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Abstract001

Named Entity Recognition (NER) and Rela-002
tion Extraction (RE) are two fundamental and003
interdependent tasks in information extraction004
(IE), aiming to identify entities and relations005
from unstructured text. Recently, generative006
methods have become mainstream instead of007
discriminative methods for IE, especially joint008
multi-task IE, due to their promising perfor-009
mance and flexibility. For joint NER and RE,010
existing methods suffer from misalignment be-011
tween entities and relations, as well as mis-012
alignment among relations. To address these013
issues, we propose AnchorAlign, a novel gen-014
erative method enhanced by anchor alignment.015
Specifically, we first introduce an anchor entity016
selection mechanism to identify key entities in017
the text as anchor points, which serve as seman-018
tic pivots to bridge the two tasks. Then, we019
design a dual-level anchor alignment module:020
at the semantic level, we construct a cross-task021
semantic alignment space to align the semantic022
representations of anchor entities and their as-023
sociated relations; at the generation level, we in-024
troduce an anchor-guided generation constraint025
to guide the model to generate entities and rela-026
tions with strict alignment based on the anchor027
points. Extensive experiments on five bench-028
mark datasets show that AnchorAlign outper-029
forms SOTA baselines, demonstrating its effec-030
tiveness. Our work provides a new perspective031
for optimizing the joint modeling of NER and032
RE, and has potential to be extended to more033
complex multi-task IE such as NER and Event034
Extraction (EE).035

1 Introduction036

Information Extraction (IE) is a fundamental tech-037

nology for converting unstructured text into struc-038

tured knowledge. Traditional approaches decom-039

pose IE into isolated sub-tasks such as Named En-040

tity Recognition (NER), Relation Extraction (RE),041

and Event Extraction (EE), while recent advance-042

ments have shifted to joint extraction frameworks,043
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Figure 1: Comparative Analysis of Structured Output
Paradigms and Alignment Mechanisms in generative
methods for joint NER and RE.

particularly generative methods. These joint multi- 044

task IE frameworks based on generative meth- 045

ods, including Universal Information Extraction 046

(UIE) (Lu et al., 2022; Lou et al., 2023; Wang et al., 047

2023; Xiao et al., 2023; Li et al., 2024; Sainz et al., 048

2023), have demonstrated promising performance 049

with high flexibility. 050

In the case of typical IE tasks, NER and RE, 051

existing joint generative methods still have the fol- 052

lowing limitations in structured output paradigms 053

and multi-task alignment. 054

First, although some effective structured output 055

paradigms (e.g., paradigm 1 (Asada and Miwa, 056

2025) and 2 (Lu et al., 2022) in Figure 1) have 057

been proposed for generative models, there is no 058

study to compare and unify them. 059

Second, the alignment mechanisms in most ex- 060

isting generative methods only focus on inter-task 061

dependencies (i.e., dependencies between NER and 062

RE), ignoring intra-task dependencies (e.g., depen- 063

dencies among entity relations). In the case of the 064
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alignment mechanisms for dependencies between065

