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Abstract001

The escalating demand for psychological health002
support highlights the urgent need for scalable003
and effective interventions. However, tradi-004
tional Emotional Support Conversation (ESC)005
frameworks often adopt a generic, "one-size-006
fits-all" approach, failing to accommodate the007
diverse personalities of individuals seeking008
help. To address this limitation, we introduce009
the Social Support Conversation (S2Conv)010
framework. This novel approach leverages a011
diverse pool of character agents and an inter-012
personal matching mechanism to pair users013
with persona-compatible virtual companions.014
Specifically, we utilize the Myers-Briggs Type015
Indicator (MBTI) for persona decomposition,016
constructing the MBTI-1024 Bank—a reposi-017
tory of virtual characters with distinct, granular018
profiles. To facilitate high-quality interaction,019
we propose enhanced role-playing prompts in-020
tegrated with behavior presets and dynamic021
memory mechanisms, resulting in the creation022
of the MBTI-S2Conv dataset. Building upon023
these foundations, we present CharacterChat,024
a goal-oriented distributed dialogue system.025
CharacterChat features a persona- and memory-026
driven conversational model and a unique inter-027
personal matching plugin that identifies and dis-028
patches the optimal supporter from the MBTI-029
1024 Bank based on the user’s personality traits.030
Empirical results demonstrate CharacterChat’s031
superior efficacy in providing personalized so-032
cial support, validating the substantial advan-033
tages of personality-aware interpersonal match-034
ing1.035

1 Introduction036

The prevalence of mental health disorders consti-037

tutes a growing global crisis, exacerbated by the038

complexities of modern life and socio-economic039

pressures (McKenzie et al., 2002; Ahmedani, 2011;040

Fernando and Keating, 2008; Organization et al.,041

1Our code and data will be released upon paper acceptance.

2003). As the gap between the demand for men- 042

tal healthcare and the availability of professional 043

resources widens, Artificial Intelligence (AI) has 044

emerged as a promising avenue for delivering ac- 045

cessible support and care (Burleson, 2003; Shaw 046

et al., 2004; Skilbeck and Payne, 2003). 047
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Figure 1: The workflow of the proposed S2Conv system,
CharacterChat. The system employs personality-driven
interpersonal matching to dispatch an optimal supporter
from the MBTI-1024 Bank, providing users with per-
sonalized emotional support.

Existing AI-driven mental health interventions 048

predominantly rely on the Emotional Support Con- 049

versation (ESC) framework. These systems typ- 050

ically mimic a professional consultant, adhering 051

to an exploration-comforting-action protocol (Liu 052

et al., 2021; Sabour et al., 2022; Zheng et al., 2021). 053

Despite their advancements, ESC frameworks face 054

significant hurdles in real-world deployment: (1) 055

Barriers to Rapport: Users often perceive these 056

agents as robotic, inducing psychological resis- 057

tance and defensiveness (Ebert et al., 2002); (2) 058

Lack of Personalization: They struggle to adapt to 059

the distinct personality traits of different users. To 060

overcome these challenges, we propose the Social 061

Support Conversation (S2Conv) framework. Un- 062

like the consultant-centric ESC, S2Conv focuses on 063

creating human-like AI supporters endowed with 064

specific personas and long-term memories. This de- 065

sign fosters consistency and reduces user defensive- 066

ness. Furthermore, we introduce an interpersonal 067

matching mechanism to dispatch the most compati- 068

ble AI supporter based on the seeker’s personality, 069
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ensuring truly personalized support.070

