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Abstract
We propose JaSocial, a novel evaluation framework that leverages Japanese emails to comprehensively evaluate
large language models’ (LLMs) social intelligence across varied social-status relationships. The framework integrates
three core components. First, we construct and publicly release a meticulously human-annotated Japanese email
dataset covering six distinct social-status contexts, thereby capturing nuanced shifts in social hierarchy and politeness.
Second, we adopt Systemic Functional Linguistics (SFL)—a social-semiotic linguistic theory that explicitly models
how linguistic choices realize interpersonal relations and hierarchical distinctions—to classify email content in terms
of three perspectives: social relationships, speech functions, and honorific expressions. Based on these perspectives,
we design an automated evaluation method that assigns each LLM-generated email a contextual appropriateness
score, quantifying how well it reflects socially intelligent behavior. Third, we release the full evaluation code to ensure
reproducibility and enable fair cross-model comparisons. JaSocial exposes current LLMs’ limitations in capturing

cultural nuance, while providing an open benchmark for future research.

Keywords: Social Intelligence, Japanese Honorifics, Systemic Functional Linguistics

1. Introduction

Social intelligence, classically defined as the abil-
ity to manage interpersonal relations (Thorndike,
1920; Goleman, 1995), has been increasingly stud-
ied through computational models (Guo et al.,
2024). In this study, we examine the social intelli-
gence of large language models (LLMs) through
the lens of Japanese honorific expressions. These
are polite linguistic forms that reflect social roles
and interpersonal relationships. In Japanese com-
munication, their appropriate use depends heavily
on contextual factors such as the relative status and
roles of the speaker and listener, making them an
ideal testbed for evaluating context-aware linguistic
competence.

We frame this task using Systemic Functional
Linguistics (SFL) (Halliday, 1985; Halliday and
Matthiessen, 2014), which models language as
a stratified system of meaning shaped by social
context. For our present purpose, we distill SFL
into three strata most relevant to written business
email communication, as follows:

« Stratum 1: Social Context — In SFL, context
is organized through register variables Field,
Tenor, and Mode. In our setting, Field (busi-
ness communication) and Mode (written email)
are fixed, while Tenor varies. We operational-
ize Tenor as role relations (e.g., Subordinate
— Superior, Student — Professor), reflecting
socially conditioned choices in the context stra-
tum.

» Stratum 2: Speech Function — At the
semantic stratum, especially the interper-
sonal metafunction, discourse is modeled as
networks of choices in the speech-function
(mood) system (e.g., statement, question, of-
fer, command). We capture this by annotating
sentence-level communicative intent, such as
Apology, Inquiry, or Reminder, which realize
semantic-level selections.

+ Stratum 3: Honorific Style — At the lexi-
cogrammatical stratum, meanings from higher
levels are realized through linguistic resources.
In Japanese, honorific morphology and stylis-
tic resources realize interpersonal meanings
from Strata 1-2. We categorize these real-
izations into composite styles such as Polite,
Humble+Polite, or Honorific+Polite.

These strata form a realization hierarchy: Social
Context constrains Speech Function, which in turn
determines the appropriate Honorific Style. This
provides the foundation for our JaSocial Evalua-
tion Framework, which consists of three compo-
nents: (1) a stratally annotated dataset; (2) classi-
fiers trained to infer stratal annotations from gener-
ated texts; and (3) a scoring mechanism that com-
pares LLM-generated emails with human-written
emails at each stratum.

This framework enables interpretable evaluation
of the social intelligence of LLMs. By incorporat-
ing SFL, it not only analyzes how LLMs adapt to
Social Context, perform communicative functions,
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and select appropriate honorific styles, but also as-
signs stratum-level scores for assessing pragmatic
appropriateness (see Figure 1). Our three-layer
schema follows the SFL principle of stratification,
where meanings are realized across context, se-
mantics, and lexicogrammar. All data and code will
be publicly released upon publication at: https:
//github.com/ja-email-eval/JaSocial.

2. Related Work

Automatic evaluation for Japanese LLMs. Re-
cent years have seen active development of au-
tomatic evaluation for Japanese LLMs. A repre-
sentative effort is llm-jp-eval, which integrates mul-
tiple Japanese benchmarks and provides a uni-
fied pipeline for large-scale assessment (Han et al.,
2024)." While such suites cover general abilities,
they do not target pragmatics central to Japanese
business communication, such as sensitivity to So-
ciAL CoNTEXT (Stratum 1) and appropriateness of
HoNoRIFIC STYLE (Stratum 3).

Controlling honorifics in generation. In ma-
chine translation (MT), prior work has shown that
honorific realization can be controlled at the sur-
face level. Feely et al. (2019) annotate and condi-
tion EN—JA Neural MT outputs to control honorific
verb morphology, achieving formal style control but
not explicitly modeling role relations. More recently,
Sekizawa and Yanaka (2023) construct a Japanese
honorific conversion task conditioned on social re-
lationships, requiring structure-sensitive transfor-
mation of honorific predicates across simple and
complex sentences, and show that fine-tuned LLMs
outperform prompt-based learning in syntactic gen-
eralization.

Role dynamics, longitudinal change, and learn-
ing support. Empirical studies reveal that hon-
orific usage tracks evolving role identities. Ohashi
(2018) conduct a longitudinal study of Japanese
email communication, finding that the frequency
and type of honorifics shift with participants’ chang-
ing roles. From a pedagogical perspective, re-
search on Japanese honorific education highlights
the importance of social context and interactional
settings in learning appropriate honorific usage
(Okamoto and Shibamoto-Smith, 2016), while Ra-
hayu (2018) emphasize cultural factors as key de-
terminants of honorific choice.

Systemic Functional Linguistics (SFL) and hon-
orifics. SFL offers a stratified account of how lin-
guistic resources encode social relationships and

'The LLM-jp overview paper (LLM-jp et al., 2024) is
related but does not itself introduce this evaluation tool.

interpersonal roles. The KeiCO corpus (Liu and
Kobayashi, 2022) organizes honorific phenomena
with SFL-informed social status annotations. Com-
plementarily, Halliday (1985) shows that linguistic
choices such as formality encode interpersonal re-
lations, linking lexicogrammatical forms to social
meaning.

Gap and our contribution. Existing evaluation
toolkits emphasize general abilities; work on hon-
orific generation focuses largely on surface control
or task-specific conversion; and empirical studies
highlight the importance of social roles and cultural
factors but do not provide a direct, interpretable
evaluation scaffold for LLM outputs. We address
this gap by proposing a stratified, SFL-informed
evaluation framework that (i) operationalizes So-
cIAL CONTEXT, SPEECH FuNcTION, and HONORIFIC
STYLE on a Japanese business email dataset, (ii)
trains a classifier to infer these strata from gener-
ated texts, and (iii) scores LLM outputs at each
stratum against human references.

3. Methodology

3.1. Overview of the JaSocial Evaluation
Framework

Figure 1 presents an overview of the JaSocial Eval-
uation Framework, which evaluates the social ap-
propriateness of LLM outputs in Japanese hon-
orific email generation. Given a social situation
prompt, an LLM generates an email that is automat-
ically analyzed through three interdependent strata
grounded in Systemic Functional Linguistics (SFL).
Each stratum captures a distinct level of social, se-
mantic, and lexicogrammatical meaning. The out-
puts are compared with human-written emails, and
the resulting similarity scores are combined into a
comprehensive final score that quantifies overall
social appropriateness.

