be con-
ducted in the target language. The translated pre-
fixes, together with a sanity check of the language
control, are provided in Appendix A.1.

3.2 Visualizing Multilingual Thinking Space

Collecting Hidden States Given a set of English
input questions, we apply thinking language con-
trol to encourage the model to perform thinking in
language l for each sample. For a single sample, let
the thinking process consist of N tokens {t(l)i }Ni=1,
and let h(l)i,j denote the hidden state of token t

(l)
i at

layer j. To obtain a compact representation of the
model’s thinking behavior, we first average hidden
states across all thinking tokens within a sample,
and then further average across all samples. This
yields a single vector representation h

(l)
j that sum-

marizes the model’s thinking behavior in language
l at layer j. Repeating this process for all think-
ing languages produces a set of language-specific
thinking representations at each layer.

PCA Visualization To visualize the geometry
of multilingual thinking space, we first normal-
ize all language representations using ℓ2 normal-
ization. Viewing English as the anchor, we then
compute the cosine distance between each non-
English language l and English at layer j as
dj(l, en) = 1 − cos

(
h
(l)
j , h

(en)
j

)
. Finally, we ap-

ply PCA to the centered representations to obtain
a two-dimensional layout for visualization. In the
resulting plot, PCA determines only the angular ar-
rangement of languages, while the radial distance
of each point is explicitly fixed to its cosine dis-
tance to English, i.e., dj(l, en).

3.3 Observations

We select 14 non-English languages together with
English that are officially supported by Qwen3-
8B (Yang et al., 2025) to analyze the multilingual
thinking space of the model. Figure 1 shows the
resulting geometry at several representative model
layers.
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Figure 1: Language geometry of thinking space on
Qwen3-8B, with different distance scales across lay-
ers for visualization purposes.

Geometric Separation across Thinking Lan-
guages We first observe clear geometric sepa-
ration among thinking representations induced by
different thinking languages: representations cor-
responding to different languages tend to occupy
separable regions in the model’s thinking space.
This separation holds consistently across model
layers, including intermediate layers that are often
assumed to be relatively abstract and less language-
specific (Pires et al., 2019). These observations
indicate the presence of language-correlated geo-
metric structure in the model’s thinking space.

Varied Distances to English Thinking We fur-
ther observe systematic variation in the geometric
distance between non-English languages and En-
glish. Some languages (e.g., zh, fr, es, de) con-
sistently appear closer to English, whereas others
(e.g., iw, bg, tl) are embedded farther away. Over-
all, these results indicate that different languages
of thought occupy distinct regions of the model’s
thinking space, with varied distances to English.

4 Repeated Sampling under Multilingual
Thinking

In this and following sections, we further inves-
tigate whether the thinking-space shifts induced
by different languages of thought translate into
greater output diversity. In this section, we first
introduce a controlled output setting and two re-
peated sampling strategies. The resulting outputs
are used for diversity evaluation in Section 5.

4.1 Output Language Control

Although the model’s intermediate thinking T is
controlled to be conducted in a specific language
and enclosed within <think>...</think> (Sec-
tion 3.1), we further constrain the final output o
to English to enable fair output diversity evalua-
tion. This is achieved by inserting an additional
English prefix immediately after </think>—Let
me provide my answer in English only:—
to guide the model to generate the final response
in English. Only the English final outputs are col-
lected for subsequent output diversity evaluation.

Appendix A.1 provides a sanity check indicating
that both the thinking and output segments largely
follow the intended language control.

4.2 Single-Language Sampling

Section 3.3 shows that different non-English lan-
guages occupy distinct thinking regions with vary-
ing distances from English. This motivates us to ex-
amine whether switching to a thinking region away
from English and performing repeated sampling
within that region leads to increased output diver-
sity. To this end, we introduce the first repeated
sampling strategy, Single-Language Sampling.

Given an English input, the model’s intermediate
thinking is constrained to a fixed thinking language
l, while the final output is generated in English. We
then sample the model M times under this fixed
thinking language, and aggregate the resulting En-
glish outputs into a set Ol for diversity evaluation.

4.3 Mixed-Language Sampling

We further examine whether sampling from distinct
thinking regions induced by different languages
can yield additional gains in output diversity. This
setting allows us to investigate the compositional
effects of multiple thinking languages on output
diversity. We thus introduce our second repeated
sampling strategy, Mixed-Language Sampling.