NER and RE, auxiliary objectives are specially de-066

signed to align entities in NER with entities in RE.067

The existing alignment mechanisms (Zheng et al.,068

2021; He and Tang, 2023) usually align one entity069

in NER to the closet entity in one relation in RE no070

matter how many relation the same entity in. They071

may lead to some biases as shown in Figure 1.072

To address the limitations mentioned above, we073

propose AnchorAlign, a novel generative method074

enhanced by anchor alignment with the following075

advantages:076

• We introduce anchor entity to unify the exist-077

ing output paradigms of generative methods,078

and two new paradigms (i.e., paradigms 3 and079

4 in Figure 1) are derived them in the unified080

way.081

• Based on anchor entities, we design new se-082

mantic alignment mechanism, which not only083

considers intra-task (RE) dependencies, but084

also avoids biases caused by inter-task (NER085

and RE) dependencies.086

• Extensive experiments on five benchmark087

datasets demonstrate the effectiveness of our088

proposed method, outperforming other state-089

of-the-art (SOTA) methods for comparison.090

The introduced new output paradigms as well091

as semantic alignment mechanism bring sig-092

nificant improvement.093

2 Related Work094

2.1 Generative Information Extraction095

Traditional IE typically relies on discriminative096

architectures to classify text spans into predefined097

schemas, often necessitating complex, task-specific098

engineering. In contrast, generative IE flattens099

structured information into linear sequences for100

direct output generation.101

Generative paradigms have recently eclipsed102

discriminative methods to become the dominant103

framework for IE. The landscape of generative IE104

is largely defined by three primary paradigms for105

formulating the output, differentiated by how they106

represent the target structured information:107

• Structured Language Generation This108

paradigm represents the inherent structure of109

the information by using special symbolic to-110

kens or by introducing new, semantically ini-111

tialized token embeddings. This approach112

is exemplified by models such as BART- 113

NER (Yan et al., 2021), REBEL (Cabot and 114

Navigli, 2021), UIE (Lu et al., 2022), and 115

USM (Lou et al., 2023). 116

• Natural Language Generation This 117

paradigm represents the target structured 118

information as a natural language sequence. 119

It typically leverages prompts, often including 120

extraction guidelines or annotations, to 121

guide a general-purpose Language Model 122

toward the correct task interpretation. This 123

method is employed by a wide range of 124

models, including TANL (Paolini et al., 125

2021), DEEPSTRUCT (Wang et al., 2022), 126

GenIE (Josifoski et al., 2022), and Instruc- 127

tUIE (Wang et al., 2023). 128

• Code Style Generation This paradigm is 129

distinguished by its use of a Code-LLM as 130

the base model. It reframes the extraction 131

task by converting the schema into code con- 132

structs (e.g., classes) and represents the struc- 133

tured output using code-style syntax. Notable 134

examples in this category are CODEIE (Li 135

et al., 2023), GoLLIE (Sainz et al., 2023), and 136

KnowCoder (Li et al., 2024). 137

Our work builds upon the generative architecture 138

of BARTNER (Yan et al., 2021), extending it with 139

a structured generation language designed for both 140

NER and RE, thereby situating our approach within 141

the paradigm of structured language generation. 142

2.2 Joint Extraction 143

Joint extraction aims to unify multiple IE sub-tasks 144

within a single model. However, realizing in dis- 145

criminative architectures remains difficult due to 146

the rigid coupling of task-specific modules. Design- 147

ing specialized decoding structures for heteroge- 148

neous tasks often leads to combinatorial complexity 149

and conflicting optimization objectives, making it 150

challenging to extend these models beyond basic 151

tasks. Consequently, discriminative joint extrac- 152

tion research (Ye et al., 2022; He and Tang, 2023) 153

has predominantly converged on NER and RE, ex- 154

ploiting the strong correlation where NER acts as a 155

natural and tractable precursor to RE. 156

Generative architectures, conversely, offer a 157

more flexible paradigm by unifying any IE sub- 158

task into a text generation problem. This inher- 159

ent flexibility significantly lowers the barrier to 160

integrating diverse sub-tasks, which has led to the 161
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Figure 2: Overview of the AnchorAlign Framework

development of numerous Universal Information162

Extraction (UIE) models capable of concurrently163

handling NER, RE, and EE, such as UIE (Lu et al.,164

2022), InstructUIE (Wang et al., 2023), and Know-165

Coder (Li et al., 2024). Our work is situated within166

the generative paradigm for joint NER and RE. It167

yields significant performance gains on the relation168

extraction task, driven by a strategic enhancement169

of inter-task consistency.170

3 Methodology171

This section details the methodology of An-172

chorAlign. We first describe the Anchor Entity173

Selection Mechanism, followed by the model’s out-174

put paradigm. Finally, we introduce a dual-level an-175

chor alignment mechanism, comprising cross-task176

semantic alignment for training and anchor-guided177

generation constraints for inference. These compo-178

nents are integrated into a unified framework. The179

overall architecture is illustrated in Figure 2.180

3.1 Anchor Entity Selection Mechanism181

Alignment in joint extraction encompasses two182

distinct scenarios: entity-relation alignment and183

relation-relation alignment.184

Both alignment types are facilitated by key en-185

tities that link disparate task components. We de-186

fine the entities shared between NER and RE as187

anchors for entity-relation, while entities shared188

among multiple relations function as anchors for 189

relation-relation. 190

In the following sections, we elaborate on the 191

detailed designs of the output paradigm, training 192

objectives, and inference strategies, all of which 193

are centered around the aforementioned anchors. 194

3.2 Output Paradigm 195

AnchorAlign represents labels as unique special 196

tokens (e.g., <PER>, <WORK FOR>) integrated 197

into the vocabulary. To leverage semantic priors, 198

these tokens are initialized by mean-pooling the 199

embeddings of their original label text: 200

Elabel = Mean
(
TokenEmbed(textlabel)

)
(1) 201

This single-token format eliminates boundary 202

markers (e.g., “()”) and shortens sequences, which 203

are then generated by two specialized decoders: 204

NER Decoder This decoder generates a lin- 205

earized sequence of entities, where each entity (ei) 206

is represented as a pair of its textual mention (mi) 207

and its corresponding single-token type (⟨ti⟩): 208

ONER = (m1, ⟨t1⟩︸ ︷︷ ︸
e1

, . . . ,mn, ⟨tn⟩︸ ︷︷ ︸
en

) (2) 209

RE Decoder To align anchors for relation- 210

relation, this decoder employs a subject-centric, 211
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factorized format. All relations for a given sub-212

ject entity (esi) are grouped into a single block.213

The subject is generated once, followed by all its214

corresponding object-relation pairs (eoi,j , ⟨ri,j⟩):215

ORE = (es1 , eo1,1 , ⟨r1,1⟩, eo1,2 , ⟨r1,2⟩︸ ︷︷ ︸
Block for es1

, es2 , . . .︸ ︷︷ ︸
Block for es2∼n

)

(3)216

Similarly, the reverse RE decoder adopts an217

object-centric strategy.218

This output paradigm simultaneously optimizes219

generation efficiency and ensures the alignment of220

anchors for relation-relation.221

3.3 Cross-task Semantic Alignment222

3.3.1 Positive Alignment223

Our core design principle is to enforce alignment224

within the output probability space rather than the225

internal feature space. This strategy ensures consis-226

tency at the decision level while accommodating227

inherent disparities in internal representation capac-228

ities across different task components.229

Positive Sampling Alignment comprises two230

components: NER-RE alignment and Forward-231

Reverse RE alignment. Both utilize Kullback-232

Leibler divergence (DKL) as the objective.233

NER-RE Alignment To facilitate the seman-234

tic alignment of anchors for entity-relation, we235

align both the forward (d = fwd-RE) and reverse236

(d = rev-RE) RE decoders with the NER target237

distributions in the output probability space:238

LNER,d =
1

|Ed|
∑
e∈Ed

DKL
(
pNER(·|e′)∥pd(·|e)

