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Abstract—Information extraction (IE) faces challenges from
task-specific label spaces and heterogeneous data structures.
Recent advances in large language models (LLMs) and retrieval-
augmented generation (RAG) have enabled unified information
extraction across diverse tasks, but existing methods still suffer
from several limitations. Conventional RAG does not adequately
account for IE-specific preferences, resulting in the underuti-
lization of the background knowledge obtained. Furthermore,
most approaches rely on fixed instruction templates and lack
adaptive mechanisms for task-aware prompting. In addition, long
instruction sequences often cause attention drift, weakening the
model’s focus on core extraction targets. To address these prob-
lems, we propose RT-UIE, a reward-guided and task-oriented
unified information extraction framework. In our framework,
we design a task-oriented RAG retrieval and knowledge re-
construction mechanism that structurally reorganizes retrieved
background knowledge, improving the consistency between back-
ground knowledge and extraction preferences. Moreover, we
design a chain-of-thought reward model that dynamically ad-
justs the depth and quality of the reasoning according to
task characteristics, enabling more effective reasoning control.
Additionally, a module for instruction and attention calibration
is designed to mitigate attention drift and improve the focus of the
model on key task instructions. We evaluated our model on the
IE_INSTRUCTION, WNUT-17, DocRED, and MAVEN datasets
and compared it with other baseline models.

Index Terms—Unified Information Extraction; Large Lan-
guage Models; Task-Oriented RAG Retrieval and Reconstruc-
tion; Chain-of-thought Reward Model; Attention Calibration.

I. INTRODUCTION

Information extraction (IE) [1] is a fundamental research
task in natural language processing (NLP) [2], which focuses
on the transformation of unstructured text into structured
representations. By enabling automatic extraction of structured
information, IE provides essential support for a wide range
of downstream intelligent applications. In recent years, the
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increasing demand for structured knowledge in applications
such as intelligent question answering [3], knowledge graph
construction [4], and recommendation systems [5] has further
highlighted the importance of IE. Consequently, the accurate
extraction of structured information from large-scale textual
data has become a critical factor in improving the efficiency
and decision-making capabilities of these applications.

According to extraction targets, IE can be broadly catego-
rized into several sub-tasks, including Named Entity Recog-
nition (NER) [6], Relation Extraction (RE) [7], and Event
Extraction (EE) [8]. NER identifies entities with predefined
types from text. Based on these entities, RE extracts semantic
relations between entity pairs, while EE identifies events and
their corresponding arguments, including event types, triggers,
and related entities.

Early IE methods mainly focused on task-specific deep
learning models. Lample et al. [9] proposed a BiLSTM-CRF
model for end-to-end NER without manual feature engineer-
ing. Miwa et al. [10] introduced a neural model that combines
sequence and tree representations for joint entity and relation
extraction. However, these methods are typically designed
for specific tasks or domains, requiring separate models and
datasets, which limits their scalability and generalization.

Recent studies have explored large language models (LLMs)
[11] for unified information extraction. Lu et al. [12] and
Lou et al. [13] decompose IE into sub-tasks via prompt
engineering, but they treat each sub-task independently with-
out modeling their interactions. Wang et al. [14] introduce
InstructUIE with multi-task instruction tuning to capture task
relationships, yet its effectiveness is limited by weak reasoning
guidance. Zhan et al. [15] propose the RAMIE framework,
which improves multi-task information extraction by enhanc-
ing retrieval. However, directly using retrieved examples can
introduce irrelevant information and overlook structured output
constraints.

Existing unified IE methods with LLMs still suffer from
several critical limitations. First, although retrieval-augmented
generation (RAG) [16] has been introduced to enhance do-



main knowledge acquisition, existing RAG-based generation
strategies do not adequately account for IE task preferences,
leading to semantic misalignment between generated content
and extraction objectives. Secondly, reliance on fixed instruc-
tions and prompts often leads to feature confusion and error
accumulation across tasks, degrading downstream extraction
performance. Moreover, LLMs are prone to attention drift
when processing long and complex prompts, further exacer-
bating the challenges of unified information extraction.

