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Abstract

Recent studies have highlighted that Large Lan-
guage Models (LLMs) often exhibit limited
coherence, that is the ability to produce consis-
tent responses to semantically equivalent ques-
tions. While most prior research has focused
exclusively on English, limited investigation
has been conducted on other languages. In
this work, we study the coherence of LLMs on
Question Answering tasks across six languages:
English, Italian, German, Chinese, Japanese,
and Vietnamese. We evaluate models of vary-
ing sizes, ranging from 3.8B to 235B param-
eters, to examine how coherence scales with
model capacity and how it relates to languages.
Our findings reveal that (i) coherence is not
uniquely related to model size and accuracy
and (ii) for some models, coherence varies sig-
nificantly between languages.

1 Introduction

Large Language Models (LLMs) have demon-
strated remarkable performance across a wide
range of natural language processing (NLP) tasks,
including Question Answering (Li et al., 2024),
chatbot (Achiam et al., 2023), coding (Nam et al.,
2024; Ugare et al., 2024), and summarization (Jin
et al., 2024), to name a few. Despite their suc-
cess, recent studies have highlighted that LLMs
often struggle with coherence, that is the abil-
ity to produce consistent outputs for semantically
equivalent inputs (Rabinovich et al., 2023; Lauri-
ola et al., 2025). A coherent model should yield
similar answers for lexical variations of the same
question, reflecting stable knowledge access rather
than surface-level pattern matching. Inconsistent
responses, instead, suggest that the model’s inter-
nal representation of knowledge may be brittle or
context-dependent. While previous research has
explored coherence primarily in English, the ex-
tent to which this phenomenon generalizes across
languages remains partially underexplored. Multi-

lingual evaluation is crucial, as LLMs are increas-
ingly used in cross-lingual settings and exposed to
morphologically diverse inputs.

In this work, we present a systematic multilin-
gual study of LLM coherence. We analyze how
coherence varies with model size, architecture, and
language, and whether it correlates with traditional
measures of accuracy. To this end, we evaluate a
diverse set of recent LLMs, ranging from 3.8B to
235B parameters, on semantically equivalent sets
of multilingual questions. We measure coherence
through embedding-based semantic similarity and
an accuracy-driven binary metric, providing com-
plementary perspectives. Our results reveal three
key findings. (i) Coherence scales with model size
and accuracy, confirming previous findings on En-
glish questions; (ii) The degree of coherence differs
substantially across model families, suggesting that
the way models are trained heavily affects their co-
herence; (iii) Coherence heavily varies across lan-
guages. Moreover, we describe the opportunity of
accuracy improvement with more coherent models,
without the need of extra information or knowledge.
Overall, our study provides new insights into the
relationship between language, scale, and knowl-
edge consistency in LLMs, emphasizing that coher-
ence is an intrinsic and underexplored dimension
of model reliability.

2 Related work

Recent Large Language Models (LLMs) span a
wide range of sizes, from a few billion to hun-
dreds of billions of parameters, and are pre-trained
on web-scale corpora. Notable examples include
the GPT family (Agarwal et al., 2025; Achiam
et al., 2023; Brown et al., 2020), Llama (Tou-
vron et al., 2023), Mixtral (Jiang et al., 2024),
Qwen3 (Yang et al., 2025), Apertus (Hernández-
Cano et al., 2025), or Phi4 (Abdin et al., 2024).

Despite their success across NLP tasks, LLMs



exhibit several well-documented limitations. They
are highly sensitive to input phrasing, and
prompt design can significantly impact perfor-
mance (Voronov et al., 2024; Mizrahi et al., 2024;
Arora et al., 2022; Chatterjee et al., 2024; Lu et al.,
2024; Raj et al., 2022). Zheng et al. (2023) showed
that the option order in multiple-choice QA tasks
heavily influence results. Other authors suggested
that the order of in-context examples also affects
the judgment (Liu et al., 2022; Zhao et al., 2021).
Similarly, Raina et al. (2024) pointed out LLM
weaknesses with respect to adversarial attacks, e.g.,
when attempting to manipulate the output. Addi-
tionally, Chatterjee et al. (2024) introduced a mea-
sure to quantify the sensitivity of an answer for a
given prompt, while Lu et al. (2024) highlighted
how coherence can be used as an unsupervised
proxy for model performance. In order to study
the effect of paraphrases, Rabinovich et al. (2023)
extended PopQA (Mallen et al., 2022) dataset
through variations of input questions. The same
authors proposed a metric, based on semantic sim-
ilarity of the outputs, to quantify the consistency
or coherence of models. As further step, Lauriola
et al. (2025) showed that many recent LLMs exhibit
poor coherence, suggesting a lack of robust under-
standing, and demonstrated that jointly evaluating
multiple paraphrases can improve accuracy. Coher-
ence analyses have been applied beyond modern
LLMs, e.g.: Dense Passage Retrieval (Chen et al.,
2024; Campese et al., 2025) and Generative Re-
trieval (Liu et al., 2023).

