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Abstract

Although Large language Model (LLM)-powered informa-
tion extraction (IE) systems have shown impressive capa-
bilities, current fine-tuning paradigms face two major limi-
tations: high training costs and difficulties in aligning with
LLM preferences. To address these issues, we propose a novel
universal IE paradigm—the Self-Correcting Iterative Refine-
ment (SCIR) framework—along with a Multi-task Bilingual
(Chinese-English) Self-Correcting (MBSC) dataset contain-
ing over 100,000 entries. The SCIR framework achieves plug-
and-play compatibility with existing LLMs and IE systems
through its Dual-Path Self-Correcting module and feedback-
driven optimization, thereby significantly reducing training
costs. Concurrently, the MBSC dataset tackles the challenge
of preference alignment by indirectly distilling GPT-4’s ca-
pabilities into IE result detection models. Experimental re-
sults demonstrate that SCIR outperforms state-of-the-art IE
methods across three key tasks— named entity recognition,
relation extraction, and event extraction—achieving a 5.27
percent average improvement in span-based Micro-F1 while
reducing training costs by 87 percent compared to baseline
approaches. These advancements not only enhance the flex-
ibility and accuracy of IE systems but also pave the way for
lightweight and efficient IE paradigms.

Code & Datasets & Extended version —
https://github.com/Franklin-Fang/SCIR

Introduction
Information Extraction (IE) stands as a pivotal technology
within the field of Natural Language Processing (NLP), ded-
icated to automatically extracting and structure key informa-
tion from unstructured text (Wilks 1997). Its research pri-
marily revolves around three fundamental tasks: named en-
tity recognition (NER), relation extraction (RE), and event
extraction (EE). In recent years, as LLMs increasingly estab-
lish themselves as mainstream solutions for NLP tasks (Gu
and Dao 2023; Jiang et al. 2025; Zhang et al. 2023; Xiong
et al. 2025; Wan et al. 2024; Yang, Tang, and Tam 2023; Han
et al. 2025; Mao et al. 2025), there has been a burgeoning
academic interest in exploring the full potential and bound-
aries of LLMs within the IE domain. Several notable ad-
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Figure 1: Traditional IE methods vs. our SCIR framework.

vancements have emerged in this pursuit (Xiao et al. 2023;
Gui et al. 2024; Luo et al. 2024; Li et al. 2025). For instance,
OneKE (Luo et al. 2024) achieved significant performance
enhancements by leveraging data synthesis and fine-tuning
strategies tailored to IE tasks. ChunkUIE (Li et al. 2025)
introduced an innovative chunk-based extraction methodol-
ogy, offering a fresh perspective on structured information
retrieval from text. Furthermore, RUIE (Liao et al. 2025)
integrated retrieval augmentation techniques into IE work-
flows, setting a new state-of-the-art benchmark.

Despite their promise, LLM-based IE models still face
two major challenges: (1) High training costs and limited
model flexibility. Current mainstream methods predomi-
nantly rely on fine-tuning techniques to enhance domain-
specific performance. However, this approach not only de-
mands substantial computational resources and time, but
also weakens the model’s semantic understanding capabil-
ities and restricts its generalization performance in new do-
mains. More critically, existing frameworks are often tightly
coupled with specific underlying models, making it difficult
to adapt to their rapid iteration cycles (e.g., the GPT se-
ries updates every 3-6 months). The high cost of retraining,
often taking weeks or even months, further impedes users
from promptly adopting newer and more advanced models.
(2) Difficulty in aligning model preferences. Existing in-
formation extraction models are significantly constrained by
the inherent biases and blind spots present in human anno-
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tations. For edge cases that are often overlooked or prone
to errors during the annotation process, these models lack
remedial mechanisms and cannot completely eliminate such
errors simply by increasing the volume of data. Furthermore,
traditional supervised training adheres to a “static annota-
tion to static inference” paradigm, lacking dynamic feed-
back and self-correction capabilities for addressing model
error patterns. This hinders the models’ ability to effectively
enhance the accuracy and consistency of their outputs when
confronted with unknown or complex contexts.

