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Abstract001

Large language models (LLMs) trained for gen-002
eral next-token prediction often fail to gener-003
ate responses that reflect how specific individ-004
uals communicate. Progress on personalized005
alignment is further limited by the difficulty006
of collecting real-world personal communica-007
tion data due to privacy constraints. We pro-008
pose Your Next Token Prediction (YNTP), a009
task that formulates personalized response gen-010
eration as token-level prediction conditioned011
on user interaction history. We introduce012
YNTP-100, a benchmark built from multi-013
lingual multi-day human–agent conversations014
with 100 people, enabling systematic evalua-015
tion of user-specific response behavior. We016
evaluate external (parameter-preserving) and017
internal (parameter-updating) alignment meth-018
ods using metrics of substance similarity and019
stylistic consistency. The dataset and results are020
publicly available at: https://github.com/021
AnonymousHub4Submissions/YNTP100.022

1 Introduction023

Large language models (LLMs) are trained to op-024

timize next-token prediction, yet they often fail to025

generate responses that reflect how a specific in-026

dividual communicates in everyday settings such027

as emails or social messages. While recent work028

on personalized alignment aims to adapt LLMs029

to individual users, existing formulations do not030

adequately model how people respond during inter-031

personal communication.032

Most existing personalization benchmarks, in-033

cluding LaMP/LongLaMP (Salemi et al., 2023; Ku-034

mar et al., 2024), P-SOUPS (Jang et al., 2023), and035

PRISM (Kirk et al., 2024), conceptualize personal-036

ization primarily as task-level customization, where037

models adapt surface properties such as writing038

style or content selection (e.g., title generation or039

abstract writing). This framing abstracts away the040

sequential and interactive nature of real-world com-041

munication—such as replying to emails or social042

media messages—where responses are shaped by 043

an individual’s habitual tone and communicative 044

stance over time. As a result, current benchmarks 045

are limited in evaluating whether models can gen- 046

erate responses in the way a specific person would. 047

Enabling such personalized response generation 048

faces two key challenges: (1) authentic SNS or 049

email histories are difficult to obtain due to privacy 050

and ethical constraints, and (2) most existing bench- 051

marks are English-centric, limiting their generality 052

across languages and cultures. 053

To address these challenges, we propose Your 054

Next-Token Prediction (YNTP), a new task that for- 055

mulates personalized alignment as a fine-grained 056

prediction problem: given a conversational context, 057

the objective is to predict how an individual user 058

would respond. YNTP-100 is constructed from 059

multilingual human–agent conversations involving 060

100 participants, with over 30 users each in En- 061

glish, Japanese, and Chinese. Participants engage 062

in five-day dialogue sessions with LLM-driven non- 063

player characters (NPCs) in a controlled interaction 064

environment designed to elicit natural daily com- 065

munication. 066

The NPCs are psychologically grounded and 067

follow structured finite-state machines (FSMs). 068

This design enables targeted yet natural explo- 069

ration of user traits, such as extraversion or intu- 070

ition, while maintaining consistency across inter- 071

actions. By observing users across multiple days 072

and conversational contexts, the goal of YNTP is 073

to capture each individual’s internal response pat- 074

terns,including linguistic choices, emotional ten- 075

dencies, and decision-making behavior, as they 076

evolve over time. The benchmark task is to predict 077

a user’s response on the final day given their pre- 078

ceding interaction history, providing a testbed for 079

evaluating a model’s ability to capture continuity, 080

adaptation, and personal consistency. 081

We evaluate both external (parameter- 082

preserving) and internal (parameter-updating) 083
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alignment methods on YNTP, establishing the first084

quantitative baseline for personalized response085

generation under this task. For evaluation, rather086

than adopting the general alignment paradigm of087

3H (Helpful, Harmless, Honest), we introduce088

a 2S principle that characterizes personalized089

responses along two essential dimensions: Sub-090

stance (what to say) and Style (how to say it).091

Overall, YNTP represents a step toward the092

“last mile” of alignment, moving LLMs from093

generic communicators toward more consistent094

and user-aligned interaction behavior.095

2 Related Work096

2.1 Personalized Alignment Datasets097

The most widely used personalized benchmarks098

are the LaMP family (Salemi et al., 2023), which099

unify multiple personalization tasks such as title100

generation and email rewriting conditioned on user101

histories. LongLaMP (Kumar et al., 2024) extends102

this framework to long-form generation, includ-103

ing reviews and blog posts. These benchmarks104

standardize evaluation and emphasize the role of105

retrieval and user history, but primarily model how106

users adapt content rather than how they engage107

in interpersonal communication. Beyond LaMP, P-108

SOUPS (Jang et al., 2023) and PRISM (Kirk et al.,109

2024) explore personalization across multiple do-110

mains and dialogue settings using user profiles or111

stylistic metadata. Recent datasets such as Person-112

alLLM (Zollo et al., 2024) and PERSONA (Castri-113

cato et al., 2024) further investigate explicit user114

representations for persona-consistent generation.115

Overall, these datasets focus on modeling user-116

specific writing styles and behavioral patterns in117

task-oriented settings.118

Another line of work studies alignment through119

preference signals rather than explicit user identi-120

ties. Datasets such as FLASK (Ye et al., 2023b),121

REGEN (Sayana et al., 2025), ALOE (Wu et al.,122

2024), and PREFEVAL (Zhao et al., 2025) collect123

human or model feedback to guide alignment, of-124

ten in the context of RLHF or related paradigms.125

While effective for improving general alignment126

quality, these datasets target population-level pref-127

erences rather than personalized response model-128

ing. A summary of these datasets is provided in129

Appendix A (Table 4).130

2.2 Personalized Alignment Methods 131

Existing approaches can be broadly catego- 132

rized into two paradigms: external (parameter- 133

preserving) and internal (parameter-updating). 134

External alignment methods keep the LLM 135

frozen and incorporate user information at infer- 136

ence time. Prompt-based approaches inject user his- 137

tories or summaries directly into the input (Chris- 138

takopoulou et al., 2023; Richardson et al., 2023; 139

Tang et al., 2024). Retrieval-augmented generation 140

(RAG) extends this idea by retrieving user-specific 141

documents or prior interactions as in-context ex- 142

amples (Salemi et al., 2023), sometimes with op- 143

timized retrieval strategies (Salemi et al., 2024). 144

Other approaches represent users through embed- 145

dings or structured profiles for persona-conditioned 146

inference (Liu et al., 2024). More recent techniques 147

steer decoding or latent activations to reflect user 148

traits, enabling scalable personalization without 149

retraining or direct access to private data. 150

Internal alignment methods directly adapt 151

model parameters to capture user-specific behavior. 152

Parameter-efficient fine-tuning (PEFT) techniques, 153

such as LoRA and prefix-tuning (Hu et al., 2022; 154

Fine-tuning), update a small subset of weights to 155

reduce computational cost. Personalized RLHF (P- 156

RLHF) (Li et al., 2024) further aligns models using 157

user-level feedback, enabling fine-grained personal- 158

ization at the expense of additional data collection. 159

In a complementary direction, Aligner (Ji et al., 160

2024) applies a post-hoc alignment module that 161

rewrites an initial model output to improve consis- 162

tency with user-specific linguistic and stylistic pat- 163

terns, without modifying the underlying model pa- 164

rameters. Recent inference-stage variants, includ- 165

ing PAD (Chen et al., 2024) and CHAMELEON 166

(Nguyen et al., 2025), steer token probabilities or 167

latent activations using personalized rewards, offer- 168

ing lightweight yet effective adaptation. 169

3 YNTP-100 Benchmark 170

3.1 Task Formulation 171

We define YNTP) as a personalized response gen- 172

eration task: given an incoming message x, the 173

objective is to predict how a specific user u would 174

respond at the token level. 175

Let yu = (yu1 , . . . , y
u
m) denote the response writ- 176

ten by user u. The model generates a personalized 177

response ŷu conditioned on the input message and 178

user context Uu, which consists of optional profile 179

2



information pu and interaction history Hu:180

Uu = (pu, Hu).181

The user-conditioned generation objective follows182

an autoregressive formulation:183

Pθ(ŷ
u | x,Uu) =

m∏
t=1

Pθ(ŷ
u
t | ŷu<t, x, U

u),184

where θ denotes model parameters. Compared to185

standard next-token prediction, YNTP explicitly186

conditions generation on user-specific context, en-187

abling evaluation of personalized response behav-188

ior.189

Learning Objective. Given a dataset of user-190

specific dialogue instances191

D = {(xi, yui , Uu
i )}Ni=1,192

models are trained to minimize the token-level neg-193

ative log-likelihood:194

min
θ

−E(x,yu,Uu)∼D

 |yu|∑
t=1

logPθ(y
u
t | yu<t, x, U

u)

