
Nego-Evol: An Evolution Framework with Behavioral Cloning and
Environment Modeling for Goal-oriented LLM Agents

Anonymous ACL submission

Abstract001

Strategic planning plays a pivotal role in guid-002
ing effective responses for Large Language003
Model (LLM)-powered agents in goal-oriented004
task. Existing approaches typically rely on se-005
lecting pre-defined strategies and then fine-tune006
LLMs on static datasets. However, these meth-007
ods easily result in homogeneous responses and008
fall short in exploring more unseen strategies009
in diverse scenarios. To address these limi-010
tations, we introduce Nego-Evol, a training-011
based evolution framework that improves ne-012
gotiation capabilities of LLMs within behav-013
ioral cloning as well as environment modeling.014
Specifically, we first equip policy model with015
fundamental capabilities and prior knowledge016
at behavioral cloning stage, then iteratively017
leverage MCTS to synthesize high-quality data018
and perform Grouped Reward Policy Optimiza-019
tion with multi-turn simulation. Extensive ex-020
periments on two mainstreamed benchmarks021
demonstrate that Nego-Evol enhanced its nego-022
tiation capabilities progressively during evolu-023
tion and eventually outperforms existing base-024
lines. Moreover, Nego-Evol exhibits the sponta-025
neous emergence of new strategies, paving the026
way for adapting to more diverse negotiation027
settings. 1028

1 Introduction029

Recent years have witnessed a surge of research on030

Large Language Model (LLM)-powered negotia-031

tion agents, which aims to understand counterpart032

intents and facilitate mutually beneficial outcomes033

(Fu et al., 2023; Zhan et al., 2024; Shea et al., 2024;034

Hua et al., 2024b). A well-designed negotiation035

agent with human-like cognition patterns can be036

widespread in a variety of real-world applications037

such as online business, international diplomacy,038

and resource assignment (Abdelnabi et al., 2024;039

Kwon et al., 2024; Shah et al., 2025).040

1Code is released at https://anonymous.4open.
science/r/Negotiation-Evolution-A4C3
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Figure 1: An illustration of Nego-Evol refining pro-
cess with an representative example. The upper part
shows that policy model imitates experts to equip basic
negotiation capabilities. The lower part represents the
emergence of new strategies with environment model-
ing.

Previous studies have typically focused on im- 041

proving negotiation performance in two dominant 042

paradigms: prompt engineering or model fine- 043

tuning. Prompt-based methods mainly rely on in- 044

voking LLM APIs and output the optimal response 045

by mimicking the corresponding character behav- 046

iors in the specific scenarios (Chen et al., 2023; 047

Yu et al., 2023; Abdelnabi et al., 2024; Hua et al., 048

2024a). Fine-tuning methods primarily concen- 049

trate on the parameter update of the negotiation 050

agent with the help of human-labeled or synthetic 051

data (Gao et al., 2021; Zhang et al., 2022; Liu et al., 052

2025). However, most of these approaches are char- 053

acterized in strategy planning, i.e., selecting an in- 054

tent or a strategy first from the pre-defined ones be- 055

fore generating negotiable utterances, which could 056

acquire high-quality conversations and annotations 057
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but limits to homogeneous utterances due to lack of058

strategy diversity. For instance, GDPZero, DPDP059

and DMNA (Yu et al., 2023; He et al., 2024; Liu060

et al., 2025) leveraged Monte Carlo Tree Search061

to sample human-defined strategies for future di-062

alogue interactions, resulting in sub-optimal pol-063

icy outcomes due to suffering from compounding064

errors and limited exploration data. Therefore,065

they naturally raise a critical question: Can the066

agents appropriately respond to unprecedented en-067

vironments solely within the several strategies pre-068

defined by humans as well as flexibly generate high-069

quality strategies to refine themselves as humans070

act in real-word scenarios?071

To equip LLMs with human-like negotiation ca-072

pability beyond limited strategies, we take inspi-073

rations from LLM evolution mechanism (Morris074

et al., 2024; Hwang et al., 2024; Su et al., 2024;075

ang Gao et al., 2025) and introduce Nego-Evol, a076

novel framework that improves the ability of LLMs077

with a combination of expert imitation (behavioral078

cloning) and environment modeling (exploration079

and exploitation) as illustrated in Figure 1. Akin to080

the human learning process, the policy model starts081

acquiring fundamental negotiation capabilities and082

skills by imitating expert utterances which come083

from real-word conversations. As it progresses,084

the agent is expected to continuously learn and085

eventually adapt to previously unseen scenarios by086

updating parameters with high-quality synthetic087

data. However, there exist two challenges: (1) to088

obtain high-quality human-like conversation data089

for continual enhancement; (2) to generate abun-090

dant and adaptive strategies during policy model091

optimization. To overcome the former challenge,092

we perform a modified Monte Carlo Tree Search093

(Yu et al., 2023) to encourage coordination between094

optimal responses and newly emergent strategies.095

As for the latter, Grouped Reward Policy Optimiza-096

tion (GRPO) (Shao et al., 2024) integrating for-097

ward multi-turn simulation is taken into account098

to stimulate policy model to generate diverse and099

appropriate strategies.100

We conduct experiments on two mainstreamed101

negotiation datasets. The results show that our pro-102

posed Nego-Evol framework not only surpasses103

both prompt-based and train-based methods, but104

also has strong capabilities to generate diverse105

strategies compared to other baselines. Moreover,106

the extensive experiment results demonstrate that107

behavior cloning stage and exploration and ex-108

ploitation stage play different roles in evolutionary109

negotiation process. Behavior cloning excels at 110

maintaining fundamental negotiation intents while 111

exploration and exploitation are more adaptive to 112

diverse environments. 113

The contributions of this work are as follows: 114

• We formalize a novel negotiation evolution 115

paradigm Nego-Evol, which integrates behavioral 116

cloning and environment modeling to itera- 117

tively promote negotiation capabilities of the policy 118

model. 119

•We design a modified MCTS for high-quality 120

data synthesis and GRPO combined with multi- 121

turn simulation reward for parameter update to 122

ensure data and model co-evolve . 123

• Through extensive experiments on two main- 124

streamed benchmarks, we demonstrate the effec- 125

tiveness of evolution mechanism in negotiation 126

scenarios and show in-depth analysis of the emer- 127

gence of new strategies. 128

2 Related Works 129

2.1 Negotiation Agents 130

Existing studies on negotiation agents mainly focus 131

on prompt-based methods and train-based methods. 132

Prompt-based methods. He et al. (2018) intro- 133

duced a dataset of human-human negotiation dia- 134

logues and presented a modular approach allowing 135

for open-ended generation. Deng et al. (2023a) fo- 136

cused on proactive dialogue systems and designed 137

conversational agent’s proactivity in different types 138

of dialogue systems by utilizing prompt engineer- 139

ing. Chen et al. (2023) formalized prompt construc- 140

tion for controllable mixed-initiative dialogue. Yu 141

et al. (2023) leveraged the open-MCTS method to 142

enable strategic planning by LLMs. 143

Train-based methods. Zhang et al. (2020) de- 144

vised two variations of self-play RL technique to 145

inculcate the mixed-motive nature of negotiation 146

into the dialogue agents. Chawla et al. (2023) mod- 147

ified the training procedure in two novel ways to de- 148

sign agents with diverse personalities. Ahmad et al. 149

(2023) employed a set of novel rewards, specifi- 150

cally tailored for the negotiation task to train ne- 151

gotiation agent. Deng et al. (2024) facilitated SFT 152

with available human-annotated corpus as well as 153

RL from goal-oriented AI feedback to enhance pol- 154

icy planning capability. Liu et al. (2025) focused 155

on strategic planning and expressive optimization 156

with the help of the dual-process theory in human 157

cognition to improve negotiation capabilities. 158
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Figure 2: Overview of Nego-Evol Framework. Stage 1: Behavioral Cloning via SFT training with expert data.
Stage 2: Environment Modeling via multi-turn MCTS simulation and GRPO optimization. πθbase

, πθexplore
and

πθexploit
are the same LLMs at different stages.

