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Abstract001

Artificial intelligence is now widely applied002
in drug discovery and development, acceler-003
ating the entry of novel pharmaceuticals into004
clinical practice. As the variety of drugs ex-005
pands, the workload for pharmaceutical inspec-006
tion has increased significantly, making the007
demand for automated verification of pharma-008
ceutical inspection results increasingly urgent.009
However, current research lacks reliable eval-010
uation methods and datasets. To address this011
issue, we construct a Pharmaceutical Certifi-012
cate of Analysis Dataset (PCoAD) based on013
large language model validation and correc-014
tion. This dataset comprises 4,272 manually015
verified pharmaceutical certificates of analysis016
(PCoAs) based on Chinese and U.S. pharma-017
copoeias, comprehensively testing the ability018
of model to verify pharmaceutical inspection019
processes. Based on PCoAD, we propose the020
Multi-Agent Cooperation based on Adaptive021
Retrieval (MACAR) framework. This frame-022
work employs text chunking, adaptive retrieval,023
and inference to validate PCoAs. Experimental024
results demonstrate that MACAR outperforms025
multiple state-of-the-art methods across vari-026
ous types of tasks.027

1 Introduction028

The rapid advancement of artificial intelligence029

has catalyzed the transformation of the traditional030

pharmaceutical industry, accelerating the research031

and development (Zhang et al., 2025; Vora et al.,032

2023), production (Abraham et al., 2023; Blanco-033

Gonzalez et al., 2023), and clinical utilization034

(Xiong et al., 2023)of novel therapeutics. Con-035

sequently, an increasing number of drugs are re-036

ceiving regulatory approval and entering clinical037

practice. While this expanding diversity of drugs038

enhances the quality and scope of healthcare ser-039

vices, it simultaneously imposes a substantially040

greater burden on pharmaceutical inspection sys-041

tems.042

### **Drug Name:** Alumina 

and Magnesium Carbonate Tablets  

**Batch Number:** ALM-MG-

2024-0815  

**Analyst:** Dr. Elena 

Rodriguez, QC Analyst (License: 

USP-QC-2024-017)  

**Laboratory:** Central 

…  

**Instrumentation:** PerkinElmer 

AAnalyst 800 Atomic Absorption 

Spectrophotometer (AAS), 

equipped with hollow-

### **Drug Name:** Alumina 

and Magnesium Carbonate Tablets  

**Batch Number:** ALM-MG-

2024-0815  

**Analyst:** Dr. Elena 

Rodriguez, QC Analyst (License: 

USP-QC-2024-017)  

**Laboratory:** Central 

…  

**Instrumentation:** PerkinElmer 

AAnalyst 800 Atomic Absorption 

Spectrophotometer (AAS), 

equipped with hollow-

**Procedure:**

  - 1.0 g of sample was 

transferred to a 250-mL 

beaker.  

  - Added 50 mL water 

and 5 mL HCl 

(concentrated).  

  - Heated gently on a 

steam bath for 1 hour
PCoA

LLMsLLMs

Lable: FaLse,

Lable_type: 

Procedural Error,

Number of errors: 1,

Incorrect content: 

    [Added 50 mL water],

Correct content: 

    [Added 25 mL water]

Discovered Errors

Input Inference

Result

Figure 1: Task Format of PCoAD.

Pharmaceutical inspection involves complex rea- 043

soning processes such as retrieving standards, ver- 044

ifying inspector operational procedures, and vali- 045

dating computational results that demand substan- 046

tial human resources(Nimmagadda, 2019). Given 047

the immense resources required, the pharmaceuti- 048

cal industry increasingly urgently needs automated 049

verification of pharmaceutical inspection processes. 050

Large language models (LLMs), with their power- 051

ful capabilities and successful applications in the 052

medical field (Kuang et al., 2024; Qiu et al., 2024), 053

offer researchers a potential solution. However, cur- 054

rent applications of LLMs in the pharmaceutical 055

industry are primarily focused on drug discovery 056

(Liu et al., 2024b; Tang et al., 2025), with lim- 057

ited exploration of automated validation within the 058

pharmaceutical inspecting process. A key factor 059

contributing to this gap is the absence of reliable 060

evaluation methodologies and benchmark datasets. 061
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To fully evaluate the capability of LLMs in the062

automated verification of pharmaceutical inspec-063

tion processes, we conducted inferential analysis064

based on pharmaceutical certificates of analysis065

(PCoAs), which contain the items, standards and re-066

sults of pharmaceutical inspection. We constructed067

the Pharmaceutical Certificate of Analysis Dataset068

(PCoAD), a dataset comprising 4,272 manually ver-069

ified PCoAs. This dataset covers 792 drugs across070

multiple medical disciplines. To further validate071

LLMs’ capabilities across different languages and072

pharmaceutical inspection standards, PCoAD in-073

corporates both Chinese and U.S. standards. This074

enables comprehensive evaluation of LLMs, with075

the task format illustrated in Figure 1.076

Since the PCoA provided by inspection institu-077

tions usually only include testing items, standards,078

and conclusions, rather than presenting the opera-079

tional procedures, we adopted the pharmacopoeias080

widely used in China and the United States as the081

data source. We supplemented the operational pro-082

cedures in PCoAs through the combined methods083

of LLM-based generation and manual annotation,084

and further constructed error datasets with corre-085

sponding validation annotations. These datasets086

were used to verify the capability of the model to087

understand pharmaceutical testing standards, ana-088

lyze specific testing procedures, and calculate rel-089

evant parameters, thereby evaluating how the per-090

forms of model in the task of automated validation.091

To address the challenges confronted by LLMs092

in the validation and correction of PCoAs, which093

involves long-text reasoning and information re-094

trieval, we propose a novel framework termed095

Multi-Agent Cooperation based on Adaptive Re-096

trieval (MACAR). This framework constructs three097

agents with distinct functionalities. The Text098

Chunking Agent divides the lengthy PCoAs text099

into independent sub-sections to reduce contex-100

tual length during retrieval and reasoning. The101

Adaptive Retrieval Agent analyzes missing knowl-102

edge, iteratively retrieves nested content. The In-103

ference Agent then performs localized reasoning104

on each subsection alongside retrieved evidence,105

with the capability to re-invoke the retrieval agent106

mid-inference for dynamic information supplemen-107

tation. Finally, all results are merged to enable de-108

tailed argumentation and verification of the PCoAs.109

Extensive experiments demonstrate that110

MACAR outperforms baseline models, achieving111

an average improvement of 3.27% over the112

strongest baseline. Our results underscore the113

potential of this novel task and dataset to advance 114

future research in the field. 115

The main contributions of this paper are as fol- 116

lows: 117

(1) We introduce and formalize the LLM-based 118

task of verifying and rectifying PCoAs, a novel 119

text validation task involving long-text reasoning 120

and information retrieval, which provides an eval- 121

uation paradigm for the automated inspection of 122

pharmaceutical inspecting processes; 123

(2) We construct the PCoAD, a novel bench- 124

mark dataset where PCoAs are constructed via a 125

dual paradigm of LLM-driven generation and ex- 126

pert manual annotation. The PCoAD enables a 127

comprehensive evaluation of the efficacy of models 128

in automating the verification workflows of phar- 129

maceutical inspecting processes; 130

(3) We develop a method named as Multi- 131

Agent Cooperation based on Adaptive Retrieval 132

(MACAR) as a baseline method. 133

2 Related work 134

2.1 Artificial intelligence in drug industry 135

The development of LLMs technologies, has pro- 136

foundly transformed the pharmaceutical industry. 137

The capabilities of LLMs have been extensively ex- 138

plored and applied across drug development stages. 139

Context learning reduces the data demand for drug 140

molecule discovery (Li et al., 2024a); LLMs ro- 141

bust capacity to encode chemical reaction path- 142

ways provides feasible synthetic routes for drug 143

development (Wang et al., 2025; Bakkar et al., 144

2018); Inherent knowledge base enables effective 145

analysis of pharmacological properties (Das and 146

Chakraborty, 2026; Shin et al., 2024); Moreover, 147

the development of protein models by integrating 148

the emergent abilities of LLMs has emerged as 149

a prominent research hotspot (Xiao et al., 2024b; 150

Fan et al., 2025). Beyond leveraging existing LLM 151

capabilities for drug development, another major re- 152

search direction involves constructing benchmarks 153

to explore LLMs’ potential in the pharmaceutical 154

domain, covering areas such as drug-target inter- 155

action (Arevalo et al., 2024), drug-induced toxic- 156

ity (Silberg et al., 2024), and small molecule drug 157

discovery (Liu et al., 2024c). Although these ef- 158

forts have accelerated drug discovery, they have 159

overlooked the potential of LLMs in drug testing 160

applications that require significant human cost. 161
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2.2 Text Error Correction Based on Large162