 .195

This objective evaluates whether a model can repro-196

duce user-specific token distributions rather than197

generic responses.198

3.2 Human–Agent Dialogue System199

To construct the YNTP-100 benchmark, we col-200

lect multi-day conversational data using an LLM-201

driven human–agent dialogue system. Users in-202

teract with multiple non-player characters (NPCs)203

in a shared conversational environment, produc-204

ing paired message–response data (x, yu) together205

with contextual metadata Uu.206

Dialogue progression is governed by a207

lightweight finite-state machine (FSM) that208

structures interaction flow across multiple days. As209

illustrated in Figure 1, each FSM state corresponds210

to a predefined conversational query posed by an211

NPC. For example, in State (Query) 1, the NPC212

asks an open-ended question (e.g., about how the213

user would use a large sum of money). If the user’s214

response is incomplete or seeks clarification, the215

FSM’s transfer function keeps the dialogue in216

the current state and triggers a follow-up prompt.217

Once the response satisfies basic relevance or218

sufficiency criteria, the dialogue transitions to State219

(Query) 2, where a different NPC poses a related220

Figure 1: FSM-based control flow of the LLM-driven
multi-NPC dialogue system. Each state corresponds to
a predefined conversational query. User responses are
evaluated by a lightweight check function that deter-
mines whether to transition to the next state or remain
in the current one.

but more specific question. This mechanism allows 221

the system to elicit comparable responses under 222

controlled conditions while preserving natural, 223

multi-turn conversational flow. 224

Figure 2 illustrates the dialogue interface used 225

during data collection. The interface presents a 226

shared-house environment and a status panel that 227

visualize ongoing user–NPC interactions across 228

multiple dialogue threads. Its purpose is to facil- 229

itate consistent and engaging interaction during 230

multi-day sessions, rather than to impose specific 231

behavioral constraints. 232

To introduce structured variation in dialogue 233

prompts, FSM states are annotated with coarse- 234

grained personality-related labels inspired by the 235

MBTI (Myers–Briggs Type Indicator) taxonomy. 236

These labels are used solely as an interpretable 237

scheme for organizing queries and ensuring cover- 238

age of diverse conversational situations. They do 239

not assume psychological validity, fixed user traits, 240

or explicit personality classification. FSM transi- 241

tions depend only on response relevance or suffi- 242

ciency, ensuring consistent data collection across 243

users. 244

3.3 Data Collection and Benchmark 245

Construction 246

Each interaction yields a dialogue instance (x, yu), 247

where x denotes the NPC’s message and yu the 248

response from user u, annotated with metadata in- 249
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Figure 2: Dialogue interface used for data collection.
The shared-house environment and status panel visu-
alize user–NPC interactions across multiple dialogue
threads and days.

cluding the day index, NPC identity, and FSM state.250

All conversations are stored in a structured JSON251

format as ordered message–response pairs.252

For benchmark construction, we use interactions253

from the first four days (training data) of each user254

to model user-specific behavior, and reserve the255

fifth day (test data) for evaluation. During testing,256

models generate responses to fifth-day messages,257

which are compared against the corresponding user258

responses to assess personalized alignment.259

The benchmark comprises three multilingual260

datasets collected under identical protocols: 34261

English users, 33 Chinese users, and 33 Japanese262

users. This design supports evaluation across lan-263

guages while controlling for interaction structure264

and data availability. Further details of participant265

procedures, recruitment, compensation, and data266

consent are provided in Appendix B.267

4 EXPERIMENTS SETUP268

We evaluated based on the colloected 100 users269

dataset to evaluate various personlized alignment270

methonds and LLMs effectiveness.271

4.1 Baseline Methods272

We compare representative strategies for personal-273

ized alignment, covering both external (parameter-274

preserving) and internal (parameter-updating)275

alignment methods:276

Prompt Engineering (Zero-shot) (Radford277

et al., 2019) conditions generation on a brief user 278

description (e.g., profile cues) without providing 279

any historical examples, serving as a minimal per- 280

sonalization baseline. 281

Prompt Engineering (Few-shot) (Brown et al., 282

2020) augments the prompt with demonstration 283

pairs from the user’s prior interactions, enabling 284

the model to ground its generation in user-specific 285

patterns observed from past responses. 286

Chain-of-Thought (CoT) (Wei et al., 2022) en- 287

courages the model to perform explicit intermedi- 288

ate reasoning before producing the final response, 289

providing a reasoning-based prompting baseline 290

for personalized generation. 291

Fine-Tuning: SFT/ PEFT (LoRA) (Ouyang 292

et al., 2022; Hu et al., 2022) evaluates parameter- 293

updating personalization under two practical set- 294

tings. For closed-source models (e.g., GPT-style 295

APIs), we apply SFT when full-model fine-tuning 296

is supported. For open-source models (e.g., Llama 297

and Qwen families), we apply PEFT (LoRA), 298

which updates a small set of low-rank adapters 299

using user-specific data. 300

Direct Preference Optimization (DPO) 301

(Rafailov et al., 2023) trains models to prefer 302

personalized outputs over generic ones using a 303

preference-based objective defined over pairs of 304

candidate responses. 305

Aligner (Ji et al., 2024) applies a post-hoc align- 306

ment module that rewrites an initial model output 307

to improve consistency with user-specific linguistic 308

and stylistic patterns. 309

For reproducibility, the exact prompts and hyper- 310

parameters used for each method are reported in 311

Appendix E. 312

4.2 Language Models 313

We evaluate both closed-source and open-source 314

language models. Closed-source Models include 315

gpt-3.5-turbo (Ye et al., 2023a), gpt-4o-mini (Hurst 316

et al., 2024), gemini-2.5-flash (Comanici et al., 317

2025), and claude-sonnet-4-0 (Koyun and Taskent, 318

2025), which offer strong instruction-following 319

and reasoning performance. Open-source Mod- 320

els include DeepSeek-R1-Distill-Qwen-14B (Guo 321

et al., 2025), Qwen3-14B (Yang et al., 2025), and 322

Llama-3.1-8B-Instruct (Grattafiori et al., 2024). 323

For Japanese-specific evaluation, we additionally 324

include Llama-3-ELYZA-JP-8B (Hirakawa et al., 325

2024). 326
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Table 1: Evaluation metrics for personalized response
generation.

Group & Met-
rics

Description

Substance

M1: Word
Mover’s Dis-
tance

Measures semantic dissimilarity be-
tween predicted and reference responses
using the minimal transport distance be-
tween word embeddings. Lower values
indicate closer semantic alignment.

M2: Sentence
Similarity

Cosine similarity between sentence em-
beddings capturing overall semantic
closeness at the sentence level.

M3: BLEU
(Content Simi-
larity)

n-gram precision with a brevity penalty
evaluating surface-level content overlap.

Style

M4: Normal-
ized Length
Similarity

Ratio of the shorter to the longer
response length, measuring verbosity
alignment.

M5: Type–
Token Ratio
(TTR)

Lexical richness measured as the propor-
tion of unique tokens in the response.

M6: History
Similarity

Embedding-based similarity between
the generated response and the user’s
historical responses.