To address these challenges, we propose a novel IE
paradigm (as depicted in Figure 1) and introduce the Self-
Correcting Iterative Refinement (SCIR) framework, which
achieves breakthroughs through the following innovations.
Specifically, to tackle the first challenge, we designed the
SCIR framework to eliminate the need for fine-tuning ex-
traction models. This framework leverages a Dual-Path Self-
Correcting mechanism and a Feedback-Driven Optimization
mechanism to enhance the flexibility of IE systems. The
Dual-Path Self-Correcting mechanism verifies the complete-
ness of extraction results through two pathways: redundancy
detection and missing detection. The Feedback-Driven Op-
timization mechanism generates iterative prompts based on
verification results to drive a context-learning-based iterative
generation process. This design enables flexible substitution
of IE models while requiring only a single training session
for the Dual-Path Self-Correcting mechanism, regardless of
model replacements—significantly enhancing system flex-
ibility. To address the second challenge, we constructed a
Multi-task Bilingual Self-Correcting (MBSC) training set
based on the IEPile dataset (Gui et al. 2024), specifically
designed for model preference alignment training. Unlike
traditional static datasets reliant on manual annotations,
the MBSC dataset centers on error instances generated by
GPT-4 in information extraction tasks. It systematically col-
lects edge cases often overlooked, annotation blind spots,
and model error-prone points, followed by multi-task label-
ing. By incorporating real-world error scenarios, MBSC en-
hances the diversity of training samples, enabling models
trained on MBSC to identify biases in extraction results and
provide dynamic feedback signals to extraction models. Our
main contributions can be summarized as follows:

• Framework Paradigm Shift: We propose SCIR, a pi-
oneering fine-tuning-free IE paradigm that achieves ex-
ceptional generalization via integrating Dual-Path Self-
Correcting and Feedback-Driven Optimization mecha-
nisms, enabling seamless IE base model substitution and
iterative refinement while ensuring cost efficiency.

• Specialized Dataset Synthesis: We introduce MBSC, an
innovative dataset tailored for error correction and pref-
erence alignment in IE models, systematically capturing
edge cases, annotation blind spots, and model errors to
enhance training diversity and robustness.

• Empirical Performance Breakthrough: Through com-
prehensive zero-shot transfer evaluations across 11 mul-
tilingual benchmarks, we demonstrate SCIR’s outstand-
ing effectiveness with an 5.27% average F1-score in-
crease, underscoring its potential to revolutionize IE

by providing a plug-and-play solution that cuts training
costs while maintaining high performance.

Related Work

The evolution of information extraction (IE) has under-
gone three distinct phases. Early rule-based systems (Chiti-
cariu, Li, and Reiss 2013; Maturana, Riveros, and Vrgoč
2017; Thenmozhi and Aravindan 2018) utilized manually
engineered patterns (e.g., regular expressions) for domain-
specific tasks, but their poor generalization across domains
and high maintenance costs motivated the shift toward sta-
tistical and machine learning approaches. Methods such
as Hidden Markov Models and Support Vector Machines
(Cortes and Vapnik 1995) leveraged annotated corpora to
improve model adaptability. Currently, deep learning domi-
nates IE research, with Transformer-based architectures like
BERT (Devlin et al. 2019) achieving state-of-the-art perfor-
mance through large-scale pretraining, particularly in rela-
tion and event extraction tasks.

Modern IE frameworks primarily follow two paradigms:
open IE and schema-based IE (Qi et al. 2024). Open IE sys-
tems extract unstructured semantic triples (e.g., for question
answering) without predefined schemas (Lou et al. 2023),
necessitating post-hoc standardization through clustering or
alignment techniques (Ma et al. 2023; Lu et al. 2022).
In contrast, schema-based IE—common in specialized do-
mains—adheres to structured templates (e.g., entity-relation
taxonomies or event hierarchies) to ensure extraction preci-
sion and interoperability (Tedeschi and Navigli 2022; Zheng
et al. 2017). These schemas range from flat entity lists to
complex nested structures, providing explicit constraints to
guide the extraction process (Wang et al. 2025).

Recent advancements have integrated LLMs into IE
through two primary strategies: direct extraction and pre-
trained language model (PLM)-assisted extraction. Direct
extraction has evolved from supervised fine-tuning to gen-
erative paradigms, exemplified by UIE’s unified text-to-
structure framework (Zhao, Wang, and Kang 2022) and In-
structUIE’s multi-task instruction tuning (Wang et al. 2023;
Liao et al. 2025; Li et al. 2025). PLM-assisted methods
adopt hybrid architectures where LLMs either serve as pri-
mary extractors with PLMs for retrieval/calibration (Li et al.
2023; Zhang et al. 2024), or where PLMs perform extraction
while LLMs generate synthetic training data (Zaratiana et al.
2024; Xu et al. 2023). This synergy has also spurred novel
hybrid evaluation protocols (Fan et al. 2024).