Models163

The powerful capabilities of LLMs have enabled164

them to achieve promising results in traditional165

text semantic error correction. C-LLM (Li et al.,166

2024b) leverages character-level tokenization to im-167

prove the performance of spelling checking. Tom168

Potte et al rely on the multilingual generalization169

ability of LLMs to realize grammatical error cor-170

rection(Potter and Yuan, 2024). Although these171

methods effectively address semantic errors in text,172

they are unable to handle logical and factual errors173

efficiently.174

To overcome this limitation, one strategy in-175

troduces external knowledge sources, such as176

Wikipedia (Zakka et al., 2024) and knowledge177

graphs (Jiang et al., 2023), to comprehensively cor-178

rect errors in text through Retrieval-Augmented179

Generation (RAG). Building on this, researchers180

have further incorporated modules such as re-181

ranking modules (Kim et al., 2024) and readers182

(Fang et al., 2024) to enhance performance. To183

avoid introducing noise during retrieval, adaptive184

retrieval can be achieved by constructing triples185

(Fang et al., 2025), analyzing self-attention weights186

(Su et al., 2024), and system state variables (Jiang187

et al., 2025). Nevertheless, high-quality external188

knowledge is difficult to obtain. Thus, another ap-189

proach utilizes the inherent capabilities of LLMs190

themselves to enable autonomous text error cor-191

rection through multi-model interaction methods.192

Among these approaches, constructing frameworks193

that mimic human behaviors, such as reflection194

(Shinn et al., 2023), debate (Liang et al., 2024; Liu195

et al., 2025), and discussion (Lingam et al., 2025),196

has become a major research direction. However,197

the average length of datasets for text error cor-198

rection is relatively short, and the effectiveness199

of RAG-based and multi-model interaction-based200

methods in long-text correction remains understud-201

ied.202

3 Pharmaceutical Certificate of Analysis203

Dataset204

PCoAD comprises 4,272 PCoAs spanning 20 med-205

ical specialties and 792 distinct drugs. For erro-206

neous PCoAs, extensive annotations across multi-207

ple validation dimensions are provided. To clarify208

the utility of this dataset, the dataset construction209

and annotation processes are detailed below (see210

Figure 2). The objectives of the PCoAD are as211

follows: (1) retrieving all relevant Monographs 212

and General Chapters for a given PCoA; and (2) 213

evaluating whether the PCoA complies with these 214

standards. Where discrepancies are identified, the 215

system is required to specify the error type, num- 216

ber of errors, and exact error content, and propose 217

appropriate corrective actions. Detailed prompts 218

for implementing these objectives and annotating 219

errors are provided in Appendix A.1. 220

3.1 Dataset Preparation 221

To construct PCoAD, the Pharmacopoeia of the 222

People’s Republic of China (ChP 2020) and the 223

United States Pharmacopeia (USP 2023) were 224

adopted as foundational documents. For drug selec- 225

tion from these pharmacopoeias, a hybrid strategy 226

integrating search popularity metrics and random 227

sampling was employed, which is designed to en- 228

sure the representativeness and diversity of the con- 229

structed dataset. 230

A key challenge in PCoAD data extraction lies 231

in constructing detailed and comprehensive inspec- 232

tion items for each drug. This challenge arises 233

because pharmacopoeias are structured into mono- 234

graphs (focused on specific pharmaceutical inspec- 235

tion) and general chapters, with a cross-referenced 236

graph structure between these two components—an 237

arrangement that impedes the acquisition of de- 238

tailed inspection items. To address this obstacle, 239

identifiers were first extracted from both mono- 240

graphs and general chapters via regular expressions. 241

Breadth-first search was then employed to retrieve 242

the general chapters required for each monograph, 243

with subsequent removal of duplicate entries and 244

content irrelevant to pharmaceutical inspection. 245

A subsequent challenge is that certain content 246

in general chapters is only applicable to specific 247

scenarios; indiscriminate extraction of such con- 248

tent would introduce irrelevant inspection items. 249

To address this, the monograph and its correspond- 250

ing general chapter are fed into LLMs, which are 251

leveraged to distinguish scenario-specific content 252

and extract only the required inspection items. Fi- 253

nally, manual error correction is performed to refine 254

the results, yielding the complete set of inspection 255

items In. 256

3.2 Data Generation 257

Notably, the PCoAs currently issued by govern- 258

ment authorities generally lack documented oper- 259

ating procedures. To fully verify the capability 260

of LLMs in the automated verification of phar- 261
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maceutical inspection, detailed operational steps262

were supplemented to these PCoAs. To further263

enhance PCoA diversity, four distinct roles were264

designed: Meticulous New Employee, Careless265

New Employee, Rigorous Expert, and Fatigued266

Expert. These roles were then utilized to gener-267

ate PCoAs with detailed experimental procedures268

based on the In, where the generated PCoAs reflect269

the characteristics of each role. Subsequent manual270

verification yielded validated PCoAs; to ensure the271

consistency of drug types and proportions, at least272

one valid PCoA was retained for each drug. The273

final dataset was designated as PCOA.274

3.3 Labeling Errors275

Based on the textual characteristics of PCOA, four276

common error types were first defined, as follows:277

(1) Standard Error: A PCOA cites an incorrect stan-278

dard; (2) Procedure Error: The experimental op-279

erations described in a PCOA are defective; (3)280

Step Omission: A PCOA lacks specific inspection281

items as specified in the complete inspection item282

set In; (4) Calculation Error: The calculation re-283

sults presented in a PCOA are inaccurate. Beyond284

these common types, PCoAD incorporates a unique285

error type, logic errors induced by LLM hallucina-286

tions, that distinguishes it from other datasets in the287

pharmaceutical industry. Specifically, a logic error288

occurs when the result of a specific inspection step289

in a PCOA is revised through flawed reasoning in290

subsequent text, ultimately leading to an incorrect291

conclusion. This unique error type is designed to292

evaluate model ability to resist hallucinations dur-293

ing the automated verification of pharmaceutical294

inspection processes.295

For the four common error types, 1–4 modifi-296

cations were introduced to PCOA content using297

LLMs, with corresponding error information an-298

notated. Regarding logic error data, these were299

primarily obtained via manual screening of erro-300

neous PCOA generated by LLMs. Owing to their301

autonomous generation by LLMs and origin in hal-302

lucinations, such data exhibit high deceptiveness to303

models. Furthermore, existing studies have demon-304

strated that flawed reasoning logic can trigger hal-305

lucinations in LLMs (Ji et al., 2023). Accordingly,306

logic error data were required to incorporate er-307

roneous reasoning processes that alter the core308

conclusions of PCOA. Notably, logic errors are309

designed to simulate malicious tampering by oper-310

ators in real-world scenarios, thereby testing model311

reliability when faced with such tampering behav-312

Statistics ChP(2020) USP (2023)
True 1,083 1,053

Standard Error 201 208
Procedural Error 242 206
Step Omission 230 212

Calculation Error 202 203
Logical Error 208 224

Avg len 6,279.18 4,870.62
Avg input len 43,242.65 55,082.67

Table 1: Statistical information for PCoAD. Avg len
represents the average number of tokens in PCoAs; Avg
input len represents the average number of tokens for
PCoAs and required knowledge.

iors. By constructing data covering these five error 313

types, a reliable dataset was established to enable 314

comprehensive evaluation of model performance 315

in the automated verification of pharmaceutical in- 316

spection processes. 317

3.4 Statistical Analysis 318

Statistical information for PCoAD is presented in 319

Table 1, which indicates that the average input 320

length of PCoAD exceeds that of other long-text 321

tasks (e.g., the average length in LongBench (Bai 322

et al., 2025) does not exceed 30,000 tokens). Prior 323

work has demonstrated that as input token count 324

increases, LLMs experience gradual performance 325

degradation, a phenomenon termed "context rot" 326

(Hong et al., 2025; Liu et al., 2024a), and may 327

even exhibit critical failure in task execution. Con- 328

sequently, the excessively long input contexts of 329

PCoAD constitute a prominent challenge for auto- 330

mated pharmaceutical inspection verification mod- 331

els. 332

4 Methodology 333

In this section, we propose the Multi-Agent Co- 334

operation based on Adaptive Retrieval (MACAR) 335

framework, a novel agent framework designed to 336

address the challenges of PCoAD, as shown in Fig- 337

ure 2. Agent prompts are shown in Appendix B. 338

4.1 Text Chunking Agent 339

To mitigate the challenge of excessively long 340

contexts in PCoAD and prevent context rot dur- 341

ing inference, a Text Chunking Agent is intro- 342

duced, which reduces input length by partitioning 343

PCoAs into semantically coherent segments. The 344

agent first extracts salient keywords, typically drug 345
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P-COAP-COAP-COAP-COAPCoAPCoA
P-COAP-COAPCoA

Report 
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MonographMonograph
MonographMonograph

MonographMonograph

Monograph
Monograph

Monograph

General 

Chapters

General 

Chapters
General 

Chapters

General 

Chapters
General 

Chapters

General 

Chapters

General 

Chapters
General 

Chapters
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Chapters
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**Drug Name:**  

Aluminum 

Monostearate 

**Report Date:** April 

5, 2025  

**Analyst:** Dr. Elena 

M. Tran, QC Analyst, 

Pharmaceutical Quality 

Control Laboratory  

PCoA

**Drug Name:**  

Aluminum 

Monostearate 

**Report Date:** April 

5, 2025  

**Analyst:** Dr. Elena 

M. Tran, QC Analyst, 

Pharmaceutical Quality 

Control Laboratory  

PCoA

...

Loss on 

Drying

Al₂O₃ 

Content

Acid 

Value

Key word

Text Chunking Agent

LLMLLMLLM

Loss on 

Drying

Retrieval?
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Aluminum 

Monostear

-ate
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Monostear

-ate

〈731〉 

Loss on 
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〈731〉 

Loss on 

Drying
Loss on 

Drying

Aluminum 

Monostear

-ate

〈731〉 

Loss on 

Drying
Loss on 

Drying

Aluminum 

Monostear
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〈731〉 

Loss on 

Drying

Tools Library

General 

Chapters KG
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Tools Library
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Monograph 
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Chapters KG
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Adaptive Retrieval Agent
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LLMLLM
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Loss on 

Drying

Al₂O₃ 

Content

Identity A ...

Merge 

Result 

Block
LLMLLM

Drug Name: 

Aluminum Monostearate

Lable: False,

LAble type: Procedural Error,

Number of errors: 1,

Incorrect content: 

[Dried at 105°C for 5 hours],

Correct content: 

[Dried at 105°C for 3 hours].

Sentence 2: Drying at 105°C 

for 5 Hours

Existing Knowledge: none

Conclusion: Missing knowledge.

Inference Agent

Final Result SimilarityBM25 SimilarityBM25 SimilarityBM25 SimilarityBM25

Top-2

SimilarityBM25 SimilarityBM25 SimilarityBM25

Top-2

Sentence 1:"1.5000 g sample 

in tared glass-stoppered 

weighing bottle."

Evidence Support? Yes.

