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Abstract

Chinese text correction has traditionally fo-
cused on spelling and grammar, while factual
error correction is usually treated separately. In
paragraph-level Chinese professional writing,
linguistic (word/grammar/punctuation) and fac-
tual errors can co-occur and interact. More-
over, editorial review leaves few observable
errors in published professional texts, mak-
ing controlled benchmark construction impor-
tant. This paper introduces CLFEC (Chinese
Linguistic & Factual Error Correction), a
new task for joint linguistic and factual cor-
rection. We construct a mixed, multi-domain
Chinese professional writing dataset spanning
current affairs, finance, law, and medicine.
We then conduct a systematic study of LLM-
based correction paradigms, from prompting
to retrieval-augmented generation (RAG) and
agentic workflows. The analysis reveals prac-
tical challenges, including limited transfer of
a specialized corrector, the need for evidence
grounding for factual repair, the difficulty of
mixed-error paragraphs, and over-correction on
clean inputs. Results further show that handling
linguistic and factual errors within the same
context outperforms decoupled pipelines, and
that agentic workflows can be effective with
suitable backbone models. Overall, CLFEC
provides a new benchmark for Chinese text
correction research and practical guidance for
proofreading systems. The dataset is publicly
available at https://github.com/jiu2021/
CLFEC-Dataset.

1 Introduction

Research on Chinese text correction has mainly fo-
cused on grammatical error correction (GEC) and
Chinese spelling correction (CSC), with the pri-
mary goal of improving linguistic well-formedness
and standard usage. With continuously updated
datasets and advances in modeling, substantial
progress has been reported (Wu et al., 2023; Zhang
et al., 2023; Zhou et al., 2025). Some work further
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Error type Example snippet
Word Rom A — RAR 3= 4
collapse control — feedback control
Grammatical 373%. . KF = 5. AKF
Enhance...level — Raise...level
Punctuation % T; — %= T:
As follows; — As follows:
Factual e s

The Sixth Plenary Session — The Fourth
Plenary Session

Table 1: Unifying linguistic and factual error correction,
where linguistic errors cover word, grammatical, and
punctuation types.

extends sentence-level correction to cross-sentence
settings, presenting even greater challenges (Wang
et al., 2022).

However, inspecting existing resources reveals
that some “gold” corrections still contain factual or
logical errors, which can bias model training. For
example, ECSpell (Lv et al., 2023) corrects “ %
%K & F M A R AR (“The U.S. Constitution
is a representative of a flexible line law”) to “ %
B % ik & M % 5 ) A& (“The U.S. Constitu-
tion is a representative of a flexible constitution”),
fixing the character error “% % — & %" (line law
— constitution) but leaving a misleading claim,
as the U.S. Constitution is commonly regarded as
rigid. In contrast, factual error correction (FEC) is
typically studied separately, focusing on claim ex-
traction, evidence retrieval, and evidence-grounded
rewriting (Thorne and Vlachos, 2021).

Similar issues also appear in our online user
feedback data, especially in paragraph-level pro-
fessional writing. Such texts often mix linguistic
issues with non-trivial factual errors, including in-
correct entity/event names, outdated regulations,
misuse of domain terminology, and inconsistent nu-
merical indicators. When proofreading such texts,
human editors bring domain-specific prior knowl-
edge and consult external resources as needed to
verify uncertain linguistic usages or factual claims.
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Meanwhile, knowledge- or semantics-aware aug-
mentation has been shown to improve grammatical
and spelling correction (Dong et al., 2024; Li et al.,
2025), suggesting shared mechanisms between lin-
guistic and factual correction.

We first conduct and release a real corpus anal-
ysis by applying three commercial proofreading
products to 4 million characters of professional and
user-generated content (UGC) texts and manually
verifying their correction candidates. The results re-
veal a mismatch between real-world proofreading
needs and direct benchmark construction: many
errors in professional texts are no longer observ-
able after editorial review, while UGC errors are
more abundant but informal and lack authoritative
references.

We introduce CLFEC (Chinese Linguistic &
Factual Error Correction), a new paragraph-level
task for Chinese professional writing that unifies
linguistic error correction (LEC) and factual error
correction (FEC) in a single setting. We categorize
linguistic errors into three types: (i) word errors
(including spelling errors and missing or redundant
words), (ii) grammatical errors (e.g., non-standard
structure, improper collocation, and word-order
problems), and (iii) punctuation errors (Table 1).
A multi-domain dataset is constructed across cur-
rent affairs, finance, law, and medicine, with four
diagnostic splits: LEC, FEC, MIX, and Error-free.

We study CLFEC and characterize the chal-
lenges introduced by this task. First, the special-
ized corrector we evaluate exhibits limited transfer
to the CLFEC LEC task. Second, factual errors
tend to be specific, time-sensitive, and hard to spot,
so reliable correction usually depends on explicit
evidence rather than parametric knowledge alone.
Third, the MIX task is more challenging, especially
when language errors and factual errors overlap,
as models often overlook deeper errors. Finally,
our fine-grained analysis shows that grammatical
and punctuation errors are harder to recall than fac-
tual or word errors, likely because these errors are
“weakly normative” and are often missed even by
native speakers.

We then evaluate LLM-based proofreading
paradigms, including prompting, retrieval-
augmented generation (RAG) (Gao et al., 2023),
and an agentic workflow. We examine over-
correction in LL.Ms (Fang et al., 2023) and find
that precision drops as the input becomes cleaner.
RAG variants show that handling LEC+FEC in
a shared context performs better than decoupled

pipelines. Finally, the agentic workflow offers

gains for advanced backbones with stronger

reasoning ability.
Our contributions are threefold:

* A real corpus analysis: we manually verify
three commercial proofreading products’ outputs
on 4 million characters, finding sparse errors in
professional texts and limited ground-truth verifi-
ability in user-generated texts.

* A new task and dataset: CLFEC unifies
paragraph-level linguistic and factual error cor-
rection in a multi-domain benchmark with LEC,
FEC, MIX, and Error-free diagnostic splits.

* An evaluation of proofreading methods and
resulting guidance: by comparing prompting,
RAG-based, and agentic workflows, we identify
the key challenges of CLFEC and provide guid-
ance for designing reliable proofreading systems.

2 Real Corpus Analysis

Before constructing CLFEC, we first examine
whether a benchmark for Chinese professional
proofreading can be directly mined from naturally
occurring errors. We conduct an empirical study
using three commercial proofreading products (Jin-
shan, Fangcun, and Fangzheng)' applied to a cor-
pus of 4M characters spanning two source types:
Professional texts, primarily from government por-
tal websites (2M characters), and UGC texts, pri-
marily from online forums such as Zhihu (2M char-
acters). We release the full set of product outputs,
including all detected candidates, suggested correc-
tions, and our normalized annotations.

We design a mapping scheme to normalize het-
erogeneous product-side labels into unified error

'We anonymize the result-to-product mapping and report
them as Product P1, Product P2, and Product P3.
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Figure 1: Verified error density (per 10K characters)
by source type and proofreading product. Professional
texts yield few confirmed errors overall, while UGC
texts show higher density.
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categories, word, grammar, and factual, for ag-
gregate analysis. We then deduplicate overlap-
ping candidates within each product and filter out
punctuation- and formatting-related items, which
are often stylistic conventions rather than clear-cut
errors in this setting. Our annotation team manu-
ally verifies the remaining 16K+ candidates. Each
candidate is labeled as false positive, confirmed,
partially valid, or uncertain, where partially valid
means that the flagged span is problematic but
the suggested correction is inappropriate or incom-
plete.

Figure 1 presents the verified error density (con-
firmed) broken down by source type, product, and
error category. The results show that the avail-
able confirmed errors differ sharply between text
types. Professional texts, having undergone edito-
rial review before publication, yield an average of
only 4.06 verified errors per 10K characters across
the three products—too sparse to serve as a prac-
tical source for benchmark construction. UGC
texts exhibit substantially higher density (13.62
per 10K characters on average), but they are pre-
dominantly informal and lack authoritative refer-
ences for ground-truth verification. In addition, the
verified candidates from existing products are con-
centrated on word-level corrections; their factual
detections mostly come from rule- or lexicon-based
normalization of names, terms, administrative divi-
sions, and units.

These observations motivate our controlled con-
struction strategy. Neither source can directly sup-
ply a balanced benchmark for correcting profes-
sional writing. Instead of harvesting existing real-
world errors, we collect and pre-proofread profes-
sional texts, then inject errors under controlled set-
tings. This allows CLFEC to preserve professional
style and evidence availability while ensuring suffi-
cient density and balanced coverage across linguis-
tic and factual error types.

3 The CLFEC Task

3.1 Task Definition

In CLFEC, we jointly consider LEC and FEC in
a unified setting. Given a long-form professional
Chinese paragraph = = (cy,...,¢,) with¢; € V
(character vocabulary V), the task is to generate a
corrected paragraph y = (di,...,dy) with d; €
V. Since edits may involve insertions and deletions,
n and m need not be equal.

The ground truth annotation is represented as a

set of edit operations € = {(s, e, ug, Uk)}szl-
For each edit k, s;. and ej, denote the start and end
indices in the source text, uy = Zg, ., ] represents
the original erroneous span, and vy, represents the
corrected target span. A task example instance is
detailed in Appendix B.1. System edits Diff (x, y)
are evaluated against &; the model does not observe
these annotations at inference time. The output y
should restore readability and factual consistency
while preserving the meaning of unaffected regions.
When multiple valid repairs exist, the model should
prefer minimal necessary changes. For example,
in medical narratives where the chief complaint
contradicts the diagnosis, the system should resolve
the inconsistency by applying the smallest set of
edits (e.g., correcting only the entity rather than
rewriting the entire description).