The development workflow for the S2Conv sys-071

tem is illustrated in Figure 1. Addressing the072

scarcity of specialized training data, we leverage073

the generative capabilities of Large Language Mod-074

els (LLMs) (Min et al., 2022; Wei et al., 2022;075

Shen et al., 2023). A key challenge, however, is076

the tendency of standard LLMs to exhibit a singu-077

lar, generic "assistant" personality (Edwards et al.,078

2002). We mitigate this by employing the 16 MBTI079

personality types (Furnham, 1996) to decompose080

the generic persona of ChatGPT (OpenAI, 2022).081

Through a self-instruction process (Wang et al.,082

2022), we construct the MBTI-1024 Bank, com-083

prising 1,024 distinct characters with detailed pro-084

files and backgrounds2.085

Utilizing this bank, we simulate interactions086

where characters engage in role-play: one acts087

as a seeker with emotional distress, and the other088

as a supporter. To prevent context dilution in089

long conversations and ensure memory retention,090

we devise a dynamic memory mechanism that091

retrieves context-relevant memory keys to guide092

response generation. Additionally, to maintain093

character consistency beyond standard context094

windows, we introduce behavior presets—pre-095

generated personalized responses serving as in-096

context demonstrations. These methods culminate097

in the MBTI-S2Conv dataset, containing 4,096098

emotional support sessions enriched with partici-099

pant profiles. We quantify the effectiveness of these100

interactions using the Beck Depression Inventory101

(BDI) (Beck et al., 1996), measuring the reduction102

in the seeker’s distress levels.103

Finally, we develop CharacterChat, an S2Conv104

system built upon Llama2-7B (Touvron et al.,105

2023). The model is fine-tuned on MBTI-S2Conv106

to function as a character-based dialogue agent.107

Crucially, we implement an interpersonal matching108

plugin trained on interaction effectiveness scores.109

This plugin acts as a dispatcher, selecting the opti-110

mal supporter from the MBTI-1024 Bank to maxi-111

mize emotional relief for a specific seeker.112

To the best of our knowledge, Character-113

Chat represents the first attempt to integrate in-114

terpersonal matching mechanisms into objective-115

driven conversation systems. Empirical evalua-116

tions demonstrate the system’s superiority in deliv-117

2While the Big Five traits are dominant in academic psy-
chology, MBTI’s widespread popularity facilitates broader
practical application and user understanding. See Appendix
for details.

ering emotional support and highlight the signif- 118

icant benefits of personality compatibility. Fur- 119

thermore, our analysis reveals consistent social 120

phenomena—such as personality compatibility pat- 121

terns and stress tendencies—aligning with observa- 122

tions in human psychology. 123

The main contributions of this work are summa- 124

rized as follows: 125

• We introduce the Social Support Conver- 126

sation (S2Conv) framework, shifting the 127

paradigm from generic counseling to person- 128

alized, personality-compatible social support. 129

• We construct the MBTI-1024 Bank and the 130

MBTI-S2Conv dataset, providing a large- 131

scale resource of 1,024 virtual characters and 132

their associated emotional support interac- 133

tions. 134

• We develop CharacterChat, the first S2Conv 135

system featuring a persona-memory-aware 136

conversational model and an interpersonal 137

matching plugin designed to optimize sup- 138

porter selection. 139

2 Related Works 140

2.1 Emotional Support Conversation 141

Frameworks 142

Research in Emotional Support Conversation 143

(ESC) originated from the exploration-comforting- 144

action framework established by Liu et al. (Liu 145

et al., 2021). Subsequent studies, such as MISC (Tu 146

et al., 2022) and FADO (Peng et al., 2023), have 147

enhanced this paradigm by incorporating common- 148

sense knowledge and feedback mechanisms to 149

optimize strategy selection. However, these sys- 150

tems primarily function as generic problem-solvers. 151

They lack specific character identities, which limits 152

the depth of emotional connection and often results 153

in a functional but impersonal interaction style. 154

2.2 LLM-based Emotional Intelligence 155

Large Language Models (LLMs) have significantly 156

advanced ESC through capabilities like Chain-of- 157

Thought (CoT) prompting (Wei et al., 2022), which 158

enables explicit empathetic reasoning. Despite 159

their linguistic fluency, off-the-shelf LLMs often 160

exhibit a “generic responder” issue. Without ex- 161

plicit personalization constraints, models tend to 162

revert to safe, repetitive, and overly polite patterns. 163

This lack of distinct personality often prevents the 164
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formation of genuine companionship required for165