3.2. Dataset Construction and Statistics

We extend the Japanese business email dataset
(Liu et al., 2023), which originally used a flat anno-
tation schema, by adding sentence-level stratified
annotations across three strata (Social Context —
Speech Function — Honorific Style), following the
framework of SFL.

The distribution of annotated emails is shown
in Table 1, which was used to train, validate, and
test the stratal annotation classifiers that power our
evaluation framework (Section 3.3). The overall
annotation framework is summarized in Table 2.

The original dataset assigned one of eight
coarse-grained speech function labels (e.g., grati-
tude, apology, greeting) at the email level. To en-
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Social Situation: R AAMS.......
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Figure 1: JaSocial Evaluation Framework

Social Standing Role Relationship Total | Train (80%) | Val (10%) | Test (10%)
Higher to Lower Teacher — Student 200 160 20 20
Higher to Lower | Employee — Subordinate | 200 160 20 20
Lower to Higher Student — Professor 200 160 20 20
Lower to Higher Employee — Supervisor 200 160 20 20

Peer Student — Friend 200 160 20 20

Peer Employee — Colleague 200 160 20 20

| Total [ [ 1200 | 960 [ 120 [ 120 |

Table 1: Distribution of the real-email dataset used to train/validate/test the stratal annotation classifiers
(Stratum 1 splits). These splits are for classifier training only and are separate from the LLM evaluation

benchmark described in Section 3.4.

able fine-grained analysis, we re-annotated 1,200
representative emails at the sentence level. Fig-
ure 2 illustrates the framework for sentence-level
speech functions (Stratum 2). Each annotation con-
sists of Object of Exchange, Role in Conversation,
and Sender’s Action. The Sender’s Action is struc-
tured as A: B, where A is a general category (e.g.,
Statement, Question, Offer, Request) and B speci-
fies the functional meaning (e.g., Apology, Inquiry,
Reminder).

In total, the dataset contains 5,855 annotated
sentences (~4.9 per email). Sentence distributions
differ across roles (e.g., Student—Professor: 5.9
vs. Student—Friend: 4.3). Honorific style coverage
is also balanced, with Polite (61%), Humble+Polite
(31%), and Informal (7%) as the dominant cate-
gories.

A compact snapshot of the label families is given
in Table 2. Table 3 then presents a fully annotated
email example, including Social Context (Stratum
1), subject, recipient name, and sentence-level an-
notations for Speech Function and Honorific Style
(Strata 2 and 3).

Most stratal labels are surface-deterministic and
can be reliably inferred from observable linguistic
forms: honorific verb morphology (e.g., “\x/=L &

g7 vs. “L £ 397) directly signals style, role rela-
tions are given by the scenario, and many speech
functions are transparently marked by syntactic
constructions or lexical choices. To operational-
ize this, we first applied a simple rule-based script
to pre-assign labels, and then the research team
manually reviewed and corrected all annotations.
Ambiguous cases accounted for approximately 1%
of the sentences and primarily concerned the clas-
sification of fixed honorific predicate constructions
into composite style categories such as Polite and
Honorific+Polite; these were resolved through con-
sensus discussion among all native-speaker co-
authors.

Honorific Style is modeled as a single multi-
class variable with six composite categories (Infor-
mal, Polite, Honorific+Polite, Humble+Polite, Hon-
orific+Humble+Polite, Humble+Informal), which
avoids incoherent combinations such as “Hon-
orific+Informal” and ensures both robustness and
interpretability.

3.3. Classifier Design and Training

We implement a cascaded classifier system to
predict Social Context (Stratum 1), Speech Func-
tion (Stratum 2), and Honorific Style (Stratum 3)
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Figure 2: Sentence-Level Speech Function Annotation System (Stratum 2), adapted with modifications

from Liu et al. (2023).

Stratum Annotation Category | Representative Values K | Granu-
larity
Stratum 1: Social Standing Higher—Lower; Lower—Higher; Peer 3/ email
Social Context Role Relationship Teacher— Student; Student—Professor; 6 / email

Student—Friend; Employee— Supervisor/Colleague
Subordinate

Object of Exchange
Role in Conversation
Sender’s Action

Stratum 2:
Speech Function

Information; Goods & Services

Give; Receive

Apology; Inquiry; Request; Reminder; Notification;
Greeting; Gratitude; Suggestion; Explanation; Re-
fusal; Proposal; Question:Requesting Help

2 / sentence
2 / sentence
12/sentence

Stratum 3:

tU Honorific Style
Honorific Style

Informal; Polite; Honorific+Polite; Humble+Polite;
Honorific+Humble+Polite; Humble+Informal

6 / sentence

Table 2: Consolidated summary of annotation categories across Strata 1-3, including representative

values, cardinalities (K), and annotation granularity.

from LLM-generated emails. Each classifier is fine-
tuned independently using Japanese BERT (c/-
tohoku/bert-base-japanese-v2?), with outputs from
higher strata used as auxiliary features for lower
ones. An overview of the inputs and targets across
strata is summarized in Table 2.

3.4. Evaluation Protocol and
Situation-Level Analysis

We evaluate LLM generations on 480 case out-
puts (16 models x 30 situations across six role
relationships). All models were evaluated with iden-
tical prompt templates across the 30 social situ-
ations, without model-specific tuning, to ensure
comparability. For each situation, one email is
generated per model and compared against five
human-written references crafted under the same
situation, yielding per-reference similarities that are
averaged into the final score. Evaluation uses the
annotation-based scoring protocol introduced in
Section 3.4. Given a social situation prompt, we
compare each generated email against multiple
human-written emails crafted for the same situa-
tion. Each sentence or email is annotated with six
labels across three strata: Social Standing, Role

2Pre-trained Japanese BERT model provided by
the Tohoku NLP Lab: https://huggingface.co/
tohoku-nlp/bert-base-japanese-v2

Relationship, Object of Exchange, Role in Conver-
sation, Sender’s Action, and Honorific Style. These
annotations are represented as category-wise vec-
tors, predicted by trained classifiers introduced in
Section 3.3.

To compute the final score, we first concatenate
the annotation vectors from all three strata—Social
Context (Stratum 1), Speech Function (Stratum 2),
and Honorific Style (Stratum 3)—into a single inte-
grated representation v3[". This representation is
then compared against human-written counterparts
v;‘ﬁf" constructed under the same social situation.
The final score is defined as the average cosine sim-
ilarity between the generated and human-written

vectors:

N
Final Score = % > cos (vgﬁ”, v:,f) (1)
i=1
where N denotes the number of human-written
emails available under the same situation. This
computation jointly considers all annotation types
across the three strata, capturing their interdepen-
dence and providing a holistic measure of social
appropriateness.

We adopt cosine similarity over concatenated an-
notation vectors, rather than computing per-metric
accuracy, because each generated email is com-
pared against multiple human-written references
that often differ in detail but are equally acceptable.
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Item Content

Social Situation You forgot the details of the homework assigned today at school. Moreover, the
submission deadline is tomorrow. Consider what kind of email you should send to

your friend in order to receive the homework details promptly.