)
(4)239

where Ed is the set of entities from the target se-240

quence of decoder d, e′ ∈ ENER is the correspond-241

ing entity for e, and pd(·|e) is the predictive distri-242

bution from decoder d.243

The final NER-RE alignment loss is the average244

of these two components:245

LNER-RE =
1

2
(LNER, fwd-RE + LNER, rev-RE) (5)246

Forward-Reverse RE Alignment To mitigate bi-247

ases inherent in the generation order and indirectly248

reinforce anchors for relation-relation alignment,249

we introduce a symmetric Kullback-Leibler (KL)250

divergence loss to enforce consistency between the251

forward and reverse RE decoders for each triplet:252

D
sym
KL (p1∥p2) =

1

2
(DKL(p1∥p2) +DKL(p2∥p1))

(6)253

The final loss is the average symmetric diver- 254

gence over all ground-truth triplets τ ∈ T : 255

LRE-Align =
1

|T |
∑
τ∈T

D
sym
KL (pfwd(τ)∥prev(τ)) (7) 256

where pfwd(τ) and prev(τ) are the sequences of 257

predictive distributions for the triplet τ . 258

3.3.2 Negative Suppression 259

Although positive alignment ensures consistency 260

for positive samples, it lacks explicit penalties for 261

valid but incorrect tokens. To address this, we in- 262

troduce a negative suppression mechanism to com- 263

plement the positive alignment by strictly discour- 264

aging non-target generation. 265

Formulation of the Negative Set Let VNER and 266

VRE represent the ground-truth token sets. The 267

negative set Vneg is defined as the restricted vocab- 268

ulary Vrestricted (comprising tokens of input, label 269

and special symbols) excluding these targets: 270

Vneg = {v ∈ Vrestricted | v /∈ VNER∧v /∈ VRE} (8) 271

Suppression Loss We apply the suppression ob- 272

jective independently to both RE decoders to mini- 273

mize the probability mass assigned to the negative 274

set N . For a decoder d ∈ {fwd-RE, rev-RE} with 275

target sequence length Td, the loss is formulated 276

as: 277

Ld
suppress = − 1

Td

Td∑
t=1

1

|N |
∑
v∈N

log(1− pd(v|ht))

(9) 278

where pd(v|ht) is the predicted probability of a 279

negative token v at step t. The final suppression 280

loss is the average over both directions: 281

Lsuppress =
1

2

(
Lfwd-RE

suppress + Lrev-RE
suppress

)
(10) 282

This objective effectively sharpens the predic- 283

tive distribution by penalizing the generation of 284

irrelevant tokens for the given instance. 285

3.3.3 Overall Training Objective 286

The overall training objective integrates standard 287

generative extraction tasks with our proposed an- 288

chor alignment module. We first define the to- 289

tal generation loss, LGen, as the aggregation of 290

cross-entropy losses over the decoder set D = 291

{NER, fwd-RE, rev-RE}: 292

LGen =
∑
d∈D

Ld
CE (11) 293
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The final objective L combines this generation294