effective emotional support.166

2.3 Persona and Personality in Dialogue167

While datasets like Persona-Chat (Zhang et al.,168

2018) have introduced static profiles to maintain169

dialogue consistency, current research largely over-170

looks interpersonal compatibility. Existing ap-171

proaches typically adopt a "one-size-fits-all" mode,172

focusing on maintaining an agent’s persona rather173

than matching it to the user’s needs. This neglects a174

critical psychological dimension: the compatibility175

between the help-seeker’s personality and the sup-176

porter’s persona significantly impacts therapeutic177

outcomes.178

To bridge this gap, we propose the S2Conv179

framework. Shifting focus from what to say to who180

says it, we introduce an interpersonal matching181

mechanism to dispatch compatible virtual support-182

ers, ensuring support is tailored to the user’s unique183

personality.184

3 Methodology185

Our methodology involves four key steps: (1) gen-186

erating a set of diverse characters with detailed187

profiles, (2) enabling emotionally-driven conver-188

sations through LLM-based role-playing based on189

these characters, (3) evaluating conversation ef-190

fectiveness as the character compatibility, and (4)191

building a character-based LLM and a matching192

model using synthetic characters and their conver-193

sations.194

3.1 MBTI-based Persona Decomposition195

Current LLMs memorize a range of personalities196

after pre-training. However, once aligned with hu-197

man preferences, they tend to adopt a singular, uni-198

form personality—typically that of a helpful and199

harmless assistant designed to address the user’s in-200

formational needs. While this consistency is useful,201

it also limits the LLM’s ability to offer personalized202

emotional support tailored to users with different203

personalities. To overcome this limitation, our ap-204

proach seeks to decompose the LLM’s behavior205

into a variety of distinct virtual characters.206

To achieve this, we propose a persona decom-207

position method, leveraging the MBTI theory to208

guide ChatGPT in generating diverse character pro-209

files. We define a character profile by two core210

elements: persona (encompassing attributes like211

name, gender, tone, hobbies, etc.) and memory212

Here is the briefintroduction of the given personality: ENTJ

They are decisive people who love momentum and 
accomplish.ment. They gather information to construct their 
creative visio-ns but rarely hesitate for long before acting on 
them...

You are an outstanding creator, you can construct a variety 
ofcharacters in the real world. Now, based on the given 
personality type, please design a virtual character according 
to the following given fields... It is necessary to ensure that 
some attributeinformation of the characters needs to be 
distributed diversely,reasonably related, and in line with the 
laws of nature.

Fill the result into JSON:
{"name": xxx, "personality": xxx, "growth_experience": xxx,...}

ENTJ

{
    "mbti": "ENTJ",
    "profile": {
        "name": "Celia Marshall", "gender": "female", "age": 28, "region": "New York, USA", "job": "barber",
        "tone": "Celia has a confident and authoritative tone when chatting with others. Her voice is...",
        "personality": "Celia has a strong and determined personality. She is ambitious, constantly...",
        "advantages_and_disadvantages": "Celia's strengths lie in her ability to make quick decisions...",
        "hobby": "In her free time, Celia enjoys practicing yoga and meditation to maintain a healthy ...",
        "growth_experience": "During her teenage years, Celia faced numerous challenges while...",
        "family_relationship": "Celia comes from a close-knit family. Her parents are both successful...",
        "working_conditions": "As a successful barber, Celia owns and manages her own barbershop...",
        "social_relationship": "Celia is well-respected and influential in her community. She actively...",
        "emotional_state": "Celia is in a stable and committed relationship with her long-term partner...",
        "living_conditions": "Celia lives in a stylish loft apartment located in the heart of Greenwich...",
        "recent_worry_or_anxiety": "Recently, Celia has been feeling anxious about expanding her..."
    }
}

ChatGPT

Figure 2: Persona decomposition prompt. Here we
present the example to generate the character with the
ENFJ personality. See Appendix for more details of the
generated characters.

(covering recent challenges, growth experiences, 213

familial relationships, etc.). The persona shapes the 214

character’s behavior, particularly influencing the 215

conversational style when interacting with others. 216

It also drives the interpersonal matching component 217

within the S2Conv framework, facilitating connec- 218

tions between emotional seekers and personality- 219

compatible supporters. Memory serves as a per- 220

sonal knowledge source, ensuring contextual con- 221

sistency for the character. Prior studies have high- 222

lighted the importance of maintaining such consis- 223

tency in personality-driven dialogues (Song et al., 224

2020a,b). 225

In our approach, we separate mem- 226

ory—containing rich factual knowledge relevant to 227

the character—as a dedicated contextual reference 228

to mitigate inconsistencies during conversation. 229

Additionally, drawing on Freud’s psychodynamic 230

theory (Freud, 1989), memories frequently act as 231

triggers for human mental health concerns, such 232

as those rooted in growth experiences and family 233

relationships, providing crucial entry points for 234

supporters. 235

Based on the 16 MBTI personalities, we drive 236

ChatGPT to create characters with different per- 237

sonas and memories, as illustrated in Figure 2. 238

Recognizing the profound impact of personality 239

on various aspects of an individual, our process 240

begins with the manual crafting of descriptions for 241

each of the 16 MBTI personalities (the purple text 242
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in Figure 2), serving as seeds of the prompt. Sub-243