Sentence 1:"1.5000 g sample 

in tared glass-stoppered 

weighing bottle."

Evidence Support? Yes.
Missing 

Knowledge

PHi

Key word

Retrieval?

Figure 2: PCoAD construction workflow (left) and Overall framework of MACAR (right).

names, from the PCoA to serve as anchors, min-346

imizing the inclusion of irrelevant content. The347

PCoA is then segmented by inspection item, a strat-348

egy aligned with the structure of pharmaceutical349

standards, where each inspection item corresponds350

to a specific requirement in a Monograph or Gen-351

eral Chapter. This inspection item-based segmenta-352

tion not only enhances retrieval precision by align-353

ing with the normative structure of pharmacopoeias354

but also significantly shortens the context length355

per inference unit. Each resulting segment is con-356

catenated with its associated anchor keyword and357

passed to the Adaptive Retrieval Agent for subse-358

quent verification-related processing.359

4.2 Adaptive Retrieval Agent360

The nested reference structure of pharmaceutical in-361

spection standards presents challenges for retrieval.362

To address this issue, an Adaptive Retrieval Agent363

is proposed, which employs an adaptive mecha-364

nism to target the complexities of nested references.365

First, the agent determines whether each input seg-366

ments requires retrieval of pharmaceutical standard367

content. For segments that do not rely on external368

pharmaceutical standard knowledge, such as phar-369

maceutical production information and personnel370

details, the retrieval process can be entirely skipped,371

thereby minimizing the introduction of irrelevant372

noise.373

For segments requiring retrieval, the Adaptive374

Retrieval Agent first selects an appropriate knowl-375

edge base and generates a targeted retrieval phrase376

PH i. A hybrid retrieval strategy is then applied by377

combining the segment, extracted keywords, and378

PH i. We employ BM25 (Robertson and Walker,379

1994) for sparse retrieval, calculated, yielding re- 380

trieval Score1, and complement it with dense re- 381

trieval based on semantic similarity, producing a 382

Score2. Finally, the two scores are weighted dif- 383

ferently and added to yield the final retrieval score. 384

The calculation formula is as follows. 385

Score1(D,PHi) =
n∑

i=1

IDF(wi)×

f(phi, D)(k1 + 1)

f(phi, D) + k1

(
1− b+ b |D|

avgdl

) (1) 386

IDF(wi) =

log

(
ND − num(phi) + 0.5

num(phi) + 0.5
+ 1

)
(2) 387

Score2(D,W ) =
E(D)TE(W )

∥E(D)∥∥E(W )∥
(3) 388

Scoreij = αScore1 + (1− α)Score2 (4) 389

D represents a document in the knowledge 390

base, avgdl denotes the average length of all docu- 391

ments, {ph}i is the i-th word in the search phrase, 392

f ({ph}i, D) is the frequency of {ph}i in docu- 393

ment D, num(phi) denotes the number of docu- 394

ments containing phi, and ND denotes the total 395

number of documents in the document collection, 396

|D| is the length of document D, and E(D) is the 397

vectorization of D. k1, b, α are hyperparameters. 398

Given the high specialization of pharmaceuti- 399

cal inspection standards and differences between 400
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various drugs, only the top two highest-scoring rel-401

evant knowledge segments are retrieved for each402

segment in the process, this constraint helps avoid403

information overload and ensures the relevance404

of retrieved content. Subsequently, the Adaptive405

Retrieval Agent reassesses whether the acquired406

knowledge is sufficient to support reasoning about407

the input sub-part. If the reasoning requirement is408

satisfied, the retrieval process is concluded; other-409

wise, the retrieval-reassessment cycle is repeated410

until the reasoning requirement is met or the maxi-411

mum retrieval count Z is reached.412

4.3 Inference Agent413

For the Inference Agent, each sub-section under-414

goes a separate inference process first. During this415

process, to acquire sufficient relevant knowledge,416

if the Inference Agent determines that necessary in-417

formation is lacking for inference, it will resubmit418

that sub-section to the Adaptive Retrieval Agent419

for renewed retrieval. For efficiency considera-420

tions, the Inference Agent is permitted only one421

re-retrieval attempt per sub-section. Finally, after422

completing inference for all subcomponents, the423

inference agent synthesizes all inference results to424

generate the final answer, concluding the verifica-425

tion process.426

5 Experiment427

5.1 Experimental Setup428

Evaluation Metrics. We define five evaluation429

dimensions, where RA denotes Report Authentic-430

ity, EC denotes Error Classification, NE denotes431

Number of Errors, IC denotes Incorrect Content,432

and RC denotes Rectified Content. For RA, EC,433

and NE, we adopt accuracy as the evaluation met-434

ric. For IC and RC, there may be 0 to 4 possible435

outputs. Referring to previous studies (Feng et al.,436

2024), we adopt the F1-score of the multi-label text437

classification task. The specific calculation method438

is shown in Equation 5.439

F1 =
1

N

N∑
i=1

2
∣∣y(i) ∩ ŷ(i)

∣∣∣∣y(i)∣∣+ ∣∣ŷ(i)∣∣ (5)440

y(i) denotes the true label of the i-th sample,441

while ŷ(i) represents the predicted label of the i-th442

sample. In this paper, since both the incorrect con-443

tent and rectified content are expressed in natural444

language, we define that two pieces of content are445

considered identical when the semantic similarity446

between the generated content and the labeled con- 447

tent is no less than 0.95. Take the average of three 448

experimental results. 449

Baselines. To evaluate the effectiveness of 450

MACAR, we compared it with 10 baselines. (1)Ad- 451

vanced RAG: CoK(Li et al., 2024c), SuRe(Kim 452

et al., 2024) and HyKGE(Jiang et al., 2023); 453

(2) Adaptive RAG: Self-RAG(Asai et al., 2024), 454

DRAGIN(Su et al., 2024), KiRAG(Fang et al., 455

2025) and TC–RAG(Jiang et al., 2025); (3)Agent: 456

MAD(Liang et al., 2024), DoT(Lingam et al., 457

2025), DMAD(Liu et al., 2025). Further details 458

are provided in Appendix C.1. 459

Implementation details. In practical scenarios, 460

PCoAs are subject to stringent confidentiality and 461

data privacy requirements, rendering the direct use 462

of commercial LLM APIs unsuitable due to secu- 463

rity concerns. To balance model performance with 464

the need for local deployment, we adopt the open- 465

source Qwen3-14B(Yang et al., 2025) as our base 466

model and bge-large-en-v1.5 (Xiao et al., 2024a) as 467

the encoder. The hyperparameters in MACAR are 468

set as follows: k1=1.5, b=0.75, α=0.6, and a max- 469

imum retrieval count Z=5. To enhance response 470

diversity, the temperature is set to 0.5. Further 471

details are provided in Appendix C.2. 472

5.2 Main results 473

Table 2 presents the experimental results of the 474

baseline and MACAR on PCoAD, where MACAR 475

significantly outperforms the baseline. Compared 476

to Advanced RAG, MACAR achieves adaptive 477

retrieval, enabling precise knowledge acquisition 478

while reducing noise, thereby delivering substantial 479

improvements. In contrast, Adaptive RAG suffers 480

from context rot during reasoning due to excessive 481

retrieved information. MACAR avoids this issue 482

by constructing a Text Chunking Agent. Addi- 483

tionally, comparing agents reveals that knowledge 484

solely from LLMs struggles to address specialized 485

challenges in PCoAD. However, model interac- 486

tions enhance the assessment of PCoA authenticity. 487

MACAR effectively resolves issues present in the 488

baseline, achieving an average 3.27% improvement 489

over the best baseline method (TC–RAG). 490

Meanwhile, we also observed that MACAR and 491

the baseline model exhibit similar performance on 492

both IC and RI metrics. This indicates that once 493

a model can accurately identify erroneous content, 494

it can effectively correct errors through relevant 495

knowledge and self-reasoning, further demonstrat- 496

ing the application potential of LLMs in pharma- 497
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Type Method
ChP(2020) USP(2023)

RA EC NE IC RC RA EC NE IC RC
ACC ACC ACC F1 F1 ACC ACC ACC F1 F1

Advanced
RAG

CoK 53.28 45.54 50.15 48.18 47.68 56.39 47.95 54.93 51.06 50.44
SuRe 54.77 46.27 51.31 50.12 49.45 58.98 49.89 57.70 53.61 50.74

HyKGE 57.32 48.37 52.74 51.51 51.06 59.95 50.75 58.96 54.93 54.16

Adaptive
RAG

Self-RAG 57.15 48.74 53.41 52.08 51.69 60.25 50.79 59.26 54.86 54.25
DRAGIN 59.49 49.21 53.78 52.23 51.41 61.22 51.29 59.88 54.35 54.53
KiRAG 60.11 50.51 55.92 55.02 54.37 63.24 56.59 62.72 58.39 56.50

TC-RAG 60.46 51.35 56.16 54.86 53.46 63.33 53.72 62.64 57.87 57.17

Agent
MAD 58.16 46.62 50.97 48.69 47.48 56.78 50.66 61.28 50.84 49.36
DoT 60.84 49.28 53.23 51.20 50.68 61.81 53.27 63.06 54.89 53.66

DMAD 61.56 48.65 53.39 50.56 49.68 61.98 52.68 63.15 54.61 54.15
Ours MACAR 62.34 52.12 60.54 56.48 55.86 65.36 53.49 63.85 60.15 59.56

Table 2: Experimental results of MACAR and baseline on PCoAD. The best scores are displayed in bold, while the
second-best results are underlined.

