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Abstract001

End-of-life counseling for terminal cancer pa-002
tients constitutes a psychologically intensive003
clinical interaction that must simultaneously004
satisfy complex requirements, including the005
accuracy, safety, and empathetic delivery of006
medical and advance care planning informa-007
tion. While large language models (LLM) have008
recently been explored as counseling support009
tools, single LLM–based response generation010
struggles to coordinate these competing de-011
mands within a single response. To address012
this challenge, this study proposes Eirene, a013
multi-agent control architecture that separates014
goal-oriented response generation from con-015
straint verification. Ablation study results show016
that Eirene achieves consistent performance im-017
provements across all evaluation metrics. More-018
over, analysis of the feedback loop reveals a019
trade-off between response quality and system020
cost, indicating that a limited number of iter-021
ations functions as an effective balance point.022
These findings suggest that a multi-agent con-023
trol framework, which reframes safety and ethi-024
cal constraints as post-generation judgment and025
intervention problems, can ensure both stability026
and conversational quality in high-risk clinical027
counseling settings.028

1 Introduction029

End-of-life(EoL) counseling is a core clinical pro-030

cess that supports terminal patients’ treatment de-031

cisions and the establishment of life values, and032

Advance Care Planning(ACP) is a primary means033

of institutionalizing this process. However, in real034

clinical settings, EoL counseling is difficult to con-035

duct consistently due to time constraints and high036

emotional burden, and ACP is also often not suf-037

ficiently completed (Sailian et al., 2024; Scholz038

et al., 2020). To compensate for these limitations,039

the need for automated systems that can structure040

and support the counseling process has been raised041

(Cheung et al., 2020; Alanazi et al., 2024). How-042

ever, each utterance in EoL counseling must si- 043

multaneously satisfy medical factuality, ethical and 044

safety requirements, and empathetic responses, and 045

these requirements tend to conflict with one an- 046

other at the same utterance level (Lechner et al., 047

2023). Existing single Large Language Model 048

(LLM)-based systems exhibit structural failures in 049

such situations (Lechner et al., 2023). This stems 050

from a structural limitation whereby attempts to si- 051

multaneously optimize counseling goal attainment 052

and safety and ethical constraints within a single 053

generation process make it impossible to explicitly 054

control the interactions among these requirements. 055

Accordingly, this study defines EoL counseling 056

not as a simple dialogue generation problem, but as 057

a problem of controlling multiple simultaneously 058

conflicting objectives, and proposes a multi-agent 059

system, Eirene, that functionally separates goal at- 060

tainment and constraint verification. Named after 061

the Greek goddess of peace, Eirene reflects the ob- 062

jective of this study to help terminal patients and 063

their families peacefully accept the end of life. The 064

proposed system consists of a Counselor agent that 065

conducts counseling, a Critic agent that verifies 066

semantic constraints, and an Escalation agent that 067

detects high-risk signals and transitions to Human- 068

in-the-loop intervention. This configuration goes 069

beyond a simple cooperative relationship among 070

agents, exhibiting the characteristics of a coopeti- 071

tion relationship in which agents may also engage 072

in critique as needed (Tran et al., 2025). Through 073

this design, the system continuously conducts coun- 074

seling while maintaining an explicitly controlled 075

structure that ensures each utterance does not vio- 076

late ethical or semantic constraints. 077

The main contributions of this paper are as fol- 078

lows. (1) We define the problem of EoL patient 079

counseling as a constrained optimization prob- 080

lem and propose a coopetition structure among a 081

Counselor Agent for achieving counseling goals, 082

a Critic Agent for verifying semantic constraints, 083
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Figure 1: Qualitative analysis of model responses. Unlike the single LLM that uses difficult terminology, the
proposed Eirene demonstrates empathy and explains concepts using easy-to-understand examples.