sequently, we prompt ChatGPT to assume the role244

of an outstanding creator, facilitating the formula-245

tion of these characters. With 16 distinct prompts246

as guiding principles, ChatGPT develops intricate247

characters by comprehensively understanding the248

detailed personality descriptions and integrating249

all character profiles into a structured JSON for-250

mat. Employing this methodology, we curate a col-251

lection of 1024 virtual characters for each MBTI252

personality type, known as the MBTI-1024 Bank.253

3.2 Enhanced Role-playing Conversational254

Framework255

LLMs like ChatGPT are used to exhibit a singular,256

stable personality. They tend to act as an assistant,257

providing helpful and harmless responses (infor-258

mational support) instead of empathetic responses259

(emotional support) to users, presenting a poor em-260

pathetic ability.261

To address this, we start with the development of262

human-like LLMs, i.e., endowing LLMs with the263

ground human profiles. However, the plain role-264

playing methods will gradually lose effectiveness265

with the conversation proceeding. Consequently,266

we enhance the role-playing of LLMs by two mech-267

anisms, behavior preset and dynamic memory.268

The overview is shown in Figure 3. To enable269

LLM to generate responses aligning with specific270

character profiles, we first transform the structured271

personas of characters into role-playing prompts,272

making ChatGPT forget the original assistant pro-273

file. Then we discover that adding pre-defined di-274

alogues like "When the other says ..., you should275

say ..." helps LLM better simulate the character276

during the conversation. These findings inspire us277

to introduce the behavior preset method. Specif-278

ically, we utilize the persona of the character to279

drive LLM to generate imagined single-turn dia-280

logues, following the structure like "When the other281

says ..., you should say ...". Then these generated282

multiple single-turn dialogues will be added at the283

end of the prompt for role-playing, maintaining the284

character’s persona under a longer turn.285

Equipped with the pre-defined behaviors and286

given profiles, two LLM agents will take on the287

roles of seeker and supporter to engage in a conver-288

sation. The seeker expresses their troubles, while289

the supporter aims to gain the seeker’s trust and290

help them overcome their difficulties. However,291

there is also an issue: if we incorporate all the292

memories into the role-playing prompt, the abun-293

dance of character memories would lead to exces- 294

sive length. Besides, it suffers from the “lost in 295

the middle” problems (Liu et al., 2023) of LLMs. 296

Hence, we designed the dynamic memory mech- 297

anism. Previously, in the MBTI-1024 Bank, we 298

structured the characters’ memories in JSON for- 299

mat, enabling us to selectively choose a proper 300

memory aspect (key) based on the current context 301

and then locate the corresponding content (value) 302

to constrain the subsequent response generation. 303

As Figure 3 shows, when someone talks about her 304

parents, the dynamic memory will first choose the 305

memory aspect ’family relationship’, then locate 306

the specific content. The dynamic memory ap- 307

proach has two benefits: (1) it reduces context con- 308

sumption, and (2) it enhances memory-response 309

relevance by diminishing the influence of temporar- 310

ily irrelevant memories. 311

Utilizing enhanced role-playing framework with 312

the behavior preset and dynamic memory, we ran- 313

domly select k characters to act as supporters for 314

each character taking on the role of the seeker in 315

the MBTI-1024 Bank (k = 4 in this work). This 316

approach aims to facilitate social support conver- 317

sations. As a result of these efforts, the MBTI- 318

S2Conv dataset was developed, comprising a total 319

of 4,096 emotional support conversations with de- 320

tailed profiles of participants 3. 321

3.3 BDI-based Evaluation for Support 322

Effectiveness 323

To investigate the effectiveness of emotional sup- 324

port conversations, we introduce the classical Beck 325

Depression Inventory (BDI) (Beck et al., 1996) for 326

evaluation. BDI is a widely used scale for measur- 327

ing the severity of depression and was developed by 328

American psychologist Aaron T. Beck. The scale 329

consists of 21 questions, with a total possible score 330

of 63 points. Scores of 14-19 indicate mild de- 331

pression, 20-28 indicate moderate depression, and 332

scores of 29 or above indicate severe depression. 333

The reliability coefficient of the Beck Depression 334

Inventory ranges from 0.70 to 0.93. Here, we make 335

all characters in the MBTI-1024 Bank answer the 336

questions in BDI before and after they chat with 337

the supporter characters. The difference between 338

them, which could represent the reduction of de- 339

pression extent, is used to measure the support 340

effectiveness as well as the compatibility of two 341

participants. Based on the BDI, all conversations 342

3See Appendix for concrete generated conversation exam-
ple.
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1

You are Miah Howard, a 28-year-old female painter from New York City. 
You have a soft-spoken tone with a hint of melancholy. You are highly 
introspective and empathetic, often lost in your own...

Growth
Experience

Family
Relationship

Working
Conditions

Social 
Relationship

…

Memory

When the other says …, 
you should say …

N

Dialogue

([Family Relationship] You come from a close-knit family. 
Your parents have always supported your artistic pursuits and 
encouraged you to follow your dreams...)
My parent are kindly to always encourage me to follow my 
dream. But I really afraid to make them disappointed.

([Family Relationship] You come from a close-knit family. 
Your parents, are both professors in psychology...)
I understand completely. I come from a similar family 
background as yours... Their advice has given courage for me 
to break free and pursue my own path.

