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Abstract

Current Large Language Models (LLMs) eval-
uations rely heavily on static benchmarks, of-
ten failing to capture the interaction essential
for human-like communication during multi-turn
continuous human-LLM conversations. We in-
troduce a novel evaluation framework grounded
in the Common European Framework of Ref-
erence for Languages (CEFR) and Social Rela-
tionship and Power Distance (SRPD) Interaction
in social communications to evaluate multilin-
gual dialogue interactions. Unlike static met-
rics, our approach analyzes emergent behav-
iors, such as repair and alignment in dynamic,
multi-turn interactions without manual annota-
tion. Validated across diverse 18 languages, from
high-resources (e.g., Spanish, French, English)
to low-resources languages (e.g., Bengali, Thai,
Swahili), the framework aligns with established
statistic baselines results while uncovering crit-
ical behavioral nuances in lower-resource set-
tings that static evaluations miss. This work pro-
vides a scalable methodology for measuring how
effectively models adapt to user languages and
domain-specific contexts in social contexts from
more dynamic interaction evaluations.

1 Introduction

Human language is fundamentally interactional. In
authentic communication, speakers do not merely
produce grammatically correct isolated sentences;
they align with interlocutors, repair misunderstand-
ings, and adapt to social contexts. Research in Sec-
ond Language Acquisition (SLA) establishes that this
Interactional Competence (1C)—manifested through
turn-taking, clarification, and alignment—is the pri-
mary driver of communicative success (Abe and
Roever, 2019; Bloom, 1984). To measure this sys-
tematically, the Common European Framework of

Reference for Languages (CEFR) offers a standard-
ized taxonomy. Unlike static skill lists, the CEFR
characterizes language as “action-oriented,” explic-
itly linking linguistic form to functional interaction in
real-world scenarios (Felker et al., 2021; Gao et al.,
2025a).

Despite this reality, current evaluation paradigms
for Large Language Models (LLMs) remain predom-
inantly static. While models demonstrate impres-
sive reasoning and multilingual capabilities on fixed
benchmarks (Achiam et al., 2023; Dong et al., 2022),
these metrics typically assess single-turn correct-
ness rather than dynamic adaptability. Consequently,
they fail to capture how models navigate multi-turn
dialogue or adjust proficiency across diverse lin-
guistic contexts (Rajaee and Monz, 2024; Jin et al.,
2024). This gap is critical as LLMs are increasingly
deployed in interactive domains—from intelligent
tutoring to customer service—where human-likeness
relies on domain-appropriate adjustment rather than
mere factual accuracy (Bibauw et al., 2022; Han
et al., 2024).

To address this limitation, we propose a CEFR-
grounded interactive evaluation framework for mul-
tilingual dialogue. This framework shifts the eval-
uation focus from static accuracy to dynamic inter-
actional competence. Rather than pre-assigning a
target proficiency, our method evaluates emergent
model behavior, interpreting observed dialogue traits
(such as repair strategies, fluency variation, and reg-
ister control) through CEFR descriptors. This ap-
proach enables scalable, annotation-free assessment
of whether an LLM exhibits human-like behavior
appropriate for specific domains and proficiency lev-
els.

We validate this framework across 18 languages,
comparing our dynamic metrics against estab-



lished static benchmarks. Our results indicate that
while general performance trends align with ex-
isting leaderboards, our interactive evaluation ex-
poses granular behavioral differences—particularly
in lower-resource languages—that static methods
overlook!.

In summary, this work makes three key contribu-
tions:

* We propose a dynamic evaluation framework
that leverages CEFR descriptors to assess the
interactional competence of multilingual LLMs,
demonstrating strong correlation with estab-
lished static benchmarks.

* We reveal that this framework captures the evo-
lution of language use in multi-turn dialogue,
offering explainable insights into domain-
specific adaptability that static metrics miss.

* We establish a scalable, annotation-free bench-
mark for evaluating interactional quality across
18 languages, spanning high- to low-resource
typologies.

2 Related Work

2.1 Multilingual Evaluation of LLMs

Multilingual evaluation of LLMs has primarily fo-
cused on task-based benchmarks that measure ac-
curacy under controlled and static conditions. This
statistical paradigm has scaled to cover broader lin-
guistic diversity and task complexity through bench-
marks like XTREME and XTREME-R (Hu et al.,
2020; Ruder et al., 2021), MKQA (Longpre et al.,
2021), MIRACL (Zhang et al., 2023b), and FLO-
RES (Goyal et al., 2022). While these standardized
datasets provide essential evidence of broad multi-
lingual coverage, treating language ability as a fixed
response to single-turn inputs, ignoring the dynamic
nature of conversations(Yang et al., 2025).
However, recent analyses reveal that high perfor-
mance on these static leaderboards often masks un-
derlying capability of LLMs in concrete multilingual
interactions. Rajaee and Monz (2024) demonstrate
that multilingual competence frequently degrades

'All code and datasets are available at:
/lanonymous.4open.science/r/Multilingual_Eval
Narrative-6333/README.md.
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during cross-lingual transfer, indicating that mod-
els may rely on language-specific artifacts rather
than robust semantic representations. This instability
is further compounded by the "curse of multilin-
guality,” where instruction tuning induce negative
transfer across languages (Babakhin et al., 2025; Liu
et al., 2025). Collectively, these findings underscore
a critical gap: Static benchmarks fail to capture the
behavioral volatility that emerges when models must
maintain consistency across languages in complex,
dynamic contexts (Liu et al., 2025).

2.2 CEFR for Automatic Evaluation

The The Common European Framework of Refer-
ence for Languages (CEFR) 2 provides a standard for
communicative proficiency, yet its integration into
automation evaluation of LLMs remains challenging,
such as ability like: “Can help the discussion along
on familiar ground confirming comprehension.”. In
automatic evaluation, models frequently rely on sur-
face lexical patterns rather than dynamic features,
resulting in unstable prediction in evaluation results
(Arase et al., 2022; Kogan et al., 2025). Similar
fragility appears in generation tasks: sentence sim-
plification systems struggle to align with target lev-
els (Li et al., 2025), while interactive agents exhibit
proficiency drift over dialogue turns (Almasi and
Kristensen-McLachlan, 2025; Malik et al., 2024).
These findings indicate that maintaining CEFR-level
evaluation of LLMs is particularly difficult in dy-
namic, multi-turn contexts. To summarize, most
existing evaluation frameworks of conversational di-
alogue do not assess language models in interactive
settings that resemble human communication despite
of applying CEFR frameworks.

2.3 Human-like and Interactive Evaluation of
LLM Dialogue

Benchmarks like MT-Bench and AlpacaEval move
beyond exact-match scoring, while they remain
predominantly static and exhibit significant cross-
lingual instability (Zheng et al., 2023; Dubois et al.,
2025; Fu and Liu, 2025; Rajaee and Monz, 2024).

’Spoken interaction assessment has been defined
by human linguistic experts: https://www.coe.int/en/
web/common-european-framework-reference-languages/
spoken-interaction-and-production has been under examination
and validation in large scale language assessment.
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Crucially, these single-turn evaluations fail to cap-
ture interactions: The human ability to repair mis-
understandings, adapt to context, and manage dif-
ferent social domain dynamically(Chen and Wang,
2025). Although recent work has explored LLM
role-playing ability (Chen et al., 2024), LLM interac-
tive evaluations(Gao et al., 2025c), it generally lacks
grounding in multilingual human-like evaluations.
This gap necessitates evaluation methods that ob-
serve how multilingual dialogue evolves over turns,
interpreting model behavior through principled hu-
man preferred criteria rather than static accuracy.

3 Evaluation Framework

We evaluate multilingual LLM based on two pro-
posed frameworks to ensure a more validated out-
come: 1). CEFR-based aspects, 2). Social
Communications-Social Relationship and Power
Distance Interaction, as presented in Table 1. These
two measurement capture whether LLM output re-
sembles natural language in interaction, focusing
on realistic error patterns, variations in expression
across different social domain (Brooke and Hirst,
2012, 2013; Aoyama and Schneider, 2024).

3.1 CEFR: Evaluating multilingual spoken
proficiency

The Common European Framework of Reference
for Languages provides a widely adopted standard
for describing language proficiency in terms of ob-
servable communicative ability. Recent NLP work
has explored CEFR-based annotation and prediction
for automatic assessment (Arase et al., 2022). Stud-
ies on CEFR-aligned difficulty annotation show that
models often rely on surface lexical cues rather than
deeper structural or pragmatic features, which leads
to unstable predictions across similar inputs (Kogan
et al., 2025).