To address these challenges, we propose a unified in-
formation extraction framework RT-UIE based on reward
guidance and task orientation. Unlike existing methods, RT-
UIE employs a task-oriented RAG retrieval and reconstruction
mechanism, reorganizing retrieved knowledge into enhanced
task-specific contextual knowledge to improve task alignment.
RT-UIE further introduces a chain-of-thought (CoT) reward
model to select optimal reasoning paths, reducing feature
confusion and error propagation. In addition, an attention
calibration module is designed to model interactions between
semantic fragments and generate an attention bias, enabling
the model to focus more effectively on core instructions.

In summary, the main contributions of this paper are as
follows:

o We propose a task-oriented RAG retrieval and reconstruc-
tion mechanism to overcome the limitations of traditional
RAG methods in information extraction tasks. Traditional
RAG methods only concatenate the retrieved text, failing
to capture task-specific preferences. Our proposed mecha-
nism reconstructs knowledge into task-aware background
knowledge, thereby reducing the semantic mismatch be-
tween background knowledge and information extraction
preferences.

e We propose a chain-of-thought reward model to en-
hance the interpretability and controllability of reasoning
in unified information extraction. By leveraging multi-
dimensional reward signals to optimize the structure and
depth of the reasoning chain, the model effectively guides
reasoning behaviors and enables adaptive task-specific
optimization.

« To alleviate attention drift and the neglect of core task in-
structions in long-instruction scenarios, we build a novel
attention calibration module. This module incorporates
position-aware attention bias and dynamically adjusts it
based on task characteristics, thus enhancing the focus of
the model on critical instructional components.

II. RELATED WORK

Early information extraction models relied mainly on rule-
based and pattern-driven methods. Carlson et al. [17], Kil-
icoglu et al. [18] proposed handcrafted lexical and syntactic
rules for joint entity-relation and event extraction, respectively.
Although these approaches achieved some progress on specific
benchmarks, their heavy reliance on manual rule engineering
resulted in limited scalability and poor generalization.

To alleviate these problems, traditional machine learn-
ing methods introduced supervised and distantly supervised

paradigms. Mintz et al. [19] proposed a feature-based super-
vised relation extraction model, while Quirk and Poon [20]
leveraged distant supervision to construct training data from
knowledge bases automatically. Despite improved recall and
automation, these methods still relied heavily on handcrafted
features, which constrained robustness and cross-domain trans-
ferability.

With the advancement of deep learning, deep neural net-
works (DNN5s) enabled automatic representation learning for
IE tasks. Lample et al. [9] introduced the BiLSTM-CREF archi-
tecture for sequence labeling, achieving certain performance
on named entity recognition benchmarks. Zhou et al. [21]
further applied convolutional neural networks to relation ex-
traction, improving robustness by modeling contextual seman-
tics. However, these models remain limited in their ability
to capture long-range dependencies and complex reasoning
patterns.

Recently, LLMs, such as LLaMA [22], ChatGPT [23] and
GPT-4 [24], have demonstrated a strong generalization ability,
allowing a paradigm shift for unified information extraction.
Qi et al. [25] proposed ADELIE, which improves IE perfor-
mance through instruction-aligned fine-tuning, but its unified
instruction design is difficult to adapt to various subtasks.
Zhan et al. [15] introduced RAMIE by incorporating retrieval-
augmented generation, but directly concatenating retrieved
examples often introduces irrelevant information and ignores
structured output constraints.

To further optimize the unified IE task, Lu et al. [12]
proposed the UIE framework with a unified text-to-structure
formulation, while Lou et al. [13] introduced USM through
lexical linking operations. Wang et al. proposed Instruc-
tUIE, which uses instruction tuning to improve zero-shot and
cross-task generalization capabilities, alleviating the model’s
adaptability to different tasks. However, existing unified IE
frameworks still suffer from three key limitations: insufficient
task-aware utilization of external knowledge, fixed prompt
templates lacking task adaptivity, and attention drift under long
instruction contexts.

III. METHOD

A. Task Description

Given an input text sequence X = {z1,a,...,2,}, Uni-
fied Information Extraction (UIE) aims to extract structured
semantic information from unstructured text, including named
entity recognition (NER), relation extraction (RE), and event
extraction (EE). For NER task, the model outputs an entity set
E = {(si, e, t;)}, where (s;,e;) denotes the entity span and
t; its type. For RE task, given X and &, the model predicts a
relation set R = {(e;, ri;,e;)}, where r;; denotes the relation
between entity pair (e;,e;). For EE task, the model outputs
an event set V = {(tx, Ax)}, where ¢ is the event type and
A, = {(rm,am)} denotes the argument set with role r,, and
corresponding span a,.



