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Abstract

Artificial intelligence is now widely applied
in drug discovery and development, acceler-
ating the entry of novel pharmaceuticals into
clinical practice. As the variety of drugs ex-
pands, the workload for pharmaceutical inspec-
tion has increased significantly, making the
demand for automated verification of pharma-
ceutical inspection results increasingly urgent.
However, current research lacks reliable eval-
uation methods and datasets. To address this
issue, we construct a Pharmaceutical Certifi-
cate of Analysis Dataset (PCoAD) based on
large language model validation and correc-
tion. This dataset consists of 4272 manually
verified Pharmaceutical Certificates of Analy-
sis (PCoAs), posing new challenges to exist-
ing models in terms of long-text reasoning and
nested knowledge retrieval capabilities. Based
on PCoAD, we propose the Multi-Agent Coop-
eration based on Adaptive Retrieval (MACAR)
framework. This framework employs text
chunking, adaptive retrieval, and inference to
validate PCoAs. Experimental results demon-
strate that MACAR outperforms multiple state-
of-the-art methods across various types of
tasks. Our code and dataset will be available at
https://github.com/xuyimingscnu/PCoAD.

1 Introduction

The rapid advancement of artificial intelligence
has catalyzed the transformation of the traditional
pharmaceutical industry, accelerating the research
and development (Zhang et al., 2025; Vora et al.,
2023), production (Abraham et al., 2023; Blanco-
Gonzalez et al., 2023), and clinical utilization
(Xiong et al., 2023)of novel therapeutics. Con-
sequently, an increasing number of drugs are re-
ceiving regulatory approval and entering clinical
practice. While this expanding diversity of drugs
enhances the quality and scope of healthcare ser-
vices, it simultaneously imposes a substantially
greater burden on pharmaceutical inspection sys-
tems.
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Figure 1: Task Format of PCoAD.

Pharmaceutical inspection involves complex rea-
soning processes such as retrieving standards, ver-
ifying inspector operational procedures, and vali-
dating computational results that demand substan-
tial human resources(Nimmagadda, 2019). Given
the immense resources required, the pharmaceuti-
cal industry increasingly urgently needs automated
verification of pharmaceutical inspection processes.
Large language models (LLMs), with their power-
ful capabilities and successful applications in the
medical field (Kuang et al., 2024; Qiu et al., 2024),
offer researchers a potential solution. However, cur-
rent applications of LLMs in the pharmaceutical
industry are primarily focused on drug discovery
(Liu et al., 2024b; Tang et al., 2025), with lim-
ited exploration of automated validation within the
pharmaceutical inspecting process. A key factor
contributing to this gap is the absence of reliable
evaluation methodologies and benchmark datasets.
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To fully evaluate the capability of LLMs in the
automated verification of pharmaceutical inspec-
tion processes, we conducted inferential analysis
based on pharmaceutical certificates of analysis
(PCoAs), which contain the items, standards and re-
sults of pharmaceutical inspection. We constructed
the Pharmaceutical Certificate of Analysis Dataset
(PCoAD), a dataset comprising 4,272 manually ver-
ified PCoAs. This dataset covers 792 drugs across
multiple medical disciplines. To further validate
LLMs’ capabilities across different languages and
pharmaceutical inspection standards, PCoAD in-
corporates both Chinese and U.S. standards. This
enables comprehensive evaluation of LLMs, with
the task format illustrated in Figure 1.

Since the PCoA provided by inspection institu-
tions usually only include testing items, standards,
and conclusions, rather than presenting the opera-
tional procedures, we adopted the pharmacopoeias
widely used in China and the United States as the
data source. We supplemented the operational pro-
cedures in PCoAs through the combined methods
of LLM-based generation and manual annotation,
and further constructed error datasets with corre-
sponding validation annotations. These data can
not only verify the ability of LLMs to understand
drug testing standards, analyze specific testing pro-
cedures, and calculate relevant parameters, but also
test their long-text reasoning and retrieval capabili-
ties in complex tasks, providing a new test dataset
for evaluating the performance of LLMs.

To address the challenges confronted by LLMs
in the validation and correction of PCoAs, which
involves long-text reasoning and information re-
trieval, we propose a novel framework termed
Multi-Agent Cooperation based on Adaptive Re-
trieval (MACAR). This framework constructs three
agents with distinct functionalities. The Text
Chunking Agent divides the lengthy PCoAs text
into independent sub-sections to reduce contex-
tual length during retrieval and reasoning. The
Adaptive Retrieval Agent analyzes missing knowl-
edge, iteratively retrieves nested content. The In-
ference Agent then performs localized reasoning
on each subsection alongside retrieved evidence,
with the capability to re-invoke the retrieval agent
mid-inference for dynamic information supplemen-
tation. Finally, all results are merged to enable de-
tailed argumentation and verification of the PCoAs.

Extensive experiments demonstrate that
MACAR outperforms baseline models, achieving
an average improvement of 3.27% over the

strongest baseline. Our results underscore the
potential of this novel task and dataset to advance
future research in the field.

The main contributions of this paper are as fol-
lows:

(1) We introduce and formalize an LLM-based
task for verifying and correcting PCoAs. It is a
novel text verification task involving long-text rea-
soning and information retrieval, which provides
a new evaluation paradigm for the automated in-
spection of pharmaceutical testing processes and
the performance assessment of LLMs.

(2) We construct the PCoAD, a novel bench-
mark dataset where PCoAs are constructed via a
dual paradigm of LLM-driven generation and ex-
pert manual annotation. The PCoAD enables a
comprehensive evaluation of the efficacy of models
in automating the verification workflows of phar-
maceutical inspecting processes;

(3) We develop a method named as Multi-
Agent Cooperation based on Adaptive Retrieval
(MACAR) as a baseline method.

2 Related work

2.1 Artificial intelligence in drug industry

The development of LLMs technologies, has pro-
foundly transformed the pharmaceutical industry.
The capabilities of LLMs have been extensively ex-
plored and applied across drug development stages.
Context learning reduces the data demand for drug
molecule discovery (Li et al., 2024a); LLMs ro-
bust capacity to encode chemical reaction path-
ways provides feasible synthetic routes for drug
development (Wang et al., 2025b; Bakkar et al.,
2018); Inherent knowledge base enables effective
analysis of pharmacological properties (Das and
Chakraborty, 2026; Shin et al., 2024); Moreover,
the development of protein models by integrating
the emergent abilities of LLMs has emerged as
a prominent research hotspot (Xiao et al., 2024b;
Fan et al., 2025). Beyond leveraging existing LLM
capabilities for drug development, another major re-
search direction involves constructing benchmarks
to explore LLMs’ potential in the pharmaceutical
domain, covering areas such as drug-target inter-
action (Arevalo et al., 2024), drug-induced toxic-
ity (Silberg et al., 2024), and small molecule drug
discovery (Liu et al., 2024c). Although these ef-
forts have accelerated drug discovery, they have
overlooked the potential of LLMs in drug testing
applications that require significant human cost.
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2.2 Text Error Correction Based on Large
Models

The powerful capabilities of LLMs have led to
promising results in traditional text semantic er-
ror correction. C-LLM uses character-level tok-
enization for spelling checking (Li et al., 2024b),
Tom Potte et al. rely on multilingual generaliza-
tion for grammatical error correction (Potter and
Yuan, 2024). However, these methods cannot effi-
ciently handle logical or factual errors. To address
this limitation, one strategy introduces external
knowledge sources such as Wikipedia (Zakka et al.,
2024) and knowledge graphs (Jiang et al., 2023) via
Retrieval-Augmented Generation (RAG), further
enhanced by modules like re-ranking (Kim et al.,
2024) and readers (Fang et al., 2024). Advanced re-
trieval can also be achieved by constructing triples
(Fang et al., 2025), analyzing self-attention weights
(Su et al., 2024), or using system state variables
(Jiang et al., 2025) to avoid noise. Nevertheless,
high-quality external knowledge is difficult to ob-
tain. Another approach leverages the inherent ca-
pabilities of LLMs themselves for autonomous text
error correction through multi-model interaction,
constructing frameworks that mimic human behav-
iors such as reflection (Shinn et al., 2023), debate
(Liang et al., 2024; Liu et al., 2025a), and discus-
sion (Lingam et al., 2025). Existing text error cor-
rection datasets are typically short, and the effec-
tiveness of RAG and multi-model interaction meth-
ods for long-text correction remains understudied.

3 Pharmaceutical Certificate of Analysis
Dataset

PCoAD comprises 4,272 PCoAs spanning 20 med-
ical specialties and 792 distinct drugs. For erro-
neous PCoAs, extensive annotations across multi-
ple validation dimensions are provided. To clarify
the utility of this dataset, the dataset construction
and annotation processes are detailed below (see
Figure 2). The objectives of the PCoAD are as
follows: (1) retrieving all relevant Monographs
and General Chapters for a given PCoA; and (2)
evaluating whether the PCoA complies with these
standards. Where discrepancies are identified, the
system is required to specify the error type, num-
ber of errors, and exact error content, and propose
appropriate corrective actions. For the specific de-
tails of constructing PCoAD , please refer to the
appendix A.1.

3.1 Dataset Preparation

To construct PCoAD, the Pharmacopoeia of the
People’s Republic of China (ChP 2020) and the
United States Pharmacopeia (USP 2023) were
adopted as foundational documents. For drug selec-
tion from these pharmacopoeias, a hybrid strategy
integrating search popularity metrics and random
sampling was employed, which is designed to en-
sure the representativeness and diversity of the con-
structed dataset.

A key challenge in PCoAD data extraction lies
in constructing detailed and comprehensive inspec-
tion items for each drug. This challenge arises
because pharmacopoeias are structured into mono-
graphs (focused on specific pharmaceutical inspec-
tion) and general chapters, with a cross-referenced
graph structure between these two components—an
arrangement that impedes the acquisition of de-
tailed inspection items. To address this obstacle,
identifiers were first extracted from both mono-
graphs and general chapters via regular expressions.
Breadth-first search was then employed to retrieve
the general chapters required for each monograph,
with subsequent removal of duplicate entries and
content irrelevant to pharmaceutical inspection.