We adopt the CEFR framework as it defines pro-
ficiency via functional behaviors rather than accu-
racy scores since dialogue evaluation requires a stan-
dard reflecting actual usage rather than test perfor-
mance(Kogan et al., 2025; Uchida et al., 2024; Arase
et al., 2022), serving as a language-agnostic stan-
dard for interactional comparison (Bibauw et al.,
2022; Uchida et al., 2024; Rajaee and Monz, 2024).
Specifically, we utilize the five "Qualitative aspects

of spoken language use" as shown in Table B:

3.2 Human-Likeness: Social Relationship and
Power Distance Interaction

To evaluate pragmatic flexibility, specifically the
mastery of honorifics and politeness strategies,
we introduce the Social Relationship and Power
Distance Evaluation Framework (SRPD). Unlike
metrics focusing on grammatical correctness, SRPD
utilizes differentiated social scenarios (Wu and
Roever, 2025; Wang et al., 2025) to assess whether
LLMs can adapt their linguistic register to varying
social dynamics (e.g., intimacy vs. hierarchy) us-
ing a 6-point Likert scale. The primary goals of the
SRPD framework are twofold: Assessment of Regis-
ter Flexibility: We test whether a model can switch
between distinct registers based on Social Distance
(D) and Power Dynamics (P), or if it collapses into
a single, safe "default formal" mode regardless of
the interlocutor. Detection of Pragmatic Usage: We
aim to identify errors that result in "Face Threats"
(Chen and Wang, 2025), such as using inappropriate
casualness in formal contexts (rudeness) or excessive
formality in intimate relationships (alienation).

We employ an LLM-based evaluator prompted
with the following rubric to assess the utterances
within a dialogue context grounded in Brown &
Levinson’s politeness theory to quantify interac-
tional appropriateness>.. The evaluations score based
on two critical contexts (full contexts refer to Ap-
pendix D): In High-P scenarios (e.g., student to pro-
fessor), the score penalizes the absence of mandatory
honorific markers or insufficient hedging. Where
in Low-P scenarios (e.g., close friends), the score
penalizes "Pragmatic Over-correction”, the use of
formal markers where casual speech is required, in-
terpreting this as a failure to align with the social
context, thus the social contexts have been consid-
ered.

Application to Dialogue Samples. Proposed metric
captures the Learner’s escalation of politeness strate-
gies when faced with resistance. The Learner’s initial
request (“Professor, may I request an extension?”) is
straightforward, scoring a 3 (Neutral). However, af-
ter the Tutor’s rejection, the Learner adopts a higher-
register strategy in the second turn: “If possible,

3Evaluation outcome was verified by three NLP PhDs on a
each languages contexts with 10% random sampled results.



Metric / Score Description & Indicators

Part I: Qualitative Spoken Language Aspects (CEFR-based)

Range Reflects expression breadth and vocabulary diversity. Evaluation focuses on the ability to
extend ideas beyond simple repetition (Uchida et al., 2024).

Accuracy Reflects control over grammar and lexical choice. Evaluation focuses on error patterns
and instances of self-correction (Jackson et al., 2018).

Fluency Reflects how language flows over time. Evaluation focuses on hesitation, pausing, and
repair behavior that signal processing difficulty (Felker et al., 2021).

Interaction Reflects how the learner responds to the tutor’s turns. Evaluation focuses on turn-taking,
responsiveness, and the ability to maintain the exchange (Gao and Wang, 2025).

Coherence Reflects how ideas are connected across utterances. Evaluation focuses on connectors,

information ordering, and discourse flow (Uchida et al., 2024).

Part II: Politeness Strategy Scoring (1-6 Likert Scale)

1 — Rudely Direct and Unsuitable
2 — Direct

Commands without politeness markers or mitigation (e.g., “Do this!”, “Help me now!”).

Straightforward requests with minimal politeness (e.g., “Can you help?”, “Please do
this”).

3 — Neutral Politeness Standard polite requests typical of daily interaction (e.g., “Could you help me?”, “Would

you mind helping?”).

4 — Polite Good use of hedging and softeners to reduce imposition (e.g., “I wonder if you could

help?”, “Would it be possible to...”).

5 — Very Polite Multiple mitigation strategies and indirect phrasing (e.g., “I was wondering if you might

possibly help?”, “If it’s not too much trouble...”).

6 — Extremely Polite and Suitable Highly sophisticated mitigation, deference markers, and emphasized optionality (e.g., “I

hope I'm not imposing, but [ was wondering if you might possibly be able to help?”).

Table 1: The proposed Interactive Evaluation Framework. Part I assesses general communicative competence based on
CEFR qualitative aspects, CEFR quantify lanaguge usage as six levels-A1 (Wrong vocabulary and grammar, common
errors), A2 (Basic vocabulary, simple grammar, frequent errors), B1(Connected sentences, noticeable but non-blocking
errors), B2 (Generally fluent, occasional collocation errors), C1 (Fluent and flexible, minor L1-influenced phrasing),
C2 (Near-native, rare traces of non-native use). Part II evaluates specific sociolinguistic pragmatic strategies using a
granular politeness scale, the higher score represents more natural and more suitable language use.

may I ask... I promise...” (Ruguo kéyi, wo xidng
gingwen...), which introduces conditional hedging
(“If possible”) and deferential framing, elevating the
score to 5 (Very Polite).

4 Experiments

We validated the proposed evaluation framework
through two experiments: (1) CEFR Topic Dis-
cussion (proficiency alignment) and (2) Social Re-
lationship and Power Distance Interaction. Di-
alogues were generated via an automated agnatic
workflow and evaluated by gpt-5.1-chat. Following
Gao et al. (2025b), we prioritize consistency over
absolute capability *, treating the model as a fixed

*Quality was verified by domain experts (three NLP PhDs)
on a 15% random sampled results.

instrument to operationalize descriptors. The evalu-
ator assigns scores (1-6) to learner responses across
Six CEFR/SRPD aspects to infer proficiency, condi-
tioning assessments on language-specific properties
to isolate proficiency from typology.

4.1 Agent Workflow

We construct an agentic workflow to simulate
controlled second-language interaction dialogues
through designed role separation as Figure 1 pre-
sented the workflow. Two independent LLMs are
assigned functional roles, where one model initiates
and guides the interaction as Tutor role, where the
tutor role is a fixed LLM based on current leader-
board performance which is Gemini-3 >, and the

SLatest results for LLM Dialogue Arena can be researched
at: https://Imarena.ai/zh.
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g Tutor Agent:  “hlugaivevnldSvudralszma? Evaluation Aspects
Why do you want to study abroad? (Score 1-6):
/A | Learner Agent: ... sufiahifinhaulannss.
I want to experience a new culture and ... RANGE: 4
Tutor Agent: Aruasaz! myldieulninndaumudiudeainidudunn ., ACCURACY: 5
g 1 think it is really worth trying!. .. FLUENCY: 4
Learner Agent: évhimilasz Suseunarenlseme uadanquiinauleannds ... INTERACTION: 3
a8 Yeah, I've been looking into it, but... COHERENCE: 3
Tutor Agent:  d&limileds Suzoumanwulszma uddanguiheulannds HUMAN-LIKENESS: 2
g Tokyo is a fantastic place for business ...
Learner Agent:  #uuw. .. sufahsusei.., i
" Yea, That‘s a great point about networking ... GUp LLM-as-Judge
- S T GPT-5.1 Chat

Figure 1: Agent Workflow for two roles: Tutor and learner agent under different discussion topics and different
languages, Thai in presented figure, and higher score presented better performance in designed evaluation scale.

other produces responses that reflect learner-like lan-
guage behavior as the learner role with following
LLMs , with interaction interpreted through CEFR
scoring descriptions and CEFR assessment topics
(Tack et al., 2017). The statistics data of agentic
workflow generated data is shown in Table 2.

