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Abstract001

Project duplication detection is critical for002
project quality assessment by preventing in-003
vesting in newly proposed projects whose top-004
ics are already studied. Existing methods rely005
on word- and sentence-level comparison or006
solely apply large language models, lacking007
valuable insights generation and in-depth com-008
prehension of core content and detection cri-009
teria. To address this, we propose PD3, a010
framework for Project Duplication Detection011
via adapted multi-agent Debate. Inspired by012
real-world expert discussion and tournament013
formats, PD3 employs a fair round-robin com-014
petition format in multi-agent debate to retrieve015
relevant projects and generates both qualita-016
tive and quantitative feedback for greater prac-017
ticality. Over 800 real-world power projects018
spanning 22 specialized fields are used for eval-019
uation, demonstrating 8.37% and 8.00% im-020
provements in precision and accuracy in two021
key tasks. Furthermore, we develop and deploy022
Review Dingdang, an online platform assist-023
ing power experts, which has already saved024
13.44 million USD across 442 newly proposed025
projects. Codes are available in this repository.026

1 Introduction027

Project duplication detection is important for qual-028

ity assessment, comparing newly proposed projects029

with reference projects to avoid redundant research030

investments. Recently, research and development031

funding and project volumes continuously grow.032

For example, the State Grid Corporation of China033

(SGCC) invests over 5.25 billion USD in science034

projects, obtaining 8,521 authorized patents (The035

State Grid Corporation of China, 2024). The Smart036

Grid Grants funding is established with 300 bil-037

lion USD for projects that improve the power sys-038

tem (The U.S. Department of Energy, 2023). As a039

result, the expansion increases the need for accurate040

comparison, making manual inspection difficult041

and unsustainable. Simultaneously, both reviewers042

and applicants seek more interpretable feedback, 043

showing dissatisfaction with the simple numerical 044

results provided by general detection methods. 045

The primary objective of project duplication de- 046

tection is to retrieve the most relevant reference 047

projects. An ideal method requires a deep un- 048

derstanding of the semantics of the project and 049

domain knowledge, with recall capabilities tai- 050

lored to domain-specific criteria. Traditional ap- 051

proaches include word frequency-based methods 052

(e.g., ROUGE (Lin, 2004), BM25 (Robertson et al., 053

2009)) and vector distance-based methods (e.g., 054

Bert (Devlin et al., 2019), gte (Li et al., 2023b)). 055

Word frequency-based methods use word occur- 056

rences to represent duplication among texts. Over- 057

reliance on tokenization makes such methods vul- 058

nerable to synonym substitution and other text ma- 059

nipulation, and thus ineffective in intentional du- 060

plication avoidance cases. Vector distance-based 061

methods encode text semantics as vectors and cal- 062

culate similarity through functions such as cosine. 063

Some embedders (e.g., gte, bge (Chen et al., 2024a; 064

Li et al., 2023a)) further employ prefix-guided pre- 065

training to enhance task alignment. However, along 066

with the word frequency-based methods, their uni- 067

form processing of all texts and highly compressed 068

presentation prevent them from prioritizing core 069

content, lacking more detailed semantic expres- 070

sions. Due to their inflexibility, these methods are 071

primarily suited for preliminary retrieval. 072

For further fine-grained retrieval, Large Lan- 073

guage Models (LLMs) offer a direct solution. For 074

tasks requiring deep semantic comprehension, like 075

peer review, LLMs can serve as expert reviewers 076

to leverage their understanding capabilities (Shen 077

et al., 2022; Zhang et al., 2025a). Current LLM- 078

based retrieval approaches typically either (1) uti- 079

lize LLMs as judges to decide the ranking through 080

point-wise scoring or pair-wise comparison (Zheng 081

et al., 2023b), or (2) employ chain-of-thought 082

(CoT) prompting or use LLMs with reasoning abil- 083
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ity (Wei et al., 2022; Guo et al., 2025) to enable084

task-aware data sorting (Chen et al., 2025b). Ben-085

efiting from test-time scalability, these methods086

overcome rigid word or vector dependencies. Al-087

though the aforementioned point-wise scoring and088

pair-wise comparison methods advance the field,089

project duplication detection remains challenging.090

I believe that Project A has a higher 
relevance. Because the research 
content of Project A also involves ice 
prediction, especially forecast correction.

Project Under Detection
Title: 
Research on ice disaster early 
warning technology based on the 
integration of precipitation dynamic 
correction and icing monitoring
Main Research Content:
… an automatic data refined 
method ..., 
… through multi-data fusion ..., 
developing intelligent de-icing 
and ice measurement devices ...

I have decided that Project B has a 
higher relevance because it also 
involves the icing prediction of multi-data 
fusion, which is the key technology in 
the reviewed project.

I believe that Project C is more relevant. 
Although  involving ice detection, C is 
more consistent with the project under 
review in final application results, both 
designed for icing measurement drones.

Reference Project B
Title: 
Technology for Enhancing Grid 
Disaster Risk Monitoring and 
Early Warning Capabilities under 
Extreme Weather Conditions

Main Research Content:
… technology of icing database 
for multi-source heterogeneous 
data fusion …

Reference Project A
Title: 
Key Technology Research  
Application of Precise Ice Accretion 
Prediction for Transmission Lines 
Based on Earth System Simulation 
Equipment
Main Research Content:
… combine with geographic 
information data for refined 
temperature, wind field, and 
icing forecast correction ...

Reference Project C
Title: 
Development and Application of an 
Accurate Ice Coverage 
Measurement Platform for Live 
Wires Based on Drones

Main Research Content:
… power line icing 
measurement system based 
on drone technology ...

Relevance Rank 
(Non-strict partial order exists)

Analysis Aspect Rank Order
Research Content A ≻ B ≻ C
Key Technology B ≻ C ≻ A

Application C ≻ A ≻ B

Figure 1: A case where strict partial order is violated.
Manual detection process indicates that 3 reference
projects are each more relevant from different angles.
Multi-angle duplication assessment disrupts strict par-
tial order, rendering point-wise or pair-wise compar-
isons ineffective for determining duplicate rankings.

From a scenario perspective, how to retrieve091

reference projects without strict partial order is092

challenging. During duplication detection, domain093

experts are requested to conduct comprehensive as-094

sessments of similarity across multiple orthogonal095

dimensions (e.g., research content, core method-096

ologies, and application). This process inherently097

disrupts the strict partial order (where A ≻ B and B098

≻ C ⇒ A ≻ C) that typically characterizes the sim-099

ilarity between reference projects and the project100

under detection. As shown in Figure 1, distinct101

reference projects may demonstrate superior simi-102

larity in different aspects, making it difficult even103

for experienced experts to establish a consistent104

ranking through conventional point-wise or pair-105

wise comparison approaches. This indicates that106

the performance of the existing methods mentioned107

above is limited by the assumption of the existence108

of a partial order relationship within the dataset.109

This observation underscores that more global in-110

formation on reference projects is required.111

Figure 2: Top-5 coverage with varying retrieval numbers

From a methodological viewpoint, challenge 112

lies in effectively incorporating the global in- 113

formation of reference projects while overcom- 114

ing associated long-context difficulties. Aim- 115

ing to leverage global information to avoid prob- 116

lems arising from the absence of a strict partial 117

order, single-LLM approaches are however con- 118

strained by monolithic analytical perspective. In- 119

spired by the society of mind (Minsky, 1986), 120

multi-agent collaboration like Multi-Agent Debate 121

(MAD) (Liang et al., 2024; Du et al., 2023; Xiong 122

et al., 2023) are proposed. By simulating delib- 123

erative discussions among multiple LLM agents, 124

MAD integrates global information and diverse 125

reasoning perspectives. A more fundamental is- 126

sue, however, arises when processing large can- 127

didate sets. As evidenced by Figure 2, covering 128

90% of human-annotated top-5 relevant projects 129

requires retrieving at least 30 candidates—a global 130

information scale at which LLM performance de- 131

grades due to the “lost-in-the-middle” attention 132

phenomenon (Liu et al., 2023). With aggressive 133

reduction risking prematurely discarding relevant 134

projects, narrowing down candidate set by prelimi- 135

nary retrieval fails to resolve the trade-off. 136

To overcome these challenges, we propose PD3, 137

a framework for Project Duplication Detection via 138

adapted multi-agent Debate. Through an adapted 139

novel round-robin divide-and-conquer MAD mech- 140

anism, PD3 optimizes context length by limiting 141

concurrent projects comparison while maintaining 142

essential global information. This balanced ap- 143

proach enables more accurate retrieval of the top-K 144

most relevant reference projects. Besides, as an 145

insightful framework, PD3 generates quantitative 146

duplication scores and additionally qualitative out- 147

put as interpretable supplement for the numerical 148

result. This dual feedback approach helps experts 149

verify results efficiently while providing applicants 150

with clear guidance for project refinement. 151

Building upon PD3, we developed an online 152

platform called Review Dingdang to help detect 153

duplicate scientific projects in power system. In 154

2025, the online platform demonstrates significant 155

efficacy, enabling the prevention of approximately 156

13.44 million USD from being invested in duplicate 157

projects. Our key contributions include: 158

• We propose PD3, a novel and, to our knowledge, 159

the first LLM-based framework for project dupli- 160

cation detection via adapted multi-agent debate. 161

• In our framework, we introduce a novel round- 162

robin competition format in the MAD-based 163
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Figure 3: Overview of PD3 framework. As the I/O sequence of the detection, it has 4 modules: data pre-processing,
database and preliminary retrieval, MAD-based round-robin retrieval, and LLM-as-a-Judge-based Feedback.