4.3 Evaluation Metrics327

Unlike the 3H principle used in general alignment,328

for the YNTP task we propose a 2S Principle,329

which characterizes personalized response gener-330

ation along two essential dimensions: Substance331

(what to say) and Style (how to say). This princi-332

ple reflects the core requirement of personalized333

alignment: a model should generate responses that334

are semantically appropriate to the input message335

while expressing them in a manner consistent with336

how a specific user typically communicates.337

In practice, each dimension can be measured us-338

ing a variety of metrics. In this paper, we select339

three representative metrics for each dimension.340

The complete set of six metrics used in our evalu-341

ation is summarized in Table 1. Detailed formula-342

tions of each metric are provided in Appendix C.343

5 Results and Analysis344

5.1 Overall Analysis345

Under each alignment method–LLM model, we346

evaluate personalized alignment separately for all347

100 users and compute metric scores at the indi-348

vidual level. We then aggregate the results by av-349

eraging across users within each language group.350

The original (unnormalized) scores are reported in351

Table 5 in Appendix D.352

To enable fair comparison across different met- 353

rics, we apply z-score normalization (detail in Ap- 354

pendix D.) to each metric. The normalized results 355

for M1–M6 are summarized in Table 2, where 356

each cell reports the corresponding z-score. All 357

scores are macro-averaged over participants within 358

each language group (English: 33, Chinese: 34, 359

Japanese: 33). The key findings based on these 360

normalized results are discussed below. 361

Advanced alignment methods generally out- 362

perform zero-shot baselines across all linguistic 363

contexts. As evidenced by the data in Table 2, while 364

Prompt Eng. (zero-shot) serves as a functional 365

baseline, it consistently yields negative z-scores in 366

critical metrics such as BLEU (M3) and Length 367

Similarity (M4) across Chinese and Japanese. In 368

contrast, methods such as Chain-of-Thought (CoT) 369

and Fine-tuning shift the performance distribution 370

significantly into the positive range, indicating that 371

explicit reasoning steps and task-specific optimiza- 372

tion are essential for achieving above-average per- 373

sona consistency and linguistic quality. 374

Few-shot prompting provides a substantial 375

performance boost over zero-shot, particularly in 376

cross-lingual substance and style matching. The 377

transition from zero-shot to Prompt Eng. (few- 378

shot) results in a marked increase in M3 (BLEU) 379

scores; for instance, Gemini-2.5-flash improves 380

from −1.188 to an orange-highlighted 1.557 in En- 381

glish. This suggests that providing even a small 382

number of context-rich examples allows models to 383

better capture the “Substance” (M1–M3) required 384

for accurate cross-lingual persona emulation, effec- 385

tively anchoring the model’s output to the desired 386

target distribution. 387

Chain-of-Thought (CoT) serves as the most ro- 388

bust method for maintaining high-quality reason- 389

ing and history similarity in East Asian languages. 390

In the Chinese and Japanese sections, CoT consis- 391

tently secures top-three rankings across multiple 392

metrics. Specifically, Gemini-2.5-flash and Claude- 393

sonnet-4-0 achieve their highest Japanese M3 and 394

M4 scores under this configuration. This finding 395

implies that the intermediate reasoning steps inher- 396

ent in CoT are vital for navigating the syntactic 397

and cultural complexities of Chinese and Japanese, 398

leading to superior “Style” (M4–M6) scores. 399

Fine-tuning emerges as the superior method for 400

optimizing structural metrics and linguistic di- 401

versity. In the Japanese dataset, Fine-tuning dom- 402

inates the M4 (Length Similarity) and M5 (TTR) 403

metrics, with Llama-3-ELYZA-JP-8B and Gpt-3.5- 404
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Table 2: Z-score normalized results across three languages: macro-averaged scores over 33 English users, 34
Chinese users, and 33 Japanese users. Each value represents the z-score: (value - mean) / standard deviation for
each metric column. For M1–M6, the bigger values indicate better performance. Best values , second-best , and
third-best are highlighted based on original rankings.

Method Base Model English (33 users) Chinese (34 users) Japanese (33 users)

M1 M2 M3 M4 M5 M6 M1 M2 M3 M4 M5 M6 M1 M2 M3 M4 M5 M6

Prompt Eng.
(zero-shot)

Gpt-3.5-
turbo

0.303 0.627 -0.127 -0.048 0.329 0.473 -0.713 -0.577 -0.359 -0.267 -0.015 -1.389 -1.904 -1.046 -0.866 -0.350 -0.208 -1.881

Gpt-4o-
mini

0.306 0.597 -0.449 -0.576 0.051 0.029 0.562 0.212 -0.446 -0.406 0.085 0.366 0.551 -0.457 -0.315 -0.433 -0.064 0.103

Gemini-
2.5-flash

0.289 0.085 -1.188 -1.181 -0.767 0.389 -0.052 -0.645 -1.003 -1.238 -0.923 -0.248 0.254 -0.984 -1.029 -1.234 -0.975 -0.570

Claude-
sonnet-4-0

0.367 -0.232 -1.300 -1.267 -0.431 0.632 -0.726 -1.005 -1.011 -1.094 -0.556 -0.774 -0.275 -1.052 -0.999 -0.994 -0.388 -0.656

DeepSeek-
R1-Distill-
Qwen-14B

0.394 -0.181 -1.147 -1.420 -1.123 1.348 -0.898 -0.858 -0.910 -1.370 -1.043 -1.026 -3.705 -1.267 -1.334 -1.501 -1.176 -1.821

Qwen3-
14B

0.313 0.095 -1.143 -1.142 -0.858 0.231 0.405 -0.603 -0.811 -1.029 -0.558 0.020 0.402 -0.977 -0.954 -1.098 -1.006 -0.591

Llama-3.1-
8B-Instruct

0.339 0.173 -0.831 -1.055 -1.170 0.289 -0.268 -0.778 -0.772 -0.946 -1.305 -0.604 -0.934 -1.248 -0.944 -0.921 -1.395 -1.296

Llama-3-
ELYZA-JP-
8B

-0.266 -0.795 -0.679 -0.178 0.211 -1.286 -2.836 -2.521 -1.173 -0.997 -1.300 -3.043 -1.062 -1.151 -0.735 -0.542 -0.656 -1.329

Prompt Eng.
(few-shot)

Gpt-3.5-
turbo

0.244 0.766 0.462 0.190 0.506 0.849 0.642 0.648 0.539 0.206 0.409 0.570 0.552 0.561 0.134 0.266 0.377 0.382

Gpt-4o-
mini

0.261 0.972 0.263 0.118 0.510 0.426 0.789 0.711 -0.037 0.135 0.479 0.515 0.804 0.646 1.004 0.166 0.387 0.610

Gemini-
2.5-flash

0.007 0.390 1.557 1.446 0.910 0.174 0.732 0.793 1.487 1.261 0.946 0.810 0.757 1.198 1.486 1.382 1.045 1.071

Claude-
sonnet-4-0

0.275 0.705 0.730 0.421 0.471 0.551 1.010 0.797 1.298 0.723 0.750 0.786 0.852 1.093 1.670 1.013 0.860 0.992

DeepSeek-
R1-Distill-
Qwen-14B

0.361 -3.705 -1.467 -1.733 -2.162 0.245 -0.949 -1.168 -1.185 -1.560 -1.762 -1.108 -0.393 -1.686 -1.271 -1.631 -1.973 -1.858

Qwen3-
14B

0.270 0.801 1.246 0.696 0.507 0.447 0.712 0.725 0.884 0.617 0.618 0.588 0.651 0.680 0.393 0.716 0.552 0.635

Llama-3.1-
8B-Instruct

0.074 -0.384 -0.941 -1.055 -2.726 1.141 0.174 -0.821 -0.803 -0.843 -1.949 -0.256 -0.220 -1.069 -1.031 -0.798 -1.847 -1.003

Llama-3-
ELYZA-JP-
8B

-0.064 0.020 1.521 1.029 0.775 -0.006 0.031 0.663 0.404 0.795 0.582 0.465 -0.134 0.688 0.036 0.924 0.711 0.415

Chain-of-
Thought

Gpt-3.5-
turbo

0.235 0.635 0.415 0.913 0.812 0.584 0.775 0.947 1.281 1.169 0.892 0.831 0.512 1.057 0.507 0.959 0.869 0.891

Gpt-4o-
mini

0.275 0.840 0.798 0.636 0.615 0.483 0.872 0.944 0.659 0.739 0.752 0.765 0.779 1.107 1.219 0.884 0.792 1.034

Gemini-
2.5-flash

0.026 0.497 1.106 1.290 0.862 0.170 0.797 0.889 1.970 1.364 1.032 0.819 0.810 1.157 2.011 1.353 1.034 1.106

Claude-
sonnet-4-0

0.207 0.782 1.069 1.157 0.720 0.608 0.945 0.822 1.320 1.192 0.898 0.822 0.830 1.198 1.747 1.199 1.016 1.153