N
CoNLL2003
ACE2005

(Tom,person).

\

1

. 1
:I\ER Ontonoee | Output (Steve,work for,A;zple). .
h ! — > (type:databreach,trigger:will
1 h,time:next).
! CoNLL2004 | Input push,time nez)_

SciERC 1 : o]={—]

: RE NYTI1 i Instruction Bias injection o[& 4 Attention bias
I : o|=|44 matrix
: CASIE 1 Semantic 3

'l [} .
\ EE GENIA /l [Adaptive Cot Prompt] segment @@ | Instruction Segment
N

Input l Instruction

[Backgroud Knowledge snippet]

@@ | Reasoning Segment
@ @) Input Segment

division
_—

3)Attention Calibration Module
(1) Task-Oriented Retrieval and Reconstruction | Backgroud I Cotp ror{lp t @
Eg: Origingl description Output: [("Apple Inc.", "ORG"), Input 1.basic thought chains -
Apple Inc. is headquartered  ("Cupertino", "LOC"), (" California", "LOC")] P p \\
in Cupertino California. 0 ‘\
(2) Chain-of-Thought Reward Model
Structured \
\
Remeve ‘© Background CoT Evaluator L
Knowledge Step1.BERT Classifier - \
(e |:> Does it appear in the text? o5
Step2.SBERT .ooz =
9 0.05
Extend Knowledge Is the logic coherent? I:>
Task- orlented Step3.Efficiency Reward 003 CoT
. . . 0.05
reconstruction Did an invalid step occur? Eroninpt
00

Fig. 1.

Overview of the RT-UIE framework. RT-UIE takes the task description, input text, optimized prompts, and reconstructed background knowledge as

inputs, generates an attention bias matrix for these inputs, and feeds both the inputs and the matrix into the LLM to produce the information extraction results.

B. Overview

Figure 1 illustrates our proposed LLM-based unified in-
formation extraction framework, which comprises three core
components: a task-oriented retrieval and reconstruction mech-
anism, a chain-of-thought reward model, and an attention
calibration module. First, the model receives raw text and task
instructions as input and constructs the original prompt based
on the specific task type, thus forming the initial input context.
Next, the initial input context enters the RAG retrieval and
reconstruction mechanism, which retrieves candidate knowl-
edge fragments relevant to the current task from external
knowledge sources and reconstructs the results based on
the task objective, thereby obtaining task-related background
knowledge. Then, the chain-of-thought reward model guides
the model to optimize the inference path via reward signals,
so as to generate chain-of-thought prompt that better meets
task requirements. Then, the new input context including
the optimized background knowledge and chain-of-thought
prompt is fed into the LLM. In addition, Since excessively long
inputs may cause attention shifts, we designed an attention
calibration module that creates an attention bias matrix for
new inputs. During decoding, this bias matrix is injected into
the LLM to dynamically adjust the attention distribution of
the input context, enabling the LLM to focus more on key
information fragments.

C. Task-Oriented RAG Retrieval and Reconstruction

To overcome the problem of insufficient text utilization in
information extraction scenarios of traditional RAG frame-
works, we propose a task-oriented retrieval and reconstruction

mechanism consisting of two consecutive stages: knowledge
retrieval and structured reconstruction. Given the input text
X and the task instruction ¢, a task-aware query is first
constructed to retrieve relevant external knowledge. Subse-
quently, the retrieved knowledge is transformed into structured
task-specific background representations using our designed
rule-based triples and structured templates. The reconstructed
knowledge serves as auxiliary evidence and examples, provid-
ing explicit task guidance for downstream extraction models.