Growth
Experience

Family
Relationship

Working
Conditions

Social 
Relationship

…

Memory

Seeker

Supporter

Persona         Role-play Prompt

When the other says …, 
you should say …

Behavior Preset2

Predefined Behaviors

Predefined Behaviors

N

3 Dynamic Memory Selection

4 Persona- and Memory-based Response generation 

You are Ross Atkins, a 20-year-old male from New York, USA. You work 
as an e-commerce specialist. You have a calm and confident tone of 
voice, and you often use precise and articulate language...

Persona

Persona Prompt

Memory Prompt

Persona

Figure 3: The overview of our enhanced role-playing conversational framework for emotional support based on the
behavior preset and dynamic memory. (1) We randomly sample two characters from the MBTI-1024 Bank to act as
the seeker and the supporter respectively. Then we transform their structured personas into role-playing prompts.
(2) We introduce a behavior preset method to pre-generate possible single-turn dialogue demonstrations, enabling
ChatGPT to maintain the character’s state for multi-turn conversations. (3) The context-related memory will be
dynamically chosen as the reference for response generation in each turn. (4) The ChatGPT agent will generate
responses based on the persona prompt and the dynamic selected memory.

in MBTI-S2Conv have corresponding support ef-343

fectiveness scores.344

3.4 Development of CharacterChat345

After the data synthesis process for S2conv, we346

will formulate S2Conv in a mathematical problem347

and develop the S2conv system, which consists of348

a character-based LLM and a character-matching349

model.350

Let us consider a supporter with the persona351

denoted as P and the memory set represented352

by M = {m1,m2, . . . ,mn}. The conversation353

context is defined as C = [x1, y1, x2, y2, . . . , xk],354

where xi represents i-th utterance from the seeker,355

and yj represents the corresponding utterance from356

the supporter. The subsequent response and the357

associated memory are denoted as yk and mk, re-358

spectively. The primary tasks are (1) selecting the359

context-relevant memory mk of the supporter and360

(2) generating the persona- and memory-based re-361

sponse yk. To achieve this, we need to maximize362

the generation probability of yk given the C,P,M :363

P (yk|C,P,M) ≈ P (yk|C,P,mk) · P (mk|C,P,M). (1)364

We leverage Llama2-7B (Touvron et al., 2023)365

as the response generation and memory selection 366

backbone. These two tasks are simultaneously op- 367

timized on the MBTI-S2Conv dataset. 368

To provide personalized social support, we de- 369

velop an interpersonal matching model based on 370

BERT (Devlin et al., 2018). Specifically, we utilize 371

the support effectiveness scores based on the BDI 372

reduction as the compatibility between the seeker 373

and supporter. Subsequently, we design the dual 374

encoder to predict the compatibility between two 375

characters based on their persona. During infer- 376

ence, we identify the most compatible supporter in 377

MBTI-1024 Bank for the seeker with the specific 378

persona. Lastly, we propose the CharacterChat, the 379

first S2Conv system including interpersonal match- 380

ing module and a character-based LLM. 381

4 Experiments on Emotional Support 382

Ability 383

We compare our CharacterChat with BlenderBot- 384

ESC (Liu et al., 2021), Vicuna-13B (Chiang et al., 385

2023) and ChatGPT (OpenAI, 2022) to investi- 386

gate the emotional support ability of CharacterChat, 387

and the advancement of the interpersonal matching 388

mechanism. Our evaluation includes three parts: 389
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(1) we evaluate various models on the traditional390

dialogue metrics including BLEU (Papineni et al.,391

2002) and ROUGE (Lin, 2004), with the sepa-392

rate test set of MBTI-S2Conv, (2) the simulation393

method is used to evaluate the conversation-level394

effectiveness based on BDI index reduction of a395

seeker, (3) we evaluate the effectiveness of interper-396

sonal matching mechanism by human interaction.397

Table 1: Automatic evaluation results. The bold text
represents the best performance.

Models BLEU-1 BLEU-2 ROUGE-L

BlenderBot-ESC 39.15 21.86 11.86
Vicuna-13B 50.38 30.38 13.22
CharacterChat 68.74 41.81 19.12