A subsequent challenge is that certain content
in general chapters is only applicable to specific
scenarios; indiscriminate extraction of such con-
tent would introduce irrelevant inspection items.
To address this, the monograph and its correspond-
ing general chapter are fed into LLMs, which are
leveraged to distinguish scenario-specific content
and extract only the required inspection items. Fi-
nally, manual error correction is performed to refine
the results, yielding the complete set of inspection
items I,,.

3.2 Data Generation

Notably, the current PCoA issued by competent
governmental authorities only provides inspection
standards and experimental results. Employing au-
thentic PCoA as the data source fails to meet the
demand for comprehensively validating the capa-
bility of LLMs in automated pharmaceutical in-
spection and verification. Accordingly, this study
leverages LL.Ms to supplement detailed operational
procedures. To further enhance PCoA diversity,
four distinct roles were designed: Meticulous New
Employee, Careless New Employee, Rigorous Ex-
pert, and Fatigued Expert. These roles were then
utilized to generate PCoAs with detailed experi-
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mental procedures based on the I,,, where the gen-
erated PCoAs reflect the characteristics of each role.
Subsequent manual verification yielded validated
PCoAs; to ensure the consistency of drug types and
proportions, at least one valid PCoA was retained
for each drug. The final dataset was designated as

Pcoa.

3.3 Labeling Errors

Based on the textual characteristics of Pop 4, four
common error types were first defined, as follows:
(1) Standard Error: A Poo 4 cites an incorrect stan-
dard; (2) Procedure Error: The experimental op-
erations described in a Pop4 are defective; (3)
Step Omission: A Pcop 4 lacks specific inspection
items as specified in the complete inspection item
set I,,; (4) Calculation Error: The calculation re-
sults presented in a Pcp 4 are inaccurate. Beyond
these common types, PCoAD incorporates a unique
error type, logic errors induced by LLLM hallucina-
tions, that distinguishes it from other datasets in the
pharmaceutical industry. Specifically, a logic error
occurs when the result of a specific inspection step
in a Poo4 is revised through flawed reasoning in
subsequent text, ultimately leading to an incorrect
conclusion. This unique error type is designed to
evaluate model ability to resist hallucinations dur-
ing the automated verification of pharmaceutical
inspection processes.

For the four common error types, 1-4 modifi-
cations were introduced to Popa content using
LLMs, with corresponding error information an-
notated. Regarding logic error data, these were
primarily obtained via manual screening of erro-
neous Pco4 generated by LLMs. Owing to their
autonomous generation by LLMs and origin in hal-
lucinations, such data exhibit high deceptiveness to
models. Furthermore, existing studies have demon-
strated that flawed reasoning logic can trigger hal-
lucinations in LLMs (Ji et al., 2023). Accordingly,
logic error data were required to incorporate er-
roneous reasoning processes that alter the core
conclusions of Pcp4. Notably, logic errors are
designed to simulate malicious tampering by oper-
ators in real-world scenarios, thereby testing model
reliability when faced with such tampering behav-
iors. By constructing data covering these five error
types, a reliable dataset was established to enable
comprehensive evaluation of model performance
in the automated verification of pharmaceutical in-
spection processes.

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.

3.4 Statistical Analysis

Statistical information for PCoAD is presented in
Table 1, which indicates that the average input
length of PCoAD exceeds that of other long-text
tasks (e.g., the average length in LongBench (Bai
et al., 2025) does not exceed 30,000 tokens). Prior
work has demonstrated that as input token count
increases, LLMs experience gradual performance
degradation, a phenomenon termed "context rot"
(Hong et al., 2025; Liu et al., 2024a), and may
even exhibit critical failure in task execution. Con-
sequently, the excessively long input contexts of
PCoAD constitute a prominent challenge for auto-
mated pharmaceutical inspection verification mod-
els.

4 Methodology

In this section, we propose the Multi-Agent Co-
operation based on Adaptive Retrieval (MACAR)
framework, a novel agent framework designed to
address the challenges of PCoAD, as shown in Fig-
ure 2. Agent prompts are shown in Appendix B.

4.1 Text Chunking Agent

To mitigate the challenge of excessively long
contexts in PCoAD and prevent context rot dur-
ing inference, a Text Chunking Agent is intro-
duced, which reduces input length by partitioning
PCoAs into semantically coherent segments. The
agent first extracts salient keywords, typically drug
names, from the PCoA to serve as anchors, min-
imizing the inclusion of irrelevant content. The
PCoA is then segmented by inspection item, a strat-
egy aligned with the structure of pharmaceutical
standards, where each inspection item corresponds
to a specific requirement in a Monograph or Gen-
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Figure 2: PCoAD construction workflow (left) and Overall framework of MACAR (right).

eral Chapter. This inspection item-based segmenta-
tion not only enhances retrieval precision by align-
ing with the normative structure of pharmacopoeias
but also significantly shortens the context length
per inference unit. Each resulting segment is con-
catenated with its associated anchor keyword and
passed to the Adaptive Retrieval Agent for subse-
quent verification-related processing.

4.2 Adaptive Retrieval Agent

The nested reference structure of pharmaceutical in-
spection standards presents challenges for retrieval.
To address this issue, an Adaptive Retrieval Agent
is proposed, which employs an adaptive mecha-
nism to target the complexities of nested references.
First, the agent determines whether each input seg-
ments requires retrieval of pharmaceutical standard
content. For segments that do not rely on external
pharmaceutical standard knowledge, such as phar-
maceutical production information and personnel
details, the retrieval process can be entirely skipped,
thereby minimizing the introduction of irrelevant
noise.

For segments requiring retrieval, the Adaptive
Retrieval Agent first selects an appropriate knowl-
edge base and generates a targeted retrieval phrase
PH,;. A hybrid retrieval strategy is then applied by
combining the segment, extracted keywords, and
PH;. We employ BM25 (Robertson and Walker,
1994) for sparse retrieval, calculated, yielding re-
trieval Scorey, and complement it with dense re-
trieval based on semantic similarity, producing a
Scores. Finally, the two scores are weighted dif-
ferently and added to yield the final retrieval score.
The calculation formula is as follows.

Score, (D, PH;) ZIDF w;)
1
Flphe, D)0 + 1) )
J@hi, D)+ ky (1= b+ b2k )
E(D)TE(W)
Scoe2 0. W) = EoyE)] @
Score;j = aScore; + (1 — «)Scores  (3)

D represents a document in the knowledge
base, avgdl denotes the average length of all doc-
uments, ph; is the i-th word in the search phrase,
f (ph;, D) is the frequency of ph; in document
D, and IDF(w;) denotes the inverse document fre-
quency of the word item w;, |D| is the length of
document D, and E(D) is the vectorization of D.
k1, b, o are hyperparameters.

Given the high specialization of pharmaceuti-
cal inspection standards and differences between
various drugs, only the top two highest-scoring rel-
evant knowledge segments are retrieved for each
segment in the process, this constraint helps avoid
information overload and ensures the relevance
of retrieved content. Subsequently, the Adaptive
Retrieval Agent reassesses whether the acquired
knowledge is sufficient to support reasoning about
the input sub-part. If the reasoning requirement is
satisfied, the retrieval process is concluded; other-
wise, the retrieval-reassessment cycle is repeated
until the reasoning requirement is met or the maxi-
mum retrieval count Z is reached.
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4.3 Inference Agent

For the Inference Agent, each sub-section under-
goes a separate inference process first. During this
process, to acquire sufficient relevant knowledge,
if the Inference Agent determines that necessary in-
formation is lacking for inference, it will resubmit
that sub-section to the Adaptive Retrieval Agent for
renewed retrieval. To avoid deadlock, the Inference
Agent is permitted only one re-retrieval attempt
per sub-section. Finally, after completing inference
for all sub-section, the inference agent synthesizes
all inference results to generate the final answer,
concluding the verification process.

S Experiment

5.1 Experimental Setup

Evaluation Metrics. We define five evaluation di-
mensions, where RA denotes Report Authenticity,
EC denotes Error Classification, NE denotes Num-
ber of Errors, IC denotes Incorrect Content, and
RC denotes Rectified Content. For RA, EC, and
NE, we adopt ACC as the evaluation metric. For IC
and RC, there may be O to 4 possible outputs. Re-
ferring to previous studies (Godbole and Sarawagi,
2004; Feng et al., 2024), we adopt the F1-score of
the multi-label text classification task. The specific
calculation method is shown in Equation 4.

2}y(Z Ng®
4
an T @

y(i) denotes the true label of the i-th sample,
while §() represents the predicted label of the i-th
sample. In this paper, since both the incorrect con-
tent and rectified content are expressed in natural
language, we define that two pieces of content are
considered identical when the semantic similarity
between the generated content and the labeled con-
tent is no less than 0.95. Take the average of three
experimental results.

Baselines.  To evaluate the effectiveness
of MACAR, we compared it with 13 base-
lines.(1) Basic Method: Qwen3-14B(Yang et al.,
2025), Baichuan-M1-14B(Wang et al., 2025a),
RAG(Lewis et al., 2020) (2) Advanced RAG:
CoK(Li et al., 2024¢), SuRe(Kim et al., 2024)
and HyKGE(Jiang et al., 2023); (3) Adap-
tive RAG: Self-RAG(Asai et al., 2024), DRA-
GIN(Su et al., 2024), KiRAG(Fang et al., 2025)
and TC-RAG(Jiang et al., 2025); (4) Agent:

MAD(Liang et al., 2024), DoT(Lingam et al.,
2025), DMAD(Liu et al., 2025a).