3.2 Task Dataset

As illustrated in Figure 2, our dataset is constructed
from high-quality sources via multi-stage error in-
jection, followed by iterative annotation and man-
ual verification.

Data Source We collect long-form texts from
four specialized domains: current affairs, finance,
law, and medicine. Each domain is curated and
validated by a dedicated domain expert annotator.
For current affairs, we crawl news articles from
major mainstream media portals.” For finance, we
collect regulatory updates, penalty announcements,
and market commentaries from professional finan-
cial media and disclosure platforms.? For law, we
sample judicial documents and related materials
from public repositories and authoritative news
agencies.* For medicine, we sample from publicly
available resources such as multiple-choice exami-
nations (Wang et al., 2024), de-identified electronic
medical records (Li et al., 2026), medical ency-
clopedia Q&A (Li et al., 2023), and medical text-
books. Even with strict control over data sources,
the collected texts still contain artifacts such as mal-
formed mathematical symbols, OCR recognition
errors, and occasional colloquial expressions. We
run a pre-proofreading pass and intentionally keep
a subset of these issues as annotated targets, which
makes the dataset closer to real-world inputs.

2https://www.people.com.cn/

3https://www.financeun.com/
eastmoney.com/

4https://wenshu.court.gov.cn/,
//www.xinhuanet.com/

https://www.

https:
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Data Construction Pipeline

Annotation Details

1. Clean Source Collection 2. Error Injection

3. Iterative Annotation
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Figure 2: Overview of the CLFEC data construction and annotation process. We collect clean professional texts
from four domains, inject factual and linguistic errors under controlled settings, iteratively verify candidate edits,
and convert span-level annotations into CHERRANT-style normalized edit pairs for evaluation.

Error Injection We build the dataset by inject-
ing errors with an LL.M, followed by manual ver-
ification. Each paragraph contains at most one
injected factual error, and we inject linguistic er-
rors at a fixed density of one error per 150 Chi-
nese characters. Factual errors are injected as lo-
calized inconsistencies, including entity/event sub-
stitution (e.g., incorrect person/organization/event
name), temporal or regulatory mismatch (e.g., out-
dated policy reference), and numerical inconsis-
tency (e.g., wrong count/rate/date). Word and punc-
tuation errors are injected automatically with sub-
type sampling (Table 8). Grammatical errors are
annotated manually due to the low controllability
of LLM-generated corruptions, covering five com-
mon Chinese grammar-error categories: improper
word or clause order, improper collocation, missing
required components, redundant components, and
structurally mixed or incoherent sentences.

For each proposed corruption, we record an error
span, its clean reference span, and an error type.
We apply the corruptions to the source paragraph
to obtain the erroneous input . We then normalize
the corresponding corrections into minimal edits
following CHERRANT (Zhang et al., 2022) with
the jieba® tokenizer, yielding the gold edit set £
that maps x back to the clean text.

Iterative annotation We refine annotations
through iterative LLM proofreading and manual in-
spection. When model predictions reveal meaning-
ful edits outside the current edit set £, annotators
either add the corresponding span-level correction

Shttps://github.com/fxsjy/jieba

By domain and diagnostic split

Current Affairs 233
Finance 268
Law 220
Medicine 204
0 50 100 lél] 200 250
MIX FEC only LEC only Error-free

Error type distribution 213 (10%)

Word Factual Punctuation Grammar

Total annotated errors: 2,108

Figure 3: Statistics of the CLFEC dataset.

to £ or, for recurrent issues already sufficiently rep-
resented, apply the correction to both the input and
gold text.

Dataset Statistics Figure 3 summarizes the statis-
tics of CLFEC, including domain distribution, di-
agnostic splits, and error-type distribution. In the
diagnostic split design, we allocate a larger propor-
tion to MIX, as mixed linguistic—factual cases are
the core scenario of CLFEC. Overall, the dataset
contains 430,706 characters with an average para-
graph length of 465.63 characters. The overall error
density is 48.94 errors per 10K characters, with an
average of 2.56 errors per erroneous paragraph.

3.3 Human Evaluation

To evaluate whether CLFEC errors resemble nat-
urally occurring writing mistakes, we conduct a
human evaluation of error naturalness. Annota-
tors are shown Chinese texts containing errors and
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Dataset Ann.  Natural Synthetic Agreement
Al 143 (71.5%) 57 (285%)

CLFEC a2 143(715%) 57(85%)  °+0%
Al 179 (89.5%) 21(10.5%)

RWS A2 150(795%) 41(205%)  800%

Table 2: Human evaluation of error naturalness. Agree-
ment denotes the percentage of samples on which the
two annotators assign the same label.

are asked to judge whether each error is closer
in style to a naturally occurring error or to an
artificially/model-constructed synthetic error. To
avoid confounding error naturalness with error-type
distribution, we adopt a type-balanced sampling
strategy. Specifically, we sample 50 instances for
each error type from both CLFEC and real-world
samples (RWS), yielding 200 CLFEC samples and
200 real-world samples in total. Two annotators
(A1l and A2) independently label each sample. Ta-
ble 2 reports the annotation results.

As shown in Table 2, under type-balanced sam-
pling, both annotators judge the majority of CLFEC
errors as natural, with the same naturalness rate of
71.5% and an inter-annotator agreement of 84.0%.
The real-world sample set receives higher natural-
ness rates, 89.5% and 79.5% from the two annota-
tors, with 80.0% agreement. Although real-world
samples receive higher naturalness scores, CLFEC
still obtains a high naturalness rate and comparable
annotator agreement.

4 Proofreading Pipelines

CLFEC requires joint correction of linguistic and
factual errors at paragraph level. We investigate
two primary architectural paradigms: retrieval-
augmented pipelines and an agentic workflow, both
built on LLMs with external evidence retrieval.

4.1 Retrieval-Augmented Proofreading

RAG-based Module It consists of three steps:
(1) Scanning: The LLM scans the input text and
optionally generates up to three search queries for
uncertain claims; (2) Retrieval: Relevant evidence
is retrieved using a search_tool; (3) Correction:
The model generates the final corrected text condi-
tioned on the input and the evidence.

Based on this module, we implement two vari-
ations: (1) Sequential RAG (S-RAG): To mirror
the common sequential workflow in industrial ap-
plications, we construct a two-stage process. In
Stage 1, the LLM is prompted to perform LEC
only to normalize the text without accessing exter-
nal tools. In Stage 2, the Stage 1 output is passed

to the RAG Module, which focuses only on factual
error correction. (2) Unified RAG (U-RAG): This
variant handles LEC+FEC in a single RAG pass,
using a unified prompt to identify and correct both
error types within the same context.

External Knowledge Acquisition We imple-
ment search_tool to construct structured evi-
dence based on the Quark ® Business Search API.
Upon receiving a query, the tool retrieves a set
of candidate references. To filter noise and fit
the context window, the results are re-ranked via
BM25 (Robertson and Zaragoza, 2009) to retain
the top-3 snippets, each truncated to the first 512
characters. Each evidence item includes a title, a
link, a timestamp, and the snippet content.

4.2 Agentic Proofreading Framework

The agentic framework operates under a ReAct
paradigm (Yao et al., 2023). Through meticulous
planning and execution, and multiple rounds of
feedback verification, it aims to improve the preci-
sion and recall of proofreading.

Plan-and-Execute To mitigate long-context is-
sues (e.g., lost-in-the-middle (Liu et al., 2024)), we
instructed the agents to use a state management tool
todo_write to follow a strict “plan and execute”
workflow, explicitly limiting the agents to focus on
specific target locations in each round of interac-
tion. Upon receiving the document, the agent first
scans the document and writes a localized to-do
list covering linguistic checks and factual verifi-
cation tasks. It then processes tasks sequentially,
either editing directly or invoking search_tool
for factual claims. The state-management tool
todo_write tracks task status and helps keep edits
localized and traceable.

Verification and Feedback To mitigate halluci-
nation, we use a deterministic verify_tool that
enforces a unique anchor span in the source text.
Crucially, the tool returns targeted error messages
for common failure cases (e.g., missing or no-op
anchors, appearing multiple times), which enables
the agent to self-correct in subsequent turns. Vali-
dated edits are then stored, so the final output con-
tains only executable and unambiguously grounded
corrections.