Specifically, given an English input, we sam-
ple the model M times, each time controlling the
model to perform intermediate thinking in a dif-
ferent language, while keeping the final output in
English. The resulting outputs are aggregated into
a set of outputs Omixed, on which the same diversity
evaluation is conducted.
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en it ms zh ru de iw bg da no sv es tl oc fr avg (non-en)

Distinct Score ↑
Qwen3-8B 28.55 34.60 33.47 29.00 34.14 35.67 41.33 39.80 36.03 39.69 36.73 32.33 38.35 38.87 33.93 36.00
Qwen3-14B 26.20 30.67 29.23 28.80 31.40 28.93 36.87 32.13 30.13 34.55 32.33 29.73 32.68 33.26 29.53 31.45
Qwen3-32B 35.00 39.33 37.78 37.80 38.67 39.73 43.38 39.93 40.67 40.22 41.80 39.73 41.41 42.96 40.80 40.30
DeepSeek-14B 38.33 43.47 38.07 41.33 44.60 41.14 49.63 47.13 51.85 52.40 50.60 43.60 52.42 45.93 42.27 46.03

Similarity Score ↓
Qwen3-8B 87.28 85.43 86.53 86.73 85.57 85.14 83.66 84.89 84.79 83.93 85.14 85.76 83.20 80.79 84.57 84.72
Qwen3-14B 87.82 86.68 87.30 86.89 87.20 87.78 85.04 86.94 86.81 86.17 86.46 87.35 87.36 85.72 87.19 86.78
Qwen3-32B 82.10 80.59 81.76 81.61 80.67 78.00 79.64 81.45 79.78 79.54 79.06 79.84 79.71 77.65 80.62 79.99
DeepSeek-14B 81.15 79.98 83.28 82.11 80.17 81.08 76.16 81.34 77.56 77.61 79.27 81.12 76.70 79.81 81.88 79.86

Output Quality ↑
Qwen3-8B 96.82 95.86 95.72 95.53 96.11 96.69 95.53 96.04 95.09 95.00 96.82 95.72 95.70 95.59 95.40 95.80
Qwen3-14B 96.93 94.94 95.48 95.03 94.70 96.03 96.50 96.00 96.10 96.78 96.16 95.79 95.49 95.87 95.75 95.80
Qwen3-32B 97.36 96.08 95.85 96.22 95.36 94.47 95.57 97.07 95.52 96.87 95.96 94.97 96.04 96.19 94.26 95.70
DeepSeek-14B 95.84 94.75 93.94 94.71 93.69 93.27 89.17 94.52 92.95 92.60 93.66 94.93 90.73 95.45 95.80 93.60

Table 1: Distinct Score (%), Similarity Score (%), and Output Quality across models and thinking languages under
Single-Language Sampling on NOVELTYBENCH. For each row, the best and worst language results are highlighted.

5 How Does Language of Thought Shape
Output Diversity?

5.1 Experiment Settings

Datasets and Evaluation Metrics We evalu-
ate output diversity on two benchmarks, NOVEL-
TYBENCH (Zhang et al., 2025b) and INFINITY-
CHAT (Jiang et al., 2025), each containing 100
open-ended questions without ground-truth an-
swers. Given an input question, we sample the
model M times to obtain a set of outputs O and
evaluate their diversity and quality. Following the
evaluation protocols of the original datasets, we
consider two output diversity metrics and one out-
put quality metric, as described below.

Metric 1: Distinct Score. We compute Distinct
Score to measure the functional distinctiveness of
O following Zhang et al. (2025b). Specifically, the
deberta-v3-large-generation-similarity1

model is used to sequentially judge whether
two outputs are functionally equivalent. Each
output oi is compared with all previous outputs
{o1, . . . , oi−1}. If oi is judged equivalent to any
oj (j < i), it is assigned to the same equivalence
class; otherwise, it forms a new class. The M
outputs are thus clustered into C equivalence
classes, and the Distinct Score is defined as C/M .

Metric 2: Similarity Score. We also compute
the Similarity Score following Jiang et al. (2025),
which captures semantic similarity among outputs
in O. Sentence-level embeddings are first obtained
for all generated outputs, and cosine similarity is
computed for all output pairs. The final score is
obtained by averaging cosine similarities across all

1https://huggingface.co/yimingzhang/deberta-v3-large-
generation-similarity

pairs. We use Qwen3-Embedding-8B2 for embed-
ding extraction.

Metric 3: Output Quality. To assess whether
improvements in output diversity come at the cost
of output quality, we evaluate the quality of re-
sponses in O using gpt-4o-mini, with scores rang-
ing from 0 to 100. The evaluation considers two
dimensions: instruction adherence and overall re-
sponse quality. Details of the evaluation prompting
are provided in Appendix A.2.