Stratum 1: Social
Context

Sender’s social standing = Peer
Receiver’s social standing = Peer
Sender’s role relationship = Student
Receiver’s role relationship = Friend

In/Out relationship = Internal
Number of senders = Individual
Number of receivers = Individual

Subject Homework, Help!!!

Recipient's Name | A-san

Email Body (Sentence-Level) and Annotations

Sentence 1 Sorry!

Annotation: [Stratum 2: Object of Exchange = Information; Role in Conversation = Give;
Sender’s Action = Statement:Apology; Stratum 3 = Informal]

Sentence 2

Regarding today’s homework, I’'m sorry, but could you please tell me again?
Annotation: [Stratum 2: Object of Exchange = Goods and Services; Role in Conversation =
Receive; Sender’s Action = Request:Requesting Help; Stratum 3 = Informal]

Sentence 3 Really, I'm sorry!!!

Annotation: [Stratum 2: Object of Exchange = Information; Role in Conversation = Give;
Sender’s Action = Statement:Apology; Stratum 3 = Informal]

Sentence 4 I need your help.

Annotation: [Stratum 2: Object of Exchange = Goods and Services; Role in Conversation =
Receive; Sender’s Action = Request:Requesting Help; Stratum 3 = Informal]

Table 3: A Complete Annotated Email Example with Sentence-Level Stratal Annotations (originally in

Japanese, shown as a representative data example)

A strict accuracy measure would assume a single
gold label per stratum, penalizing legitimate alter-
natives in honorific style or speech function. By
contrast, our vector-based similarity provides a soft
matching mechanism that accommodates natural
variation while still capturing socio-pragmatic ap-
propriateness, since our goal is not classification
but to use classifier outputs as structured features
for evaluating generated texts.

Beyond overall model-level scores, we conduct a
situation-level analysis across all 30 scenarios (five
situations for each of the six role relationships de-
fined in Table 2). Two robust patterns emerge. First,
upward-facing contexts (e.g., Student — Professor,
Employee — Supervisor) are consistently easier
across models, with many scores approaching or
exceeding 0.90, reflecting clearer socio-pragmatic
constraints and stable honorific usage. Second,
peer-level and downward-facing contexts (e.g., Stu-
dent — Friend, Employee — Subordinate) are sub-
stantially harder and more variable; some models
drop to 0.40-0.50 in certain situations due to over-
formality or awkward informality. Even within a fixed
role relationship, some situations are systematically
more difficult (e.g., directive vs. informative styles
under Teacher — Student).

4. Experiments

We evaluated the cascaded stratal classifiers with
an 80/10/10 email-level split, ensuring no sen-
tence overlap across sets. All models were ini-
tialized from cl-tohoku/bert-base-japanese-v2 and
fine-tuned with AdamW (Loshchilov and Hutter,
2019) (Ir=2 x 1075, batch size 16) and early stop-
ping. Across strata, classifiers achieved high relia-
bility (>94% accuracy on average): near-perfect for
Social Context (role relations), ~95% for Speech
Function, and ~97% for Honorific Style. Frequent
categories such as Apology and Greeting were pre-
dicted stably, while rare functions (e.g., Reminder)
remained less reliable due to class imbalance.
Table 4 lists the evaluated models, including both
Japanese-tuned and multilingual LLMs. The results
highlight strengths such as consistent honorific us-
age in specialized models, and weaknesses in ex-
pressing functions like Gratitude or Apology.

5. Results and Analysis

5.1. Stratum-Level Performance Analysis

Figure 3 presents model performance across six
annotation strata: Social Standing, Role Relation-
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Model Name Developer Language
[M-LLaMA] Meta-Llama-3.1-8B-Instruct Meta (2024) Multilingual
[Swallow] Llama-3.1-Swallow-8B-Instruct-v0.3 Fujii et al. (2024); Okazaki et al. (2024) | Japanese
[ELYZA] Llama-3-ELYZA-JP-8B Hirakawa et al. (2024) Japanese
[Youko] llama-3-youko-8b-instruct Chen et al.; Sawada et al. (2024) Japanese
[JP-1.8B] lim-jp-3-1.8b-instruct3 National Institute of Informatics (2024a) | Japanese
[JP-3.7B] lim-jp-3-3.7b-instruct3 National Institute of Informatics (2024c) | Japanese
[JP-7.2B] lim-jp-3-7.2b-instruct3 National Institute of Informatics (2024c) | Japanese
[JP-13B] lim-jp-3-13b-instruct3 National Institute of Informatics (2024b) | Japanese
[Qwen-2] Qwen-2-7B-Instruct Yang et al. (2024) Multilingual
[Qwen-2.5] Qwen-2.5-7B-Instruct Team (2024) Multilingual
[GPT-3.5] chatgpt-gpt-3.5-turbo Brown et al. (2020) Multilingual
[GPT-40-mini] chatgpt-gpt-40-mini OpenAl (2024b) Multilingual
[GPT-40] chatgpt-gpt-40 OpenAl (2024c) Multilingual
[GPT-4.5] chatgpt-gpt-4.5-preview OpenAl (2024a) Multilingual
[Fugaku] Fugaku-LLM-13B-instruct RIKEN and Research System (2023) Japanese
[Rakuten] RakutenAl-7B-instruct Rakuten Group, Inc. et al. (2024) Japanese

Table 4: List of evaluated LLMs and their language capabilities. Model abbreviations in square brackets

are used consistently across all figures in this paper.

ship, Object of Exchange, Role in Conversation,
Sender’s Action, and Honorific Style. Results re-
veal substantial variation across models and strata.

Object of Exchange and Role in Conversa-
tion achieved uniformly high scores (mean >
0.94, std < 0.06), suggesting these communica-
tive roles are more easily captured by LLMs. In
contrast, socio-pragmatic strata—especially So-
cial Standing, Role Relationship, and Honorific
Style—exhibited larger variance, indicating greater
modeling difficulty.

Among these, Role Relationship was the most
unstable (std up to 0.446), with some models fail-
ing entirely (score = 0) in certain prompts. So-
cial Standing also posed significant challenges;
for example, Meta-Llama-3.1-8B performed poorly
(mean = 0.4809), sometimes responding in English
despite being evaluated on Japanese prompts. We
also quantified English contamination. English con-
tamination varied across models: Meta-Llama-3.1-
8B produced English tokens in 100% of generations
(avg. 70% characters), while GPT-40, Qwen-2, and
Swallow showed 0% contamination. Other models
ranged between 3—-20%.

Interestingly, most models overproduced highly
formal expressions, even in informal situations.
This leads to inflated scores in upward-facing con-
texts (e.g., student — professor), but poor perfor-
mance in peer-level settings. From an SFL per-
spective, this pattern reflects a breakdown in the
realization hierarchy: models capture lexicogram-
matical forms of honorifics but fail to condition these
choices on contextual variables such as role or so-
cial standing. In other words, they have memorized
honorific morphology but not the contextual con-
straints governing register shift. This mirrors the
human linguistic phenomenon of overgeneraliza-
tion, but here it arises because contextual strata

are not explicitly represented in training.

In fact, four of the five lowest-scoring situations
involved student — friend interactions (e.g., apolo-
gizing for canceling a study session, mean = 0.660,
SD = 0.363), primarily due to excessive use of hon-
orifics. Conversely, upward-facing situations such
as student — professor consistently ranked among
the highest (e.g., thanking a professor for thesis
guidance, mean = 0.907, SD = 0.199).