Implementation details. In practical scenarios,
PCoAs are subject to stringent confidentiality and
data privacy requirements, rendering the direct use
of commercial LLM APIs unsuitable due to secu-
rity concerns. To balance model performance with
the need for local deployment, we adopt the open-
source Qwen3-14B(Yang et al., 2025) as our base
model and bge-large-v1.5 (Xiao et al., 2024a) as
the encoder. The hyperparameters in MACAR are
set as follows: k1=1.5, b=0.75, a=0.6, and a max-
imum retrieval count Z=5. To enhance response
diversity, the temperature is set to 0.5. Further
details are provided in Appendix C.

5.2 Main results

Table 2 presents the experimental results of the
baseline and MACAR on PCoAD, where MACAR
significantly outperforms the baseline. The basic
method is inferior to other methods in performance
owing to its lack of relevant domain knowledge and
the ability to tackle complex problems. Although
Baichuan-M1 possesses medical knowledge, the
medical knowledge it has learned is more oriented
toward treatment and diagnosis, rendering it inca-
pable of effectively verifying PCoAs. Compared
to Advanced RAG, MACAR achieves adaptive
retrieval, enabling precise knowledge acquisition
while reducing noise, thereby delivering substantial
improvements. In contrast, Adaptive RAG suffers
from context rot during reasoning due to excessive
retrieved information. MACAR avoids this issue
by constructing a Text Chunking Agent. Addi-
tionally, comparing agents reveals that knowledge
solely from LLMs struggles to address specialized
challenges in PCoAD. However, model interac-
tions enhance the assessment of PCoA authenticity.
MACAR effectively resolves issues present in the
baseline, achieving an average 3.27% improvement
over the best baseline method (TC-RAG).
Meanwhile, we also observed that MACAR and
the baseline model exhibit similar performance on
both IC and RC metrics. This indicates that once
a model can accurately identify erroneous content,
it can effectively correct errors through relevant
knowledge and self-reasoning, further demonstrat-
ing the application potential of LLMs in pharma-
ceutical verification. When comparing different
pharmacopoeias, MACAR and the baseline model
achieved better performance on USP (2023). This
may be attributed to USP (2023) having a lower
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ChP USP

Type Method RA EC NE IC RC RA EC NE IC RC

ACC ACC AcCC F1 F1 ACC ACC ACC F1 F1
Qwen3 52.18 4390 4842 46.63 4531 | 5476 4579 5241 4735 45.82
Basic Method Baichuan-M1 | 54.92 44.05 50.71 47.48 45.63 | 55.33 46.61 52.82 48.01 46.35
RAG 53.21 45.15 49.88 48.18 47.29 | 56.28 47.52 54.51 50.67 50.33
Advanced CoK 53.28 4554 50.15 48.18 47.68 | 56.39 4795 5493 51.06 50.44
RAG SuRe 5477 46.27 5131 50.12 4945 | 5898 49.89 57.70 53.61 50.74
HyKGE 5732 4837 5274 5151 51.06 | 59.95 50.75 5896 5493 54.16
Self-RAG 57.15 48.74 53.41 52.08 51.69 | 60.05 50.79 59.26 54.86 54.25
Adaptive DRAGIN 59.49 4921 53778 5223 5141 | 61.22 51.23 59.88 5435 54.53
RAG KiRAG 60.11 50.51 5592 55.02 5437|6334 5659 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
MAD 58.16 46.62 5097 48.69 4748 | 56.78 50.66 61.28 50.84 49.36
Agent DoT 60.84 49.28 5323 51.20 50.68 | 61.81 5327 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 5212 60.54 56.48 55.86 | 6536 5349 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.

ChP(2020) USP(2023)

Method RA EC NE IC RC | RA EC NE IC RC
MACAR w/o T | 6028 51.59 56.74 5502 5422 | 64.06 5259 63.10 5829 57.42
MACAR w/oR | 5829 49.64 5415 5335 5291 | 62.57 5136 5856 5649 56.03
MACAR w/oT | 61.61 51.87 5608 5459 53.94 | 63.14 53.03 5493 57.08 56.37

Table 3: Ablation experiment results.

nesting complexity than ChP (2020), coupled with
its widespread real-world adoption. Consequently,
portions of its content were likely incorporated into
the pre-training corpus and learned by LLMs.

5.3 Ablation Studies

As shown in Table 3, we weakened MACAR in
three aspects: (1) w/o T disabled the text segmen-
tation agent, feeding the entire PCoA directly into
subsequent modules; (2) w/o R disabled the adap-
tive retrieval agent; and (3) w/o I merged all sub-
parts and generated the answer directly. When the
text segmentation agent is absent, MACAR per-
forms similarly to Adaptive RAG, relying solely on
the reasoning agent to acquire additional informa-
tion. Disabling the adaptive retrieval agent caused
MACAR’s performance to drop significantly due
to the loss of external knowledge. However, the
text segmentation agent still reduced the context re-
quired per inference, resulting in overall superiority
over DMAD. Finally, disabling the reasoning agent
allowed the additional retrieval information from
text segmentation to help the model maintain its
judgment on PCoA correctness. Yet, the increased
information led to context decay, causing a decline

in error identification capability.

5.4 Influence of Text Chunking Granularity

We further aggregated and subdivided the chunking
results from the Text Chunking Agent to observe
their impact on MACAR performance. The exper-
imental results are shown in Figure 3a. Where, a
positive aggregation count indicates that two adja-
cent text chunks underwent one aggregation opera-
tion. A negative aggregation count signifies that the
original text chunk was subjected to another subdi-
vision operation. Figure 3a reveals that chunking
by inspection items yields the optimal strategy. In-
creasing chunk size elongates the context input to
the inference agent, degrading model performance.
Conversely, finer-grained text chunking increases
retrieval difficulty. Since some content overlaps
across different monographs, excessive text frag-
mentation prevents the model from correctly ac-
quiring knowledge. Moreover, too many blocks
increase the context length during the inference
agent’s final summarization. The combined effect
of these factors causes rapid model performance
degradation. Therefore, a reasonable chunk size
contributes to improved model performance.
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Figure 3: The influence of parameters.

5.5 Influence of Iteration Count in Retrieval

We imposed a constraint on the number of retrieval
iterations for the MACAR and simultaneously ex-
amined the mechanism by which retrieval rounds
and retrieval quantities influence overall perfor-
mance. As shown in Figure 3b, when the retrieval
count is limited to 1, MACAR fails to address the
nested evaluation criteria issue in PCoAD. Con-
versely, excessive retrieval introduces significant
noise, compounded by context rot, causing rapid
model performance degradation. Simultaneously,
we observe that rigidly enforcing retrieval limits re-
stricts model flexibility. Such as, when processing
query fragments related to product information, un-
necessary information is still retrieved, introducing
irrelevant context and further degrading overall per-
formance. Therefore, MACAR’s adaptive retrieval
strategy enhances retrieval precision and improves
model performance.

5.6 Error Analysis

We classify the error cases of MACAR into the fol-
lowing types: (1) Chunking error: the Text Chunk-
ing Agent incorrectly chunks the input PCoA; (2)
Missing standard: the retrieval results lack relevant

Type Proportion
Chunking error 3.8%
Missing standard 46.8%
Retrieve error 22.6%
Text chunking inference error 34.9%
Final inference error 16.1%

Table 4: Distribution of error types in MACAR.

Method Avg. Token Avg. Time
TC-RAG 100% 100%
DMAD 153.8% 167.4%
MACAR 113.2% 109.7%
MACAR-parallel 113.4% 78.3%

Table 5: Average token and time consumption.

standards; (3) Retrieval error: incorrect standards
are retrieved; (4) Text chunk inference error; (5) Fi-
nal inference error. Since a single incorrect answer
may be caused by multiple errors, we count only
one error per erroneous response. The results are
shown in Table 4. It can be observed that missing
standard is the main source of errors. Although the
Adaptive Retrieval Agent can resolve some cases
of nested references, it still fails to achieve effec-
tive retrieval for standards with a large number
or depth of nested references. Moreover, as the
number of nested references increases, the context
length input to the Adaptive Retrieval Agent at each
step increases significantly, leading to context rot.
Text chunk inference error ranks second. These
inference errors mainly stem from step errors and
logical errors. Logical errors affect the LLM’s rea-
soning, while step errors arise because the model
cannot effectively distinguish subtle differences in
specific steps. Retrieval errors occur because simi-
lar standards interfere with the model’s judgment,
e.g., aspirin tablets versus aspirin enteric-coated
tablets. Final inference error is mainly reflected in
miscalculating the number of errors and hallucina-
tions occurring during final text generation.

5.7 Cost Analysis

MACAR relies on a multi-stage agent and retrieval
mechanism; therefore, it is important to further
analyze the implications of latency, token usage,
and retrieval cost for deployment. Regarding re-
trieval cost, since MACAR adopts a BM25 + dense
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retrieval approach, the main retrieval cost lies in
dense retrieval. Given the stability of the pharma-
copoeia knowledge base, where testing standards
for specific drugs rarely change, we employ a vec-
tor knowledge base to store relevant data during
retrieval to save retrieval time. According to our
statistics, retrieval time accounts for only about
13.2% of the total runtime of MACAR, with most
of the system time spent on LLM-generated con-
tent. Consequently, latency is mainly reflected in to-
ken usage, and we follow the comparative method
of Liu et al to compare the token and time consump-
tion of MACAR with baselines(Liu et al., 2025b).

The cost comparison between MACAR and base-
lines is shown in Table 5. MACAR increases to-
ken and time consumption by an average of 11.5%
compared to TC-RAG, which is based on adaptive
retrieval. Given an average performance improve-
ment of 3.3%, this indicates that MACAR con-
sumes more resources. This is because MACAR
uses a text chunking method that increases the num-
ber of retrieval and inference steps, thus consuming
more tokens and time overall. However, compared
to the agent-based DMAD, MACAR has a clear ad-
vantage, as DMAD requires repeated debates and
each debate round takes the entire context as input.
It should be noted, however, that MACAR can de-
compose a PCoA into multiple subparts, and the
retrieval for each subpart is independent. In con-
trast to serial-process methods such as TC-RAG
and DMAD, MACAR enables parallel retrieval of
subparts during the adaptive retrieval process with-
out significant performance degradation. When
parallel retrieval is adopted, although token con-
sumption does not change significantly, time con-
sumption is greatly reduced, leading to an aver-
age cost reduction of 4.2%. Therefore, MACAR
still maintains a cost advantage over TC-RAG and
DMAD. Additional experiments are provided in
Appendix D.