Stats Dialogues Each Language Token Overall
# CEFR Scenarios 400 1,600K 6.400 M
# Social Relationships 200 1,344K 2.688 M

Table 2: Statistics of generated interactive dialogue
dataset, contains 18 languages for 8 selected LLMs in
total

Language Selection To ensure comparability
across languages, we select 18 target languages:
Arabic, English, Portuguese, French, Italian, Turk-
ish, Hindi, Mandarin, Japanese, Vietnamese, Thai,
Swahili, Bengali, Indonesian, Spanish, Yoruba which
cover diverse typological groups and resource levels,
allowing us to assess language-specific production
difficulty in a consistent environment (Hendrycks
et al., 2021; Singh et al., 2025) 6

Model Selection To avoid the impact of model ca-
pacity and training style, we employ a fixed tutor
agent (a strong instruction-following model) across
all experiments. This ensures interactional variance
is attributable solely to the learner agent. We evalu-

SEach dialogue is conducted in one language only, which
prevents switching between languages and makes sure that any
difficulty is due to the language and how the conversation is
structured, not because of the task itself.

ate eight learner models spanning three size regimes
(1B=70B) and four families (Claude, Llama, Gemini,
Qwen) Table 30. Importantly, the learner agent is
not assigned a predefined CEFR proficiency level.
Instead, each model generates free-form continu-
ous responses conditioned only on their specific di-
alogue with the tutor agent, and its effective profi-
ciency is determined post hoc through our CEFR-
based evaluation template and procedure. This setup
enables analysis of learner behavior across different
languages under a fixed tutoring environment while
providing insights into multi-lingual performance
and interactional behavior (Goyal et al., 2022; Zhang
et al., 2023a).

CEFR Evaluation Scenarios The interaction fol-
lows a strict turn-taking process where the tutor agent
always initiates the dialogue and the learner responds
based on the tutor’s previous message. This alternat-
ing sequence continues for a fixed number of turns.
The conversation develops through the back-and-
forth between the two agents, without them sharing
any internal information. This makes sure the tu-
tor adjusts to how the learner uses language instead
of having direct access to the learner’s information
(Bibauw et al., 2022; Han et al., 2024). For the task
design, we define everyday communicative scenar-
ios that encourage extended responses and reflect
natural language learning settings as presented in
Appendix 27. These diverse topics, such as “How
should we define success in life?”, “Can technology
solve all of humanity’s problems?”, are shared across
all languages, ensuring that learner LL.Ms respond



to the same communicative intent in each language.
This structure allows for the observation of inter-
actional behaviors like vocabulary range, fluency,
and coherence across languages (Goyal et al., 2022;
Bandarkar et al., 2024).

Speaker Utterance

Tutor & 832 7} A pQ7?

Learner .. %+ 3hz Wf-23 4137, ¢l=7 ¢ X7 Bo] Tt
E3 goj8. 223 Ao 8 Foldl 2

Tutor &}, AL =2

: =
, A B A B3 Q) . (truncated for brevity if
- FA M Fotstke Zhev gl ¢

Learner ]! A% 7]tj= 2

R EEFZFT T Fol8.
Sole, Bugar 49T £3 FrE 4% ¥
AR FA] PRI AL o] Yt

Learner U], ZA]E 7}IH 17 4lo] 8 2
ZFH 371 2lo] 2.

Tutor

Table 3: Tutor-Learner Agent Generated Korean dialogue
under CEFR discussion topic: Why do you want to study
bbroad.

4.2 Social Relationship and Power Distance
Evaluation

In the second experiment, we assess the ability of
LLMs to switch interactive styles based on the social
relationship and power distance between interlocu-
tors as shown in Table 29. The main objective is
to evaluate how well models adjust their language
based on contextual cues such as social hierarchy, re-
spect, and familiarity in a conversation. Specifically,
we focus on the use of honorifics, humble expres-
sions, and casual language based on different social
dynamics.

Scenario Design The experiment involves two pri-
mary scenarios, reflecting different power distances
and social relationships between interlocutor, full
design refers to Table 32:

* Scenario 1: High Power Distance (S_High)
This scenario simulates an interaction between
a student and a strict, elderly professor. The
professor is expected to use formal, respectful
language, including honorifics and humble ex-
pressions, and often makes indirect requests.

¢ Scenario 2: Low Power Distance (S_Low)
In this scenario, the interaction is between two
childhood friends. The conversation is informal,

with the friends using casual language, direct
requests, and avoiding any formal expressions.

5 Results

5.1 Multi-lingua variations

We evaluated eight LLMs across 18 languages based
on two proposed frameworks with average scores
(Table 4), revealing a critical dissociation between lo-
cal correctness and global dialogue quality: Our pro-
posed Interactional Integrity based on overall evalu-
ation outcome does correlate with other static LLM
benchmarks average results and trend (Table 25).

Interactive performance correlates strongly with
language resource. In high-resource languages, mod-
els like claude-sonnet-4.5 and Gemini-2.5-Flash
achieve near-native proficiency (> 4.0) as C1. Con-
versely, African languages trigger a "Collapse Zone"
for open-weights models; in Yoruba and Swabhili,
llama-3.1-8b and mistral-7b regress to ~1.73, re-
flecting a failure of dialogue interactive flow. No-
tably, claude-sonnet-4.5 remains robust in low-
resources langauge, suggesting a superior underlying
representation of universal dialogue structure. How-
ever, this correlation breaks down in low-resource
settings. In Yoruba, while gemini-2.5-flash main-
tains a marginal Fluency score of 4.62 out of 6.0
score (approx. CEFR C2).

Surprisingly, in the <10B parameter class,
mistral-7b-instruct  consistently  outperforms
llama-3.1-8b-instruct across medium-resource lan-
guages. Mistral demonstrates surprising resilience
in morphologically complex languages like Korean
(Overall 4.04), significantly surpassing even the 70B
Llama model. This suggests that Mistral’s training
data or tokenizer is better optimized for morphologi-
cal synthesis than Llama’s smaller variants, which
often suffer from severe hallucination and repetition
in non-English contexts.

5.2 Human-Like Evaluations: Multilingual
LLM Social Capability

Beyond aggregate evaluation outcomes, a detailed
analysis of interaction dynamics reveals distinct
trends across social interactive dynamics, linguis-
tic typologies and model architectures.

Interactive Dynamics in Social Settings Different
scenarios show LLMs demonstrates diverse capabil-



Model Ar Bn Zh En Fr De Hi Id It Ja. Ko Pt Es Sw Th Tr Vi Yo
Claude-Sonnet-4.5 4.25 3.88 3.50 3.62 3.25 2.88 3.88 3.25 3.38 3.88 3.12 3.88 3.38 4.25 4.50 3.00 4.38 4.50
Gemini-2.5-Flash  3.75 3.88 4.00 3.38 3.62 2.88 3.75 3.62 3.62 4.12 3.62 3.38 4.25 425 4.00 3.62 4.00 4.62
Llama-3.1-70B 3.25 3.88 2.88 3.50 4.12 4.00 3.12 3.25 325 3.62 2.00 2.75 3.62 3.25 3.12 2.62 3.50 2.88
Llama-3.1-8B 200 129 2.00 3.00 2.75 257 271 271 2.86 1.71 1.71 3.29 3.12 1.57 1.86 225 2.62 1.71
Llama-3.2-1B 2.17 1.50 1.25 2.00 2.50 2.75 238 225 2.62 1.88 138 2.62 2.00 1.29 3.12 1.38 3.00 1.50
Mistral-7B 2.57 225 2.67 225 3.12 2.75 238 238 2.38 3.14 2.14 2.38 2.25 2.00 2.75 1.75 2.88 1.86
Qwen-2.5-7B 3.25 2.00 2.88 3.50 3.12 2.88 2.88 3.12 2.88 3.75 2.62 350 325 1.62 4.00 2.50 3.62 1.38
Qwen3-14B 3.12 3.00 2.88 2.62 3.38 3.25 3.00 3.38 2.62 3.38 2.50 3.38 2.38 1.88 3.12 3.50 3.62 1.25

Table 4: Average interactive evaluation scores based on two experiments across selected 18 languages. Language
columns use ISO 639-1 codes (e.g., Ar: Arabic, Zh: Chinese, Sw: Swahili). Models are grouped by scale/type.