Sender’s Action, which includes fine-grained
functions like Request: Requesting Help or State-
ment: Greeting, yielded moderate yet discrimina-
tive scores. GPT-based models generally outper-
formed others (mean > 0.83), suggesting stronger
handling of pragmatic intent.

Honorific Style showed clear model-dependent
gaps. Japanese-specialized models such as
Llama-3-ELYZA-JP-8B achieved strong perfor-
mance (mean = 0.8881), while general-purpose
models like Meta-Llama-3.1-8B underperformed
(mean = 0.518). This confirms the effectiveness of
language-specific tuning.

These results can also be interpreted through the
lens of SFL. Consistent with SFLs realization hier-
archy, we observe that LLMs handle semantic-level
communicative functions (Stratum 2: Speech Func-
tion) relatively well, but often fail to align higher-level
Social Context (Stratum 1) with lower-level realiza-
tions in Honorific Style (Stratum 3). For instance,
peer-level prompts such as Student — Friend fre-
quently elicit overly formal styles, indicating a break-
down between strata. This demonstrates how the
SFL perspective provides explanatory power for
the observed mismatches across strata.

In addition to the annotated strata, we observed
stylistic mismatches not captured by the tag system,
for example LIlaMA-based models frequently gen-
erated Western-influenced phrases such as “Dear
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Figure 3: Box plots of LLM performance across six annotation categories. ¢ denotes the standard
deviation of model scores across the 30 social situations, indicating how variable model behavior is within
each annotation stratum.Each box shows the score distribution of a model, spanning the middle 50% of
values. Median and mean are shown as a black line and white square, respectively. Whiskers and dots

represent non-outliers and outliers.

friend” or “Best,” directly translated into Japanese,
which reflects pretraining data bias and highlights
that while basic communicative roles are tractable,
strata involving social inference and cultural norms
remain more challenging.

5.2. Final Score Rankings

To assess overall social appropriateness, we com-
pute the Final Score of each model based on its
email generation across 30 situations, covering
six role relationships (e.g., Student — Friend, Em-

ployee — Supervisor) and five situations per rela-
tionship. For each situation, the generated email
is compared to multiple human-written references,
and tag-based similarity is calculated across all an-
notated dimensions. Final scores reflect alignment
with human-like socio-pragmatic behavior and are
averaged per model and role category.

Figure 4 shows that Japanese-adapted mod-
els—GPT-4.5-preview (0.859), GPT-40-mini
(0.857), and ELYZA-JP-8B (0.839)—achieve
the highest scores. Swallow-8B (0.835) also
performs consistently well, highlighting the value
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Figure 4: Comparison of model performance across different role relationships. Left: bar plot showing
overall average score per model. Right: heatmap showing average performance by role relationship

category. Abbreviated model names are used.

of in-language and culturally aligned tuning. In
contrast, Meta-Llama-3.1-8B obtains the lowest
score (0.681), often failing to adapt honorific tone
and formality.

To illustrate role-specific performance, Figure 4
(right) presents a heatmap of scores averaged over
five situations within each role type. Two key pat-
terns emerge: (1) Formal situations (e.g., Stu-
dent — Professor, Employee — Supervisor) yield
higher scores, suggesting that models handle ex-
pected formality more effectively; (2) Informal or
lateral roles (e.g., Student — Friend) pose greater
challenges, often leading to excessive use of hon-
orifics and style mismatches. The top-tier models
at this time, such as GPT-40-mini and Swallow-8B
maintain robust performance across all role types,
while others—like JP-1.8B and Qwen-2.5—exhibit
greater variability. For example, thanking a profes-
sor achieved a high mean score of 0.907, while
apologizing to a friend for canceling a study ses-
sion dropped to 0.660, illustrating the gap between
structured hierarchical contexts and casual peer
interactions.

Beyond these average trends, we also consid-
ered the upper and lower bounds of performance.
For the lower bound, we used mismatched role-
pairings that contrasted social standing. Repre-
sentative examples include: (i) Peer vs. Upward
(Student — Friend vs. Student — Professor), (ii)
Downward vs. Upward (Employee — Subordinate
vs. Employee — Supervisor), and (iii) Higher vs.
Lower (Teacher — Student vs. Student — Profes-
sor). All six pairings produced substantially lower
scores than true matches, providing a robust lower-
bound baseline.

5.3. Representative Situation Rankings

To further highlight where models succeed and fail,
we examined the best- and worst-performing com-

municative situations. Formal hierarchical contexts,
such as Student — Professor (thanking a professor
for thesis guidance, mean ~0.91) and Employee —
Supervisor (informing a supervisor that requested
documents are ready, ~0.92), achieved the high-
est scores. By contrast, informal peer-level con-
texts were consistently more difficult, with situations
like Student — Friend (canceling a study meeting,
~0.66; asking a friend for homework details, ~0.70)
yielding the lowest scores. This confirms that LLMs
align well with structured norms but struggle with
register in casual or ambiguous contexts. Peer-
level situations remain most difficult, often leading
to over-formality. Viewed from the SFL framework,
this pattern reflects a partial failure of strata align-
ment: while models capture Social Relationship
and Speech Function in formal contexts, they fre-
quently misrealize the Honorific Style in informal
ones.

6. Conclusion

We present the JaSocial Evaluation Framework,
a stratified benchmark for assessing the social in-
telligence of LLMs in Japanese honorific email gen-
eration. Built on Systemic Functional Linguistics, it
evaluates outputs across three annotation strata:
Social Context, Speech Function, and Honorific
Style. Evaluating 16 LLMs on 30 role-based sit-
uations, we find that while models handle basic
communicative roles well, they often overuse hon-
orifics in casual contexts and struggle with strata
requiring social inference. From an SFL perspec-
tive, this reflects a disruption in the realization hi-
erarchy: lexicogrammatical forms are reproduced,
but the conditioning by social context is weak. The
framework thus highlights both the limits of current
LLMs and the importance of explicitly modeling
context—form relations in future work.
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Appendix

A. Training Details and Optimization
Formulas

A.1. Overall Training Configuration

Our pipeline employs a three-stage cascading su-
pervised training procedure, with the following con-
sistent hyperparameters across all strata:

« Learning rate = 2 x 107°
» Batch size = 16
» Epochs = 5 per stage

All three strata use the AdamW optimizer without
additional learning rate schedulers. Each stage
independently saves the best model based on vali-
dation accuracy.

A.2. Stratum 1: Social Context
Classification

Each email is preprocessed by concatenating
its components (social context, subject, recipi-
ent, and body) with special markers (e.g., [CLS]
and [SEP]). The resulting text is fed into the pre-
trained Japanese BERT model (cl-tohoku/bert-
base-japanese-v2), a 12-layer Transformer en-
coder with hidden dimension 768, 12 attention
heads, and a vocabulary size of 32,000.

The final representation from the [CLS] token is
used for predicting two labels: overall social rela-
tionship and specific role relationship. The com-
bined loss is defined as:

L=« Lsocial + (]- - O[) . LTOl67 (2)
with hyperparameter a = 0.5.