6 Conclusion

We propose a task for validating PCoA and con-
struct a dataset (PCoAD) covering both Chinese
and American standards to further support this task.
We also introduce MACAR, a novel agent frame-
work based on adaptive retrieval that can segment
long texts and perform retrieval and reasoning in-
dependently. Our experimental results demonstrate
that MACAR outperforms state-of-the-art RAG
and agent-based methods. Due to the complex-

ity of PCoAD, model performance still holds room
for improvement. Enhancing the effective iden-
tification and judgment of error types and error
descriptions represents a future research direction.

Limitations

Despite the contributions of this work, several lim-
itations must be acknowledged and addressed in
future research. First, in PCoAD, although we de-
signed varying error counts, the proportion of error
counts was imbalanced after manual screening, po-
tentially undermining the model’s ability to effec-
tively identify error counts. Furthermore, although
PCoAD underwent multiple rounds of manual veri-
fication, the inherent specialization and complexity
of PCoA and pharmacopoeia data inevitably intro-
duced some invalid entries, potentially influencing
experimental outcomes. The multi-agent interac-
tion process within MACAR failed to fully leverage
all models, indicating room for further optimiza-
tion.
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A Dataset Construction

A.1 Select Drug

The construction of PCoAD is based on the original
texts of the Pharmacopoeia of the People’s Repub-
lic of China (2020) (ChP) and the United States
Pharmacopeia (2023) (USP). Although errata have
been issued for certain pharmaceutical inspecting
provisions in both ChP (2020) and USP (2023),
these editions remain the primary current standards
for pharmaceutical inspecting. Given that the ob-
jective of PCoAD is to evaluate the capacity of
LLM:s to verify PCoA, the original ChP (2020) and
USP (2023) texts are retained as the source data,
without incorporating subsequent revisions.

To ensure the universality of PCoAD, we ex-
cluded the traditional chinese medicine section
from ChP (2020), retaining only chemical drugs
and their associated universal standards. However,
as shown in Table 6, ChP (2020) and USP (2023)
contain 2,748 and 5,135 pharmaceutical inspection
standards respectively. Generating PCoA for all
of them would be prohibitively costly and fail to
highlight the drug types commonly encountered in
actual inspecting. Therefore, we employed drug
search popularity on search engines as our selec-
tion criterion. For ChP (2020), we selected the top
100 drugs with the highest search popularity on
Baidu, while USP (2023) data was obtained from
Google. It is worth noting that Baidu and Google
are merely used to acquire commonly used drug
names in daily life for constructing the PCoAD
dataset. When users adopt MACAR to solve tasks

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

on PCoAD, no external data or search engines will
be invoked.

It is important to note that when acquiring search
popularity, we treated different dosage forms pro-
duced from the same active pharmaceutical ingre-
dient as a single drug, retaining only the active
pharmaceutical ingredient name. This prevents ex-
cessive search popularity for a single drug from
resulting in too few drug types in the PCoAD.
For example, ibuprofen tablets and capsules were
treated as a single drug, retaining only “ibuprofen.”
Subsequently, when constructing PCoAD based
on search popularity, all Monographs produced
for each active pharmaceutical ingredient category
were incorporated. This simultaneously increased
the difficulty of retrieving pharmaceutical inspec-
tion standards, further testing the model’s capa-
bilities. After screening, the drugs obtained via
search popularity for ChP (2020) and USP (2023)
are shown in Figure 4.

Subsequently, we randomly selected 300 addi-
tional monographs from those not chosen by search
popularity and incorporated them into PCoAD. The
inclusion of these randomly sampled monographs
further enhances the dataset’s diversity and sim-
ulates real-world scenarios where less common
drugs may be encountered during pharmaceutical
inspection, thereby improving the ecological valid-
ity of PCoAD. The final statistics of monographs
included in PCoAD are summarized in Table 6, and
the distribution of drug categories is illustrated in
Figure 5.

A.2 Get General Chapters

After obtaining the required General Chapters for
each monograph, certain inspection items within
these chapters may have specific application sce-
narios. For instance, tablets may include both
standard tablet inspecting criteria and sustained-
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Figure 4: Word cloud of drugs obtained through search popularity.

release tablet inspecting criteria. To avoid man-
ual screening, we constructed prompts to utilize
LLMs for extracting the specific inspection items
needed. To achieve optimal screening results, we
employed Qwen3-MAX(Yang et al., 2025) for ex-
traction. The extraction prompts and examples are
shown in Figure 6.

Additionally, it is important to note that Gen-
eral Chapters often contain tables and images. Di-
rectly recognizing the text within these elements
will not fully capture the information they contain.
Therefore, we employ manual extraction meth-
ods, utilizing the multimodal large model Qwen3-
MAX(Yang et al., 2025) to generate summaries
and abstracts for both tables and text. The gener-
ated content is then appended below the original
tables and images as supplementary information.
The prompt and example are shown in Figure 7.

A.3 Report Generation

the current PCoA issued by competent govern-
mental authorities only provides inspection stan-
dards and experimental results. Employing authen-
tic PCoA as the data source fails to meet the de-
mand for comprehensively validating the capability
of LLMs in automated pharmaceutical inspection
and verification. Accordingly, this study leverages
LLMs to supplement detailed operational proce-
dures. Figure 8 shows the differences between the
official PCoA and PCoAD.

We designed four distinct roles—rigorous new
employees, careless new employees, serious ex-
perts, and exhausted experts—to generate PCoA
reports. The requirements and prompts for each
role are as follows:

Rigorous new employees: You are a new em-
ployee at a pharmaceutical inspecting company,
known for your meticulous nature. When drafting
pharmaceutical certificate of analysis, you metic-
ulously document every detail for straightforward
experimental procedures. However, for complex
experiments where you lack familiarity with the
workflow, you can only provide a brief description.

Careless new employees: You are a new em-
ployee at a pharmaceutical inspecting company,
and you tend to be careless. You may make mistakes
during experiments. When writing pharmaceutical
certificate of analysis, you occasionally make cleri-
cal errors and correct them in subsequent text.

Serious experts: You are an expert in pharma-
ceutical inspecting with a meticulous and rigorous
approach. When conducting pharmaceutical cer-
tificate of analysis, you demand the strictest stan-
dards for all inspecting procedures, meticulously
document every experimental step, and thoroughly
analyze the causes of non-compliant results while
proposing corrective actions.

Exhausted experts: You are an expert in phar-
maceutical inspecting, but you are now extremely
exhausted. When conducting experiments, you
choose the quickest methods. When writing phar-
maceutical certificate of analysis, you always pro-
vide only a brief description of the experimen-
tal process and fail to analyze the causes of non-
compliant items.

We utilized Qwen3-MAX(Yang et al., 2025) to
generate the report, which required inclusion of ex-
perimental details for each inspection item. These
details encompassed: instrumentation, instrument
parameters, reagents, quantities used, operational
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Figure 5: Proportion of Various Medications in PCoAD.

Role Proportion
Meticulous New Employee ~ 33.99%
Careless New Employee 3.46%
Rigorous Expert 47.85%
Fatigued Expert 14.70%

Table 7: Distribution of different roles in the dataset.

procedures, and acceptance criteria. The final gen-
erated report Sco4 is shown in Figure 9. The
proportions of correct PCoAs retained for the four
roles after manual screening are shown in Table 7.
Among them, the reports generated by the Meticu-
lous New Employee and the Rigorous Expert pri-
marily constitute the main components of PCoAD.
In contrast, the reports generated by the Careless
New Employee and the Fatigued Expert are mainly
used to construct Logical Errors, in order to simu-
late erroneous PCoAs that may exist in real-world
scenarios.

A.4 Labeling Errors

To reduce the cost of human annotation errors, we
employed Qwen3-MAX(Yang et al., 2025) to gen-
erate standard errors, procedural errors, step omis-
sion, and calculation errors on manually verified
reports. LLLMs modified 1-4 elements within the
reports according to the construction methods of
the required error types, marked the erroneous con-
tent, and provided the original text as the corrected
version. The prompts for generating each error type
are as follows:

Standard Errors: Modify the pharmaceutical
certificate of analysis provided below according to
the following requirements: First: Randomly mod-
ify the content of 1-4 test steps in the test report.
For example, change 2.0 mL/min to 2.5 mL/min,
change 37.0 £ 0.5°C to 25.0 + 0.5°C, and change
SmL of 3 N to 10 mL of 3 N. The modified numbers
can be random, but do not alter results calculated
using formulas. \nSecond: All other content in the
test report must remain unchanged. \nThird: Gen-
erate the modified PCoA. No modification notes
are required; generate the PCoA directly. \nFourth:
Append the following three items at the end of the
PCoA\nl. ****Number of errors: []**** specify-
ing the number of modified test steps within [ ];\n2.
***&%Frror locations: []*¥*% detailing the modi-
fied test steps within [ ];\n3. ****Correct content:
[]#**% outlining the original test steps before mod-
ification within [].