Unlike existing approaches that treat fine-tuning and in-
context learning as separate paradigms, our SCIR frame-
work uniquely unifies these mechanisms within an LLM-
assisted architecture, demonstrating superior performance
through rigorous experimental validation.

Methodology

We first introduce the proposed SCIR framework, and then
detail the construction of the MBSC dataset.
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Figure 2: The architecture of SCIR, the number of iterations K is a hyperparameter.

SCIR Framework
As depicted in Figure 2, the SCIR framework enhances ex-
traction quality through iterative refinement. The architec-
ture consists of four core components: (1) an information
extraction module, (2) an iterative pruning module, (3) a
dual-path self-correcting module, and (4) a feedback-driven
optimization module. These components operate in a syn-
ergistic pipeline to progressively improve extraction results
through coordinated interactions. Below, we provide de-
tailed descriptions of each module’s structural design and
functional mechanisms. The corresponding algorithmic im-
plementation is detailed in Algorithm 1.

Information Extraction Module The Information Ex-
traction Module is shown as the Extraction block in Fig-
ure 2. This module introduces a flexible paradigm distinct
from conventional methods requiring domain-specific fine-
tuning, supporting three extractor configurations: (1) un-
trained LLMs (Yang et al. 2025; DeepSeek-AI 2025; Meta
AI 2024); (2) domain-adapted fine-tuned variants (Luo et al.
2024); and (3) existing IE frameworks (Liao et al. 2025).
Initial extraction performs preliminary information extrac-
tion on raw text using basic instruction templates, while sub-
sequent iterations dynamically refine results through opti-
mized prompts filtered by the detection module. This de-
sign achieves dual advantages: plug-and-play compatibility

with new models via standardized interfaces, enabling rapid
integration without architectural modifications, and perfor-
mance enhancement of existing models through in-context
learning capabilities that iteratively guide the extraction pro-
cess with refined prompts.

Result Pruning Module The Result Pruning Module ad-
dresses the efficiency challenge in iterative extraction by
strategically identifying correct results for early termination.
Recognizing that raw extraction outputs may already contain
valid answers, we designed a discriminative pruning mecha-
nism to bypass unnecessary iterations for confirmed-correct
data. As depicted in the Pruning block of Figure 2, this com-
ponent employs a Qwen3-4B (Yang et al. 2025)-based clas-
sifier trained on the MBSC dataset to partition extraction
results into two categories: Positive samples meeting con-
fidence thresholds are immediately output as final results,
while Negative samples with potential errors are routed to
the Dual-Path Self-Correcting module for refinement. This
binary classification method effectively reduces computa-
tional load via early termination while ensuring accuracy by
rectifying ambiguous results.

Dual-Path Self-Correcting Module The Dual-Path Self-
Correcting Module enhances iterative extraction by simulta-
neously resolving redundancy and omission issues through a
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Algorithm 1: Overall workflow of SCIR
Input: Max Iterations : K, Basic Prompt : Bprompt, Data
Output: Answerset
1: Answerset = {}
2: Roundprompt = Bprompt

3: round = 0
4: while Data ̸= ∅ and round ≤ K do
5: Genresult ← LLM(Roundprompt ⊕Data)
6: Checkpos, Checkneg ← Prunmodel(Genresult)
7: if Checkpos ̸= ∅ then
8: Answerset ← Answerset ∪ Checkpos
9: Data← Data− Checkpos

10: end if
11: if Checkneg ̸= ∅ then
12: Redset ← Redmodel(Checkneg)
13: Misset ←Mismodel(Checkneg)
14: Redprompt ← RPmaker(Redset)
15: Misprompt ←MPmaker(Misset)
16: end if
17: Iterationprompt ← Redprompt ∪Misprompt

18: Roundprompt ← Bprompt ⊕ Iterationprompt

19: round← round+ 1
20: end while
21: if round = K then
22: Answerset ← Answerset ∪ Checkneg