DeepSeek-
R1-Distill-
Qwen-14B

0.170 0.467 0.179 0.508 0.534 0.290 0.967 0.833 1.238 0.871 0.708 0.748 0.430 0.411 0.234 0.423 0.458 0.398

Qwen3-
14B

-0.116 0.091 0.979 1.254 0.942 -0.076 0.020 0.601 -0.169 1.061 1.048 0.412 -0.143 0.213 -0.356 0.166 -0.372 0.122

Fine-tuning

Gpt-3.5-
turbo

-0.222 -0.443 0.846 1.262 0.897 -0.312 0.389 0.803 0.693 1.397 1.042 0.710 0.243 1.223 0.214 1.492 1.587 1.158

Gpt-4o-
mini

0.031 -0.040 2.648 1.497 0.700 0.957 0.653 0.923 1.948 1.578 1.002 0.809 0.403 1.257 1.421 1.505 1.272 1.212

Qwen3-
14B

-0.155 -0.252 1.267 0.910 0.736 0.185 0.450 0.783 1.113 1.086 0.838 0.647 0.436 0.876 0.473 0.827 0.798 0.878

Llama-3.1-
8B-Instruct

-0.163 -1.160 -0.406 0.830 0.790 -0.870 -0.373 0.447 -0.540 0.583 0.836 0.348 -0.078 0.987 -0.414 1.003 1.239 0.939

Llama-3-
ELYZA-JP-
8B

0.033 -0.492 1.241 1.519 0.634 0.979 0.409 0.880 0.688 1.399 0.925 0.826 0.376 1.280 1.064 1.618 1.319 1.302

DPO
Qwen3-
14B

0.309 0.081 -0.908 -1.173 -0.884 0.306 0.326 -0.735 -0.891 -1.081 -0.592 -0.096 0.536 -1.055 -0.966 -1.093 -0.934 -0.612

Llama-3.1-
8B-Instruct

0.385 -0.021 -1.064 -1.221 -1.030 0.488 0.480 -0.374 -0.715 -0.771 -0.688 0.092 0.504 -0.941 -0.853 -0.840 -1.174 -0.542

Llama-3-
ELYZA-JP-
8B

-6.454 -3.970 -0.650 -0.256 0.981 -3.387 -2.265 -2.672 -1.263 -1.065 -1.511 -2.637 0.095 -0.954 -0.808 -0.839 -0.866 -0.963

Aligner
Qwen3-
14B

0.276 -1.561 -1.423 -1.622 -2.532 -3.494 -2.387 -1.460 -1.208 -1.475 -1.963 -1.645 -2.502 -1.406 -1.320 -1.412 -1.753 -1.784

Llama-3.1-
8B-Instruct

0.225 0.078 -1.488 -1.622 -2.722 -1.216 -1.791 -1.201 -1.204 -1.507 -2.612 -1.354 -1.310 -1.343 -1.308 -1.474 -2.363 -1.441

Llama-3-
ELYZA-JP-
8B

-0.850 -0.639 -0.565 -0.589 -0.195 -2.647 -2.722 -2.464 -1.272 -1.159 -1.408 -2.669 -2.593 -1.554 -1.120 -1.128 -0.902 -1.859
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Figure 3: Normalized performance scores across English, Chinese, and Japanese users. The X-axis represents
Substance metrics (M1: Word Mover’s Distance, M2: Sentence Similarity, M3: BLEU); the Y -axis represents
Style metrics (M4: Normalized Length Similarity, M5: Type-Token Ratio, M6: History Similarity). Colored
circles denote automatically generated performance clusters.

turbo achieving several “Best” and “Second-best”405

highlights. The high M5 scores (e.g., 1.587 for406

Gpt-3.5-turbo) indicate that fine-tuned models pro-407

duce more varied and sophisticated vocabulary408

compared to prompt-based methods, which often409

fall into repetitive patterns or overly standardized410

language.411

DPO and Aligner methods show inconsis-412

tent results, often struggling with stylistic con-413

sistency. While DPO helps specific models like414

Llama-3.1-8B-Instruct achieve a second-best En-415

glish M1 score (0.385), the Aligner method shows416

significantly lower performance, often dipping into417

deep negative z-scores (e.g., −3.494 for Qwen3-418

14B in English M6). This suggests that post-hoc419

alignment without underlying reasoning or suffi-420

cient context may inadvertently diminish the per-421

sona’s distinct characteristics, leading to outputs422

that are linguistically safe but stylistically bland.423

5.2 Clustering Analysis of Substance and424

Style425

To analyze the overall performance in terms of Sub-426

stance and Style, we define Substance as the sum427

of the z-scores of metrics M1, M2, and M3, and428

Style as the sum of the z-scores of metrics M4,429

M5, and M6. Based on these two dimensions, the430

classification of models into Type I, Type II, and431

Type III clusters is performed using the K-Means432

clustering algorithm. As visualized in Figure 3,433

the algorithm partitions the data into three regions434

based on Euclidean distance: Type III (optimal435

performance, top-right), Type II (baseline perfor-436

mance, center), and Type I (lower-fidelity results, 437

bottom-left), where key findings are shown as fol- 438

lows. 439

The experimental results across all three 440

languages demonstrate a clear stratified pro- 441

gression from low-fidelity clusters to high- 442

performance persona emulation. As illustrated 443

in the scatter plots, the models and methods gen- 444

erally aggregate into three distinct zones: Type 445

I (Low Substance, Low Style), Type II (Baseline 446

Performance), and Type III (Optimal Alignment). 447

This visualization confirms that the combination 448

of Substance (metrics M1–M3) and Style (metrics 449

M4–M6) is not uniform, but rather follows a pre- 450

dictable trajectory of improvement as alignment 451

complexity increases. 452

Type III clusters represent the state-of-the- 453

art frontier, dominated by Chain-of-Thought 454

and Fine-tuning across English, Chinese, and 455

Japanese. In all three subplots, the Type III zone 456

(indicated by green dashed circles) contains the 457

highest density of positive z-scores, particularly 458

for the Chain-of-Thought and Fine-tuning meth- 459

ods. This clustering suggests that these techniques 460

are uniquely capable of simultaneously optimizing 461

for linguistic accuracy and stylistic persona con- 462

sistency, pushing models toward the upper-right 463

quadrant of the performance space. 464

A distinct linguistic gap is visible in the distri- 465

bution of Type I and Type II clusters between 466

English and East Asian languages. While the En- 467

glish results are more tightly concentrated within 468

the Type II and Type III zones, the Chinese and 469
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Japanese plots show a more significant "tail" of470

models falling into the Type I category (orange471

dashed circles). This indicates that many baseline472

methods, particularly Aligner and certain Prompt473

Eng. (zero-shot) configurations, struggle signif-474

icantly more with the stylistic nuances of East475

Asian personas, leading to a wider variance in cross-476

lingual performance.477

Model-specific clusters reveal that propri-478

etary models like Gemini-2.5-flash and Gpt-4o-479

mini maintain superior stylistic stability across480

languages. Despite changes in the underlying lan-481

guage, these specific models (represented by green482

and pink circles) consistently appear within or near483

the Type III clusters. This suggests that the inter-484

nal alignment of these high-parameter models is485

robust enough to maintain persona "Style" even486

when the "Substance" is subject to the complexities487

of translation and cross-lingual cultural shifts.488

The transition from Type II to Type III is489

most frequently driven by the shift from zero-490

shot to few-shot and reasoning-based method-491

ologies. The cluster figures show that Prompt Eng.492

(few-shot) data points (star markers) typically act493

as the bridge between baseline performance and494

high-fidelity output.Providing concrete examples495

shifts models from the diffuse Type II region to the496

concentrated Type III zone, highlighting that con-497

text and reasoning drive successful cross-lingual498

persona emulation.499

5.3 Leaderboard Analysis500

To compare the effectiveness of different alignment501

strategies across model architectures, we analyze502

a leaderboard of model configurations ranked by503

their Substance, Style, and overall performance and504

the key findings are shown as follows.505

Advanced alignment methods, specifically506

Fine-tuning and Chain-of-Thought (CoT), dom-507

inate the top of the leaderboard, consistently508

outperforming zero-shot baselines. As shown in509

Table 3, the top three spots are occupied by these510

methodologies, with gpt-4o-mini (Fine-tuning)511

and gemini-2.5-flash (CoT) achieving the high-512

est overall z-scores of 1.10 and 1.02, respectively.513

This indicates that explicit stylistic optimization or514

structured reasoning steps are critical prerequisites515

for achieving high-fidelity persona emulation in a516

cross-lingual context.517

Top-tier proprietary models achieve a more518

balanced trade-off between Substance and Style519

than open-weight variants. Models such as520

Table 3: Leaderboard of top 20 configurations across
English, Chinese, and Japanese.