Languages and LLMs We conduct experiments
on the thinking mode of the Qwen3 family (Yang
et al., 2025) with model sizes 8B, 14B, and
32B, as well as DeepSeek-R1-Distill-Qwen-14B
(DeepSeek-14B) (DeepSeek-AI et al., 2025). We
select 15 thinking languages for evaluation: en,
it, ms, zh, ru, de, iw, bg, da, no, sv, es, tl, oc,
and fr, from the supported languages of the tested
models.

Sampling Parameters Unless otherwise speci-
fied, the decoding temperature is set to 0.6. For fair
comparison across sampling strategies, the number
of samples M is set equal to the number of thinking
languages, i.e., M = 15.

5.2 Results on Single-Language Sampling

Main Diversity Results Table 1 summarizes the
output diversity results on NOVELTYBENCH. On
average, switching the thinking language from En-
glish to non-English languages yields an improve-
ment of 5.3 to 7.7 points in Distinct Score and a
reduction of 1.04 to 2.56 points in Similarity Score.
These results suggest that sampling from thinking

2https://huggingface.co/Qwen/Qwen3-Embedding-8B
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Figure 2: Correlation between the Distinct Score and
the thinking distance to English across languages. Pear-
son’s r and Spearman’s ρ are reported for each model.
Distinct Scores are obtained under Single-Language
Sampling on NOVELTYBENCH. Thinking distances are
normalized to the range [0, 1].

regions outside the English-dominant space pro-
vides a systematic advantage in output diversity.

We also observe substantial variation in output
diversity across thinking languages. Besides en,
some languages such as ms and zh consistently ex-
hibit lower diversity, whereas others, including iw,
no, and oc, achieve substantially higher diversity
across models and metrics. In some cases, individ-
ual languages lead to particularly large gains. For
example, thinking in iw on Qwen3-8B improves
the Distinct Score by 12.78 points compared to en.
Taken together with the geometric findings from
Section 3.3, these results highlight the strong po-
tential of specific thinking languages— especially
those farther from English in the thinking space—
for enhancing output diversity.

Correlation with Thinking Distance to English
We further examine the relationship between the
geometric properties of the thinking space and out-
put diversity. For each language l, we compute its
thinking distance to English, d(l, en), by averaging
the layer-wise distances dj(l, en) across all model
layers (Section 3.2), where English has distance
zero. To ensure comparability between languages,
we normalize the thinking distances to the range
of [0, 1]. We then analyze the correlation between
these thinking distances and the output diversity
under Single-Language Sampling. Figure 2 reports
the Pearson and Spearman correlations on NOVEL-
TYBENCH, with output diversity measured by the
Distinct Score.

We observe a strong positive correlation across

Model S-en S-non-en avg S-best Mixed

NOVELTYBENCH

Qwen3-8B 28.55 36.00 41.33 43.73
Qwen3-14B 26.20 31.45 36.87 38.00
Qwen3-32B 35.00 40.30 43.38 46.53
DeepSeek-14B 38.33 46.03 52.42 52.07

INFINITY-EVAL

Qwen3-8B 20.67 22.54 24.51 28.13
Qwen3-14B 20.40 22.60 27.07 26.73
Qwen3-32B 27.00 27.52 28.66 31.47
DeepSeek-14B 25.27 31.84 39.61 35.33

Table 2: Distinct score (%) comparison of Mixed-
Language Sampling and Single-Language Sampling on
NOVELTYBENCH and INFINITY-CHAT. Bold indicates
the best-performing sampling setting for each model
and benchmark.

different models, with Pearson’s r ranging from
0.72 to 0.88 and Spearman’s ρ ranging from 0.58
to 0.89. These results corroborate our earlier ob-
servations, indicating that the distance to English
in the thinking space is informative of the output
diversity achievable under Single-Language Sam-
pling. More specifically, languages that are geo-
metrically farther from English tend to correspond
to more distinct thinking regions, and repeated sam-
pling within such regions is associated with higher
output diversity.

Output Diversity vs. Quality Table 1 also re-
ports the output quality results. We observe a
mild trade-off between output diversity and qual-
ity. While English generally achieves higher output
quality, there is no clear pattern in which languages
with the highest output diversity consistently suffer
the lowest output quality. In some cases, specific
languages such as sv and oc achieve strong per-
formance on both dimensions. Overall, thinking
in non-English languages results in only a modest
decrease of 1.02 to 2.24 points in output quality.

