
Causality-aware Deconfounded NER Network for Chinese Named Entity
Recognition

Anonymous ACL submission

Abstract001

Chinese Named Entity Recognition (Chinese002
NER) faces challenges such as ambiguous en-003
tity boundaries and limited classification ac-004
curacy, mainly due to the lack of clear word005
boundaries and the strong coupling between006
semantic features and interfering features. To007
address the interference caused by confounding008
factors like domain bias, this paper proposes a009
Causality-aware Deconfounded NER network010
(CDNER). By integrating multi-granularity fea-011
ture extraction, causal deconfounding, and pro-012
totype learning into the CRF (Conditional Ran-013
dom Field) model, the network enhances the014
model’s recognition accuracy and outputs more015
robust entity representations. Experimental re-016
sults demonstrate that CDNER achieves per-017
formance close to the current state-of-the-art,018
especially excelling in complex text environ-019
ments.020

1 Introduction021

Named Entity Recognition (NER) is crucial for022

many practical applications in Natural Language023

Processing (NLP). Chinese Named Entity Recog-024

nition faces several unique challenges, such as do-025

main bias, annotation noise, significant granularity026

differences, and ambiguous boundaries of nested027

entities. To address these issues, this paper pro-028

poses the CDNER model by combining causal in-029

ference and multi-granularity feature enhancement030

techniques. It captures contextual information of031

features at different granularities using multiple032

parallel convolutional sub-networks, then separates033

interfering features through a confounder encod-034

ing module. Meanwhile, it maintains the prototype035

vector of each entity category through a prototype036

learning module, which enhances the class discrim-037

inability of semantic features. When outputting038

the entity recognition results, the model combined039

the boundary prediction with the CRF layer: the040

boundary head outputs boundary probabilities and041

offsets to optimize entity span localization, while 042

the CRF layer achieves global consistency in se- 043

quence labeling through label transition constraints. 044

In summary, the main contributions of this paper 045

are as follows: it initially explores the performance 046

improvement of removing confounders on the Chi- 047

nese Named Entity Recognition task, and based on 048

this, an effective multi-technology coordinated Chi- 049

nese NER method is designed to achieve accurate 050

entity capture in complex contextual environments. 051

2 Related Work 052

The Named Entity Recognition(NER) task serves 053

as a crucial downstream task for numerous Natural 054

Language Processing tasks, such as entity relation 055

extraction(Cheng et al., 2021), entity linking(Gu 056

et al., 2021), entity coreference resolution(Clark 057

and Manning, 2016), and knowledge graph con- 058

struction(Ji et al., 2022). Traditional Chinese NER 059

methods mainly include sequence labeling(Huang 060

et al., 2015; Lample et al., 2016; Ma and Hovy, 061

2016) and span classification(Li et al., 2021a; Yu 062

et al., 2020). Huang et al(Huang et al., 2015)were 063

the first to employ a Bidirectional Long Short-Term 064

Memory(BiLSTM) model combined with a Condi- 065

tional Random Field(CRF) for label prediction and 066

annotation. Due to its excellent performance across 067

multiple datasets, the BiLSTM-CRF architecture 068

has been adopted in many subsequent related stud- 069

ies(Lample et al., 2016; Ma and Hovy, 2016) and 070

has become a classic model. 071

In recent years, the integration of deep learning- 072

based pre-trained language models such as 073

ELMo(Peters et al., 2018) and BERT(Devlin et al., 074

2019) has improved the performance of Chinese 075

NER tasks, yet several limitations remain: The 076

FLAT model(Li et al., 2020) converts the lattice 077

structure into a flat structure consisting of spans. 078

Each span corresponds to a character or latent word 079

and its position in the original lattice. breaking 080
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through the efficiency bottleneck of the lattice struc-081