Procedural Error: Modify the pharmaceutical
certificate of analysis provided below according
to the following requirements: \nFirst: Randomly
modify 1-4 acceptance criteria in the test report.
For example, change 0.214% < 0.25% — Pass to
0.214% > 0.20% — Fail, or modify 98.0%—102.0%
to 95.0%—105.0%. The numerical values may be
altered randomly, but results derived from formu-
las must remain unchanged. \nSecond: Modify
the inspection report content accordingly based on
the changed acceptance criteria, while keeping all
other report content unchanged. \nThird: Gener-
ate the modified PCoA. No modification notes are
required; generate the PCoA directly. \nFourth:
Include the following three items at the end of the
PCoAnl. ****Number of Errors: [[**** speci-
fying the number of modified acceptance criteria
within [ [;\n2. ****Error Location: [ ]****, speci-
fying the modified acceptance criteria within [ ];\n3.
**¥*Correct Content: [[***% specifying the origi-
nal acceptance criteria within [].
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Step Omission: Modify the pharmaceutical
certificate of analysis provided below according
to the following requirements:\nFirst: Randomly
delete 1-4 test items from the pharmaceutical cer-
tificate of analysis, and simultaneously remove the
corresponding content from the conclusion sec-
tion\nSecond: Modify the test report content re-
sulting from changes to acceptance criteria, while
keeping all other report content unchanged.\nThird:
Generate the modified pharmaceutical certificate
of analysis. No modification notes are required;
generate the pharmaceutical certificate of analy-
sis directly. Fourth: Include the following three
items at the end of the pharmaceutical certificate
of analysis:\nl. ****Number of Errors: []***%
specifying the number of modified acceptance cri-
teria within the brackets;\n2. ****Error Location:
[]¥**% detailing the modified acceptance crite-
ria within the brackets;\n3. ****Correct Content:
[]1#**% documenting the deleted test item content
within the brackets.

Calculation Errors: Modify the pharmaceuti-
cal certificate of analysis provided below according
to the following requirements:\nFirst: Randomly
alter 1-4 calculation results in the test report.
For example, modify: \text{Loss on Drying ( %)}
= \eft(\frac{1.825 - 1.821}{1.825\right) \times
100 = 0.219 % to \text{Loss on Drying (%)} =
\left(\frac{1.825 - 1.821}{1.825\right) \times 100
= 0.719 %. The modified numbers may be cho-
sen randomly. \nSecond: All other content in the
test report remains unchanged. Third: Generate
the modified Pharmaceutical Certificate of Analy-
sis. No modification notes are required; generate
the certificate directly. Fourth: Add the following
three items at the end of the pharmaceutical certifi-
cate of analysis:\nl.****Number of Errors:[ [ *¥**%,
specifying the number of modified test steps within
[1;\n2. ¥*¥**Error Location: [ [****, specifying the
modified test steps within [ ]\n3.****Correct Con-
tent: [ |¥*** specifying the original calculation for-
mula and result within [].

A.5 Inter-Annotator Agreement and
Annotation Guidelines

To ensure the reliability and consistency of manual
annotation, we recruited three annotators familiar
with both the Chinese Pharmacopoeia (ChP 2020)
and the United States Pharmacopeia (USP 2023).
Prior to annotation, each annotator received de-
tailed training covering the definitions, examples,
and output format for the five error types: Standard

Error, Procedure Error, Step Omission, Calculation
Error, and Logical Error. During the annotation
process, the three annotators independently labeled
LLM-generated PCoAs. Disagreements were re-
solved by majority vote, and cases with three-way
disagreement were adjudicated by a senior pharma-
ceutical expert. Daily calibration sessions and con-
sistency monitoring were conducted throughout the
annotation process, and 10% of the samples were
randomly selected for double-blind re-annotation.

Based on the collected annotation data, we com-
puted inter-annotator agreement metrics. The aver-
age pairwise Cohen’s k values were 0.87 for report
authenticity classification, 0.84 for error type clas-
sification, 0.89 for error count, and 0.81 for both
erroneous content and corrected content (after se-
mantic normalization). The overall multi-annotator
Fleiss’ k was 0.85, indicating substantial agree-
ment. To prevent annotation drift, weekly cali-
bration meetings were maintained throughout the
labeling phase, and retraining was triggered when-
ever the k value for any time segment fell be-
low 0.80. Through this rigorous methodology, we
ultimately constructed PCoAD, a high-reliability
dataset comprising 4,272 manually verified Phar-
maceutical Certificates of Analysis.

B Prompt

In this module, we will detail the prompts used
throughout the model via the following prompts.
The prompts for the Text Segmentation Agent are
shown in Figure 10; The prompts for the adap-
tive retrieval agent are shown in Figures 11 and
12. Figure 11 displays the prompt used during
the agent’s initial evaluation, where each segment
is used only once; Figure 12 shows the prompt
used for re-evaluation after retrieval completion.
The prompts for the inference agent are shown
in Figures 13 and 14, where Figure 13 presents
the prompt for segments, and Figure 14 shows the
prompt after merging all segments.

C Detailed Experimental Setup

C.1 Compared Methods

To explore the advantages of MACAR, we compare
it against ten baseline methods.

(1) Qwen3-14B (Yang et al., 2025) the Qwen
model family, unifies thinking and non-thinking
modes within a single framework featuring a dy-
namic thinking budget mechanism, supports 119
languages, delivers state-of-the-art performance
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on code, math, and agent tasks across dense and
Mixture-of-Expert architectures from 0.6B to 235B
parameters.

(2) Baichuan-M1-14B (Wang et al., 2025a) is
a family of large language models trained from
scratch on 20 trillion tokens to balance general-
domain strengths (e.g., math and coding) with spe-
cialized medical expertise, and its open-sourced
14B version is publicly available.

(3) Retrieval-Augmented Generation(RAG)
(Lewis et al., 2020) combines a pre-trained para-
metric sequence-to-sequence model with a non-
parametric dense vector index of Wikipedia ac-
cessed via a neural retriever, enabling language
generation to outperform parametric-only models
on knowledge-intensive tasks.

(4) Chain-of-Note (CoK) (Li et al., 2024c) gener-
ates a sequence of reasoning steps after retrieving
relevant knowledge, enabling a thorough assess-
ment of the relevance between the retrieved knowl-
edge and the given question, and integrates these
reasoning steps to formulate the final answer.

(5) Summarizing Retrievals (SuRe) (Kim et al.,
2024) constructs summaries for the retrieved pas-
sages corresponding to each candidate answer and
identifies the most plausible answer by evaluating
and ranking the quality of these generated sum-
maries.

(6) Hypothesis Knowledge Graph Enhanced
Framework (HyKGE) (Jiang et al., 2023) expands
feasible exploration paths in the knowledge graph
through “hypothesis outputs” and introduces a “HO
Fragment Granularity-aware Rerank Module” to
filter noise while maintaining a balance between
diversity and relevance in the retrieved knowledge.

(7) Self-Reflective RAG (Self-RAG) (Asai et al.,
2024) adaptively retrieves passages on demand and
employs special “reflection tokens” during gener-
ation to simultaneously produce and reflect upon
both the retrieved passages and its own outputs,
thereby endowing the model with controllability
during inference and enabling it to adjust its behav-
ior according to diverse task requirements.

(8) Dynamic Retrieval-Augmented Generation
based on Information Needs (DRAGIN) (Su et al.,
2024) dynamically determines when to retrieve and
what to retrieve by aligning retrieval decisions with
the LLM’s actual information needs during genera-
tion.

(9) Knowledge-driven Iterative RAG (KiRAG)
(Fang et al., 2025) decomposes documents into
knowledge triples and performs iterative retrieval

over these triples, integrating reasoning into the
retrieval mechanism to dynamically identify infor-
mation gaps and fetch relevant knowledge to fill
them.

(10) Turing-Complete RAG (TC-RAG) (Jiang
et al., 2025) introduces a Turing-complete system
to manage state variables via a memory stack archi-
tecture equipped with adaptive retrieval, reasoning,
and planning capabilities; this ensures controllable
termination of the retrieval process and prevents er-
ror propagation through explicit “push” and “pop”
operations.

(11) Multi-Agent Debate (MAD) (Liang et al.,
2024) involves multiple agents engaging in argu-
mentative exchanges under a “tit-for-tat” protocol,
with a designated “judge” agent overseeing the de-
bate and synthesizing a final solution.

(12) Diversity of Thoughts (DoT) (Lingam et al.,
2025) explicitly reduces redundant reflections to
enhance exploration of the decision space and in-
corporates a task-agnostic memory module that
enables the model to retrieve and reuse knowledge
from previously solved tasks.

(13) Diverse Multi-Agent Debate (DMAD) (Liu
et al., 2025a) encourages agents to adopt dis-
tinct reasoning strategies; by integrating multiple
problem-solving approaches, each agent gains in-
sights from unique perspectives, iteratively refining
its own responses and collectively converging to-
ward an optimal solution.

C.2 Evaluation Metrics

We further elaborate on the evaluation metrics of
the PCoAD dataset in detail. For RA, EC, and NE,
a strict evaluation criterion is adopted, requiring
that the predicted results exactly match the corre-
sponding ground-truth labels and that the model
accurately verifies the PCoA content. For the eval-
uation metrics of IC and RC, we follow the re-
search paradigm for multi-label classification tasks
proposed in the literature (Godbole and Sarawagi,
2004; Feng et al., 2024). Unlike micro-F1 and
macro-F1, this metric takes into account partially
correct and partially incorrect content in IC and
RC, thereby enabling a more objective assessment.

Furthermore, during actual inference, when the
model generates IC and RC, no constraints are im-
posed on the generation span; the model is allowed
to autonomously generate results based on prior
reasoning and retrieved knowledge, thereby avoid-
ing any interference from artificial span restrictions
on the model’s independent judgment. To handle
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possible duplicate content in IC and RC during eval-
uation, we adopt a one-by-one matching strategy:
after each evaluation of an item in the IC/RC list
generated by the large language model, that item
is removed from the list. If a complete match with
the ground-truth text is found, the matched item is
also removed from the label set. This mechanism
eliminates the interference of duplicate content on
the final evaluation metrics. When determining
the consistency between the generated IC/RC and
the ground-truth labels, the encoding model used
for similarity calculation is bge-large-v1.5, and the
cosine similarity measure is employed.