retrieval method, enabling fairer and more com-164

prehensive candidate evaluation. Additionally,165

we first propose the LLM-based dual feedback166

design for project duplication detection, integrat-167

ing both quantitative and qualitative analysis to168

enhance human collaboration and support.169

• Through validation with real-world power170

project data and cross-domain involving multi-171

professional domains, PD3 outperforms baseline172

methods by 8.34% and 8.00% in two downstream173

tasks. Based on PD3, we also implement an on-174

line platform, Review Dingdang, achieving prac-175

tical impact by preventing millions of USD in176

redundant investments during online detection.177

2 PD3 Framework Design178

2.1 Overview179

Problem Formulation Before presenting the over-180

all framework, we first formalize the key problem.181

Let P denote a project, with 2 main project du-182

plication detection tasks defined as follows: (1)183

Retrieve the top-K most relevant reference projects184

R = {P ∗
j }Kj=1 ⊆ S for a given project under de-185

tection Pu, where S = {Pi}Ni=1 is the candidate186

set of reference projects. (2) Provide a quantitative187

comprehensive duplication score su ∈ D and (op-188

tionally) qualitative evaluation against the retrieval189

result R = {Pi}Ki=1, where D is the score domain190

and the score function f : (Pu, R) → D evaluates191

the overall duplication level of Pu.192

As illustrated in Figure 3, PD3 framework com-193

prises four key components:194

(1) Data Pre-processing. To handle heteroge-195

neous project data with varying formats and sensi-196

tivity levels, this module standardizes input through197

format unification, regex-based sensitive informa-198

tion desensitization and text content extraction.199

(2) Database and Preliminary Retrieval. This 200

module maintains a vector database (offline updat- 201

able) of reference projects. PD3 inputs the content 202

of the project under detection and gets preliminary 203

retrieved candidate reference projects. 204

(3) MAD-based Round-robin Retrieval. The 205

module organizes the candidate projects into sev- 206

eral round-robin sub-competition tasks. Multiple 207

expert agents debate to select the top-5 candidates 208

per sub-competition and a senior judge makes the 209

group final decision by analyzing debate records. 210

The final top-5 projects are determined through 211

aggregated voting across all sub-competitions. 212

(4) LLM-as-a-Judge-based Feedback. This mod- 213

ule analyzes the project under detection by: (1) 214

generating a similarity conclusion, (2) assigning a 215

quantitative duplication score using an LLM judge 216

(based on detection criteria), and (3) enriching out- 217

put with a text-comparison agent that highlights 218

specific similar expressions in the original texts. 219

The combined feedback provides both measurable 220

and actionable insights for human experts. 221

2.2 MAD Based Round-robin Retrieval: 222

Debate Makes the Truth Shine Through 223

Accurately retrieving the most relevant reference 224

projects is the most important part in detection. 225

High-quality retrieval ensures the reliability of 226

downstream evaluation, while errors may lead to 227

final misjudgment. Inspired by practical expert 228

discussion, we propose an adapted multi-agent de- 229

bate mechanism. It enables more relevant projects 230

to emerge through several debate rounds, where 231

projects with stronger evidence naturally prevail. 232

First, given the absence of a strict partial order, 233

we depart from the traditional ranking formula- 234

tion—typically adopted by pair-wise or point-wise 235

approaches—and instead frame the retrieval task 236
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as a many-to-many selection problem. This formu-237

lation avoids the need for strict global one-to-one238

comparisons, thereby effectively circumventing re-239

liance on a strict partial order.240

Simultaneously, unlike generic MAD methods241

designed for QA tasks (e.g., MMLU (Wang et al.,242

2024b)), our scenario faces a distinct challenge: it243

must balance global information against context244

length constraints. This necessitates a tailored de-245

composition strategy, not a direct MAD application.246

To achieve an optimal trade-off, we enhance MAD247

with a round-robin competition mechanism. Origi-248

nating from real-world tournaments, it prioritizes249

fairness over elimination intensity, unlike knockout250

or double-elimination systems. The round-robin251

format ensures an equitable comparison among all252

candidates and is better suited for our task.253

In specific, we randomly partition N candi-254

date projects primarily retrieved into J sets of255

K candidate reference projects each. Then, we256

organize these sets into G unique K-out-of-M257

sub-competitions(non-repeating combinations, G258

= C
M/K
J ), where each sub-competition consists of259

M reference projects from M/K sets (We take N260

= 30, as inspired by Figure 2, K = 5, J = N/K =261

6, M = 20, M/K = 4 and G = C
M/K
J = 15).262

In each sub-competition group, independent ex-263

pert agents first select their own top-K candidates264

and give brief explanations. They then engage in a265

structured debate by critiquing proposals, answer-266

ing questions or revising selections with all prior267

debate records. After a fixed number of debate268

rounds, a senior expert agent makes the final group269

decision based on the discussion record. Once270

all sub-competitions finish, we aggregate results271

via majority voting (as studied in (Kaesberg et al.,272

2025) that voting is more suitable for knowledge-273

based tasks ) to select the global top-K reference274

projects. Another advantage of this format is that275

group competitions are independent and can run in276

parallel, significantly reducing execution time.277

In summary, our adapted round-robin MAD-278

based retrieval is able to deeply analyze project and279

detection criteria, enabling more accurate horizon-280

tal comparison and candidate selection. Compared281

to other LLM-based methods, this approach offers282

three key advantages: (1) Eliminating cost uncer-283

tainty caused by uncontrolled reasoning length; (2)284

Better balancing non-strict partial order relation-285

ships with context length; (3) Enhancing efficiency286

through parallel task decomposition, while retain-287

ing the benefits of test-time scaling. 288

2.3 LLM-as-a-Judge Based Feedback: 289

Quantitative and Qualitative Output 290

Through literature review and expert consultation, 291

we identify another key limitation: lack of construc- 292

tive feedback. Effective feedback should bridge 293

human-system interaction by delivering actionable 294

insights to improve detection efficiency and project 295

quality. Nevertheless, most methods fail to gen- 296

erate interpretable final duplication scores, while 297

inconsistent scoring ranges or distributions under- 298

mine result credibility. Few methods detect duplica- 299

tion beyond continuous word matches, neglecting 300

overlaps in core points defined by detection cri- 301

teria. This feedback deficiency hampers review 302

efficiency, forcing experts and applicants to rely on 303

rigid duplication thresholds. Consequently, non- 304

core duplication in high-quality projects risks mis- 305

judgment, while meritorious projects miss potential 306

improvement opportunities. 307

To address these limitations, we first develop an 308

LLM-based agent feedback module that delivers 309

comprehensive quantitative and qualitative feed- 310

back. For quantitative feedback, we employ a full- 311

project-level LLM-as-a-Judge approach with well- 312

defined criteria (1-10 scale, higher scores indicat- 313

ing greater duplication) and task-criteria-specific 314

prompts. Unlike point-wise or pair-wise scoring, 315

our agent assesses the target project using all top- 316

K relevant reference projects as context, avoiding 317

reliance on strict partial ordinal comparisons while 318

leveraging richer global information. This method 319

also offers flexibility: scoring rules can be easily 320

adapted by modifying the prompt, for instance, in- 321

structing the agent to assign a high score if any one 322

reference project is highly relevant. 323

Besides, we design two key qualitative feedback 324

to enhance interpretability: (1) Similarity Conclu- 325

sion. A human-readable conclusion comparing the 326

project under detection with the top-K relevant ref- 327

erence projects, highlighting similarities in main 328

content, key technologies and application achieve- 329

ments. This overall summary also aids in enhanc- 330

ing quantitative assessment performance when in- 331

tegrated into the input. (2) Original Text Compar- 332

ison. This output identifies semantically similar 333

segments in original text based on the similarity 334

conclusion. Unlike traditional word-based dupli- 335

cation detection, this method effectively detects 336

relevant content while mitigating the effects of de- 337

ception tactics like word substitution. 338
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To enable better direct human-interaction, this339