6https: //vt.quark.cn/blm/
gk-ai-business-page-915/index?x_render_type=
stream_ssr
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model method

Detection

Correction

Correction (MIX)

Correction (LEC)

Correction (FEC)

R

F1

R

F1

P

R

F1

P

R

F1

P

R

F1

LLM-based systems

CEC3-4B prompt

34.06

14.90

20.73

31.78

14.04

19.47

39.61

13.62

20.27

38.95

21.58

27.77

prompt
S-RAG
U-RAG

Qwen3-4B

37.74
35.72
43.17

23.15
47.01
39.85

28.70
40.60
41.44

31.71
31.40
39.16

20.20
43.81
37.54

24.68
36.58
38.33

43.52
40.07
49.68

18.93
42.92
35.63

26.39
41.45
41.50

37.74
32.32
39.33

30.43
44.13
39.75

33.69
37.32
39.54

6.97
19.89
28.07

7.14
47.86
44.02

7.05
28.11
34.28

prompt
S-RAG
U-RAG
Agent

DS-V3.2

38.54
32.55
45.49
55.18

48.24
68.98
67.50
71.30

42.85
44.23
54.35
62.21

34.94
30.06
43.13
53.01

45.80
67.25
66.32
70.47

39.64
41.55
52.27
60.51

44.66
39.84
50.94
64.36

43.77
65.21
63.49
69.31

4421
49.46
56.53
66.74

47.57
32.00
47.55
58.43

64.61
72.79
71.37
72.36

54.79
44.46
57.07
64.66

10.34
17.61
34.21
37.07

19.23
67.53
7191
73.19

13.45
27.93
46.36
49.21

prompt
S-RAG
U-RAG
Agent

Qwen3-235B

38.49
23.35
26.37
25.08

38.00
61.95
62.48
55.46

38.24
33.92
37.08
34.53

33.16
20.98
24.28
22.63

34.55
59.39
60.53
5291

33.84
31.00
34.66
31.70

42.34
28.06
33.48
32.25

32.80
57.23
58.73
51.77

36.96
37.66
42.65
39.74

4451
23.18
23.25
26.05

50.78
62.26
60.64
54.26

47.44
33.78
33.61
35.20

891

13.21
17.86
11.56

13.19
65.91
70.48
56.50

10.63
22.00
28.50
19.19

prompt
S-RAG
U-RAG
Agent

GLM-4.7

50.42
52.30
66.03
67.84

54.74
70.16
69.97
60.34

52.49
59.93
67.94
63.87

46.09
48.87
62.89
64.80

52.51
68.72
68.94
59.24

49.09
57.12
65.78
61.90

55.89
57.20
72.08
74.10

50.34
66.16
66.39
56.71

52.97
61.35
69.12
64.25

55.52
50.29
64.24
74.19

65.60
74.14
71.64
62.85

60.14
59.93
67.74
68.05

24.44
38.69
32.56
43.41

38.10
72.15
77.73
66.67

29.78
50.37
62.71
52.58

prompt
S-RAG
U-RAG
Agent

Kimi-K2.5

48.61
49.52
67.31
64.72

53.80
67.98
66.60
67.88

51.07
57.30
66.95
66.27

44.92
46.86
64.86
62.19

51.83
66.77
65.78
67.01

48.13
55.07
65.31
64.51

56.50
56.96
72.66
71.82

50.04
64.58
64.95
65.24

53.07
60.53
68.59
68.37

54.90
48.00
64.24
67.63

67.38
71.04
66.67
68.06

60.50
57.29
65.43
67.85

18.18
33.88
55.56
49.58

30.77
70.39
68.46
74.58

22.86
45.75
61.34
59.57

Commercial proofreading products

P1 -
P2 -
P3 -

25.18
28.96
24.18

42.41
2491
27.04

31.60
26.78
25.53

25.21

22.64 39.84 28.87 2842 38.25 32.61
2240 23.72 3151
2049 2390 22.06 24.88 2322 24.02

32.71
28.29
25.16

60.34
30.74
33.12

4242
29.46
28.60

3.95
425
7.28

8.79
3.64
9.66

5.45
3.92
8.30

2299 26.59

Table 3: Overall results on CLFEC. We report Precision (P), Recall (R), and F1 for detection and correction, and
further break down correction performance on three subsets: MIX, LEC, and FEC. Best and second-best numbers

are highlighted in bold and underline, respectively.

5 Experiments

5.1 Experimental Setup

We employ ChineseErrorCorrector3-4B (CEC3-
4B) (Tian and YuhaoZhou, 2025) for the LEC
task, using its backbone model Qwen3-4B (Yang
et al., 2025) for comparison. CEC3-4B was
trained on large-scale data tailored for CSC and
GEC and achieves state-of-the-art performance
on benchmark tests. For all LLM-based experi-
ments, we employ four representative large lan-
guage models as backbones: DeepSeek-V3.2
(DS-V3.2) (DeepSeek-Al et al., 2025), Qwen3-
235B (Yang et al., 2025), Kimi-K2.5 (Team et al.,
2026), and GLM-4.7 (Team et al., 2025). To ensure
fair comparisons, we maintained consistent prompt
templates and the same output format across all ex-
perimental setups (Appendix C). The temperature
is set to the lowest level of 0.01 to ensure stability.
We also include the commercial proofreading prod-
ucts introduced in Section 2 as real-world system
baselines.

5.2 Maetrics

Following the CHERRANT (Zhang et al., 2022)
paradigm, system performance is evaluated by mea-
suring the alignment between predicted edits and
the ground-truth edits. To account for the equal im-
portance of precision and recall in our setting, we
adopt word-level F1 scores instead of the conven-
tional Fy 5 metric. Under strict matching, detection
requires identical start and end positions; correc-
tion additionally requires the proposed replacement
to match the reference.

5.3 Key Challenges

Specialized model underperforms general
LLMs on LEC task. We evaluated CEC3-4B
using both single-sentence and whole-paragraph
calling strategies, reporting the best results. As
shown in Table 3, CEC3-4B underperforms Qwen3-
4B on the LEC task. Qwen3-4B achieves a recall
of 30.43% and an F1 score of 33.69%, outperform-
ing CEC3-4B by approximately 9 and 6 percent-
age points, respectively. Their performance across
three types of linguistic errors is further examined
in Figure 4. CEC3-4B shows almost no ability
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to correct punctuation errors, and its word and
grammatical corrections also lag behind the general
model, despite being the focus of specialized train-
ing. These results suggest that current dedicated
error correction models do not transfer reliably to
new domains, whereas foundation models are more
robust.

FEC requires retrieval and evidence grounding.
To validate the effectiveness of our constructed
FEC dataset and evaluate the models’ ability to
correct facts, we compared prompt-only baselines
with three evidence-using approaches: S-RAG, U-
RAG, and Agent. On the four large-parameter mod-
els, prompting achieved an average precision of
15.47% and recall of 25.32%, resulting in an F1
score of 19.18%. In contrast, U-RAG improved
the average F1 score to 49.73%, with GLM-4.7
and Kimi-K?2.5 seeing gains of over 30 percentage
points. This performance gap suggests that para-
metric knowledge alone is insufficient for reliable
factual correction in this setting, where injected
errors are often specific or timely.

Mixed-error inputs present the greatest chal-
lenge. Table 3 shows that, for every large-model
backbone using U-RAG or Agent, correction recall
is lower on MIX than on either LEC or FEC. For
instance, GLM-4.7 (U-RAG) drops from 77.73 %
(FEC) and 71.64% (LEC) to 66.39% in the MIX
setting. Our qualitative analysis reveals a “mask-
ing effect”: when a linguistic error is layered on
top of a factual error, models often fix the sur-
face form but miss the underlying inconsistency.
A typical medical example involves the input ... %
BT 4 f& 3] %> (“...diagnosed as urethritis” with a
typo). Models often correct it to ... % W A /i@ %7
(““...diagnosed as urethritis” with correct spelling),
satisfying the language model’s fluency constraint,
yet failing to recognize that the symptoms actu-
ally point to “...75 W7 4 /A & % (“...diagnosed as
vaginitis”).

Punctuation and grammar are more difficult.
Figure 4 reports detection recall by error type, cov-
ering agent-based models, prompt-only baselines,
and commercial products. Among the agent-based
models, grammatical and punctuation errors are
recalled less reliably than word and factual errors.
The product P1 can still capture part of these cases
through rule-based checks, leading to competitive
recall on punctuation and grammatical errors. In
addition, we find that they contain a large number
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Figure 4: Detection recall by error type on CLFEC.

of “weakly normative” issues. Native speakers
often overlook these errors without careful check-
ing against explicit rules. For example, parallel
quotation marks and book titles cannot be con-
nected by an enumeration comma (-~ ), and the
phrase “7F% & M (“begin start using”) is seman-
tically redundant. This gray area can lead to both
undercorrection and over-correction (unnecessary
normalization), which makes a conservative and
auditable editing strategy important.

5.4 Results and Analysis

Over-correction of LLMs We observed a gen-
eral pattern: precision tends to increase with sam-
ple error density. Across the MIX, LEC, and FEC
splits, error density decreases in that order, and
Table 3 shows a corresponding drop in precision
for most methods. On the Error-free split, any pro-
posed edit is unnecessary, yet the nonzero edit rates
in Table 7 show that models still make changes.
When no obvious errors are present, LLMs often re-
vise style or preference-based wording even under
explicit constraints. These changes are commonly
justified with vague rationales, such as “ ¥ iE X’
(“more formal”) or “¥ A& /2> (“more standard”).
This suggests that LLMs lack a stable criterion
for deciding whether an edit is needed, leading to
over-correction.

Benefit of Unified Context Comparing S-RAG
with U-RAG, we find that the two-stage strategy
degrades precision. There are two possible factors:
(1) Accumulative Over-correction: Conducting
correction twice amplifies the over-correction ef-
fect of the model. As discussed above, the model
makes more style modifications on a "cleaner text",
thus deviating from the error correction principle.
(2) Contextual Misalignment: Initial linguistic ed-
its often alter sentence structures and token indices.
Even if the subsequent factual module correctly
retrieves evidence, it frequently fails to map the
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correction back to the modified text, leading to
alignment failures. Beyond precision, unified cor-
rection also improves efficiency: U-RAG requires
one fewer LLM call than S-RAG.

Contrary to the hypothesis that factual retrieval
could aid linguistic correction, our results show that
U-RAG does not improve LEC recall in the unified
setting. One likely reason is that the retrieved evi-
dence is optimized for factual verification and often
does not align with the contextual cues needed for
LEC. In practice, linguistic disambiguation is usu-
ally resolved by the paragraph context itself.