2.2 Self-Evolving Agents159

Recent work has explored evolution methods160

mainly by using supervised fine-tuning (SFT) and161

reinforcement learning (RL) to help models system-162

atically evaluate and refine their responses (Min163

et al., 2024; Wu et al., 2024). Ni et al. (2024)164

proposed NEXT to teach LLMs to inspect the ex-165

ecution traces of programs and reason about run-166

time behavior through SFT. Agent Q (Abuelsaad167

et al., 2024) combined MCTS-guided search and168

a self-critique mechanism to iteratively improve169

agents’ decision making via DPO (Rafailov et al.,170

2023). Su et al. (2024) proposed a retrieval evo-171

lution pipeline, highlighting the complementary172

strength of synchronous evolution. Xin et al. (2025)173

enhanced DeepSeek-Prover by incorporating rein-174

forcement learning from proof assistant feedback.175

3 Methodology176

3.1 An overview of Nego-Evol Framework177

In most negotiation scenarios, conversation unfolds178

over multiple turns between user utterance and as-179

sistant response, denoted as ui and ai respectively.180

The objective of a LLM-powered negotiation agent181

is to generate a sequence of strategic negotiation182

responses {ai}Ni=1 to achieve a pre-defined goal.183

To this end, this paper proposes the Nego-Evol184

framework based on evolution mechanism, as il- 185

lustrated in Figure 2, which comprises two key 186

stages: Behavioral Cloning (BC) and Environment 187

Modeling (including exploration and exploitation, 188

denoted as EE). The following sections provide a 189

detailed description. The complete iterative train- 190

ing paradigms are summarized as Algorithm 1 in 191

Appendix A.1. 192

3.2 SFT for Behavioral Cloning 193

Behavioral cloning fine-tunes LLM-based policy 194

models by mimicking the expert conversations 195

step-by-step. However, direct training of LLMs 196

to generate utterances often suffers from a lack 197

of finesse and accuracy, primarily due to their 198

inability to comprehensively capture implicit 199

information from the counterpart. In practice, we 200

expect the policy model to accomplish appropriate 201

inner thought and strategic intent response 202

before outputting utterances. To this end, we 203

drive LLM experts to construct the SFT dataset 204

DBC with CoT output format (Wei et al., 2022; 205

Chu et al., 2024) as <think>thought</think> 206

<intent>strategy</intent><response> 207

utterance</response> (denoted as y). 208

Then given the task description x including ne- 209

gotiation scenario, profile, history, pre-defined in- 210

tents and output format as well as well as output 211
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response y, the objective of supervised fine-tuning212

(SFT) is to minimize the negative log-likelihood:213

LBC = −E(x,y)∼DBC

N∑
i=1

logπθ(yi|x, y<i) (1)214

where πθ denotes the initialized policy model, i is215

the output token index, and x represents the full216

input context composed of scenario, profile, history217

and pre-defined intents.218

After SFT training, the optimized policy model219

πθbase serves as a starting point for later environ-220

ment modeling stage.221

3.3 Environment Modeling222

To further exploit evolution potential of the policy223

model, a reinforcement learning step with synthetic224

data can be taken into account to continuously stim-225

ulate LLM generation enhancement. This section226

details the interaction process between the data227

augmentation and GRPO optimization.228

3.3.1 Exploration: Data Augmentation229

For the sake of performance enhancement during230

evolution, we should consider two aspects related231

to training data. On the one hand, high-quality data232

especially aligned with human behaviors should be233

as sufficient as possible. On the other hand, the234

strategies and utterances involved in the dataset235

should be diverse, so as to enable the policy model236

to better adapt to complex negotiation scenarios.237

To address these challenges, similar to GDPZero238

(Yu et al., 2023), we propose following modified239

Monte Carlo Tree Search (MCTS) process:240

Firstly, we prompt policy model to sample mul-241

tiple single-turn responses based on input con-242

text x including current negotiation chat history.243

When sampling, an evolution ratio is set which244

conforms to exponential distribution e−epoch (1 ≤245

epoch ≤ epochEE), indicating the probability of246

prompting expert to simulate. Otherwise the policy247

model πexploit is prompted to generate (use πθbase248

at epoch = 1). It is obvious that πexploit is more249

and more utilized to simulate conversations as evo-250

lution progresses.251

Secondly, we perform selection and expansion252

as GDPZero stated. If a newly emergent strategy253

or a strategy with higher initialized Value emerges,254

we expand it with the help of a simulated user until255

it reaches the tree leaf node.256

Finally, we update the visit counts N and Q257

values following the back propagation step. The258

highest Q value of sampled response is determined 259

as the optimal choice for current state. 260

After the above-mentioned forward simula- 261

tion and backpropagation, we collect the dataset 262

DMCTS . Then the combination of DMCTS and 263

DBC as well as πexplore (same as πexploit in the 264

last epoch) are transferred to the next exploitation 265

epoch. More detailed introduction of the mentioned 266

MCTS can be referred to Appendix A.2. 267

3.3.2 Exploitation: GRPO Optimization 268

Directly aligning the instant responses of policy 269

model with the overarching negotiation goal is im- 270

practical because the feedback can be solely ob- 271

tained at the end of each conversation. In addition, 272

it is essential to encourage new look-forward strate- 273

gies to emerge during training rather than limits 274

to the pre-defined ones. To achieve these, we pro- 275

pose a multi-turn simulation reward and optimize 276

the policy model using Grouped Reward Policy 277

Optimization (GRPO) (Shao et al., 2024) suppos- 278

ing that the exploration and exploitation dataset 279

DEE = DBC ∪DMCTS is ready. 280

Multi-turn simulation reward. Similar to Col- 281

labLLM (Wu et al., 2025), we obtain reward feed- 282

back from group sampling and multi-turn simula- 283

tion. Assuming that a group of sample responses 284

{yij}Mj=1 at the i-th turn are generated by the policy 285

model πθexplore , the multi-turn simulation reward 286

(MSR) for j-th response yij is given by 287

MSR(yij |x) = E
y
′
ij∼P (·|x,yij)Goal(x, yij , y

′
ij)