module is designed to prioritize both efficiency and340

tangible user benefit. By optimizing quantitative341

outcomes and bridging gaps in qualitative analysis,342

PD3 is substantially enhanced to support end users,343

establishing a more human-centered framework.344

3 Experiments345

In this section, we present a comprehensive eval-346

uation of PD3. Our investigation is guided by the347

following research questions: RQ1: How powerful348

is PD3 retrieval? RQ2: How helpful is PD3 feed-349

back? RQ3: To what extent are all components350

comprising PD3 valid to its performance? RQ4:351

How does PD3 perform in cross-domain fields?352

RQ5: How robust is PD3 to its hyperparameters?353

We address RQ1 and RQ2 through primary ex-354

perimental analysis in Section 3.3, and discuss RQ3355

and RQ4 via ablation study and cross-domain anal-356

ysis in Sections 3.4 and 3.5. For RQ5, We conduct357

detailed analysis on base models, the number of358

candidates in each sub-competition, and the num-359

ber of agents or debate rounds in Section A.3.360

3.1 Dataset361

To rigorously evaluate PD3’s real-world perfor-362

mance, we take the power field as an example and363

analyze a dataset of 833 scientific and technolog-364

ical projects across 3 years (from 2022 to 2024),365

with an average raw data length of 27.1k words366

and 14.6k tokens, sourced from SGCC.367

These projects focus on new technologies in368

power systems and cross-application of cutting-369

edge technologies in other fields, like artificial in-370

telligence. Common topics include AI-based power371

consumption forecasting, line icing prediction, and372

carbon emission detection. Encompassing 22 dis-373

tinct specific domains (e.g., dispatching, digital-374

ization, and informatization), the dataset captures375

the breadth of modern power systems. Within one376

project, it often involves both actual scenarios in377

the power field and technical solutions from other378

fields, further increasing the complexity of the du-379

plication detection. See details in Section A.2.380

3.2 Experiment Settings381

Tasks Utilizing the symbols described in Section382

2.1, we define two evaluation tasks with expert-383

annotated project data in the power field.384

Task 1: Most relevant top-5 retrieval Given385

a project under detection Pu and the set of 30386

candidate reference projects from preliminary re- 387

trieval using vector distance-based retrieval from 388

the database S = {Pi}30i=1. The task outputs a re- 389

sult set R = {P ∗
j }5j=1 ⊆ S consisting of the top-5 390

items most relevant reference projects. 391

For cost efficiency, we randomly select 331 392

projects as test items. Human experts annotate 393

the optimal result R̂ = {P̂ ∗
j }5j=1 for each test item. 394

We employ a cross-validation style detection set- 395

ting: when one project is under detection, all other 396

832 projects serve as reference candidates. This 397

setting is closer to the cross-checking required for 398

the same batch of projects in the real world. 399

Task 2: Comprehensive duplication score assess- 400

ment of the project Given two projects under 401

detection Pu-A and Pu-B, along with their top-5 402

relevant reference project sets RA = {PAj}5j=1 403

and RB = {PBj}5j=1, the task outputs duplication 404

scores su-A, su-B ∈ D. Where D is the score range. 405

Since different algorithms use distinct score 406

ranges D and scoring functions with different dis- 407

tributions f : (Pu, R) → D, we set up task 2 in 408

such a way to ensure fair comparison. For test 409

set, we randomly sample 100 project pairs C = 410

{(Pu-Aj , Pu-Bj)}100j=1 from 331 human-annotated 411

projects. Three experts independently vote on 412

which project has higher duplication, yielding an- 413

notations Ĥ = {Hj}100j=1, where Hj ∈ {u-A, u-B}. 414

Baselines. For a comprehensive comparison, we 415

evaluate methods from four categories: 416

Word frequency-based (WF) . ROUGE-L: Mea- 417

sures text similarity via longest common subse- 418

quence. BM25: Enhanced TF-IDF approach using 419

term frequency and inverse document frequency. 420

Vector distance-based (VD) . gte-1.5B (gte- 421

Qwen2-1.5B-instruction): Transformer-based em- 422

bedder (w/ or w/o instruction). RATSim (Zhang 423

et al., 2024): Embedder for near-duplicate 424

text retrieval. Reranker: Larger embedders 425

(e.g., gte-7B (gte-Qwen2-7B-instruction) (Li 426

et al., 2023b), Qwen3-8B (Qwen3-Embedding- 427

8B) (Zhang et al., 2025b) ) or pretrained rerankers 428

(jina (jina-reranker-v2-base-multilingual) (Sturua 429

et al., 2024), bge (bge-reranker-v2-m3)). 430

LLM-based (LLM) . DeepSeek V3 (Liu et al., 431

2024a): Open-source LLM that generates re- 432

sponses directly from input. DeepSeek R1 (Guo 433

et al., 2025): Reasoning-enhanced LLM that per- 434

forms self-critique. LLM-as-a-Judge (Chan et al., 435

2023; Liang et al., 2024; Du et al., 2023) : Use 436
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Table 1: Experiment results of task 1: Most relevant top-5 retrieval.

Method Prec@5
Match@K

K = 1 K = 2 K = 3 K = 4 K = 5(Hit Rate@5)

Random (Random) 16.80 209 | 63.14 64 | 19.34 5 | 1.51 0 | 0.00 0 | 0.00

ROUGE-L (WF) 23.99 248 | 74.92 125 | 37.76 23 | 6.95 1 | 0.30 0 | 0.00
BM25 (WF) 28.70 273 | 82.48 145 | 43.81 52 | 15.71 5 | 1.51 0 | 0.00

gte-1.5B (VD) 38.13 296 | 89.43 219 | 61.66 97 | 29.31 18 | 5.44 1 | 0.30
gte-1.5B with instruction (VD) 37.82 294 | 88.82 213 | 64.35 96 | 29.00 21 | 6.36 2 | 0.60

gte-7B as reranker (VD) 38.97 298 | 90.03 212 | 64.05 105 | 31.72 29 | 8.76 1 | 0.30
Qwen3-8B as reranker (VD) 40.18 301 | 90.94 220 | 66.47 110 | 33.23 32 | 9.67 2 | 0.60

jina as reranker (VD) 27.98 275 | 83.08 141 | 42.60 42 | 12.69 4 | 1.21 1 | 0.30

DeepSeek V3 (LLM) 36.86 297 | 89.73 194 | 58.61 88 | 26.59 27 | 8.16 4 | 1.21
DeepSeek R1 (LLM) 39.52 298 | 90.03 214 | 64.65 110 | 33.23 29 | 8.76 3 | 0.91

LLM-as-a-Judge (LLM) 38.49 303 | 91.54 211 | 63.75 99 | 29.91 21 | 6.34 3 | 0.91
TourRank (LLM) 37.04 290 | 87.61 193 | 58.31 100 | 30.21 27 | 8.16 3 | 0.91

MAD Vanilla (MAD) 39.64 307 | 92.75 229 | 69.18 129 | 38.97 42 | 12.69 3 | 0.91
DMAD (MAD) 38.85 295 | 89.12 215 | 64.95 102 | 30.82 31 | 9.37 0 | 0.00

PD3 MAD Round-robin (Ours) 44.23 310 | 93.66 238 | 71.90 133 | 40.18 41 | 12.39 10 | 3.02