Claude- | Gemini- | Llama- | Llama- | Llama- | Mistral- | Qwen-

Sonnet- 2.5- 3.1- 3.1- 3.2- 7b- 2.5- Qwen3-
Interaction Social Scenario 4.5 Flash 70b-inst | 8b-inst | 1b-inst | instruct | 7b-inst 14b
High-P (High Politeness Expectations)
Argument over Messy Room 4.87 4.95 4.78 4.62 2.15 4.45 4.70 4.90
Intern Admitting Mistake 4.59 5.28 4.92 4.75 1.88 4.50 4.82 5.05
Deadline Extension 5.03 5.64 5.25 4.95 2.05 4.80 5.10 5.45
Hotel Concierge & VIP 5.43 5.10 5.35 4.98 1.95 4.85 5.15 5.40
Low-P (Low Politeness / Casual Expectations)
Visiting Grandparent 3.54 2.76 3.95 4.15 1.90 3.80 2.30 2.55
Bargaining w/ Vendor 2.98 3.20 3.65 3.90 1.85 3.45 3.20 2.40
Chat with Childhood Friend 2.08 2.04 3.40 3.85 1.75 3.10 3.25 2.60
Coworkers Gossiping 3.01 2.58 3.55 3.80 1.80 3.25 2.10 2.35

Table 5: Average scores across 18 selected languages via SRPD evaluations (1 = Rudely Direct In Context — Commands
without politeness, 6 = Extremely Suitable — Highly sophisticated mitigation, multiple hedges, deference markers,

optionality emphasized)

ity. Most models outperform in more formal High-P
settings (e.g., Ask for deadline extension) with long
and serious communications as learner agents, while
for Low-P (e.g., chat with a childhood friend), most
models score drops dramatically, which correlates
to CEFR Interaction bond scores trend as Table 5
presented. While proprietary models (Claude, Gem-
ini) successfully adapt to Low-P scenarios (scores
~ 2.0-3.0), open-weights models like Qwen3 and
Llama-3.1 exhibit “Robotic Politeness,” retaining
high formality scores (>>4.0) even in casual contexts.
Llama-3.2-1b consistently scores low due to coher-
ence failures.

Linguistic Typology and Morphology East Asian
languages validate the necessity of our Tone Con-
sistency metric. While qwen3-14b dominates tech-
nical dimensions in Chinese (5.00) and Japanese
(5.40), it scores poorly on SRPD outcomes (2.70),
focusing on robotic precision rather than naturalness.

In contrast, claude-sonnet-4.5 (Human-Likeness:
5.60) demonstrates superior sociolinguistic align-
ment. Furthermore, agglutinative typologies expose
latent architectural weaknesses. In Korean (Table
16), llama-3.1-70b suffers a marked decline in Co-
herence (2.11), indicating a failure to synthesize mor-
phological constraints across turns. Surprisingly, the
smaller mistral-7b significantly outperforms it (Co-
herence 4.15), suggesting that tokenizer efficiency
often outweighs parameter scale for complex mor-
phological tasks.

Model Scale and Generalization A divergence in
specialization is evident among open-weights mod-
els. llama-3.1-70b-instruct acts as a robust general-
ist for Indo-European languages (e.g., scoring 5.29 in
English) but struggles with non-Latin scripts. Con-
versely, the open-weights models effectively close
the gap in local accuracy but frequently lack the Tone
Consistency and CIS of proprietary models (Claude,



Gemini), which consistently demonstrate the cross-
lingual robustness required for human-like tutoring.
Finally, our results establish a clear lower bound for
deployment: the lightweight llama-3.2-1b-instruct
proves insufficient for non-English interactive dia-
logue (scores 1.0-2.0), failing to maintain context or
form coherent sentences.

5.3 Qualitative analysis: Multilingual Dynamics
Interactions

Table 6 illustrates the functional asymmetry of code-
switching within the instructional dialogue. While
the Tutor maintains a monolingual Vietnamese pres-
ence to provide immersive input and explain nuances
between equal-status pronouns (ban vs. cdu), the
Learner employs code-switching as a crucial cog-
nitive scaffold. The Learner’s turn demonstrates
frequent intra-sentential switching (e.g., “vi... be-
cause she is older”) to bridge lexical gaps while ex-
plicitly verbalizing the logic behind honorific selec-
tion. Furthermore, the Learner utilizes English for
higher-order pragmatic reasoning via CEFR human-
like evaluation, specifically when contrasting cul-
tural norms regarding age inquiries in the U.S. ver-
sus Vietnam. This indicates that while the Learner
can produce formulaic L2 utterances (e.g., “Chdo
chi...”), the meta-linguistic negotiation of social cor-
rectness requires recourse to L1 resources. In this
context, mixed language usage operates not as a de-
ficiency, but as a communicative strategy, allowing
the Learner to verify pragmatic competence and nav-
igate the complex hierarchy of Vietnamese pronouns
without disrupting the interactional flow.

The phenomenon of model collapse, a degenera-
tive process where models trained on synthetic data
lose variance and converge on the mean, poses a
disproportionate threat to low-resource languages
(LRLs). Unlike high-resource languages, where
abundant authentic human corpora act as a correc-
tive anchor, LRL research often relies on synthetic
data augmentation to overcome scarcity. However,
recursive training on such generated text exacerbates
the “curse of recursion,” truncating the long tail of
linguistic distribution where rare but critical prag-
matic features reside. For example, a model suffer-
ing from distribution shift might converge on generic
pronouns (e.g., exclusively generating ban and 6i)
to mirror the simpler one-to-one mapping of the En-

Table 6: Mixed language usage in conversation interac-
tion dialogue regarding Vietnamese honorifics through
anthropic Claude-Sonnet-4.5 Generation

Speaker Utterance

Tutor

Piing xin 15i nhé, héi nhiéu gitp ban hoc nhanh
hon ma! Cau chao cta ban (“Chao céu, minh tén
1a Sarah”) nghe rit tu nhién.

Vé sy khdc nhau: “Ban” va “cau” déu dung cho
ngudi bang tudi.

Learner: Um... okay, d€ toi nghi...

“Chao chi, em tén la Sarah. Con chi tén gi?”
Nhung... how do I know if someone is older?
O My, we don’t really ask age... it’s... uh...
impolite? Nhung ¢ Viét Nam thi sao? Toi c6 thé
hoi... “Chi bao nhiéu tudi?” hay... that’s rude?
Sorry, this pronoun thing is... very complicated!
Nhung t6i mubn hoc diing cach.

Learner

glish “you” and “1.” This over-simplification strips
the language of its sociolinguistic nuance, effectively
anglicizing the LRL’s pragmatic structure. Conse-
quently, the subtle interactional competence demon-
strated by the learner’s negotiation of chi versus ban
risks being lost, leading to a homogenized output
that fails to capture the cultural logic essential for
authentic communication.

6 Conclusion

This work demonstrates that multilingual language
model capability cannot be reliably assessed through
static, single-turn benchmarks. By using CEFR and
SRPD evaluation framework to evaluate multilin-
gual LLLM’s capability in various social domain, we
show that human-like conversation depends on how
a model interacts over time, rather than on how accu-
rate individual responses are. Across languages and
models, our framework shows that being accurate
does not necessarily mean being good at dialogue
interactions during social conversations, especially
in low-resource languages like Swahili, Bengali, and
Yoruba. Strong benchmark performance therefore
does not guarantee stable or adaptive behavior in real
conversations under more qualitative spoken lan-
guage aspects. More broadly, this study provides
a scalable and annotation-free methodology, shows
that interaction-centered evaluation is a necessary
complement to existing multilingual benchmarks for
assessing how models behave in real dialogues.



Limitations

Despite its strengths, the proposed work has several
limitations. First, the evaluation relies on a fixed
LLM-based judge, which may introduce model-
specific bias, although under small scale human val-
idations. Second, although CEFR is effective for
describing communication, it does not cover all cul-
tural and identity-related aspects of language use.
Third, the tutor—learner interaction reflects a con-
trolled teaching setting and may not apply to more
complex conversational situations. Addressing these
limitations will be important for applying interaction-
centered evaluation to a wider range of real-world
conversations.
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A Appendix

B CEFR Assessment Framework

Qualitative aspects of spoken language use - Table 3 (CEFR 3.3): Common
Adapted from Council of Europe (2001).

Reference Levels.

Level Range

Accuracy

Fluency

Interaction

Coherence

C2

Shows great flexibility re-
formulating ideas in differ-
ing linguistic forms to con-
vey finer shades of meaning
precisely, to give empha-
sis, to differentiate and to
eliminate ambiguity. Also
has a good command of id-
iomatic expressions and col-
loquialisms.

Maintains consistent gram-
matical control of complex
language, even while atten-
tion is otherwise engaged
(e.g. in forward planning,
in monitoring others’ reac-
tions).

Can express him/herself
spontaneously at length
with a natural colloquial
flow, avoiding or backtrack-
ing around any difficulty
so smoothly that the inter-
locutor is hardly aware of
it.

Can interact with ease and
skill, picking up and us-
ing non-verbal and intona-
tional cues apparently ef-
fortlessly. Can interweave
his/her contribution into the
joint discourse with fully
natural turntaking, referenc-
ing, allusion making etc.