A.3. Stratum 2: Speech Function
Classification

The representations for email context (E,,.q;), tar-
get sentence (Fs.n:), and the predicted social and
role labels from Stratum 1 (P,ociar, Prote) are con-
catenated:

F= [Email; Esent; Psocials Prole]a (3)

producing a high-dimensional feature vector. A
non-linear transformation is then applied:

H = tanh(Wy - F + by), (4)

followed by multi-label classification layers for func-
tional roles, including Object of Exchange, role in
conversation, and sender’s action.

A.4. Stratum 3: Honorific Style
Classification

Stratum 3 similarly uses a dual-encoder architec-
ture. The email and sentence-level representations
are combined with predictions from Stratum 2 (item,
Role in Conversation, sender’s action):

F= [Email; Egent; Pobj§ Prote; Paction}v (5)
and passed through a non-linear transformation:
H = tanh(W}, - F + by,), (6)

before classifying the honorific style of each sen-
tence.

A.5. Inference Procedure

During inference, each input email is tokenized and
processed through the three annotation strata in se-
quence. First, the email-level classifiers (Stratum 1)
predict the Social Standing and Role Relation-
ship. Then, sentence-level classifiers (Stratum 2)
predict Object of Exchange, Role in Conversa-
tion, and Sender’s Action, conditioned on Stra-
tum 1 outputs. Finally, honorific styles (Stratum 3)
are predicted using both sentence-level features
and Stratum 2 predictions. The outputs are struc-
tured in JSON format for downstream evaluation
and analysis.

All configurations and model architectures were
selected based on extensive preliminary experi-
ments to ensure stable training and optimal perfor-
mance.

B. Annotation Mappings Used in
Training

This section provides the annotation mappings
used to train all components of the JaSocial Eval-
uation Framework. Tables 5, 6, and 7 present the
correspondence between original Japanese anno-
tation terms and their standardized English labels
across the three annotation strata.

The following tables define the internal ID map-
pings used for classifier training across the anno-
tation strata. Each category—Object of Exchange,
Role in Conversation, Sender’s Action, and hon-
orific style—is assigned a unique integer ID to en-
able supervised classification. These mappings
are consistent with the English annotation terms
defined earlier and are used throughout the training
and evaluation pipeline.
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Category Japanese English
HE Higher

Social Standing HT Lower
[F)%E Peer
FE - KA Student — Friend
4 — #ir Student — Professor

o HWH -5t Teacher — Student

Role Relationship e E — AR Employee — Colleague
fE3¥E — LAl Employee — Supervisor
EEE — ST Employee — Subordinate

Table 5: Annotation mappings for Stratum 1: Social Context

Japanese Label English Label

B/ DT —E A Information / Goods and Services
523 1RK5 Give / Receive

LIRS Offer: Proposal

TR Request: Requesting Help
FERAER Request: Reminder

B AR Question: Requesting Help
HE:fWEb Question: Inquiry

Bk 570 S Statement: Notification

S B Statement: Gratitude

VU SISESE) Statement: Greeting

[V Sa e Statement: Suggestion
Rt I Y Statement: Refusal

Rt 3 BH Statement: Explanation
[SaNE el Statement: Apology

Table 6: Annotation mappings for Stratum 2: Speech Function

Role in Conversation ID

Give 0
Receive 1

Table 9: Mapping for Role in Conversation (Stratum
2).

C. Evaluation Implementation Details

Our evaluation framework quantifies the social ap-
propriateness of LLM outputs using a vector-based
similarity approach. Evaluation is performed across
six annotation categories, aligned with the three-
stratum structure of our annotation scheme.

C.1. Probabilistic Annotation Vectors

Each model-generated email is parsed to extract
annotations in the following six categories:

« Stratum 1: Social Standing, Role Relationship

+ Stratum 2: Object of Exchange, Role in Con-
versation, Sender’s Action

+ Stratum 3: Honorific Style

For each category, the classifier outputs a prob-
ability distribution over all possible labels, repre-
sented as a softmax-based vector v¥*" ¢ R
Human-written emails are annotated with discrete
tags and represented as one-hot vectors v'ei.

C.2. Final Score Computation

To compute similarity for a given category z, we
take the average cosine similarity between the
model vector and all N references written under
the same situation:

N
. 1
Sim,, = i Z cos (vge", V;efi) (7)
i=1

For the comprehensive evaluation, we concate-
nate the vectors from all six categories:

gen

Vi = [Vss,VRR,VOE, VRC,VsA,VHS] (8)

Similarly, for each reference i, we compute v,
The final score is defined as the average cosine
similarity between the model’s comprehensive vec-
tor and each reference’s comprehensive vector:

all > Vall

N
: _ 1 gen _ ref;
Final Score = N ;:1 cos (v v ) (9)
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Japanese Honorific Style English Label
127 =7 Informal
TEGE Polite

PR + T ESEE
AMaRaH + T
ERGEE + GlERAD + T 8AE
R s A>T =70

Honorific + Polite

Humble + Polite

Honorific + Humble + Polite
Humble + Informal

Table 7: Annotation mappings for Stratum 3: honorific style

Object of Exchange  ID

Goods and Services 0
Information 1

Table 8: Mapping for Object of Exchange (Stratum
2).

©ONOOAWN=Og

Sender’s Action (English Label)
Offer: Proposal

Request: Requesting Help
Request: Reminder
Question: Requesting Help
Question: Inquiry
Statement: Notification
Statement: Gratitude
Statement: Greeting
Statement: Suggestion
Statement: Refusal
Statement: Explanation
Statement: Apology

—_
- O

Table 10: Mapping for Sender’s Action (Stratum 2),
based on Japanese annotation schema.

C.3. Score Aggregation and Ranking

We evaluate each model across all social situations
and report:

* Model-level scores: average similarity across
all situations.

» Role-wise scores: average performance for
each Role Relationship (e.g., Student — Pro-
fessor).

 Stratum-wise scores: average performance
per annotation category (e.g., highest on
Sender’s Action).

« Situation difficulty: average model scores
per situation, used to rank evaluation difficulty.

D. Detailed Ranking of Social
Situations

D.1. Top and Bottom Performing

Situations

To better understand model performance across
different communicative contexts, we ranked all

]

Honorific Style

Informal

Polite

Honorific + Polite

Honorific + Humble + Polite
Humble + Informal

Humble + Polite

a b wWN-—=O

Table 11: Mapping for Honorific Style annotations
(Stratum 3).

social situations by their average similarity scores.
Tables 12 and 13 show the top five and bottom five
situations based on mean performance across all
models.

Situations involving formal hierarchical relation-
ships (e.g., Student — Professor, Employee — Su-
pervisor) tend to achieve higher scores, suggest-
ing that LLMs are more consistent when handling
structured and expectation-driven interactions. In
contrast, informal peer situations (e.g., Student —
Friend) show lower and more variable performance,
indicating difficulty in generating pragmatically ap-
propriate responses in casual or ambiguous con-
texts.

D.2. Per-Situation Final Score Trends

To investigate model behavior in finer detail, we ana-
lyzed the final score distributions for each individual
social situation across all 30 scenarios spanning
six role relationships. Figures 5 through 10 show
heatmaps of model scores per situation, revealing
nuanced patterns within each relationship type.