3 Question-answer coherence

The coherence of an LLM represents its ability to
produce the same information for lexical variations
of the same input question. From an intuitive point
of view, if a model can correctly answer a question,
for instance How many calories in a cucumber?,
the same model is expected to answer other varia-
tions of the question with the same informational
intent: Can you tell me how many calories are
in an average cucumber?, or calories cucumber.
Likewise, when a model fails to answer a question
correctly, it is reasonable to expect similar failures
across equivalent formulations. However, if the
model succeeds on some variations but fails on oth-
ers, this inconsistency suggests that the model pos-
sesses the necessary knowledge to answer correctly
but exhibits limitations in its ability to interpret,
comprehend, or generalize across lexical variations

expressing the same informational intent.
Aligned to Rabinovich et al. (2023); Lauriola

et al. (2025), we measure the model Semantic
Coherence as the average embeddings similarity
between the answers generated from a set of
questions semantically equivalent. Formally, let
Q be a set of open-domain well-formed questions
and let C ⊆ Q be a set of questions such that
∀(qi, qj) ∈ C2 : qi ≡ qj , where ≡ indicates that
two questions are semantically equivalent. We
used the equivalence definition used by Lauriola
et al. (2025). In short, two queries (qi, qj) are
semantically equivalent iff they have the same
information-seeking intent and their answers can
be interchanged. In this work, we use the term
cluster to refer a set of semantically equivalent
queries C. Given an embedding model e : Q → Rd

(query encoder), an LLM δ, and a set of m clusters
{Cr}mr=1, such that Cr = {q1, .., qn}, qi ≡ qj∀i, j,
the Semantic Coherence is defined as follows:∑m

r=1

(
2

mn(n−1)

∑
(qi,qj)∈C2

r
⟨e(δ(qi)), e(δ(qj))⟩

)
,

The higher the value, the higher the probability that
the model answers two semantically equivalent
questions coherently. Note that this approach is tai-
lored to single-answer factual questions. Questions
that accept multiple answers or subjective may
lead to very different embeddings. However, these
questions are outside the scope of this analysis.

4 Experimental setting

Data - We started from queries sampled from
two english datasets: SimpleQA and PopQA-TP.
PopQA-TP (Rabinovich et al., 2023) is a large-
scale open-domain resource consisting of 118k
entity-centric question-answer pairs divided into
14k clusters of semantically equivalent variations.
Questions expect short, almost entity-level, an-
swers. SimpleQA (Wei et al.) is a benchmark
for evaluating factual question answering and rea-
soning consistency across models. It contains short,
single-hop, fact-based questions automatically gen-
erated. Each question has a unique verifiable an-
swer, particularly suitable for coherence analysis.

We randomly sampled 500 questions from each
dataset to form the seeds queries for constructing
multilingual clusters. We generated equivalent vari-
ations of the seed questions in: English, Italian,
German, Chinese, Japanese, and Vietnamese. For
each language, we generated 3 reformulations with
3 different models each: Mistral-v3-large (675B)
(Mistral AI, 2025), GLM-4.5 (355 B) (Zeng et al.,



Model All English Italian German Chinese Japanese Vietnam.
Acc SC Acc SC Acc SC Acc SC Acc SC Acc SC Acc SC