Task-Oriented Knowledge Retrieval. Following the
Retrieval-Augmented Generation paradigm, we concatenate
the task instruction and input text to form a unified retrieval

query: R
X = [q] | [X] @)

where || denotes the concatenation operator. Both query X and
each knowledge entry d; € D are mapped into a shared seman-
tic embedding space, resulting in the vector representations
h, 4 and hg,, respectively, where D denotes the task-oriented
IE knowledge base constructed from publicly available in-
formation extraction benchmark datasets. We then compute
the similarity scores between the query representation and all
candidate knowledge entries and select the most relevant entry
d for subsequent reconstruction.

d = arg max Sim(hy ¢, ha,) 2

Task-oriented knowledge reconstruction. Instead of di-
rectly operating on raw input text, we reconstruct the retrieved
knowledge d, which provides condensed and semantically
aligned evidence while reducing noise from unstructured in-
puts.



a) Rule Triple Matching: For each information extraction
task 7 € {NER,RE,EE}, we maintain a task-specific rule
triple set:

Rr={rl,r3,---,ra. } 3)

Each rule triple is defined as:
e = (P, O, AR) @)

where P; is a factual triple used to match candidate knowl-
edge, C] enforces type and role consistency through con-
straints, and A7 maps the matched elements into task-specific
structured outputs.

The rule triples are defined according to the output schema
of each task and constructed by structural patterns from
annotated data, thereby bridging retrieved knowledge with the
target structured representations. Given the retrieved knowl-
edge d, the matched rule triples are selected as:

T ={ri € R; [d =i}, (5

where = indicates that the retrieved knowledge satisfies both
pattern and semantic constraints defined in 7.

b) Structured Knowledge Generation: Each task 7 is
associated with a predefined structured reconstruction tem-
plate S;. Based on the task format, the matched triples 7,
are mapped via Aj, into structured representations, thereby
forming structured background knowledge that serves as task-
oriented guidance.

Sner = {task = "NER”, entities = {e;}¥,}, (6)

Sk = {task = "RE”, relations = {n;}2}, (7)

See = {task = "EE”, events = {v;},}. (8)

where e; = (text;,type;) denotes an entity and its type,
n; = (head;,tail;,rel;) represents a relation instance, and

v; = (trigger;, args;, type;) denotes an event with its trigger,
arguments, and event type. The resulting structured knowledge
K is used as task-oriented background input to guide down-
stream generation and extraction.

Text retrieved using task-related RAGs

match
task:ner RE task:ee
N entities:(ent|  task:re events:(trig,args,type)
mapping relations:(hd

Fig. 2. A diagram illustrating task-oriented RAG reconstruction, where Text
represents the relevant knowledge retrieved.
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D. Chain-of-Thought Reward Model

Unlike existing unified information extraction methods that
rely on implicit black-box reasoning, we propose a thought
chain reward model (CoTRM) for explicit and task-aware
evaluation of reasoning processes. CoTRM assesses candi-
date reasoning chains based on accuracy, consistency, and
efficiency, and is trained on local input texts. It is then used

during LLM training to score candidate CoTs and select high-
quality reasoning paths from a predefined CoT pool. The CoT
pool is a collection of reusable reasoning chains that can be
combined to provide diverse and structured candidate chains
for reasoning.

Accuracy Scorer. Although existing CoT hints can describe
intermediate inference steps, their quality varies considerably.
Weak semantic alignment between the inference steps and the
input can introduce noise and reduce the extraction accuracy.
To address this issue, we design an accuracy scorer to explic-
itly evaluate whether a given CoT is semantically consistent
with the input and supports correct extraction. The input to the
scorer includes the input text, the CoT, and the corresponding
gold labels, which serve as supervision signals. The combined
input S is encoded by a BERT-based verifier, and the global
representation of the [CLS] token is projected to an accuracy
reward score:

Race = O'(W . BERT(S)[C]_S] + b) 9)

where, W and b are learnable parameters, and o (-) denotes the
sigmoid function mapping the output to [0, 1]. A higher R,
indicates that the inference chain is more likely to support
correct information extraction for the given input.

Consistency Scorer. Although CoT reasoning provides
explicit intermediate steps, adjacent inference steps may suffer
from semantic discontinuity and logical jumps, which reduce
the reliability of the reasoning. To mitigate this incoher-
ent transition, we designed a consistency scorer based on
Sentence-BERT [26] to measure the semantic smoothness be-
tween CoTs. Specifically, given CoTs with N steps, each step
is encoded in a semantic representation vector using Sentence-
BERT. The semantic consistency between two adjacent steps
is measured by cosine similarity:

SBERT(e;) - SBERT(e;11) 19 N1

= , 1=1,2...,N—-1.
ISBERT(e;)[| |[SBERT(e; 1)

(10)

The overall consistency reward is computed as the average

similarity across all adjacent step pairs:

1
N*lzs’”

where a higher Ry, indicates stronger semantic coherence
throughout the Cots.