(2) 288

where y
′
ij denotes a possible forward conversation 289

trajectory which is sampled from the simulation dis- 290

tribution P (·|x, yij). Here P (·|x, yij) is regarded 291

as a forward-conversation sampler based on inter- 292

actions between LLM role-play user and assistant 293

simulator conditioned on the input context x and 294

the response yij . Goal(·) is a function indicating 295

whether there exists a deal agreement in the nego- 296

tiation conversation which is composed by x, yij 297

and y
′
ij), that is 298

Goal(x, yij , y
′
ij) =

{
1, Agreement

0, Disagreement
(3) 299

In addition, to enhance the expression qual- 300

ity of group-sampled responses, we prompt LLM 301

as a judge to provide the scale of interactivity 302

and consistency, and combine them with MSR 303
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for GRPO optimization, where interactivity re-304

ward Rinteract(yij |x) represents the persuasive-305

ness and respectfulness, and consistency reward306

Rconsist(yij |x) measures the extent to which the307

responses conform to the negotiation logic and the308

relevance between the intents and the utterances.309

The overall reward function of yij can be formally310

represented as:311

R(yij |x) =λ1MSR(yij |x) + λ2Rinteract(yij |x)
+ λ3Rconsist(yij |x)

(4)
312

For each yij , we then compute the estimated313

advantage of yij as follows:314

Âij =
R(yij |x)− 1

M

∑M
k=1R(yik|x)√

1
M

∑M
j=1(R(yij |x)− 1

M

∑M
k=1R(yik|x))2

(5)315

where M is the sampled responses number. Putting316

them all together, we minimize the following317

GRPO loss to update the policy parameters θ:318

LEE = −Ex∼DEE
y∼πθold

[
1

M

M∑
j=1

1

Tj

Tj∑
t=1

{
min

[
rij,tÂij ,

clip(rij,t, 1− ϵ, 1 + ϵ)Âij

]
− βDKL

[
πθ∥πref

]}]
(6)

319

where Tj is the length of the j-th generated re-320

sponse, β controls the power of the KL penalty.321

rij,t is the importance ratio of t-th token of j-th322

sampled response at the i-th turn (denoted as yij,t)323

and it is represented as324

rij,t =
πθ(yij,t|x, yij,<t)

πθold(yij,t|x, yij,<t)
(7)325

In this case, πθexplore serves as the initial policy326

model πθold need to be updated and πθexloit is re-327

garded as the final policy model πθ for next data328

augmentation step.329

4 Experiments330

In this section, we conduct extensive experiments331

to answer the following research questions:332

• (Q1) Can Nego-Evol surpass both train-based333

and prompt-based negotiation frameworks?334

• (Q2) How can Nego-Evol learn in different335

settings?336

• (Q3) Can Nego-Evol facilitate continual pol- 337

icy enhancement? 338

• (Q4) Does Nego-Evol implicitly evolve 339

human-like negotiation strategies? 340

4.1 Experimental Setups 341

Dataset. For train and evaluation, we con- 342

duct experiments on two mainstreamed datasets: 343

CraigslistBargain (CB) and PersuasionForGood 344

(P4G) (Wang et al., 2019; He et al., 2018). CB 345

is a bargain dialogue task where the buyer aims 346

for the lowest price, and the seller aims for the 347

highest. P4G comprises 300 annotated dialogues 348

set in a persuading donation scenario where one 349

person attempts to persuade the other to donate to 350

an organization. To present the performance of our 351

proposed method, we select 756 bargain scenarios 352

of CB and construct 300 donation scenarios of P4G 353

for the testing phase. 354

Metrics. We introduce evaluation metrics from 355

two aspects following Liu et al. (2025); Ahmad 356

et al. (2023): goal-oriented evaluations and quality- 357

agnostic evaluations. The former metrics include 358

average turn (AT) and success rate (SR), while 359

the latter are represented by negotiation consis- 360

tency (N-Con), dialogue empathy (D-Emp), dia- 361

logue fluency (D-F) and negotiation efficacy (N- 362

Eff), which employs LLM as a judge scaling from 363

1 to 5. In addition to the above, we also supplement 364

the average price gap rate (PG) for evaluating the 365

goal-based CB performance, which is the fraction 366

of the final selling price after negotiation and the 367

initial proposed price. 368

Baselines. We compare Nego-Evol against three 369

groups of baselines: (I) Vanilla LLMs; (II) Prompt- 370

based methods: GDPZero (Yu et al., 2023) and 371

Pro-CoT (Deng et al., 2023b); (3) Training-based 372

methods: DPDP (He et al., 2024) and DMNA 373

(Liu et al., 2025). GDPZero utilizes open-loop 374

MCTS method to enable strategic planning by 375

LLMs, while Pro-CoT focuses on exploring the 376

potential of proactive Chain-of-Thought prompting 377

scheme. DPDP achieves tailored strategic dialogue 378

planning, which is characterized in dual-system 379

training schema. DMNA develops a negotiation 380

agent based on dual-process theory in human cog- 381

nition. 382

Implementation details. Nego-Evol are based 383

on Llama-3.1-8B-Instruct (Llama Team, 2024) and 384

gpt-oss-120b (OpenAI, 2025) with LoRA fine- 385

tuning (Hu et al., 2022) respectively. To build 386
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Model Method AT ↓ SR ↑ PG ↓ N-Con ↑ D-Emp ↑ D-F ↑ N-Eff ↑

Llama-3.1-8B

Vanilla 9.52 0.41 0.91 3.8 3.2 3.5 2.3
GDPZero 8.09 0.57 0.85∗ 4.0 3.3 3.5 3.1
Pro-CoT 7.71 0.69 0.83 3.9 3.5 3.5 2.6
DPDP 6.83 0.65∗ 0.84 3.8 3.6 3.6 3.1
DMNA 7.36 0.72∗ 0.76∗ 4.0 3.8 3.6 3.3
Nego-Evol 7.12 0.78∗ 0.65∗ 4.1 3.9 3.8 3.5

gpt-oss-120b

Vanilla 9.62 0.35 0.87 3.5 3.3 3.4 2.6
GDPZero 9.31 0.51∗ 0.80∗ 3.8 3.5 3.6 3.4
Pro-CoT 8.92 0.63 0.77 3.6 3.4 3.5 3.2
DPDP 7.88 0.52 0.74∗ 3.6 3.9 3.8 3.6
DMNA 8.28 0.65∗ 0.68 4.0 4.0 3.7 3.5
Nego-Evol 7.56 0.71∗ 0.59 4.0 3.8 4.0 3.6

Table 1: The performance of different models and methods testing CraigslistBargain dataset. The bold figures
represent the best performance. The symbol ∗ indicates that the performance exhibits minimal variation, specifically
within a 5% range of the maximum value.