Appendix A.3 provides results on INFINITY-
CHAT, which also exhibits similar patterns.

5.3 Results on Mixed-Language Sampling

Comparison with Single-Language Sampling
Table 2 compares Mixed-Language Sampling with
three Single-Language Sampling settings: English
sampling (S-en), the average performance over
non-English sampling (S-non-en avg), and the
best-performing single-language sampling (S-best).
Across both benchmarks, Mixed-Language Sam-
pling consistently improves output diversity over
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Figure 3: Relative deviation in Distinct Score under the
removal of k languages in Mixed-Language Sampling.

S-en and S-non-en avg.
Moreover, Mixed-Language Sampling often

matches or even exceeds the performance of the
S-best setting. These results indicate that Mixed-
Language Sampling provides a robust strategy for
improving output diversity without requiring prior
knowledge of which single language performs best.
This advantage arises from the structural differ-
ences among languages in the thinking space (Sec-
tion 3.3): sampling from multiple distinct think-
ing regions and aggregating the resulting outputs
exploits the compositional effects of different lan-
guages.

Results based on the Similarity Score are re-
ported in Appendix A.4 and show the same trend.

Compositional Effects of Different Languages
To further explore the compositional effects of
different languages in Mixed-Language Sampling,
we conduct an ablation study on Qwen3-8B by
progressively removing k languages from Mixed-
Language Sampling (k = 1, . . . , 5). For each value
of k, we enumerate all possible combinations of
language removal and measure the relative devia-
tion of the Distinct Score from the original result,
to quantify the effect of language removal.

Figure 3 shows the relative deviation in Distinct
Score. We first observe that removing a single
language leads to only a small change (2.7% on av-
erage), indicating that Mixed-Language Sampling
does not rely on any individual language to achieve
its diversity gains. However, as k increases, the
diversity degradation grows rapidly and in a super-
linear manner. This suggests that the contributions
of different languages are not merely additive; in-
stead, languages provide complementary diversity
benefits through their joint participation. Together,
these results demonstrate that output diversity un-
der Mixed-Language Sampling emerges from the
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Figure 4: Effects of sampling parameters on output
diversity. (a) Distinct sample count as a function of the
sampling number M at a fixed temperature (0.6). (b)
Distinct Score (%) under different temperatures with a
fixed sampling number (M = 15).

compositional interaction of multiple languages,
rather than from any single dominant language.

5.4 Other Analysis

Two parameters are important in repeated sampling:
the sampling number M and the temperature. By
default, we set M = 15 and the temperature to
0.6. In this section, we vary these parameters using
Qwen3-8B to examine their effects on two sam-
pling strategies. For Single-Language Sampling,
we select four representative languages for analy-
sis: en and zh (lower-performing), and bg and iw
(higher-performing).

5.4.1 Scaling Sampling Number
We first vary the sampling number M from 1 to
200 while keeping the temperature fixed at 0.6. For
Mixed-Language Sampling, we utilize the full lan-
guage pool supported by Qwen3 (approximately
100 languages) and randomly select one language
as the thinking language for each sampling. Rather
than Distinct Score C/M , Figure 4(a) directly re-
ports the number of distinct samples C.

Across all settings, we observe that the growth
of C slows down as M increases, suggesting the
existence of an upper bound on achievable output
diversity. However, Mixed-Language Sampling ex-
hibits a much slower saturation rate compared to
Single-Language Sampling. As M increases, its
advantage over all Single-Language Sampling set-
tings continues to widen.

This behavior indicates that Mixed-Language
Sampling effectively expands the model’s diver-
sity ceiling. Such an expansion arises from the
increased coverage of distinct thinking regions en-
abled by linguistic heterogeneity. Although we
explore over 100 languages, further unlocking the
benefits of linguistic diversity remains an interest-
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Model Method Blend WVS

Qwen3-8B

ES 67.9 40.0
HT 68.0 (+0.1) 39.0 (-1.0)
RD 73.3 (+5.4) 52.7 (+12.7)
MP 76.1 (+9.2) 52.0 (+12.0)

MLS 76.7 (+8.8) 59.0 (+19.0)

Qwen3-14B

ES 66.7 31.6
HT 67.1 (+0.4) 32.7 (+1.1)
RD 68.4 (+1.7) 38.0 (+6.4)
MP 72.7 (+6.0) 45.1 (+13.5)

MLS 74.0 (+7.3) 48.4 (+16.8)