Efficiency Scorer. Different information extraction tasks
exhibit varying reasoning complexity. For example, NER
typically requires fewer reasoning steps than RE or EE tasks
with complex entity interactions. To address this, we design
an efficiency scorer to align the reasoning depth with task
complexity. Given the input text X, a task complexity score
F € [0,1] is computed based on input length, entity density,
and task structure. The ideal number of reasoning steps is then
defined as:

Si

Rcons = (1 ])

Nigeal = 2 + round(6 - F) (12)



This formulation allocates a small number of CoTs to
low-complexity tasks. In contrast, high-complexity tasks are
assigned a larger number of CoTs. Given the actual number
of reasoning steps N,wal, the efficiency reward is defined as:

‘Nactual - ]Videal‘
8

where higher values indicate closer alignment between the
actual and ideal depths of reasoning.

Reward Aggregation. Finally, the three reward signals are
combined using a weighted sum to obtain the overall reward
score:

Regr=1~— (13)

Rtolal =Wy Racc +Ws - Rcons + W3 ' Reff (14)

where Ry.c, Reonss and Reg correspond to accuracy, consis-
tency, and efficiency rewards, respectively. The aggregated
reward signal Ry, is fed back to the LLM to guide the
optimization of the CoT selection strategy. We set W7 = 0.5
to prioritize accuracy, Wo = 0.3 to moderately encourage
reasoning consistency, and W3 = 0.2 to maintain efficiency.
In addition to the general chain-of-thought, we design task-
specific personalized CoTs for NER, RE, and EE. These CoTs
are distinguished according to task type and domain, and our
reward model evaluates them accordingly to select the most
suitable CoT for each task.

E. Attention Calibration Module

When multiple modules operate together, the input in-
struction sequence can become very long and hierarchically
structured, including task instructions, retrieved knowledge,
CoT steps, and the input text. Such complexity may lead to
attention drift and degrade extraction performance.

To address this issue, we propose an attention calibration
module. It first performs semantic segmentation to partition the
input into functional segments, and then constructs an attention
bias matrix to model interactions among these segments.
An adaptive bias adjustment strategy is further introduced
to modulate the bias strength according to input complexity.
Finally, the bias matrix is injected into the LLM decoder to
guide attention toward task-relevant tokens, thereby improving
focus during generation.

Semantic segmentation. We leverage the annotation infor-
mation from the prompt generation process to segment the
input sequence into three core semantic parts:

« Instruction Segment (Inst): Task definition, output format
constraints, and key instruction information.

o Reasoning Segment (Reas): The chain-of-thought gener-
ated by the model during inference.

o Input Segment (Inp): The original text from which struc-
tured information is extracted.

Attention bias matrix. Based on the semantic segmentation
described above, we construct an attention bias matrix for an
input sequence of length L:

B e REXE (15)

where each element B, ; is used to adjust the attention weight
from the ¢-th token to the j-th token. The bias generation
follows the rules:

1 € Inst,

1 € Inst A j € Inp,
Wieas—inp - 5, @ € Reas A j € Inp,
0, otherwise.

Winst—alt - 8,

I/Vinsl—>inp S,

Bij = (16)

The bias matrix B; ; is constructed to modulate the atten-
tion among different components of the instruction sequence.
Specifically, Wiyg—.n amplifies the influence of instruction
tokens on the entire sequence, ensuring that task instructions
have a global guiding effect. Wiy—inp strengthens the align-
ment between the instruction tokens and the input text tokens,
facilitating the model’s focus on relevant input information.
Wieas—inp Constrains the reasoning tokens to properly reference
the input without dominating the generation process. The
scalar s controls the overall magnitude of these bias terms.
For all other token pairs not covered by these cases, the bias
is set to zero.

Adaptive bias adjustment strategy. To avoid applying a
fixed bias strength across all samples, we further introduce an
adaptive bias adjustment strategy, in which the coefficient s is
dynamically adjusted along three dimensions:

o Task complexity awareness. Different bias strengths are
assigned to different information extraction tasks: s = 0.3
for NER task, s = 0.6 for EE task and s = 0.8 for RE
task.

o Sequence length gating. When the input sequence length
falls below 256 tokens, the attention calibration module
is automatically disabled.

o Reasoning-depth modulation. The bias strength is further
modulated by the number of reasoning steps: s = 0.3 for
shallow inference and s = 0.8 for multi-hop inference.