loss with the auxiliary alignment and suppression295

terms:296

L = LGen + αLNER-RE

+ βLRE-Align + γLsuppress
(12)297

where α, β, γ are hyperparameters weighing the298

NER-RE alignment, forward-reverse RE alignment,299

and negative suppression terms, respectively.300

3.4 Anchor-guided Generation Constraint301

While aggregating forward and reverse RE outputs302

maximizes recall, it inevitably introduces false pos-303

itives. To mitigate this, we employ an inference-304

time Anchor-guided constraint filter.305

Principle We designate mentions of anchors for306

entity-relation as generation constraints to guide307

the model to generate relations with strict align-308

ment based on the anchor points.309

Specifically, by treating the NER output as310

a high-confidence reference, we cross-validate311

the entity mentions within the predicted relation312

triplets. Any triplet containing an entity mention313

unrecognized by the NER module is classified as314

low-confidence and subsequently discarded.315

Formulation Let ÊNER, T̂fwd, and T̂rev denote the316

prediction sets from the NER and the two RE de-317

coders, respectively. We first form a candidate pool318

by aggregating the RE outputs: T̂cand = T̂fwd ∪ T̂rev.319

We then apply the generation constraint to derive320

the final set T̂final:321

T̂final = {(s, r, o) ∈ T̂cand |
{smention, omention} ⊆ ÊNER}

(13)322

This constraint guarantees high precision while323

preserving recall gains.324

3.5 Overall Training Framework325

Drawing inspiration from prior works (Lu et al.,326

2022; Lou et al., 2023; Li et al., 2024), we adopt327

a two-stage training framework: task-adaptive pre-328

training followed by supervised fine-tuning (SFT).329

Specifically, the pre-training phase utilizes large-330

scale LLM-augmented corpora to equip the back-331

bone with an understanding of structural paradigms332

and common IE capabilities.333

3.5.1 Data Augmentation334

Inspired by guidance-based prompting for335

NER (Kang et al., 2024), we devise a data336

augmentation strategy tailored for joint NER 337

and RE extraction. We employ DeepSeek-V3 to 338

generate high-quality pseudo-labeled instances by 339

prompting it with the original training exemplars. 340

Specific details are provided in Appendix A. 341

3.5.2 Pre-training Stage 342

Following augmentation, the base model M under- 343

goes a two-step pre-training phase on the generated 344

dataset to internalize joint extraction capabilities. 345

1. Entity Type Understanding We replace en- 346

tity mentions in the augmented data with type- 347

specific mask tokens (⟨maski⟩). Training on 348

this masked data forces the model to learn 349

context-type associations rather than memo- 350

rizing surface forms. 351

2. Progressive Objective Activation Training 352

on the unmasked dataset proceeds in two se- 353

quential phases. Initially, standard NER and 354

RE objectives are employed to secure funda- 355

mental capabilities. Once the model produces 356

semantically valid outputs, the cross-task se- 357

mantic alignment objectives are activated to 358

explicitly inject cross-task consistency. 359

Upon completion, the pre-trained backbone is 360

termd M′. 361

3.5.3 Supervised Fine-Tuning (SFT) Stage 362

The SFT stage adapts M′ to the downstream 363

ground-truth dataset Dtrain using a curriculum learn- 364

ing paradigm. We partition Dtrain based on triplet 365

density, defining a simple-sample subset Dsimple 366

with a triplet count threshold K: 367

Dsimple = {x ∈ Dtrain | |Tx| ≤ K} (14) 368

The optimization proceeds in two phases: 369

1. Curriculum Warm-up. Training initiates on 370

Dsimple using only standard generation objec- 371

tives. This facilitates smooth adaptation to the 372

target distribution’s easy samples. 373

2. Full Data Training. We then transition to 374

the complete dataset Dtrain. In this phase, we 375

rigorously apply the Progressive Objective 376

Activation protocol (Sec. 3.5.2). 377

4 EXPERIMENTS 378

4.1 Experiment Setups 379

Datasets. We conduct experiments on five 380

widely used benchmark datasets, including 381
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ACE05 (Walker and Consortium, 2005), Sci-382