Qwen3-32B

ES 67.5 40.1
HT 69.2 (+1.7) 43.6 (+3.5)
RD 72.8 (+5.3) 53.4 (+13.3)
MP 73.4 (+5.9) 46.1 (+6.0)

MLS 74.6 (+7.1) 50.4 (+10.3)

DeepSeek-8B

ES 78.6 52.3
HT 80.7 (+2.1) 60.1 (+7.8)
RD 78.6 (+0.0) 54.7 (+2.4)
MP 80.6 (+2.0) 67.2 (+14.9)

MLS 83.0 (+4.4) 73.3 (+21.0)

Table 3: Cultural pluralism performance (entropy nor-
malized to 0–100). Methods: ES (English Sampling),
HT (High Temperature), RD (Request Diversity), MP
(Multilingual Prompting), MLS (Mixed-Language Sam-
pling). Parentheses show absolute gains/losses relative
to ES within each model and benchmark. Bold indicates
the best-performing setting per model and benchmark.

ing direction for future work.

5.4.2 Varying Temperatures
We next fix the sampling number M at 15 and vary
the temperature over {0.2, 0.6, 1.0, 1.4, 1.8, 2.0}.
The results are shown in Figure 4(b).

We observe a compositional effect between our
language of thought and temperature scaling: while
switching the language of thought from English
to other languages already improves output diver-
sity, increasing the temperature further yields ad-
ditional gains. Moreover, we observe clear advan-
tages of Single-Language Sampling with specific
non-English languages and Mixed-Language Sam-
pling. For instance, Mixed-Language Sampling at
temperature 1.0 achieves diversity comparable to
English sampling at temperature 2.0.

6 Application: Pluralistic Alignment

In this section, we explore the practical utility of
Mixed-Language Sampling, given its advantages.
Specifically, we focus on pluralistic alignment sce-
narios, where LLM outputs are expected to reflect
cultural pluralism (Cao et al., 2023; Sorensen et al.,
2024; Xu et al., 2025; Ying et al., 2025).

6.1 Settings

Data We consider two types of cultural plural-
ism: cultural knowledge and cultural values, eval-
uated using the BLEND (Myung et al., 2024) and
WVS (Haerpfer et al., 2022) datasets, respectively.
Both datasets consist of multiple-choice questions.

Evaluation Following Wang et al. (2025a), for
each cultural question, we perform repeated sam-
pling to obtain M responses and measure cultural
pluralism based on the resulting output distribution.
For BLEND, where each option is associated with
one or more countries, we map the sampled outputs
to countries and compute the entropy over the coun-
try distribution. For WVS, we directly compute the
entropy over the output distribution, which charac-
terizes the diversity of value orientations reflected
in the model responses.

LLMs Experiments are conducted on Qwen3-
8B, Qwen3-14B, Qwen3-32B, and DeepSeek-R1-
Distill-Llama-8B (DeepSeek-8B), with tempera-
ture set to 0.6 by default.

Sampling Strategies We compare the following
sampling strategies: (1) English Sampling, where
the language of thought is English; (2) High Tem-
perature, where the temperature is increased to 1.0
while keeping English as the thinking language; (3)
Request Diversity, where the model is explicitly
instructed to generate novel responses; (4) Mul-
tilingual Prompting (Wang et al., 2025a), where
each cultural question is translated into the same
15 languages used in previous experiments; and (5)
Mixed-Language Sampling, where the language of
thought varies across the same 15 languages used
in previous experiments.

The sampling number M is set to 15 for all
strategies. For Multilingual Prompting and Mixed-
Language Sampling, each language is sampled
once.

Additional details on the datasets, evaluation pro-
tocols, and baselines are provided in Appendix A.5.

6.2 Results

The results in Table 3 clearly demonstrate the
practical advantage of Mixed-Language Sampling
for pluralistic alignment. Across benchmarks
and models, Mixed-Language Sampling consis-
tently achieves the highest cultural pluralism per-
formance, enabling LLMs to reflect more diverse
cultural knowledge and value orientations.
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In contrast, simply increasing the temperature,
explicitly requesting diversity, or using multilin-
gual inputs does not yield improvements compa-
rable to Mixed-Language Sampling. These results
highlight the practical value of diversifying the
language of thought as a means of more fully ex-
ploiting the model’s thinking space for pluralistic
alignment.