Phi4 3.8B 26.0 41.7 25.1 48.0 27.5 44.9 26.8 45.3 23.7 49.2 23.8 47.8 29.2 42.0
Phi4 14B 27.3 47.3 27.8 53.8 28.5 52.6 30.5 52.9 23.2 51.6 24.0 53.5 29.7 52.2
Qwen3 4B 31.6 43.1 28.4 49.1 27.6 46.7 32.2 47.1 36.4 54.0 34.9 53.2 29.9 56.5
Qwen3 14B 29.4 44.0 27.1 48.4 26.8 47.4 27.0 46.7 34.8 45.2 30.8 45.7 29.7 50.9
Qwen3 80B 35.1 49.1 39.3 57.2 36.6 54.5 38.6 54.9 29.9 59.1 28.8 56.7 37.4 59.9
Qwen3 235B 41.3 46.1 47.0 55.0 42.2 51.9 45.6 51.1 36.0 53.1 32.9 51.8 44.2 55.1
DeepS.R1 32B 28.9 38.6 24.0 44.0 26.4 41.3 26.5 42.1 26.0 39.6 27.3 39.9 42.9 38.6
Apertus 8B 21.5 45.4 20.2 52.9 21.4 51.1 22.1 50.8 19.6 53.5 22.2 51.7 23.8 49.9
Apertus 70B 31.5 51.6 30.7 57.3 32.6 57.7 31.4 57.1 28.4 57.4 32.8 58.6 32.9 59.6
GPT-OSS 20B 29.2 41.3 27.3 44.5 28.7 42.3 27.8 44.0 33.2 41.2 31.1 39.6 27.3 44.4
GPT-OSS 120B 29.9 49.9 31.2 55.0 30.6 51.8 30.4 53.8 26.7 51.5 29.3 49.3 31.2 52.5

Table 1: Accuracy (Acc) and Semantic Coherence (SC) per model across languages. Results based on Mistral-v3-
large reformulations.
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Figure 1: Coherence scaling with model size (left) and accu-
racy (right). Black: all queries; red: English only.

2025), and Qwen-3.5 (397B) (Qwen Team, 2026).
In total, we collected 54 multilingual variations
per seed question. To ensure quality, we manually
verified a random sample of 150 English and 150
Italian variations, yielding a semantic equivalence
rate of approximately 95%. Details on the genera-
tion and verification are provided in Appendix A.
Models - We evaluated a diverse set of LLMs, in-
cluding: Phi4 (3.8B and 14B), Qwen3 (4B, 14B,
80B, 235B), DeepSeekR1 (32B), Apertus (8B,
70B), and GPT-OSS (20B, 120B).
Metrics - In our experiments, we used simple Ac-
curacy, that is the proportion of correctly answered
questions over all questions, to measure the cor-
rectness of answers. We employed an LLM-as-a-
judge approach. In short, we used Mistral-Large-31

with the judgment prompt described in SimpleQA
dataset. The model compares the generated answer
with the reference one provided in each dataset and
determines whether the output is correct. The an-
swer generation prompt is detailed in Appendix B.
To assess the coherence, we use the Semantic Co-

1https://huggingface.co/mistralai/
Mistral-Large-3-675B-Instruct-2512

herence approach as described in Section 3, defined
as the average embedding similarity of answers
generated from semantically equivalent queries. To
compute the similarity, we used the cosine between
embeddings computed through LaBSE (Feng et al.,
2022), a multilingual embedding model. Unless
otherwise stated, results in the main body are based
on questions generated by a single reformulator
(Mistral-v3-large). Extended results using all three
reformulators (9 variations per language) are re-
ported for the Qwen3 family in Appendix C.

4.1 Results

Table 1 reports Accuracy and Semantic Coher-
ence for all evaluated models and languages us-
ing Mistral-v3-large as reformulator (numbers with
all reformulators are available in Table 4 and Fig-
ure 2). The relation between Semantic Coherence
and model size or accuracy is further summarized
in Figure 1. What is striking from the plots is
that, aligned to previous work (Lu et al., 2024;
Lauriola et al., 2025), we observe a correlation be-
tween coherence and accuracy to be 0.393 on all
languages and 0.644 for English, measured through
Pearson correlation coefficient. The Pearson corre-
lation between coherence and model size is 0.420
across all languages and 0.486 for English, indi-
cating stronger cross-linguistic consistency but a
weaker correlation within English. Note that, even
within the same family of models, the size does not
guarantee high coherence. Amongst other results,
we highlight the coherence of Qwen3, which is in-
creasing from 4B to 80B, to drop eventually with
the 235B model, from 49.1 to 46.1.