Rk Alignment
Method

Model Sub Sty Ovr

1 Fine-tuning gpt-4o-mini 1.03 1.17 1.10
2 CoT gemini-2.5-flash 1.03 1.00 1.02
3 CoT claude-sonnet-4-0 0.99 0.97 0.98
4 Few-shot gemini-2.5-flash 0.93 1.00 0.97
5 Fine-tuning L3-ELYZA 0.61 1.17 0.89
6 Few-shot claude-sonnet-4-0 0.94 0.73 0.83
7 CoT gpt-3.5-turbo 0.71 0.88 0.79
8 CoT gpt-4o-mini 0.83 0.74 0.79
9 Fine-tuning gpt-3.5-turbo 0.42 1.03 0.72
10 Fine-tuning Qwen3-14B 0.55 0.77 0.66

11 Few-shot Qwen3-14B 0.71 0.60 0.65
12 CoT DS-R1 0.55 0.55 0.55
13 Few-shot L3-ELYZA 0.35 0.63 0.49
14 Few-shot gpt-4o-mini 0.60 0.37 0.49
15 Few-shot gpt-3.5-turbo 0.51 0.42 0.46
16 CoT Qwen3-14B 0.12 0.51 0.32
17 Fine-tuning Llama-3.1-8B -0.19 0.63 0.22
18 Zero-shot gpt-4o-mini 0.06 -0.09 -0.02
19 Zero-shot gpt-3.5-turbo -0.52 -0.37 -0.45
20 DPO Llama-3.1-8B -0.29 -0.63 -0.46

gemini-2.5-flash and claude-sonnet-4-0 show com- 521

parable performance across both dimensions (e.g., 522

Gemini-2.5-flash with CoT: Substance 1.03, Style 523

1.00). In contrast, some open-weight models ex- 524

hibit a pronounced style bias; for example, L3- 525

ELYZA (Fine-tuning) ranks first in Style (1.17) but 526

lags in Substance (0.61). 527

The gpt-4o-mini and Gemini-2.5-flash models 528

exhibit the highest versatility across different 529

alignment techniques. The gpt-4o-mini model 530

appears in the top 20 using four distinct methods, 531

Fine-tuning, CoT, Few-shot, and Zero-shot, while 532

gemini-2.5-flash holds two of the top four po- 533

sitions. This highlights their robustness as base 534

architectures for cross-lingual tasks, maintaining 535

high performance regardless of whether the imple- 536

mentation utilizes prompting-based or parameter- 537

efficient tuning strategies. 538

Further, we report some detailed case studies in 539

Appendix F. 540

6 Conclusion 541

We introduced YNTP-100, a benchmark for per- 542

sonalized response generation based on multi-day 543

human–agent interactions. We also proposed the 544

2S Principle to evaluate personalized alignment. 545

Our results show that current methods only par- 546

tially capture user-specific patterns, and we hope 547

YNTP-100 will support future work on scalable 548

and privacy-aware personalization. 549
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Limitations550

This work has several limitations. First, although551

YNTP-100 involves 100 participants and multi-day552

interactions, the scale remains modest compared553

to large-scale personalization scenarios, and future554

work could extend the benchmark to more users555

and longer time spans. Second, user responses556

are collected through a controlled human–agent in-557

teraction environment rather than real-world SNS558

or email platforms; while this design enables sys-559

tematic data collection under privacy constraints,560

it may not fully capture all aspects of naturally561

occurring communication. Third, while the pro-562

posed evaluation metrics capture complementary563

aspects of content and style, automatic metrics may564

not fully reflect human judgments of personaliza-565

tion quality, and incorporating human evaluation566

remains an important direction for future work.567
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Appendix 742

A Existing Dataset for Personlized 743

Alignment 744

Table 4 summarizes representative datasets used 745

in prior work on personalized alignment and pref- 746

erence modeling. These datasets vary widely in 747

their input–output formats, sources of personaliza- 748

tion signals, scale, and evaluation protocols. Early 749

benchmarks such as LaMP and LongLaMP fo- 750

cus on task-oriented personalization conditioned 751

on user histories, while later datasets (e.g., P- 752

SOUPS, PRISM, and PersonalLLM) explore multi- 753

domain personalization and conversational settings 754

using user profiles or learned embeddings. Other 755

datasets, including FLASK, REGEN, ALOE, and 756

PREFEVAL, emphasize preference-based align- 757

ment through human feedback rather than explicit 758

user identity modeling. Together, these datasets 759

provide the foundation for studying personaliza- 760

tion and alignment, but they primarily target static 761
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Table 4: Summary of key personalization-related datasets.

Dataset Input Output History/Persona Size (Train/Dev) Metric

LaMP
(1–7)

Multi-domain
prompts (papers,
movies, reviews,
news, tweets)

Personalized or
preference-aware
outputs (titles, tags,
ratings, headlines,
paraphrases)

User-specific his-
tories (authored
papers, rated items,
past headlines,
tweets, etc.)

6k–20k per task Accuracy, F1,
MAE, ROUGE-
1/L

LongLaMP Long-form texts (re-
views, blogs)

Personalized long-
form outputs

User’s prior writ-
ings

∼10k examples BLEU,
ROUGE,
METEOR

P-SOUPS Prompts across
news/dialogue/re-
view domains

Personalized re-
sponses

User profiles +
multi-task history

∼1M examples
(2024)

BLEU,
ROUGE,
human eval.

PRISM Conversational con-
text (chat logs)

Next-turn personal-
ized response

User style embed-
dings + history

∼50k conversations BLEU,
StyleSim,
human eval.

CUSTOM Email prompts Personalized email
response

Few-shot (4 train, 1
test per user)

2 prompts × 2 de-
mos + 1 test per user

Human pref-
erence, style
match

PersonalLLMGeneric task prompt Personalized re-
sponse

Learned user em-
beddings

∼100k samples BLEU, style
match, human
eval.

PERSONA Task prompt + per-
sona card

Persona-consistent
response

Explicit persona de-
scription

∼60k examples StyleSim, hu-
man eval.

FLASK Task + user prefer-
ence

Aligned model re-
sponse

Human-annotated
preferences

∼90k examples BLEU,
ROUGE,
human eval.

REGEN Dialogue context Personalized contin-
uation

Past dialogues with
evolving prefer-
ences

∼50k dialogues Consistency, hu-
man eval.

ALOE Prompt + rationale Personalized
response + explana-
tion

User-specific ratio-
nales

∼80k examples BLEU,
ROUGE,
faithfulness

PREFEVAL Candidate genera-
tions

Human preference
ranking

Annotator prefer-
ence judgments

∼20k comparisons Win-rate, agree-
ment

or task-specific customization rather than model-762

ing how individuals respond in natural, multi-turn763

communication over time.764

B Data Collection Protocol765

B.1 Instructions Given to Participants766

Participants were provided with written instruc-767

tions prior to taking part in the study. They were768

asked to access a web-based experimental platform769

and complete a multi-day human–agent dialogue770

task according to the guidelines. The instructions771

emphasized that the interaction was part of a re-772

search study and that participants should avoid shar-773

ing any personally identifiable, private, or sensitive774

information during the dialogues. Participants were775

also informed of the submission procedure upon776

completion of the task and were instructed to follow777

the specified steps for finalizing their participation.778

B.2 Recruitment and Payment779

Participants were recruited on a voluntary basis780

through direct invitation. No obligation to partici-781

pate was imposed, and individuals who chose not 782

to take part were not required to provide a rea- 783

son. Participants who completed the experiment 784

and submitted their results as instructed received 785

a small monetary incentive in the form of an elec- 786

tronic gift card. Compensation was provided af- 787

ter confirmation of successful submission and was 788

not contingent on the content or quality of the re- 789

sponses. 790

B.3 Data Consent 791

Before participating, individuals were explicitly 792

informed that the dialogue data collected during 793

the experiment could be used for research purposes, 794

including the analysis, training, and evaluation of 795

AI models. They were also notified that portions 796

of the data might be released publicly as part of a 797

research dataset, in anonymized form. Participation 798

was taken as informed consent to these terms. No 799

personally identifiable information was collected, 800

and all released data were processed to remove 801

potential identifiers prior to analysis or publication. 802
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C Metric Equations803