and an Escalation Agent for checking ethical con-084

straints, thereby systematically structuring the con-085

flicting relationships among the various require-086

ments. (2) We evaluate the performance of the087

proposed multi-agent approach in comparison with088

a single LLM and demonstrate statistically signif-089

icant performance improvements across key met-090

rics. In particular, through an ablation study, we091

demonstrate that each agent module plays a critical092

role in ensuring response safety. (3) Considering093

the sociocultural clinical context of Korea, we es-094

tablished a six-stage counseling workflow through095

co-design with medical professionals, and exam-096

ined the effectiveness of the proposed methodol-097

ogy through virtual patient simulations reflecting098

the characteristics of the Korean elderly popula-099

tion. These results demonstrate that the proposed100

system can function as an effective counseling sup-101

port tool even in high-risk clinical environments,102

and suggest the potential to bridge technology and103

palliative care practice. Throughout the design104

process, we maintained continuous clinical con-105

sultation with palliative care clinicians in Korea106

to ensure that the system’s assumptions, dialogue107

tone, and safety boundaries remain aligned with108

real-world end-of-life counseling practice.109

2 Related Work110

2.1 LLM in End-of-Life care111

End-of-life counseling aims to align patients’ val-112

ues with their treatment preferences. While113

prior studies have proposed theoretical foundations 114

(Bernacki et al., 2014, 2019; Uemura et al., 2024) 115

and web-based tools (Sudore et al., 2017b), their 116

reliance on predefined rules limits flexibility in re- 117

sponding to emotions and context. Although LLMs 118

have been introduced to address this gap, Single 119

LLM systems—where generation and safety veri- 120

fication share a single pathway—face a structural 121

dilemma: prioritizing safety often leads to defen- 122

sive, formal responses that reduce empathy or im- 123

pede dynamic control (Lechner et al., 2023). This 124

dilemma arises from jointly optimizing the conflict- 125

ing objectives of Helpfulness and Safety (Sabour 126

et al., 2023). Moreover, safety-oriented fine-tuning 127

incurs an ‘alignment tax’ that degrades dialogue 128

quality (Long Ouyang and Lowe, 2022), resulting 129

in evasive behavior (Bai et al., 2022) or over-refusal 130

of benign requests (Röttger et al., 2024). These 131

limitations underscore the need for a structural ap- 132

proach beyond a single generation pathway. 133

2.2 Self-Correction Multi-Agent Frameworks 134

Self-critic mechanisms have been proposed to im- 135

prove LLM performance by enabling models to 136

review and revise their own outputs (Shinn et al., 137

2023; Kim et al., 2023). Among these, Direct 138

Prompting (DP) induces critique through prompts 139

(Li and Zhao, 2025), but its reliance on intrinsic in- 140

tuition limits effective self-correction without an ex- 141

ternal gold signal (Zheng et al., 2025; Huang et al., 142

2023). In EoL counseling, where answers are inher- 143

ently ambiguous, single models therefore risk reit- 144
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erating biased responses or performing only shal-145