Model Method AT↓ SR ↑ N-Con ↑ D-Emp ↑ D-F ↑ N-Eff ↑

Llama-3.1-8B

Vanilla 12.90 0.25 3.6 3.3 3.4 2.6
GDPZero 10.16 0.37∗ 3.8 3.4 3.5 3.0
Pro-CoT 9.78 0.30 3.7 3.4 3.4 2.8
DPDP 9.33 0.58 3.8 3.6 3.6 3.3
DMNA 9.53 0.61∗ 3.9 3.8 3.6 3.4
Nego-Evol 9.06 0.68∗ 4.0 3.8 3.7 3.5

gpt-oss-120b

Vanilla 12.74 0.31 3.5 3.0 3.1 2.8
GDPZero 10.59 0.53∗ 3.6 3.3 3.2 3.0
Pro-CoT 10.11 0.47 3.5 3.5 3.3 2.9
DPDP 9.52 0.61 3.7 3.7 3.5 3.3
DMNA 9.41 0.65 3.7 3.8 3.4 3.2
Nego-Evol 8.87 0.74∗ 3.7 3.7 3.6 3.5

Table 2: The performance of different models and methods testing PersuasionForGood dataset. The bold figures
represent the best performance. The symbol ∗ indicates that the performance exhibits minimal variation, specifically
within a 5% range of the maximum value.

a multi-turn simulation environment, we employ387

GPT-4o-mini (OpenAI, 2024) as the role-play user388

and assistant simulator to mimic real-world interac-389

tions by giving the target and conversation history.390

For more experimental configurations and related391

prompts, please refer to the Appendix B and Ap-392

pendix D.393

4.2 Q1: Main Results394

Table 1 and Table 2 shows an overall comparison395

between Nego-Evol and strong baselines. The re-396

sults show that:397

• Nego-Evol consistently improves negotiation398

performance across all base models. After two-399

stage fine-tuning, Nego-Evol achieves a 25.21%,400

77.08% and 28.57% boost in AT, SR and PG re-401

spectively for Llama-3.1-8B-Instruct as well as 402

21.41%, 102.86% and 32.18% gain in AT, SR and 403

PG for gpt-oss-120b on CB dataset. Additionally, 404

on P4G dataset, Nego-Evol also achieves superior 405

goal-oriented performance, 29.77% and 30.38% 406

less conversations, as well as 172% and 94.74% en- 407

hanced SR compared to vanilla Llama-3.1-Instruct 408

and gpt-oss-120b, respectively. In quality-agnostic 409

metrics especially in D-Emp and N-Eff, Nego-Evol 410

has a more significant performance enhancement 411

both for Llama-3.1-Instruct and gpt-oss-120b. 412

• Generally, Nego-Evol outperforms prompt- 413

based and train-based baselines on most metrics. 414

Notably, Nego-Evol surpasses all prompt-based 415

methods in both goal-oriented and quality-agnostic 416

metrics. This indicates prompt engineering is help- 417
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Figure 3: Ablation study on different stages and different reward combinations on CraigslistBargain dataset for
Llama-3.1-8B-Instruct. LLMEval represents the overall quality evaluation prompted by LLMs.

ful, but limited in terms of performance gains and418

flexibility. For train-based baselines, Nego-Evol419

matches in AT, N-Con, D-Emp and N-Eff as well420

as outperforms in SR, PG and D-F. This highlights421

its data and training efficiency.422

• The proposed Nego-Evol framework exhibits423

superior generality and aligns with real-word be-424

haviors. It may be noted that Nego-Evol yields425

better scores for N-Con, D-F and N-Eff compared426

to the baselines. High scores of N-Con and D-F427

show that the consistency reward plays a crucial428

role in obtaining consistent and fluent responses as429

compared to other models. Further, the D-Emp and430

N-Eff score of Nego-Evol showcase the importance431

of interactivity reward.432

4.3 Q2: Ablation Study433

To investigate how components contribute to Nego-434

Evol’s superior performance, we conduct an abla-435

tion study focusing on two settings:436

• Different components in Nego-Evol: behav-437

ioral cloning (BC), GRPO optimization (GRPO),438

Monte Carlo Tree Search (MCTS) and CoT.439

• Different reward variants: Rinteract, Rconsist440

and MSR to assess the ability of policy model 441

to capture long-term conversational goals and re- 442

sponse qualities. 443

We present results on CB dataset in Figure 3 and 444

get two key observations: 445

BC and CoT act as the most crucial part for 446

achieving negotiation goals, and MSR is the most 447

important reward function in evolution. The BC 448

component contributes up to 13.91% and 73.33% 449

for AT and SR improvement on CB dataset, while 450

20.11% AT and 54.55% SR boost on P4G. As for 451

the CoT component, it also has remarkable influ- 452

ence on AT and SR compared to GRPO and MCTS. 453

Futhermore, MSR has much more performance 454

enhancement than Rinteract and Rconsist, which 455

demonstrates the importance of goal-oriented re- 456

ward during evolution process. 457

Policy model alignment (SFT and GRPO) typ- 458

ically enhances the efficiency and effectiveness 459

of LLMs on negotiation tasks. SFT significantly 460

raises the lower bound of policy model, while 461

GRPO gives the model the ability to continuously 462

explore and exploit new environments. However, 463

the improvement during GRPO is not as signif- 464
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Figure 4: Results of different stages during evolution. We conduct two epochs of SFT training and four epochs for
exploration and exploitation respectively. Left: AT performance. Right: SR performance.

icant as that during SFT, indicating that more465

human-labeled data is necessary for effective evolu-466

tion. We also illustrate the ablation results on P4G467

dataset in Appendix 6 and get similar observations468

as CB dataset.469

4.4 Q3: Evolution Analysis470

We now offer a deeper insight into Nego-Evol’s471

evolution performance in different stages in Fig-472

ure 4.473

It is obvious that both Llama-3.1-8B-Instruct474

and gpt-oss-120b have a continual improvement475

whether in BC stage or EE stage, indicating their476

strong adaptions in negotiation scenarios. In addi-477

tion, we can also conclude Llama-3.1-8B-Instruct478

has a lower AT and a higher SR on the CB dataset479

compared to gpt-oss-120b, while it is converse on480

the P4G dataset. This may be caused by their pre-481

trained data and initialized parameters.482

In addition, SFT training has a more significant483

performance than EE optimization in AT and SR.484

The divergence in improvement rates highlights485

SFT’s ability to maintain fundamental negotiation486

logic and behavior, while EE optimization offers487

more architectural refinements. The integration of488

SFT and EE could better stimulate policy model’s489

capabilities than only one module involved.490

4.5 Q4: Strategy Emergence Analysis491

In this part, we analyze the emergence proportion492

of new strategies in different EE stages during the493

conversation testing. The statistical results of CB494

and P4G are shown in Figure 5. We notice that495

the number of new strategies increases as evolution496

progresses though they emerge in a small num-497

ber in each EE stage. This suggests that GRPO498

Figure 5: Statistical results of new strategy emergence
on CB (left) and P4G (right) datasets.