ERC (Luan et al., 2018), ADE (Gurulingappa383

et al., 2012), NYT (Riedel et al., 2010), and384

Text2DT (Zhu et al., 2023).385

Evaluation Metrics. Following prior works, we386

adopt two metrics to evaluate RE performance:387

1. Relation Strict F1. A predicted relation is388

correct if the mentions and types of both the389

subject and object entities, as well as the rela-390

tion type, are all correctly identified.391

2. Relation Boundary F1. A predicted relation392

is correct if the mentions of both the subject393

and object entities and the relation type are394

correctly identified, regardless of the correct-395

ness of entity types.396

Hyperparameter Configuration. On each397

dataset, we manually tuned hyper-parameters398

and retained the configuration that yielded the399

highest relation F1 on the development set400

(10-fold cross-validation for ADE). Please refer to401

Appendix D for the detailed settings.402

4.2 BASELINES403

We select several SOTA models for relation extrac-404

tion, which can be categorized into generative and405

discriminative paradigms.406

Generative Models. We compare our method407

against the following SOTA generative baselines:408

UIE (Lu et al., 2022) unifies various IE tasks by409

reformulating them into a text-to-structure gener-410

ation format. REBEL (Cabot and Navigli, 2021)411

treats relation extraction as a sequence-to-sequence412

task, fine-tuned on the BART-Large architecture.413

YAYI-UIE (Xiao et al., 2023) is an end-to-end414

model based on Baichuan2-13B that enhances per-415

formance by co-training on both dialogue and IE416

data. InstructUIE (Wang et al., 2023) fine-tunes417

FlanT5-11B using natural language instructions418

to guide the generation process. Finally, Know-419

Coder (Li et al., 2024), based on LLaMA2-7B,420

reframes IE tasks as a Python code generation prob-421

lem within a two-stage fine-tuning framework.422

Discriminative Models. We compare against423

competitive discriminative baselines: PL-424

Marker (Ye et al., 2022) models relations between425

spans via a packed levitated marker strategy.426

BiSPN (He and Tang, 2023) employs set predic-427

tion for parallel entity and relation extraction to428

mitigate error propagation. USM (Lou et al., 2023) 429

decomposes IE into token-token and label-token 430

linking subtasks within a unified pipeline. 431

4.3 Main Results 432

Table 1 summarizes the comprehensive perfor- 433

mance comparison across five public datasets, re- 434

porting both Relation Strict F1 and Relation Bound- 435

ary F1. 436

In terms of Relation Strict F1, AnchorAlign 437

achieves new SOTA results on SciERC and ADE, 438

surpassing previous bests by 0.61% and 0.14%, 439

respectively. On ACE05, it remains highly com- 440

petitive, ranking second only to the discriminative 441

model USM by a narrow margin of 0.65%. 442

Regarding Relation Boundary F1, our model es- 443

tablishes new SOTA performance on four out of 444

five datasets, achieving substantial gains on ACE05 445

(+0.72%), SciERC (+1.00%), ADE (+0.88%), 446

and Text2DT (+0.12%). Although slightly trail- 447

ing the discriminative baseline USM on NYT, An- 448

chorAlign surpasses the prior SOTA average by 449

0.46% overall. 450

Two baseline discrepancies warrant notice: (1) 451

PL-Marker’s single-label constraint is incompatible 452

with NYT’s multi-label nature (allowing multiple 453

relations per entity pair). (2) Second, UIE’s lower 454

score on Text2DT stems from the limited capacity 455

of the uie-char-small variant compared to its 456

larger English counterparts, likely constrains its 457

representation capacity for this task. 458

These results demonstrate that AnchorAlign ef- 459

fectively surpasses prior methods, particularly in 460

comparison to generative peers, validating the effi- 461

cacy of our structural design. 462

4.4 Output Paradigm Design Comparison 463

As illustrated in Figure 1, we propose two output 464

configurations for NER and RE tasks, respectively: 465

• NER Outputs (Circles 1 & 2): Circle 1 gen- 466

erates a full concatenation of all entities, while 467

Circle 2 provides a simplified version contain- 468

ing only non-relational entities. 469

• RE Outputs (Circles 3 & 4): Circle 3 outputs 470

a concatenation of all relation triplets. Circle 471

4 implements an entity-centric factorization, 472

where each unique subject/object is produced 473

followed by all associated object/subject- 474

relation pairs. 475

By combining these configurations, we derive 476

four paradigms distinguished by anchor utilization: 477
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Metric Architecture Method ACE05 SciERC ADE NYT Text2DT AVG

Strict

Discriminative
BiSPN (He and Tang, 2023) 63.74 36.65 83.70 – – 61.36
PL-Marker (Ye et al., 2022) 62.80 36.93 83.20 – – 60.98

USM (Lou et al., 2023) 67.88 37.36 – – – –

Generative UIE (Lu et al., 2022) 66.06 36.53 82.10 – – 61.56
REBEL (Cabot and Navigli, 2021) – – 82.21 – – –

– SoTa 67.88 37.36 83.70 – – 62.98
Generative Ours 67.23 37.97 83.84 – – 63.01

Boundary

Discriminative
BiSPN (He and Tang, 2023) 66.29 46.40 84.42 92.56 94.90 76.91
PL-Marker (Ye et al., 2022) 65.72 47.81 84.23 80.64 93.30 74.34

USM (Lou et al., 2023) – – – 94.07 – –

Generative

UIE (Lu et al., 2022) 68.58 48.30 82.10 93.40 83.31 75.14
REBEL (Cabot and Navigli, 2021) – – – 91.96 – –

InstructUIE (Wang et al., 2023) – 45.15 82.31 90.47 – –
YAYI-UIE (Xiao et al., 2023) – 40.94 84.14 89.97 – –
KnowCoder (Li et al., 2024) 64.50 40.00 84.30 93.70 – –

– SoTa 68.58 48.30 84.42 94.07 94.90 78.05
Generative Ours 69.30 49.30 85.30 93.64 95.02 78.51

Table 1: Performance comparison on five public datasets. We report Relation Strict F1 and Relation Boundary
F1. Consistent with prior research, we evaluate NYT and Text2dt solely on Relation Boundary F1.

• Paradigms 1 and 2: Paradigm 1 explicitly in-478

cludes anchors for entity-relation within the479

NER output. Conversely, Paradigm 2 lever-480

ages them implicitly by decoupling them from481

the NER component. Notably, both paradigms482

lack a mechanism to leverage anchors for483

relation-relation.484

• Paradigms 3 (winner) and 4: These ex-485

tend the previous two by incorporating entity-486

centric factorization (Circle 4). By leverag-487

ing anchors for relation-relation, they ef-488

fectively bridge relations that share common489

entities.490

Detailed comparative experiments and analyses491

regarding the impact of shared entity density are492

provided in Appendix B.493

4.5 Ablation Study494

Table 2 presents an ablation study based on Re-495

lation Strict F1, distinguishing between training-496

related and inference-related components:497

Training-Related Components. 1) w/o Pre-498

training: Removing the pre-training stage leads499

to a 1.17% decrease in F1. This demonstrates that500

pre-training effectively injects prior IE knowledge501

into the model and enhances its comprehension502

of structured output paradigms. 2) w/o Seman-503

tic Alignment: Excluding the cross-task semantic504

alignment objective causes the most significant per-505

formance drop (2.00%), underscoring its criticality.506

Appendix C visualizes its impact on co-occurring 507

entity consistency by comparing constraint loss on 508

ACE05 (w/ vs. w/o). 509

Inference-Related Strategies. 1) w/o Decoder 510

Aggregation: Removing the bidirectional merge 511

mechanism causes a 1.66% decline. This indicates 512

that the recall gain from recovering true positives 513

outweighs the precision loss incurred by potential 514

false positives, leading to an overall performance 515

improvement. 2) w/o Generation Constraint: The 516

removal of the generation constraint results in a 517

1.72% drop. This confirms that the benefits of prun- 518

ing false positives significantly outweigh the risk 519

of erroneously filtering valid predictions. 3) w/o 520

Aggregation & Constraint: The simultaneous re- 521

moval of both aggregation and filtering leads to the 522

most severe degradation of 2.72%. Since these 523

two strategies optimize performance from com- 524

plementary directions (enhancing recall vs. pre- 525

cision) without conflict, their combined application 526

achieves optimal results. 527

4.6 Case Study 528

Figure 3 illustrates two representative cases from 529

the Text2DT and SciERC datasets. 530

Valid Case: The baseline suffers from a span 531

nesting issue, predicting an erroneous entity that 532

encapsulates the correct one. This ambiguity trig- 533

gers a cascading error, leading to the inevitable 534

misallocation of the corresponding tail entity. Al- 535

though the model trained with semantic alignment 536
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True Pred:
()

Wrong Pred:
(It, <used-for>, 
Japanese information extraction)
(Japanese information extraction, 
<part-of>, It)

Missing Relation:
(Japanese information extraction, 
<used-for>, It)

True Pred:
(It, <generic>)
(Japanese information
extraction, <task>)

Wrong Pred:
()

Missing Relation:
()

It has also been studied in the
framework of Japanese

information extraction -LRB- -
LSB- 3 -RSB- -RRB- in recent

years .