low verification. To mitigate this, multi-agent sys-146

tems (MAS) have been introduced (Li et al., 2023).147

By separating generation and verification roles and148

enabling collaborative interaction, MAS extends in-149

tuitive single-model generation into deeper logical150

reasoning (Du et al., 2023). Although recent work151

in mental health shows enhanced empathetic re-152

sponses (Xu et al., 2025), EoL counseling addition-153

ally demands strict medical accuracy and clinical154

safety (Akdeniz et al., 2021; Sudore et al., 2017a).155

Existing models (Qiu et al., 2024), optimized for156

general counseling, thus remain structurally lim-157

ited in preventing subtle risks or clinical errors in158

life-critical settings.159

2.3 LLM as a judge160

With recent advances in reasoning capabilities, the161

use of LLMs as evaluators, referred to as ‘LLM-as-162

a-judge,’ has been expanding in the field of natural163

language processing. The contextual embeddings164

of LLMs effectively capture subtle semantic differ-165

ences and contextual nuances in human language166

(Kjell et al., 2022, 2024). In pairwise comparison-167

based evaluations using GPT-4 as a judge on MT-168

Bench, a high agreement rate of over 80% with169

human experts was reported (Zheng et al., 2023).170

Such performance has also been demonstrated in171

clinical domains that require a high level of ex-172

pertise (Seo et al., 2024). In particular, although173

medical expert evaluations themselves exhibit high174

reliability, a tendency to systematically underesti-175

mate certain types of errors has been reported, rais-176

ing the need for complementary use of automated177

or model-based evaluators. In the ‘AI Hospital’178

study conducted in a multi-agent environment (Fan179

et al., 2025), LLM-based evaluations of treatment180

plans showed a high correlation with physicians’181

judgments (r = 0.86). Moreover, in the mental182

health domain, LLMs demonstrated meaningful183

performance in evaluating levels of empathy to-184

ward clients (Gabriel et al., 2024) and in identifying185

key utterances that serve as the basis for judgments186

(Blanco-Cuaresma, 2024), and achieved substantial187

agreement with experts (Krippendorff’s α = 0.78)188

in tasks involving the identification of high-risk cri-189

sis situations (Thomas et al., 2025). These prior190

studies suggest that LLM-based evaluation has po-191

tential applicability even in complex and sensitive192

clinical environments.193

3 Preliminaries 194

Before describing Eirene, the multi-agent system 195

proposed in this study, we clarify the scope of the 196

problem that the system aims to address. EoL can- 197

cer patient counseling is a complex domain that 198

must simultaneously satisfy distinct conversational 199

stages and strict clinical constraints. Accordingly, 200

this section defines (1) the six-stage counseling 201

workflow and (2) the objectives and constraints 202

that constitute the targets of optimization, which 203

together form the foundation of the system design. 204

3.1 Counseling Stage 205

Eirene’s counseling flow is composed of six stages: 206

Opening, Disease Awareness, ACP Awareness, Em- 207

pathy, Treatment Preferences, and Closing. 208

In the Opening stage, the counselor establishes 209

rapport and agrees on the discussion topics and 210

their priorities, and then proceeds to the next stage 211

after confirming that the patient understands the 212

goals. In the Disease Awareness stage, the coun- 213

selor confirms the patient’s understanding of prog- 214

nosis, symptoms, and test results while correcting 215

misunderstandings in real time. In the ACP Aware- 216

ness stage, the counselor explains only the key 217

points of advance directives and advance care plan- 218

ning and provides guidance on relevant laws and 219

procedures. The Empathy stage supports emotional 220

acceptance by exploring personal values. In the 221

Treatment Preferences stage, major interventions 222

such as CPR, mechanical ventilation, dialysis, ICU 223

admission, vasopressors, chemotherapy, ECMO, 224

and blood transfusion are addressed sequentially 225

to reduce redundant explanations and information 226

overload. Finally, in the Closing stage, the coun- 227

selor concludes by summarizing the patient’s deci- 228

sions and questions. 229

To maintain counseling professionalism, the sys- 230

tem adopts a staged linear structure. Transition 231

indicators for each stage are based on linguistic sig- 232

nals defined by the hospice team based on clinical 233

experience, including the patient’s explicit consent, 234

confirmation of corrected misunderstandings re- 235

garding prognosis, and voluntary articulation of 236

personal values. This structure ensures that the 237

counseling can proceed flexibly in response to the 238

patient’s reactions without deviating from clinical 239

guidelines. 240
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Figure 2: Overall architecture. When the user initiates an utterance, the system (a) checks whether escalation
is required, (b) generates candidate responses, (c) verifies the responses based on risk types, and (d) outputs or
regenerates the response.