Agent Performance As shown in Table 3, the
effectiveness of the agentic framework depends
on the backbone model’s agentic capability. With
DeepSeek-V3.2, the Agent achieves higher F1 for
both detection and correction. Specifically, it im-
proves FEC Recall by +1.28 points over U-RAG
while maintaining higher precision (+2.86 points),
suggesting that the model can reliably plan, exe-
cute, and validate. In contrast, for Qwen3-235B
and GLM-4.7, the agentic framework slightly un-
derperforms its RAG counterpart, possibly due to
both the agent workflow and model-specific behav-
iors that make multi-turn interactions more prone
to instruction drift and formatting errors.

One potential advantage of the Agent is its ability
to resolve conflicting evidence through additional
retrieval. For instance, in a case involving gov-
ernment statistics, the Agent explicitly reasoned:
“Search results show data inconsistency. Results 1
and 3 support the original text ‘National level 18,
Autonomous region level 136, City level 275°, but
Result 2 shows ‘Autonomous region level 123°. |
need to further verify which data is more accurate.”
By triggering a targeted second search, the Agent
identified the outdated source and preserved the
correct original text.

Commercial proofreading products. The com-
mercial proofreading products exhibit limitations
consistent with the analysis in Section 2. They
have generally low precision, and their FEC per-
formance is uniformly weak, with both precision
and recall below 10%. As shown in Figure 4, the
best-performing P1 obtains reasonable recall across
word, grammar, and punctuation, but it remains
insufficient for FEC. These results indicate that
CLFEC is challenging for existing proofreading
products.

6 Related Work

Chinese linguistic correction datasets. Chi-
nese correction datasets differ in their target writ-
ers, text genres and lengths, and annotated error
types. MuCGEC draws on writing by Chinese-as-
a-Second-Language learners and provides multiple
reviewed references per sentence to account for
valid alternative grammatical corrections (Zhang
et al., 2022). For native-speaker text, NaSGEC an-
notates social-media, scientific, and examination
writing with multiple references and studies cross-
domain variation (Zhang et al., 2023). CSCD-NS
collects spelling errors from a Chinese social plat-
form and finds a higher proportion of word-level
errors than in learner-oriented datasets (Hu et al.,
2024). Beyond isolated sentences, CCTC includes
native-speaker errors that require cross-sentence
context and reports a substantial gap between mod-
els and human editors (Wang et al., 2022). More
recently, Zhou et al. (2025) introduce General Chi-
nese Character Error Correction (C2EC), extending
spelling correction beyond substitutions to missing
and redundant characters. CLFEC includes these
character-level errors in its broader word-error cat-

egory.

Factual error correction. Factual correction re-
quires deciding what a claim asserts and whether
evidence supports it before choosing an edit.
Thorne and Vlachos (Thorne and Vlachos, 2021)
formulate evidence-based claim revision and de-
rive correction supervision from fact-checking
data without gold rewrites. FLEEK develops this
into a tool that extracts claims, retrieves exter-
nal evidence, checks factuality, and proposes re-
visions (Fatahi Bayat et al., 2023). To address
the scarcity of claim—correction pairs, PivotFEC
uses LLM-generated factual errors as a pivot task
for training a corrector (He et al., 2023). Recent
work also studies specialized knowledge: MEDEC
evaluates clinical-note errors requiring medical rea-
soning (Ben Abacha et al., 2025), while KARTC
combines structured knowledge bases with a hi-
erarchical rewriting process for Chinese govern-
ment texts (Hu et al., 2025). CKnowEdit concerns
editing linguistic, factual, and logical knowledge
within LLMs, rather than correcting external docu-
ments (Fang et al., 2025).

Proofreading methods. Early neural Chinese
spelling correctors include FASPell, which com-
bines a denoising autoencoder with a decoder,
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and Soft-Masked BERT, which connects error de-
tection to BERT-based correction through soft
masking (Hong et al., 2019; Zhang et al., 2020).
SpellGCN additionally incorporates phonolog-
ical and visual character similarities (Cheng
et al.,, 2020); the more recent Qwen3-4B-
based ChineseErrorCorrector3-4B unifies Chinese
spelling and grammatical error correction within a
single LLM (Tian and YuhaoZhou, 2025). LLMs
can generate fluent corrections but may unneces-
sarily rewrite valid text (Fang et al., 2023). CoTask
decomposes grammatical error analysis for instruc-
tion tuning (Liu et al., 2025); edit-wise preference
optimization rewards targeted edits (Liang et al.,
2025); and LLM explanations can support smaller
CGEC models (Li et al., 2025). RE? retrieves ex-
amples by grammatical-error explanations rather
than surface similarity (Wang et al., 2025). As
agents improve in planning and tool use, equipping
them with explicit proofreading rules and domain
knowledge bases offers a promising direction for
accurate, auditable correction.

Conclusion

We present CLFEC, a new paragraph-level task
for unified linguistic and factual error correction
in Chinese professional writing. Motivated by real
corpus analysis, we construct and release a mixed,
multi-domain dataset through controlled error in-
jection on clean professional texts, with diagnostic
LEC, FEC, MIX, and Error-free splits. We further
evaluate proofreading pipelines spanning prompt-
ing, RAG, and agentic workflows. Results show
that evidence grounding is crucial for factual repair,
mixed-error inputs remain challenging, and unified
correction outperforms decoupled pipelines. Over-
all, CLFEC provides a new benchmark for Chinese
text correction research and practical guidance for
proofreading systems.

Limitations

First, the evaluation mainly relies on automated
metrics with strict span matching against a sin-
gle gold reference. Although the dataset is an-
notated under rigorous quality control, paragraph-
level proofreading, especially for factual consis-
tency and stylistic polishing, is inherently open-
ended. A single reference cannot cover all valid
corrections, so valid but non-matching edits may
be penalized, underestimating model performance.
Future work will add multi-reference annotations

and incorporate human evaluation to better reflect
real-world acceptability.

Second, high-performing methods on CLFEC
evaluation, particularly the agentic framework,
currently depend on large-scale foundation mod-
els, which incur significant inference latency and
computational costs. In our experiments, smaller
models (e.g., 4B parameters) still struggle with
complex reasoning and tool use. Exploring low-
resource methods—such as knowledge distillation
or lightweight agentic frameworks—to enhance the
capability of small models for real-time industrial
applications remains a critical direction for future
research.
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Model Method F1 Fos
prompt 24.68 28.47
Qwen3-4B S-RAG  36.58 33.29
U-RAG  38.33 38.82
prompt  39.64 36.68
S-RAG  41.55 33.80
DS-V3.2 U-RAG 5227 4637
Agent 60.51 55.77
prompt  33.84 33.43
S-RAG  31.00 24.10
Qwen3-235B 1 RAG 3466 2758
Agent 31.70 25.55
prompt  49.09 47.25
S-RAG  57.12 51.87
GLM-4.7 U-RAG 65.78 64.01
Agent 61.90 63.61
prompt  48.13 46.15
.. S-RAG  55.07 49.83
Kimi-K2.5 1RAG 6531 65.04
Agent 64.51 63.10

Table 4: Correction F1 and Fy 5 (%).

A Additional Results

A.1 Sensitivity to Fg 5

All main conclusions remain valid when correction
is measured with Fj 5 instead of F1. We recom-
pute correction Fy 5 from the precision and recall
in Table 3; Table 4 lists the results alongside cor-
rection F1. U-RAG outperforms S-RAG for every
backbone under both metrics. Averaged over the
five backbones with both methods, the U-RAG—
S-RAG gap increases from 7.0 F1 points to 9.8
Fy 5 points, consistent with the lower precision of
sequential correction. The benefit of the Agent
remains backbone-dependent: it exceeds U-RAG
for DS-V3.2 under both metrics, while GLM-4.7’s
Fo.5 gap narrows to 0.4 points. Thus, the choice
between F1 and Fy 5 changes some effect sizes but
not these main comparisons.

A.2 Results by Domain

Table 5 presents the Agent results for each of
the four domains, with metrics averaged equally
across four large-model backbones. Current Af-
fairs performs best overall, whereas Medicine is
the most challenging domain. The lower precision
in Medicine may be partly due to unnecessary nor-
malization of specialized expressions, similar to the
weakly normative cases discussed in Section 5.3.
For example, in a sampled Kimi prediction, 7 &
was changed to & # # % although the original
span was not annotated as erroneous. This type of

optional rewrite is consistent with the high false-
positive rate on error-free medical samples.

A.3 Detailed Error Recall Analysis

In this section, we provide the comprehensive
breakdown of recall rates across four specific error
types: Word, Factual, Punctuation and Grammat-
ical. Table 6 supplements the aggregated results
presented in the main text (Figure 4), detailing the
performance of various backbone models under dif-
ferent methods (Prompt-only, S-RAG, U-RAG, and
Agent).

A.4 Quantitative Analysis of Over-Correction

To quantify the model’s tendency for over-
correction, we introduce the Edit Rate metric,
defined as the number of edits performed per
100 characters. Table 7 compares the edit rates
of the Gold Standard against various baselines
across four data splits: MIX, LEC, FEC, and
Error-free. The Gold Standard data (Row 1)
perfectly reflects the intrinsic error density of
the dataset: the edit rate strictly follows the
order: MIX(0.72)>LEC(0.47)>FEC(0.33)>Error-
free(0.00). This serves as the ground truth refer-
ence for ideal model behavior.

S-RAG generally produces more edits than the
gold standard across the backbone models. For
instance, with DeepSeek-V3.2, S-RAG yields an
edit rate of 1.15 on error-free text, or more than
one edit per 100 characters despite the absence of
annotated errors.

The Agent reduces unnecessary edits for some
backbones, though not uniformly: on error-free
text, its edit rate is lower than both RAG baselines
for DeepSeek-V3.2, GLM-4.7, and Kimi-K2.5, but
not for Qwen3-235B. For DeepSeek-V3.2, the rate
falls by approximately 64% relative to U-RAG
(from 1.09 to 0.39). Explicit task planning may
help keep edits focused, although these results do
not isolate its effect from other differences between
methods.