Automatic Evaluation We have developed the398

CharacterChat based on the MBTI-1024 Bank and399

MBTI-S2Conv dataset. To prevent over-fitting, we400

utilize a similar manner to construct a test set for401

automatic evaluation, which contains 256 new char-402

acters and 256 social support conversations. Other-403

wise, ChatGPT is not considered as the baseline in404

automatic evaluation since the dataset is distilled405

from it, which will result in a data leak if we evalu-406

ate it.407

As depicted in Table 1, the following conclu-408

sions can be drawn from the data analysis: (1) A409

comparison between BlenderBot-ESC and Charac-410

terChat underscores the unsuitability of emotional411

support conversation methods for social support in-412

teractions. (2) The competence of LLM assistants413

in handling seekers with diverse personas is notably414

challenged in the absence of the adapted supporter415

profile. This inadequacy is apparent in the perfor-416

mance of Vicuna-13B. (3) Within the domain of417

social support conversations, the specialized Char-418

acterChat exhibits superior performance compared419

to the more all baselines. The above findings high-420

light the clear effectiveness of CharacterChat in421

providing emotional support.422

Simulated Evaluation Further, we evaluate the423

emotional support capability of CharacterChat by424

simulated conversation. Following the construction425

process of MBTI-S2Conv, we utilize ChatGPT as426

the emotional seeker in MBTI-1024 Bank, while427

the different models act as the supporters. By con-428

versational interaction with different models, we429

observe the BDI index reduction of the simulated430

seekers.431

Experimental results are shown in Table 2, where 432

our CharacterChat achieves the best performance in 433

the compared method except ChatGPT, as well as 434

the near performance of ChatGPT. In comparison, 435

even if BlenderBot-ESC is developed to provide 436

emotional support, it fails to adapt to the different 437

personalities of seekers, resulting in the worst per- 438

formance. Vicuna-13B as a general LLM, demon- 439

strates a better performance than BlenderBot-ESC, 440

indicating the powerful ability of LLMs. However, 441

it is also hard to give empathetic and personalized 442

support to various seekers in MBTI-1024 Bank. 443

Without the interpersonal matching, the advanced- 444

ness of CharacterChat is not obvious. Once the 445

optimal supporter is chosen, the compatible person- 446

ality will enhance the emotional support effect. 447

These findings are consistently observed across 448

different personality groups, suggesting the sta- 449

ble performance of CharacterChat to support seeks 450

with various personalities. 451

3.00 3.05 3.10 3.15 3.20 3.25 3.30 3.35 3.40
Average Score

Optimal Supporter

Random Supporter

Figure 4: Human evaluation.

Human Evaluation For a deeper understanding 452

of the effectiveness of interpersonal matching in 453

emotional support conversations, we invite 64 vol- 454

unteers (covering 16 MBTI personalities) to act as 455

seekers and engage in conversations with an opti- 456

mal AI supporter. They are told to describe their 457

persona and CharacterChat will match the optimal 458

supporters from the MBTI-1024 Bank for them. 459

Otherwise, they also chat with another random AI 460

supporter as a comparison. After the conversation, 461

they should assess these two supports about their 462

performance in depressing the emotional stress by 463

the 5-level scale. The experimental process will 464

take one hour and we pay 10$ as compensation for 465

every volunteer. Evaluation results are shown in 466

Figure 4. When optimal supporters are dispatched 467

for human seekers, the scores of emotional reduc- 468

tion are higher than the random supporter, indicat- 469

ing the effectiveness of interpersonal matching. 470

Role-playing Framework Evaluation We im- 471

prove the role-playing conversation by the behavior 472
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Table 2: Simulation evaluation results. We compare the performance under different personality groups, such as
I-type, E-type, etc. The lower scores after the conversation indicate better support ability. The best performance
among methods except ChatGPT is in bold text. Subscript o represents that the optimal supporter, which is chosen
by interpersonal matching, is equipped, while r represents the random supporter.

E I N S T F J P

Initial 0.187 0.206 0.204 0.189 0.194 0.200 0.194 0.200

BlenderBot-ESC 0.126 0.153 0.147 0.131 0.139 0.140 0.136 0.142
Vicuna-13B 0.111 0.136 0.130 0.118 0.124 0.123 0.125 0.123
ChatGPTr 0.109 0.137 0.129 0.117 0.124 0.122 0.120 0.126
ChatGPTo 0.082 0.105 0.099 0.088 0.093 0.094 0.090 0.097
CharacterChatr 0.114 0.140 0.134 0.120 0.129 0.125 0.124 0.130
CharacterChato 0.086 0.107 0.104 0.089 0.097 0.096 0.095 0.098

1 2 3 4 5 6 7 8 9 10
Turn
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w/o behavior preset
w/ behavior preset

Figure 5: Expiration Ratio of Role-Playing Prompts
with Increasing Conversation Turns.