C.3 Retrieval Strategies

In terms of retrieval strategies, MACAR combines
BM25 and dense retrieval methods. The rationales
for adopting this hybrid scheme are summarized
as follows. First, pharmaceutical inspection cri-
teria contain abundant retrievable keywords and
relevant information. After eliminating the inter-
ference brought by lengthy texts and nested stan-
dard citations, traditional retrieval approaches are
sufficient to acquire required external knowledge.
Second, this scheme effectively reduces resource
consumption for local deployment, while adopting
more sophisticated retrieval techniques would sub-
stantially increase system complexity. Third, em-
ploying advanced retrieval methods may mislead
readers into attributing performance gains merely
to superior retrieval capabilities, thereby overlook-
ing the core effectiveness of MACAR in address-
ing inherent challenges of the PCoAD task. Con-
sequently, we adopt BM25 integrated with dense
retrieval to ensure a fair performance comparison
between MACAR and all baseline models. Specifi-
cally, we adopt bge-large-v1.5(Xiao et al., 2024a)
as the encoder. Among them, bge-large-zh-v1.5
is used for Chinese data and bge-large-en-v1.5 for
English data.

C.4 Experimental Implementation.

The hyperparameters in MACAR are set as follows:
k1=1.5, b=0.75, a=0.6, and a maximum retrieval
count Z=5. To enhance response diversity, the tem-
perature is set to 0.5. To ensure a fair comparison
between MACAR and the baseline methods, both
MACAR and all baseline approaches adopt Qwen3-
14B(Yang et al., 2025) as the generation model,
with the temperature of Qwen3-14B uniformly set
to 0.5. Although some baseline approaches are
amenable to training, we refrain from fine-tuning

any model—including those baselines—because
MACAR operates without any training, relying
solely on the intrinsic capabilities of the underly-
ing models. Moreover, model training incurs sub-
stantial computational costs and is incompatible
with the practical constraints of validating PCoA
in real-world scenarios. Hence, all methods are
evaluated in a training-free setting to maintain com-
parability. The experiments are implemented in
Python 3.9 using the PyTorch 2.1.0 framework and
executed on an Ubuntu server equipped with four
NVIDIA GeForce RTX 3090 GPUs and one In-
tel(R) Xeon(R) CPU.

We provide the following three retrieval tools for
use by the baselines.

(1) Knowledge Graph Retrieval. This study
uses three publicly available medical knowledge
graphs as foundational data sources: CMeKG,
CPubMed-KG, and Disease-KG. These graphs inte-
grate massive medical textual information covering
diseases, drugs, symptoms, diagnostic procedures,
and therapeutic techniques. After fusion, the result-
ing knowledge graph contains 1,288,721 entities
and 3,569,427 semantic relations. We further col-
lect entity descriptions from authoritative Chinese
sources—including Wikipedia, Baidu Baike, and
Medical Baike—and uniformly incorporate them
into the knowledge graph to enrich entity seman-
tics.

(2) Document Retrieval. This work uses the orig-
inal documents from the Chinese Pharmacopoeia
(ChP, 2020) and the United States Pharmacopeia
(USP, 2023) as the textual corpus, with docu-
ment counts given in Table 6. For efficient se-
mantic retrieval, we employ General Text Embed-
dings—specifically its “gte_sentence-embedding”
variant—to generate vector representations of docu-
ment content. During preprocessing, all documents
are split into fixed-length chunks (128 tokens) with
a 50-token overlap between adjacent chunks to pre-
serve contextual continuity and reduce boundary
information loss. This strategy improves the ac-
curacy and robustness of subsequent retrieval and
reasoning tasks.

(3) Web and Encyclopedia Retrieval. To en-
hance the system’s knowledge acquisition in open-
domain settings, we integrate a multi-source on-
line retrieval mechanism. It accesses structured
or semi-structured authoritative sources such as
Wikipedia and MedNet Medical Encyclopedia, and
also interfaces with major commercial search en-
gines (Google and Bing) to capture broader unstruc-
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ChP(2020) USP(2023)
Method 0.90 0.95 0.98 0.90 0.95 0.98
IC RC IC RC IC RC | IC RC IC RC IC RC
CoK | 5049 4834 50.15 48.18 49.99 4791 | 55.18 5125 5493 51.06 54.66 50.85
SuRe | 5145 5047 5131 50.12 51.06 499 |57.97 5374 5770 53.61 5741 53.46
HyKGE | 5291 51.89 5274 5151 5244 5124 |59.18 5528 58.96 5493 58.64 54.78
Self-RAG | 53.6 5224 53.41 5208 5325 51.85| 59.7 55.18 5926 5481 5892 54.71
DRAGIN | 54.01 5236 53.78 5223 5347 51.99 | 60.16 54.6 59.88 5435 59.53 53.93
KiRAG | 56.05 5538 5592 55.02 5581 549 | 63.18 5854 6272 5839 6224 58.01
TC-RAG | 56.58 55.14 56.16 54.86 5581 54.44 | 62.83 57.97 62.64 57.87 622 57.57
MAD | 48.86 47.88 48.69 47.48 484 4733 |51.05 49.74 50.84 4936 50.53 43.88
DoT 515 51.16 5120 50.68 50.84 5055|5535 5391 5489 53.66 5453 53.39
DMAD | 50.85 49.83 50.56 49.68 50.21 49.45 | 54.84 5441 5461 54.15 5436 54.04
MACAR | 56.73 56.25 56.48 55.86 56.33 55.71 | 60.63 59.70 60.15 59.56 59.94 59.22

Table 8: Experimental results of MACAR and baselines on threshold sensitivity. The best scores are displayed in

bold.

tured web information through keyword- and entity-
driven real-time retrieval. This hybrid paradigm
balances authority and coverage breadth, providing
multi-dimensional knowledge support for down-
stream reasoning and question-answering tasks.

D Additional Experiments

D.1 Sensitivity Analysis of Threshold

For the evaluation metrics of IC/RC, we adopt a
similarity-based method to determine the consis-
tency between the generated text and the ground-
truth labels, with the similarity threshold set at
>0.95. To further analyze the sensitivity of this
threshold, we set the threshold to 0.90, 0.95, and
0.98, and evaluate the performance of the baseline
and MACAR on IC/RC accordingly. The experi-
mental results are presented in Table 8. It can be
observed that the choice of threshold has little im-
pact on the IC/RC results of both the baseline and
MACAR, and MACAR still demonstrates a clear
advantage over the baseline.

To further justify our selection of the 0.95 thresh-
old, we randomly selected 100 text items generated
by MACAR that were manually verified as correct
and 100 items verified as incorrect, and computed
their semantic similarity with the corresponding
ground-truth labels. The results are shown in Ta-
ble 9. It is evident that, despite the small sample
size, the semantic similarity between incorrect texts
and the labels can reach above 0.90. This occurs
because large language models may produce mi-
nor errors when generating numbers (e.g., 1.0g vs.
1.5g). Such small discrepancies account for a very
small proportion of the entire sentence, and thus

Type Right Error
<0.60 0 57
0.60-0.80 0 34
0.80-0.90 3 7
0.90-0.95 19 2
>0.95 78 0

Table 9: The relationship between the correctness of
generated text and its semantic similarity to labels.

the generated text may still exhibit high semantic
similarity with the label. To prevent interference
from isolated erroneous content and to impose a
stricter assessment of the model’s verification and
correction capabilities, we set the threshold to 0.95.

D.2 Sensitivity Analysis of Hyperparameter o

To investigate the impact of the hyperparameter c,
used for retrieval in the Adaptive Retrieval Agent,
on model performance, we conducted a sensitivity
analysis of o with values set to 0.5, 0.6, and 0.7.
The experimental results are presented in Table 10.
As can be seen from the table, o = 0.6 achieves bet-
ter performance. This is because PCoAs contains
a large number of keywords, such as drug names,
reagent names, testing methods, and testing stan-
dards, which can be effectively captured through
term frequency-based retrieval. However, different
formulations of the same drug, e.g., aspirin tablets
and aspirin capsules, also share many similar key-
words; thus, excessively increasing the weight of
BM25 may introduce noise. Therefore, setting o =
0.6 in this paper is reasonably justified.
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ChP(2020) USP(2023)

o« | RA EC NE IC RC | RA EC NE IC RC
ACC ACC ACC Fl Fl | ACC ACC ACC Fl Fl

0.5 | 6201 51.82 6024 5623 5541 | 65.11 53.19 63.55 59.85 5921

0.6 | 6234 52.12 60.54 5648 55.86 | 6536 53.49 63.85 60.15 59.56

0.7 | 62.14 5193 6039 56.61 56.02 | 6522 5331 63.98 59.87 59.16

Table 10: Parameter sensitivity analysis of & on PCoAD. The best scores are displayed in bold.

Drug ChP(2020) USP(2023)
category RA EC NE IC RC | RA EC NE IC RC
ACC ACC ACC FlI Fl | ACC ACC ACC Fl  Fl
Infectious 61.89 51.67 6135 56.03 5541 | 6617 5330 64.66 59.96 59.57
Diseases
Cardiology | 62.78 52.56 59.72 5632 55.01 | 64.54 52.67 63.03 5933 58.74
Gastroenterology | 61.52 5130 60.98 55.66 55.04 | 6491 53.04 6342 5976 59.11
Endocrinology | 63.15 5293 60.09 57.29 56.67 | 65.10 5393 6429 60.59 59.47
MACAR 6234 5212 6054 5648 55.86 | 6536 5349 6385 60.15 59.56

Table 11: Performance of MACAR across different drug categories on PCoAD. The best scores are displayed in

bold, while the second-best results are underlined.

D.3 Influence of Drug Type

The inspection processes for different types of
drugs may vary considerably, potentially affect-
ing the performance of MACAR. Therefore, we
selected drug categories with a large number of
PCoAs from the ChP (2020) and USP (2023) and
evaluated the performance of MACAR on these
different drug types. The experimental results are
shown in Table 11. It can be observed that for
the five drug types with a relatively high propor-
tion of the PCoAD, MACAR does not exhibit sig-
nificant performance differences or distinct distri-
bution characteristics. This is because the main
challenges of PCoAD lie in long-text reasoning
and knowledge retrieval; the difficulty of validating
different PCoAs is influenced by the complexity
of chemical substances, formulations, and specific
inspection requirements of individual drugs, and
does not show a strong correlation with drug type.
Moreover, the drugs selected in PCoAD are com-
mon medications, for which inspection methods
are typically designed to be more generalizable in
order to accommodate large-scale inspections. This
further mitigates the potential impact of drug type
on MACAR’s performance.