ture. However, it ignores the nested associations082

of entities, leading to the loss of nested correla-083

tions between fine-grained vocabulary and entities.084

The RICON model(Gu et al., 2022) propose a sim-085

ple but effective method for investigating the reg-086

ularity of entity spans in Chinese NER, dubbed087

as Regularity-Inspired reCOgnition Network. Ad-088

dresses the contradiction between utilizing internal089

entity rules and balancing boundary localization090

by designing a dual-module collaborative architec-091

ture. Nevertheless, the correlation between its two092

branches may cause errors in the rule branch to093

affect boundary judgment, and it lacks an explana-094

tion for the causality of entity boundary decisions.095

The LEBERT model(Liu et al., 2021) integrates ex-096

ternal lexicon knowledge into BERT layers directly097

by a Lexicon Adapter layer, breaking the limitation098

of traditional methods that simply perform shallow099

concatenation of lexicon features and BERT fea-100

tures without fully leveraging the deep semantics101

of pre-trained models. However, its performance102

relies on the quality of the constructed lexicon. The103

W2NER model(Li et al., 2022) present a novel alter-104

native by modeling the unified NER as word-word105

relation classification, namely W2NER. The archi-106

tecture resolves the kernel bottleneck of unified107

NER by effectively modeling the neighboring rela-108

tions between entity words with Next-Neighboring-109

Word(NNW) and Tail-Head-Word-*(THW-*) rela-110

tions. However, this word-word relation increases111

the cost of data annotation. The BOPN model(Tang112

et al., 2023) predicts the boundary offsets between113

candidate spans and their nearest entity spans. such114

as sample imbalance and insufficient association115

modeling, through boundary offset prediction. Yet,116

this model fails to optimize the differentiation of117

entity types, making it prone to confusing similar118

entity types. The GNER model(Ding et al., 2024), a119

Generative NER system that shows improved zero-120

shot performance across unseen entity domains.121

However, the inherent flaw in its negative instance122

generation mode may cause the model to over-learn123

features of negative samples while ignoring those124

of positive samples.125

Existing studies have achieved breakthroughs126

in areas such as entity rule utilization, span mod-127

eling, efficiency optimization, and knowledge in-128

tegration. However, limitations persist in aspects129

like confounder interference(Zhang et al., 2024;130

Zeng et al., 2025), the depth of integration between131

multi-granularity(Su et al., 2024) and entity type132

Figure 1: Architecture Diagram of the CDNER
Model.The CDNER model consists of three sub-
modules, namely the multi-granularity feature extrac-
tion module, the causal deconfounding module, and the
prototype contrastive learning module.