3.2 Objectives & Constraints241

EoL counseling for terminal cancer patients is a242

complex problem that goes beyond conducting di-243

alogue and requires the simultaneous satisfaction244

of multiple objectives and constraints. This study245

defines the objectives and constraints of counseling246

as follows.247

Objectives. The counseling system performs248

three core tasks: (1) contextual understanding249

through real-time tracking of the patient’s emo-250

tional state and level of information comprehension,251

(2) provision of medical information grounded in252

clinical knowledge, and (3) task execution and ut-253

terance generation in accordance with predefined254

counseling stages.255

Semantic Constraints. In the process of achiev-256

ing these objectives, the system adheres to the fol-257

lowing constraints to protect patient trust. First,258

it maintains medical accuracy by excluding incor-259

rect prognostic information or unfounded claims.260

Second, it preserves patient autonomy by prevent-261

ing coercive expressions and focusing on the role262

of an information provider. Third, it practices re-263

spect for emotions by not overlooking the patient’s264

psychological distress.265

Ethical Constraints. Finally, when the patient266

exhibits risk signals, the system must immediately267

suspend automated responses and apply a Human-268

in-the-loop mechanism. This serves as a safety269

mechanism that enables the AI system to recognize270

the limits of clinical judgment and appropriately271

escalate situations requiring expert intervention.272

In conclusion, the EoL counseling problem273

is defined as a constrained optimization prob-274

lem that simultaneously pursues functional objec- 275

tives—contextual understanding of dialogue, pro- 276

vision of medical information, and stage-wise task 277

accomplishment—while satisfying semantic con- 278

straints such as preservation of autonomy, medical 279

accuracy, and respect for emotions, as well as eth- 280

ical constraints involving safe escalation in crisis 281

situations. 282

4 Methods 283

4.1 Overall architecture 284

This study assigns responsibility for each problem 285

to independent agents in order to simultaneously 286

satisfy the system objectives and two types of con- 287

straints. When a user utterance is received, the 288

Escalation agent first checks whether the ethical 289

constraints are satisfied. If Human-in-the-loop in- 290

tervention is deemed necessary, a predefined mes- 291

sage is output and the conversation is immediately 292

terminated. If the ethical constraints are satisfied, 293

the Counselor agent analyzes the user utterance 294

and generates an appropriate response to achieve 295

the objectives of the current counseling stage. This 296

response is then passed to the Critic agent, which 297

checks whether the response violates semantic con- 298

straints and provides feedback. If the response is 299

judged to require revision due to constraint vio- 300

lations, the Counselor receives the feedback and 301

regenerates the response. Through this feedback 302

loop, a final response that satisfies the constraints 303

while simultaneously addressing the objectives is 304

derived. The pseudo code is presented in Algo- 305

rithm 1. 306
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Algorithm 1: Main workflow of the multi-agent counseling system
Input :userInput
Output :response

// Ethical Constraints
1 isRisky ← EscalationAgent.check(userInput,memory)
2 if isRisky then
3 return "Human-in-the-loop"

4 feedback ← ””
5 for t = 1 to N do

// Objectives
6 userSession← CounselorAgent.plan(userInput, userSession)
7 medicalInfo← CounselorAgent.useTool(userInput,memory)
8 response←

CounselorAgent.generate(userInput, userSession,memory,medicalInfo, feedback)

// Semantic Constraints
9 riskType, feedback ← CriticAgent.evaluate(userInput, response,memory)

10 if riskType = 0 then
11 break

12 return response

4.2 Multi-agent system307

The Escalation Agent receives the user utterance308

x and a memory m containing the conversation309

history as input, and performs binary classification310

of acute risk e ∈ {0, 1}. When e = 1, the system311

prioritizes ethical constraints over response gen-312

eration and transitions to a safe output pathway313

involving human expert intervention. Given the314

characteristics of EoL counseling, expressions re-315

lated to acceptance of or preparation for a natural316

death are designed not to be overclassified as risk317

signals.318

e = Agent(x,m | θescalation)

The Counselor agent is the generative entity that319

conducts the actual counseling. It receives the320

user utterance x, the current counseling stage s,321

the memory m, the tools τ available to the agent,322

and the feedback fb from the previous step, and323

generates a response y. Beyond simple response324

generation, the Counselor agent performs planning325

by analyzing the user’s previous counseling stage326

s and the current input x. Through the planning327

step, it analyzes which counseling stage is currently328

required and modifies the instructions within the329

prompt according to the decision, a design intended330

to ensure that the tasks required at each counseling 331

stage are achieved. 332

The core components supporting the inference
of the Counselor agent are as follows. The memory
m consists of Short-term Memory (STM), which
stores and summarizes conversation history to ac-
curately capture conversational context (Zhang and
Luo, 2024), and Long-term Memory (LTM), which
stores characteristic information specific to the pa-
tient(Chhikara et al., 2025). The tool τ enables
Retrieval Augmented Generation (RAG) to provide
medically accurate and evidence-based informa-
tion. For this purpose, a vector database composed
of 135 cancer-related documents from the National
Cancer Institute was constructed (National Cancer
Institute, 2025). The feedback fb is provided by
the Critic agent introduced below when the Coun-
selor agent violates semantic constraints. The ini-
tial feedback fb0 is provided as an empty string.