Can create coherent and co-
hesive discourse making full
and appropriate use of a va-
riety of organisational pat-
terns and a wide range of
connectors and other cohe-
sive devices.

C1

Has a good command of
a broad range of language
allowing him/her to select
a formulation to express
him/herself clearly in an ap-
propriate style on a wide
range of general, academic,
professional or leisure top-
ics without having to restrict
what he/she wants to say.

Consistently maintains a
high degree of grammati-
cal accuracy; errors are rare,
difficult to spot and gener-
ally corrected when they do
occur.

Can express him/herself flu-
ently and spontaneously, al-
most effortlessly. Only a
conceptually difficult sub-
ject can hinder a natural,
smooth flow of language.

Can select a suitable phrase
from a readily available
range of discourse functions
to preface his remarks in or-
der to get or to keep the
floor and to relate his/her
own contributions skilfully
to those of other speakers.

Can produce clear,
smoothly-flowing, — well-
structured speech, showing
controlled use of organisa-
tional patterns, connectors
and cohesive devices.

B2

Has a sufficient range of
language to be able to give
clear descriptions, express
viewpoints on most gen-
eral topics, without much
conspicuous searching for
words, using some complex
sentence forms to do so.

Shows a relatively high de-
gree of grammatical con-
trol. Does not make errors
which cause misunderstand-
ing, and can correct most of
his/her mistakes.

Can produce stretches of
language with a fairly even
tempo; although he/she can
be hesitant as he or she
searches for patterns and ex-
pressions, there are few no-
ticeably long pauses.

Can initiate discourse, take
his/her turn when appro-
priate and end conversa-
tion when he/she needs to,
though he/she may not al-
ways do this elegantly. Can
help the discussion along
on familiar ground confirm-
ing comprehension, inviting
others in, etc.

Can use a limited number
of cohesive devices to link
his/her utterances into clear,
coherent discourse, though
there may be some “jumpi-
ness” in a long contribution.

B1

Has enough language to get
by, with sufficient vocabu-
lary to express him/herself
with some hesitation and
circumlocutions on topics
such as family, hobbies and
interests, work, travel, and
current events.

Uses reasonably accurately
a repertoire of frequently
used “routines” and patterns
associated with more pre-
dictable situations.

Can keep going comprehen-
sibly, even though pausing
for grammatical and lexical
planning and repair is very
evident, especially in longer
stretches of free production.

Can initiate, maintain and
close simple face-to-face
conversation on topics that
are familiar or of personal
interest. Can repeat back
part of what someone has
said to confirm mutual un-
derstanding.

Can link a series of shorter,
discrete simple elements
into a connected, linear se-
quence of points.

A2

Uses basic sentence patterns
with memorised phrases,
groups of a few words and
formulae in order to com-
municate limited informa-
tion in simple everyday sit-
uations.

Uses some simple structures
correctly, but still systemat-
ically makes basic mistakes.

Can make him/herself un-
derstood in very short utter-
ances, even though pauses,
false starts and reformula-
tion are very evident.

Can answer questions and
respond to simple state-
ments. Can indicate when
he/she is following but is
rarely able to understand
enough to keep conversation
going of his/her own accord.

Can link groups of words
with simple connectors like
“and”, “but” and “because”.

Al

Has a very basic repertoire
of words and simple phrases
related to personal details
and particular concrete situ-
ations.

Shows only limited control
of a few simple grammatical
structures and sentence pat-
terns in a memorised reper-
toire.

Can manage very short, iso-
lated, mainly pre-packaged
utterances, with much paus-
ing to search for expres-
sions, to articulate less fa-
miliar words, and to repair
communication.

Can ask and answer ques-
tions about personal details.
Can interact in a simple way
but communication is to-
tally dependent on repeti-
tion, rephrasing and repair.

Can link words or groups of
words with very basic lin-
ear connectors like “and” or
“then”.
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C Full CEFR Evaluation Results

Table 14: CEFR Score Summary for Indonesian

T bl 7. CEFR S S f A b' Ilama-3.1-70b-instruct  4.56 458 437 458 458 458 416 Indonesian
able 7: core Summary for Arabic o e 33 e i i i G e
o — Y Mo i i e
Model Overall Score Range Score Accuracy Score  Fluency Score _Ineraction Score  Coherence Score  Human Likeness Score  Language quen3-14b 488 530 525 510 515 530 375 Indonesian
mistral-To-instruct 3,78 385 375 3.80 380 415 Arabic . :
S 368 W s s R s Table 15: CEFR Score Summary for Italian
P p W o B 4 s
T bl 8. CEFR S S f B 1 llama-3.2-Ib-instruet 3.4 365 325 350 365 345 405 Italian
able 8: core Summary for Bengali
o oS anee S Ay Seoe oy Seoe racion S Coroes S T s S Lo
PSS ER YT i
——— 3% Wi bt i
llama-3.1-70b-instruct  4.46 4.62 452 457 457 Bengali
o o 326 i i i m e .
s th e 145 ] i i o Bengal Table 16: CEFR Score Summary for Japanese
e W W i e
R w i i o e
P p hi i p % B b
‘gemini-2.5-flash 438 35 420 425 445 4.40 490 Japanese
T: bl 9 CEFR S S 1 Ch qwen-2.5Tb-insiruet 4,13 430 360 410 435 25 320 Japanese
able 9: core Summary for Chinese
P ER— o am s e i 5 G
PRSI mo pifh n bt P
T Tt 461 500 i i iss b i Chinee Table 17: CEFR Score Summary for Korean
o e 351 mooal bl % bt b P
e i B e P
% o by o bith P
qwen-2.5-Tb-instruct 483 5.1 5.16 500 495 511 368 Chinese - TN e P —— Soore Conerenee Seore T .
Table 10: CEFR Score Summary for English
desomeds 54 5 55 ) e % Eoglih Table 18: CEFR Score Summary for Portuguese
i bt 51 e s s s su 3te i o oS T S Aoy S ey S Tacion S Coernes S o s S Lo
F T s 50 .wo e i s
Table 11: CEFR Score Summary for French
Table 19: CEFR Score Summary for Spanish
a3 O 453 wo a0 50 axs e o G 5o g S Ay S oy Seore Trracion S Coernes ST v e Lanpons
o 40 St i ™ 0 i o
‘mistral-Tb-instruct 420 415 4.20 415 420 4.50 French -flash 3.60 347 31 337 342 532
et PR pe b pod
357 bt i W pith he
e — W 0 B ot pos S
W i bt i S
e 5 @ 0 @ s S
Table 12: CEFR Score Summary for German
Table 20: CEFR Score Summary for Swahili
qwen3-14b 5.06 547 526 537 532 547 379 German 278 265 280 275 Swahili
o T it i L.s i
i % i e % ]
Table 13: CEFR Score Summary for Hindi Table 21: CEFR Score Summary for Thai
P £ 5 s S 0 s s
i i i i b i i
o T 250 mooa o it Ho
e b b b i i b b 0
e 358 i i B
P o i it e 375 i e i b i
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Table 22: CEFR Score Summary for Turkish

3.60 290
380 365
347 221
147 116
155 175
370 350
quwen-2.5-Tb-instruc 345 265
quen3-14b 479 525 460

Table 23: CEFR Score Summary for Vietnamese

Model Overall ScoreRange Score _ Accurs
370
340
500
325

585
475
4.00
420
374
342
405
326

426
442
455
537

D Prompts for Dialogue Agentic Workflow

Tutor Agent Prompt

You are a professional human language tutor, not an Al
assistant.

Your task is to teach a learner whose first language (L1) is:
English.

Target language for instruction: {target_language}.
Communicative situation: {task_description}

Your tutoring task:

» Use {target_language} only in your teaching.

* Encourage the learner to respond, elaborate, and stay
engaged.

* Offer support using:

Clear rephrasing or simplification

Examples or paraphrasing

Comprehension checks if needed

Avoid robotic or overly complex language.
— Do not mention CEFR or simulation in your response.

Start the conversation by asking a friendly, natural first
question about the topic.

Figure 2: Prompt used for the tutor agent.

Learner Agent Prompt

You are simulating a human language learner, not an Al
Target language: {target_language}
Learner first language (L1): English

Communicative situation: {task_description}

Conversation so far: {dialogue_history}

Your task:

 Continue the dialogue by writing what the learner would
naturally say next.

¢ Use {target_language} only.
* Do not translate automatically.