True Pred:
(急性肺部感染, <症状>)
(抗生素, <药物>)
(福多司坦, <药物>)
(N-乙酰半胱氨酸, <药物>)
(化痰药物, <药物>)
(羧甲司坦, <药物>)
(原发性纤毛运动障碍综合征
患者, <病患>)
(肺部反复感染, <症状>)

Wrong Pred:
(抗感染治疗, <治疗>)

Missing Relation:
()

原发性纤毛运动障碍综合征患者@
急性肺部感染时，需及时使用有效
抗生素抗感染治疗；对于肺部反复
感染者，可以使用化痰药物（如N-
乙酰半胱氨酸、福多司坦、羧甲司

坦）治疗

True Pred:
(原发性纤毛运动障碍综合征患者,
<治疗药物>, 抗生素)
(原发性纤毛运动障碍综合征患者, 
<治疗药物>, 福多司坦)
(原发性纤毛运动障碍综合征患者,
<治疗药物>, N-乙酰半胱氨酸)
(原发性纤毛运动障碍综合征患者,
<治疗药物>, 化痰药物)
(原发性纤毛运动障碍综合征患者,
<治疗药物>, 羧甲司坦)
(原发性纤毛运动障碍综合征患者,
<临床表现>, 肺部反复感染)
(原发性纤毛运动障碍综合征患者,
<临床表现>, 急性肺部感染)

Wrong Pred:
()

Missing Relation:
()

True Pred:
()

Wrong Pred:
(It, <used-for>, Japanese)
(Japanese, <part-of>, It)

Missing Relation:
(Japanese information extraction, 
<used-for>, It)

True Pred:
(It, <generic>)
(Japanese information
extraction, <task>)

Wrong Pred:
()

Missing Relation:
()

True Pred:
(原发性纤毛运动障碍综合征患者, 
<治疗药物>, 福多司坦)
(原发性纤毛运动障碍综合征患者, 
<治疗药物>, N-乙酰半胱氨酸)
(原发性纤毛运动障碍综合征患者, 
<治疗药物>, 化痰药物)
(原发性纤毛运动障碍综合征患者, 
<治疗药物>, 羧甲司坦)
(原发性纤毛运动障碍综合征患者, 
<临床表现>, 肺部反复感染)
(原发性纤毛运动障碍综合征患者, 
<临床表现>, 急性肺部感染)

Wrong Pred:
(原发性纤毛运动障碍综合征患者, 
<治疗方案>, 抗生素抗感染治疗)

Missing Relation:
(原发性纤毛运动障碍综合征患者, 
<治疗药物>, 抗生素)

True Pred:
(急性肺部感染, <症状>)
(抗生素, <药物>)
(福多司坦, <药物>)
(N-乙酰半胱氨酸, <药物>)
(化痰药物, <药物>)
(羧甲司坦, <药物>)
(原发性纤毛运动障碍综合征
患者, <病患>)
(肺部反复感染, <症状>)

Wrong Pred:
(抗生素抗感染治疗, <治疗>)

Missing Relation:
()

Ours
Entity Relation

Input
Baseline

Entity Relation

Valid case

Failure case

Figure 3: Cases from Text2DT and SciERC.

Method Strict F1 ∆ F1

AnchorAlign (Full Model) 67.23 –

Impact of Training Components
w/o Pre-training 66.06 -1.17
w/o Semantic Alignment 65.23 -2.00

Impact of Inference Strategies
w/o Generation Constraint 65.51 -1.72
w/o Decoder Aggregation 65.57 -1.66
w/o Aggregation & Constraint 64.51 -2.72

Table 2: Ablation study of different components on the
ACE05 dataset. We report the Relation Strict F1 and the
performance drop (∆) when removing each component.

does not fully rectify the entity prediction error,537

it enforces clearer boundary distinctions between538

overlapping entities. Consequently, the tail entity539

is correctly identified during the relation extraction540

phase, demonstrating the efficacy of our method.541

Failure Case: Although the proposed semantic542

alignment successfully rectifies the span boundary543

for “Japanese information extraction”, it fails to re-544

cover the relation triplet due to type inconsistency545

and head-tail reversal. This suggests that struc-546

tural improvements alone cannot compensate for547

the lack of intrinsic domain knowledge needed for548

complex reasoning.549

5 Conclusion 550

In this work, we systematically explore structured 551

output paradigms and introduce AnchorAlign to 552

address the critical misalignment in joint extrac- 553

tion. Specifically, we propose the concept of the 554

anchor entity to unify existing output paradigms, 555

which theoretically enables the derivation of two 556

novel output paradigms. Building on this founda- 557

tion, we design a semantic alignment mechanism 558

that leverages anchor entities to rigorously model 559

intra-task RE dependencies while effectively mit- 560

igating biases arising from inter-task (NER-RE) 561

dependencies. Extensive empirical results across 562

five benchmark datasets confirm that our approach 563

yields significant improvements over competitive 564

baselines, achieving new SOTA performance. 565
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Limitations566