Injection of Bias Matrix into LLM. The attention bias
matrix is then injected into the Transformer self-attention
mechanism of the LLM as follows:

T

. K

Attention(Q, K, V') = softmax (Cf/j

k

where the bias term is added before the softmax operation,

this formulation ensures that instruction-related tokens retain

high attention weights even under long-range dependency
conditions, thereby stabilizing task-oriented generation.

+B) v (17)

IV. EXPERIMENTS

In this section, we evaluate the proposed model RT-UIE
in a supervised learning setting. We adopt FLAN-TS (13B)
[27] as the backbone model and extend it to implement the
proposed reward-guided and task-oriented unified information
extraction framework. All models are trained with a learning
rate of 1 x 107> for 5 training epochs. Following standard
practice, we use the F} score as the primary evaluation metric
for all tasks and datasets.



A. Dataset

We conducted supervised experiments on 32 English
datasets from the IE_INSTRUCTIONS benchmark datasets
[14], which integrates a wide range of widely used datasets
spanning three major information extraction tasks: NER task,
RE task, and EE task. The benchmark datasets include rep-
resentative NER datasets such as CoNLL2003 and ACE2005,
RE datasets such as NYT and SemEval RE, and EE datasets
such as CASIE and PHEE. Besides, to further validate the
performance of RT-UIE in complex task environments, we
additionally selected three representative complex information
extraction datasets for evaluation: WNUT-17 [28], DocRED
[29], and MAVEN [30]. These datasets have more complex
semantic structures and contextual dependencies, which help
to comprehensively evaluate the model’s capabilities in com-
plex scenarios.

B. Baselines

We compare the proposed RT-UIE with the following base-
line models:

o BERT-base [31] is a widely used pre-trained language
model that serves as a strong supervised baseline for
downstream tasks.

o UIE [12] is a unified text-to-structure generation frame-
work that can universally model different IE tasks and
adaptively generate targeted structures.

o USM [13]is a unified IE tasks framework, which converts
IE tasks to a semantic matching problem.

o InstructUIE [14] introduces a unified information extrac-
tion framework based on multi-task instruction tuning,
enabling a single model to handle heterogeneous extrac-
tion tasks.

e YAYI-UIE [32] presents a general instruction-tuning-
based information extraction framework trained on large-
scale conversational data.

C. Evaluation indicators

We use span-based offset Micro-F; as the primary eval-
uation metric. For the NER task, we employ a span-level
evaluation setting in which entity boundaries and types must
be correctly predicted. For the RE task, a relation triple is con-
sidered correct if the model correctly predicts the boundaries
of the subject and object entities, and the entity relation. For
the EE task, an event trigger is considered correct if the event
type and trigger word are correctly predicted.

D. Experimental Results and Analysis

Tables I, II, III, and IV summarize the performance of dif-
ferent models on named entity recognition, relation extraction,
event extraction, and complex extraction tasks, respectively.
Overall, RT-UIE consistently outperforms strong baselines
such as UIE and InstructUIE across most benchmarks.

Named Entity Recognition: As shown in Table I, RT-UIE
achieves an average F} score of 86.29% across 20 benchmark