7 Conclusion

In this paper, we establish that controlling the lan-
guage of thought provides a structural source of
output diversity in LLMs. We find that switching
the thinking language from English to non-English
languages consistently increases output diversity,
with stronger gains observed for languages farther
from English in the thinking space. We further
demonstrate that aggregating samples across multi-
ple thinking languages yields additional diversity
improvements through their compositional effects,
and that scaling the sampling number with linguis-
tic heterogeneity effectively expands the model’s di-
versity ceiling. Finally, we show that these findings
translate into broader coverage of cultural knowl-
edge and values of LLMs in pluralistic alignment.

8 Limitations

This work has two main limitations.
First, while we observe a positive correlation be-

tween the geometric distance of non-English think-
ing languages from English and the output diversity
achieved under repeated sampling, there are still
several open questions that are not addressed in
this work. For example, many cross-lingual align-
ment methods explicitly aim to align non-English
representations toward English. An important ques-
tion is whether such alignment procedures may
inadvertently reduce the output diversity associ-
ated with aligned non-English languages, and if so,
what mechanisms or strategies could mitigate this
effect. Addressing these questions would require
controlled interventions on the model, which we
leave for future work.

Second, although we demonstrate the practical
utility of our findings in pluralistic alignment set-
tings, our evaluation relies on output entropy as
a proxy for cultural pluralism. This experimental
setup remains an abstraction of real-world deploy-
ment scenarios. In practice, pluralistic alignment
often requires models to align with multiple spe-
cific and context-dependent cultural values under

explicit constraints. The sampling strategies stud-
ied in this work would likely need to be further
adapted—e.g., by incorporating culturally contex-
tualized language-of-thought routing—to be effec-
tive in such settings, which we leave for future
investigation.
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Language Prefix inserted after <think> token

English (en) Okay, the user is asking

Italian (it) Va bene, l’utente sta chiedendo

Malay (ms) Baiklah, pengguna sedang bertanya

Chinese (zh) 好的，用户在问

Russian (ru) Хорошо, пользователь спрашивает

German (de) Okay, der Benutzer fragt

Hebrew (iw) לאוש שמתשמה ,רדסב

Bulgarian (bg) Добре, потребителят пита

Danish (da) Okay, brugeren spørger

Norwegian (no) Greit, brukeren spør

Swedish (sv) Okej, användaren frågar

Spanish (es) De acuerdo, el usuario pregunta

Tagalog (tl) Sige, nagtatanong ang gumagamit

Occitan (oc) Bon, l’utilizaire demanda

French (fr) D’accord, l’utilisateur demande

Figure 5: Prefix translations used for Thinking Lan-
guage Control.

Daphne Ippolito. 2025b. Noveltybench: Evaluating
language models for humanlike diversity. CoRR,
abs/2504.05228.

Weixiang Zhao, Jiahe Guo, Yang Deng, Tongtong Wu,
Wenxuan Zhang, Yulin Hu, Xingyu Sui, Yanyan
Zhao, Wanxiang Che, Bing Qin, Tat-Seng Chua,
and Ting Liu. 2025a. When less language is more:
Language-reasoning disentanglement makes llms bet-
ter multilingual reasoners. CoRR, abs/2505.15257.

Yiran Zhao, Chaoqun Liu, Yue Deng, Jiahao Ying,
Mahani Aljunied, Zhaodonghui Li, Lidong Bing,
Hou Pong Chan, Yu Rong, Deli Zhao, and Wenx-
uan Zhang. 2025b. Babel: Open multilingual large
language models serving over 90% of global speak-
ers. CoRR, abs/2503.00865.

Yiran Zhao, Wenxuan Zhang, Guizhen Chen, Kenji
Kawaguchi, and Lidong Bing. 2024. How do large
language models handle multilingualism? In Ad-
vances in Neural Information Processing Systems
38: Annual Conference on Neural Information Pro-
cessing Systems 2024, NeurIPS 2024, Vancouver, BC,
Canada, December 10 - 15, 2024.

Yaoming Zhu, Sidi Lu, Lei Zheng, Jiaxian Guo, Weinan
Zhang, Jun Wang, and Yong Yu. 2018. Texygen: A
benchmarking platform for text generation models.
In The 41st International ACM SIGIR Conference on
Research & Development in Information Retrieval,
SIGIR 2018, Ann Arbor, MI, USA, July 08-12, 2018,
pages 1097–1100. ACM.