simulation has a positive influence on discover- 499

ing new negotiation skills. To further demonstrate 500

the strategic negotiation skill exploration and ex- 501

ploitation of Nego-Evol which are not limited to 502

the pre-defined ones, we provide one case study 503

as well as representative human feedback between 504

vanilla Llama-3.1-8B-Instruct, BC and Nego-Evol 505

in Appendix C.2. 506

5 Conclusion 507

Enhancing LLM negotiation capabilities are in- 508

creasingly prevalent in real-world applications. 509

Due to the data restrictions and lack of effective 510

strategy exploration mechanism, LLMs fall short 511

in uncovering user intents and in responding ap- 512

propriately. The key insight of Nego-Evol is mak- 513

ing LLMs more aware of reaching consensus by 514

combining simulation and optimization methods 515

to synthesize long-term impact of responses and 516

to explore strategies actively. Through extensive 517

analysis, we demonstrate that Nego-Evol is evolv- 518

ing continuously and highly engaging in bargain 519

and persuasion scenarios, advancing the frontiers 520

of cognition-centered LLMs. 521
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Limitations522

Despite the strong negotiation performance of523

Nego-Evol across multiple-aspect analysis, several524

limitations remain to be addressed in future work.525

Firstly, our proposed method is limited to select526

one single strategy before outputting utterances.527

In real-word scenarios, a combination of optimal528

strategies will enrich the response expressions and529

have a more persuasive effect on counterpart, which530

highlights our future research goals.531

Secondly, the performance enhancements on em-532

pathy (D-Emp) and efficacy (N-Eff) were not ex-533

tremely significant, indicating that incorporating534

an emotional reflection module would help.535

Thirdly, our proposed method are solely adap-536

tive to two-side negotiation scenarios, and to our537

knowledge, training-based multi-party negotiation538

frameworks have not been fully explored due to539

data construction. We will focus more on even540

more complicated negotiation environments in the541

future work.542
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A Method Detail Supplement793

A.1 Negotiation Evolution Algorithm794

A.2 MCTS details795

Open-Loop MCTS and consists of the following796

core processes, along with their corresponding for-797

mulas:798

Algorithm 1 Negotiation Evolution Algorithm for
Policy Model Training

1: Input: Initialized policy model πθ, negotiation
dataset DBC , Monto Carlo tree search function
MCTS(·), user simulator U and maximum
epochs epochEE in EE stage.

2: Output: Trained policy model πθexploit after
multi-turn EE.

3: Behavioral Cloning Stage:
4: Train πθ via SFT with data from DBC and

minimize BC loss LBC to get πθbase ;
5: Exploration and Exploitation Stage:
6: Get exploitation policy model πθexploit =

πθbase ;
7: for epoch = 1 to epochEE do
8: Perform MCTS(U, πθexploit) to obtain sim-

ulated negotiation dataset DMCTS ;
9: DEE = DBC ∪DMCTS ;

10: Update πθexplore = πθexploit
11: Perform training via reinforcement learning

with DEE and minimize GRPO loss LEE

to obtain πθexploit ;
12: end for
13: return πθexploit

1. Selection and Expansion 799

Starting from a search tree node str, the next 800

action a is selected according to the PUCT 801

formula: 802

PUCT(str, a) = Q(str, a)+cp·
√∑

aN(str, a)

1 +N(str, a)
803

where: 804

• Q(str, a) is the estimated value of action 805

a; 806

• N(str, a) is the number of times action 807

a has been visited; 808

• cp is a hyperparameter controlling explo- 809

ration strength. 810

If the cached dialogue histories at the current 811

node have reached size k, one is sampled to 812

continue; otherwise, a new history is gener- 813

ated by prompting the LLM. 814

When the search reaches a leaf node, the LLM 815

is prompted to generate a distribution p(a|str) 816

of possible next dialogue acts, and the value 817

for each action under this node is initialized 818

as Q(str, ·) = Q0. 819
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Figure 6: Ablation study on different stages and different reward combinations on PersuasionForGood dataset for
Llama-3.1-8B-Instruct. LLMEval represents the overall quality evaluation prompted by LLMs.

Model Response Cases Human Feedback
Vanilla “[Affirm Information] My offer is $150.

Yes or no.”, “[Initial Price] This watch
is pretty average, I’ll take it off your
hands for $30.”

“The agent easily agreed with user in a
higher price.”, “Ask the same questions
over and over.”

SFT “[Propose Initial Price] Nice jacket.
Would you give me a discount if I buy
it?”, “[Counter Price] This is more
expensive than I thought. Can you do
better on the price?”

“Outputs are relevant and structured
like a real negotiation.”, “Lack
sophisticated strategic depth.”

Nego-Evol “[Cash-in-Hand] I can come pick it up
this afternoon with cash. For an
hassle-free sale, would you take $400
cash?”, “[Point Out Flaw] The cord is
quite old. With the cost of repair, $80 is
my final offer.”

“Sentences are concise but should be
more elaborated.”, “Better understand
of trade-offs and long-term
conversation goals.’

Table 3: Representative case responses and human feedback.

• Sample the LLM m times to obtain the820

action distribution;821

• Initialize visit counts N(str, ·) = 0 and822

action values to Q0.823

2. Score and Backpropagation824

The LLM is prompted to simulate user re-825

actions in order to evaluate the value v(str)826

of the current dialogue state str in achieving827

the task goal:828

• Simulate the following utterances be-829

tween the agent and user;830

• Map final decision to numerical scores831

(e.g., “agreement” = 1.0, “refusal” =832

0.0) and average them to obtain v(str).833

The evaluated value v(str) is propagated back- 834

ward along the search path to update statistics 835

for all ancestor nodes: 836

N(str, a)← N(str, a) + 1 837

838

Q(str, a)← Q(str, a) +
v(str)−Q(str, a)

N(str, a)
839

Simultaneously, update the value estimate 840

vh(h
tr) for each dialogue history htr: 841

vh(h
tr)← vh(h

tr)×Nh(h
tr) + v(str)

Nh(htr) + 1
842

where Nh(h
tr) is the number of times history 843

htr has been visited. 844
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B Other Experiment Details845

During evolution process we set sample number846

as 3 and all experiments are conducted with four847

H200-140GB GPUs. For different training stages,848

we set two-epoch SFTs in Behavioral Cloning, and849

four iterations in Exploration and Exploitation. In850

BC stage, we use a batch size of 4 and set the learn-851

ing rate to 1e-5. The maximum sequence length852

is set to 2048. In the EE stage, the batch size is853

set to 4, and we sample 16 response trajectories for854

each prompt. For data synthesis step, we choose855

the probabilities of expert-assisted response in dif-856

ferent epochs are : 0.3679, 0.1353, 0.0498, and857

0.0183 respectively. The max relizations of MCTS858

simulation is set to 3. When scoring each response,859

we consider price gap for CB dataset and success860

rate for P4G dataset. We set the number of MCTS861

iterations as 5 for two tasks due to the time con-862

straints.863

C Experiment Result Supplement864

C.1 Ablation Results on P4G865

Due to the page limit, we put ablation study on866

PersuasionForGood dataset for in Figure 6.867

C.2 Representative Case and Feedback868

To further elaborate the performance of new strat-869

egy emergence and negotiation capabilities, we870

selects representative responses and human evalua-871

tions in Table 3. As for the human, we employed872

two undergraduate students for review 10 sampled873

negotiation conversations and give their feedback874

on the generation quality.875
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D Prompts876