B Task and Dataset Details

B.1 Task Sample Instance

This sample is representative of the Law domain.
The instance features three distinct error types: (1)
a factual error, where the fine amount “=-+7%
7. (300,000 RMB) must be corrected to “A.+ 7
7L” (500,000 RMB) to align with actual legislative
updates (Article 61); (2) a word error, involving
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Detection Correction Correction (MIX) Correction (LEC) Correction (FEC)

Domain

P R F1 P R F1 P R F1 P R F1 P R F1
Law 53.56 56.25 54.13 50.82 54.89 52.05 5537 5036 52.19 58.12 64.40 60.50 41.96 62.85 49.09
Finance 49.27 67.18 5578 47.12 6597 5391 5734 6390 59.71 57.80 64.70 59.41 32.03 7848 44.09
Current Affairs  60.52 61.58 60.18 5897 60.80 59.00 66.25 59.92 6235 66.63 5792 61.07 53.11 74.52 60.81
Medicine 36.53 6191 43.69 3241 5851 3957 4322 5933 4799 31.81 61.94 4025 22.08 49.60 28.35
All 50.05 61.72 54.02 4750 60.28 51.90 56.54 5837 56.54 5295 61.82 5579 3439 67.98 4430

Table 5: Domain-level Agent results on CLFEC (%). We report Precision (P), Recall (R), and F1 under strict
matching for detection, overall correction, and correction on the MIX, LEC, and FEC splits. Each value is the
equal-weight mean over four backbones; All refers to the full dataset.

Model Method Word Factual Punctuation Grammatical Model Method MIX LEC FEC Error-free
LLM-based systems Gold gold 0.72 047 033 0.00
CEC3-4B  prompt 3294  0.00 230 8.45 CEC3-4B prompt 048 052 043 034
prompt  41.00  5.09 22.62 16.43 prompt 024 026 0.3 0.23
Qwen3-4B  S-RAG  59.00 44.77 32.79 27.70 Qwen34B  S-RAG 072 061 077 0.32
U-RAG 4751 4196 24.92 23.47 U-RAG 050 046 051 0.25
prompt  70.02  19.44 59.02 47.42 prompt  0.68 0.62 0.6 0.46
SRRAG 7429  67.69 62.62 61.50 SRRAG 129 153 154 115
DS-v3.2 U-RAG 7488  66.22 57.38 57.28 DS-v3.2 U-RAG 094 1.09 093 1.09
Agent  79.62  69.03 61.64 60.09 Agent 078  0.58  0.65 0.39
prompt 6291  10.99 4131 29.11 prompt 054 050 048 034
S-RAG  69.08 64.61 4820 44.13 S-RAG 138 1.19 149 0.95
Qwen3-235B (1 RAG 6848 6622 47.87 46.48 Qwen3-235B 1 RAG 120 118 1.2 0.96
Agent  66.11  58.04 37.70 29.58 Agent 114 098 1.56 0.87
prompt  73.10  34.85 57.38 47.89 prompt  0.64 054 0.51 0.33
S-RAG 7690 7091 61.64 53.05 S-RAG 087 089 0.84 0.52
GLM-AT  URAG 7607 7198 60.00 53.05 GLM-4.7 U-RAG 072 064 068 0.43
Agent 7073 5737 50.82 43.19 Agent 055 040 0.50 0.15
prompt 7524  28.82 60.00 47.42 prompt  0.63  0.57 0.56 0.33
. S-RAG 7441 6850 58.36 54.46 . S-RAG 094 093 096 0.68
Kimi-K25 [ RaG 7453 6582 55.41 53.99 Kimi-K25 yRAG 068 069 050 0.30
Agent 7547  69.59 53.77 52.11 Agent 065 047 050 027

Commercial proofreading products

Table 7: The number of edits performed per 100

Pl - 6896 847 52.12 41.78
P2 _ 4692 323 18.57 2254 characters on MIX/LEC/FEC and an Error-free sub-
P3 - 4917 1089 13.68 15.02 set. Higher values on Error-free subset indicate stronger

over-correction.
Table 6: Recall (%) for each error type across models

and strategies. Best in each column is bold; second best
is underlined.

8, BAXEFRITFARE, &TEL, Tl
—FAREBRTAATREH,;, ERKXERESFEL
FRMSBELEFBERY, RAFAAL=+7 AT
the misuse of the structural particle “#” which W, HERERAFOLEARALRLETEAR
%*ﬁmui+ﬁmuTﬁ%ok%nN%%uﬁ

should be “&J” to properly modify the subsequent WiE AT 1{% GAEB VAL Btk B

noun phrase; and (3) a punctuation error, where ZHAE . FOF AR r] g AR L S0

a missing period is inserted before the closin o- @ﬁﬁi%%ﬂ AME. BTEL, TAL R
.11gil 111 I hlgﬁ; FRAEAT AT R BB RAE AL IHA S

tation mark to comply with Chinese orthographic YR S k+ﬁmui BF AT

standards. 2, SHERTOLIFARPLMMAZETEARL

~ﬁmui+ﬁm%Tﬁﬂoﬁmﬁ KATH Lﬁ
KEHBEME . X412 8L 801%586% % B D A

£ W 2 s 2 3
ID: 56d88df2-7d7e-4e92-aecf-7bba303af68f ;?E;Eé;;iig%@ﬁgg ; ,;g}] é}gj:
Type: MIX Rfr LA B FAEARLRT LA L=+ AT
: , v_q /\ Tk B R XAEE & ARk k £ B AR F 4 A
P ﬁ%_ﬁ%)ﬁ\/ﬁ\%—?{@kgi(q:{&/\ﬁu\ﬁﬂ E [ % AATHR, HAER TG EZEARI LI AT
%é@%ki>eﬁ%ﬁki:%%£+h%& fEA R A =77 LA =B T AT A
AFNt—%, B&A . “MBEBETBATARK
FotZ%. BT EEARNEORMERERY LS
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Corrected: .. FETRXEREGSHEEMNBZRELSE
Fth, *AEF LA L VAT 5 2. 2412 B
ARt E e X TRTAREG=TE25%. 5=+
NELHEEZTAL. PO ERAROMBRERY
NLE M EERAFTHIFARP LM AEFTIEA
R =+7F A E—BF LA TR

Corrections (cors):

« [191,195) Fact_Error =17 71T —
e [274,275) Word_Error 3 —
e [566,567) Punc_Error 7 —

B.2 Error Injection Procedure

Subtype Weight

Homophonic confusable (Fl & F ) 0.15
Shape-similar confusable (% & F#])  0.15
Near-phonetic confusable (& & F#)  0.10

Redundancy (] 7T A) 0.15
Omission (F %14k %) 0.15
Permutation (5 #4L/5) 0.05
Punctuation misuse (& &% /) 0.10
Punctuation redundancy (7 & TTA) 0.05
Punctuation omission (4% & #k %) 0.05
Context mismatch (£ F LR 2f ) 0.05

Table 8: Word/punctuation error subtypes and sampling
weights used in our injection prompts.

We inject linguistic and factual errors by prompt-
ing an LLM to produce a span-level error_map
in JSON format, where each item specifies an
original_text anchor (a contiguous substring
in the source), a corrupted error_text, an
error_type, and a short position_context to
facilitate exact localization. For word and punctua-
tion errors, we first sample a subtype according to
the probabilities in Table 8, then explicitly pass the
sampled subtype to the LLM in the prompt so that
the model is instructed to inject that specific kind
of error in the current generation round.

C Proofreading Prompts

We summarize the prompt templates used by each
method and refer to the corresponding prompt fig-
ures for both the original Chinese versions and the
English translations.

For error injection, the Word & Punctuation Er-
ror Injection Prompt is shown in Figure 5, with
its English translation in Figure 6. The finance-
domain Factual Error Injection Prompt is shown in
Figure 7, with its English translation in Figure 8.

For proofreading, S-RAG uses the LEC-only
prompt (Figure 9; English translation: Figure 10),
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the query extraction prompt for FEC retrieval (Fig-
ure 11; English translation: Figure 12), and the
FEC-only prompt (Figure 13; English translation:
Figure 14). U-RAG uses the same query extrac-
tion prompt together with the unified FEC & LEC
proofreading prompt (Figure 15; English transla-
tion: Figure 16). Agent uses the Agent Proof-
reading Prompt, shown in Figures 17 and 18, with
English translations in Figures 19 and 20.