Figure 3: Prompt used for the learner agent.

Evaluation Agent Prompt

SYSTEM ROLE You are an experienced language teacher
and CEFR assessor with deep knowledge of the Common
European Framework of Reference.

You will evaluate a learner’s spoken or written response in
{target_language}.

Additional Learner Context: - Learner first language:
{learner_L1} - Level label: {level label} - Language pro-
file: {language_profile}

Task context: {task_description}

Learner production: {dialogue}

Your evaluation goals:

1. Judge how well the learner’s performance aligns with
the target CEFR level across all five dimensions.

2. Identify the actual CEFR level that best fits this perfor-
mance.

3. Evaluate language control, interactional ability, and
human-likeness.

Focus on evaluating each dimension according to official
CEFR criteria:

Use the following CEFR criteria as reference when as-
signing scores: {reference_criteria}

RANGE - Assess vocabulary and linguistic resources:

e Al: Very basic repertoire of words/phrases for per-
sonal details and concrete situations

» A2: Basic sentence patterns with memorised phrases,
groups of few words and formulae

* B1: Enough language to get by with hesitation and
circum-locutions on familiar topics

» B2: Sufficient range to give clear descriptions without
much conspicuous word-searching

* CI1: Good command of broad range allowing appro-
priate style selection without restriction
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¢ C2: Great flexibility in reformulating ideas to convey
finer shades of meaning, eliminate ambiguity

ACCURACY - Evaluate grammatical control and error
patterns:

* Al: Only limited control of few simple structures in
memorised repertoire

* A2: Uses some simple structures correctly but still
systematically makes basic mistakes

* B1: Reasonably accurate repertoire of routines/pat-
terns in predictable situations

e B2: Relatively high degree of control; errors don’t
cause misunderstanding, can self-correct

¢ Cl: Consistently high accuracy; errors rare, difficult
to spot, generally corrected

¢ C2: Consistent control of complex language even
while attention otherwise engaged

FLUENCY - Examine tempo, pausing, and speech produc-
tion:

* Al: Very short isolated utterances, much pausing to
search for expressions and repair

* A2: Very short utterances, pauses/false starts/refor-
mulation very evident

¢ B1: Can keep going comprehensibly though pausing
for planning/repair very evident

¢ B2: Fairly even tempo; can be hesitant searching for
patterns, few noticeably long pauses

* Cl1: Fluent and spontaneous, almost effortlessly; only
difficult subjects hinder flow

e C2: Spontaneous at length with natural colloquial
flow, backtracking smoothly

INTERACTION - Assess communicative interaction and
turn-taking:

¢ Al: Can ask/answer questions about personal details;
totally dependent on repetition/repair

* A2: Can answer questions and respond; rarely able to
keep conversation going independently

¢ B1: Can initiate, maintain, close simple conversation;
can repeat back to confirm understanding

* B2: Caninitiate discourse, take turn, end conversation
(may not always elegantly); helps discussion along

¢ Cl: Can select suitable phrases to get/keep floor,
relate contributions skilfully to others

15

e C2: Interacts with ease and skill, uses non-
verbal/intonational cues effortlessly, fully natural
turn-taking

COHERENCE - Evaluate discourse organization and co-
hesive devices:

e Al: Can link words/groups with very basic linear
connectors like “and” or “then”

* A2: Can link groups of words with simple connectors
like “and”, “but”, “because”

¢ B1: Can link series of shorter discrete elements into
connected, linear sequence

¢ B2: Uses limited number of cohesive devices for clear
discourse (may have some “jumpiness’)

e C1: Clear, smoothly-flowing, well-structured with
controlled use of organizational patterns

* (C2: Coherent and cohesive discourse with full appro-
priate use of variety of patterns and devices

HUMAN-LIKENESS — Assess authenticity and natural-
ness:

* Does the production show realistic learner character-
istics (appropriate errors, hesitations, repairs)?

* Are there authentic L1 influence patterns typical for
the learner’s first language?

* Does it avoid robotic perfection or unnatural Al-like
fluency for the level?

* Are error types and frequency appropriate for the
CEFR level?

* Does it show natural variation in expression rather
than formulaic responses?

Compare against official CEFR descriptors provided
above. Return ONLY a valid JSON object and ALL com-
ments MUST be in English:

* target_cefr_level — string (e.g., "A2" or "B1")

 estimated_learner_level — string (e.g., "A2",
"B1-B2", or "unknown")

¢ range_dimension

— score: integer 1-6

— comment: vocabulary breadth, ability to ex-
press ideas at target level

¢ accuracy_dimension

— score: integer 1-6




— comment: grammatical control, error fre-
quency and type

¢ fluency_dimension

— score: integer 1-6

— comment: tempo, pausing, hesitation, repair
patterns

¢ interaction_dimension

— score: integer 1-6

— comment: turn-taking, comprehension, ability
to maintain communication

¢ coherence_dimension

— score: integer 1-6

— comment: connectors, discourse organization,
text structure

¢ level_match

— score: integer 1-6

— comment: how closely this matches the target
level across all dimensions

¢ human_likeness

— score: integer 1-6
— comment: realistic learner errors, natural vari-
ation, avoids robotic perfection

¢ overall

— score: integer 1-6 (average of above)

— summary: overall assessment with reference
to CEFR descriptors

* repeated_content

— flag: true or false
— comment: whether any phrases are unnaturally

repeated
* mixed_using_languages

- flag: true or false

— comment: whether multiple languages are
mixed in learner responses

Figure 4: Updated prompt used for the evaluation tagging.

Prompts for Topic: Cafe Chat with Childhood
Friend

Tutor Agent Prompt:

You are the learner’s best friend since childhood. You are
chatting at a cafe. Use slang, be casual, and strictly avoid
formal language. You MUST use {language} ONLY.

Learner Agent Prompt:

You are a university student. You're chatting with your
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childhood best friend at a cafe. You MUST use {language}
ONLY.

Figure 5: Agent prompts for scenario: Chatting at a cafe
with a childhood friend.

Prompts for Topic: Deadline Extension Re-
quest

Tutor Agent Prompt:

You are a strict, elderly professor. The learner is a student
asking for a deadline extension. Be formal and authoritative.
You MUST use {language} ONLY.

Learner Agent Prompt:

You are a student. You are asking a strict, elderly professor
for a deadline extension. You MUST use {language} ONLY.

Figure 6: Agent prompts for scenario: Requesting dead-
line extension from a strict professor.

Prompts for Topic:
Grandparent

Visiting Traditional

Tutor Agent Prompt:
You are the learner’s traditional grandfather/grandmother
(70+ years old). The learner is visiting you for a holiday.
Expect traditional respect and proper etiquette. You MUST
use {language} ONLY.

Learner Agent Prompt:
You are visiting your traditional 70+ year-old grandparent
for a holiday. You MUST use {language} ONLY.

Figure 7: Agent prompts for scenario: Visiting a tradi-
tional grandparent during a holiday.

Prompts for Topic: Sibling Argument over
Messy Room

Tutor Agent Prompt:

You are the learner’s older sibling. You’re very annoyed that
their room is messy. Be blunt, direct, and use imperative
sentences. You MUST use {language} ONLY.

Learner Agent Prompt:

You are a younger sibling who left your room messy. Your
older sibling is annoyed. You try to respond. You MUST
use {language} ONLY.

Figure 8: Agent prompts for scenario: Sibling argument
about messy room.



Prompts for Topic: Hotel Concierge and VIP
Customer

Tutor Agent Prompt:

You are a wealthy VIP customer at a luxury hotel. The
learner is the concierge trying to accommodate your dif-
ficult request. Be demanding but polite. You MUST use
{language} ONLY.

Learner Agent Prompt:

You are a concierge at a luxury hotel. A wealthy VIP cus-
tomer is making a difficult request. You MUST use {lan-

guage} ONLY.

Figure 9: Agent prompts for hotel concierge and VIP
customer scenario (exact wording).

Prompts for Topic: Bargaining with a Street
Food Vendor

Tutor Agent Prompt:

You are a street food vendor. The learner is a customer
bargaining for a lower price. Be friendly but firm on price.
You MUST use {language} ONLY.

Learner Agent Prompt:
You are a customer bargaining for a lower price. You MUST
use {language} ONLY.

Figure 10: Agent prompts for bargaining at a street food
stall scenario (exact wording).