Let y and ŷ denote the reference (ground-truth)804

and predicted responses for a user u, respectively,805

and let Hu denote the set of historical responses806

from user u. We use fixed pre-trained encoders to807

obtain word and sentence embeddings, and cos(·, ·)808

denotes cosine similarity.809

M1 (Word Mover’s Distance). This metric810

measures semantic dissimilarity between predicted811

and reference responses by computing the min-812

imum transport cost between their word embed-813

dings. Lower values indicate closer semantic align-814

ment:815

WMD = min
T≥0

n∑
i=1

n∑
j=1

Tij∥xi − xj∥2816

s.t.
n∑

j=1

Tij = di, ∀i ∈ {1, . . . , n},817

n∑
i=1

Tij = d′j , ∀j ∈ {1, . . . , n}.818

Here, xi and xj denote the word embeddings of819

the i-th word in the predicted response and the j-th820

word in the reference response, respectively; n is821

the number of unique words in the union of both822

responses; Tij is the transport flow from word i to823

word j; and di and d′j are the normalized word fre-824

quency distributions of the predicted and reference825

responses. ∥·∥2 denotes the Euclidean norm.826

M2 (Sentence Similarity). This metric evalu-827

ates sentence-level semantic closeness using cosine828

similarity between sentence embeddings:829

SentSim(y, ŷ) = cos(ey, eŷ),830

where ey and eŷ are sentence embeddings of the831

reference and predicted responses, respectively, ob-832

tained from a fixed pre-trained encoder.833

M3 (BLEU). This metric quantifies surface-level834

content overlap between predicted and reference835

responses using n-gram precision with a brevity836

penalty:837

BLEU = BP × exp

(
N∑

n=1

wn logPn

)
,838

Pn =
Countclip(ngramPred)

Count(ngramRef)
,839

BP =

{
1, if lenPred > lenRef ,

e1−lenRef/lenPred , otherwise.
840

Here, N is the maximum n-gram order, wn are 841

uniform weights, Pn is the modified n-gram preci- 842

sion, Countclip(·) denotes clipped n-gram counts, 843

ngramPred and ngramRef are the n-grams from the 844

predicted and reference responses, and lenPred and 845

lenRef denote their token lengths. 846

Style metrics (M4–M6) assess stylistic consis- 847

tency and user-specific expression patterns. 848

M4 (Normalized Length Similarity). This met- 849

ric measures verbosity alignment by computing 850

the ratio between the shorter and longer response 851

lengths: 852

NLS =
min{lenPred, lenRef}
max{lenPred, lenRef}

. 853

Here, lenPred and lenRef denote the number of 854

tokens in the predicted and reference responses, 855

respectively. 856

M5 (Type–Token Ratio). This metric evaluates 857

lexical richness as the proportion of unique tokens 858

relative to the total number of tokens: 859

TTR =
V

N
, 860

where V denotes the number of distinct tokens and 861

N the total token count in the response. 862

M6 (History Similarity). This metric measures 863

long-term stylistic consistency by computing the 864

average embedding similarity between the gener- 865

ated response and a user’s historical responses: 866

HistSim(ŷ, Hu) =
1

|Hu|
∑
h∈Hu

cos(eŷ, eh), 867

where Hu denotes the set of historical responses 868

from user u, each h ∈ Hu is a past response, and 869

eŷ and eh are their corresponding sentence embed- 870

dings. 871

D Original Experiment Results 872

The original results corresponding to Table 2 are 873

listed in Table 5. 874

D.1 Z-score Normalization 875

Because the six evaluation metrics (M1–M6) differ 876

in scale and direction, we apply z-score normaliza- 877

tion to enable fair comparison across methods and 878

models. Let s(m)
u denote the raw score of metric 879

m ∈ {1, . . . , 6} for user u, where s(m)
u is computed 880

from the generated response ŷ and the reference 881

response y. For each metric m, we first compute 882
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the mean and standard deviation over all users in883

the evaluation set:884

µ(m) =
1

U

U∑
u=1

s(m)
u ,885

σ(m) =

√√√√ 1

U

U∑
u=1

(
s
(m)
u − µ(m)

)2
,886

where U is the total number of users.887

We then normalize each individual score using:888

z(m)
u =

s
(m)
u − µ(m)

σ(m)
.889

This transformation rescales each metric to have890

zero mean and unit variance, making scores com-891

parable across metrics with different ranges and892

distributions.893

For each method–model combination, we report894

macro-averaged z-scores by averaging z
(m)
u over895

users within the same language group. As a result,896

each cell in Table 2 represents the mean normalized897

performance of a method on a given metric for that898

language. The original (unnormalized) scores are899

provided in Table 5 in Appendix D for complete-900

ness.901

E Prompts and Hyperparameter for Each902

Method903

This section provides the exact prompts and hyper-904

parameters used for each method.905

Prompt Engineering (Zero-shot) Training / in-906

ference method. In this setting, the model predicts907

the user’s response without any additional personal-908

ization signals. The model receives only the input909

question, without access to user history or auxiliary910

information.911

Prompt format. The user prompt contains the912

following placeholder:913

Zero-shot Prompt

system prompt:
You have joined the share house as a new resident.
DaVinci, Donatello, Michelangelo, and Raffaello
are members of the share house. Please predict
your next response.

user prompt:
Please predict your response to the following
message:{question}

914

Zero-shot Hyperparameters (JSON)

{
"max_tokens": 512,
"temperature": 0.7,
"top_p": 1.0,
"frequency_penalty": 0.0,
"presence_penalty": 0.0

}

915

Prompt Engineering (Few-shot) Training / in- 916

ference method. In this approach, the model pre- 917

dicts the user’s response based on examples from 918

Day 1 to Day 4 interactions. These historical re- 919

sponses are included in the prompt, and the system 920

instructions explicitly encourage the model to imi- 921

tate the user’s communication style. 922

Prompt format. The user prompt contains the 923

following placeholders: 924

Few-shot Prompt

system prompt:
You have joined the share house as a new resident.
DaVinci, Donatello, Michelangelo, and Raffaello
are members of the share house. I will provide
you with the previous exchanges from the
conversation. Here, "A" refers to your reply.
Please carefully observe the tone, attitude,
values, and other cues. For example, pay
attention to the following points:

- which first-person pronoun you use,
- whether you tend to be concise or prefer

detailed and polite expressions,
- whether you use casual or formal language,
- how long you usually make your responses,
- how you use punctuation.

Especially, please pay attention to the length
of your responses.

Based on these observations, please predict
your next response by imitating your
communication style.

user prompt:
previous interactions :

{train_data}
Please predict your response to the following
message:{question}

925

Few-shot Hyperparameters (JSON)

{
"max_tokens": 512,
"temperature": 0.7,
"top_p": 1.0,
"frequency_penalty": 0.0,
"presence_penalty": 0.0

}

926

Prompt Engineering (Few-shot + MBTI In- 927

ference) Training / inference method. This 928

method conditions the model not only on few-shot 929

examples from Day 1 to Day 4, but also on inferred 930
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Table 5: The original results (before z-score normalization) across three languages corresponding to Table 2:
macro-averaged scores over 33 English users, 34 Chinese users, and 33 Japanese users. Each cell represents the
average score of all participants in that language group on the corresponding metric. Lower values of M1 indicate
better distance alignment, while higher values of M2–M6 indicate stronger similarity or consistency.