TABLE I
OVERALL F SCORE OF RT-UIE ON THE NAMED ENTITY RECOGNITION
TASK.
Dataset BERT-base UIE InstructUIE Ours
ACE2005 87.30 85.78 86.66 88.42
AnatEM 85.82 77.68 90.89 91.45
bc2gm 80.90 74.77 85.16 83.64
bc4chemd 86.72 82.79 90.30 89.79
bcScdr 85.28 78.82 89.59 90.89
broadtwitter 58.61 67.02 83.14 83.08
CoNLLO03 92.40 92.99 92.94 94.62
FabNER 64.20 73.71 76.20 79.00
Find Vehicle 87.13 91.56 89.47 92.40
GENIA-Ent 73.30 67.46 74.71 78.51
HarveyNER 82.26 58.13 88.79 88.56
MIT Movie 88.78 79.56 89.01 89.70
MIT Rest 81.02 81.67 82.55 84.87
multiNERD 91.25 91.75 92.32 92.60
ncbi-disease 80.20 80.13 90.23 89.89
Ontonotes 91.11 86.25 90.19 91.73
polyglot 75.65 68.01 70.15 70.03
tweetNER7 56.59 63.81 64.97 69.48
wikiann 70.60 82.11 85.13 85.39
wikineural 82.78 92.14 91.36 91.73
Avg 80.09 78.81 85.19 86.29
TABLE II
OVERALL F1 SCORE OF RT-UIE ON RELATION EXTRACTION TASK.
Dataset UIE USM  YAYI-UIE InstructUIE Ours
ADE corpus - - 84.14 82.31 83.14
CoNLL2004 75.00 78.84 79.73 78.48 78.68
GIDS - - 72.36 81.98 82.18
kbp37 - - 59.35 36.14 34.98
NYT - - 89.97 90.47 91.15
NYTI11 HRL - - 57.53 56.06 57.75
SciERC 36.53  37.36 40.94 45.15 45.33
Semeval RE - - 61.02 73.23 73.68
Avg - - 68.13 67.98 68.36

datasets, outperforming InstructUIE by 1.10%. The best per-
formance is achieved on the CoNLL2003 data set, with RT-
UIE achieving a F} score of 94.62%. The largest performance
gain is observed on the tweetNER7 dataset, with an absolute
improvement of 4.51% over InstructUIE. Overall, RT-UIE
outperforms InstructUIE on 14 out of 20 datasets and performs
well on widely used benchmark datasets such as ACE2005
and CoNLL2003. These results demonstrate that, compared
to InstructUIE, RT-UIE incorporates explicit CoT constraints
and a task-aware knowledge reconstruction mechanism, which
helps to align generated reasoning with task objectives and
mitigate bias caused by fixed prompts.

Relation Extraction: Table II indicates that RT-UIE
achieves an average F) score of 68.36% across eight relation
extraction benchmark datasets, outperforming InstructUIE by
0.38%. On the New York Times dataset, RT-UIE achieves
a Fy score of 91.15%, the highest across all datasets. RT-
UIE achieves consistent improvements over UIE and USM
on benchmarks such as CoNLL2004 and SciERC, demon-
strating stronger relational reasoning capability. Although RT-
UIE performs slightly worse than YAYI-UIE on some datasets,
this may be attributed to differences in pretraining scale and
instruction alignment strategies between the two methods.



TABLE III
OVERALL F; SCORE OF RT-UIE ON EVENT EXTRACTION TASK.

Dataset BERT-base =~ USM UIE YAYI-UIE InstructUIE  Ours
ACE2005 72.5 7241 7241 65.00 77.13 82.21
CASIE 68.98 7173 T1.73 63.00 67.80 68.56
PHEE - - - 63.00 70.14 68.36
Avg - - - 63.67 71.69 73.04
TABLE IV that reconstructing retrieved knowledge into task-aligned and
OVERALL Fy SCORE OF RT-UIE ON COMPLEX TASK. structured background information is more effective than di-
Dataset U InstuctUlE — Ours rectly concatenating raw retrieved text, as it reduces noise and
WNUT-17 | 59.26 59.64 60.24 improves task relevance.
DocRED 62.14 64.77 65.89 : - o
MAVEN 52,68 5530 57.42 Chal.n of-Thought Reward Model. With the addltlgn of
Avg 53.03 5091 6118 the chain-of-thought reward module (+R), the model achieves

Nevertheless, the results demonstrate that the proposed reward-
guided CoT alignment and attention calibration strategy effec-
tively enhances relation extraction performance while main-
taining robust generalization across diverse datasets.

Event Extraction: As shown in Table III, RT-UIE achieves
the highest average F) score of 73.04% across three event
extraction benchmark datasets, outperforming InstructUIE by
1.35%. On the ACE2005 dataset, RT-UIE attains a F} score
of 82.21%, achieving the best result among all evaluated mod-
els. RT-UIE outperforms InstructUIE on both ACE2005 and
CASIE datasets and also surpasses UIE across all evaluated
benchmarks, demonstrating stronger capability in modeling
complex event structures and domain-specific event patterns.
These results indicate that the proposed reward-guided reason-
ing and task-oriented knowledge reconstruction mechanisms
effectively constrain the inference process and improve the
stability and efficiency of the event extraction performance.