Model Lang Think-Target (%) Output-EN (%)

Qwen3-8B
en 100.00 98.29
non-en 99.88 ± 0.25 98.28 ± 1.31

Qwen3-14B
en 100.00 98.37
non-en 99.57 ± 1.45 99.50 ± 0.35

Qwen3-32B
en 100.00 100.00
non-en 99.54 ± 1.47 98.61 ± 0.69

DeepSeek-14B
en 100.00 96.10
non-en 98.70 ± 2.57 95.32 ± 1.51

Table 4: Sanity-check verification of thinking and output
language control. Results for English thinking are re-
ported individually, while results for non-English think-
ing are averaged over multiple languages and reported
as mean ± standard deviation.

A Appendix

A.1 Language Control Details

Figure 5 presents the translated prefixes used for
Thinking Language Control across 15 languages.
By inserting the corresponding prefix immediately
after the <think> token, the model is guided to
conduct its intermediate thinking in the target lan-
guage.

Combined with Output Language Control, the
model is guided to thinking in a specified language
while producing English responses. As a sanity
check, we apply an off-the-shelf language iden-
tification tool3 to the thinking content within the
<think> . . . </think> span, as well as to the final
output following </think>.

Table 4 summarizes the averaged results on NOV-
ELTYBENCH and INFINITY-CHAT. Across models,
the thinking segments are predominantly detected
as the target thinking language, and the output seg-
ments are predominantly detected as English. Al-
though language identification may introduce some
noise, these results indicate that the intended lan-
guage control signals are largely reflected in the
generated text.

A.2 Output Quality Evaluation Details

Table 5 shows the complete prompt used for output
quality evaluation. The total quality score is com-
puted as the sum of the two evaluation dimensions.
For each task instance, all sampled responses are
evaluated independently, and we report the average
quality score across samples.

3https://github.com/pemistahl/lingua-py
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Output Quality Evaluation Prompt

You are an evaluator assessing the quality of a single re-
sponse to a task instruction.
You will be given:
(1) A task instruction
(2) A response

Evaluate the response along the following two dimensions:

1. Instruction Adherence (0–50)
To what extent does the response follow the task instruc-
tion?
Note that if the response explicitly refuses to perform the
task, this should NOT be penalized.
You only need to judge the degree to which the response is
relevant to the task instruction.
2. Response Quality (0–50)
Assess the overall quality of the response in terms of clarity,
fluency, and grammatical correctness.
Scoring:
- Each dimension should be scored from 0 to 50 (integer
only).
- Total Score = sum of the two dimensions (0–100).

Output format (strict JSON only):
{

"Instruction Adherence": <score>,
"Response Quality": <score>,
"Total Score": <score>

}

Table 5: Prompt template used for output quality evalu-
ation with gpt-4o-mini.

A.3 Additional Results on Single-Language
Sampling

Table 6 reports the results of Single-Language Sam-
pling on INFINITY-CHAT. Overall, we observe
several consistent trends that align with the main
findings. First, switching the language of thought
from English to non-English languages generally
leads to higher output diversity across models, as
reflected by higher Distinct Score and lower Sim-
ilarity Score. Second, there exists notable vari-
ation across thinking languages: languages such
as en, ru, and fr tend to exhibit lower diversity,
whereas others, including iw, tl, and oc, consis-
tently achieve higher diversity. Finally, we do not
observe a clear or systematic trade-off between out-
put diversity and quality across languages. Several
non-English languages achieve improved diversity
while maintaining comparable output quality.

Figure 6 further reports the correlation between
output diversity and the thinking distance to En-
glish across languages on INFINITY-CHAT. Con-
sistent with our main results, we observe a strong
positive correlation for most models. This result
further corroborates that repeated sampling within
thinking regions farther from English is associated
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Figure 6: Correlation between the Distinct Score and
the thinking distance to English across languages. Pear-
son’s r and Spearman’s ρ are reported for each model.
Distinct Scores are obtained under Single-Language
Sampling on INFINITY-CHAT. Thinking distances are
normalized to the range [0, 1] for visualization.

with higher output diversity.

A.4 Additional Results on Mixed-Language
Sampling

Table 7 compares Mixed-Language Sampling with
three Single-Language Sampling settings using the
Similarity Score. Consistent with the main re-
sults, Mixed-Language Sampling consistently out-
performs S-en and S-non-en avg, and in several
cases matches or exceeds the S-best setting. This
shows that its advantage lies in improving diversity
without requiring the selection of a single best-
performing language.

A.5 Culture Evaluation Details

Datasets For BLEND, we extract the set of
unique questions from the original large-scale
dataset and merge all answer options into each
question, resulting in a multiple-choice dataset with
402 questions. For WVS, the original dataset con-
tains 290 questions. We remove 8 questions with-
out predefined options, yielding a final set of 282
multiple-choice questions.