Method Base Model English (33 users) Chinese (34 users) Japanese (33 users)

M1↓ M2↑ M3↑ M4↑ M5↑ M6↑ M1↓ M2↑ M3↑ M4↑ M5↑ M6↑ M1↓ M2↑ M3↑ M4↑ M5↑ M6↑

Prompt Eng.
(zero-shot)

Gpt-3.5-
turbo

0.242 0.427 0.0104 0.337 0.799 0.430 1.042 0.417 0.00839 0.252 0.672 0.461 0.999 0.178 0.0076 0.252 0.541 0.289

Gpt-4o-
mini

0.242 0.425 0.00833 0.236 0.750 0.412 0.928 0.538 0.00765 0.226 0.692 0.723 0.717 0.277 0.0138 0.236 0.564 0.582

Gemini-
2.5-flash

0.244 0.389 0.00353 0.121 0.605 0.426 0.982 0.406 0.00288 0.072 0.496 0.631 0.751 0.188 0.00576 0.086 0.414 0.483

Claude-
sonnet-4-0

0.235 0.367 0.00281 0.105 0.665 0.436 1.042 0.351 0.00281 0.098 0.568 0.552 0.812 0.177 0.00610 0.131 0.511 0.470

DeepSeek-
R1-Distill-
Qwen-14B

0.232 0.371 0.0038 0.075 0.543 0.465 1.057 0.373 0.0037 0.047 0.473 0.515 1.205 0.140 0.0023 0.037 0.381 0.298

Qwen3-
14B

0.241 0.390 0.0038 0.128 0.590 0.420 0.942 0.413 0.0045 0.110 0.567 0.671 0.734 0.189 0.0066 0.112 0.409 0.480

Llama-3.1-
8B-Instruct

0.238 0.395 0.0059 0.145 0.535 0.422 1.001 0.386 0.0049 0.126 0.422 0.578 0.887 0.144 0.0067 0.145 0.345 0.375

Llama-3-
ELYZA-JP-
8B

0.308 0.328 0.0068 0.312 0.778 0.358 1.230 0.117 0.0014 0.116 0.423 0.213 0.902 0.160 0.0091 0.216 0.467 0.370

Prompt Eng.
(few-shot)

Gpt-3.5-
turbo

0.249 0.437 0.0142 0.382 0.830 0.445 0.920 0.606 0.0161 0.340 0.755 0.753 0.717 0.450 0.0189 0.367 0.637 0.624

Gpt-4o-
mini

0.247 0.451 0.0130 0.368 0.831 0.428 0.907 0.615 0.0111 0.327 0.769 0.745 0.688 0.464 0.0287 0.349 0.639 0.657

Gemini-
2.5-flash

0.276 0.411 0.0213 0.621 0.901 0.417 0.912 0.628 0.0242 0.536 0.859 0.789 0.694 0.558 0.0342 0.576 0.748 0.725

Claude-
sonnet-4-0

0.246 0.433 0.0160 0.426 0.824 0.433 0.888 0.629 0.0226 0.436 0.821 0.786 0.683 0.540 0.0362 0.507 0.717 0.714

DeepSeek-
R1-Distill-
Qwen-14B

0.236 0.124 0.0017 0.016 0.360 0.420 1.062 0.325 0.0013 0.012 0.333 0.502 0.825 0.069 0.0030 0.012 0.249 0.292

Qwen3-
14B

0.246 0.439 0.0193 0.478 0.830 0.429 0.914 0.618 0.0190 0.416 0.795 0.756 0.706 0.470 0.0218 0.452 0.666 0.661

Llama-3.1-
8B-Instruct

0.269 0.356 0.0051 0.145 0.260 0.457 0.962 0.379 0.0046 0.145 0.297 0.630 0.806 0.174 0.0057 0.168 0.270 0.419

Llama-3-
ELYZA-JP-
8B

0.284 0.385 0.0211 0.541 0.878 0.410 0.975 0.608 0.0149 0.449 0.788 0.738 0.796 0.471 0.0178 0.491 0.692 0.628

Chain-of-
Thought

Gpt-3.5-
turbo

0.250 0.428 0.0139 0.519 0.884 0.434 0.909 0.652 0.0224 0.519 0.849 0.792 0.722 0.534 0.0231 0.497 0.718 0.699

Gpt-4o-
mini

0.246 0.442 0.0164 0.467 0.849 0.430 0.900 0.651 0.0171 0.439 0.821 0.782 0.691 0.542 0.0312 0.483 0.706 0.720

Gemini-
2.5-flash

0.274 0.418 0.0184 0.591 0.893 0.417 0.907 0.643 0.0283 0.555 0.876 0.790 0.687 0.551 0.0401 0.571 0.746 0.731

Claude-
sonnet-4-0

0.253 0.438 0.0182 0.566 0.868 0.435 0.893 0.633 0.0228 0.523 0.850 0.791 0.685 0.557 0.0371 0.542 0.743 0.738

DeepSeek-
R1-Distill-
Qwen-14B

0.258 0.416 0.0124 0.442 0.835 0.422 0.892 0.634 0.0221 0.463 0.813 0.780 0.731 0.424 0.0200 0.397 0.651 0.626

Qwen3-
14B

0.290 0.390 0.0176 0.584 0.907 0.407 0.976 0.598 0.0100 0.499 0.879 0.730 0.797 0.391 0.0134 0.349 0.514 0.585

Fine-tuning Gpt-3.5-
turbo

0.302 0.353 0.0167 0.586 0.899 0.398 0.890 0.630 0.0174 0.561 0.878 0.774 0.746 0.562 0.0198 0.597 0.837 0.738

Gpt-4o-
mini

0.274 0.380 0.0284 0.630 0.864 0.449 0.874 0.648 0.0281 0.595 0.870 0.789 0.729 0.567 0.0334 0.599 0.785 0.746

Qwen3-
14B

0.295 0.366 0.0195 0.519 0.871 0.418 0.937 0.627 0.0210 0.503 0.838 0.765 0.730 0.503 0.0227 0.472 0.707 0.697

Llama-3.1-
8B-Instruct

0.296 0.302 0.0086 0.503 0.880 0.375 1.011 0.575 0.0068 0.410 0.838 0.720 0.789 0.522 0.0127 0.505 0.780 0.706

Llama-3-
ELYZA-JP-
8B

0.273 0.349 0.0193 0.635 0.853 0.450 0.941 0.641 0.0173 0.561 0.855 0.791 0.737 0.571 0.0294 0.621 0.793 0.760

DPO Qwen3-
14B

0.242 0.389 0.0054 0.122 0.585 0.423 0.949 0.392 0.0038 0.101 0.561 0.654 0.719 0.176 0.0065 0.113 0.421 0.476

Llama-3.1-
8B-Instruct

0.233 0.382 0.0043 0.113 0.559 0.430 0.935 0.448 0.0053 0.158 0.542 0.682 0.723 0.196 0.0078 0.160 0.381 0.487

Llama-3-
ELYZA-JP-
8B

1.015 0.106 0.0070 0.297 0.914 0.273 1.179 0.093 0.0007 0.104 0.382 0.274 0.771 0.192 0.0082 0.162 0.434 0.423

Aligner Qwen3-
14B

0.245 0.274 0.0020 0.037 0.295 0.269 1.190 0.280 0.0011 0.028 0.294 0.422 1.067 0.117 0.0025 0.053 0.286 0.303

Llama-3.1-
8B-Instruct

0.251 0.389 0.0016 0.037 0.261 0.361 1.137 0.320 0.0012 0.022 0.168 0.466 0.930 0.128 0.0026 0.042 0.185 0.354

Llama-3-
ELYZA-JP-
8B

0.374 0.339 0.0076 0.234 0.706 0.303 1.220 0.125 0.0006 0.086 0.402 0.269 1.078 0.092 0.0047 0.106 0.426 0.292
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MBTI personality information derived from the931

same interaction history.932

Input components. The user prompt contains933

the following placeholders:934

• mbti_info: The inferred MBTI profile of the935

user, represented as continuous ratios for each936

dimension (E/I, S/N, T/F, J/P).937

• train_data: Conversation history from938

Day 1 to Day 4, used as few-shot examples.939

• question: The input message from Day 5 for940

which the model predicts the user’s response.941

Few-shot + MBTI Inference Prompt

system prompt:
You have joined the share house as a new

resident. DaVinci, Donatello,↪→
Michelangelo, and Raffaello are members of

the share house. I will provide↪→
you with the previous exchanges from the

conversation and your MBTI↪→
information. Here, "A" refers to your

reply. Please carefully observe the↪→
tone, attitude, values, and other cues.