preset and dynamic memory. We evaluate the role-473

playing effectiveness here by self-belief validation.474

We investigate the duration of role-playing by475

asking the agent for their name at different turns.476

The role-playing will be considered expired once477

the response contains ‘AI’, ‘ChatGPT’, or ‘assis-478

tant’, instead of their own profile. We make Chat-479

GPT role-play based on randomly selected 100480

characters from the MBTI-1024 Bank. As the num-481

ber of conversation turns increases, the expiration482

ratio of the role-playing is shown in Figure 5. The483

common role-playing method is hard to follow the484

given character profiles with the dialogue proceed-485

ing, indicated by the increasing expiration ratio and486

19% at the 10th turn. However, with the help of487

the predefined behaviors, the expiration ratio of the488

role-playing after 10 turns only increases to 6% and489

keeps steady. The stable role-playing ability vali-490

dates the effectiveness of our proposed enhanced491

role-playing conversational framework and ensures492

the character-consistency as well as the data quality493

of MBTI-S2Conv.494

Personality Back-Test of Characters To evalu-495

ate the personality alignment of characters within496

the MBTI-1024 Bank, we replace the system497

prompt of ChatGPT with the character’s persona,498

completing the MBTI questionnaire from the offi- 499

cial assessment platform like human.4 The summa- 500

rized results are presented in Table 3. Notably, 38% 501

of characters exhibit complete alignment across all 502

four dimensions with their designated MBTI per- 503

sonality, and nearly 80% of characters demonstrate 504

alignment across at least three dimensions. Taking 505

into account the complexity of personality, which 506

can be shaped by a range of factors resulting in 507

inherent fluctuation, the assessment could demon- 508

strate that the virtual characters within MBTI-1024 509

Bank are capable of displaying behaviors consis- 510

tent with their designated personalities. 511

Furthermore, we assessed the accuracy of MBTI 512

sub-dimension matching, as detailed in Table 4. 513

Remarkably, the E/I dimension, which represents 514

how individuals gain energy, achieves the highest 515

accuracy. ’E’ means external stimuli or interac- 516

tions (extraversion) while ’I’ means being more 517

reserved and reflective (introversion). It is intu- 518

itively aligned with the actual recognition since 519

it is easy to discriminate the E/I dimension of a 520

person based on whether he/she is outgoing. Con- 521

versely, the N/S dimension, which characterizes 522

how individuals assimilate information, exhibited 523

the lowest accuracy. The former ’S’ means con- 524

crete specifics and practicality (sensing) while the 525

latter ’N’ patterns and possibilities (intuition). We 526

speculate that the discrepancy likely is aroused by 527

the inherent challenge of incorporating intuition 528

into LLMs, making precise recognition in this di- 529

mension more intricate. 530

In summary, the virtual characters of MBTI- 531

1024 Bank showcase a significant alignment with 532

their designated MBTI personalities. 533

4https://www.16personalities.com/
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Table 3: MBTI Assessment Results for MBTI-1024
Bank. The hit@k metric measures the number of match-
ing dimensions between the designated MBTI and the
assessed MBTI within the four dimensions.

hit@0 hit@1 hit@2 hit@3 hit@4

Count 3 25 173 433 390

Table 4: MBTI Matching Accuracy for Each Sub-
dimension within the MBTI-1024 Bank.

E/I N/S T/F J/P

Accuracy (%) 90.82 71.09 85.84 73.24

5 Compatibility between Different534
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Figure 6: BDI index reduction of MBTI-S2Conv across
16 MBTI personalities, The X-axis and Y-axis are the
MBTI of the supporter and seeker respectively.