a single LLM as a judge and evaluate the task437

through generative or point-wise scoring methods.438

TourRank (Chen et al., 2025b): LLM-based infor-439

mation retrieval methods with tournament format.440

MAD-based (MAD) . MAD Vanilla: Directly441

apply vanilla MAD for 5-out-of-30 retrieval.442

DMAD (Liu et al., 2025): Recently proposed443

MAD combining diverse reasoning approaches and444

achieving state-of-the-art performance.445

Settings In task 1, we employ gte-Qwen2-1.5B-446

instruction (without instruction) as the embedder447

for preliminary retrieval to obtain 30 candidate448

projects. In task 2, for baseline methods that do not449

directly output direct duplication score, we report450

both the maximum and average score among top-5451

candidates for fair comparison. Additionally, we452

have two settings using different top-5 reference453

sets R: (1) Human Retrieval: Uniform expert-454

annotated reference set for direct method compari-455

son. (2) Method Retrieval: Method-specific top-5456

reference set, assessing end-to-end detection perfor-457

mance. It can be viewed as the overall performance458

evaluation. Section A.5 provides more details.459

Evaluation Metrics In Task 1, we adopt 2460

metrics: Precision@5 (Prec@5) and Match@K.461

Precision@5 = |R∧R̂|/5 measures selection over-462

lap with experts. Match@K =
∑

I(
∣∣R ∧ R̂

∣∣ ≥463

K),K = 1, 2, . . . , 5 calculates the results that464

overlap with the expert selection greater than or465

equal to K. Where I(·) is the indicator function466

(1 if true, else 0). Particularly, Match@1 ≡467

Hit Rate@5. For Match@K, we additionally re-468

port its ratio to the size of test set in the form469

Match@K | (Match@K/Size of test set).470

In Task 2, we use Accuracy (Acc) on 100 test 471

sets, with 2 evaluation approaches: (1)Origin 472

Group (Origin): Strict expert majority as ground 473

truth. (2) Weighted Group (Weighted): Expert 474

votes as weights (e.g., 2A:1B → B scores 0.33). 475

This is due to that expert disagreement reflects com- 476

parison difficulty and multi-dimensional analysis. 477

For clarity, all metrics are reported in percentages. 478

3.3 Experiment Results 479

Analysis of Task 1 (RQ1) Table 1 presents the ex- 480

perimental results for Task 11. The round-robin 481

MAD method in PD3 achieves superior results. 482

Specifically, compared with the overall suboptimal 483

method, MAD Vanilla, it improves Precision@5 484

by 4.59%, showing the additional gains from adap- 485

tive design when both benefiting from the MAD 486

inference capability. Traditional WF and VD meth- 487

ods show limited effectiveness, suggesting these 488

simplistic methods are inadequate for duplicate 489

detection retrieval. Among LLM-based methods, 490

DeepSeek R1 and LLM-as-a-Judge outperform oth- 491

ers, indicating that enhanced reasoning during in- 492

ference can better utilize LLM capabilities. Adopt- 493

ing the tournament design as the core improvement, 494

TourRank failed to demonstrate better performance, 495

revealing that relying solely on multi-round selec- 496

tion with a single LLM is not enough. 497

The superior performance of MAD-based meth- 498

ods demonstrates their effectiveness in multi- 499

perspective analysis through debate mechanisms. 500

PD3 performs better than DMAD, which is the 501

1Due to page limitations, we only show some of VD base-
lines with better performance and other results are in Table 5
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MAD method with the state-of-the-art performance.502

This indicates that the MAD methods for solving503

general problems cannot be used directly and sim-504

ply to solve complex practical problems.505

Different K settings in Match@K metric further506

reveal our method’s growing advantage with in-507

creasing task difficulty (higher K values). Com-508

pared to baselines, it achieves average relative509

improvements of 6.76% (K=1), 22.96% (K=2),510

49.95% (K=3), 85.71% (K=4), and 464.89% (K=5).511

This highlights our method is more competitive and512

has greater application value in complex scenarios.513

Table 2: Experimental results of task 2.

Method Human Retrieval (Acc) Method Retrieval (Acc)
Origin Weighted Origin Weighted

ROUGE-L MAX (WF) 62.00 58.67 56.00 57.33
ROUGE-L AVG (WF) 64.00 59.33 65.00 62.33

BM25 MAX (WF) 53.00 55.00 53.00 55.00
BM25 AVG (WF) 53.00 55.00 54.00 55.33

gte-1.5B MAX (VD) 58.00 49.00 65.00 51.00
gte-1.5B AVG (VD) 65.00 54.00 61.00 51.00

reranker MAX (VD) - - 63.00 49.00
reranker AVG (VD) - - 62.00 52.00

LLM-as-a-Judge MAX (LLM) 50.00 48.67 47.00 45.00
LLM-as-a-Judge AVG (LLM) 58.00 57.67 64.00 62.00

PD3 feedback (Ours) 64.00 62.67 66.00 63.00
PD3 feedback

- - 67.00 64.67with conclusion (Ours)

Analysis of Task 2 (RQ2) Table 2 presents the514

experimental results for Task 22. Our method out-515

performs all other baselines under all evaluation516

and retrieval settings, which demonstrates the su-517

periority of PD3’s quantitative feedback.518

Under Human Retrieval setting, PD3 achieves519

average improvements of 6.13% and 8.00% across520

groups, demonstrating more reasonable quantita-521

tive feedback given identical input. The larger522

gain in the Weighted Group particularly indicates523

that our method is more aligned with human re-524

view experts’ preferences. Under Method Retrieval525

setting, performance gains increase to 7.00% and526

9.00%, confirming that better retrieval enhances527

final scoring quality and validating PD3’s effec-528

tiveness. Notably, with quantitative output as prior529

knowledge, the advantages expand further to 8.00%530

and 10.67%, highlighting that intermediate agent531

processing can optimize quantitative feedback.532

Furthermore, we conduct a comparative evalu-533

ation with human experts to assess the qualitative534

feedback of PD3 against other prevalent duplica-535

tion detection methods, like CNKI (Zhang and Sun,536

2012). From an output perspective, CNKI is lim-537

ited to providing statement-level duplicate compar-538

2In Human Retrieval setting, rerankers’ scores are omitted
due to using manually annotated top-5 candidates, while PD3

with conclusion scores are excluded as they represent compos-
ite performance only specific to Method Retrieval setting.

isons alongside citations of original text, as well as 539

passage- and full-text duplication scores (based on 540

word frequency). Nevertheless, it lacks in-depth 541

duplicate analysis capabilities and exhibits poor 542

interpretability. For PD3, expert evaluations con- 543

sistently indicate that its qualitative feedback not 544

only delivers more comprehensive content but also 545

significantly enhances reviewers’ understanding of 546

specific duplication instances. This capability ef- 547

fectively reduces the review workload and assists 548

project applicants in improving quality. 549

(a) (b)

Figure 4: Ablation study experiment results (a) and
cross-domain experiment results (b).

3.4 Ablation Study 550

Ablation Study Settings To evaluate the effec- 551

tiveness of each component in PD3 retrieval, we 552

conduct ablation experiments on 4 kinds of vari- 553

ants: (1) PD3 w/o MAD (VD): Removes the en- 554

tire module, directly using primary retrieval re- 555

sults; (2) PD3 w/o MAD, with voting (LLM Vot- 556

ing): Replaces MAD with one LLM to process 557

sub-competitions (same partition) and get final 558

result through voting; (3) PD3 with MAD, w/o 559

round-robin (MAD Vanilla) Remove the round- 560

robin competition format; (4) PD3 with MAD in 561

other competition formats (i) (Traversal) Each 562

round selects 5 out of 10, then adds 5 new can- 563

didates until completion. (ii) (Random) Replace 564

non-repeating combination with a random partition 565

for sub-competitions construction. (iii) (Sliding) 566

Replace round-robin with sliding window (step=1). 567

Ablation Study Analysis (RQ3) Figure 4 (a) 568

presents the ablation results. The full PD3 demon- 569

strates superior performance over all variants, val- 570

idating the effectiveness of core components. Be- 571

sides, the significant performance gap between PD3 572

and VD confirms the importance of LLM integra- 573

tion in our framework. Simultaneously, the perfor- 574

mance of LLM Voting decreases, showing that the 575

adapted MAD mechanism contributes more than 576

the voting mechanism alone. Also, all MAD vari- 577

ants with modified competition formats exhibit re- 578

duced effectiveness, indicating that the round-robin 579
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Project Under Detection
Title: Research on ice disaster early 
warning technology based on the 
integration of precipitation dynamic 
correction and icing monitoring

I believe that projects 1, 4, 6, 
10, and 12 are the most 
similar. They highly align 
with the review project in 
terms of research topics 
and applications . …

My choice is project 1, 4, 6, 
10, 13. They form a deep 
connection in core 
technologies (data fusion 
and model construction), … .

Expert
Agent A

Expert
Agent B

Project 1, 4, 6, 12, and 13 
are highly consistent with 
the research topic and 
technical needs. Other 
projects are excluded due 
to their focus on deicing 
(e.g. Project 2, 10).

Expert
Agent C

Initial Round

Senior
Expert Agent

Our final choice 
is  project 1, 4, 6, 
12, and 13.

However, Project 13’s 
technical maturity and 
engineering feasibility may 
be weaker than Project 10.

Expert
Agent A
I agree with Expert A on 
Project 10, but I believe that 
Project 13 is more crucial … . Expert

Agent B… 
I acknowledge the analysis 
of experts B and C... If 
taking into account 3D 
reconstruction is necessary, 
project 13 can be added ... .