From a multilingual perspective, small models
display varying degrees of Semantic Coherence
across languages. For instance, Qwen3 4B ranges

https://huggingface.co/mistralai/Mistral-Large-3-675B-Instruct-2512
https://huggingface.co/mistralai/Mistral-Large-3-675B-Instruct-2512
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Figure 2: Number of clusters with 0 . . . 9 out of 9 correct answers per language. Qwen3 models were used.

from 46.7 (Italian) to 56.5 (Vietnamese), with al-
most 10% absolute difference. Phi4 3.8B showed
similar cross-lingual variability, ranging from 42.0
to 49.2. Phi4 sharply reduces cross-lingual vari-
ability from 3.8B to 14B (std from 2.4 to 0.7),
while Qwen retains larger discrepancies even at
235B (std 1.6), suggesting that Phi’s training is
inherently more robust with respect to coherence.
Finally, we observed that Qwen3 shows very high
coherence on Vietnamese. Even if the model is
known to have strong performance on non-english
languages, e.g., Chinese (Zhu et al., 2025), we
hypothesize this result depends on intrinsic char-
acteristics of the language. Vietnamese is indeed
known to be morphologically simpler (Bentz et al.,
2016; Coupé et al., 2019) than English and most
of European languages (e.g., no tense conjugation,
no number/gender inflection). We conjecture this
simplifies the understanding of the question, and
limited lexical variations improve coherence by
definition. However, the same observation is not
valid for other models. To further investigate co-
herence at the cluster level, Figure 2 shows, for
each language, the number of clusters with 0 to 9
correct answers out of the 9 reformulations (3 refor-
mulators × 3 variations). We report Qwen3 models
only, as we have all size variants for this family.
Full numerical results are in Table 4 (Appendix C).
The plots emphasize a complementary, accuracy-
driven coherence measure, indicating how often the
models answer correctly lexical variations of the
same query. Note that, larger versions of the model
move the distribution away from the left, where
0/9 questions of the cluster are correctly answered.
This aspect indicates that the model starts to answer
more new questions, with a direct contribution to

accuracy improvements. Most important, the large
area in the middle of the distribution, where only a
fraction of the 9 questions from the same cluster are
correctly answered, indicates the incoherence (the
lower the area, the more coherent the model), or the
opportunity of improvement with more coherent
models. If a model can answer at least one of the
questions of a cluster, then it has the knowledge
to answer all of the 9 lexical variations. Training
more coherent models means moving these central
clusters to the right of the plot. According to this
measure on Qwen3 235B, English, Chinese, and
Japanese show the highest coherence, while Italian,
Vietnamese, and German are the least coherent.

5 Conclusions

We studied the coherence of various LLMs across
multiple languages, showing that coherence varies
substantially across model families and languages.
Aligned with previous work, coherence corre-
lates with accuracy, but model size appears more
strongly predictive, suggesting coherence is an in-
trinsic property not uniquely captured by accuracy.
Different families show distinct cross-lingual vari-
ability. For instance, Phi4 reduces coherence differ-
ences significantly from 4B to 14B, while Qwen re-
quires its 235B version to achieve similar reduction.
Our results suggest that coherence is influenced by
multiple aspects, including model accuracy, lan-
guage complexity (e.g., Vietnamese, which is con-
sidered morphologically simpler, shows higher co-
herence), and other unknown aspects of models
training. These observations indicate that coher-
ence should be treated as a core dimension of model
evaluation, complementary to answer correctness.



Limitations

One remarkable obstacle in coherence analysis is
the lack of multilingual resource with annotated lex-
ical variations of queries. On the one hand, most
of multilingual resources do not contain multiple
lexical variations of the same queries. On the other
hand, datasets for paraphrasing or question similar-
ity, thus containing multiple query variations, focus
on independent languages. As mitigation, we used
an LLM to translated questions as described in Sec-
tion 4. However, even if the quality of generated
queries seems high, we could not control poten-
tial bias from the translator. Although results are
aligned to the initial hypotheses and our analysis
(Appendix A) didn’t highlight significant risks, this
aspect may have an effect on the study and findings
that is nearly impossible to quantify.