D.4 Influence of Report Generation Roles

As shown in Table 7, PCoAD mainly consists of re-
ports generated by the Meticulous New Employee

and the Rigorous Expert. Analyzing the impact
of reports generated by different roles on the per-
formance of MACAR can help us investigate the
potential influence of PCoA writing style on auto-
mated validation. Due to the insufficient amount
of data from the Careless New Employee and the
Fatigued Expert, we only select the Meticulous
New Employee and the Rigorous Expert for anal-
ysis. The dataset construction and the proportions
among the five error types are the same as those in
PCoAD. The results of the baselines and MACAR
are shown in Table 12. The performance of both
the baselines and MACAR on the Rigorous Expert
is significantly better than that on the Meticulous
New Employee. This is because the Rigorous Ex-
pert tends to describe operational procedures and
calculations with more concise and precise text
while reducing redundant steps. This helps the
model improve its performance on RA, EC, and
NE. However, for error identification and correc-
tion, which primarily rely on the model’s ability to
analyze external knowledge and reason, the impact
of the role’s expression style is relatively small.

D.5 Performance of fewer-parameter models

In real-world applications, PCoA often involves
highly sensitive confidential information and per-
sonal privacy data, necessitating strict adherence to
data security and regulatory compliance require-
ments. Consequently, directly invoking public
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ChP(2020) USP(2023)

Method RA EC NE IC RC RA EC NE IC RC

ACC ACC ACC Fl F1 ACC ACC ACC Fl F1

Meticulous New Employee
KiRAG | 59.61 50.01 5542 5492 5437|6274 56.19 6221 5829 56.50
TC-RAG | 60.27 51.05 55.66 5436 5346 | 62.83 5322 6194 57.37 57.17
DMAD | 61.06 48.15 52.89 5043 49.68 | 61.48 52.18 62.65 54.01 54.15
MACAR | 61.84 51.67 60.04 56.08 55.71 | 64.86 5299 63.35 59.65 59.56
Rigorous Expert

KiRAG | 60.61 50.61 56.12 54.87 54.37 | 63.74 57.19 63.22 58.89 56.50
TC-RAG | 60.92 51.85 56.66 54.83 5346 | 63.83 5422 6294 58.37 57.17
DMAD | 61.60 49.15 53.89 51.06 49.68 | 62.48 53.18 63.65 5491 54.15
MACAR | 62.84 5232 61.04 5648 5573 | 65.86 53.99 64.39 60.65 59.56

Table 12: Performance of MACAR and Baselines on Reports Generated by Different Roles.

APIs of commercial LLMs poses significant risks
of data leakage and fails to meet legal and regula-
tory standards. Local deployment of open-source
models offers a viable alternative. Although this
study adopts Qwen3-14B(Yang et al., 2025) as the
base model, its substantial computational demands-
typically requiring professional-grade GPUs for
inference-present a significant deployment barrier
for small and medium-sized enterprises with lim-
ited computational resources.

To enhance the practicality and accessibility of
the MACAR framework and extend its applicability
to resource-constrained environments, we further
conduct a systematic evaluation using smaller-scale
variants: Qwen3-8B and Qwen3-4B. As shown in
Table 13, a clear performance degradation is ob-
served as model size decreases. This decline stems
from the fact that both the Adaptive Retrieval Agent
and the Inference Agent in MACAR rely heavily
on the reasoning capabilities of LLMs. As demon-
strated by (Wei et al., 2022), such reasoning abili-
ties are strongly correlated with model parameter
scale. Therefore, improving MACAR'’s effective-
ness when deployed with smaller-parameter mod-
els remains an important challenge for future re-
search.

D.6 Error Analysis

Statistical analysis of error data from the baseline
and MACAR models on the PCoAD dataset is sum-
marized in Table 14. For NE tasks, FP indicates
predictions below actual values, and FN indicates
predictions exceeding actual values. In authenticity
assessment, RAG-based methods were more in-
clined to classify PCoAD as TRUE, a bias caused
by the models’ over-acquisition of pharmaceuti-

Pharmacopoeia Item Qwen3-8B Qwen3-4B
RA 58.14 53.94
EC 47.62 44.30
ChP (2020) NE 53.66 49.36
IC 51.30 47.81
RC 50.17 46.97
RA 59.01 55.03
EC 51.33 47.86
USP (2023) NE 5243 49.75
IC 50.87 48.03
RC 49.47 46.72

Table 13: MACAR Performance on Qwen3-8B and
Qwen3-4B.

cal inspection standards, which induces contextual
rot during final judgment. Conversely, the agent-
based approach showed the opposite trend, likely
due to excessive deliberation in its multi-model de-
bate framework. Regarding NE, the baseline and
MACAR also exhibited significant discrepancies.
RAG-based errors mainly caused by incomplete
statistics that models halted reasoning upon de-
tecting the first text error, without scanning the
full report. In contrast, MACAR and agent-based
methods exhibited reverse behavior, driven by their
block-based. This occurs because when errors oc-
cur during reasoning, they propagate to the integra-
tion stage, thereby increasing the total error count.
Typical error cases are presented in Table 16.

D.7 Classification Analysis

To conduct a more in-depth analysis of the verifica-
tion performance of MACAR and the baselines on
the five error types in PCoAD, we partition each
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RA NE
Methods | FN FP FN
ChP (2020)
MACAR | 36.52% 63.48% 23.10% 76.30%
TC-RAG | 87.23% 12.77% 8627% 13.73%
DMAD | 2821% 71.79% 31.38% 68.62%
USP (2023)
MACAR | 31.22% 68.78% 2931% 70.69%
TC-RAG | 8536% 14.64% 89.59% 10.41%
DMAD | 23.74% 7626% 38.64% 61.36%

Table 14: Relative proportions of various error types in
baseline and MACAR relative to total errors.

error type into a separate sub-dataset, each com-
prising 50% correct samples and 50% erroneous
samples. Dataset statistics are summarized in Ta-
ble 15. During testing, models are not required to
identify the specific error type; all other validation
protocols and evaluation metrics remain consistent
across comparisons.

Tables 17 and 18 present the evaluation results
of MACAR and the baselines on the sub-datasets
derived from ChP (2020) and USP (2023), respec-
tively. It is evident that both MACAR and the
baselines achieve relatively high accuracy in identi-
fying computational errors in PCoA and are particu-
larly effective at locating and correcting such errors.
This superior performance stems from the fact that
LLM:s are typically reinforced with extensive train-
ing in mathematical reasoning and code-related
tasks to enhance their general reasoning capabili-
ties, enabling them to accurately detect computa-
tional mistakes in reports. Moreover, unlike experi-
mental procedure errors—which often require ex-
ternal knowledge for verification—computational
errors can be resolved using the model’s intrin-
sic reasoning abilities alone. Consequently, both
RAG-based and agent-based approaches demon-
strate effectiveness in handling this error type.

At the same time, we also observed lower accu-
racy in identifying standard errors, step omission,
and procedural errors. This reflects the model’s
limitations when confronting long-text reasoning
tasks like PCoA. On one hand, excessively lengthy
texts reduce retrieval accuracy and introduce exces-
sive noise into the reasoning process. On the other
hand, the concatenation of extensive knowledge
within long texts leads to context decay, impairing
the model’s reasoning capabilities. Identifying log-
ical errors, however, poses the greatest challenge
for both MACAR and the baseline model. This

Pharmacopoeia Classification True Num  Error num

Standard Error 201 201

Procedural Error 242 242

ChP(2020) Step Omission 230 230
Calculation Error 202 202

Logical Error 208 208

Standard Error 208 208

Procedural Error 206 206

USP (2023) Step Omission 212 212
Calculation Error 203 203

Logical Error 224 224

Table 15: Sub-dataset Statistics.

highlights the difficulty LLMs face in recognizing
their own generated hallucinations. Furthermore,
logical errors often contain mixed corrections and
improvements, further confusing the model’s judg-
ment. Therefore, enhancing the model’s ability to
identify logical errors remains a critical issue for
future research.
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Type

Sample

Chunking error

Text: 2. COMPOUNDING PROCEDURE AND BATCH PREPARATION\n2.1
Formulation (Per-100-mL)\n - - \n3. ASSAY BY HIGH-PERFORMANCE
LIQUID CHROMATOGRAPHY (HPLC)\n3.1 Objective - - -

Analysis: COMPOUNDING PROCEDURE AND BATCH PREPARATION
and ASSAY BY HIGH-PERFORMANCE LIQUID CHROMATOGRAPHY
(HPLC) were incorrectly placed within the same text block.

Missing standard

Text: **PHARMACEUTICAL QUALITY CONTROL TESTING RE-
PORT**\n**Drug Name:** Abiraterone Acetate\n - - -

Search results: [<281>RESIDUE ON IGNITION,
<197>SPECTROSCOPIC IDENTIFICATION TESTS, <921>WATER
DETERMINATION, Abiraterone Acetate]

Analysis: General Rule <621> CHROMATOGRAPHY is missing in the
retrieval results.

Retrieve error

Text: **PHARMACEUTICAL QUALITY CONTROL TESTING RE-
PORT**\n**Drug Name:** Cromolyn Sodium Ophthalmic Solution\n - - -
Search results: [<71>STERILITY TESTS, <621>CHROMATOGRAPHY,
<921>WATER DETERMINATION, Cromolyn Sodium Ophthalmic Solution]
Analysis: Incorrect General Rule <921> WATER DETERMINATION was
retrieved.