Method
ChP(2020) USP(2023)

RA EC NE IC RC RA EC NE IC RC
MACAR w/o T 60.28 51.59 56.74 55.02 54.22 64.06 52.59 63.10 58.29 57.42
MACAR w/o R 58.29 49.64 54.15 53.35 52.91 62.57 51.36 58.56 56.49 56.03
MACAR w/o I 61.61 51.87 56.08 54.59 53.94 63.14 53.03 54.93 57.08 56.37

Table 3: Ablation experiment results.

ceutical verification. When comparing different498

pharmacopoeias, MACAR and the baseline model499

achieved better performance on USP (2023). This500

may be attributed to USP (2023) having a lower501

nesting complexity than ChP (2020), coupled with502

its widespread real-world adoption. Consequently,503

portions of its content were likely incorporated into504

the pre-training corpus and learned by LLMs.505

5.3 Ablation Studies506

As shown in Table 3, we weakened MACAR in507

three aspects: (1) w/o T disabled the text segmen-508

tation agent, feeding the entire PCoA directly into509

subsequent modules; (2) w/o R disabled the adap-510

tive retrieval agent; and (3) w/o I merged all sub-511

parts and generated the answer directly. When the512

text segmentation agent is absent, MACAR per-513

forms similarly to Adaptive RAG, relying solely on514

the reasoning agent to acquire additional informa-515

tion. Disabling the adaptive retrieval agent caused516

MACAR’s performance to drop significantly due517

to the loss of external knowledge. However, the518

text segmentation agent still reduced the context re-519

quired per inference, resulting in overall superiority520

over DMAD. Finally, disabling the reasoning agent521

allowed the additional retrieval information from522

text segmentation to help the model maintain its523

judgment on PCoA correctness. Yet, the increased 524

information led to context decay, causing a decline 525

in error identification capability. 526

5.4 Influence of Text Chunking Granularity 527

We further aggregated and subdivided the chunking 528

results from the Text Chunking Agent to observe 529

their impact on MACAR performance. The exper- 530

imental results are shown in Figure 3a. Where, a 531

positive aggregation count indicates that two adja- 532

cent text chunks underwent one aggregation opera- 533

tion. A negative aggregation count signifies that the 534

original text chunk was subjected to another subdi- 535

vision operation. Figure 3a reveals that chunking 536

by inspection items yields the optimal strategy. In- 537

creasing chunk size elongates the context input to 538

the inference agent, degrading model performance. 539

Conversely, finer-grained text chunking increases 540

retrieval difficulty. Since some content overlaps 541

across different monographs, excessive text frag- 542

mentation prevents the model from correctly ac- 543

quiring knowledge. Moreover, too many blocks 544

increase the context length during the inference 545

agent’s final summarization. The combined effect 546

of these factors causes rapid model performance 547

degradation. Therefore, a reasonable chunk size 548

contributes to improved model performance. 549
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Method
ChP(2020) USP(2023)

RA NE RA NE
FP FN FP FN FP FN FP FN

MACAR 36.52% 63.48% 23.70% 76.30% 31.22% 68.78% 29.31% 70.69%
TC-RAG 87.23% 12.77% 86.27% 13.73% 85.36% 14.64% 89.59% 10.41%
DMAD 28.21% 71.79% 31.38% 68.62% 23.74% 76.26% 38.64% 61.36%

Table 4: Relative proportions of various error types in baseline and MACAR relative to total errors.

(a) The impact of text chunking granularity on MACAR per-
formance.

(b) The impact of iteration count in retrieval on MACAR
performance.

Figure 3: The influence of parameters.

5.5 Influence of Iteration Count in Retrieval550

We imposed a constraint on the number of retrieval551

iterations for the MACAR and simultaneously ex-552

amined the mechanism by which retrieval rounds553

and retrieval quantities influence overall perfor-554

mance. As shown in Figure 3b, when the retrieval555

count is limited to 1, MACAR fails to address the556

nested evaluation criteria issue in PCoAD. Con-557

versely, excessive retrieval introduces significant558

noise, compounded by context rot, causing rapid559

model performance degradation. Simultaneously,560

we observe that rigidly enforcing retrieval limits re-561

stricts model flexibility. Such as, when processing562

query fragments related to product information, un-563

necessary information is still retrieved, introducing564

irrelevant context and further degrading overall per-565

formance. Therefore, MACAR’s adaptive retrieval 566

strategy enhances retrieval precision and improves 567

model performance. 568

5.6 Error Analysis 569

Statistical analysis of error data from the baseline 570

and MACAR models on the PCoAD dataset is sum- 571

marized in Table 4. For NE tasks, FP indicates 572

predictions below actual values, and FN indicates 573

predictions exceeding actual values. In authenticity 574

assessment, RAG-based methods were more in- 575

clined to classify PCoAD as TRUE, a bias caused 576

by the models’ over-acquisition of pharmaceuti- 577

cal inspection standards, which induces contextual 578

rot during final judgment. Conversely, the agent- 579

based approach showed the opposite trend, likely 580

due to excessive deliberation in its multi-model de- 581

bate framework. Regarding NE, the baseline and 582

MACAR also exhibited significant discrepancies. 583

RAG-based errors mainly caused by incomplete 584

statistics that models halted reasoning upon de- 585

tecting the first text error, without scanning the 586

full report. In contrast, MACAR and agent-based 587

methods exhibited reverse behavior, driven by their 588

block-based. This occurs because when errors oc- 589

cur during reasoning, they propagate to the integra- 590

tion stage, thereby increasing the total error count. 591

6 Conclusion 592

We propose a task for validating PCoA and con- 593

struct a dataset (PCoAD) covering both Chinese 594

and American standards to further support this task. 595

We also introduce MACAR, a novel agent frame- 596

work based on adaptive retrieval that can segment 597

long texts and perform retrieval and reasoning in- 598

dependently. Our experimental results demonstrate 599

that MACAR outperforms state-of-the-art RAG 600

and agent-based methods. Due to the complex- 601

ity of PCoAD, model performance still holds room 602

for improvement. Enhancing the effective iden- 603

tification and judgment of error types and error 604

descriptions represents a future research direction. 605
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Limitations606

Despite the contributions of this work, several lim-607

itations must be acknowledged and addressed in608

future research. First, in PCoAD, although we de-609

signed varying error counts, the proportion of error610

counts was imbalanced after manual screening, po-611

tentially undermining the model’s ability to effec-612

tively identify error counts. Furthermore, although613

PCoAD underwent multiple rounds of manual veri-614

fication, the inherent specialization and complexity615

of PCoA and pharmacopoeia data inevitably intro-616

duced some invalid entries, potentially influencing617

experimental outcomes. The multi-agent interac-618

tion process within MACAR failed to fully leverage619

all models, indicating room for further optimiza-620

tion.621
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A Dataset Construction866

A.1 Select Drug867

The construction of PCoAD is based on the original868

texts of the Pharmacopoeia of the People’s Repub-869

lic of China (2020) (ChP) and the United States870

Pharmacopeia (2023) (USP). Although errata have871

been issued for certain pharmaceutical inspecting872

provisions in both ChP (2020) and USP (2023),873

these editions remain the primary current standards874

for pharmaceutical inspecting. Given that the ob-875

jective of PCoAD is to evaluate the capacity of876

LLMs to verify PCoA, the original ChP (2020) and877

Pharmacopeia Monographs General Chapters

source data

ChP (2020) 2748 130
USP (2023) 5135 483

processed data

ChP (2020) 703 92
USP (2023) 707 114

Table 5: Statistical Information for ChP (2020) and USP
(2023).

USP (2023) texts are retained as the source data, 878

without incorporating subsequent revisions. 879

To ensure the universality of PCoAD, we ex- 880

cluded the traditional chinese medicine section 881

from ChP (2020), retaining only chemical drugs 882

and their associated universal standards. However, 883

as shown in Table 5, ChP (2020) and USP (2023) 884

contain 2,748 and 5,135 pharmaceutical inspection 885

standards respectively. Generating PCoA for all 886

of them would be prohibitively costly and fail to 887

highlight the drug types commonly encountered in 888

actual inspecting. Therefore, we employed drug 889

search popularity on search engines as our selec- 890

tion criterion. For ChP (2020), we selected the top 891

100 drugs with the highest search popularity on 892

Baidu, while USP (2023) data was obtained from 893

Google. 894

It is important to note that when acquiring search 895

popularity, we treated different dosage forms pro- 896

duced from the same active pharmaceutical ingre- 897

dient as a single drug, retaining only the active 898

pharmaceutical ingredient name. This prevents ex- 899

cessive search popularity for a single drug from 900

resulting in too few drug types in the PCoAD. 901

For example, ibuprofen tablets and capsules were 902

treated as a single drug, retaining only “ibuprofen.” 903

Subsequently, when constructing PCoAD based 904

on search popularity, all Monographs produced 905

for each active pharmaceutical ingredient category 906

were incorporated. This simultaneously increased 907

the difficulty of retrieving pharmaceutical inspec- 908

tion standards, further testing the model’s capa- 909

bilities. After screening, the drugs obtained via 910

search popularity for ChP (2020) and USP (2023) 911

are shown in Figure 4. 912

Subsequently, we randomly selected 300 addi- 913

tional monographs from those not chosen by search 914

popularity and incorporated them into PCoAD. The 915

11



(a) Baidu Popularity. (b) Google Popularity.