D.1 Prompts on CB877

Assistant Prompt:878
879

You are an AI assistant interacting with a user to perform price bargaining task as880
a buyer. Your goal is to generate realistic , natural and respectful responses881
to the user 's last message in a conversation. You should be thoughtful ,882
strategic , and highly interactive.883

884
The item being negotiated is: {Title}, described by the user as follows:885

{Description }. You are trying to buy it with the price of {Price_Buyer }.886
887

Below is ongoing conversation where you need to respond to the last user message.888
<|The Start of Conversation History|>889
{chat_history}890
<|The End of Conversation History|>891

892
You strive to accurately infer the user 's intent , aim to secure a deal and893

strategically lower the price as much as possible throughout the conversation ,894
acknowledging previous interactions.895

896
You should choose one intent during a conversation to response to the user. Here897

are some conversation intents you can choose :898
1. "Greetings ": Say hello or chat randomly.899
2. "Ask a question ": Ask any question about product , year , price , usage , etc.900
3. "Answer a question ": Provide relevant information.901
4. "Propose the initial price": Initiate a price or a price range for the product.902
5. "Propose a counter price": Propose a new price or a new price range.903
6. "Use comparatives ": Propose a vague price by using comparatives with existing904

price.905
7. "Confirm information ": Ask a question about the information to be confirmed.906
8. "Affirm confirmation ": Give an affirmative response to a confirm.907
9. "Deny confirmation ": Give a negative response to a confirm.908
10. "Agree with the proposal ": Agree with the proposed price.909
11. "Disagree with a proposal ": Disagree with the proposed price.910

911
You should output a brief thinking process , then choose an intent above mentioned912

and response to seller in a strategic , respectful and natural manner to make a913
higher profit. The thinking process should reflect price consistency with prior914
bargaining logic , and decide what action to choose and what to say next with915
respect to the long -term goal. The output intent should be either one of the916
above -mentioned conversation intents , or a newly emerging appropriate intent917
(preffered), e.g. offering multiple choices , stating a lowest acceptable918
price ,providing vague demands or asking follow -up questions. If there is no919
intent selected , you should output \" Unknown \" as the intent. Responses to the920
user should maintain a polite tone to align with the user 's emotional state and921
style as well as conform to the price bargain logic , and it is better that922
different angles or reasoning are provided to support requests. If you want to923
terminate the conversation , output your decision in your response and attach924
the signal "{ NEGOLLM_TERMINATION_SIGNAL }" to your response.925

926
## Guidelines:927
- Stay in Character: Maintain a consistent persona of buyer throughout the chat and928

behave like a human as much as possible.929
- Goal -Oriented: Keep the chat focused on your intent and long -term goal. You930

strive to accurately infer the user 's intent , aim to secure a deal and931
strategically lower the price as much as possible throughout the conversation ,932
acknowledging previous interactions.933

934
# Output Format:935
You should output a JSON object with three entries:936
- "thought" (str): Output your thought process deciding what intent to choose and937

what to say next. You may consider the following:938
1. What the price bargain logic you should conform based on the previous history?939
2. What is your long -term goal and how do you achieve your goal?940
3. What intent should you take? If the above -mentioned intents are941

inappropriate , can you generate a new intent for better negotiation?942
4. How do you response to the user to make him accept your target price and to943

align with your chosen intent?944
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- "intent" (str): Based on your thought process and chat history , provide your 945
intent by selecting from above or generate a new one. 946

- "response" (str): Based on your thought process , chat history and chosen intent , 947
provide your response shortly , naturally and respectfully. 948

949
# Notes: 950
- Respond Based on Previous Messages: Your responses should be based on the context 951

of the current chat history. Carefully read the previous messages to maintain 952
coherence in the conversation. 953

- Don 't Copy Input Directly: Use the provided information for understanding context 954
only. Avoid copying target queries directly in your responses. 955

- Double check if the JSON object is formatted correctly. Ensure that all fields 956
are present and properly structured. 957958

User Prompt: 959
960

You are role -playing as a human seller interacting with a buyer in a price bargain 961
scenario. Your goal is to generate realistic , natural responses to the buyer 's 962
last message in a conversation. You should be thoughtful and highly interactive. 963

964
The item being negotiated is: {Title}, described by you as follows: {Description }. 965

You are trying to sell it with the price of {Price_Seller} at first. 966
967

Below is the ongoing conversation where you need to respond to the last buyer 968
message. 969

<|The Start of Conversation History|> 970
{chat_history} 971
<|The End of Conversation History|> 972

973
You should choose one intent during a conversation to response to the buyer. Here 974

are some conversation intents you can choose : 975
1. "Source Derogation ": Attacks the other party or questions the item. 976
2. "Counter Argument ": Provides a non -personal argument/factual response to refute 977

a previous claim or to justify a new claim. 978
3. "Personal Choice ": Provides a personal reason for disagreeing with the current 979

situation or chooses to agree with the situation provided some specific 980
condition is met. 981

4. "Information Inquiry ": Requests for clarification or asks additional 982
information about the item or situation. 983

5. "Self Pity": Provides a reason (meant to elicit sympathy) for disagreeing with 984
the current terms. 985

6. "Hesitance ": Stalls for time and is hesitant to commit; specifically , they seek 986
to further the conversation and provide a chance for the other party to make a 987
better offer. 988

7. "Self -assertion ": Asserts a new claim or refutes a previous claim with an air 989
of finality/ confidence. 990

8. "Others ": Do not explicitly foil the negotiation attempts. 991
992

You should output a brief thinking process , then choose an intent above mentioned 993
and response to buyer in short and succinct sentences. The thinking process 994
should reflect price consistency with prior bargaining logic , and decide what 995
action to choose and what to say next with respect to your goal and intent. The 996
output intent should be either one of the above -mentioned conversation intents , 997
or a newly emerging appropriate intent (preffered). Responses to the buyer 998
should conform to the price bargain logic , and it is better that different 999
angles or reasoning are provided to support requests. If you want to terminate 1000
the conversation with finally agreeing or disagreeing the deal , please output 1001
your decision in your response and attach the signal 1002
"{ NEGOLLM_TERMINATION_SIGNAL }" to your response to indicate the end of 1003
conversation. 1004

1005
## Guidelines: 1006
- Stay in Character: Role -play as a human SELLER. You are NOT an AI. Maintain a 1007

consistent persona of seller throughout the chat. Varying your words and avoid 1008
repeating yourself verbatim. 1009

- Goal -Oriented: Keep the chat focused on your intent. You strive to accurately 1010
infer the buyer 's intent , bargain the price strategically and aim to secure 1011
final price by changing your target price. Redirect the chat back to the main 1012
objective if it starts to stray. 1013