Ethics Statement

This work uses publicly available datasets and eval-
uates open-weight LLMs. No human subjects were
involved in the experiments. The multilingual refor-
mulations were generated by LLMs and manually
verified on a sample basis. We acknowledge that
LLM-generated translations may carry biases from
the underlying models. Our study does not involve
sensitive or personal data, and all evaluated mod-
els were used in accordance with their respective
licenses.
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A Reformulation approach

We selected six languages spanning different typo-
logical families and varying levels of representation
in LLM training data: English, Chinese, Italian,
German, Japanese, and Vietnamese. For each seed
question, we generated 10 lexical variations per
language (60 total), following the prompt shown in
Listing 1. From each model’s output, we selected
3 variations per language, resulting in 9 reformula-
tions per language (3 reformulators × 3 variations).
The prompt groups languages into resource tiers to
encourage the model to pay equal attention to all
languages.

Listing 1: Reformulations generation prompt
You are a multilingual query variation generator. Your task

is to create
lexical variations of an input question across different

languages and styles.

## Languages (6 required)

Generate TEN variations for each of these languages:

**High-resource languages:**
1. English
2. Chinese - Simplified

**Medium-resource languages:**
3. Italian
4. German

**Low-resource languages:**
5. Vietnamese
6. Japanese

Total output: 60 variations (6 languages 10 variations each)

## Styles Distribution (FIXED per language)

For EACH language, generate EXACTLY:
- **3 Web query style**: Concise, keyword-focused search terms
- **3 Natural question style**: Complete, grammatically

correct questions
- **3 Chat style**: Informal, friendly, conversational
- **1 Original style**: Direct, faithful translation of the

input question
preserving its original structure and formulation (NOT the

original English
text, but a translation that maintains the same style as

the input)

## Rules

- Maintain semantic equivalence across all variations
- Generate exactly 10 variations per language (60 total)
- Follow the EXACT style distribution: 3 web query + 3

natural question +
3 chat style + 1 original

- Ensure lexical diversity within each style category
- "Original style" means a faithful translation that

preserves the input
question’s structure and tone - it is NOT simply copying

the English input
text. Each language should have its own translation in

original style.
- Ensure cultural and linguistic appropriateness
- Output MUST be valid, parseable JSON only

To assess whether the reformulated queries pre-
serve the semantic meaning of the original ques-
tions, we manually inspected a random sample of
300 variations: 150 in English (95% equivalence)
and 150 in Italian (95% equivalence). For all lan-
guages, we also employed an automatic verification
using the prompt shown in Listing 2

Listing 2: Reformulations verification prompt
You are evaluating whether a reformulated question preserves

the meaning of the original English question.

Original question (English): {original}
Reformulated question ({lang}): {reformulated}

Does the reformulated question ask for the same information
as the original? Answer ONLY with:

YES - if meaning is preserved (even if phrasing or style
differs)

NO - if meaning is changed, information is lost, or the
question asks something different

Answer:

English reformulations were nearly always faith-
ful (∼98%). German and Vietnamese also scored
highly (∼96%), followed by Italian (∼95%). Chi-
nese and Japanese exhibited slightly lower preser-
vation rates (∼93%), primarily due to three recur-
ring error types: (i) mistranslation of polysemous
English words (e.g., river course rendered as aca-
demic course in Chinese), (ii) the reformulation
inadvertently containing the answer rather than pos-
ing the question, and (iii) loss of specific details
in complex multi-part questions. Overall, approx-
imately 95% of the reformulations across all lan-
guages were judged to be semantically equivalent
to the original, confirming that the reformulation
pipeline introduces only a small amount of noise
into the experimental setup.

Some examples of reformulations are available
in Table 2.

B Answer Generation prompt

All answer-generating models receive the same sys-
tem prompt instructing them to behave as factual
question-answering assistants. The prompt con-
strains responses to short, unambiguous answers of



Q1: By 1913, how many stars could astronomer
Annie Jump Cannon classify per hour?

Eng Annie Jump Cannon stars classified per hour
1913

Ger Annie Jump Cannon Sterne Klassifikation pro
Stunde 1913

Ita stelle classificate all’ora Annie Jump Cannon
1913

Chi 安妮·坎农每小时分类恒星数量1913
Jap アニー・ジャンプ・キャノン毎時間分類

星 1913
Vie Annie Jump Cannon phân loa. i sao m˜i gi` 1913

Q2: Which female chemist was awarded the
Garvan–Olin Medal in 1952?