Figure 4: Word cloud of drugs obtained through search popularity.

inclusion of these randomly sampled monographs916

further enhances the dataset’s diversity and sim-917

ulates real-world scenarios where less common918

drugs may be encountered during pharmaceutical919

inspection, thereby improving the ecological valid-920

ity of PCoAD. The final statistics of monographs921

included in PCoAD are summarized in Table 5, and922

the distribution of drug categories is illustrated in923

Figure 5.924

A.2 Get General Chapters925

After obtaining the required General Chapters for926

each monograph, certain inspection items within927

these chapters may have specific application sce-928

narios. For instance, tablets may include both929

standard tablet inspecting criteria and sustained-930

release tablet inspecting criteria. To avoid man-931

ual screening, we constructed prompts to utilize932

LLMs for extracting the specific inspection items933

needed. To achieve optimal screening results, we934

employed Qwen3-MAX(Yang et al., 2025) for ex-935

traction. The extraction prompts and examples are936

shown in Figure 6.937

Additionally, it is important to note that Gen-938

eral Chapters often contain tables and images. Di-939

rectly recognizing the text within these elements940

will not fully capture the information they contain.941

Therefore, we employ manual extraction meth-942

ods, utilizing the multimodal large model Qwen3-943

MAX(Yang et al., 2025) to generate summaries944

and abstracts for both tables and text. The gener-945

ated content is then appended below the original946

tables and images as supplementary information.947

The prompt and example are shown in Figure 7.948

A.3 Report Generation 949

We designed four distinct roles—rigorous new em- 950

ployees, careless new employees, serious experts, 951

and exhausted experts—to generate PCoA reports. 952

The requirements and prompts for each role are as 953

follows: 954

Rigorous new employees: You are a new em- 955

ployee at a pharmaceutical inspecting company, 956

known for your meticulous nature. When drafting 957

pharmaceutical certificate of analysis, you metic- 958

ulously document every detail for straightforward 959

experimental procedures. However, for complex 960

experiments where you lack familiarity with the 961

workflow, you can only provide a brief description. 962

Careless new employees: You are a new em- 963

ployee at a pharmaceutical inspecting company, 964

and you tend to be careless. You may make mistakes 965

during experiments. When writing pharmaceutical 966

certificate of analysis, you occasionally make cleri- 967

cal errors and correct them in subsequent text. 968

Serious experts: You are an expert in pharma- 969

ceutical inspecting with a meticulous and rigorous 970

approach. When conducting pharmaceutical cer- 971

tificate of analysis, you demand the strictest stan- 972

dards for all inspecting procedures, meticulously 973

document every experimental step, and thoroughly 974

analyze the causes of non-compliant results while 975

proposing corrective actions. 976

Exhausted experts: You are an expert in phar- 977

maceutical inspecting, but you are now extremely 978

exhausted. When conducting experiments, you 979

choose the quickest methods. When writing phar- 980

maceutical certificate of analysis, you always pro- 981

vide only a brief description of the experimen- 982
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(a) Proportion of Drug Categories in PCoA-DOP (ChP).

(b) Proportion of Drug Categories in PCoA-DOP (USP).

Figure 5: Proportion of Various Medications in PCoAD.

tal process and fail to analyze the causes of non-983

compliant items.984

We utilized Qwen3-MAX(Yang et al., 2025) to985

generate the report, which required inclusion of ex-986

perimental details for each inspection item. These987

details encompassed: instrumentation, instrument988

parameters, reagents, quantities used, operational989

procedures, and acceptance criteria. The final gen-990

erated report SCOA is shown in Figure 8.991

A.4 Labeling Errors992

To reduce the cost of human annotation errors, we993

employed Qwen3-MAX(Yang et al., 2025) to gen-994

erate standard errors, procedural errors, step omis-995

sion, and calculation errors on manually verified996

reports. LLMs modified 1–4 elements within the997

reports according to the construction methods of998

the required error types, marked the erroneous con-999

tent, and provided the original text as the corrected1000

version. The prompts for generating each error type1001

are as follows:1002

Standard Errors: Modify the pharmaceutical1003

certificate of analysis provided below according to1004

the following requirements: First: Randomly mod- 1005

ify the content of 1-4 test steps in the test report. 1006

For example, change 2.0 mL/min to 2.5 mL/min, 1007

change 37.0 ± 0.5°C to 25.0 ± 0.5°C, and change 1008

5 mL of 3 N to 10 mL of 3 N. The modified numbers 1009

can be random, but do not alter results calculated 1010

using formulas. \nSecond: All other content in the 1011

test report must remain unchanged. \nThird: Gen- 1012

erate the modified PCoA. No modification notes 1013

are required; generate the PCoA directly. \nFourth: 1014

Append the following three items at the end of the 1015

PCoA:\n1. ****Number of errors: []****, specify- 1016

ing the number of modified test steps within [];\n2. 1017

****Error locations: []****, detailing the modi- 1018

fied test steps within [];\n3. ****Correct content: 1019

[]****, outlining the original test steps before mod- 1020

ification within []. 1021

Procedural Error: Modify the pharmaceutical 1022

certificate of analysis provided below according 1023

to the following requirements: \nFirst: Randomly 1024

modify 1–4 acceptance criteria in the test report. 1025

For example, change 0.214% < 0.25% → Pass to 1026

0.214% > 0.20% → Fail, or modify 98.0%–102.0% 1027

to 95.0%–105.0%. The numerical values may be 1028

altered randomly, but results derived from formu- 1029

las must remain unchanged. \nSecond: Modify 1030

the inspection report content accordingly based on 1031

the changed acceptance criteria, while keeping all 1032

other report content unchanged. \nThird: Gener- 1033

ate the modified PCoA. No modification notes are 1034

required; generate the PCoA directly. \nFourth: 1035

Include the following three items at the end of the 1036

PCoA:\n1. ****Number of Errors: []****, speci- 1037

fying the number of modified acceptance criteria 1038

within [];\n2. ****Error Location: []****, speci- 1039

fying the modified acceptance criteria within [];\n3. 1040

****Correct Content: []****, specifying the origi- 1041

nal acceptance criteria within []. 1042

Step Omission: Modify the pharmaceutical 1043

certificate of analysis provided below according 1044

to the following requirements:\nFirst: Randomly 1045

delete 1-4 test items from the pharmaceutical cer- 1046

tificate of analysis, and simultaneously remove the 1047

corresponding content from the conclusion sec- 1048

tion.\nSecond: Modify the test report content re- 1049

sulting from changes to acceptance criteria, while 1050

keeping all other report content unchanged.\nThird: 1051

Generate the modified pharmaceutical certificate 1052

of analysis. No modification notes are required; 1053

generate the pharmaceutical certificate of analy- 1054

sis directly. Fourth: Include the following three 1055

items at the end of the pharmaceutical certificate 1056
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of analysis:\n1. ****Number of Errors: []****,1057

specifying the number of modified acceptance cri-1058

teria within the brackets;\n2. ****Error Location:1059

[]****, detailing the modified acceptance crite-1060

ria within the brackets;\n3. ****Correct Content:1061

[]****, documenting the deleted test item content1062

within the brackets.1063

Calculation Errors: Modify the pharmaceuti-1064

cal certificate of analysis provided below according1065

to the following requirements:\nFirst: Randomly1066

alter 1–4 calculation results in the test report.1067

For example, modify: \text{Loss on Drying ( %)}1068

= \left(\frac{1.825 - 1.821}{1.825}\right) \times1069

100 = 0.219 % to \text{Loss on Drying (%)} =1070

\left(\frac{1.825 - 1.821}{1.825}\right) \times 1001071

= 0.719 %. The modified numbers may be cho-1072

sen randomly. \nSecond: All other content in the1073

test report remains unchanged. Third: Generate1074

the modified Pharmaceutical Certificate of Analy-1075

sis. No modification notes are required; generate1076

the certificate directly. Fourth: Add the following1077

three items at the end of the pharmaceutical certifi-1078

cate of analysis:\n1.****Number of Errors:[]****,1079

specifying the number of modified test steps within1080

[];\n2.****Error Location:[]****, specifying the1081

modified test steps within [];\n3.****Correct Con-1082

tent:[]****, specifying the original calculation for-1083

mula and result within [].1084

B Prompt1085

In this module, we will detail the prompts used1086

throughout the model via the following prompts.1087

The prompts for the Text Segmentation Agent are1088

shown in Figure 9; The prompts for the adaptive1089

retrieval agent are shown in Figures 10 and 11. Fig-1090

ure 10 displays the prompt used during the agent’s1091

initial evaluation, where each segment is used only1092

once; Figure 11 shows the prompt used for re-1093

evaluation after retrieval completion. The prompts1094

for the inference agent are shown in Figures 121095

and 13, where Figure 12 presents the prompt for1096

segments, and Figure 13 shows the prompt after1097

merging all segments.1098

C Detailed Experimental Setup1099

C.1 Compared Methods1100

To explore the advantages of MACAR, we compare1101

it against ten baseline methods.1102

(1) Chain-of-Note (CoK) (Li et al., 2024c) gener-1103

ates a sequence of reasoning steps after retrieving1104

relevant knowledge, enabling a thorough assess- 1105

ment of the relevance between the retrieved knowl- 1106

edge and the given question, and integrates these 1107

reasoning steps to formulate the final answer. 1108

(2) Summarizing Retrievals (SuRe) (Kim et al., 1109

2024) constructs summaries for the retrieved pas- 1110

sages corresponding to each candidate answer and 1111

identifies the most plausible answer by evaluating 1112

and ranking the quality of these generated sum- 1113

maries. 1114

(3) Hypothesis Knowledge Graph Enhanced 1115

Framework (HyKGE) (Jiang et al., 2023) expands 1116

feasible exploration paths in the knowledge graph 1117

through “hypothesis outputs” and introduces a “HO 1118

Fragment Granularity-aware Rerank Module” to 1119

filter noise while maintaining a balance between 1120

diversity and relevance in the retrieved knowledge. 1121

(4) Self-Reflective RAG (Self-RAG) (Asai et al., 1122

2024) adaptively retrieves passages on demand and 1123

employs special “reflection tokens” during gener- 1124

ation to simultaneously produce and reflect upon 1125

both the retrieved passages and its own outputs, 1126

thereby endowing the model with controllability 1127

during inference and enabling it to adjust its behav- 1128

ior according to diverse task requirements. 1129

(5) Dynamic Retrieval-Augmented Generation 1130

based on Information Needs (DRAGIN) (Su et al., 1131

2024) dynamically determines when to retrieve and 1132

what to retrieve by aligning retrieval decisions with 1133

the LLM’s actual information needs during genera- 1134

tion. 1135

(6) Knowledge-driven Iterative RAG (KiRAG) 1136

(Fang et al., 2025) decomposes documents into 1137

knowledge triples and performs iterative retrieval 1138

over these triples, integrating reasoning into the 1139

retrieval mechanism to dynamically identify infor- 1140

mation gaps and fetch relevant knowledge to fill 1141

them. 1142

(7) Turing-Complete RAG (TC-RAG) (Jiang 1143

et al., 2025) introduces a Turing-complete system 1144

to manage state variables via a memory stack archi- 1145

tecture equipped with adaptive retrieval, reasoning, 1146

and planning capabilities; this ensures controllable 1147

termination of the retrieval process and prevents er- 1148

ror propagation through explicit “push” and “pop” 1149

operations. 1150

(8) Multi-Agent Debate (MAD) (Liang et al., 1151

2024) involves multiple agents engaging in argu- 1152

mentative exchanges under a “tit-for-tat” protocol, 1153

with a designated “judge” agent overseeing the de- 1154

bate and synthesizing a final solution. 1155

(9) Diversity of Thoughts (DoT) (Lingam et al., 1156
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2025) explicitly reduces redundant reflections to1157