BRAE—ANFEF L TREZERS - ROEFRAELTOYGRETURT R TAGFEAERGILE, FER—
A~error_map k4% i 3% 444k .
# 2R
R EREARI PRI ESIE ARG E
2. KRR EEER{num_errors}y & 4i%
3. AREFERARGHEZEEAEN . {error_ types}
4. ARub IR B B — AN TSONAE X 89 error_map, # X4 T .
““json
{{
"error_map": [
{{
"original_text": "B X T RE (FRMEERLTHATIL) ”,
"error_text”: "B #5645 1% K B,
"error_type": "#R LA
"position_context”: "HABAEH LTX (ATHMAMTAL) "
1
]

33

# AR R 6 A RN
- kx B FF Pk BRAFTOFHBAR FF, e andhn . g B LR AE
- R F Tk BRI FOFHRAM LT, do" T2 "R "*“ eSO
- kI EF W xx . BFRALFHFHRRAZFRMAG T, Lo IR0k P A
-k F R AR AR X‘#’ﬁffug/‘ﬁﬁ%ﬂ dan N e . AT T T ‘5}77}?"
- kR PR Kok MITRJR S P 69 R A, 'lzﬂ"}]xf\%"\‘;]” (Bey ") «"PEHIEL S "“Plii/\"
- xx FEEFx . ATILR L P R B FH G F S IR _hw"iﬁmﬁn"auﬁrww F 3
- xR RIEM Ak B AF T, WEFAH T %ﬁﬁy‘—u\ﬂf a‘%?«ﬁa)ﬂ
- kxR B TUAR Ak RS RGIRE, " NE], , R "RR
— xx AR B kax . MTRL MR L, kRO FRGIES R T
- xx E TRt fikx: ETFTXHAET—E, flie L LIRBI G ZAN ], 412 L KPIRE 6 ZBA F]
# TREEFER.
1. original_textseM AR LT AL HANELR K
position_context/kl 6.4 or1g1na1_textH'JFK1@ 2004, AT HA AL
HERZAR RERETHI
AR R 69 4512 2 F A {num_errors} A

S w N

5. RBEISONB R LR, TRA LA LF
AT VA T LR A Rerror_map :

Figure 5: Word & Punctuation Error Injection Prompt
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You are a professional text error generator. Your task is to identify positions in a given source
text where errors can be inserted and generate an error_map describing those errors.
## Requirements:

1. You need to find suitable positions in the original text for inserting errors.

2. You need to generate {num_errors} errors in this round.

3. The error types to generate in this round are: {error_types}

4. You must return an error_map in JSON format as follows:

“‘“Jjson

{«{

"error_map": [

{{

"original_text"”: "A span from the original text that can be located precisely”,
"error_text"”: "The replaced erroneous span”,

"error_type": "Error type”,

"position_context”: "Context before and after the span for precise localization”

1}

]

33

“e

## Generation rules for each error type:

- *xHomophonic character / word substitution**: replace a character with a homophone, such as
replacing one character with another that has the same pronunciation.

- **Visually similar character / word substitution**: replace a character with a visually similar
one.

- **Near-pronunciation character / word substitution**: replace a character with one that has a
similar pronunciation.

- **Redundant character / word*x: add unnecessary characters or words to the original text.

- **Missing character / wordx*x: delete certain characters or words from the original text.

- xxCharacter / word order confusionx*: disturb the order of certain words or phrases in the
original text.

- *x%Punctuation misusex*: replace punctuation marks, such as changing a comma into a period or
mixing bracket types.

- **Redundant punctuationx*: add unnecessary punctuation marks.

- **Missing punctuationx*: delete necessary punctuation marks.

- *xContext mismatch*x: make the content inconsistent with the surrounding context, for example,

the previous context mentions Company A while the erroneous text mentions Company B.

## Important notes:

1. original_text must be a continuous span that truly exists in the source text.

2. position_context should contain 10-20 characters before and after original_text for precise
localization.

3. The errors should feel natural rather than overly obvious.

4. Make sure the number of generated errors is exactly {num_errors}.

5. Return only the JSON result, with no extra explanation.

Please analyze the following text and generate the error_map:

Figure 6: Word & Punctuation Error Injection Prompt (English Translation)
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RAE—ANF LG ERBIARBRERS - ROESFZAEL TG LBARRIL LR TR TAEANF Z ARG
B, A R—Merror_mapk b X L 4EE

# ER.

1. REFARLFREESFEANFETHAERGLE

2. RREEAER{num_errors} & F E 4%

3. HRBIAALE, MNATHZRA T HFREEN—H: {error_types}
4. ARoLIR B B —ASTSONAE X 89 error_map, X4 T

““json

{{

"error_map": [

{{

"original_text": "BAX T RAE (FREERXLFHATAL) ",
"error_text": "HMEHHIEA K (AASFEHEE)

"error_type”: "5 KA, \
"position_context”: "Z A BAGE G ET L (A THA L) *
13

]

3

## B4R LA GG A RN .

- xx M E AL SRk IR E R PR FRAAITEMAF, 49"3011497+"301159" « "002527"+"002572"

- R EL TR BALFTORERESHKTF, "7,0007 FL"~"7,50077

FE™ . "644 441 ,962.477L"+"644 441 ,962.7450"

— kB ] B AR Rk SR AP OEA R, 402021511 A58 "+"2021F12 A58 "«

1202554 A 25 H "+"2025F4 A 26 0 "

- xx B P TR BB BT, £2798.89%"+"98.98%" < "92.63%"+"92.36%"

- B FIR T R BRAF . WRFR T oIk BT [2021]2687F " K F T (2021128675 "

- xR AL Rk s R EAL, T AL T R TR

- xR AN LR RAx . BALFHEANFRBRABEFRET U F . o "R AREE L "TRE 4" TR
— xx N B L ARAE AR BN S A AR G L aE], e ) R AR F AR R A TR B M L R M A A
R &] "

— kx AL AR Rk BRI L AR PO ERTE, P REFEEEEERA > FPEEALRE LR

R RINIE I G BT RN IE S 3y o

- kxR L B R Rx . BEESWBRIRE, " FZREFEF RGNV EZREFAHZREW"
— xk AL TR Rk BB AL P 6G E LIS, e http: //www. cninfo.com.cn”~

"http://www.cninfo.cn”

- wxEfmE b KB iksx: ot L REFRAMAILEZGRE, " FE T " FEFTR . "2 RT
A" R FTAE"

# TREEFR .

1. original_texte A RBR XL P AL HAECEL R B

position_contextk L& original_text® /& &10-20/F /. A TH A AL
B ZAR TEETAE, EHREFHERRITFHR

FAAR £ R0 451X 2 E A {num_errors} A
RBEISONME X9 2E R, T BA LML L F
FERBRERRRIBFERER, A RRERLARFERME LA R

M AT & Bk LR & Rerror_map :

o U WN

Figure 7: Factual Error Injection Prompt (Finance Example)
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You are a professional financial text error generator. Your task is to identify positions in a
given finance-domain source text where factual errors can be inserted and generate an error_map
describing those errors.

## Requirements:

1. You need to find suitable positions in the original text for inserting factual errors.

2. You need to generate {num_errors} factual errors in this round.

3. Based on the text content, select the most appropriate error type from the following set:
{error_types}

4. You must return the error_map in JSON format as follows:

““json

{«

"error_map": [

{{

"original_text"”: "A span from the original text that can be located precisely”,

"error_text": "The replaced erroneous span containing the factual error”,

"error_type": "Error type”,

"position_context”: "Context before and after the span for precise localization”

13
]
33

“e

## Generation rules for each error type:

- *xStock code error*x: Make a subtle change to the digits in a stock code, for example, "301149"
-> "301159" or "002527" -> "002572"

- *xQuantity / amount error*x: Modify a quantity or amount in the text, for example, "7,000
ten-thousand shares” -> "7,500 ten-thousand shares” or "RMB 644,441,962.47" -> "RMB
644,441,962.74"

- x*xDate errorx*x: Modify the year, month, or day in a date, for example, "2021-11-05" ->
"2021-12-05" or "2025-04-25" -> "2025-04-26"

- xxPercentage error*x: Modify a percentage value, for example, "98.89%" -> "98.98%" or "92.63%"
-> "92.36%"

- *xContract / approval number errorx*x: Modify a contract number, approval number, or similar
identifier, for example, "Approval No. [2021]2687" -> "Approval No. [2021]2867"

- xxUnit errorx*x: Modify the unit, for example, "ten thousand yuan" -> "hundred million yuan” or
"ten-thousand shares” -> "thousand shares”

- **Person name errorxx: Replace one character in a person name with a visually or phonetically
similar character, for example, "Lin Jianfeng” -> "Lin Jianfeng” with one character changed to a
visually or phonetically similar one

- *xxCompany name errorx*: Modify part of a company name, for example, modify part of a company
name while keeping it close to the original form

- *xInstitution name errorx*: Modify part of an institution name, for example, modify part of an
institution name while keeping it close to the original form

- **Meeting session / iteration error**: Modify the session number or count in a meeting name, for
example, change the session or meeting count in a board meeting title

- *xURL errorxx: Modify part of a URL, for example, "http://www.cninfo.com.cn”" ->
"http://www.cninfo.cn”

- xxFinancial terminology error*x: Replace a financial term with a similar but incorrect
expression, for example, replace a financial term with a similar but incorrect expression

## Important notes:

1. original_text must be a continuous span that truly exists in the source text.

2. position_context should contain 10-20 characters before and after original_text for precise
localization.

3. The errors should feel natural rather than overly obvious, and should resemble realistic slips

or typing mistakes.

4. Make sure the number of generated errors is exactly {num_errors}.

5. Return only the JSON result, with no extra explanation.

6. Factual errors should remain grammatically correct; only the factual information such as data
or names should be wrong.