23: end if
24: return Answerset

joint detection architecture. As illustrated in Figure 2’s Self-
Correcting block, this system employs two parallel paths:
(1) Redundancy Detection Path systematically analyzes
extraction outputs to identify and aggregate Redundancy In-
formation into a structured Redundancy set, while (2) Miss-
ing Detection Path verifies logical and contextual coher-
ence, generating a missing set. Both paths are also Qwen3-
4B models fine-tuned by MBSC dataset. Additionally, any
format violations detected during analysis are compiled into
a FormatError set. Redundancy, Missing and FormatError
sets provide multi-dimensional correction signals that en-
able precise error localization while maintaining full inter-
pretability of the optimization process. The dual-path design
achieves synergistic effects: the redundancy path ensures
output conciseness, and the missing path guarantees com-
pleteness, collectively enhancing extraction quality through
interpretable iterative refinement.

Feedback-Driven Optimization The Feedback-Driven
Optimization module implements a closed-loop refinement
system by injecting detection results into adaptive prompts.
As shown in Figure 2, three diagnostic feedback streams
generate specialized prompts: Redundancy Prompt, Miss-
ing Prompt, and FormatError Prompt. These prompts are dy-
namically fused with Basic Prompt into composite prompts,
while preserving contextual semantics that guide LLM iter-
ations, with each cycle incorporating updated feedback for
progressive quality improvement.

MBSC Dataset
Traditional IE models rely on manually cleaned data for
fine-tuning, which makes it difficult to effectively align with

Dataset Lang. Task Domain
COAE2016 ZH RE Web Text
SKE2020 ZH RE Commercial
Wiki-ZSL EN RE Encyclopedia
FewRel (Han et al. 2018) EN RE Experiment
Boson ZH NER Financial
Weibo ZH NER Social Media
CrossNER (Liu et al. 2021) EN NER Experiment
CCF Law ZH EE Legal
FewFC (Sheng et al. 2021) ZH EE Judicial
RAMS EN EE News
WikiEvents EN EE Encyclopedia

Table 1: Dataset details.

the model’s prediction preferences. To align with the prefer-
ences of the Pruning module and the Self-Correcting module
with the model’s preferences, we created the MBSC dataset
for training the model’s detection capability and preference
alignment. As shown in the Alignment block of Figure 2,
built upon the IEPile dataset (Gui et al. 2024), MBSC em-
ploys GPT-4 to generate predictions for each IE question
and systematically identifies three discrepancy patterns by
comparing to original labels: missing information, redun-
dant content, and correct matches. We employ GPT-4 as
the generative model, as it represents the state-of-the-art in
LLMs. Its characteristic errors often reflect common lim-
itations across comparable models. For missing/redundant
cases, we augment the label with absent content and a miss-
ing/redundant marker. For correct matches, we apply the
<Correct> tag. This model behavior-driven approach con-
structs a training set that precisely evaluates content com-
pleteness while capturing common generation flaws even in
advanced models like GPT-4. Unlike traditional synthetic
methods relying on random modifications, MBSC’s targeted
label reconstruction mechanism achieves deeper alignment
between detection capabilities and generative preferences,
substantially improving the Self-Checking Mechanism’s ro-
bustness through exposure to authentic error patterns from
state-of-the-art models.

Experiments

Experimental Setup

Datasets & Metrics To comprehensively validate our ap-
proach, we selected 11 benchmark datasets spanning three
core IE tasks: (1) Event Extraction: CCF Law, FewFC,
RAMS, and WikiEvents; (2) Named Entity Recognition:
Boson, Weibo, and CrossNER; and (3) Relation Extrac-
tion: COAE2016, SKE2020, and FewRel. Dataset details
are summarized in Table 1. Crucially, all experiments ad-
hered to a strict zero-shot evaluation protocol where test
sets were entirely excluded from training data. For quantita-
tive assessment, we adopted the span-based Micro-F1 met-
ric as the primary evaluation criterion. Based on the iterative
round experiment results, we set the number of iterations to
2, achieving optimal efficiency without compromising effec-
tiveness, and all results are based on this iteration round.
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EE NER RE
Model CCF Law FewFC Avg Weibo Boson Avg COAE2016 SKE2020 Avg
LLama3.1 31.57 32.52 32.05 17.02 29.74 23.38 28.66 34.74 31.70
Qwen3 34.99 41.29 38.14 19.01 35.42 27.21 25.49 36.73 31.11
DeepSeek-R1 38.79 40.81 39.80 24.66 40.67 32.67 32.69 45.32 39.00
YAYI-UIE 12.87 81.28 47.08 36.46 49.25 42.86 19.97 70.8 45.39
IEPile-LLama2 59.90 70.10 65.00 34.97 54.45 44.71 46.70 72.18 59.44
ChunkUIE 61.41 79.75 70.58 35.11 59.00 47.06 48.20 70.91 59.56
OneKE 62.19 80.11 71.15 35.06 72.61 53.84 49.83 72.61 61.22
SCIR-LLama3.1 60.99 63.75 62.37 31.21 58.03 44.62 54.26 67.68 60.97
SCIR-Qwen3 65.86 77.42 71.64 34.11 66.08 50.10 46.96 66.51 56.74
SCIR-DeepSeek-R1 62.45 68.20 65.32 39.68 68.45 54.07 52.45 74.48 63.47
SCIR-OneKE 67.01 85.10 76.05 41.35 68.58 54.97 51.05 73.81 62.43