yt = Agent(x, s,m, τ, fbt−1 | θcounselor)

The Critic agent receives the user utterance x, the 333

Counselor agent’s response y, and the memory m 334

as input, and outputs a risk type r and feedback fb. 335

Specifically, r ∈ {r0, r1, r2, r3} indicates which 336

semantic constraint has been violated, and the risk 337

types are defined as follows. r1 denotes medical 338

5



errors or unfounded prognostic assertions, r2 de-339

notes violations of patient autonomy or the use of340

coercive expressions, and r3 denotes neglect of341

emotional considerations, while r0 is output when342

no constraints are violated. When rt ̸= r0, the343

Counselor regenerates the response by reflecting344

the feedback fb. The use of a finite set of risk345

types is intended to clearly distinguish semantic346

constraint violations and enable repeatable eval-347

uation. The feedback fb contains instructions on348

how the Counselor agent should revise the response349

based on the violated risk type.350

(rt, fbt) = Agent(x, yt,m | θcritic)

Response generation by the Counselor agent351

and feedback generation by the Critic agent are352

repeated until the risk type r0 is produced. To353

prevent infinite loops and ensure system stability,354

the number of iterations is limited to N . In sum-355

mary, the proposed system introduces a Counselor356

agent to achieve objectives and a Critic agent and357

an Escalation agent to verify constraints, thereby358

addressing the EoL counseling problem. Imple-359

mentation details are provided in the Appendix.360

5 Experiments361

5.1 Metrics362

To evaluate the counseling quality, we defined a set363

of metrics through a co-design process with medi-364

cal professionals. These metrics, designed to verify365

the alignment with our objectives and constraints,366

were rated on a 1–10 Likert scale: Empathy, Appro-367

priateness, Professionalism, Accuracy, Specificity,368

User-centeredness, Ethicality. Detailed explana-369

tions are provided in the Appendix.370

5.2 Dataset371

Due to the nature of EoL counseling, acquiring372

real patient dialogue data raises ethical concerns373

and makes it difficult to construct a sufficiently374

large dataset. Therefore, to ensure safety and re-375

producibility, an LLM-based patient simulator was376

used instead of real patient interactions, model-377

ing ten virtual patients with diverse sociocultural378

and emotional characteristics. The simulator was379

designed to reflect the sociocultural context of Ko-380

rea. Personas were geographically distributed to381

include linguistic and dialectal differences among382

major cities (e.g., Seoul, Busan, Jeonju). Occupa-383

tional and socioeconomic diversity was configured384

to reflect the demographic composition of the el- 385

derly population in Korea. Each persona embodied 386

culture-specific attributes such as Confucian family 387

values, emotion suppression influenced by social 388

norms, religious differences in perceptions of death, 389

and concerns about burdening family members. 390

Language-specific elements were also incorporated, 391

including the use of honorific and informal speech, 392

hierarchical family expressions, and dialectal nu- 393

ances. This design aimed to realistically capture 394

the cultural identity and communication styles of 395

Korean terminal cancer patients (Rim et al., 2021; 396

Tarbi et al., 2021). Each dialogue session consisted 397

of 10–20 turns, with each turn composed of a pa- 398

tient utterance and an Eirene response pair. This 399

design reflected clinical safety standards observed 400

in real clinical environments, ensuring emotional 401

acceptance and information comprehension within 402

the simulation setting. 403

5.3 Experiment Design 404

To verify the performance and efficiency of Eirene, 405

this study designed experiments by setting the fol- 406

lowing two key research questions (RQs). 407

RQ1. Does Eirene improve clinical response 408

quality in EoL counseling? To verify whether 409

Eirene achieves the objectives and constraints, the 410

seven evaluation metrics defined above are assessed 411

using a 1–10 Likert scale. Scores are measured us- 412

ing an LLM-as-a-judge evaluation method, with 413

GPT-4 employed as the evaluation model (Gu et al., 414

2024). For additional comparison, an ablation 415

study is conducted on the agents used in the system 416

to examine the contribution of each component. 417

Specifically, comparative evaluations under identi- 418

cal conditions are performed for (1) removal of the 419