Eng female chemist Garvan-Olin Medal 1952
Ger weibliche Chemikerin Garvan-Olin Medalle

1952
Ita chimica donna medaglia Garvan-Olin 1952
Chi 女性化学家加文-奥林奖章 1952
Jap 女性化学者 ガーヴァン=オリンメダル

1952
Vie n˜ hóa ho. c gia huy chng Garvan-Olin 1952

Q3: Who was the producer of Setup

Eng producer of Setup
Ger Produzent von Setup
Ita produttore di Setup
Chi Setup制片人
Jap Setupプロデューサー
Vie nhà san xu´t cua Setup

Table 2: Examples of multilingual query reformulations
from GLM-4.5.

a few words, prohibits hedging language and un-
certainty markers, and explicitly forbids replying
with Unknown. The full system prompt reads:

Listing 3: Answer generation prompt
You are an AI assistant specialized in answering open-domain

factual questions.
Your goal is to maximize accuracy by giving only short,

correct answers based on your internal knowledge.

Guidelines:
- Read the question carefully
- Provide a single, factual answer in 1-10 words
- Do not explain, justify, or add extra details
- Never include uncertainty markers (e.g., "maybe", "I think")
- Always provide your best answer - never reply "Unknown"
- Keep the answer concise, unambiguous, and time-stable

C Qwen full results

Table 4 reports accuracy and coherence for the
Qwen3 model family when answers are generated
from nine reformulations per language, obtained
by combining three reformulator models (Qwen3.5
397B, GLM-4.5-355B, and Mistral-Large-3 675B)
with three paraphrase variations each. Accuracy
increases monotonically with model size across
all languages, with English consistently achieving
the highest scores and Japanese the lowest. Co-

Example 1 All models correct

Q: Who was the most prominent figure of the 1986
People Power Revolution?
R: 1986 People Power Revolution prominent figure
Gold: Corazon Aquino
4B : Ferdinand Marcos, Corazon Aquino
14B : Corazon Aquino
80B : Corazon Aquino
235B : Corazon Aquino

Example 2 Only 235B correct

Q: What is written on the right side of the cover art for
the Dylan album Planet Waves?
R: Planet Waves album cover right side text
Gold: “Cast-iron songs & torch ballads”
4B : “Live at the Village Vanguard”
14B : “And the wolf shall dwell with the lamb” from
Isaiah 11:6.
80B : Bob Dylan and The Band
235B : “Cast-iron songs & torch ballads”

Example 3 All models wrong

Q: What month and year was “Welcome to Paradise”
first released?
R: “Welcome to Paradise” release date
Gold: December, 1991
4B : February 13, 2009
14B : June 13, 1988
80B : September 29, 1994
235B : October 4, 1994

Table 3: Examples of generated answers across Qwen3
model sizes. Q: original question; R: reformulated
query (GLM-4.5, English). = correct, = incorrect.

herence, measured as the average pairwise cosine
similarity among the nine answers to each orig-
inal question, peaks at 80B rather than at 235B,
suggesting that the largest model produces more
diverse surface forms despite being more accurate.
Aligned to previous results, Vietnamese exhibits
the highest coherence overall, likely due to its sim-
pler morphology, reducing lexical variation in the
generated answers. These trends are consistent
with the results reported in the main text using a
single reformulator, confirming that the findings
generalize across reformulation sources.



Model All English Italian German Chinese Japanese Vietnam.
Acc SC Acc SC Acc SC Acc SC Acc SC Acc SC Acc SC

Qwen3 4B 10.32 50.2 7.53 47.2 7.69 45.5 7.83 48.8 5.54 48.0 7.83 56.6 7.79 41.9
Qwen3 14B 16.15 50.9 13.50 46.7 13.85 45.3 10.79 42.8 12.41 42.5 13.99 48.9 13.45 41.9
Qwen3 80B 29.41 58.1 21.97 52.3 21.84 50.7 16.04 53.0 14.15 51.2 21.82 56.4 20.87 47.0
Qwen3 235B 34.25 56.7 24.12 50.4 24.19 49.8 17.74 49.5 16.07 47.4 23.05 54.4 23.24 44.5

Table 4: Accuracy (Acc) and Semantic Coherence (SC) of Qwen models across languages. Results are averaged
over 9 query reformulations per language.
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