1014
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# Output Format:1015
You should output a JSON object with three entries:1016
- "thought" (str): Output your thought process deciding what intent to choose and1017

what to say next. You may consider the following:1018
1. What the price bargain logic you should conform based on the previous history?1019
2. What is your long -term goal and do you need to change your target price at1020

this turn?1021
3. What intent should you take? If the above -mentioned intents are1022

inappropriate , can you generate a new intent?1023
4. How do you response to the buyer to align with your chosen intent? Do you1024

need to end the conversation instead?1025
- "intent" (str): Based on your thought process and chat history , provide your1026

intent by selecting from above or generate a new one.1027
- "response" (str): Based on your thought process , chat history and chosen intent ,1028

provide your response shortly , naturally in a human manner. If you intend to1029
end the negotiation , do not forget to output the end signal1030
"{ NEGOLLM_TERMINATION_SIGNAL }".1031

1032
# Notes:1033
- Respond Based on Previous Messages: Your responses should be based on the context1034

of the current chat history. Carefully read the previous messages to maintain1035
coherence in the conversation.1036

- Don 't Copy Input Directly: Use the provided information for understanding context1037
only. Avoid copying target queries directly in your responses.1038

- Completion Signal: Use "{ NEGOLLM_TERMINATION_SIGNAL }" as your response when you1039
believe your goal has been achieved or if you determine that you can 't have an1040
agreement with the buyer.1041

- Double check if the JSON object is formatted correctly. Ensure that all fields1042
are present and properly structured.10431044

D.2 Prompts on P4G1045

Assistant Prompt:1046
1047

Save the Children is head -quartered in London , and they work to help fight poverty1048
around the world. Children need help in developing countries and war zones.1049
Small donations like $1 or $2 go a long way to help.1050

1051
You are an AI assistant playing as Persuader who is trying to persuade the1052

Persuadee (serve as a user) to donate to a charity called Save the Children.1053
You can choose amongst the following strategies (or intents) during a1054
conversation:1055

1. "Logical Appeal ": Use of reasoning and evidence to convince the persuadee.1056
2. "Emotion Appeal ": Elicit the specific emotions to influence the persuadee.1057
3. "Credibility Appeal ": Use credentials and cite organizational impacts to1058

establish credibility and earn the user 's trust. The information usually comes1059
from an objective source (e.g., the organization 's website or other1060
well -established websites).1061

4. "Foot in the Door": Use the strategy of starting with small donation requests to1062
facilitate compliance followed by larger requests.1063

5. "Self -Modeling ": Use the self -modeling strategy where you first indicates the1064
persuadee own intention to donate and chooses to act as a role model for the1065
persuadee to follow.1066

6. "Personal Story": Use narrative exemplars to illustrate someone donation1067
experiences or the beneficiaries positive outcomes , which can motivate others1068
to follow the actions.1069

7. "Donation Information ": Provide specific information about the donation task ,1070
such as the donation procedure , donation range , etc. By providing detailed1071
action guidance , this strategy can enhance the persuadee 's self -efficacy and1072
facilitates behavior compliance.1073

8. "Source -related Inquiry ": Ask if the persuadee is aware of the organization1074
(i.e., the source in our specific donation task).1075

9. "Task -related Inquiry ": Ask about the persuadee opinion and expectation related1076
to the task , such as their interests in knowing more about the organization.1077

10. "Personal -related Inquiry ": Ask about the persuadee previous personal1078
experiences relevant to charity donation.1079

1080
The following is an example conversation between a Persuader and a Persuadee about1081

donation to Save the Children.1082
**User **: ""1083
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** Assistant **: "<intent >Greetings </intent ><response >Hello. How are you?</response >" 1084
**User **: "I'm good , how are you doing?" 1085
** Assistant **: "<intent >Task -related Inquiry </intent ><response >Very well. I'm just 1086

up organizing info for my charity called Save the Children. Have you heard of 1087
this charity berfore?</response >" 1088

**User **: "No, I have not. Can you tell me more?" 1089
** Assistant **: "<intent >Credibility Appeal </intent ><response >Save the Children is 1090

an organization that helps children in developing countries , by promoting 1091
children 's rights and providing relief. It is an amazing charity that helps 1092
kids who are in desperate need. They can help with safety , education and 1093
more.</response >" 1094

**User **: "That sounds great. I believe in this charity , but still wonder how much 1095
of the money I donate actually helps. I am always worried if I donate it will 1096
just go to some higer up that is living the high life." 1097

** Assistant **: "<intent >Emotion Appeal </intent ><response >Every little bit makes a 1098
difference. When you have people who are so poor , it's amazing what a tiny 1099
amount can do. I usually donate in hopes I can at least feel like I did my 1100
part. If I donated and some corrupt person took it, that 's the worst karma and 1101
even worst scandal imaginable .</response >" 1102

**User **: "With that all said I do feel like any orginazation that aims to help the 1103
children I am more inclined to donate to them than most. I think helping 1104
children is an important thing as they are our future !" 1105

** Assistant **: <intent >Proposition of Donation </intent ><response >I think donating 1106
to this cause would def be a step in the right direction to hopefully helping 1107
across the world the children that are in dispair. I don 't want you to donate 1108
any more than you want , so if you want to donate how much do you to 1109
do?</response >" 1110

**User **: "I would donate 1 dollar to this charity and feel good about it I 1111
think.{ NEGOLLM_TERMINATION_SIGNAL }" 1112

1113
Below is ongoing conversation where you need to respond to the last user message. 1114

As the Persuader , in order to persuade the Persuadee to donate to a charity 1115
called Save the Children , choose a strategy from the list provided and provide 1116
a corresponding response using short and natural sentence based on the Current 1117
Conversation History. 1118

<|The Start of Current Conversation History|> 1119
{chat_history} 1120
<|The End of Current Conversation History|> 1121

1122
You should output a brief thinking process , then choose an intent above mentioned 1123

and response to persuadee in a strategic , respectful and natural manner to 1124
persuade him to donate. The thinking process should follow prior persuasion 1125
logic , and decide what intent to choose and what to say next with respect to 1126
long -term goal. The output intent should be either one of the above -mentioned 1127
conversation intents , or a newly emerging appropriate intent (preffered), e.g. 1128
Proposition of Donation in the example conversation. If there is no intent 1129
selected , you should output \" Unknown \" as the intent. Responses to the user 1130
should maintain a polite tone to align with the user 's emotional state and 1131
style as well as conform to the persuasion logic , and it is better that 1132
different angles or reasoning are provided to support requests. If you want to 1133
terminate the conversation , output your decision in your response and attach 1134
the signal "{ NEGOLLM_TERMINATION_SIGNAL }" to your response. 1135

1136
## Guidelines: 1137
- Stay in Character: Maintain a consistent persona of persuader throughout the chat 1138

and try to behave like a human. 1139
- Goal -Oriented: Keep the chat focused on your intent and long -term goal. You 1140

should address the Persuadee 's expressed needs and concerns and strive to 1141
strategically persuade the Persuadee to donate. 1142

- Be Polite: Keep open and respectful in the communication and show empathy and 1143
trust with the Persuadee as much as possible. 1144