While the semantic alignment objective effectively567

sharpens entity boundaries and facilitates the cor-568

rect assignment of relation arguments, it offers lim-569

ited gains in rectifying the semantic correctness of570

predicted entities, as evidenced by persistent en-571

tity encapsulation errors. Furthermore, the model’s572

performance remains constrained by its inherent573

knowledge base. As demonstrated by the Text2DT574

case, accurate entity extraction does not automati-575

cally translate into accurate relation extraction. The576

model continues to exhibit misalignments in rela-577

tion classification and directionality judgment (e.g.,578

head-tail reversal), indicating that alignment con-579

straints cannot fully compensate for deficiencies in580

the model’s reasoning knowledge. In future work,581

we will attempt to incorporate more dependency582

information among IE subtasks and explore new583

avenues for injecting more comprehensive domain584

knowledge to bolster the model’s reasoning capa-585

bilities.586
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A Data Augmentation720

The data augmentation process is decomposed into721

two distinct phases: entity mention rewriting and722

context rewriting, as illustrated in Figures 7 and 8.723

The expanded corpus is subsequently synthesized724

by cross-matching the generated mention variants725

with the context variants. A critical component of726

this process is our index-based consistency con-727

straint: we assign a unique index to each entity and728

strictly enforce that both the entity type associated729

with a specific index and the existing relations be- 730

tween indexed entities remain invariant throughout 731

the rewriting process. This mechanism ensures the 732

automated generation of high-quality labeled data 733

tailored for joint entity and relation extraction. 734

Finally, we performed data augmentation on 735

each dataset, capped at a maximum of 10,000 sam- 736

ples. The augmented data was processed via an 737

automated annotation script, retaining only valid 738

instances to construct the final pre-training corpus. 739

Table 3 illustrates the detailed statistics of the orig- 740

inal versus augmented data counts. 741

Dataset |labels| Samples Augment trainTrain Val Test
ACE05 5 10051 2420 2050 9845
ADE(10-fold avg.) 1 3845 427 - 9782
NYT 24 56196 5000 5000 9767
SciERC 7 1861 275 551 9658
Text2DT 7 400 100 - 3144

Table 3: Statistics of Relation Extraction (RE) Datasets

B Output Paradigm Design Comparison 742

According to the comparative results in Table 4, 743

Paradigm 1 exhibits the lowest average ranking. 744

Conversely, Paradigm 3 outperforms other competi- 745

tive variants (Paradigms 2 and 4) by offering a more 746

robust balance of stability and accuracy. Driven by 747

these observations, we prioritize Paradigm 3 as our 748

default paradigm. 749

Viewing Paradigm 3 as an optimized variant of 750

Paradigm 1, we further investigate the correlation 751

between its performance gains and the density of 752

co-occurring entities in the datasets (detailed in 753

Table 5). We measure the density of shared enti- 754

ties using both per-sample and per-entity metrics, 755

which yield consistent dataset rankings. 756

A distinct positive correlation emerges: datasets 757

with higher shared density correspond to greater 758

F1 improvements for Paradigm 3 over Paradigm 759

1. This finding validates our design rationale, con- 760

firming that the entity-grouping strategy effectively 761

reduces output redundancy, particularly in scenar- 762

ios with high shared density. 763

C Visual Validation of Semantic 764

Alignment Effectiveness 765

To visually demonstrate the enhancement in an- 766

chor consistency brought by cross-task semantic 767

alignment training, we compare the consistency 768

loss trajectories of models trained with (w/ ) and 769
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Output Paradigm ACE05 SciERC ADE

Paradigm1 66.95 47.22 84.86
Paradigm2 68.76 47.24 85.10
Paradigm3 67.05 47.62 85.24
Paradigm4 67.21 47.01 85.13

Table 4: Relation Boundary F1 performance comparison
of different output paradigms on three public datasets.

Metric ACE05 SciERC ADE

Sample-level Shared Density
Shared Head Ratio 4.30% 21.59% 13.76%
Shared Tail Ratio 2.30% 23.74% 21.79%
Average Ratio 3.30% 22.67% 17.78%

Entity-level Shared Density
Shared Head Ratio 20.89% 35.41% 27.65%
Shared Tail Ratio 11.11% 37.37% 42.02%
Average Ratio 16.00% 36.39% 34.84%

∆ F1 (vs. Paradigm 1) +0.10 +0.40 +0.38

Table 5: Impact of Shared Entity Density (Sample- and
Entity-level) on the Performance Gain of Paradigm 3
over Paradigm 1.

without (w/o) this objective. This comparative anal-770

ysis is conducted across the training, validation,771

and test splits of the ACE05 dataset, providing con-772

crete evidence that substantiates the efficacy of our773

proposed method.774

We logged the step-wise loss values for both the775

baseline and the semantic alignment enhanced mod-776

els throughout the training process. During post-777

processing, invalid entries—specifically samples778

devoid of relation annotations which yield zero val-779

ues—were filtered out. To mitigate high-frequency780

stochastic fluctuations and highlight underlying op-781

timization trends, we applied a Simple Moving Av-782

erage (SMA) smoothing technique with a window783

size of w = 7.784

As shown in Figure 4, since both models have785

achieved near-complete convergence on the seen786

data (training set), the disparity in consistency loss787

is negligible. However, a comparison of Figures 5788

and 6 reveals that the model trained with semantic789

alignment exhibits significantly lower consistency790

loss on unseen samples (validation and test sets).791

This demonstrates that the semantic alignment ob-792

jective promotes greater consistency and robustness793

in the outputs of the two tasks, effectively validat-794

ing the generalization capability of our approach.795

Figure 4: Semantic Alignment Loss (Train)