Prompts for Topic: Intern Admitting a Critical
Mistake to the CEO

Tutor Agent Prompt:

You are the CEO of a major corporation. The learner is a ju-
nior intern admitting a critical mistake. Be professional, dis-
tant, and intimidating. You MUST use {language} ONLY.

Learner Agent Prompt:

You are a junior intern who made a critical mistake. You
are now speaking to the CEO of the company to admit your
error. You MUST use {language} ONLY.

Figure 11: Agent prompts for scenario: Intern admits a
critical mistake to the CEO.

Prompts for Topic: Coworkers Gossiping Over
Lunch

Tutor Agent Prompt:

You are a coworker having lunch with the learner. You are
roughly the same age and rank. Gossip about office politics.
Be cynical and relaxed. You MUST use {language} ONLY.

Learner Agent Prompt:

You are a coworker having lunch with the tutor. You are
roughly the same age and rank. Chat informally and gossip
about office politics. Be relaxed and casual. You MUST use
{language} ONLY.

Figure 12: Agent prompts for scenario: Coworkers gos-
siping over lunch.

Evaluation Prompt: Politeness Strategy

System Role You are a CEFR-based language proficiency
evaluation expert. You will receive the full evaluation in-
structions and a dialogue JSON as input.

Prompt:

Evaluate the politeness strategy of the Learner in the fol-
lowing dialogue: "{dialogue json str}"

Does it use hedging, indirect language, or softening strate-
gies?

Rate on a scale of 1-6:

* 1 =Rudely Direct — Commands without politeness
(e.g., “Do this!”, “Help me now!”)

¢ 2 = Direct — Straightforward request, minimal po-
liteness (e.g., “Can you help?”, “Please do this”)

* 3 = Neutral Politeness — Standard polite request
(e.g., “Could you help me?”, “Would you mind help-
ing?”

* 4 = Polite — Good use of hedging and softeners (e.g.,
“I wonder if you could help?”, “Would it be possible
to...”)

* 5 = Very Polite — Multiple mitigation strategies,
indirect phrasing (e.g., “I was wondering if you might
possibly help?”, “If it’s not too much trouble, could
you...”)

* 6 = Extremely Polite — Highly sophisticated mitiga-
tion, multiple hedges, deference markers, optionality
emphasized (e.g., “I hope I'm not imposing, but I was
wondering if you might possibly be able to help, if
it’s convenient for you?”, “If you have a moment and
it wouldn’t be too much trouble, would you perhaps
consider...?”)

Respond ONLY with a JSON object: {"score": int}

Figure 13: Prompt used for evaluating learner politeness
strategy.



E Multilingual and QA Benchmark Static
Performance Comparison

¢ Multilingual Column: Shows MMMLU (Mul-
tilingual Massive Multitask Language Under-
standing) score

* QA Column: Shows MMLU-ProX perfor-

Table 25: Multilingual and QA Benchmark Performance .
mance - average accuracy across 29 typologi-

C .
omparison cally diverse languages (5-shot CoT)
Models Multilingual QA
Gemini 3 Pro 918 38 Table 26: Languages Used in This Study
Gemini 2.5 Pro 89.2 86.4 Language Speakers
Gemini 2.5 Flash 88.4 82.8 -
English 1.5B
Claude Sonnet 4.5 89.1 68 Portuguese 260M
Italian 65M
GPT-5.1 91.0 76 Turkish 85M
Chinese 1.3B
GPT-40 71.1 61.1 Japanese 125M
DeepSeck-V3 Base 85.88 70.5 mtinamese ggﬁ
DeepSeek-V3.1 Terminus 70.1 74 Swahili 120-150M
Klml—K2 Thlnklng 846 845 Lfinguages span Indo—Euvmpe;m (English, P()rlugulese, %talian), Turkic (Turlkish),lsino—
T{betan (Chme.\fe){. Jap()ryu(:i (ilﬂza::ie:;), Austroasiatic (Vietnamese), Kra-Dai (Thai), and
Llama 31 8B 667 229 Niger-Congo/Bantu (Swahili) families.
Llama 3.1 70B 79.5 49.3
Llama 3.2 1b Instruct 322 28 F Language Performance Comparison
Llama 3.3 70B 74.83 55.8 Across Selected Models and Supported
Llama-4-Scout Base 79.93 51.3 Benchmarks
Qwen2.5-72B Base 82.40 58.8 G Generation Dialogue Examples
Qwen2.5-32B Base 78.12 54.2
Qwen2.5-14B Base 74.68 477 Full generated examples for 18 languages please refer
Qwen2.5-7B Base 63.60 37.6 to: https://anonymous.4open.science/r/Multilingual_
Qwen2.5-3B Base 65.55 24.8 Eval_Narrative-6333/README.md. This section
Qwen2.5-VL-32B 75.3 43 serves as an illustration for understanding the dy-
Qwen3-235B Base 86.70 66.7 namics nature of generated dialogue.
Qwen3-235B-Think 72.1 74.9 ]
Qwen3-32B Base 83.83 599 H Model Selection
Qwen3-32B-Think 83.53 66.3 1 Topics designed for Evaluation Scenarios
Qwen3-14B Base 79.69 54.0
Qwen3-8B Base 75.72 46.0
Qwen3-4B Base 71.42 42.0
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Table 27: Discussion topics across various domains.

Category Discussion Topics
Shopping Is brand loyalty rational or emotionally
driven?

Do luxury brands create real value, or just
perceived status?

Traveling What are the pros and cons of travelling
alone?
How do travel experiences change one’s
worldview?
Table 28: Language Performance Comparison Across
. R . .
Hobbies Can a person’s hobbies reflect their per- Selected Models and Supported Benchmarks
sonality and values?
Is turning a hobby into a career a]ways a Tanguage  Mistral Ay Gemini Qwen Qwen  Claude LLaMA GPT Allowed
7B-Inst Expanse-8B 2.5-Flash 2.5-7B 2.5-14B 4.5-Sonnet 3.1-70B 5.1 Benchmarks
1 Vi English 442% 48.1% 55.6% 548% 623% 66.9% 70.6% 74.8% MMMLU, Global-
good idea? nglis T
Are creative hobbies essential for main- INCLUDE, - M3Exam,
talnlng mental health ln modern llfer) Portuguese  45.3% 47.6% 54.9% 55.9% 63.8% 66.1% 69.8% 73.5% mmm}[] \(/[‘:g)g]\\/l[
INCLUDE, M3Exam,
Belebel
Family Should pal‘ents have Control over thelr Italian 44.9% 46.8% 54.1% 54.6%  62.5% 65.4% 68.9% 72.6% Msl\;lv:IjU Global-
MMLU, MGSM,
. s . INCLUDE, M3Exam,
children’s career choices? Belebele
d 1 d f 1 1 t h Turkish 46.3% 47.9% 53.6%  538% 60.9% 64.2% 66.7%  70.8% my\MA?/I(]JU 3?;:/][
How do long-distance family relationships MMLU MM,
: 9 Belebel
affeCt emOtlonal bonds N Chinese 48.9% 51.2% 58.9% 59.6% 68.7% 71.3% 72.8% 77.4% ]\/B\/il\ifU. Global-
What responsibilities do adult children INCLUDE. AiS
. . Belebel
have towards their ageing parents? Japanese  47.8%  49.6% 574%  57.0% 652%  691%  711% 752% n;h/ih:fu Global-
, MGSM,
INCLUDE, M3Exam,
. . Belebel
School & Stlldy Should education focus on skills or knowl- Vietnamese  46.7% 48.8% 559%  56.3% 63.9%  66.5% 69.0%  72.1% MCN?Y\:IfU Global-
MMLU, MGSM,
edge? INCLUDE, M3Exam,
Belebele
1 1 Tha 46.0% 48.2% 56.3% 559% 64.1% 66.8% 69.7%  72.9% MMMLU, Global-
How has online le:.irmng cha.nged the way ai 5 % v Stobal:
students engage with education? INCLUDE, - M3kxam.
HOW can SChOOlS promote 1ifelong learn Swahili 44.1% 46.5% 528%  52.1% 58.9% 61.7% 63.8% 67.4% MMMLU, Global-
- MMLU, MGSM,
. . . INCLUDE, M3Exam,
ing attitudes in students? Belebele

Work & Meeting How should companies balance produc-
tivity with employee well-being?
Should remote work become the new stan-
dard for knowledge-based jobs?

Deep Topics How should we define success in life?
Can money truly bring happiness?
What makes a society truly fair or just?
Should students be graded on participation
or outcomes?
Can technology solve all of humanity’s
problems?
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Role

Original Content (Chinese)

English Translation

Learner

Tuator

Learner

Tutor

Learner

Tutor
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X~ IGFEEE, B RS?