Expert
Agent A

I fully support Expert B and 
suggest the current 
combination: 1/4/6/12/13 … . Expert

Agent C

Debate Rounds

Senior Judge

Pre-deployment Settings

Reference Database
Construction

Reference
Projects

Vector
Database 

Format Transform
Content Desensitize

Embedding

Platform Configuration

Human Experts

Rules & 
Regulations

Detection Criteria

Hyperparameter Setting
(N, M, #agent, #round)

PD3 based Detection Process

Data PreprocessingUpload Project
Under Detection

Preliminary Retrieval

MAD-based 
Round-robin Retrieval

Base LLM

Top-M Relevant
Reference Projects

Qualitative and 
Quantitative Feedback

Duplication
Score

Original Text
Comparison

Similarity
Conclusion

(a) (b)

Figure 5: (a) Review Dingdang, the power project duplication platform based on PD3. Through simple configuration,
Review Dingdang has been deployed in the review center. It conducts duplicate review of newly proposed projects
based on the PD3 framework and provides sufficient and helpful feedback to human experts. (b) Case study on
one sub-competition in Review Dingdang. 3 experts first independently make their top-5 choices. During debating,
Expert A ultimately accepts the views of B and C. A senior judge then makes the final decision.

structure guarantees equal participation opportuni-580

ties for all candidates, optimally balancing global581

information capture with context length constraints.582

Complete results can be found in Table 7.583

3.5 Cross-domain Performance584

To better explore the duplicate detection perfor-585

mance of PD3 in other professional fields, we con-586

duct cross-domain experimental research based on587

bigPatent (Sharma et al., 2019), a diverse and reg-588

ularly updated dataset of U.S. patent data. We se-589

lected 1,000 mechanical patents as a candidate pool590

and used 5 different outstanding LLMs to rewrite591

100 of them to simulate the duplicate detection sce-592

nario of non-innovative patents in the real world.593

The experimental results are shown in Figure 4 (b),594

where PD3 still demonstrates the best performance,595

with a 3.00% improvement over the suboptimal596

method. This proves the applicability of PD3 for597

project duplicate detection across different fields.598

Detailed dataset processing and experimental re-599

sults can be found in A.2 and A.6.600

4 Application601

Platform and Case Study Based on the PD3, we602

develop Review Dingdang, an online platform for603

power project duplication detection. As illustrated604

in Figure 5 (a), the platform architecture supports605

pre-deployment configuration by domain experts606

through an intuitive interface. Upon submission607

of a newly proposed project, the platform auto-608

matically performs duplication analysis leverag-609

ing PD3, subsequently presenting comprehensive610

detection results, including project under detec-611

tion, relevant reference projects, and quantitative-612

qualitative feedback. Notably, Review Dingdang613

incorporates a human-in-the-loop mechanism that614

allows experts to iteratively refine system perfor- 615

mance. This is achieved through two primary in- 616

tervention modalities: (i) dynamic adjustment of 617

debate prompt rules in the PD3 framework, and (ii) 618

direct denotation feedback on bad cases to optimize 619

the platform’s detection algorithms. Figure 5 (b) 620

provides a case study in one sub-competition and a 621

more detailed analysis is provided in Section A.4. 622

Application Impact With Review Dingdang, hu- 623

man experts have conducted duplication detection 624

on 442 newly proposed projects in 2025, attempt- 625

ing to apply the SGCC’s scientific fund. During de- 626

tection, the platform helps experts detect 41 ineligi- 627

ble projects highly duplicated with history projects 628

(9.28%), and save 13.44 million USD, demonstrat- 629

ing its effectiveness and potential for positive so- 630

cial impact. Compared to human-review method 631

used in SGCC before, which requires about 1 hour 632

per project, PD3 only needs 3 minutes and 1.34 633

USD. Particularly, in live detection test in 2025, Re- 634

view Dingdang detected 24 more highly-duplicated 635

projects (8.09 million USD) and saved over 400 636

person-hours, a 9-fold reduction on time and hun- 637

dred times on cost. More details of runtime perfor- 638

mance analysis are provided in Section A.4. 639

5 Conclusion 640

In this work, we present PD3, a framework for 641

project duplication detection via adapted multi- 642

agent debate. Its novel round-robin competition 643

MAD-based retrieval method achieves a balance 644

between global information and context length. For 645

the consideration of human-center, PD3 provides 646

both quantitative and qualitative feedback. Exper- 647

iments on real-world project data demonstrate its 648

superiority. Besides, our deployed platform Review 649

Dingdang already delivers social impact. 650
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Limitations651

This work has some limitations. First, the test set652

size is constrained by expert annotation costs and653

lack of open-source project data. Second, due to the654

scarcity of public datasets and the requirement for655

desensitization of power datasets, we limit the use656

of text modality for review in our work. Future di-657

rections include enhancing detection performance658

through LLM-based reinforcement learning and659

expanding to multi-modal analysis.660
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A APPENDIX 937

A.1 Related work 938

A.1.1 Textual Duplication Detection 939

Textual duplication detection is a crucial computa- 940

tional linguistics task for identifying content repli- 941

cation across documents, playing a vital role in 942

protecting academic integrity and intellectual prop- 943

erty. Early methods primarily relied on lexical- 944

level analysis, such as n-gram overlap quantifica- 945

tion (Bensalem et al., 2014) and dynamic program- 946

ming algorithms like Smith-Waterman for local 947

alignment. Notably, Yu et al. (2022) introduced 948

advaced syntactic-level processing—including sen- 949

tence segmentation, lexical decomposition, and TF- 950

IDF differential computation—for similarity ma- 951

trix construction, as implemented in the Wanfang 952

duplication detection platform. 953

While these character-matching methods achieve 954

high precision in verbatim detection, they lack 955

high-level semantic comprehension, making them 956

susceptible to evasion through paraphrasing (e.g., 957

synonym substitution and syntactic restructuring). 958

Later advancements adopt distributed semantic rep- 959

resentations, employing topic modeling (e.g., La- 960

tent Dirichlet Allocation) and word embeddings 961

(e.g., Word2Vec (Mikolov et al., 2013)) for doc- 962

ument similarity. Zhang and Sun (2012) pro- 963

posed a hierarchical detection framework combin- 964

ing document-level keyword ranking with sentence- 965

level synonymy detection, widely used in the CNKI 966

duplication detection platform. Although these ap- 967

proaches capture surface-level semantic relation- 968

ships, they struggle with complex semantic trans- 969

formations. The rise of large language models 970

(LLMs) has revolutionized reasoning tasks (Gu 971

et al., 2024), yet their mechanisms inherently con- 972

flict with the reality that there is no strict partial 973

order in project duplication detection. 974
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A.1.2 Multi-Agent Debate Systems975

Multi-Agent Debate (MAD) (Liang et al., 2024;976

Du et al., 2023; Xiong et al., 2023; Chen et al.,977

2024b) implements the "society of minds" frame-978

work through collaborative interactions among979

LLM agents. This approach addresses key limi-980

tations of single-model reasoning—such as confir-981

mation bias, hallucinations, and logical inconsis-982

tencies—through iterative adversarial knowledge983

refinement. Empirical studies show that MAD im-984

proves reasoning via three mechanisms: (1) collec-985

tive error correction, (2) perspective diversification,986

and (3) systematic reasoning reinforcement.987

MAD has proven effective in diverse applica-988

tions. In scientific discovery, Gottweis et al. (2025)989

uses tournament-style debates to generate and re-990

fine biomedical hypotheses. For legal judgment991

prediction, Chen et al. (2025a) combines MAD992

with reliability assessment to reduce reliance on993

large datasets. In event extraction, the Debate as994

Optimization (DAO) system (Wang and Huang,995

2024) iteratively improves outputs without parame-996

ter tuning. However, MAD remains unexplored for997

duplication detection, a gap that our work bridges.998

Recent advancements in MAD have primarily999

focused on three key dimensions:1000

(1) Communication optimization, where Pham1001

et al. (2024) demonstrates the superiority of1002

embedding-based interaction over natural language1003

debate and Yin et al. (2023) further improves per-1004

formance through refined optimization of commu-1005

nication mechanisms. Oh et al. (2025) proposed1006

optimizing each debater’s speech one-on-one to1007

prevent error propagation;1008

(2) Role specialization, with Chan et al. (2023)1009

and Kim et al. (2024) establishing that hetero-1010

geneous agent personas significantly outperform1011

homogeneous configurations. Besides, Liu et al.1012

(2025) achieves state-of-the-art MAD performance1013

by employing diverse reasoning methods for each1014

participating agent. Several studies show the im-1015

portant improvement of MAD through enhancing1016

the heterogeneity of base models and model capa-1017

bilities (Yang et al., 2025c; Wynn et al., 2025);1018

(3) Decision-making efficiency, where Liu et al.1019

(2024b) introduces grouped debates to reduce com-1020

putational overhead, while Kaesberg et al. (2025)1021

systematically evaluates voting versus consensus1022

protocols across task types. Fan et al. (2025) adap-1023

tively decides whether to initiate debate to reduce1024

token consumption while improving accuracy.1025

However, these methodological refinements have 1026

predominantly targeted single-knowledge question 1027

answering scenarios, leaving their applicability to 1028

complex, multi-faceted tasks like project duplica- 1029

tion detection largely unexplored. 1030

Despite its strengths, MAD faces criticism. Stud- 1031

ies show it outperforms single-agent reasoning 1032

mainly in zero-shot settings (Wang et al., 2024a), 1033

and debates may amplify biases when agents share 1034

training data (Estornell and Liu, 2024). For exam- 1035

ple, Wang et al. (2024a) finds that well-prompted 1036

single agents can match MAD with demonstra- 1037

tions, while Estornell and Liu (2024) shows de- 1038

bates often converge to majority opinions, reinforc- 1039

ing misconceptions. These limitations underscore 1040

the need for careful role diversity and consensus 1041

design—challenges our work tackles via tailored 1042

agent roles and task-specific voting. Our empiri- 1043

cal results in project duplication detection further 1044

confirm MAD’s superiority over single LLM. 1045

A.2 Dataset details 1046

Table 3: Dataset details of power scientific projects

Year
Number of Average length Average length

projects (in words) (in tokens)