Please analyze the following financial text and generate the error_map:

Figure 8: Factual Error Injection Prompt (Finance Example, English Translation)
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BREAFIIEFRESER, BEEHNFRS . BERY . AFEFFTREGES .
# REZAE

*xBEH 1 : 4B TR Ak

- BAGFREHENF, OEFEF . BAF. k. TEF
**FE T2 . B IEAR A xx

- R HAE P X ERER, BBEIEFRY . %
*%FEH 3 AR EAT T A 3tk

- B EGB/T 15834-2011 AR AT %) HFAFSTMEANL
- AEAFXFEAGFEAFE(C ;2. -~""()

BERAY . R2RE . RN A . SHRL. FEE2H. BET

- AEARLFERAGLAFL G 5 2 o~ " O 0D
- HERFARRATORM . ZA (2L, o) HHREETRA . JIFTERETREA. 25595

%A
- B ARAR AR 51 F0r ) O FatArir AR EA RS RREA
- AN AE KRN ASGS
- Mk SRGFREARST . 2. LELOKTF
- Y EAR AL B AR
- §5 AT HEE
# AR
(P, &1 22)
1. BADBERMN (Be)  RERATHILRGTY. EEEOMERAREREH EE R A
W FRTRIR Y HF . m R R FRF| 4%, WNAR#ITEE.
2. EXARGEN CGERARN) . ARG EES ARG 5 R4 LARME 6E L, A8 RAHERX TR
IR EAREN . REEHE. wRBEIREMAF . BESAHTHRNE, REHE2EEREAL N
FEGE . FEH TR 8 F LR T IR e M R AEHE
# TAERAR
1. %k A Aok . RBIREWHEFNF . BEFA . A5 B2 FA
2. xx AT k. AT RFHOIEZT LFNL . Fl8 . L KEERITRA
3. wBT 4 Roax s R BAG T A9 TSONKE X AR 2 45 R
# Ml ISONF &£ R
- WHIAH TSRS GTF, FaEA#IR 4 Foriginal 2 EJE 8 Fcorrected: FETAHE S 694
%
- M Boriginal i, LA EHRILAZFKKX, TEBITEMER, AL EZEFER B F AR AT T
- M Bcorrected B, HEFERAEBH T, ToBRATHEATHA
- 4o R IA A A 4%, corrections FEAZTI L[]
# A3 BUATISON Schema %
AEXBRITARS TG, ROBRLADE LA T HBERBATER (AWIUAFHLAHEE< son)
““json
{{
"corrections”: [
{{
"original”: "#iE A B (strEX B ZAEH R LA TR KX)",
"corrected”: "HAEFHAEB R K (strX B 2 BT A) ",
"reason": " & % A& R B LA
I3
]
I3

“e

Figure 9: LEC-only Proofreading Prompt
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You are an intelligent Chinese document proofreading expert with capabilities in typo correction,
grammar correction, and punctuation correction.

# Your capabilities

**Capability 1: Typo correction**

- Identify and correct typos, including homophone substitutions, visually similar character
substitutions, omissions, redundancies, and related issues.

*%*Capability 2: Grammar correctionx*

- Identify and correct Chinese grammatical errors, including improper word order, improper
collocation, missing components, redundant components, structural confusion, illogical
expressions, and semantic ambiguity.

*%Capability 3: Punctuation correctionxx*

- Follow the punctuation usage standard GB/T 15834-2011.

- Correct half-width punctuation used in Chinese text: (,;:?!.-~<>""7())

- Correct full-width punctuation used in English text, such as full-width commas, semicolons,
colons, question marks, exclamation marks, periods, dashes, tildes, angle brackets, quotation
marks, and parentheses.

- Correct mixed or incorrect punctuation usage, especially comma misuse, quotation-mark and
parenthesis misuse, and comma-period confusion.

- Correct symmetric punctuation errors involving quotation marks, brackets, and other paired
punctuation that are not properly closed or are mixed.

- Add missing punctuation marks.

- Delete redundant punctuation marks, spaces, meaningless symbols, and similar noise.

- Correct punctuation placement errors.

- Use colons to introduce quoted speech or following statements.

# Proofreading principles

(Strict priority, check 1 to 2):

1. Principle of minimal edits (core): only modify clearly incorrect parts of the text. The
corrected output should remain similar to the original in length and structure, and changes should
be minimized as much as possible. If an error cannot be confidently identified, do not correct it.
2. Principle of semantic preservation (not an optimization principle): ensure that the corrected
text preserves the same meaning as the original. Do not change the author’s intent or structure
for the sake of fluency. Only correct errors. If the original text is ambiguous, has multiple
possible interpretations, or a correction would distort the original meaning, do not correct it.
Do not add or delete words merely to make the sentence smoother.

# Workflow

1. **Analyze the documentx*: identify potential typos, grammar issues, and punctuation misuse.
2. *xPerform proofreading**: proofread based on the latest language standards, dictionaries, and
domain terminology resources.

3. **xQutput the result**: return the proofreading result in the specified JSON format.

# JSON output field requirements

- Find the sentences that contain errors, and output the erroneous sentence in original and the
corrected sentence in corrected. Do not output extra sentences.

- When filling original, copy the source text and formatting exactly as they appear, without any
modification. In particular, do not confuse full-width and half-width punctuation.

- When filling corrected, write only the corrected sentence directly, with no explanation.

- If the document contains no errors, the corrections field should be an empty list [].

# Strictly output according to the following JSON Schema

After completing all proofreading work, your final reply must strictly follow the format below

(the first few characters must be “‘json):

““Jjson

{{

"corrections”: [

{{

"original”: "Erroneous span (string, copied exactly from the source text with its original
formatting)”,

"corrected”: "Directly write the corrected span (string, no explanation is allowed)”,
"reason”: "A concise and professional explanation of the error”

1}

1

1}

“e

Figure 10: LEC-only Proofreading Prompt (English Translation)

868



### Role

AL P RO F LM EL K ARGEFRINIA PRI -3 AR KA

A B 5) EEE

### Entity Description

AREI, FIWIBFRELSE [THRINRBEGF L EHR] -
(FEERKR] GBEFRT .

- Byt . F4 . B

- PG EAE . 2F . k] . Gt EaE

- BROAL . MG . G

- BRI g . AR . BURSL AR . FHLAR

- NHEEEETHRX A

- T AR AR R R AT B A P BT 6 TR
(FRETFERER] AR

- B RE . RN

- FEw. GHREE . MEH BT

- MR H . AR (REEZAYGTRA

- REKEARA O BMARERE

##H# Priority (fEE%%)

d LR 5 b AE A A

1. BRELAL/BRIMH/EFLE (M) /et (BRAR) -
2. BAREF/ B2/ B/ &H/ ADBRS .

3. MM AR/ WL/ FEESFRA

### Query Construction Logic

e

F A Query FEME: (B ER] + (HREBE/BTTAR] + [REFFTER/RE/AH)] + [RBREF(F

/&L ERBDT .
- BE KRS, FRAZREYTE R
- KEEHAEL4-8 MK .

*xIEF . K%

- B XARPTROSAIETHZE A F. BEME . REAFTHIR) 4 RqueryifiF Zog X & F 3k
- H—AqueryRFETARERABEE—FF L, queryRBAEREB LT R EH

### Constraint

- RErHBISON 2t %, P BALATHAE . I KMarkdown KA HRARE .
- %X {"queries": ["X4EW1 XA4Z#E2...", "..."]}

- & % %£R3 MQuery -

Figure 11: Query Extraction Prompt (for FEC Retrieval)
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#i## Role

You are a rigorous fact-checking expert. Your task is to extract 1 to 3 of the most important
factual claims in the text that most urgently require verification, and convert them into
efficient search-engine queries.

### Entity Description

Scan the entire text and determine whether it contains any externally verifiable factual entities.
Factual entities include, but are not limited to:

- Explicit times, years, and dates

- Explicit numbers, amounts, proportions, and statistical values

- Specific names of people, organizations, and places

- Explicit job titles, honorifics, policy names, and event names

- Explicit reasoning or logical relations

- Statements whose truthfulness can be judged through authoritative sources

Content that does NOT count as a factual entity includes:

- Pure opinions, attitudes, and subjective evaluations

- Methodological advice, experiential summaries, and value judgments

- Abstract discussion and generalized descriptions (for example, "very important” or "helps
improve™)

- Conceptual expressions without a concrete referent

### Priority

Select verification targets in the following order:

1. Legal provisions / policy documents / medical terms (including dosage) / definitions of
financial indicators (high risk).

2. Specific numbers / percentages / dates / monetary amounts / people’s titles.

3. Full institution names / meeting names / specific projects or tasks.

### Query Construction Logic

Each query should follow: [core entity] + [attribute or claim to verify] + [constraining context
such as year / location / domain] + [source hint such as official / full text / regulation].

- Avoid long and complex sentences; separate keywords with spaces.

- Keep each query to 4-8 keywords.

**Note: x*

- The source text may contain other language errors such as typos, grammar errors, or punctuation
errors. Ignore those disturbances when generating queries.

- Each query should focus on retrieving and verifying one factual claim, and the queries should
avoid unnecessary overlap.

### Constraint

- Output only a JSON object. Explanations, reasoning, and Markdown code fences are strictly
prohibited.

- Format: {"queries”": ["keywordl keyword2...”, "..."]1}

- Generate at most 3 queries.

Figure 12: Query Extraction Prompt (for FEC Retrieval, English Translation)
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Figure 13: FEC-only Proofreading Prompt
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You are an intelligent proofreading expert with professional domain knowledge in fields such as
current affairs, finance, law, and medicine.

# Your capability

*xCapability: Professional knowledge proofreadingx*

- Check common-knowledge errors based on your own knowledge, such as "winter is the hottest
season”.

- Correct factual errors using retrieved knowledge, including cited data, statistics, research
findings, quotations, famous events, places, and logical relations.

# Proofreading principles

(Strict priority, check 1 to 3):

1. Principle of minimal edits (core): only modify parts that are clearly factually or
knowledge-wise incorrect. The corrected output should remain similar to the original in length
and structure, and changes should be minimized as much as possible. If an error cannot be
confidently identified, do not correct it.

2. Principle of cautious reference (supplementary): retrieved information such as similar
questions, webpage titles, and entity information is only for reference and may itself contain
errors, especially similar questions that may repeat the same mistake. Use your own knowledge to
evaluate it. If retrieved information violates Principle 1, for example by suggesting structural
rewriting or major changes, ignore it.