Figure 5: Semantic Alignment Loss (Dev)

Figure 6: Semantic Alignment Loss (Test)

D Hyperparameter Configuration 796

For the pre-training stage, we report the exact 797

epochs spent in Entity Type Understanding and 798

Progressive Objective Activation (both without 799

alignment and within alignment training) while 800

keeping the learning rate fixed. 801

For the SFT stage, we list the epochs and cor- 802

responding learning rates used in Curriculum 803

Warm-up and Full Data Training (again, both 804

without alignment and within alignment training). 805

The final hyper-parameter choices for every dataset 806

are provided in Table 6. 807
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Entity Mention Rewriting

Your task is to rewrite the entity mentions represented in dictionary format {"entity_type": entity_mention} within the input sentence,
ensuring that the total number of entities remains unchanged while preserving each entity's original order and category. Only the entity
mentions themselves should be rewritten—the rewritten mentions must align with the contextual environment and maintain consistent
relationships with other entity mentions, while keeping all other parts of the sentence structure intact. Output each version on a separate
line.

Input:
Meanwhile , {"peop": "Shi Liming"} at the {"org": "Institute of Zoology"} of {"loc": "Kunming"} found that pandas lack variety in
their protein heredity , which may serve as one of the major reasons for pandas ' near extinction .

Output:
1. Meanwhile, {"peop": "a leading researcher"} at the {"org": "Zoological Research Center"} of {"loc": "Yunnan"} found that pandas
lack variety in their protein heredity, which may serve as one of the major reasons for pandas' near extinction.
2. Meanwhile, {"peop": "Dr. Shi"} at the {"org": "Chinese Academy of Sciences"} of {"loc": "Kunming City"} found that pandas lack
variety in their protein heredity, which may serve as one of the major reasons for pandas' near extinction.
3. Meanwhile, {"peop": "a scientist"} at the {"org": "Wildlife Conservation Institute"} of {"loc": "southwestern China"} found that
pandas lack variety in their protein heredity, which may serve as one of the major reasons for pandas' near extinction.

Input:
"It is my sincere hope that we will reignite our united purpose , '' Senator {"person": "Mitch McConnell"} of {"location": "Kentucky"} ,
the Republican whip , said on the Senate floor before the ceremony .

1. "It is my sincere hope that we will reignite our united purpose," Senator {"person": "the GOP leader"} of {"location": "the Bluegrass
State"}, the Republican whip, said on the Senate floor before the ceremony.  
2. "It is my sincere hope that we will reignite our united purpose," Senator {"person": "McConnell"} of {"location": "KY"}, the
Republican whip, said on the Senate floor before the ceremony.  
3. "It is my sincere hope that we will reignite our united purpose," Senator {"person": "the Senate Minority Leader"} of {"location":
"his home state"}, the Republican whip, said on the Senate floor before the ceremony. 

 

Figure 7: Entity mention rewriting

Context Rewriting

1. "It is my sincere hope that we will reignite our united purpose," declared Senator <mask0> of <mask1>, the Republican whip, during
a speech on the Senate floor prior to the ceremony.
2. Before the ceremony, Senator <mask0> of <mask1>, the Republican whip, expressed on the Senate floor, "It is my sincere hope that
we will reignite our united purpose."
3. Speaking on the Senate floor ahead of the ceremony, Senator <mask0> of <mask1>, the Republican whip, stated, "It is my sincere
hope that we will reignite our united purpose."

Your task is to rewrite the given sentence into three distinct versions, ensuring that each unique <mask_id> represents a masked entity.
The rewritten versions must retain the same number of <mask_id> placeholders, with the contextual environment remaining consistent
with the original <mask_id> while preserving the implied relationships between them. Output each version on a separate line.

Input:
Meanwhile , <mask0> at the <mask1> of <mask2> found that pandas lack variety in their protein heredity , which may serve as one of
the major reasons for pandas ' near extinction .

Output:
1. Meanwhile, <mask0> at the <mask1> of <mask2> discovered that pandas have limited protein heredity diversity, potentially
contributing to their near-extinction status.
2. At the <mask1> of <mask2>, <mask0> found that pandas exhibit a lack of protein heredity variation, which could be a key factor in
their near extinction.
3. Pandas' near extinction may be partly due to their low protein heredity variety, as revealed by <mask0> at the <mask1> of <mask2>.

Input:
"It is my sincere hope that we will reignite our united purpose , '' Senator <mask0> of <mask1> , the Republican whip , said on the
Senate floor before the ceremony .

Figure 8: Context rewriting
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Dataset
Epochs Learning Rate (×10−5) Batch Size

Pre-training SFT Pre-training SFT Pre-training SFT

ACE05 [4, 6, 10] [10, 35, 55] 3 [2, 2, 2] 25 25
SciERC [2, 3, 10] [30, 70, 100] 3 [3, 3, 3] 25 25
ADE [2, 3, 5] [10, 35, 55] 2 [2, 2, 2] 30 30
NYT [2, 3, 15] [10, 35, 55] 3 [3, 3, 2] 25 25
Text2DT [2, 3, 10] [10, 70, 100] 3 [3, 3, 2] 10 15

Table 6: Detailed hyper-parameter settings across Pre-training and Supervised Fine-tuning (SFT).
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