Complex Task Extraction: As summarized in Table IV,
RT-UIE consistently outperforms UIE and InstructUIE on
complex instruction-based datasets, including WNUT-17, Do-
cRED, and MAVEN. The performance gains indicate that RT-
UIE is more effective in handling long-context reasoning and
structurally complex extraction scenarios. This improvement
mainly benefits from the task-oriented RAG retrieval and re-
construction mechanism and the attention calibration module,
which jointly reduce semantic noise and alleviate attention
drift under long instruction settings.

E. Ablation experiment

Table V shows the ablation results of RT-UIE on repre-
sentative entity and relation extraction benchmarks, where T
denotes the task-oriented RAG retrieval and reconstruction
module, R denotes the chain-of-thought reward model, and
AC denotes the attention calibration module.

Task-Oriented RAG Retrieval and Reconstruction.
Adding the task-oriented RAG retrieval and reconstruction
module (+T) enhances model performance. Compared to the
baseline, the +T setting yields notable gains on both entity
and relation extraction tasks, especially on NYT, where the
F1 score increases to 92.31%. This improvement demonstrates

the most significant improvement among the three modules,
with F} scores on CoNLL2003 and NYT increasing from
92.94% to 93.90% and from 90.47% to 90.67%, respectively.
This demonstrates that reward-guided reasoning effectively
constrains the reasoning process and promotes the selection
of higher-quality CoT, thereby better supporting downstream
information extraction.

Attention Calibration Module. After adding the attention
calibration module (+AC), the model outperforms the baseline
on most datasets, especially on the ACE2005 dataset, where
the F} score improves from 86.66% to 87.41%. This indicates
that attention calibration helps the model maintain focus on
core task instructions and input labels when handling complex
contextual structures.

TABLE V
F| SCORE OF ENTITY RELATION EXTRACTION DEFUSION EXPERIMENT ON
PARTIAL DATASETS.

Settings Entity Relation
CoNLL03 ACE2005 | NYT SemEval RE

Baseline 92.94 86.66 90.47 73.23
+T 93.68 87.55 92.31 71.53
+R 93.90 87.16 90.67 73.47
+AC 93.45 87.41 87.62 72.68
+R, +T 93.75 87.62 91.20 70.25
+R, +AC 94.02 87.32 90.15 73.15
+T, +AC 93.98 86.98 90.53 73.43
RT-UIE 94.62 87.96 91.15 73.68

When combining multiple modules, we observe apparent
complementary effects. The combination of COTRM and
the task-oriented RAG retrieval and reconstruction module
(+R,+T) yields substantial improvements over single-module
variants. Although attention calibration module alone shows
limited improvements, combining it with COTRM (+R,+AC)
or the task-oriented RAG retrieval and reconstruction module
(+T,+AC) yields consistent gains across all datasets. Impor-
tantly, the complete RT-UIE model achieves the best overall
performance, reaching 94.62% on CoNLL2003, 87.96% on
ACE2005, 91.15% on NYT, and 73.68% on SemEval RE.
These results demonstrate that the three modules address
distinct yet complementary challenges in unified information
extraction and that their integration yields additive benefits.



V. CONCLUSION

In this paper, we propose RT-UIE, a reward-guided and task-
oriented unified information extraction framework. A task-
oriented RAG retrieval and reconstruction module is designed
to ensure that the acquired background knowledge closely
aligns with the information extraction objective. Furthermore,
we design a chain-of-thought reward model to adaptively
regulate the quality and depth of CoTs based on the char-
acteristics of the task. Moreover, we construct an attention
calibration module to enhance the model’s focus on core task
instructions and key input features. Our model was tested on
the IE_INSTRUCTION benchmark dataset and achieved the
best performance on 20 of its subsets, such as ACE2005,
AnatEM, Bc5Scrd, CoNLL2003, WikiNeural, and WikiAnn.
Furthermore, our model also demonstrated strong performance
on the three benchmark datasets for complex information
extraction tasks: WNUT-17, DocRED, and MAVEN. In future
work, we plan to leverage richer external knowledge sources
and more appropriate post-training to improve our model, and
then further apply our framework to fields such as medical
and financial information extraction.
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