Critic agent, (2) removal of the Escalation agent, 420

(3) removal of both the Critic and Escalation agents, 421

and (4) a Single LLM configuration. Because the 422

Counselor agent is the entity that generates the final 423

response, direct ablation was not feasible; instead, 424

the contribution of the Counselor agent is indirectly 425

evaluated using a single LLM with only a prompt. 426

RQ2. What level of intervention by the Critic 427

Agent is optimal? We analyze the impact of the 428

maximum number of iterations N , set to prevent 429

infinite stagnation of the feedback loop, on sys- 430

tem performance and resource efficiency. If N 431

is too small, response correction may be insuffi- 432

cient, whereas if it is excessively large, latency and 433

token costs may increase sharply. Accordingly, re- 434

sponse quality, average and P95 latency, and token 435
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Table 1: Scores of the seven evaluation metrics for the ablation experiments of the main agents

Models Empathy Approp. Profess. Accuracy Specif. User-cent. Ethicality

Eirene 7.9 8.1 9.0 8.9 7.3 8.2 9.4
Single LLM 7.6 6.8 8.3 8.3 6.3 7.8 8.5
w/o Critic & Escalation 7.8 7.7 8.6 8.5 7.2 7.8 8.9
w/o Critic 7.9 7.6 8.4 8.6 6.8 7.8 9.1
w/o Escalation 7.7 7.5 8.8 8.6 7.1 7.8 9.0

usage are comprehensively analyzed for settings of436

N = 1, 3, 5, 7, 10. Response quality is evaluated437

using the same metrics and evaluation methods de-438

fined above. The P95 metric indicates that 95% of439

all responses fall within the corresponding value,440

representing an upper bound of performance that441

the system can stably guarantee in real-time coun-442

seling environments while excluding the top 5% of443

extreme values.444

6 Result445

6.1 Ablation Study446

This section quantitatively compares and analyzes447

the performance of the Eirene multi-agent system448

across seven evaluation metrics. All experiments449

were conducted using identical evaluation settings450

and inputs, and result interpretation was based on451

the average scores reported in the table.452

Eirene achieved the highest scores across all eval-453

uation metrics. Compared with the Single LLM,454

Eirene demonstrated consistent performance im-455

provements on all metrics. Appropriateness in-456

creased by approximately 19%, and specificity in-457

creased by approximately 16%. Accuracy also im-458

proved by approximately 7%. These results in-459

dicate that the multi-agent architecture generated460

higher-quality responses overall than the single461

LLM-based approach.462

In the configuration without the Critic agent, ap-463

propriateness decreased by approximately 6% com-464

pared to Eirene, and specificity decreased by ap-465

proximately 7%. This indicates that the removal of466

the Critic agent leads to score degradation in certain467

metrics. In the configuration without the Escala-468

tion agent, ethicality decreased by approximately469

4%, and user-centeredness decreased by approx-470

imately 5%. In the configuration where both the471

Critic agent and the Escalation agent were removed,472

slight performance degradation compared to Eirene473

was observed across all metrics. However, this474

configuration still maintained overall higher scores475

than the Single LLM, suggesting that the Coun-476

selor agent alone is capable of generating more 477

appropriate responses than a Single LLM. 478

In summary, each agent makes a meaningful con- 479

tribution to overall response quality, and the best 480

performance was observed in the Eirene configu- 481

ration that incorporates all agents. Notably, the 482

contributions of individual agents do not simply 483

accumulate independently; rather, additional per- 484

formance gains emerge when all three agents are 485

combined. In fact, for six out of the seven evalu- 486

ation metrics, Eirene achieved higher scores than 487

all ablation settings in which any single agent was 488

removed, and this level of performance was not 489

reproduced by any partial combination. Consid- 490

ering that EoL counseling is a task requiring the 491

simultaneous satisfaction of complex objectives 492

and constraints, these findings suggest that a multi- 493

agent collaborative architecture incorporating role 494

specialization and mutual oversight among agents 495

is an effective approach. 496

6.2 Optimal Number of Iterations 497

Figure 3: Average iterations per session across 13 coun-
seling stages. The average feedback frequency is less
than 3 for all stages, including sub-stages.