Table 2: Performance comparison in Chinese IE Tasks. Best results are in bold and the second best are underlined.

EE NER RE
Model RAMS WikiEvents Avg CrossNER Wiki-ZSL FewRel Avg
LLama3.1 10.26 7.13 8.69 26.65 13.65 19.14 16.39
Qwen3 12.67 8.27 10.47 30.90 16.01 17.75 16.88
DeepSeek-R1 13.02 8.68 10.85 37.84 24.98 21.79 23.38
YAYI-UIE 18.87 10.97 14.92 50.39 41.07 36.09 38.58
IEPile-LLama2 23.62 13.93 18.78 56.50 36.18 37.14 36.66
ChunkUIE 19.71 8.67 14.19 58.13 32.23 35.76 33.99
OneKE 22.58 12.43 17.51 60.91 42.18 39.19 40.69
RUIE 26.06 40.64 33.35 65.41 53.16 49.93 51.55
SCIR-LLama3.1 20.53 13.68 17.11 54.71 28.01 38.60 33.31
SCIR-Qwen3 24.70 15.61 20.15 61.51 31.64 34.67 33.17
SCIR-DeepSeek-R1 21.21 13.54 17.37 62.67 42.34 36.55 39.43
SCIR-OneKE 27.04 16.97 22.00 63.70 43.41 45.16 44.29
SCIR-RUIE 26.94 45.74 36.34 65.54 53.71 55.02 54.37

Table 3: Performance comparison in English IE Tasks. Best results are in bold and the second best are underlined.

Baselines We compare SCIR with several representative
baselines, including untuned LLMs (LLama3.1, Qwen3,
DeepSeek-R1), domain-specific models (YAYI-UIE, IEPile-
LLama2, ChunkUIE and OneKE) and current mainstream
IE frameworks (RUIE):

• LLama3.1-8B (Meta AI 2024)1: An open-source multi-
lingual LLM released by Meta, which is suitable for mul-
tilingual conversations and text generation tasks.

• Qwen3-8B (Yang et al. 2025)2: Alibaba’s 8-billion pa-
rameter dense model featuring RL-optimized perfor-
mance in STEM and coding domains.

• DeepSeek-R1-Distill-Qwen3-8B (DeepSeek-AI 2025)
3: This model is developed by DeepSeek through
Chain-of-Thought distillation from its flagship model
DeepSeek-R1-0528.
YAYI-UIE (Xiao et al. 2023)4: A unified IE system
trained on over 1 million human-annotated samples, sup-
porting structured extraction across 12 distinct domains.

• IEPile-LLama2 (Gui et al. 2024)5: A LLaMA2-13B

1https://github.com/meta-llama/llama3.
2https://github.com/QwenLM/Qwen3.
3https://github.com/deepseek-ai/DeepSeek-R1.
4https://github.com/wenge-research/YAYI-UIE
5https://github.com/zjunlp/IEPile.

model fine-tuned using LoRA on the IEPile dataset,
demonstrating robust bilingual IE capabilities.

• ChunkUIE (Li et al. 2025)6: Implements chunked in-
struction processing and hard negative sampling to ad-
dress semantic ambiguity in bilingual IE tasks.

• OneKE (Luo et al. 2024)7: A large-scale model IE
framework featuring bilingual support and generalization
capabilities for multiple domains and tasks.

• RUIE (Liao et al. 2025)8: An English-only extraction
framework utilizing BM25 sparse retrieval for efficient
candidate screening.