Subsequently, we investigate how personality af-536

fects support effectiveness. Before and after the537

conversation in MBTI-S2Conv, we have made BDI538

assessment for each seeker, the BDI index reduc-539

tion by the conversation is deemed as the support540

effectiveness.541

Experimental results are presented in the Fig-542

ure 6. It’s clear that personality remarkably influ-543

ences the effectiveness of the social support con-544

versation. There are also discoveries that match the545

conclusions drawn from a study of society (O’Neil546

and Petty, 2019). For example, the optimal person-547

ality for the characters with the INFP personality548

is INTP by observing the dark parts in Figure 6,549

which means the higher BDI index reduction after550

the conversation. In other words, the INTPs serve551

as the most compatible personality for supporting552

INFPs. Their compatibility is influenced by sev-553

eral factors: Firstly, their shared intuition means 554

they both enjoy discussing possibilities and abstract 555

concepts, which helps them form deep connections. 556

Secondly, their complementary thinking and feel- 557

ing styles—INFPs focusing on values and emo- 558

tions, and INTPs on logic and objectivity—bring 559

fresh perspectives to their conversations. Addition- 560

ally, as introverts, they both value alone time, reduc- 561

ing potential friction over personal space. Lastly, 562

their curiosity and open-mindedness keep the rela- 563

tionship dynamic and growth-oriented. 564

Besides, we also observe that INFPs might not 565

be eligible supporters for helping reduce depres- 566

sion, as indicated by the lighter bands in Figure 6. 567

This is caused by the inherent introversion char- 568

acteristic of INFPs and their pessimistic attitude 569

will potentially have negative effects on the others’ 570

emotion. 571

These observations underscore the importance 572

of compatible personality for emotional support, in- 573

spiring us to propose CharacterChat by introducing 574

an interpersonal matching mechanism for provid- 575

ing effective personalized emotional support. 576

6 Conclusion 577

In this work, we have introduced the Social Support 578

Conversation (S2Conv) framework as a novel solu- 579

tion to the challenges faced by traditional emotional 580

support methods. Our central contribution involves 581

the creation of the MBTI-1024 Bank, housing a 582

diverse array of virtual characters with distinct pro- 583

files, and MBTI-S2Conv, the social support conver- 584

sations between the characters in the MBTI-1024 585

Bank. Both of them facilitate the development of 586

CharacterChat, the first S2Conv system that encom- 587

passes a character-based conversational model, and 588

an interpersonal matching plugin model to dispatch 589

the compatible supporter in MBTI-1024 Bank for 590

the seeker with a specific persona. Our work not 591

only highlights the remarkable capabilities of Char- 592

acterChat for personalized social support but also 593

emphasizes the pivotal role of interpersonal match- 594

ing in enhancing the effect of support. We believe 595

that this study could raise more attention to inter- 596

personal matching mechanisms for goal-oriented 597

human-machine dialogue in the future. 598
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7 Limitations.599

First, our reliance on the Myers-Briggs Type In-600

dicator (MBTI) may oversimplify the complex-601

ity and fluidity of real-world human personalities.602

Second, the dataset constructed via role-playing603

agents may engender a “simulation-to-reality” gap,604

potentially failing to capture the subtle and erratic605

emotional nuances of human users. Finally, the def-606

inition of optimality in our interpersonal match-607

ing is based on training objectives, which may not608

always align with a user’s momentary psychologi-609

cal needs.610

8 Ethical Considerations611

Crucially, CharacterChat is designed for social sup-612

port, not as a substitute for clinical therapy. Rigor-613

ous safety mechanisms are implemented to detect614

crisis signals (e.g., self-harm) and redirect users615

to professionals. We also acknowledge the risk616

of emotional dependence due to high personal-617

ization and mitigate this by ensuring transparency618

about the AI identity. Furthermore, strict data pri-619

vacy protocols are enforced to protect the sensitive620

personal narratives processed by the memory mod-621

ule.1622
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Figure 7: Psychological assessment results of MBTI-
1024 Bank. We use two kinds of colors to distinguish
extraversion and introversion personalities. The mid-
point of each bar represents the average BDI index of
each MBTI type in the measurement, while the upper
and lower ends of the vertical line represent the upper
and lower bounds of the BDI index.

Based on the aforementioned BDI, we take psy- 758

chological assessments for virtual characters in 759

MBTI-1024 Bank. Specifically, each character will 760

complete a BDI assessment and we compute the 761

normalized BDI index to display (the actual BDI 762

score / total BDI score). Accordingly, the BDI 763

index of 0.22-0.30 indicates mild depression, 0.30- 764

0.44 indicates moderate depression, and above 0.44 765

indicates severe depression. 766

The BDI indexes of 16 personalities are shown 767

in Figure 7. Luckily, the psychological condition 768

of characters in MBTI-1024 Bank is overall favor- 769

able. However, the character with mild depression 770

still exists in all personality groups. Specifically, 771

the characters with INFP personality, whose aver- 772

age BDI index reaches the mild depression level, 773

display the worst psychological condition, indi- 774

cating the importance of providing emotional sup- 775

port for them. Our findings are also in alignment 776

with the practical experiment done in (Schommer 777

et al., 2017), which shows INFPs present the high- 778

est health risk in anxiety and depression. This not 779

only enhances the credit of our study by simula- 780

tion but also provides a new scope (LLM-based 781

simulation) to investigate psychology or society 782

science. 783
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Besides, the I-type (Introversion) people consis-784

tently have a higher BDI index than E-type (Ex-785

traversion) ones in general except ISTP. It is easy786

to understand and also the commonsense that the787

I-type person is relatively resistant to social inter-788

action and accustoms to hide the troubles in the789

deep heart. The exception is that the average BDI790

index of ISTP is higher than ESTP, which is evi-791

denced in (Schommer et al., 2017) once again. This792

is caused by the perfectionism of these ESTPs, in793

which the conflict between the high pursuit and794

current ability introduces their depression.795

These findings indicate the necessary of provid-796

ing emotional support to people in trouble, espe-797

cially for the introversive group.798
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