A comprehensive analysis of the experimental 498

results with respect to the upper bound N on re- 499

peated feedback reveals a clear trade-off between 500

response quality and system cost. Under the N = 1 501

setting, the average overall score was the lowest, 502

while the average token usage and average latency 503

remained at minimal levels, making it the most 504

lightweight configuration in terms of efficiency. 505
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Table 2: Analysis of response quality and cost with respect to N

N Limit Overall Score(↑) Avg. Tokens(↓) P95 Tokens(↓) Avg. Latency(s, ↓) P95 Latency(s, ↓) Avg. Iteration

1 7.99 3568.7 5578.9 8.33 11.59 1.0
3 8.24 4346.3 7715.1 10.40 18.01 1.28
5 7.91 5201.5 13510.4 11.45 26.40 1.57
7 8.33 4733.3 13114.6 11.30 31.11 1.46
10 7.87 5923.8 26427.0 13.56 46.36 1.87

When increased to N = 3, the overall score rose by506

0.25 points to 8.24, while the average token usage507

and latency increased to 4346.3 and 10.4 seconds,508

respectively. This indicates that a limited num-509

ber of Critic agent feedback iterations contributes510

to response quality improvement while keeping511

cost increases relatively moderate. In contrast, at512

N = 5, although the average token usage increased513

to 5201.5 and the P95 token count reached 13510.4,514

the overall score decreased to 7.91. This suggests515

that increasing the number of feedback iterations516

does not directly translate into quality improve-517

ment and may instead negatively affect response518

quality due to instability in the revision process519

or excessive repetition. At N = 7, the Overall520

score reached its highest value of 8.33, but the521

P95 latency increased to 31.11 seconds. When522

N = 10, not only did the average token usage in-523

crease markedly to 5923.8, but the P95 latency also524

increased to 46.36, representing a fourfold increase525

compared to N = 1.526

As shown in Figure 3, which illustrates the ac-527

tual number of feedback iterations per session, the528

average number of iterations remained below three529

even as N increased. This indicates that the Critic530

feedback process converges in most cases before531

reaching the upper bound N , and that actual repe-532

titions remain limited even when the upper bound533

is set high. Taken together, N = 3 serves as a bal-534

anced point that provides a clear quality improve-535

ment over N = 1 while effectively suppressing536

the excessive increases in token usage and latency537

observed at N ≥ 5. These results demonstrate that538

rather than increasing the intensity of Critic feed-539

back without bound, setting an appropriate upper540

limit that accounts for actual convergence behav-541

ior is critical for maintaining the trade-off between542

response quality and system cost.543

7 Conclusion544

This study defines EoL counseling as a constraint-545

aware optimization problem that simultaneously546

seeks to achieve the objective of generating appro-547

priate responses and the constraints of not violating 548

safety and ethical requirements. To address this 549

problem, we designed agents capable of handling 550

each component and proposed a multi-agent ar- 551

chitecture in which agents engage in coopetition. 552

Experimental results show that applying the multi- 553

agent architecture outperformed all comparison 554

baselines across seven evaluation metrics, demon- 555

strating its contribution to improving clinical re- 556

sponse quality. 557

Ethical Considerations 558

The Eirene proposed in this study is intended to 559

support clinical constraints and assist medical pro- 560

fessionals’ decision-making, rather than to replace 561

expert-led counseling. It was developed through 562

a clinical co-design process with medical staff at 563

a tertiary hospital, ensuring alignment with estab- 564

lished medical ethics and clinical protocols. To ad- 565

dress the risks associated with large language mod- 566

els, the system adopts a multi-agent architecture in 567

which a Critic Agent performs real-time validation 568

of generated responses, while an Escalation Agent 569

suspends automated interactions and prompts pro- 570

fessional intervention upon detecting crisis signals. 571

To protect vulnerable terminal patients from ethical 572

risks, the framework was evaluated exclusively us- 573