Moreover, to assess SCIR’s plug-and-play capability, we
implemented two sets of its variants for comparison: 1)
SCIR based on untuned LLMs (SCIR-LLama3.1, SCIR-
Qwen3 and SCIR-DeepSeek-R1), and 2) SCIR integrated
with representative domain-specific models (SCIR-OneKE)
and mainstream IE frameworks (SCIR-RUIE).

Main Results
Chinese Dataset Performance As presented in Table 2,
the SCIR framework demonstrates outstanding performance

6https://github.com/ChunkUIE/chunkuie.
7https://github.com/zjunlp/OneKE.
8https://github.com/OStars/RUIE.
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Task Dataset w/o Both w/o Red w/o Mis FULL

EE

CCF Law 34.99 63.62 62.73 65.86
FewFC 41.29 70.12 74.44 77.42
RAMS 12.67 21.79 22.71 24.70
WikiEvents 8.27 11.14 13.32 15.61

NER
boson 35.42 64.45 61.27 66.08
WEIBONER 19.01 31.95 31.79 34.11
CrossNER 30.90 57.05 58.39 61.51

RE

COAE2016 25.49 38.55 42.40 46.96
SKE2020 36.73 59.52 62.23 66.51
Wiki-ZSL 16.01 28.45 27.48 31.64
FewRel 17.75 33.11 28.77 34.67

Table 4: Module ablation study results, where ‘w/o Red’ de-
notes using only the missing detection module and ‘w/o Mis’
denotes using only the redundant detection module.

on Chinese datasets. In EE tasks, SCIR achieves excep-
tional results when integrated with vertical domain-specific
models, while showing slightly reduced performance when
combined with base LLMs—likely due to prompt compre-
hension challenges caused by event structure complexity.
Nevertheless, both integration approaches significantly out-
perform baseline systems. For NER tasks, SCIR’s perfor-
mance improvement appears relatively modest, potentially
constrained by the inherent simplicity of the task. In RE
tasks, SCIR excels particularly well, substantially enhancing
the typically mediocre performance of LLMs in this task. We
attribute this improvement to the Dual-Path Self-Correcting
mechanism’s precise control over redundant and missing
content, effectively unleashing the potential of LLMs. No-
tably, SCIR consistently delivers significant performance
gains across different extractors, demonstrating its excellent
plug-and-play capability.

English Dataset Performance As shown in Table 3, SCIR
maintains excellent performance on English datasets. Bene-
fiting from the advantages of the robust RUIE framework,
SCIR achieves or approaches state-of-the-art performance
across all three IE tasks. However, compared to its per-
formance on Chinese datasets, SCIR demonstrates slightly
diminished performance gains on English datasets. We at-
tribute this primarily to the fact that the Dual-Path Self-
Correcting mechanism was trained using the Qwen3-4B
model, which inherently possesses stronger capabilities for
Chinese tasks due to its corpus composition. Notably, SCIR
successfully achieves effective integration with base LLMs,
domain-specific models, and IE frameworks, fully demon-
strating its superior model generalization capability.

In sum, the SCIR framework exhibits substantial perfor-
mance gains across Chinese and English datasets, deliver-
ing a 5.27% improvement over current state-of-the-art bilin-
gual extraction models (OneKE). For Chinese tasks, SCIR’s
Dual-Path Self-Correcting mechanism effectively augments
base LLMs (Qwen3, LLaMA-3.1, DeepSeek) on complex
tasks while maintaining seamless integration with domain-
specific models like OneKE. For English tasks, SCIR suc-
cessfully combines with existing frameworks (e.g., RUIE)
to achieve cutting-edge performance. These comprehensive
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Figure 3: The figure shows the F1 scores of the three model
ablation experiments on each dataset. The term ”Baseline”
refers to only use the LLMs to extraction, while ”Qwen3-
Check” denotes using an untuned Qwen3-4B model in Dual-
Path Self-Correcting Module.

cross-lingual evaluations demonstrate SCIR’s remarkable
flexibility and compatibility, enabling true plug-and-play
functionality with diverse model architectures.