information, and the collaboration between pro- 133

totype learning(Li et al., 2021b) and CRF. These 134

challenges provide directions for improvements in 135

the design of the CDNER model proposed in this 136

paper. 137

3 Methodology 138

CDNER model receives text sequence input, which 139

is encoded by BERT. Then, it extracts features 140

via Multi-Scale Convolution(Multi-Scale-Conv). 141

These extracted features are concatenated with the 142

original features for causal deconfounding and se- 143

mantic decoupling. From the deconfounded seman- 144

tics, entity prototypes are extracted for prototype 145

contrastive learning, and the contrastive loss is cal- 146

culated. Finally, sequence decoding and output 147

are performed through the CRF layer. The overall 148

architecture of the model is illustrated in Figure. 1. 149

3.1 Data Processing 150

In this section, the model first reads the raw BIO- 151

format data stored in text documents. The data 152

follows a specific structure: each line corresponds 153

to one character and one label, with the character 154

and label separated by a Tab; each sample segment 155

is separated by a blank line. 156

Next, the read_ner_data function stores the text 157

and labels of the samples separately, forming sub- 158

sample pairs in the format of (character, label). 159

Subsequently, a custom NERDataset class is re- 160

sponsible for data preprocessing and format con- 161

version, which includes converting characters into 162

tokens and assigning indices to them, aligning the 163

lengths of labels, and constructing an entity type set 164

to support type-aware modeling. Finally, attention 165

masks are generated to filter out invalid samples 166

and mark the positions of valid text. 167

2



3.2 Multi-Scale Feature Extraction Module168

Three parallel convolutional sub-networks with 128169

output channels are designed in this paper to pro-170

cess features of different scales. For fine-, medium-171

, and coarse-grained features, the model specifies172

three different dilation rates (denoted as d for short173

hereafter), where d = [1, 2, 4], corresponding to174

the fine, medium, and coarse scales respectively. A175

convolution operation is performed for each dila-176

tion rate d. The formula for the convolution opera-177

tion is as follows1:178

Yd = GELU (LayerNorm (Conv1Dd(X))) (1)179

where X ∈ RB×768×L denotes the input tensor,180

Conv1Dd represents the 1D convolution operation181

with a dilation rate of d, LayerNorm stands for the182

layer normalization operation, GELU (Gaussian183

Error Linear Unit) denotes the Gaussian error lin-184

ear unit activation function, and Yd ∈ RB×128×L185

represents the output tensor.186

Subsequently, the features extracted by the three187

sub-networks are concatenated together through188

feature fusion. The concatenation formula is as189

follows2:190

Y = [Y1, Y2, Y4] ∈ RB×L×384 (2)191

where B denotes the batch size (Batch Size), and192

L denotes the sequence length (Sequence Length).193

The fused feature Y is processed through a fu-194

sion layer for further fusion, and the fused tensor195

Z is output. The fusion formula is as follows3:196

Z = GELU (LayerNorm(W · Y + b)) (3)197

where Z ∈ RB×L×256, W ∈ R384×256 are198

weight matrices, and b ∈ R256 is a bias vector.199

3.3 Causal Deconfounding Module200

As the core innovative component of the model,201

this module reduces the impact of confounding202

factors through front-door adjustment and coun-203

terfactual generation. First, the representation of204

confounding factors is extracted, and the extraction205

formula is as follows4,5:206

Zlowdim = GELU (LayerNorm (W1 ·Hbert + b1))
(4)207

Z = W2 · Zlowdim + b2 (5)208

where Hbert ∈ RB×L×768 denotes the fused fea- 209

ture representation.W1 ∈ R768×256 and b1 ∈ R256 210

are the parameters of the linear layer.Zlowdim ∈ 211

RB×L×128 denotes the low-dimensional confound- 212

ing factor representation.W2 ∈ R128×768 and 213

b2 ∈ R768 are the parameters of the projection 214

layer.Z ∈ RB×L×768 denotes the final confound- 215

ing factor representation. 216

After that, an intervention mask is generated 217

via the Bernoulli distribution based on the bound- 218

ary probability and the cosine similarity of the 219

confounding factor Z. The formula is as fol- 220

lows6,7,8,9: 221

simij =
Zi · Zj

∥Zi∥∥Zj∥
(cosine similarity) (6) 222

simi =
1

L

L∑
j=1

simij (7) 223

P (intervenei) = boundaryprobi × simi (8) 224

interventionmaski ∼ Bernoulli (P (intervenei))
(9) 225

After that, based on the mask, the tokens of the 226

original input sequence are replaced, and counter- 227

factual samples are generated to provide compara- 228

tive data for causal effect estimation. The genera- 229

tion formula is as follows10,11: 230

Xcf = X ⊙ (1− interventionmask)

+ padtoken ⊙ interventionmask

(10) 231

Mcf = attentionmask ⊙ (1− interventionmask)
(11) 232

where X is the original input sequence.Xcf is 233

the counterfactual input sequence.Mcf is the coun- 234

terfactual attention mask. 235

Then, the front-door adjustment module is used 236

to separate the direct causal effect (where the input 237

directly affects the output) and the indirect causal 238

effect (where the input indirectly affects the output 239

through intermediate variables). The mediating 240

variables are calculated by encoding multi-scale 241

fused features. The formula is as follows12,13: 242

M = GELU (LayerNorm (W3 · Fcontext + b3))
(12) 243
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Mcf = GELU (LayerNorm (W3 · Fcf + b3))
(13)244