Overall, upward-facing situations (e.g., Stu-
dent - Professor, Employee — Supervisor) exhib-
ited strong and stable performance across models.
Most models achieved scores above 0.90 in these
formal contexts (e.g., Situation 7 in Student — Pro-
fessor, where 13 out of 16 models scored higher
than 0.93). These cases are typically associated
with consistent honorific usage and clearer socio-
pragmatic constraints, which are easier for LLMs
to model reliably.

In contrast, peer-level or downward-facing sit-
uations (e.g., Student — Friend, Employee — Sub-
ordinate) showed much wider variation and lower
scores. For example, in Situation 7 under Student
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Role Rela-

tionship

Social Situation (JP)

Social Situation (EN) Mean| SD

Employee —
Supervisor
JEDABREARIY A —1 2z FH 0T
723\,

S IZ A7 TR L E~NTE
Tz ricu L NBX

You have been assigned to transfer | 0.937 | 0.096
to the Kawasaki Branch as of Novem-
ber 7. Please write a greeting email
to Section Chief A at the Kawasaki

Branch.

Student
Professor

5
EHTTF. AL REOENT— 2D
HYAHIICIFEER ZD S\ zn

WL 23,

SR T AR — 7L DK

DT, ZOICETD A —LzHE

You are the representative of a dance | 0.936 | 0.084
club. You would like to receive some
guidance and feedback from Pro-
fessor A, who is in charge of the
dance course at the same univer-
sity. Please write a greeting email
to the professor before making your

request.

Student
Professor

SR TEZIT > THE Y .
FEEZ Mg 2 L% d ) X7
. BIROEKRZF>TWET.
TE LIRS ERME M ERZ

VT3,

AR L. W@ ICifse& e T T
XZEHICHREMRT A— L aE

You are conducting a research exper-| 0.925 | 0.153
iment and need to use the laboratory,
but are currently waiting for the pro-
fessor’'s approval. Please write an
email to politely urge the professor
to approve your request as soon as
possible, so that you can complete

your research on time.

Employee
Supervisor

-

HoN TV ERZERIE XL

PN EF. COFICEHLT. AT A
ICHISE S 2 —LZHE WL
Wy,

H%7z1E LAl THBHAS AR

7zo ABAICHERL TH B ) REDs

You have completed the documents | 0.916 | 0.158
that your supervisor, Mr./Ms. A, had
requested. You need Mr./Ms. A to
review them. Please write an email

to inform Mr./Ms. A about this matter.

Student
Professor

SRR EEL EoICHEIRIC
MERZFEB . HREEZL0H
MAETRNAAZTE2ZTINEL

-

FIoERS ¢, @OFilizE £ L
7= BRI O A — L BHNT
3w,

e IS, SR dm LR

You asked your professor for advice | 0.907 | 0.199
while writing your thesis, and the pro-
fessor gave you a lot of helpful guid-
ance. As a result, you successfully
completed your thesis and received
a high evaluation. Please write an
email to express your gratitude to the

professor.

Table 12: Top 5 Highest Scoring Social Situations. The table shows the average similarity score (Mean)
and standard deviation (SD) across all evaluated LLMs. Each score is computed based on the model-
generated email in response to a given social situation prompt.

— Friend, scores dropped to 0.404 (GPT-3.5) and
0.496 (JP-7.2B), highlighting the difficulty of manag-
ing informal tone and socially appropriate requests.
Such situations demand more nuanced control of
register and cultural appropriateness, which many
general-purpose models fail to handle, often de-
faulting to overly formal or awkwardly casual lan-
guage.

Even within the same role relationship, some sit-
uations were consistently more difficult than others.
Under Teacher — Student, Situations 8 and 9 pro-
duced markedly lower scores for several models
(e.g., Swallow, ELYZA, Youko), suggesting poten-
tial confusion between directive and informative
styles, or challenges in expressing gratitude in a
downward hierarchy.

These per-situation analyses reinforce our ear-
lier findings: while modern LLMs are increasingly

capable of handling structured, formal interactions,
they continue to struggle with informality, interper-
sonal nuance, and socio-cultural variation. The six
situation-level heatmaps are shown in the following
figures:

E. Examples of LLM-Generated
Emails

The following examples of LLM-generated emails
are taken from the highest and lowest scoring social
situations identified in Section D.1. These samples
demonstrate how model behavior varies across dif-
ferent social contexts, particularly between formal
hierarchical exchanges and informal peer interac-
tions. Each example contains the full output gen-
erated by the LLM, which may include prompts or
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Role Rela-

tionship

Social Situation (JP)

Social Situation (EN) Mean| SD

Student -

Friend

HEIZSUESE W L% o % 3k
LHEDTTH . KEDPAS A
2. HHAAZERZHL TL
NTWXHThHhT. TATHW
VWOTH h—2THIEEL TN
ZX9MRT A—LZTENTILRES
VY,

Tomorrow, your class will discuss | 0.621 | 0.257
what to present at the school festi-
val. If no one offers ideas, write an
email encouraging your friend A to

propose at least one idea.

Student
Friend

PSR ANAL G % T 5T
TL b HEPEGIWTENT
LEWELRA. WEZRIEICLT
LW EWI BHUD A — L =H
WL E3 N,

-

You had planned a study session | 0.660 | 0.363
with your friend A, but you got too
tired after club activities. Write an
email to apologize and cancel the

meeting.

Student
Friend

SRIIISHERTHEI N1
HoNFzENTLEFWEL .
Zo L. ZomEENIELIZIIAH &
oTWEd, 22T, EDXD
A=l ZENT. KAPSEL
BHEHONEZEGEL T NEE
2703\,

-

You forgot the homework assigned | 0.701 | 0.287
at school today, and it is due tomor-
row. Write an email that will prompt
your friend to quickly reply with the

assignment details.

Student
Friend

FEOEHBTZIIRNASI A ST
o TW/=L R—hZS5HDHR
TRLTsoZTNTLEVEL
2o COZETEHIRT S AL TR
FNTL RSN,

-

You forgot to submit the report you | 0.713 | 0.289
were keeping for your friend A dur-
ing today’s lecture. Write an email to

apologize for this.

SHERIITEE~NE E L. B FEA
ICEH TN HERICH AT 7=
ZEEDTHHENKS X ICHER
LEL-
FICHBEHICK->TLERT—
TIEESNTWERA., STFIC
F—FIZoVWTHEHWEDbLEL S
Y,

Employee -
Subordinate

L>LBWHT— 7 e

You are on a business trip. Before | 0.716 | 0.271
leaving, you asked your subordinate
to compile and send you data needed
during the trip. The deadline is to-
morrow, but the data has not arrived.

Write an email inquiring about it.

Table 13: Bottom 5 Lowest Scoring Social Situations. The table shows the average similarity score
(Mean) and standard deviation (SD) across all evaluated LLMs. Each score is computed based on the
model-generated email in response to a given social situation prompt.

extra formatting. For evaluation, only the actual
email body was extracted. When a model output
included multiple email candidates, we selected the
first one for analysis.

Note: All examples are presented in their origi-
nal Japanese form. Given the nuance of honorifics
and social expressions in Japanese, we refrain from
translation to preserve fidelity and ensure consis-
tency with the evaluation setting.