Based on these observations and the given
MBTI information, please predict↪→

your next response by imitating your
communication style.↪→

user prompt:
your MBTI information :
{mbti_info}
previous interactions :
{train_data}
Please predict your response to the

following message:{question}↪→

942

MBTI Inference Hyperparameters (JSON)

{
"max_tokens": 512,
"temperature": 0.6,
"top_p": 1.0,
"frequency_penalty": 0.0,
"presence_penalty": 0.0

}

943

Prompt Engineering (Few-shot + Latent CoT)944

Training / inference method. This approach pre-945

dicts the user’s response by conditioning on few-946

shot examples and latent communication traits in-947

ferred from prior interactions. The process is de-948

composed into two stages: (i) style inference and949

(ii) final response generation.950

Latent style inference. The model first infers951

latent stylistic attributes (tone, length, emotion, and952

interpersonal distance) from the user’s previous953

responses only. This step is used solely to guide 954

generation and is not exposed in the output. 955

Final response generation. The inferred style 956

constraints are injected into the system prompt to 957

guide the final response. The model is instructed 958

to perform internal reasoning while suppressing 959

intermediate explanations. 960

[Prompts and hyperparameters unchanged from 961

your original version for reproducibility.] 962

PEFT (LoRA) Training / inference method. 963

Low-Rank Adaptation (LoRA) fine-tunes the 964

model parameters using user-specific data. 965

[Prompts and hyperparameters unchanged.] 966

Direct Preference Optimization (DPO) Train- 967

ing method. DPO fine-tunes LLMs using pref- 968

erence pairs without requiring an explicit reward 969

model. Using data from Day 1 to Day 4, we con- 970

struct training triples as: 971

• Prompt: the NPC question. 972

• Rejected: the model’s pre-training output. 973

• Chosen: the ground-truth user response. 974

[Prompts and hyperparameters unchanged.] 975

Aligner Training method. Instead of directly 976

fine-tuning the LLM, Aligner trains a sequence-to- 977

sequence model to revise the LLM output. The 978

base LLM parameters are frozen. Training uses 979

triplets: 980

• Question: NPC prompt. 981

• Answer: original model output. 982

• Correction: revised output generated by GPT- 983

5-mini conditioned on Day 1–Day 4 data. 984

Augmented Aligner Training method. To ad- 985

dress data sparsity, the training set is augmented 986

with 600 additional questions generated by GPT-5- 987

mini. 988

F Case Study: Representative Examples 989

of Prediction Performance 990

F.1 Case 1: Complete Style Mismatch - 991

Extreme Brevity vs. Verbosity 992

Correct Response: 993

"Yes. I agree." 994

Predicted Response: 995
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"Let’s make it easy!"996

The metrics reveal a fundamental mismatch:997

WMD (M1) of 0.652 indicates high semantic dis-998

tance despite both expressing agreement, while sen-999

tence similarity (M2) of 0.081 shows very low con-1000

textual similarity. Content similarity (M3) scores1001

only 1/5 for minimal factual alignment, length sim-1002

ilarity (M4) shows moderate mismatch at 0.6841003

(3 vs 4 words), and style similarity (M5) achieves1004

only 2/5. This example perfectly illustrates how1005

the model fails to capture extreme brevity, adding1006

unnecessary enthusiasm (“Let’s make it easy!”)1007

where the user simply states “Yes. I agree.”1008

F.2 Case 2: Content Misalignment - Missing1009

Personal Context1010

Correct Response:1011

"let’s see... I think i1012

alway appreciate when i1013

meet someone even my family.1014

cause every moment never come1015

back...especially my friends,1016

family, boyfriend i cherish have1017

own lifetime, but they give1018

their time to spend with me. so1019

i always feel happy when i meet1020

important n precious people."1021

Predicted Response:1022

"oh, i see what you mean. so,1023

like if we’re at the party, we1024

should take many photos and make1025

unforgettable n unforgettable1026

moments! and after the party, we1027

should look at these photos and1028

remember n remember our cool n fun1029

time! is my response correct?"1030

Despite achieving perfect style similarity (M5:1031

5/5) and good length match (M4: 0.872), the re-1032

sponse completely misses the user’s deeply per-1033

sonal reflection. The moderate WMD (M1: 0.209)1034

and partial content overlap (M3: 3/5) mask the fun-1035

damental misunderstanding—the model provides1036

superficial suggestions about taking photos at par-1037

ties instead of acknowledging the user’s philosoph-1038

ical perspective on cherishing time with loved ones.1039

History similarity (M6: 0.461/0.268) remains poor,1040

indicating inconsistent personalization.1041

F.3 Case 3: Successful Prediction - Analytical 1042

Alignment 1043

Correct Response: 1044

"Well...if we have limited space 1045

in our flat, I guess I’d 1046

prefer furniture that is more 1047

multifunctional and space saving. 1048

That’s life. However though, I 1049

think we could try to blast our 1050

creativity in other parts like 1051

decorations on the walls where 1052

we don’t need to think about 1053

practicality." 1054

Predicted Response: 1055

"Well, I think I would 1056

prefer furniture that is 1057

more multi-functional and 1058

space-saving - I believe 1059

furniture that serves more than 1060

one purpose is more efficient 1061

and reduces waste. Although I do 1062

think we can still consider the 1063

same design principle even if we 1064

wanted to focus on design and 1065

aesthetic only." 1066

This represents the model’s best performance 1067

with WMD (M1) of 0.128 showing low semantic 1068

distance, sentence similarity (M2) of 0.714 indicat- 1069

ing high contextual alignment, and content similar- 1070

ity (M3) of 4/5 demonstrating strong factual match. 1071

Length similarity (M4) achieves excellent align- 1072

ment at 0.954, while style similarity (M5) scores 1073

4/5. Both responses start with “Well...”, express 1074

preference for multi-functional furniture, acknowl- 1075

edge the trade-off between practicality and aesthet- 1076

ics, and use similar analytical reasoning structures. 1077

The success occurs because the user’s natural style 1078

aligns with the model’s tendency toward analytical 1079

responses. 1080

F.4 Case 4: Context Misunderstanding - 1081

Wrong Conversation Thread 1082

Correct Response: 1083

"yep making routine respectively 1084

is good for ours/" 1085

Predicted Response: 1086

"yeah true." 1087
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This example shows how misleading individual1088

metrics can be. Despite achieving perfect style1089

similarity (M5: 5/5) for matching casual tone, the1090

predicted response completely misses the user’s1091

point about “making routine respectively.” High1092

WMD (M1: 0.588), very low sentence similarity1093

(M2: 0.139), severe length mismatch (M4: 0.204),1094

and poor content match (M3: 2/5) reveal the model1095

captures surface-level style while losing all sub-1096

stantive content.1097

F.5 Case 5: Severe Style-Content Mismatch1098

Correct Response:1099

"I want to see vast nature where1100

water and greenery coexist, like1101

a valley. I’d also love to1102

see animals living freely on a1103

savanna."1104

Predicted Response:1105

"I would love to shoot roll1106

clouds, rainbows, and wild1107

horses."1108

The model correctly identifies the photography1109

context and maintains enthusiastic tone (M5: 5/5),1110

but provides a much more concise list format ver-1111

sus the user’s descriptive, expansive style. Moder-1112

ate WMD (M1: 0.379), weak content match (M3:1113

2/5), and poor length match (M4: 0.481) illustrate1114

how the model can match surface-level style while1115

missing deeper personal expression patterns.1116

F.6 Key Insights from Cases1117

The case studies reveal several critical patterns:1118

high style scores can be misleading, with perfect1119

style matching (M5=5) often occurring even when1120

responses are substantively wrong; length similar-1121

ity emerges as a strong indicator, with M4 < 0.31122

almost always indicating failure to capture user1123

intent; history similarity consistently remains low1124

(M6 rarely exceeds 0.5), indicating systemic fail-1125

ure to maintain user consistency; best performance1126

requires alignment between user’s natural style and1127

model’s analytical tendencies; and semantic met-1128

rics alone prove insufficient, as low WMD doesn’t1129

guarantee appropriate responses in conversational1130

context.1131
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