Ablation Study
Module Ablation Study In this set of experiments, we fo-
cus on the ‘Dual-Path Self-Correcting Module’ since other
components are essential or performance-neutral. Our ex-
periments compare three configurations: redundant-only,
missing-only, and full dual-path detection. Table 4 shows the
complete implementation achieves statistically significant
gains across all tasks, with distinct patterns emerging across
different domains. In EE, redundant detection proves more
impactful, while missing detection shows stronger effects
in NER. For RE, we observe language-dependent variations
- redundant detection excels on Chinese datasets whereas
missing detection performs better on English corpora. These
findings conclusively validate the dual-path design, demon-
strating how the two modules operate in complementary
fashion to enhance overall model performance.

Model Ablation Study The model ablation study com-
pares the untrained Qwen3-4B model as the experimental
group with the same model trained on the MBSC dataset
to demonstrate that SCIR’s performance improvement stems
from the Dual-Path Self-Correcting mechanism rather than
the base model itself. The results in Figure 3 show that
the performance gains from the untrained Qwen3-4B model
are negligible, while the same model trained on the MBSC
dataset significantly enhances IE performance. Notably,
when using the untrained Qwen3-4B model, performance
degradation is observed across the WikiEvent, boson, and
SKE2020 datasets, indicating that model errors are ampli-
fied iteratively due to the lack of timely correction. The ab-
lation study confirms that SCIR’s performance improvement
originates from the Dual-Path Self-Correcting mechanism
rather than the base model itself, while also highlighting the
importance of the MBSC dataset.

30704



​​First-Round 
Iterative Pruning​

​​Second-Round 
Iterative Pruning​

Third-Round 
Iterative Pruning​

Negative Result
Positive Result

Figure 4: Iterative Experimental Results.

Task Time Performance
Event Extraction (EE) +13.72% +48.21%
Named Entity Recognition (NER) +11.96% +42.66%
Relation Extraction (RE) +14.32% +43.68%
Average +13.33% +44.86%

Table 5: The table presents the percentage of generation time
occupied by SCIR framework’s iterative detection and the
performance improvement achieved using the SCIR.

Validation of Pruning Efficacy
Through statistical analysis of the iterative pruning perfor-
mance of SCIR-Deepseek-R1 on the SKE2020 dataset, as
shown in Figure 4, we validate the effectiveness of the prun-
ing module. Each point in the figure represents a data item
to be extracted, with orange dots indicating instances that
were either incorrectly retained or correctly pruned, and blue
dots denoting correctly pruned instances. Notably, as iter-
ations progress, the number of correctly pruned points in-
creases significantly. This observation demonstrates both the
pruner’s practical efficacy and its ability to generate more
precise pruning decisions for subsequent iterations based on
prior results. These findings robustly confirm the necessity
of the pruner and verify the absence of error propagation or
amplification throughout the iterative process.

Experiment on Time Costs
We have meticulously recorded the time costs incurred dur-
ing both training and inference. (1) In terms of training,
SCIR attains convergence within 3 hours when utilizing 4
RTX4090 GPUs. By contrast, under the same hardware, tra-
ditional methods for training vertical-domain models neces-
sitate 22 hours, translating to an approximate 87% reduction
in time cost. (2) Regarding inference, as presented in Ta-
ble 5, we compare the average time consumption and the
corresponding average performance enhancements of SCIR
when integrated with DeepSeek-R1, LLama3.1, Qwen3,
OneKE, and RUIE across three tasks. The results reveal that,
by harnessing efficient pruning techniques and the swift in-
ference capabilities of lightweight detectors, SCIR achieves
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Figure 5: Average F1 scores of the SCIR framework across
multiple iterations for three IE tasks.

remarkable performance improvements while introducing
only a marginal increase in time cost overhead.

Experiment on Iterative Round
We statistically analyzed the average F1 scores of SCIR
across multiple iterations for three IE tasks, as depicted in
Figure 5. The results indicate that SCIR achieves significant
performance gains in the first two iterations, with diminish-
ing improvements thereafter. Consequently, we set the itera-
tion limit to 2 for all experiments. Notably, even a single iter-
ation yields substantial performance enhancements, strongly
validating SCIR’s optimization effectiveness.

Conclusion
This study proposes the Self-Correcting Iterative Refine-
ment (SCIR) framework, whose effectiveness in enhancing
IE performance has been comprehensively validated across
11 bilingual datasets covering diverse tasks. The framework
demonstrates three core advantages: superior extraction ac-
curacy, effective model preference alignment, and low-cost
model portability. These characteristics position SCIR as an
innovative solution for developing lightweight and reusable
IE systems, while providing a new reference paradigm for
future research in the field of information extraction.
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