Social Situation: & 7% 7=1311 A7 H 7 T J1 ik =
JEANMEIT 2 2 eica ) L N ZE0AR
BB A -1 zFHnT e,

chatgpt-gpt-3.5-turbo-situation-1:

& g G~ Biifjoo Ty sudt: )Iig %5
AR EAR

AR I
BMEICcTE-sTEY 9. .. OO (3%
Al IXTTA7H TG L EN R 42 2 &1
T ELE AREZAD LT 2B LZEDE

iciz. ShesdxsLIBMuHL EFx
R
FHzEL THEZL JTRECT RV, A% W
rE. ORERHLTEY 29, JIliERETY
—MEHEMETCIIVETHT, £HF &
L L BRAWEL FIFEd.

i SRS CHEEF I WELES . B
JURICBRIS BWERITNEFEWTT.
FlEfeE ., CIREE CHFEEZHY 29X
ALK BEWEEL FIF X,

WUE

OO (H%4mN)

chatgpt-gpt-4.5-preview-situation;

SR B TR MHT7E)

AGRE
BiEfct-sTEY £9. o=, 11H7H
fFehigZIEIcE 42 212k £L =00
EHL T,
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Role Relationship: Student - Professor
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Figure 5: Per-situation model performance for the Student — Professor role relationship.

Role Relationship: Employee — Supervisor
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Figure 8: Per-situation model performance for the Employee — Supervisor role relationship.

NG ZIE~NOBE XD TTH D . AMENL
CEIELK CHBREENITT AL AN E
B an, ~HTLRCEHZHML . L
DEEICTTEEHIMATENY X9,

SEEDMTIHE, JHEENIZF & XA L <
zmm$biwi¢

WHTHERIC CIRIFICHlbE TWEREE X
T, FFIEA—LICTITRIYHL X x 9.

QO (b =o &)

chatgpt-gpt-4o-situation-1:

% Eilfo> TR
AGRFAR
BitEHIC &

L%d.
ol MTATHA TG ZE~NHEE4 25 2 &

(5B N ET. OOHNOO L H

ERNFELSE. CNETH > TELREBRZED
L. ILWIRIRTOLEMTE 2 X HBHTEn
nEd.

NG ZTETOEBIIIOTTTIVETD
T. 250 ELIEs M ERVWETH. ([XRTIE
W OWEDIZ e XA LS BV L FIF X9,

BAWTELHZELAICLTEY 29, &
LA LLBEVWEL £

aflH

OOH OO (KD 7L +—L1)  (bil:
DG
chatgpt-gpt-4o0-mini-situation-1:
& SISO RE D TS

AFREFE

BHEFICK > TEY £, OO0 (bA/l0H
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Role Relationship: Employee — Colleague
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Figure 9: Per-situation model performance for the Employee — Colleague role relationship.

Role Relationship: Employee - Subordinate
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Figure 10: Per-situation model performance for the Employee — Subordinate role relationship.
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Zov. 1TA7TH TR TEN R4 5 Z
e ELE, ILWEREBETOERICALD
S ETH ARERZIICLD. B XEDORE
HeHIcRETE a2 R LAICLTEY £
9.
BHMEY LV E BV ETH
DIFEEALLIBHEVEHL FIFET.
WY E RN E3h. SREDEHDF &
2L < BHWEL £7.

e

OO (I &) OO (Ibui=DFfELp
=) 00 (b -oiEd)

] 7y = 8

Fugaku-LLM-13B-instruct-situation-1:
PIMiE. A—roNazHifldsfERTd. %

Rz T A — L ZEX LI N,
ﬁ%(AéA\Aﬁ¢E>
T3,

e S =131 A7H M TS E~#E) &
L2k L B ZEDAGRE AR
;=L =BT R,

JEE: A NIESZTE~ D& RS

BEL LAHRE

CoE. 1TA7TH XY IIEZIEICE WL
Lz, [B&EAI] cHLET. £H9FX5LK<E
VW= L £9.
HHoF—Licmb ) . Bk e —EICElT 3
CEEHLAICLTEY £9. NMEHIEICITE
o LW AM D> TWa EBWwWTEsY . JF
BEBPITTEZ8dbeneBnETn. £
JITHY MOFrETY.
D E R0 3 % 06 b
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AR ENES
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EIBIpn =L EF. MR A R L
WELFEEIX. BRL LS BFREIN,
EFIIHETO IR E T,
XA L BEOWEL ET. [BE%T]

Llama-3-ELYZA-JP-8B-situation-1:
LI, NiEZTEOAREANRTY 2 — L o fl T
‘j—

tE&: NMH7H M THIE SN Ty

AGRE: Ff

Bﬁ%ﬁl:?&‘«;?i& N%9,

ZoE. NMHTHMNTIIEZE~NHE$2 2 &
2% EL72. BIRoOBENIT. LKk b TR
TEMPTTAEIEEFEL F0s. ABREZIILD
LIEDERRIC SR CHIEZ ) Thrs L €S
ICHEEL W e EZTHEY £9.

AT HIETEIIE W EEWEZ = iEn
Loo. EXIEDFERHICHEBNT L. £717T
I MELmfETd. AREICIZ. JiFE D
. X5 LS BHVEL EFET.

JNGZETE2WTELHZHLAICLTE
N ET,

COET. IRICHIhED TIVFEL

W H

llama-3-youko-8b-instruct-situation-1:

tF&: SR L SROEIRICOWT

AR

CoE. NMATHMTT TR SZIENE#) & 7% D
FL7/. [B&ETY.

PIRTE[BEO T E LN TEH L TE Y L1
. SO Rt coEREERYELE. &
SHEWELZ rhsh W ET . KE—E
HIChiAZFTOT. MR ES LS BVGEHEL E
FET.

oo HMICHOETEL L. WO T THRIFIC
{9 FETEY £9. ZoORRICIZ. BRI %t
HEHNECAT Y a— Lt &% THIASI BTN
PonZEFECTEY £9.

|7, THRE - CHHEZE ) X9 & 0 B
BLEFET,

HUE [ %]

PI b &5 Zcmns. NigZIEDARE~DIR
% A= & LTt e v X3,

Llama-3.1-Swallow-8B-Instruct-v0.3-situation-
1:

R o 5] MA7H &0 ISSEE% & % h
ESc)
AR

ELOXL T [PRIDAR]TT.

MHA7H &Y O IESIEICEE %) L7z,

INEToMEMEE» L. A S FEHIC
HIATE 2 KO M— M8 TEW ) X9,

£ kA LLIBHVWWEL X7

lim-jp-3-1.8b-instruct3-situation-1:

PIMZ. Y A7 ZHHT 2ERTT. ZERZH
o= EzE& 4230,

TBR: 1311 A7H TG 25~ Ml 5
Z2klchn L. NIBREDATE AR
F— L ZENTL RN,

JEE: % NIBSZIE~ DR 5 TRy

AGRE

FEHTETETIHEROZIELBEHUHL
FFEg. FRIIBWO ZEEZEHY . ELA
WL FIFET,

GIRD THAE L A TIZI S I W E T
BETZoRE. 11A7HMIC TNEZIEN B 2
TR ELE, CRETCHE
FRICBEWT., 2L DN vIc ZTRE & CTHffEZ W
RELXVEHEBEL FIFET. Fim BER
oD ITHKIEE SO BT T BEICTR
ZHETTAHIEDTEELEC 2. TR
LTEN X9,

HLWRIETOERIT. RHUoHndy LW
Thi. CNETOMREZEEL L. BUIRESD
Wizl e TRELTWEREWEE2T
BYET. SR EbLOSRITRE Y ClifilER
BinE3 ko, BHVWHL EIFET.