ing virtual patient simulations grounded in Korean 574

socio-cultural clinical scenarios, thereby safeguard- 575

ing sensitive health information while maintaining 576

experimental reproducibility. 577

Limitations 578

This study limits semantic constraints in end-of-life 579

cancer patient counseling to three types: medical or 580

factual errors, violations of patient autonomy, and 581

emotional harm. This scope was set to analyze the 582

operating principles and initial effectiveness of the 583

proposed mechanism, and it does not encompass all 584

risks present in real clinical environments. Discus- 585

sions with medical professionals also indicated that 586

clinical settings involve more complex situations, 587

suggesting that future work should strengthen the 588

8



clinical applicability of intervention strategies by589

expanding risk types based on clinical expertise.590

In addition, this study employs a structure in591

which responses are iteratively improved through592

repeated interactions between the Counselor Agent593

and the Critic Agent until risk types are eliminated.594

However, it does not address how to handle cases in595

which constraints are not satisfied even after N it-596

erations. Future research should examine strategies597

such as escalation to human experts and adaptive598

termination policies based on risk types.599

Finally, this study relies on LLM-based auto-600

matic evaluation and does not include assessments601

by human experts. This choice was made because602

the focus was on verifying the effectiveness of the603

control structure for coordinating conflicting objec-604

tives and constraints, rather than on absolute evalu-605

ation of counseling quality. Future work plans to606

further validate the impact on actual clinical coun-607

seling quality through evaluations conducted by608

human experts.609
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A Implementation Details850

Eirene was implemented using Python 3.12 (PSF851

License) and FastAPI 0.116.1 (MIT License) in an852

Ubuntu 24.04.1 LTS environment. Facebook AI853

Similarity Search (MIT License) was used as the854

vector DB, and HyperClovaX HCX-005, which is855

specialized for understanding the Korean language856

and culture, was employed for language modeling857

(Yoo et al., 2024). Sentence embeddings were gen-858

erated using bge-m3 (Chen et al., 2024). The con-859

tents of the STM constituting the memory are peri-860

odically compressed into 200-character summaries861

every 10 turns (Zhang and Luo, 2024), while the862

LTM continuously accumulates and updates per-863

sonalized information following the mem0-style864

memory operation framework (Apache 2.0 Li- 865

cense) (Chhikara et al., 2025). These mechanisms 866

promote user self-disclosure and induce higher en- 867

gagement during the counseling process (Jo et al., 868

2024). All other auxiliary libraries and dependen- 869

cies were also confirmed to be used in accordance 870

with their authorized licenses. 871

B Evaluation Metrics 872

The detailed descriptions of the seven metrics co- 873

designed with medical professionals are as follows: 874

• Empathy: The degree to which the system 875

accurately recognizes the patient’s emotional 876

state, respects dignity, and responds warmly. 877

• Appropriateness: The degree to which the di- 878

alogue proceeds naturally according to the 879

seven counseling stages. 880

• Professionalism: The degree to which medical 881

knowledge and terminology are appropriately 882

simplified and presented at a level understand- 883

able to the patient. 884

• Accuracy: The degree to which medical infor- 885

mation and treatment guidelines are factually 886

correct and based on clinical evidence. 887

• Specificity: The degree to which tailored de- 888

tails or examples are provided in accordance 889

with the patient’s questions and situation. 890

• User-Centeredness: The degree to which re- 891

sponses are adjusted by considering the pa- 892

tient’s level of understanding and emotional 893

state, while ensuring the patient’s opportunity 894

to speak. 895

• Ethicality: The degree to which patient safety 896

is ensured through protection of personal in- 897

formation, maintenance of a non-judgmental 898

attitude, and appropriate responses in high- 899

risk situations. 900
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