2022 223 24, 610 13,395

2023 292 26, 305 14,142

2024 318 29, 680 15,851

Total 833 27, 140 14, 594

Power Project Data The power project data used 1047

in this work consists of real projects from the State 1048

Grid Corporation of China. We anonymize sensi- 1049

tive information (e.g., applicant details) and ran- 1050

domly generating IDs, retaining only titles and text 1051

content. The original data of these projects is pro- 1052

vided in the form of feasibility study reports, often 1053

existing in formats such as doc, docx and pdf. The 1054

collection, use, and processing of these data have 1055

been reviewed by ethics experts in the electricity 1056

field and permitted to be used for the research in 1057

this work. More information is shown in Table 3. 1058

Cross-domain Data The patent data used in cross- 1059

domain experiments are from F-kind (Mechanical 1060

Engineering; Lightning; Heating; Weapons; Blast- 1061

ing) patents in bigPatent (Sharma et al., 2019). In 1062

details, we randomly sample 1,000 patents with 1063

their abstracts. Additionally, we rewrite 100 sam- 1064

pled patents as test cases with 5 different LLMs 1065
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(GLM-4.6 (Zeng et al., 2025), Qwen3-235B-A22B-1066

Instruct-2507 (Yang et al., 2025a,b), GPT-5 (Ope-1067

nAI, 2025), Gemini 3 pro (Deepmind, 2025) and1068

Claude Sonnet 4.5 (Anthropic, 2025)) to simulate1069

the duplicate detection scenarios commonly en-1070

countered in the real world. Cross-domain data are1071

open-sourced in this repository.1072

Human Annotation We invite experts in power1073

domain for power data annotation in task 1 and task1074

2 while provide compensation based on the average1075

standard hourly wage according to working hours.1076

The annotation instructions are provided here:1077

Annotation data consists of a batch of scientific and1078

technological research projects in the field of elec-1079

tricity. Each project conducts some scientific and1080

technological research related to the field of elec-1081

tricity. The data provides the project ID, name, and1082

application content. The annotation task is based1083

on human evaluation, selecting the top-5 most rel-1084

evant projects from the preliminary shortlisted 301085

related projects. Detection Criteria: There is du-1086

plication in research content, key technologies, the1087

same scenario, or applications. Note, project data1088

is protected under confidentiality agreements and1089

is prohibited from dissemination.1090

A.3 Hyperparameter Analysis1091

(a) (b)

(c) (d)

Figure 6: Hyperparameter analysis results. (a), (b), (c)
and (d) presents the performance comparison across hy-
perparameters including: group size, number of debate
rounds, debate agents and base models, respectively.

Hyperparameter Experiments Settings Building1092

on prior findings regarding the parameter sensitivity1093

of MAD(Smit et al., 2024), we’re also interested1094

in how sensitive is PD3’s performance to its hy-1095

perparameters. Therefore, we conduct systematic1096

experiments on four core hyperparameters of the1097

MAD framework: the number of candidate items1098

M from preliminary retrieval, debate rounds, agent1099

counts and agents’ base models.1100

Hyperparameter Analysis (RQ4) As illustrated 1101

in Figure 6 (a), experimental results across varying 1102

values of M demonstrate a characteristic "peak- 1103

then-decline" trend in reasoning performance, with 1104

optimal performance achieved at M = 20. This 1105

phenomenon suggests that while increasing M en- 1106

hances the agents’ access to more global informa- 1107

tion, excessively large values introduce longer con- 1108

text, ultimately compromising reasoning quality. 1109

To optimize computational costs, we conduct 1110

the following experiments on a 60-sample random 1111

subset of the original dataset. As shown in Fig- 1112

ure 6 (b), when fixing the number of agents at 3, 1113

model performance improves with additional de- 1114

bate rounds but declines beyond 3 rounds. Figure 6 1115

(c) reveals that the optimal performance is achieved 1116

with 3 agents and 3 debate rounds. These findings 1117

highlight two competing factors: (1) Sufficient de- 1118

bate rounds and agents facilitate multi-perspective 1119

analysis and comprehensive reasoning. (2) Exces- 1120

sive rounds or agents introduce diminishing returns 1121

due to error propagation and context overload, as 1122

discussed in (Estornell and Liu, 2024). 1123

For base models, we additionally test PD3 on 1124

Qwen3-8B, Qwen3-VL-30B-A3B-Instruct (Yang 1125

et al., 2025a) and GLM-4.5 (Zeng et al., 2025), for 1126

their representative characteristics at different pa- 1127

rameter scales. Figure 6 (d) shows that PD3 indeed 1128

demonstrates a certain scalability on different size 1129

LLMs, with performance gradually improving as 1130

the parameter size increases. At the same time, it 1131

also shows quite good performance on GLM-4.5, 1132

which is comparable to Deepseek V3 on common 1133

benchmarks, reflecting PD3’s certain deployment 1134

adaptability. See detailed hyperparameter analysis 1135

results in Table 9, Table 10 and Table 11. 1136

While our PD3 implementation in Table 1 1137

doesn’t adopt the empirically optimal configuration 1138

(3 agents + 3 rounds, compared to our 3+ 2 setting) 1139

due to resource constraints, we also evaluate PD3 1140

using the best hyperparameter configuration on the 1141

full dataset. The experimental results show that 1142

PD3 further achieved 44.53% in the Prec@5 met- 1143

ric, representing an improvement of 0.3% (see in 1144

Table 5). Meanwhile, this also suggests that it is 1145

worthwhile to balance effectiveness and computa- 1146

tional cost in practical applications. 1147

Our comprehensive evaluation of all baseline 1148

methods mentioned in Section 3.2 on subsets re- 1149

veals that PD3 consistently maintains superior per- 1150

formance, even under the worst hyperparameter 1151

configurations. As evidenced by the quantita- 1152
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tive results in Table 6, this empirical observation1153

demonstrates the framework’s remarkable robust-1154

ness against parameter variations. The sustained1155

performance advantage suggests that PD3’s archi-1156

tectural design inherently compensates for non-1157

ideal parameter settings, a characteristic particu-1158

larly valuable for real-world deployment where op-1159

timal parameter tuning may not always be feasible.1160

A.4 Case Study and Runtime Performance1161

Case Study Review Dingdang’s workflow starts1162

by retrieving 30 candidate reference projects based1163

on vector distance. Following the round-robin com-1164

petition format, the 30 candidate projects are di-1165

vided into 15 parallel sub-competition tasks. Figure1166

5 details one such sub-competition: three expert1167

agents first independently select their top-5 choices,1168

then debate until the specified number of rounds is1169

reached. In this case, Expert Agent A ultimately1170

accepts the opinions of Expert Agents B and C1171

for their reasonable opinions, and the senior expert1172

makes the final decision. After completing all sub-1173

competitions, a voting mechanism determines the1174

final top-5 projects. In the feedback stage, special-1175

ized agents then produce both quantitative scores1176

and qualitative assessments to the human expert.1177

Runtime Performance of Review Dingdang1178

To quantitatively assess the operational effi-1179

ciency of the deployed system, we conduct per-1180

formance evaluation focusing on three key met-1181

rics: (1) average execution time, (2) computational1182

cost, and (3) token consumption during the detec-1183

tion process. Executed in parallel via Python’s1184

concurrent module using Volcengine’s Model API1185

(ByteDance, 2025), with input cost at $0.28 per1186

million tokens and output cost at $1.14 per million1187

tokens for Deepseek V3. Our results demonstrate1188

an average execution time of 3 minutes per project1189

duplication detection. As detailed in Table 4, to-1190

ken consumption averages 4.42 million tokens per1191

project (4.36 million prompt tokens/57.98 thousand1192

output tokens) during debates, while the feedback1193

stage requires 35.36 thousand tokens per project1194

(31.75 thousand prompt tokens/3.61 thousand out-1195

put tokens). Based on Volcengine’s Model API1196

pricing (ByteDance, 2025), it takes around 1.341197

USD per project. These metrics quantify the tem-1198

poral and computational cost of PD3 framework1199

and Review Dingdang platform.1200

Table 4: Running time token consumption analysis.