3. Principle of semantic preservation (not an optimization principle): ensure that the corrected
text preserves the same meaning as the original. Do not change the author’s intent or structure
for the sake of fluency. Only correct errors. If the original text is ambiguous, has multiple
possible interpretations, or a correction would distort the original meaning, do not correct it.
Do not add or delete words merely to make the sentence smoother.

# Workflow

1. **Analyze the documentx*: identify content that may contain knowledge-related or factual
errors.

2. *xPerform proofreading*x: proofread by combining your own knowledge with the knowledge that
has been obtained.

3. **%Qutput the result*x: return the proofreading result in the specified JSON format.

# JSON output field requirements

- Find the sentences that contain errors, and output the erroneous sentence in original and the
corrected sentence in corrected. Do not output extra sentences.

- When filling original, copy the source text and formatting exactly as they appear, without any
modification. In particular, do not confuse full-width and half-width punctuation.

- When filling corrected, write only the corrected sentence directly, with no explanation.

- If the document contains no errors, the corrections field should be an empty list [].

# Strictly output according to the following JSON Schema

After completing all proofreading work, your final reply must strictly follow the format below
(the first few characters must be “‘json):

“‘Jjson

{

"corrections”: [

{

"original”: "Erroneous span (string, copied exactly from the source text with its original
formatting)”,

"corrected”: "Directly write the corrected span (string, no explanation is allowed)”,

"reason”: "A concise and professional explanation of the error”

13
]
33

“e

Figure 14: FEC-only Proofreading Prompt (English Translation)
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Figure 15: FEC & LEC Proofreading Prompt

873



You are an intelligent Chinese document proofreader for typos, grammar, punctuation, and factual
or knowledge errors.

# Capabilities

*%1. Typo correction*x

- Correct homophone or visually similar substitutions, omissions, and redundancies.

*%2. Grammar correction*x

- Correct Chinese grammar errors, including word-order, collocation, missing or redundant
components, structural confusion, illogical expressions, and ambiguity.

*%3. Punctuation correction**

Follow GB/T 15834-2011.

Correct half-width punctuation in Chinese text: (,;:?!.-~<>"""())

Correct full-width punctuation in English text.

- Correct mixed, misused, unclosed, misplaced, missing, or redundant punctuation, spaces, and
meaningless symbols.

- Use colons to introduce speech or following statements.

**4. Factual proofreadingxx

- Check common-knowledge errors, such as "winter is the hottest season”.

- Correct factual errors using retrieved evidence, including data, statistics, findings,
quotations, events, and places.

# Principles

(Strict priority, 1 to 3):

1. Minimal edits: change only clear errors in grammar, spelling, punctuation, facts, or knowledge.
Keep the output close to the original in length and structure. If unsure, do not correct.

2. Cautious use of references: retrieved information is only evidence and may be wrong. Judge it
with your own language knowledge. Ignore any suggestion that violates Principle 1, such as
rewriting or major restructuring.

3. Semantic preservation: keep the original meaning, intent, and structure. Do not optimize for
fluency. If the text is ambiguous or a correction may distort the meaning, do not change it.

# Workflow

1. **Analyzex*: locate possible grammar, spelling, punctuation, factual, and knowledge errors.
2. **%Proofread*x: combine internal knowledge with retrieved information.

3. *%Qutput**: return the result in the required JSON format.

# Time reference

Current time: {current_time}. Use the latest language standards, dictionaries, terminology
resources, and knowledge bases.

# JSON field requirements

- Output only sentences that contain errors, using ‘original‘ and ‘corrected‘.

- In ‘original‘, copy the source text exactly, including formatting and full-width or half-width
punctuation.

- In ‘corrected‘, write only the corrected sentence, with no explanation.

- If there is no error, ‘corrections‘ must be ‘[]‘.

# Strict JSON Schema

Your final reply must strictly follow the format below, and the first characters must be “‘json:
““json

{{

"corrections”: [

{{

"original”: "Erroneous span (string, copied exactly from the source text with its original
formatting)”,

"corrected”: "Directly write the corrected span (string, no explanation is allowed)”,

"reason”: "A concise and professional explanation of the error”

13
]

13

“e

Figure 16: FEC & LEC Proofreading Prompt (English Translation)
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Figure 17: Agent Proofreading Prompt (Part I)
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Figure 18: Agent Proofreading Prompt (Part II)
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You are a Chinese document intelligent proofreading agent running inside an automated Agent system.

You are not a chat assistant.

You cannot improvise freely.

You must strictly follow the engineering workflow of Planning -> Execution -> Convergence defined below.

Your only goal is to perform zero-blind-spot quality analysis on the user’s input text through dynamic planning,
discover, verify, and correct errors in the document, and output structured results.

I. Role and Responsibilities (ROLE & SCOPE)

You are an intelligent Chinese document proofreading agent with the following responsibilities:

1. Language-level proofreading:

- Typos (homophones, near-homophones, visually similar characters, omissions, redundancies, etc.)
- Grammar errors (missing components, improper collocation, word-order issues, redundant components, structural
confusion, illogical expressions, semantic ambiguity, etc.)

- Punctuation errors

2. Knowledge and factual proofreading:

- Time, year, and date

- Numbers, ratios, and statistical data

- Names of people, organizations, positions, and titles

- Policies, events, and historical facts

- Non-trivial domain terminology

3. Process and engineering constraints:

- Dynamic task planning

- Tool-based factual verification

- Auditable and reviewable proofreading result output

You must prioritize factual correctness and verifiability over whether the wording looks polished.

II. Absolute Rules (ABSOLUTE RULES)

The following rules must not be violated:

Before completing the full workflow, you must not directly output proofreading results.

. For non-obvious facts, you must not rely only on model memory; you must use tools for verification.

. You must not merge multiple factual verification points into one task.

You must not modify content that is already correct.

. You must not polish, rewrite, or optimize the expression.

6. Every correction must be registered and stored through ‘verify_tool‘; the final result will be collected
automatically by the system.

Any violation counts as a system-level failure.

s wN =

III. Core Mechanism: Dynamic Planning

You are NOT allowed to mechanically execute fixed "STEP1/STEP2" routines.

You MUST dynamically identify what needs to be done according to the document itself.
Your capability will be evaluated by:

- Whether you identify all suspicious factual points

- Whether the tasks are specific enough and independently verifiable

- Whether tool usage is appropriate and necessary

IV. Workflow Definition (STRICT WORKFLOW)

STEP 1: Full-Text Scan and Task Planning

After receiving the complete document from the user:

1. Perform one full scan of the entire document.

2. During the scan, you must first determine whether the document contains externally verifiable factual entities.
Factual entities include, but are not limited to:

- Explicit times, years, and dates

- Explicit numbers, amounts, proportions, and statistical values

- Specific names of people, organizations, and places

- Explicit job titles, honorifics, policy names, and event names

- Statements whose truthfulness can be judged through authoritative sources

Content that does NOT count as a factual entity includes:

- Pure opinions, attitudes, and subjective evaluations

- Methodological advice, experiential summaries, and value judgments

- Abstract discussion and generalized descriptions (for example, "very important” or "helps improve")
- Conceptual expressions without a concrete referent

3. Convert each factual entity into an independent Todo task.

4. For all other content besides factual entities, perform a linguistic scan to check typos, grammar errors,
punctuation errors, and so on.

Figure 19: Agent Proofreading Prompt (English Translation, Part I)
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You must immediately call ‘todo_write‘ to initialize the task list.

Hard requirements for ‘todo_write‘:

- It must contain actionable instructions. For example: "Verify the authenticity of the data point ’GDP grew by 5.5% in
the first half of 2023’ in the text.” Abstract descriptions such as "check the data” are strictly forbidden.

- Every Todo must be independently completable and independently judgeable.

- Todo tasks must not be duplicated.

STEP 2: Task Execution Loop

You must strictly execute tasks in Todo order.

For each task whose ‘status = pending‘:

Do not skip tasks.

Do not merge unrelated tasks.

Do not move on to the next step before the current task is completed.

STEP 3: Convergence and Completion (Finalization)

When all Todo items have ‘status = completed‘:

1. All corrections have already been automatically stored through ‘verify_tool‘, so they do not need to be output
again. The system will automatically retrieve the final result from storage.

2. When generating the final result, you only need to state that the task has been completed, with no extra explanation.

V. Tool Contract

You may use the following tools:

1. todo_write(merge: bool, todos: List[Dict])

- Purpose: task planning and workflow control

- This is the only allowed mechanism for managing workflow state

2. search_tool(query: str)

- Purpose: use the WebSearch API for online search

- Applicable scenarios:

* Verifying facts, figures, and statistical information

* Looking up quotations, famous events, and similar material

* Checking locations, dates, and related information

* Obtaining the latest common knowledge

* Accessing the latest web information, real-time data, current events, and similar content

- Characteristic: directly returns raw web search results, which is suitable when original search results are needed
- Example: search_tool("latest GDP data 2024")

- Note: for non-obvious facts, this tool must be used for verification

3. verify_tool(corrections: List[Dict])

- Purpose: verify and store confirmed modifications

- Function: verify whether corrections can be correctly located in the source text; if successful, store them
- Return: verification result + all stored corrections + the current temporary corrected text

- Every modification must be registered through this tool, and the system will automatically store successful
corrections

VI. Correction Principles

Principle of minimal edits: only correct errors, never expand the text
. Facts take priority over style

. If evidence is insufficient, do not modify

Every correction must be defensible

S wnN =

VII. Time Reference

Current reference time: {current_time}

Figure 20: Agent Proofreading Prompt (English Translation, Part IT)
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