Evaluation Protocols In BLEND, each answer
option is associated with one or more countries.
For each sampled response, we extract the selected
option and increment the count of its associated
country (or countries). Let p(c) denote the em-
pirical distribution over countries aggregated from
M samples. Cultural pluralism is measured as the
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en it ms zh ru de iw bg da no sv es tl oc fr avg (non-en)

Distinct Score ↑
Qwen3-8B 20.67 21.89 22.15 20.13 20.47 22.87 23.98 23.64 23.10 24.51 22.65 20.73 23.71 24.47 21.27 22.54
Qwen3-14B 20.40 22.40 20.88 21.93 21.53 22.40 27.07 21.47 23.67 24.47 22.80 21.00 23.85 23.23 19.73 22.60
Qwen3-32B 27.00 27.60 27.67 27.20 25.73 26.27 27.05 26.07 28.60 27.78 28.47 28.47 28.66 28.66 27.00 27.52
DeepSeek-14B 25.27 30.53 29.00 28.80 29.33 30.33 35.76 30.88 34.40 34.00 35.20 27.93 39.61 31.99 28.00 31.84

Similarity Score ↓
Qwen3-8B 89.05 88.69 88.80 88.80 89.30 87.83 87.36 88.09 88.12 87.47 88.30 88.75 88.26 86.78 88.64 88.23
Qwen3-14B 89.53 88.89 89.13 88.50 89.36 89.12 87.77 88.83 88.53 88.18 88.60 89.36 88.81 88.37 89.58 88.79
Qwen3-32B 85.24 81.97 84.98 82.89 84.27 76.49 86.22 85.52 82.54 84.10 79.24 80.83 85.72 83.77 82.31 82.92
DeepSeek-14B 85.97 83.16 85.52 85.74 84.09 83.06 79.11 83.31 80.85 80.15 82.64 85.46 79.30 83.11 85.19 82.91

Output Quality ↑
Qwen3-8B 96.82 95.86 95.72 95.53 96.11 96.69 95.53 96.04 95.09 95.00 96.82 95.72 95.70 95.59 95.40 95.77
Qwen3-14B 96.93 94.94 95.48 95.03 94.70 96.03 96.50 96.00 96.10 96.78 96.16 95.79 95.49 95.87 95.75 95.76
Qwen3-32B 97.36 96.08 95.85 96.22 95.36 94.47 95.57 97.07 95.52 96.87 95.96 94.97 96.04 96.19 94.26 95.74
DeepSeek-14B 88.46 89.45 88.99 89.44 90.71 86.79 86.51 80.12 87.24 82.13 85.06 87.52 87.13 83.99 90.07 86.80

Table 6: Distinct Score (%), Similarity Score (%), and Output Quality across models and thinking languages under
Single-Language Sampling on INFINITY-CHAT. For each row, the best and worst language results are highlighted.

Model S-en S-non-en avg S-best Mixed

NOVELTYBENCH

Qwen3-8B 87.28 84.72 80.79 82.84
Qwen3-14B 87.82 86.78 85.04 85.29
Qwen3-32B 82.10 79.99 77.65 79.44
DeepSeek-14B 81.15 79.86 76.16 77.64

INFINITY-CHAT

Qwen3-8B 89.05 88.23 86.78 86.47
Qwen3-14B 89.53 88.79 87.77 87.87
Qwen3-32B 85.24 82.92 76.49 80.29
DeepSeek-14B 85.97 82.91 79.11 82.15

Table 7: Similarity score (%) comparison of Mixed-
Language Sampling and Single-Language Sampling on
NOVELTYBENCH and INFINITY-CHAT. Bold indicates
the best-performing sampling setting for each model
and benchmark.

normalized entropy:

HBlend =
−∑

c p(c) log p(c)

log |C|

where C denotes the set of all countries appearing
in the answer options for the question. The reported
results are averaged over all questions.

In WVS, each sampled response corresponds
to a discrete value option. Let p(o) denote the
empirical distribution over predicted options across
M samples. Cultural pluralism is defined as the
normalized entropy:

HWVS =
−∑

o p(o) log p(o)

log |O|

where O denotes the set of possible value options
for the question. The reported results are averaged
over all questions.

Baselines The Request Diversity baseline ap-
pends the following sentence to the original in-
struction: “Please try to provide a novel answer.”

For Multilingual Prompting, we use Google
Translate to translate each original question from
English into the same set of 14 non-English lan-
guages used in the main experiments.

13816