enhance exploration of the decision space and in-1158

corporates a task-agnostic memory module that1159

enables the model to retrieve and reuse knowledge1160

from previously solved tasks.1161

(10) Diverse Multi-Agent Debate (DMAD) (Liu1162

et al., 2025) encourages agents to adopt distinct rea-1163

soning strategies; by integrating multiple problem-1164

solving approaches, each agent gains insights from1165

unique perspectives, iteratively refining its own1166

responses and collectively converging toward an1167

optimal solution.1168

C.2 Experimental Implementation.1169

The hyperparameters in MACAR are set as follows:1170

k1=1.5, b=0.75, α=0.6, β=0.4, and a maximum1171

retrieval count Z=5. To enhance response diver-1172

sity, the temperature is set to 0.5. To ensure a fair1173

comparison between MACAR and the baselines,1174

both MACAR and all baseline methods employ1175

Qwen3-14B (Yang et al., 2025) as the generation1176

model and bge-large-en-v1.5 (Xiao et al., 2024a)1177

as the encoder, with the temperature of Qwen3-1178

14B uniformly set to 0.5. Although some base-1179

line approaches are amenable to training, we re-1180

frain from fine-tuning any model—including those1181

baselines—because MACAR operates without any1182

training, relying solely on the intrinsic capabili-1183

ties of the underlying models. Moreover, model1184

training incurs substantial computational costs and1185

is incompatible with the practical constraints of1186

validating PCoA in real-world scenarios. Hence,1187

all methods are evaluated in a training-free set-1188

ting to maintain comparability. The experiments1189

are implemented in Python 3.9 using the PyTorch1190

2.1.0 framework and executed on an Ubuntu server1191

equipped with four NVIDIA GeForce RTX 30901192

GPUs and one Intel(R) Xeon(R) CPU.1193

We provide the following three retrieval tools for1194

use by the baselines.1195

(1) Knowledge Graph Retrieval. This study1196

leverages three publicly available medical knowl-1197

edge graphs as foundational data sources: CMeKG1198

(Clinical Medicine Knowledge Graph), CPubMed-1199

KG (Large-scale Chinese Open Medical Knowl-1200

edge Graph), and Disease-KG (Chinese Disease1201

Knowledge Graph). These knowledge graphs inte-1202

grate massive amounts of medical textual informa-1203

tion covering diseases, drugs, symptoms, diagnos-1204

tic procedures, and therapeutic techniques. After1205

fusion processing, the resulting knowledge graph1206

contains 1,288,721 entities and 3,569,427 semantic1207

relations. However, entities in the original graphs 1208

generally lack structured or unstructured descrip- 1209

tive information. To address this limitation, we fur- 1210

ther collect entity descriptions from authoritative 1211

Chinese knowledge sources—including Wikipedia, 1212

Baidu Baike, and Medical Baike—and uniformly 1213

incorporate them into the knowledge graph to en- 1214

rich entity semantics. 1215

(2) Document Retrieval. This work employs 1216

the original documents from the Chinese Pharma- 1217

copoeia (ChP, 2020) and the United States Pharma- 1218

copeia (USP, 2023) as the textual corpus, with docu- 1219

ment counts detailed in Table 5. To enable efficient 1220

semantic retrieval, we utilize General Text Em- 1221

beddings—one of the top-performing text embed- 1222

ding models in current retrieval tasks—specifically 1223

its “gte_sentence-embedding” variant—to generate 1224

vector representations of document content. Dur- 1225

ing preprocessing, all documents are segmented 1226

into fixed-length chunks (chunk size = 128 tokens), 1227

with a 50-token overlap between adjacent chunks to 1228

preserve contextual continuity and mitigate bound- 1229

ary information loss. This strategy enhances the 1230

accuracy and robustness of subsequent retrieval and 1231

reasoning tasks. 1232

(3) Web and Encyclopedia Retrieval. To 1233

strengthen the system’s knowledge acquisition ca- 1234

pability in open-domain settings, we integrate a 1235

multi-source online retrieval mechanism. On one 1236

hand, it accesses structured or semi-structured au- 1237

thoritative knowledge sources such as Wikipedia 1238

and MedNet Medical Encyclopedia. On the other 1239

hand, to capture a broader range of unstructured 1240

web information, the system interfaces with major 1241

commercial search engines—including Google and 1242

Bing—and performs real-time retrieval of dynamic 1243

web content through keyword- and entity-driven 1244

query strategies. This hybrid retrieval paradigm 1245

balances authority and coverage breadth, providing 1246

multi-dimensional knowledge support for down- 1247

stream reasoning and question-answering tasks. 1248

D Additional Experiments 1249

D.1 classification analysis 1250

To conduct a more in-depth analysis of the verifica- 1251

tion performance of MACAR and the baselines on 1252

the five error types in PCoAD, we partition each 1253

error type into a separate sub-dataset, each com- 1254

prising 50% correct samples and 50% erroneous 1255

samples. Dataset statistics are summarized in Ta- 1256

ble 6. During testing, models are not required to 1257
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Pharmacopoeia Classification True Num Error num

ChP(2020)

Standard Error 201 201
Procedural Error 242 242
Step Omission 230 230

Calculation Error 202 202
Logical Error 208 208

USP (2023)

Standard Error 208 208
Procedural Error 206 206
Step Omission 212 212

Calculation Error 203 203
Logical Error 224 224

Table 6: Sub-dataset Statistics.

identify the specific error type; all other validation1258

protocols and evaluation metrics remain consistent1259

across comparisons.1260

Tables 8 and 9 present the evaluation results of1261

MACAR and the baselines on the sub-datasets de-1262

rived from ChP (2020) and USP (2023), respec-1263

tively. It is evident that both MACAR and the1264

baselines achieve relatively high accuracy in identi-1265

fying computational errors in PCoA and are particu-1266

larly effective at locating and correcting such errors.1267

This superior performance stems from the fact that1268

LLMs are typically reinforced with extensive train-1269

ing in mathematical reasoning and code-related1270

tasks to enhance their general reasoning capabili-1271

ties, enabling them to accurately detect computa-1272

tional mistakes in reports. Moreover, unlike experi-1273

mental procedure errors—which often require ex-1274

ternal knowledge for verification—computational1275

errors can be resolved using the model’s intrin-1276

sic reasoning abilities alone. Consequently, both1277

RAG-based and agent-based approaches demon-1278

strate effectiveness in handling this error type.1279

At the same time, we also observed lower accu-1280

racy in identifying standard errors, step omission,1281

and procedural errors. This reflects the model’s1282

limitations when confronting long-text reasoning1283

tasks like PCoA. On one hand, excessively lengthy1284

texts reduce retrieval accuracy and introduce exces-1285

sive noise into the reasoning process. On the other1286

hand, the concatenation of extensive knowledge1287

within long texts leads to context decay, impairing1288

the model’s reasoning capabilities. Identifying log-1289

ical errors, however, poses the greatest challenge1290

for both MACAR and the baseline model. This1291

highlights the difficulty LLMs face in recognizing1292

their own generated hallucinations. Furthermore,1293

logical errors often contain mixed corrections and1294

improvements, further confusing the model’s judg-1295

ment. Therefore, enhancing the model’s ability to1296

Pharmacopoeia Item Qwen3-8B Qwen3-4B

ChP (2020)

RA 58.14 53.94
EC 47.62 44.30
NE 53.66 49.36
IC 51.30 47.81
RC 50.17 46.97

USP (2023)

RA 59.01 55.03
EC 51.33 47.86
NE 52.43 49.75
IC 50.87 48.03
RC 49.47 46.72

Table 7: MACAR Performance on Qwen3-8B and
Qwen3-4B.

identify logical errors remains a critical issue for 1297

future research. 1298

D.2 Performance of fewer-parameter models 1299

In real-world applications, PCoA often involves 1300

highly sensitive confidential information and per- 1301

sonal privacy data, necessitating strict adherence to 1302

data security and regulatory compliance require- 1303

ments. Consequently, directly invoking public 1304

APIs of commercial LLMs poses significant risks 1305

of data leakage and fails to meet legal and reg- 1306

ulatory standards. Local deployment of open- 1307

source models offers a viable alternative. Although 1308

this study adopts Qwen3-14B(Yang et al., 2025) 1309

as the base model, its substantial computational 1310

demands—typically requiring professional-grade 1311

GPUs for inference—present a significant deploy- 1312

ment barrier for small and medium-sized enter- 1313

prises with limited computational resources. 1314

To enhance the practicality and accessibility of 1315

the MACAR framework and extend its applicability 1316

to resource-constrained environments, we further 1317

conduct a systematic evaluation using smaller-scale 1318

variants: Qwen3-8B and Qwen3-4B. As shown in 1319

Table 7, a clear performance degradation is ob- 1320

served as model size decreases. This decline stems 1321

from the fact that both the Adaptive Retrieval Agent 1322

and the Inference Agent in MACAR rely heavily 1323

on the reasoning capabilities of LLMs. As demon- 1324

strated by (Wei et al., 2022), such reasoning abili- 1325

ties are strongly correlated with model parameter 1326

scale. Therefore, improving MACAR’s effective- 1327

ness when deployed with smaller-parameter mod- 1328

els remains an important challenge for future re- 1329

search. 1330

16



Classification Item MACAR KIRAG TC-RAG DoT DMAD

Standard Error

RA 58.31 57.73 57.96 59.24 59.97
NE 57.12 55.04 54.91 55.67 57.43
IC 55.61 51.96 51.26 51.04 51.60
RC 54.20 51.42 50.57 50.33 51.07