BRAEVRE ANAT 0 IR TE TR, B3 kT LASE
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Professor, may I request an extension for the assignment
deadline?

Student, scholarship requires rigor; a sense of time is a
fundamental attribute of learning.

The deadline was written clearly in black and white in
the syllabus long ago; how can I allow you to bargain at
will? If everyone lacked planning and rushed at the last
minute like you, what would become of the system?
Unless you have irrefutable evidence of force majeure,
this request is rejected. You must submit on time; late
submissions will receive a zero according to regulations.
Look out for yourself!

Professor, I understand your strict requirements, and I
didn’t expect a sudden incident to delay my coursework.
My computer had issues recently, and much data wasn’t
saved properly. I am currently recovering it, but I really
need a little extra time to complete the assignment.

If possible, may I provide proof of the computer mal-
function and a progress report on the recovery for your
reference? I promise to complete the assignment in the
shortest time possible without delay.

Absurd! As the saying goes, "To do a good job, one must
first sharpen one’s tools." As a scholar, failing even basic
data backup and risk management, then using a cliché
like "computer failure" to make excuses when trouble
hits—this is a major taboo in scholarship!

Preparedness ensures success; lack of it ensures failure.
Do you think this is a child’s game?

Considering you still know to remedy the situation,
immediately send your so-called repair proof, failure
records, and current progress to my email. Remember,
I (this old man) only look at irrefutable evidence, not
tearful stories.

Do not rejoice yet. Even if the evidence is true and an
extension is granted, the death penalty is spared but pun-
ishment is inevitable. The late portion will be penalized
according to regulations. Scholarship allows for no luck;
let this be a warning bell for you! Now, go do it immedi-
ately!

Professor, I deeply understand your severe admonition,
and I feel deeply ashamed. I indeed neglected data
backup and risk management.

I will immediately send the relevant proof and progress
report to your email. I promise such errors will never
happen again. I also accept your punishment; I know I
must pay the price for my negligence.

I promise to work overtime tonight to finish the assign-
ment and submit it to you before tomorrow morning.
Please believe me, I will take this lesson to heart, elimi-
nate lazy habits, and be strict with myself.

Thank you for your teachings and tolerance, Professor. I
will not let you down.

Hmph, your attitude is somewhat correct. Since you are
willing to accept punishment and show repentance, I will
tentatively trust you this once.

"It is never too late to mend .....a moment.

Table 29: Dialogue sample: A Strict Tutor (Professor) interacting with a Learner requesting a deadline extension. The
Tutor exhibits a highly formal, authoritative persona, utilizing idioms (e.g., Better late than never, Sharp tools for good
work) and strict disciplinary threats.
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Organization  Model Size  Notes Source

Anthropic Claude Sonnet 4.5 — Strong reasoning capability  claude-sonnet-4.5-20241022

Google Gemini 2.5 Flash  — Fast and efficient model gemini-2.5-flash-20241205
Llama-3.1-70B 70B  Large-scale open model 1lama-3.1-70b-instruct-20240723

Meta Llama-3.1-8B 8B Balanced performance llama-3.1-8b-instruct-20240723
Llama-3.2-1B 1B Lightweight model 1lama-3.2-1b-instruct-20240925

Mistral Al Mistral-7B 7B Efficient reasoning mistral-7b-instruct-20230901

Alibaba Qwen-2.5-7B 7B Multilingual support qwen-2.5-7b-instruct-20240919
Qwen3-14B 14B  Enhanced reasoning qwen3-14b-20241201

Table 30: Model Selection
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Metric / Score

Description & Indicators

Part I: Qualitative Spoken Language Aspects (CEFR-based)

Range
Accuracy
Fluency
Interaction

Coherence

Reflects expression breadth and vocabulary diversity. Evaluation focuses on the ability to
extend ideas beyond simple repetition (Uchida et al., 2024).

Reflects control over grammar and lexical choice. Evaluation focuses on error patterns
and instances of self-correction (Jackson et al., 2018).

Reflects how language flows over time. Evaluation focuses on hesitation, pausing, and
repair behavior that signal processing difficulty (Felker et al., 2021).

Reflects how the learner responds to the tutor’s turns. Evaluation focuses on turn-taking,
responsiveness, and the ability to maintain the exchange (Gao and Wang, 2025).
Reflects how ideas are connected across utterances. Evaluation focuses on connectors,
information ordering, and discourse flow (Uchida et al., 2024).

Part II: Politeness Strategy Scoring (1-6 Likert Scale)

1 — Rudely Direct and Unsuitable
2 - Direct

3 — Neutral Politeness
4 - Polite
5 - Very Polite

6 — Extremely Polite and Suitable

Commands without politeness markers or mitigation (e.g., “Do this!”, “Help me now!”).
Straightforward requests with minimal politeness (e.g., “Can you help?”, “Please do
this”).

Standard polite requests typical of daily interaction (e.g., “Could you help me?”, “Would
you mind helping?”).

Good use of hedging and softeners to reduce imposition (e.g., “I wonder if you could
help?”, “Would it be possible to...”).

Multiple mitigation strategies and indirect phrasing (e.g., “I was wondering if you might
possibly help?”, “If it’s not too much trouble...”).

Highly sophisticated mitigation, deference markers, and emphasized optionality (e.g., “/
hope I'm not imposing, but I was wondering if you might possibly be able to...”).

Table 31: Evaluation Metrics and Politeness Strategy Scoring
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Table 32: List of Evaluation Scenarios, Social Variables, and Target Behaviors. (P: Power Distance, D: Social Distance).

Code Relation P/D Tutor Prompt Target Learner Behavior = Core Focus
S High Student —  High (+P) “You are a strict, elderly Use highest honorifics Honorifics &
Professor professor. The learnerisa (e.g., Korean Hapshow- Hedging
student asking for a dead- che), humble forms, and
line extension. Be formal indirect hedging strategies.
and authoritative.”
S Low Friend — Low (=P) “You are the learner’s best Use plain/casual speech  Casual Register
Childhood friend since childhood. You (e.g., Korean Banmal, VN & Slang
Friend are chatting at a cafe. Use  Tao/May), direct requests,
slang, be casual, and strictly ~ and slang.
avoid formal language.”
S _Work High Junior — High (+P) “You are the CEO of ama- Use humble forms/self- Apology &
CEO Far (+D) jor corporation. The learner  lowering language (e.g., Humble Forms
is a junior intern admitting  Japanese Kenjougo). Avoid
a critical mistake. Be pro-  direct responsibility taking
fessional, distant, and in- (It appears that...”).
timidating.”
S_Work Low  Coworker Equal (=P)  “You are a coworker hav- Use semi-formal or ca- In-group Jargon
— Close (-D) ing lunch with the learner. sual register (Slang/Jar-
Coworker You are roughly the same  gon), subject omission, and
age and rank. Gossip about  workplace-specific jargon.
office politics. Be cynical
and relaxed.”
S Fam High Junior —  High (+P) “You are the learner’s tra- Use family honorifics/re-  Filial Piety
Grandpar- Close (-D) ditional grandfather/grand-  spect markers (e.g., Swahili ~ Markers
ent mother (70+ years old). Shikamoo, VN Da/Thua).
The learner is visiting for  Intimate yet strictly adher-
a holiday. Expect tradi- ing to age hierarchy.
tional respect and proper
etiquette.”
S Fam Low Sibling —  Equal (=P)  “You are the learner’s sib-  Use extreme directness and  Directness &
Sibling Very Close ling regarding a messy imperatives. No softeners; Imperatives
(-D) room. You are annoyed. Be  potentially rude vocabulary
blunt, direct, and use imper-  (e.g., Japanese Omae).
ative sentences.”
S_Service High Concierge Low (-P) “You are a wealthy VIPcus- Use commercial/service  Service Hon-
— VIP Far (+D) tomer at a luxury hotel. The  honorifics. Extreme orifics
Guest learner is the concierge try-  politeness and specific
ing to accommodate your service-industry registers.
difficult request. Be de-
manding but polite.”
S_Service Low Customer High (+P) “You are a street food ven-  Use transactional casual Transactional
—  Street Far (+D) dor. The learner is a speech. Direct negotia- Pragmatics
Vendor customer bargaining for a  tion language that balances

lower price. Be friendly but
firm on price.”

friendliness with transac-
tional intent.
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