EFIE. BELrSET T Y 5 TITHEGH L
FiFxT.

=

[ =D L] [ 7% 1= 0 EE 2] QA& s

lim-jp-3-3.7b-instruct3-situation-1:

PITMZ. Yy A7 73T 25 RTT. ZERZH
o= EzE& 4230,

TBr: 1311 A7H T 5~ Ml &
Z2rIlch N EL. B RIEDARRE R
;=L ZENTL RN,

I LT XD iRy A =L zEL 2 & T
xE7.

% 5 oo TR (1R 1 AGRERAE)

A OOEFLOOHMOOHGHAOOEH L £7.
WOy BMEEICh s TEY 9. o AE
TRV E3H. 1MH7HAT. OOXIENS
NG ENEE &) LT, THEHL
FFxg. OFRM. KEBHMIFICLYHY hrk
STV LA, JIZETIE. chEchlh
ICTHAR Y 90T, SkedD XA L KB
LEDT. BIELWEZBRRNAD £3h. =
WHED XA LITFE. OB ZIEICHL W
ERE. BRI TWERETELESENT
F. M VELES. &) PEHEL L JH
W PEIVER, {XRES L BEVEHL I
e

OFOHOH OOHFOOHOOH OO OO

lim-jp-3-7.2b-instruct3-situation-1:

PIMid. 927 2@l 5451 C9. ERZIHE
Yici=dItEzEE LIV,
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8 a3 11A7H TG TE~®d) 5
2282k ELE. B RIEDATRE AR
F— L BENTL AN,

IBE: LRI A D FHEDOAFEDONER
BRCTEABRZEZONEEERTSHZLITT
TEHA, —BOLHELT. DTk %k
WA=l oLHZMNAT S 2 LInJgETT. 3
El2INTL I,

— fF 4 MTATH T TORE o TR A5

ARERE WO REBHE ICK > TEY 7.
oy, RETIIZIVWE T 1TH7HAN
THENIFT L N FLA. BTN L
JEenn 9. ChEcliFEVWERE . Ay
ICH N eI T3V EL . NIEZIEN Sk
. THIFICIHZ A X9 B—IETILTEW Y
¥9d. SHEBEITEALLIBEHVEHL FIT
E9. KELH»S. AR T £ IR
ZEMYLTEN 9.

(FK#) —

lim-jp-3-13b-instruct3-situation-1:

PITE. Y A7 Z3HHT 24 RTT. BERZIH
VNCw =9 mE=ZE 030,

o a3 11A7H TGS TE~fd) 5
2282t EL-. NIBRIEDABE AR
A= TENWTL I,

& 4T TS (AL Y]

AR

> E LT, FITOHOHFIFTHE AL,
SEENILTEVWY ELEAILHLEST., 20
FE XN L TENOFENC . SRS+ Tw
PR EAEL TS EL A
ChETCHERAGICTHEHFRLTEY 2L
. SRIINEZIEICTES X & —/MIcsE
TELIEZREFELCBWE T, U1 TIx S
SVETH. BF—MBHTIW) EFoT, &
D2 LA LBV L ET.

R TCIITIVWETH. FFIT A —LICTE
L=l ET. e EHIF XA L LBV
L EFET,

Meta-Llama-3.1-8B-Instruct-situation-1:

system: You are a pirate chatbot who always re-

sponds in pirate speak! user: &7 7=1311H7H AT
TR ZIE~NBEIT 5 2 Licn ) 2L NG
LIEDAFEANIRIT A — L ZE LTIV, &
O 2% EZTEOAGBREREN. XOH 2%
2 EDAGREREN. Shnod k3 L < B
LET. XBLLIBMWL XT. TEn. =i
TEWEAPIVWEEEZICT > TWETh.
9% TTHRLLEI W, XALLIBHVL X
T REr BETHWEARIWEEEZIC
ToTWETh, &IZ TTESES V. X
HLLSBHWLE £9. b FHETEWES
MEVWEBHEZICL>TWETNY., &H%. Z
THELSREIW, XBLLKBHWLET. ¥
. FHETEWEAREVWEEE2ICT 5> TV

FFm. &% TTHELREIV, kB LKL
BEWL T, b, wETEVWH LWV
EBHEZICT STWETE., o2, ZT%L
23wV, XALLKBEWL ET, ¥, Rmik
THEWEANEWEEHEZICT > TWWETh.
E9F . TTERLLREI W, XALLIBHWLE
T, HEn. JiiETHE

Qwen-2-7B-Instruct-situation-1:

2 PR RO NG ENDFEHIC S\
<

. ABLE

BitLwi, FoMilic oW T ITHETHL
Frxd. FRoGaEd a0 GEc.
NETCEHEOLEBLICHEL TB I L -
e MATHICHIEZEDAGEN & Hii3 2 2 &
N FELE

oM. Fox vy rEEEHEL. B
FhiREp e OB L ONEREL AT Y T T
Y. e >sTRELESLELZIDREES
ZTWET, JIIEZETOH L WIRBLCHIC
MYl &T. &0 —T8D AX L EHIHBT B
X, F—LoO—HELTHEBMTES XD /IL
7.

Mo EEC. SR kHIchH/iTa
L. fTyBEABRICEEEICREIV. X
= AsEZIEIC R L =FRIcix. nEL
F— N CEHRIEREZ L2212 L ENWTT,

FEHY., CoFLuvF vy A=EKRRICHE
HL. e ickiE L. £ RWERZEA
BTz sii-TEY £7.

L£ALLKBWL £7.

Qwen-2.5-7B-Instruct-situation-1:

PITiE. NMA7HICIEZE~NE L . AZREIC
RIS 57200 A =L ofilTtd

e HAE B xx &0 NIHBZIEAGEA
EifElc >\

AGRE FF
COBEIINOBESED NG L IEAGE %0 . K
EHEICEWET, KALLSEBHVERL ETFE

R

FOIHF xxe®H L £9., £F10HIC At
L. EHEIBICAHTEL T EL=m. SRI13NI
FIEARD —H & L TEEI S Qw2 eI
TN ELE ILWRIRTOAY =R X
T h o TIRE CHERESIZ & MR XS L
CBWHL FIFET.

LB EH LS L KBHWEL FIFET,

L

HHeE  xx

202311 H7H

1976



	Introduction
	Related Work
	Methodology
	Overview of the JaSocial Evaluation Framework
	Dataset Construction and Statistics
	Classifier Design and Training
	Evaluation Protocol and Situation-Level Analysis

	Experiments
	Results and Analysis
	Stratum-Level Performance Analysis
	Final Score Rankings
	Representative Situation Rankings

	Conclusion
	Training Details and Optimization Formulas
	Overall Training Configuration
	Stratum 1: Social Context Classification
	Stratum 2: Speech Function Classification
	Stratum 3: Honorific Style Classification
	Inference Procedure

	Annotation Mappings Used in Training
	Evaluation Implementation Details
	Probabilistic Annotation Vectors
	Final Score Computation
	Score Aggregation and Ranking

	Detailed Ranking of Social Situations
	Top and Bottom Performing Situations
	Per-Situation Final Score Trends

	Examples of LLM-Generated Emails