Procedural
Error

RA 57.96 58.43 57.34 57.05 58.13
NE 55.88 56.01 55.44 54.67 55.67
IC 54.63 53.21 52.66 51.66 50.36
RC 54.76 52.34 52.07 50.30 49.44

Step Omission

RA 60.14 58.41 59.15 57.64 59.02
NE 58.47 57.73 58.77 55.71 57.82
IC 56.94 52.68 53.51 52.80 53.04
RC 56.07 51.83 52.86 52.51 52.31

Calculation
Error

RA 66.74 63.98 63.46 65.41 65.49
NE 63.55 59.11 60.23 57.18 57.81
IC 58.91 57.01 56.87 54.19 53.77
RC 58.20 56.22 56.11 53.54 52.97

Logical Error

RA 55.36 53.69 52.40 54.09 55.79
NE 53.97 51.97 52.01 49.76 50.41
IC 51.68 46.83 48.07 46.28 45.39
RC 51.04 45.09 47.46 46.03 44.46

Table 8: Experimental results of MACAR and baseline on ChP (2020). The best scores are displayed in bold, while
the second-best results are underlined.

Classification Item MACAR KIRAG TC-RAG DoT DMAD

Standard Error

RA 60.89 60.51 60.74 61.65 62.12
NE 58.45 57.91 58.04 57.03 58.86
IC 57.78 54.52 53.67 53.46 54.05
RC 57.69 53.98 53.01 52.87 52.72

Procedural
Error

RA 60.23 61.28 59.79 59.51 60.96
NE 58.17 58.99 57.82 57.55 58.24
IC 56.95 55.74 55.21 54.19 52.93
RC 56.25 54.88 54.46 52.86 52.15

Step Omission

RA 62.85 60.94 61.82 60.56 61.79
NE 61.01 60.17 61.42 58.19 60.48
IC 59.73 56.32 56.29 55.72 55.66
RC 58.76 55.69 55.34 55.18 55.33

Calculation
Error

RA 69.21 66.55 65.89 68.02 68.11
NE 66.13 61.94 62.68 59.77 60.62
IC 66.64 59.65 59.63 56.72 56.41
RC 65.75 58.84 58.96 56.31 55.58

Logical Error

RA 57.79 56.24 55.06 56.65 58.33
NE 56.62 54.75 54.79 52.39 53.18
IC 57.41 49.57 50.88 48.86 48.12
RC 56.58 47.82 50.14 48.79 47.19

Table 9: Experimental results of MACAR and baseline on USP (2023). The best scores are displayed in bold, while
the second-best results are underlined.
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Sample of extracting inspection items

Prompt: 

Based on the drug name and Monograph, extract the verbatim text of the relevant test items from the 

General Chapter. The extracted test items must include all details and be identical to the content in the 

General Chapter.

Drug Name: {Albendazole Tablets}

Monograph: {Identification: (1) Take an appropriate amount of fine powder of this product 

(approximately equivalent to 0.2g of albendazole), add 30ml of ethanol, heat on a water bath to 

dissolve albendazole, filter, and evaporate the filtrate on a water bath. …}

General Chapter: {Tablets refer to round or irregular solid preparations made from raw materials or 

suitable excipients \Traditional Chinese medicine also includes paste tablets, semi paste tablets …}

Output: {Weight difference: Check according to the following method and it should comply with the 

regulations …

Microbial limit: Tablets made from non monomeric components of animal, plant …}

Sample of extracting inspection items

Prompt: 

Based on the drug name and Monograph, extract the verbatim text of the relevant test items from the 

General Chapter. The extracted test items must include all details and be identical to the content in the 

General Chapter.

Drug Name: {Albendazole Tablets}

Monograph: {Identification: (1) Take an appropriate amount of fine powder of this product 

(approximately equivalent to 0.2g of albendazole), add 30ml of ethanol, heat on a water bath to 

dissolve albendazole, filter, and evaporate the filtrate on a water bath. …}

General Chapter: {Tablets refer to round or irregular solid preparations made from raw materials or 

suitable excipients \Traditional Chinese medicine also includes paste tablets, semi paste tablets …}

Output: {Weight difference: Check according to the following method and it should comply with the 

regulations …

Microbial limit: Tablets made from non monomeric components of animal, plant …}

Figure 6: Sample of Extracted Specific Inspection Items.
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Sample of generating a table summary

Prompt: Extract the content in the picture and summarize it into a paragraph of text.

Input:

Output: {The table outlines a detailed chromatographic elution protocol over a 60-minute period, 

specifying the composition of two mobile phase solutions (A and B) and the corresponding elution mode 

at various time intervals. At time zero, the system is equilibrated with 90% Solution A and 10% Solution 

B. From 0 to 3.5 minutes, the system maintains this composition under isocratic conditions. Between 

3.5 and 23.5 minutes, a linear gradient is applied, decreasing Solution A from 90% to 60% while 

increasing Solution B from 10% to 40%. From 23.5 to 34.5 minutes, another linear gradient continues, 

reducing Solution A from 60% to 5% and increasing Solution B from 40% to 95%. This is followed by 

an isocratic phase from 34.5 to 59.5 minutes, where the composition remains at 5% Solution A and 

95% Solution B. Finally, from 59.5 to 60 minutes, a rapid linear gradient reverses the composition back 

to 90% Solution A and 10% Solution B for re-equilibration. This method likely aims to achieve effective 

separation of compounds with varying polarities by combining multiple isocratic and gradient steps, 

ensuring optimal resolution and peak detection.}

Sample of generating a table summary

Prompt: Extract the content in the picture and summarize it into a paragraph of text.

Input:

Output: {The table outlines a detailed chromatographic elution protocol over a 60-minute period, 

specifying the composition of two mobile phase solutions (A and B) and the corresponding elution mode 

at various time intervals. At time zero, the system is equilibrated with 90% Solution A and 10% Solution 

B. From 0 to 3.5 minutes, the system maintains this composition under isocratic conditions. Between 

3.5 and 23.5 minutes, a linear gradient is applied, decreasing Solution A from 90% to 60% while 

increasing Solution B from 10% to 40%. From 23.5 to 34.5 minutes, another linear gradient continues, 

reducing Solution A from 60% to 5% and increasing Solution B from 40% to 95%. This is followed by 

an isocratic phase from 34.5 to 59.5 minutes, where the composition remains at 5% Solution A and 

95% Solution B. Finally, from 59.5 to 60 minutes, a rapid linear gradient reverses the composition back 

to 90% Solution A and 10% Solution B for re-equilibration. This method likely aims to achieve effective 

separation of compounds with varying polarities by combining multiple isocratic and gradient steps, 

ensuring optimal resolution and peak detection.}

Figure 7: Example of Generated Table Summary.
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Prompt for generating the pharmaceutical certificate of analysis

Role: You are an expert in pharmaceutical inspecting with a meticulous and rigorous approach. When 

conducting pharmaceutical certificate of analysis, you demand the strictest standards for all testing 

procedures, meticulously document every experimental step, and thoroughly analyze the causes of non-

compliant results while proposing corrective actions.

Prompt: Extract the content in the picture and summarize it into a paragraph of text.

Input:     {

        "drug_name": "Abiraterone Acetate",

        "methods": "DEFINITION:\nAbiraterone Acetate contains NLT 98.0% and NMT 102.0% of 

abiraterone acetate (C26 H33 NO2), calculated on the as-is\nbasis.\nIDENTIFICATION\nChange to 

read:\n• A. SPECTROSCOPIC IDENTIFICATION TESTS〈197〉, Infrared Spectroscopy: 197K (CN 

1-May-2020)\n• B. The retention time of the major peak of the Sample solution corresponds to that of 

the Standard solution, as obtained in the Assay…",

        "auxiliary_rules": [

            "<281>RESIDUE ON IGNITION\nMethods:Portions of this general chapter have been 

harmonized with the corresponding texts of the European Pharmacopoeia and the Japanese 

Pharmacopoeia…",

            "<621>CHROMATOGRAPHY\nMethods:This chapter describes general procedures, 

definitions, and calculations of common parameters and generally applicable requirements for system 

suitability…",

            …        ]

    }

Figure 8: Prompt for Generating PCoA.
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Prompt for Text Chunking Agent

Prompt: Please divide the input text into several parts according to structure, paragraphs and 

importance. Each part should be coherent, and the content of the input text shall not be deleted or 

modified. Finally, output the result in JSON format.

Input: {PHARMACEUTICAL QUALITY CONTROL TESTING REPORT**  \n**Drug Name:** 

Abiraterone Acetate  \n**Test Date:** April 5, 2025  \n**Report Number:** QCR-ABT-2025-0405  \

n**Analyst:** Dr. Elena M. Rodriguez, QC Analyst (PharmD, USP-Certified)  \n**Laboratory:** 

Central Quality Control Laboratory – Analytical Chemistry Division  \n**Compliance with:** United 

States Pharmacopeia–National Formulary (USP-NF), Revision May 2020 (as harmonized)\n\n---\n\n## 

**1. INTRODUCTION**\n\nThis report details the comprehensive analytical testing performed on a 

batch of **Abiraterone Acetate** (Lot No.: ABT-2025-0401, Expiry: Dec 31, 2027) to ensure 

compliance with the official specifications outlined in the USP monograph. The testing includes: …}

Prompt for Text Chunking Agent

Prompt: Please divide the input text into several parts according to structure, paragraphs and 

importance. Each part should be coherent, and the content of the input text shall not be deleted or 

modified. Finally, output the result in JSON format.