Text chunking inference error

Text: Chromatographic System | LC ( <621> )\n | Detector | UV at 254 nm\n |
Column | 4.6 mm x 25 cm; 5 pm packing L1 (Agilent ZORBAX Eclipse Plus
C18)\n | Flow Rate | 2.2 mL/min - - -

Inference results: Excessively high flow rate unreasonable. Conventional 4.6
mm C18 routine flow rate: 1.0-1.5 mL/min, 2.2 mL/min is too high. Column
parameter non-standard writing - USP L1 C18 column: standard format is
4.6 mm i.d. x 250 mm, written as 25 cm is non-standard in pharmacopoeia
documents.

Analysis: An error regarding the non-standard specification of column parame-
ters was constructed, resulting in additional error instances.

Final inference error

Text: Sub-sectionl: No errors exist; - - - Sub-section5: There is an error.
Calculation Formula & Data Logic Errors - - - Sub-section6: We believe that
canceling the concentration too arbitrarily may be a mistake, but according to
the drug inspection standards, the final determination is not a mistake. - - -
Inference results: ["label": false, "ans": {"Error Type": [Procedural error],
"Number of Errors": [2], "Erroneous Content": [...], "Corrected Content":
[..1}]

Analysis: It increases the total number of errors by regarding the negated
content in text chunk reasoning as erroneous information.

Table 16: Error Example of MACAR, with error parts marked in red.
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Classification Item MACAR KIRAG TC-RAG DoT DMAD
RA 58.31 57.73 57.96 59.24  59.97
NE 57.12 55.04 54.91 55.67 5743
IC 55.61 51.96 51.26 51.04 51.60
RC 54.20 51.42 50.57 50.33  51.07
RA 57.96 58.43 57.34 57.05 58.13
Procedural NE 55.88 56.01 55.44 54.67 55.67
Error IC 54.63 53.21 52.66 51.66 50.36
RC 54.76 52.34 52.07 5030 49.44
RA 60.14 58.41 59.15 57.64 59.02
NE 58.47 57.73 58.77 5571 57.82
IC 56.94 52.68 53.51 52.80 53.04
RC 56.07 51.83 52.86 52.51 5231
RA 66.74 63.98 63.46 6541 65.49
Calculation NE 63.55 59.11 60.23 57.18 57.81
Error IC 58.91 57.01 56.87 54.19  53.77
RC 58.20 56.22 56.11 53.54 5297
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

Standard Error

Step Omission

Logical Error

Table 17: 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
RA 60.89 60.51 60.74  61.65 62.12
NE 58.45 5791 58.04 57.03  58.86
IC 57.78 54.52 53.67 5346  54.05
RC 57.69 53.98 53.01 52.87 52.72
RA 60.23 61.28 59.79 59.51 60.96
Procedural NE 58.17 58.99 57.82 57.55 58.24
Error IC 56.95 55.74 55.21 54.19 5293
RC 56.25 54.88 54.46 52.86  52.15
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
RA 69.21 66.55 65.89 68.02  68.11
Calculation NE 66.13 61.94 62.68  59.77 60.62
Error IC 66.64 59.65 59.63  56.72 56.41
RC 65.75 58.84 5896  56.31 55.58
RA 57.79 56.24 55.06 56.65 58.33
NE 56.62 54.75 5479 5239 53.18
IC 57.41 49.57 50.88  48.86  48.12
RC 56.58 47.82 50.14  48.79 47.19

Standard Error

Step Omission

Logical Error

Table 18: 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: {4biraterone Acetate}

Monograph: {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)\ne* B. The retention time of the major peak of the Sample solution corresponds to that of

the Standard solution, as obtained in the Assay. -}

General Chapter: [

<281>RESIDUE ON IGNITION\nThe Residue on Ignition/SulfatedAsh test uses a procedure to
measure the amount of residual substance not volatilized from a sample when the sample is ignited in
the presence of sulfuric acid according to the procedure described below. -+-
<621>CHROMATOGRAPHY\nINTRODUCTION\nChromatographic separation techniques are
multistage separation procedures in which the components of a sample are\ndistributed between two

phases, one of which is stationary while the other is mobile. -

..]

Output: {Infrared Spectroscopy : Preparation Method: Sample and USP Abiraterone Acetate RS were
each mixed with KBr ---

Residue on Ignition : Procedure :Pre-ignited platinum crucible (600 £ 50°C) for 30 min. --+}

\ J

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: Time Solution A|Solution B

(minutes) |(%) (%) Elution
0 90 10 equilibration
0-3.5 90 10 isocratic

3.5-235 (90560 |10—»40 |linear gradient
23.5-34.5|60-5 4095 |linear gradient
34.5-59.5|5 95 isocratic

59.5-60 [5—90 95510 |linear gradient

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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Certificate of Analysis (CoA)
XXX, Oakwood, VA USA. Email: xxxxxx

Name of the API Ibuprofen Tablets This lot was manufactured by
Batch/Lot Number 193253
Manufacturing Date 08/01/2022
XXXX

Expiration Date 07/31/2027
CAS XXXXX-XX-X
TESTS SPECIFICATIONS RESULTS
ASSAY ON ANHYDROUS BASIS 97.0-103.0 % 100.0 %
DESCRIPTION White to F)ff—whlte, crystalline powder, having a slight, CONFORMS

characteristic odor.
IDENTIFICATION A <197A> IR: Reference to standard spectrum. POSITIVE

IDENTIFICATION B <197U>

UV: <= 3.0 % (264 nm)
UV: <= 3.0 % (273 nm)

1.3 %; POSITIVE
0.3 %; POSITIVE

IDENTIFICATION C Reference to standard chromatogram. POSITIVE
WATER <921> <=1.0% 0.2 %
RESIDUE ON IGNITION <281> <=0.5% 0.2 %

<= 0.3 % (Any individual impurity) <0.05%
CHROMATOGRAPHIC PURITY | __ | o/ (qum of all the individual impurities) <0.05%
LIMIT OF IBUPROFEN RELATED _ o
COMPOUND C <=0.1% NOT DETECTED
ELEMENTAL IMPURITIES <232> | Meets the requirements CONFORMS
RESIDUAL SOLVENTS <467> Meets the requirements CONFORMS

SOLUBILITY

Practically insoluble in water; very soluble in alcohol, in
methanol, in acetone, and in chloroform; slightly soluble

in ethyl acetate

Created by: FH

Reviewed By: AH

Approved By: FR

(a) The current PCoA issued by competent governmental authorities.

PHARMACEUTICAL CERTIFICATE OF ANALYSIS REPORT

Drug Name: Ibuprofen Tablets

Batch Number: IBU-2024-087

Test Date: April 5, 2025

Analyst: Dr. Amina Patel, QC Analyst (License: USP-QC-1023)

Reviewed By: Dr. Robert Chen, Senior QC Supervisor

li Unit

System Suitability Testing
Parameter Requirement Result
Tailing Factor (Ibuprofen) =25 1.84
RSD of Peak Area =2.0% 1.23%
Resolution between Ibuprofen and Compound J =25 312
Resolution between Ibuprofen and Compound C =25

Laboratory: Central Pharmaceutical Testing Lab — USP Comyp
Assay — HPLC Analysis (LC-UV 254 nm)
Chromatographic System
Instrument: Agilent 1260 Infinity II HPLC System
Column: Waters XBridge C18, 4.6 mm x 25 cm, 5 pm particle size (L1)
Detector: UV-Vis Diode Array Detector (DAD), wavelength set at 254 nm
(Assay), 200-400 nm (Identification)
Flow Rate: 2.0 mL/min
Injection Volume: 10 uL
Temperature: Ambient (25°C)
Mobile Phase:
Dissolve 4.0 g chloroacetic acid in 400 mL water
Adjust pH to 3.0 + 0.05 using ammonium hydroxide
Add 600 mL acetonitrile
Mix thoroughly; filter through 0.45 pum PTFE membrane before use
Note: Needle wash solvent: Methanol:Water (90:10) as recommended in
auxiliary rules.
Solutions Prepared

Solution Preparation

Standard Solution 10.0 mg/mL in Mobile Phase

10.0 mg/mL nominal ibuprofen concentration

« 10 tablets (total weight: 20.56 g)

+ Crushed in mortar, transferred to 100 mL volumetric flask
+ Added ~50 mL Mobile Phase

+ Shak hanically for 90 min until complete
disintegration

« Diluted to mark with Mobile Phase

+ Centrifuged at 3000 rpm for 10 min

+ Supernatant filiered through 0.45 ym PTFE filter

Sample Solution

10.0 mg/mL USP Ibuprofen RS +0.01 mg/mL each of USP
Tbuprofen Related Compound C RS and USP Ibuprofen
Related Compound J RS in Mobile Phase

System Suitability Solution

Sensitivity Solution 0.005 mg/mL USP Ibuprofen RS in Mobile Phase

ise Ratio (Sensitivity Solution) = 10

RSD of Impurity Peaks (Standard Solution) <6.0%

4.35% (Ibuprofen)

[ System Suitability Passed — All criteria met.
Chromatographic Run Results (Sample & Standard)

Assay Calculation

Iy Cs
Result(%) = (— ) x (=) x 100
rs Cy
Where:
ry = 125,430(Sample peak response)
rs = 126,210(Stadard peak response)
Cs = 10.0 mg/mL

Cy = 10.0 mg/mL

125,430
126,210

Result = ( )X 100 = 99.38%

[ Assay Result: 99.38%— Within 97.0%-103.0% acceptance range

(b) The PCoAD contains detailed experimental and computational procedures.

Figure 8: The differences between the official PCoA and PCoAD.
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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)\ne* 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 -=-",

7

Figure 9: 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**4nalyst: ** 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##
**[. 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: -}

\_ J

Figure 10: 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 11: Prompt No. 1 for Adaptive Retrieval Agent.
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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":[1}

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. 2 for Adaptive Retrieval Agent.

12956



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 13: 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}

Figure 14: Prompt No. 2 for Inference Agent.
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