where Fcontext ∈ RB×L×256 is the multi-245

scale fused feature of the original sample.Fcf ∈246

RB×L×256 is the multi-scale fused feature of the247

counterfactual sample.W3 ∈ R256×128 and b3 ∈248

R128 are the parameters of the mediating variable249

encoder.M and Mcf ∈ RB×L×128 are the mediat-250

ing variables.251

The calculation formula for the direct effect(DE)252

is as follows14:253

DE = fdirect
XY (X) (14)254

where X is the input feature.fdirect
XY (·) is the di-255

rect effect mapping function implemented by a neu-256

ral network.257

The calculation formula for the indirect ef-258

fect(IE) is as follows15:259

IE = fMY (M)− fMY (Mcf) (15)260

where fMY (·) is the mapping function from me-261

diating variables to outputs.262

The direct and indirect effects are dynamically263

weighted according to the confounding factors, and264

the final total causal effect (TAU) is obtained to265

eliminate the impact of confounding factors. The266

calculation formula is as follows16,17,18,19:267

τ = σ(Z̄), Z̄ = mean(Zlowdim) (16)268

WDE = τ ·DE (17)269

WIE = (1− τ) · IE (18)270

TAU = WDE +WIE (19)271

where τ is the weight coefficient, which is272

obtained by mapping the confounding factor273

Z through the σ function.Zlowdim is the low-274

dimensional confounding factor representation.W275

denotes the effect weight.276

3.4 Prototype Learning Module277

This module enhances the distinguishability be-278

tween entities of different categories through con-279

trastive learning. For each entity category, the280

model maintains a prototype vector. During model281

initialization, the model pre-creates a learnable pro- 282

totype vector for each entity category. The proto- 283

type vectors are defined as learnable parameters 284

and initialized using the K-aiming normal distribu- 285

tion. 286

Subsequently, a small neural network called bot- 287

tleneck_extractor is employed to extract bottleneck 288

features from the deconfounded contextual features. 289

The structure of this neural network consists of two 290

linear layers with LayerNorm and GELU activation 291

in between. 292

Subsequently, the extracted bottleneck features 293

and prototypes undergo L2 normalization. The 294

normalization formula is as follows20,21: 295

fnorm =
f

∥f∥2
(20) 296

pnorm =
p

∥p∥2
(21) 297

A similarity matrix S for subsequent computa- 298

tions is constructed. S is a matrix of size i× j, and 299

for each element Sij in the matrix, the following 300

holds 22: 301

Sij =
fi · pj

∥fi∥∥pj∥ · τ
(22) 302

Meanwhile, positive and negative sample pairs 303

are constructed. For positive sample pairs, the sam- 304

ple features of the same category should be close to 305

their corresponding prototypes; for negative sample 306

pairs, it means that the sample features of different 307

categories should be far from each other’s proto- 308

types. Masks for positive samples and negative 309

samples are created to extract their positive sam- 310

ple similarity and negative sample similarity, and 311

the prototype contrastive loss is calculated. The 312

formula is as follows23: 313

Lcontrast = − 1

N

N∑
i=1

log

 exp
(
Si,yi
τ

)
∑C

j=1 exp
(
Si,j

τ

)

(23) 314

where N is the number of valid samples,C is the 315

number of categories,yi is the true label of the i-th 316

sample,Sij is the similarity between the i-th sample 317

and the j-th prototype. 318

3.5 Loss Function Design 319

During the model training process, the Adam op- 320

timizer is employed along with gradient scaling 321

technology to enhance training stability. In the 322
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training process, the total loss consists of CRF323