Process Token Consumption Average Token Usage

Stage Metrics input output total

Debate per Debate 290k 4k 294k

per Project 4, 358k 58k 4, 416k

Feedback per Project 32k 3k 35k

Total per Project 4, 390k 61k 4, 451k

A.5 Experiment settings details 1201

General experiment settings We choose 1202

DeepSeek-V3-250324 as base-model for PD3 and 1203

all LLM-associated methods. As an open-source 1204

model, it excels in both Chinese and English sup- 1205

port and general benchmark performance (Wang 1206

et al., 2024b). In MAD round-robin retrieval, we 1207

set the number of agents and debate rounds (except 1208

initial round) to 3 and 2 respectively refer to the set- 1209

tings in (Du et al., 2023). Since we use the same, 1210

pre-randomly shuffled reference project informa- 1211

tion input in different baseline and hyperparameter 1212

experiments, we maintain consistent prompt set- 1213

tings and default base model hyperparameter set- 1214

tings (such as temperature, etc.), thus maintaining 1215

stability in multi-round experiments. In addition, 1216

referring to the settings of previous work (Chan 1217

et al., 2023; Fan et al., 2025; Liu et al., 2025) and in- 1218

sights from general LLM experiments settings (Liu 1219

et al., 2024a; Zeng et al., 2025), we report the one- 1220

round results in each experiment. 1221

Experiment settings details on task 1 For the 1222

methods based on word frequency, vector distance 1223

retrieval, and LLM-as-a-Judge, we directly cal- 1224

culate the scores of the projects under detection 1225

and the preliminary retrieval results and then se- 1226

lect the top-5 results with the highest scores. For 1227

DeepSeek V3 and DeepSeek R1, we directly in- 1228

put the project under detection with all prelimi- 1229

nary retrieval results as prompts to generate out- 1230

puts. For TourRank, We follow the original text 1231

setting, sequentially adopt a 30 → 20 → 10 → 5 1232

→ 2 filtering process, and run 10 times in parallel 1233

per case to determine the final result. For DMAD, 1234

we replace some of the original reasoning meth- 1235

ods (limited to closed-ended questions) with Chain- 1236

of-Thought (Wei et al., 2022), Step-Back Prompt- 1237

ing (Zheng et al., 2023a) and Self-Refine (Madaan 1238

et al., 2023; Kim et al., 2023), maintaining consis- 1239

tency in all other experimental settings. 1240

Experiment settings details on task 2 For all 1241
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LLM-as-a-Judge methods (including LLM-as-a-1242

Judge MAX, LLM-as-a-Judge AVG, and PD³’s1243

LLM-as-a-Judge-based feedback with or without1244

conclusion), we perform three independent gener-1245

ations and use the average value as the final score.1246

While we employ the average of three scores as the1247

final evaluation metric, instances may occur where1248

the LLM assigns identical scores to both Pu-A and1249

Pu-B in the test set. For fairness, our scoring pro-1250

tocol differs between evaluation settings in such1251

cases: (1) Under the "Origin Group" setting, these1252

cases receive a score of 0. (2) Under the "Weighted1253

Group" setting, we assign the score corresponding1254

to the less frequent label in the annotation (e.g., a1255

2:1 ratio would yield 0.33 points). This is based on1256

our findings in the expert manual annotation: From1257

multiple evaluation perspectives, it is difficult to1258

make confident decision among several randomly1259

selected comparison cases. We believe that this1260

setting is closer to the granularity of comparison1261

methods and manual detection.1262

A.6 Experiment results details1263

Experiment on task 1 results details For vector1264

distance-based methods, we conduct additional ex-1265

periments beyond those reported in the main text.1266

Due to space limitations, Table 1 presents only the1267

top-performing method from each category, while1268

Table 5 in the appendix provides complete experi-1269

mental results. Within each category, the bold en-1270

tries indicate the methods selected for Table 1 based1271

on superior performance. Table 1 also presents the1272

performance of PD3 under the best hyperparame-1273

ters configuration (3 agents + 3 debate rounds).1274

Table 6 further shows the performance of all1275

methods on small-scale datasets used for hyper-1276

parameter analysis. As described in section A.3.1277

Combining the results of hyperparameter analysis,1278

PD3 outperforms other baseline methods under dif-1279

ferent hyperparameter settings, further indicating1280

the robustness of the method.1281

Experiment on ablation results details Table 71282

shows the detailed results of ablation analysis.1283

Experiment on cross-domain dataset results de-1284

tails Table 8 shows the detailed experimental re-1285

sults of cross-domain analysis.1286

Experiment on hyperparameters results details1287

Table 9, Table 10, and Table 11 respectively show1288

the detailed experimental results of the analysis1289

for four key hyperparameters in PD3 - the number1290

of candidate items M from preliminary retrieval,1291

debate rounds, and agent count. 1292

A.7 Potential Risks 1293

We acknowledge that there are certain application 1294

risks in the PD3 framework. Focused on more 1295

efficiently and accurately identifying duplication, 1296

while providing informative feedback, the design 1297

of the PD3 framework centers on the review pro- 1298

cess and collaboration among multiple agents. For 1299

practical applications, adding more security protec- 1300

tion measures to prevent malicious attacks is neces- 1301

sary, for example, adding an additional large model 1302

discrimination layer to prevent prompt injection at- 1303

tacks, and adding additional cybersecurity methods 1304

to prevent attacks such as DDoS. The transparent 1305

and clear design makes PD3 easy to integrate with 1306

any security strategy. Due to the setting of the core 1307

scope and targets of this work, we do not discuss 1308

in details security risks in this paper. 1309
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Table 5: Additional experiment result of task 1

Method Prec@5
Match@K

K = 1 K = 2 K = 3 K = 4 K = 5(Hit Rate@5)

RETSim 27.73 13 | 0.0393 2 | 0.0060 0 | 0.0000 0 | 0.0000 0 | 0.0000

gte-7B as reranker+ Task INST 37.70 293 | 88.52 210 | 63.44 93 | 28.10 26 | 7.85 2 | 0.60
gte-7B as reranker(w/o INST) 38.97 298 | 90.03 212 | 64.05 105 | 31.72 29 | 8.76 1 | 0.30

gte-1.5B+ EN default INST 36.92 290 | 87.61 209 | 63.14 92 | 27.79 19 | 5.74 1 | 0.30
gte-1.5B+ CN default INST 37.22 295 | 89.12 207 | 62.54 94 | 28.40 19 | 5.74 1 | 0.30

gte-1.5B with instruction (+ Task INST) 37.82 294 | 88.82 213 | 64.35 96 | 29.00 21 | 6.36 2 | 0.60

bge as reranker 24.35 260 | 78.55 113 | 34.13 25 | 7.55 4 | 1.21 1 | 0.30
jina as reranker 27.98 275 | 83.08 141 | 42.60 42 | 12.69 1 | 0.30 1 | 0.30

PD3 (Best Hyperparameters) 44.53 313 | 94.56 238 | 71.90 133 | 40.18 47 | 14.20 6 | 1.81

Table 6: Additional experiment result on subset of task 1

Method Prec@5

Random 18.00

ROUGE-L 23.00
BM25 33.00

gte-1.5B 37.33
gte-1.5B with instruction 39.33

gte-7B as reranker 39.67
Qwen3-8B as reranker 35.00

jina as reranker 28.33
gte-7B as reranker+ Task INST 40.33
gte-7B as reranker(w/o INST) 39.67
gte-1.5B+ EN default INST 37.33
gte-1.5B+ CN default INST 39.67

gte-1.5B with instruction (+ Task INST) 39.33
bge as reranker 26.67
jina as reranker 28.33

DeepSeek V3 37.00
DeepSeek R1 42.00

LLM-as-a-Judge 40.67

DeepSeek V3 Voting 45.67

MAD Vanilla 43.00
DMAD 41.00

MAD Traversal 43.33
MAD Random 45.33

MAD Sliding Window 46.00

PD3 (Worst hyperparameter) 46.33
PD3 (Ours) 47.67

PD3 (Optimal hyperparameter) 49.33

Table 7: Ablation experiment result

Method Prec@5
Match@K

K = 1 K = 2 K = 3 K = 4 K = 5(Hit Rate@5)

gte-1.5B (VD)
38.13 296 | 89.43 219 | 66.16 97 | 29.31 18 | 5.44 1 | 0.30

(w/o MAD, w/o round-robin)

DeepSeek V3 Voting (LLM with Voting) (VD)
42.05 306 | 92.45 224 | 67.67 122 | 36.86 38 | 11.48 6 | 1.81

(w/o MAD, with round-robin)

MAD Vanilla (MAD Vanilla)
39.64 307 | 92.75 229 | 69.18 129 | 38.97 42 | 12.69 3 | 0.91

(with MAD, w/o round-robin)

MAD Traversal (Traversal)
42.11 304 | 91.84 224 | 67.27 125 | 37.76 40 | 12.08 4 | 1.21

(with MAD, w/o round-robin)

MAD Random (Random)
42.72 309 | 93.35 234 | 70.69 125 | 37.76 35 | 10.57 4 | 1.21

(with MAD, w/o round-robin)

MAD Sliding Window (Sliding)
43.44 307 | 92.75 233 | 70.39 133 | 40.18 42 | 12.69 4 | 1.21

(with MAD, w/o round-robin)

PD3 (ours) 44.23 310 | 93.66 238 | 71.90 133 | 40.18 41 | 12.39 10 | 3.02
(with MAD, with Round-robin)
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Table 8: Cross-domain experiments result.