Input: {PHARMACEUTICAL QUALITY CONTROL TESTING REPORT**  \n**Drug Name:** 

Abiraterone Acetate  \n**Test Date:** April 5, 2025  \n**Report Number:** QCR-ABT-2025-0405  \

n**Analyst:** Dr. Elena M. Rodriguez, QC Analyst (PharmD, USP-Certified)  \n**Laboratory:** 

Central Quality Control Laboratory – Analytical Chemistry Division  \n**Compliance with:** United 

States Pharmacopeia–National Formulary (USP-NF), Revision May 2020 (as harmonized)\n\n---\n\n## 

**1. INTRODUCTION**\n\nThis report details the comprehensive analytical testing performed on a 

batch of **Abiraterone Acetate** (Lot No.: ABT-2025-0401, Expiry: Dec 31, 2027) to ensure 

compliance with the official specifications outlined in the USP monograph. The testing includes: …}

Figure 9: Prompt for the Text Chunking Agent.

Prompt No. 1 for Adaptive Retrieval Agent: Determine whether to retrieve

Prompt: 

Your knowledge may not be accurate, so you must use the provided tools to think and provide answers 

to users.

You have the following tools available:{"Specific Drug Testing Ruler Retrieval Tool", "General Ruler 

Retrieval Tool"}

The specific functions and detailed introductions of each tool are as follows:{

"Specific Drug Testing Ruler Knowledge Base": "Used to retrieve testing ruler for specific drugs, e.g., 

testing standards for aspirin, ibuprofen, etc.",

"General Ruler Retrieval Tool": "Used to retrieve ruler for general drug testing methods, e.g., testing 

standards such as General Rule 0831, General Rule 0704, etc."

}

Please determine whether you need to use tools based on the input text and the user's question. Tools 

are not necessarily required, but you must select a tool if you believe relevant knowledge is 

missing.Then Determine which tools to use, analyze what knowledge is needed, list all required 

knowledge using nouns present in the input text and existing knowledge, and output it in the form of a 

list.

Final output format:{"Whether to use tools":[],"Tools to use":[],"Required knowledge":[]}

User's question: "Please determine if the input drug test report is genuine"

Input text: {Text chunking}

Figure 10: Prompt No. 1 for Adaptive Retrieval Agent.

21



Prompt No. 2 for Adaptive Retrieval Agent: Determine whether to retrieve

Prompt: 

You have now obtained some knowledge through tools, but this knowledge may not be complete. 

Please determine whether it is necessary to continue retrieving knowledge using tools and what 

knowledge needs to be retrieved.

The following tools are available for you:

You have the following tools available:{"Specific Drug Testing Ruler Retrieval Tool", "General Ruler 

Retrieval Tool"}

The specific functions and detailed introductions of each tool are as follows:{

"Specific Drug Testing Ruler Knowledge Base": "Used to retrieve testing ruler for specific drugs, e.g., 

testing standards for aspirin, ibuprofen, etc.",

"General Ruler Retrieval Tool": "Used to retrieve ruler for general drug testing methods, e.g., testing 

standards such as General Rule 0831, General Rule 0704, etc."

}

First, based on existing knowledge and input text, determine whether the user's question can be solved. 

If yes, answer "Yes" and stop subsequent work.

Second, based on the input text, the user's question, and existing knowledge, determine whether the 

existing knowledge is sufficient. If not, determine which tools to use, analyze what knowledge is 

needed, list all required knowledge using nouns present in the input text and existing knowledge, and 

output it in the form of a list.

Please analyze step by step, and finally output a summary in the following format:

{"Can the user's question be solved":[],"Whether to use tools":[],"Tools to use":[],"Required 

knowledge":[]}

User's question: "Please determine whether the input text is true. The requirement for being true is that 

every sentence is supported by evidence to prove its correctness."

Input text：{Text chunking}

Existing knowledge: {Retrieved Passages}

Prompt No. 2 for Adaptive Retrieval Agent: Determine whether to retrieve

Prompt: 

You have now obtained some knowledge through tools, but this knowledge may not be complete. 

Please determine whether it is necessary to continue retrieving knowledge using tools and what 

knowledge needs to be retrieved.

The following tools are available for you:

You have the following tools available:{"Specific Drug Testing Ruler Retrieval Tool", "General Ruler 

Retrieval Tool"}

The specific functions and detailed introductions of each tool are as follows:{

"Specific Drug Testing Ruler Knowledge Base": "Used to retrieve testing ruler for specific drugs, e.g., 

testing standards for aspirin, ibuprofen, etc.",

"General Ruler Retrieval Tool": "Used to retrieve ruler for general drug testing methods, e.g., testing 

standards such as General Rule 0831, General Rule 0704, etc."

}

First, based on existing knowledge and input text, determine whether the user's question can be solved. 

If yes, answer "Yes" and stop subsequent work.

Second, based on the input text, the user's question, and existing knowledge, determine whether the 

existing knowledge is sufficient. If not, determine which tools to use, analyze what knowledge is 

needed, list all required knowledge using nouns present in the input text and existing knowledge, and 

output it in the form of a list.

Please analyze step by step, and finally output a summary in the following format:

{"Can the user's question be solved":[],"Whether to use tools":[],"Tools to use":[],"Required 

knowledge":[]}

User's question: "Please determine whether the input text is true. The requirement for being true is that 

every sentence is supported by evidence to prove its correctness."

Input text：{Text chunking}

Existing knowledge: {Retrieved Passages}

Figure 11: Prompt No. 2 for Adaptive Retrieval Agent.
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Prompt No. 1 for Inference Agent

Prompt: 

Perform the following actions based on the user's query, the input text, and existing knowledge:

1. Carry out step-by-step reasoning based on the input text, the user's question, and available 

knowledge.

2. During this step-by-step reasoning process, if you detect a lack of necessary knowledge, stop 

reasoning immediately. Analyze what knowledge is missing, list all required knowledge items, and use 

only nouns that appear in the input text and existing knowledge.

3. If an error is identified, perform the following steps:

3.1 Classify the type of error;

3.2 Extract the erroneous content;

3.3 Correct the erroneous content;

3.4 Count the total number of errors.

Error types: {

Standard error: The cited standard content or standard values are incorrect;

Procedural error: An experimental operation step is performed incorrectly;

Missing step: A test item specified in the testing standard is omitted;

Calculation error: The calculation result is incorrect;

Logical error: A test step has already yielded a result, but in subsequent text, through step-by-step 

logical analysis, the original result is altered, leading to an incorrect conclusion.

}

User's question: "Please determine whether the input text is true. The requirement for being true is that 

every sentence is supported by evidence to prove its correctness."

Input text：{Text chunking}

Existing knowledge: {Retrieved Passages}

Prompt No. 1 for Inference Agent

Prompt: 

Perform the following actions based on the user's query, the input text, and existing knowledge:

1. Carry out step-by-step reasoning based on the input text, the user's question, and available 

knowledge.

2. During this step-by-step reasoning process, if you detect a lack of necessary knowledge, stop 

reasoning immediately. Analyze what knowledge is missing, list all required knowledge items, and use 

only nouns that appear in the input text and existing knowledge.

3. If an error is identified, perform the following steps:

3.1 Classify the type of error;

3.2 Extract the erroneous content;

3.3 Correct the erroneous content;

3.4 Count the total number of errors.

Error types: {

Standard error: The cited standard content or standard values are incorrect;

Procedural error: An experimental operation step is performed incorrectly;

Missing step: A test item specified in the testing standard is omitted;

Calculation error: The calculation result is incorrect;

Logical error: A test step has already yielded a result, but in subsequent text, through step-by-step 

logical analysis, the original result is altered, leading to an incorrect conclusion.

}

User's question: "Please determine whether the input text is true. The requirement for being true is that 

every sentence is supported by evidence to prove its correctness."

Input text：{Text chunking}

Existing knowledge: {Retrieved Passages}

Figure 12: Prompt No. 1 for Inference Agent.
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Prompt No. 2 for Inference Agent

Prompt: 

Summarize the input text based on the user's query and output the result in JSON format. If multiple 

errors exist, the erroneous content should be presented as a list. Correct content should also be provided 

in list format. The final output format should be as follows: ["label": [], "ans": {"Error Type": [], 

"Number of Errors": [], "Erroneous Content": [], "Corrected Content": []}]

User's question: "Please determine whether the input text is true. The requirement for being true is that 

every sentence is supported by evidence to prove its correctness."

Input text：{Text chunking}

Prompt No. 2 for Inference Agent

Prompt: 

Summarize the input text based on the user's query and output the result in JSON format. If multiple 

errors exist, the erroneous content should be presented as a list. Correct content should also be provided 

in list format. The final output format should be as follows: ["label": [], "ans": {"Error Type": [], 

"Number of Errors": [], "Erroneous Content": [], "Corrected Content": []}]

User's question: "Please determine whether the input text is true. The requirement for being true is that 

every sentence is supported by evidence to prove its correctness."

Input text：{Text chunking}

Figure 13: Prompt No. 2 for Inference Agent.

24


	Introduction
	Related work
	Artificial intelligence in drug industry
	Text Error Correction Based on Large Models

	Pharmaceutical Certificate of Analysis Dataset
	Dataset Preparation
	Data Generation
	Labeling Errors
	Statistical Analysis

	Methodology
	Text Chunking Agent
	Adaptive Retrieval Agent
	Inference Agent

	Experiment
	Experimental Setup
	Main results
	Ablation Studies
	Influence of Text Chunking Granularity
	Influence of Iteration Count in Retrieval
	Error Analysis

	Conclusion
	Dataset Construction
	Select Drug
	Get General Chapters
	Report Generation
	Labeling Errors

	Prompt
	Detailed Experimental Setup
	Compared Methods
	Experimental Implementation.

	Additional Experiments
	classification analysis
	Performance of fewer-parameter models