- Diverse and Rich Expressions: Your response should show diversity and uniqueness , 1145
and try to avoid repeating the same phrases or sentences in previous turns. 1146

1147
# Output Format: 1148
You should output a JSON object with three entries: 1149
- "thought" (str): Output your thought process deciding what intent to choose and 1150

what to say next. You may consider the following: 1151
1. What the persuasion logic you should conform based on the previous history? 1152
2. What is your long -term goal and how do you achieve your goal? 1153
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3. What intent should you take? If the above -mentioned intents are1154
inappropriate , can you generate a new intent for better persausion?1155

4. How do you response to the user to make him accept your proposal and to align1156
with your chosen intent?1157

- "intent" (str): Based on your thought process and chat history , provide your1158
intent by selecting from above or generate a new one.1159

- "response" (str): Based on your thought process , chat history and chosen intent ,1160
provide your response shortly , naturally and respectfully.1161

1162
# Notes:1163
- Respond Based on Previous Messages: Your responses should be based on the context1164

of the current chat history. Carefully read the previous messages to maintain1165
coherence in the conversation.1166

- Don 't Copy Input Directly: Use the provided information for understanding context1167
only. Avoid copying target queries directly in your responses.1168

- Double check if the JSON object is formatted correctly. Ensure that all fields1169
are present and properly structured.11701171

User Prompt:1172
1173

You are role -playing as a human persuadee interacting with a persuader in a1174
donation persuasion scenario. Your goal is to generate realistic , natural1175
responses to the persuader 's last message in a conversation. You should be1176
thoughtful and natural.1177

1178
You can choose amongst the following strategies (or intents) during a conversation:1179
1. "Donate ": Show your willingness to donate.1180
2. "Source Derogation ": Attack or doubt the organisation 's credibility.1181
3. "Counter Argument ": Argue that the responsibility is not on you or refute a1182

previous statement.1183
4. "Personal Choice ": Attempt to save face by asserting your personal preference1184

such as your choice of charity and your choice of donation.1185
5. "Information Inquiry ": Ask for factual information about the organisation for1186

clarification or as an attempt to stall.1187
6. "Self Pity": Provide a self -centred reason for not being willing to donate at1188

the moment.1189
7. "Hesitance ": Attempt to stall the conversation by either stating you would1190

donate later or are currently unsure about donating.1191
8. "Self -assertion ": Explicitly refuse to donate without even providing a personal1192

reason.1193
9. "Others ": Do not explicitly foil the persuasion attempts.1194

1195
The following is an example conversation between a Persuader and a Persuadee (you).1196
** Persuader **: "Hello. How are you?"1197
** Persuadee **: "I'm good , how are you doing?"1198
** Persuader **: "Very well. I'm just up organizing info for my charity called Save1199

the Children. Have you heard of this charity berfore ?"1200
** Persuadee **: "No, I have not. Can you tell me more?"1201
** Persuader **: "Save the Children is an organization that helps children in1202

developing countries , by promoting children 's rights and providing relief. It1203
is an amazing charity that helps kids who are in desperate need. They can help1204
with safety , education and more."1205

** Persuadee **: "That sounds great. I believe in this charity , but still wonder how1206
much of the money I donate actually helps. I am always worried if I donate it1207
will just go to some higer up that is living the high life."1208

** Persuader **: "Every little bit makes a difference. When you have people who are1209
so poor , it's amazing what a tiny amount can do. I usually donate in hopes I1210
can at least feel like I did my part. If I donated and some corrupt person took1211
it, that 's the worst karma and even worst scandal imaginable ."1212

** Persuadee **: "With that all said I do feel like any orginazation that aims to1213
help the children I am more inclined to donate to them than most. I think1214
helping children is an important thing as they are our future !"1215

** Persuader **: I think donating to this cause would def be a step in the right1216
direction to hopefully helping across the world the children that are in1217
dispair. I don 't want you to donate any more than you want , so if you want to1218
donate how much do you to do?"1219

** Persuadee **: "I would donate 1 dollar to this charity and feel good about it I1220
think.{ NEGOLLM_TERMINATION_SIGNAL }"1221

1222
Below is the ongoing conversation where you need to respond to the last persuader1223
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message. As the Persuadee , choose a strategy from the list provided and provide 1224
a corresponding response using short and succinct sentences. 1225

based on the Current Conversation History. 1226
<|The Start of Current Conversation History|> 1227
{chat_history} 1228
<|The End of Current Conversation History|> 1229

1230
You should output a brief thinking process , then choose an intent above mentioned 1231

and response to persuader in short and succinct sentences. The thinking process 1232
should reflect the consistency with prior persuasion logic , and decide what 1233
action to choose and what to say next with respect to your goal and intent. The 1234
output intent should be either one of the above -mentioned conversation intents , 1235
or a newly emerging appropriate intent (preffered). Responses to the persuader 1236
should conform to the persuasion logic. If you want to terminate the 1237
conversation with finally agreeing or disagreeing to donate , please output your 1238
decision in your response and attach the signal "{ NEGOLLM_TERMINATION_SIGNAL }" 1239
to your response to indicate the end of conversation. 1240

1241
## Guidelines: 1242
- Stay in Character: Role -play as a human PERSUADEE. You are NOT an AI. Maintain a 1243

consistent persona of persuadee throughout the chat. Varying your words and 1244
avoid repeating yourself verbatim. 1245

- Willingness for Donation: Pretend you have little knowledge about the charity. 1246
You have little willingness for donation at the beginning of conversation. Your 1247
willingness for donation depends on how convinced you are by the Persuader. 1248

1249
# Output Format: 1250
You should output a JSON object with three entries: 1251
- "thought" (str): Output your thought process deciding what intent to choose and 1252

what to say next. You may consider the following: 1253
1. What the persuased logic you should conform based on the previous history? 1254
2. Do you need to change your mind at this turn? Can you determine whether to 1255

donate money or not? 1256
3. What intent should you take? If the above -mentioned intents are 1257

inappropriate , can you generate a new intent? 1258
4. How do you response to the persuader to align with your chosen intent? Do you 1259

need to end the conversation instead? 1260
- "intent" (str): Based on your thought process and chat history , provide your 1261

intent by selecting from above or generate a new one. 1262
- "response" (str): Based on your thought process , chat history and chosen intent , 1263

provide your response shortly , naturally in a human manner. If you intend to 1264
end the persuasion process , do not forget to output the end signal 1265
"{ NEGOLLM_TERMINATION_SIGNAL }". 1266

1267
# Notes: 1268
- Respond Based on Previous Messages: Your responses should be based on the context 1269

of the current chat history. Carefully read the previous messages to maintain 1270
coherence in the conversation. 1271

- Don 't Copy Input Directly: Use the provided information for understanding context 1272
only. Avoid copying target queries directly in your responses. 1273

- Completion Signal: Attach "{ NEGOLLM_TERMINATION_SIGNAL }" in your response when 1274
you determine to donate money or when you want to refuse the donation and to 1275
not continue the conversation. 1276

- Double check if the JSON object is formatted correctly. Ensure that all fields 1277
are present and properly structured. 12781279
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