Method Prec@5
Match@K

K = 1 K = 2 K = 3 K = 4 K = 5(Hit Rate@5)

Random (Random) 18.80 67 | 67.00 25 | 25.00 2 | 2.00 0 | 0.00 0 | 0.00

ROUGE-L (WF) 43.60 92 | 92.00 72 | 72.00 39 | 39.00 13 | 13.00 2 | 2.00
BM25 (WF) 44.40 91 | 91.00 73 | 73.00 41 | 41.00 15 | 15.00 2 | 2.00

gte-1.5B (VD) 52.00 94 | 94.00 77 | 77.00 56 | 56.00 28 | 28.00 5 | 5.00
gte-1.5B with instruction (VD) 47.20 92 | 92.00 73 | 73.00 48 | 48.00 21 | 21.00 2 | 2.00

gte-7B as reranker (VD) 22.60 74 | 74.00 30 | 30.00 8 | 8.00 1 | 1.00 0 | 0.00
Qwen3-8B as reranker (VD) 43.80 92 | 92.00 68 | 68.00 46 | 46.00 11 | 11.00 2 | 2.00

jina as reranker (VD) 19.40 57 | 57.00 26 | 26.00 11 | 11.00 3 | 3.00 0 | 0.00

DeepSeek V3 (LLM) 76.00 100 | 100.00 98 | 98.00 91 | 91.00 68 | 68.00 23 | 23.00
DeepSeek R1 (LLM) 80.00 100 | 100.00 98 | 98.00 97 | 97.00 79 | 79.00 26 | 26.00

LLM-as-a-Judge (LLM) 80.60 100 | 100.00 99 | 99.00 97 | 97.00 80 | 80.00 27 | 27.00
TourRank (LLM) 76.80 100 | 100.00 99 | 99.00 91 | 91.00 72 | 72.00 22 | 22.00

MAD Vanilla (MAD) 79.60 100 | 100.00 99 | 99.00 93 | 93.00 75 | 75.00 31 | 31.00
DMAD (MAD) 71.20 100 | 100.00 98 | 98.00 86 | 86.00 57 | 57.00 15 | 15.00

PD3 MAD Round-robin (Ours) 83.60 100 | 100.00 99 | 99.00 98 | 98.00 84 | 84.00 37 | 37.00

Table 9: Hyperparameter analysis experiment result on the group size.

Round-robin
Prec@5

Match @ K

initial item count K = 1 K = 2 K = 3 K = 4 K = 5(Hit Rate@5)

10 42.30 307 | 92.75 229 | 69.18 119 | 35.95 39 | 11.78 6 | 1.81

15 43.44 309 | 93.35 229 | 69.18 132 | 39.88 45 | 13.60 4 | 0121

20 (ours) 44.23 310 | 93.66 238 | 71.90 133 | 40.18 41 | 1239 10 | 3.02

25 42.90 307 | 92.75 229 | 69.18 129 | 38.97 42 | 12.69 3 | 0.91

30 39.64 307 | 92.75 229 | 69.18 129 | 38.97 42 | 12.69 3 | 0.91

Table 10: Hyperparameter analysis experiment result on the debate round.

Debate rounds Prec@5
Match@K

K = 1 K = 2 K = 3 K = 4 K = 5(Hit Rate@5)

1 46.67 56 | 93.33 45 | 75.00 28 | 46.67 9 | 15.00 2 | 3.33

2 47.67 57 | 95.00 47 | 78.33 29 | 48.33 8 | 13.33 2 | 3.33

3 49.33 58 | 96.67 45 | 75.00 33 | 55.00 11 | 18.33 1 | 1.67

4 46.33 57 | 95.00 43 | 71.61 30 | 50.00 8 | 13.33 1 | 1.67

Table 11: Hyperparameter analysis experiment result on the number of debate agent.

Agent Count Prec@5
Match@K

K = 1 K = 2 K = 3 K = 4 K = 5(Hit Rate@5)

2 47.33 56 | 93.33 48 | 80.00 25 | 41.67 12 | 20.00 1 | 1.67

3 49.33 58 | 96.67 45 | 75.00 33 | 55.00 11 | 18.33 1 | 1.67

4 48.00 57 | 95.00 46 | 76.67 30 | 50.00 10 | 16.67 1 | 1.67

5 48.67 56 | 93.33 45 | 75.00 34 | 56.67 10 | 16.67 1 | 1.67
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A.8 Prompt Templates1310

Prompt template for MAD round-robin
retrieval – initial round

You are an expert in the field of power con-
ducting project duplication detection named
{expert_name}.
Please select the five most relevant projects
to the project under detection based on the
following detection criteria and project in-
formation.
As an independent expert, you have no pre-
conceived biases towards the research con-
tent of each project and focus solely on de-
termining the best choice.
## Detection Objective:
Based on predefined detection criteria and
discussion procedures, strictly discuss and
determine five candidate projects that are
most relevant to the project under detection.
## Detection Criteria:
{detection_criteria}
## Project Under Detection Information:
{project_under_detection_info}
## Candidate Relevant Reference Project
Information:
{candidates_project_info}
Please select the five most relevant projects
you believe and briefly explain the reasons
for your selection in a complete sentence.

1311

Prompt template for MAD round-robin
retrieval – debate round

You are an expert in the field of power con-
ducting project duplication detection named
{expert_name}.
You are participating in a project duplication
detection debate involving fellow experts,
aiming to select the five most relevant candi-
date projects to the project under detection
from several options. Currently, it is the
{round_num}th round of debate.
I will provide you with the detection ob-
jectives, detection criteria, relevant project
information, and records of previous rounds
of debate.
Please make a statement based on the pre-
vious discussions. You can: respond to the
opinions of other experts, present new ar-
guments to support your choices; or adopt

1312

the opinions of other experts, modify your
previous choices and explain the reasons; or
also question the choices and statements of
other experts.
## Detection Objective:
Based on predefined detection criteria and
discussion procedures, strictly discuss and
determine five candidate projects that are
most relevant to the project under detection.
## Detection Criteria:
{detection_criteria}
## Project Under Detection Information:
{project_under_detection_info}
## Candidate Relevant Reference Project
Information:
{candidates_project_info}
## Records of previous debate: {de-
bate_records}
Please make a brief statement in a complete
sentence to express your views.

1313

Prompt template for MAD round-robin
retrieval – senior expert

As a senior expert in the field of power for
project duplication detection, you are re-
sponsible for organizing expert debate to
select the five most relevant projects among
several candidate related projects.
You will serve as a discussion reviewer
in this debate, evaluating the experts’ de-
bate and determining the final five selected
projects.
## Detection Objective:
Based on predefined detection criteria and
discussion procedures, strictly discuss and
determine five candidate projects that are
most relevant to the project under detection.
## Detection Criteria:
{detection_criteria}
## Project Under Detection Information:
{project_under_detection_info}
## Candidate Relevant Reference Project
Information:
{candidates_project_info}
## Records of debate:
{debate_records}
Please analyze the experts’ consensus, and
finally, output the list of project numbers in
order of relevance after [RESULT].

1314
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Prompt template for LLM-as-judge-
based feedback – duplication scoring

You are an expert in the field of power con-
ducting project duplication detection.
For a given project under detection, you are
provided with the five most relevant histori-
cal projects from the provided database, as
well as the review experts’ conclusion on
the relevant content of the reference projects
and the project under detection.
Your task is to score the degree of duplica-
tion of the project under detection according
to the detection criteria.
## Detection Criteria:
Scoring is on a 10-point scale: 1 is the
lowest, indicating that all historical projects
are basically unrelated to the project under
detection; 4-6 is in the middle, indicating
that multiple projects from the historical
projects have duplication with the project
under detection in some dimension; 10 is
the highest, indicating that one or more refer-
ence projects are completely identical to the
project under detection. Encourage scores
with differentiation.
When scoring, it is necessary to comprehen-
sively consider the similarity of the candi-
date relevant projects in terms of research
themes, core technologies, and application
scenarios.
It should be noted that if one of the five refer-
ence projects is highly relevant to the project
under detection, a higher score should be
given. Only when all five reference projects
are not sufficiently relevant should a lower
score be given.
It should be noted that the five reference
projects provided may not be highly relevant
to the project under detection.
## Project Under Detection Information:
{project_under_detection_info}
## Candidate Relevant Reference Project
Information:
{candidates_project_info}
## Conclusion of detection Experts:
{expert_conclusion}
You need to provide the analysis reasons
first, and then give the score in the form of
’[RESULT]score’, where score is an integer
from 1 to 10.

1315

Prompt template for rewriting bigPatent
in cross-doamin experiments

You are a staff member of a patent office, and
your task is to write a new patent abstract
based on the given original patent.
The requirement is to rewrite it based on the
original patent, replacing key technologies,
polishing the target issue, or changing the
application scenario, so that the new patent
is different from the original patent and can
avoid being detected as a duplicate. You are
encouraged to make substantial text modifi-
cations.
Please directly output the new patent ab-
stract; do not include any other content or
markings.
Original Patent Abstract: {origin_patent}

1316
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