loss Lcrf, confounding factor regularization loss324

Lconfounder_reg, prototype contrastive loss Lcontrast,325

and span offset loss Loffset. Multi-loss joint opti-326

mization is performed with different weights to fur-327

ther improve the overall performance of the model.328

The loss function formula is as follows24:329

Loss = Lcrf + 0.1 · Lconfounder_reg + 0.05 · Lcontrast

+ 0.03 · Loffset
(24)330

4 Experiments331

The environment configuration used in this ex-332

periment is as follows: Python 3.9.23, torch333

2.7.0+cu128, and NVIDIA A10 GPU; the pre-334

trained model adopted is bert-base-chinese; the335

maximum length of text sequences is set to 50, the336

batch size is set to 32, and the number of training337

epochs is set to 30; the Adam optimizer is used,338

with the learning rate set to 2e-5.339

In terms of model parameter configuration, CD-340

NER is based on the Chinese BERT Base pre341

trained model (12 layers of Transformer, 768 di-342

mensional hidden layers, 12 attention heads, with343

basic parameters of about 102M), and adds three344

new modules: multi granularity feature extraction,345

causal unmixing, and prototype contrastive learn-346

ing, with a total parameter size of about 107.8M. In347

terms of computational budget, the MSRA dataset348

takes 5 GPU hours for 30 rounds of training, the349

WeiBoNER dataset takes 0.5 GPU hours for 30350

rounds of training, and 1.5 GPU hours for hyperpa-351

rameter tuning and ablation experiments, resulting352

in a total computational cost of 7 GPU hours.353

Experimental verification was conducted on the354

following two widely used Chinese Named Entity355

Recognition (NER) datasets as Table 1:356

The MSRA and WeiBoNER datasets used in this357

study are publicly available benchmark resources358

in the field of Chinese named entity recognition.359

Their original publication has gone through a le-360

gal data authorization process, and this study fol-361

lows academic sharing standards to use the publicly362

available data, without involving direct consent363

communication with data objects.364

When evaluating model performance, the gen-365

eral metric F1-score is used as the benchmark to366

assess model performance, and the calculation is367

based on macro-average to balance the bias caused368

by uneven sample sizes across different categories.369

The calculation method of F1-score is as fol- 370

lows25: 371

F1 = 2× Precision × Recall
Precision + Recall

(25) 372

where Precision(P) = TP / (TP + FP) represents pre- 373

cision rate, which is used to measure the accuracy 374

of the model in "predicting entities".Recall(R) = 375

TP / (TP + FN) represents the recall rate, which is 376

used to measure the completeness of the model in 377

"capturing entities". 378

4.1 Comparative Experiments 379

To comprehensively evaluate the effectiveness of 380

the proposed model (CDNER), After conducting 381

all experiments five times, take the average value, 382

the following models are selected for comparison 383

an Table 2: 384

4.2 Analysis of Comparative Experiment 385

Results 386

Experiments show that the proposed model 387

achieves excellent performance on different types 388

of datasets: it reaches an F1-score of 0.8885 on 389

the WeiBoNER dataset, and outperforms models 390

such as BERT+CRF, FLAT, LEBERT, and GNER 391

on the MSRA dataset—with only a 0.059 gap in 392

F1-score compared to the optimal model. This per- 393

formance advantage benefits from the synergistic 394

effect of modules including multi-granularity fea- 395

ture extraction, causal deconfounding, and proto- 396

type learning. These modules enable the model to 397

not only deliver outstanding performance in com- 398

plex and informal text environments like that of 399

the WeiBoNER dataset but also achieve good per- 400

formance in formal text environments such as the 401

MSRA dataset. 402

4.3 Ablation Experiment 403

To verify the contribution of each module to the 404

model’s performance, ablation experiments were 405

designed for each component in the model. Each 406

ablation experiment was conducted under the same 407

experimental settings to accurately evaluate the 408

impact of each module on the final performance. 409

All experiments were repeated three times, and the 410

average value was taken to reduce errors caused by 411

randomness.The experimental results of the model 412

body and ablation variants are shown in Figure. 2. 413

Ablation experiments show that in harsh data 414

environments—characterized by a large number 415

of abbreviations, colloquial expressions, and noisy 416
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Dataset Training Set Size Test Set Size
MSRA (Levow, 2006) ∼46,000 sentences ∼4,300 sentences
WeiBoNER (Peng and Dredze, 2015) ∼1,800 sentences ∼300 sentences

Table 1: Relevant Information of Datasets for Experiments

Model Name WeiBoNER-F1 MSRA-F1
BERT-CRF (Chang et al., 2021) 0.6837 0.9340
FLAT (Li et al., 2020) 0.6342 0.9435
LEBERT (Liu et al., 2021) 0.7095 0.9570
W²NER (Li et al., 2022) 0.7232 0.9610
RICON (Gu et al., 2022) 0.5888 0.9614
BOPN (Tang et al., 2023) 0.7292 0.9639
GNER (Ding et al., 2024) 0.4278 0.9456
Our Model(CDNER) 0.8885 0.9580

Table 2: Comparison of F1 values between the baseline model used for comparison and this model on the
WeiBoNER dataset and MSRA dataset

Figure 2: Results and Performance Comparison of Each
Ablation Experiment on Two Public Chinese Named
Entity Recognition (NER) Datasets: WeiBoNER and
MSRA

data—where entity recognition is relatively diffi-417

cult, each module of the model makes a positive418

contribution to the model’s performance and im-419

proves its entity recognition capability. However,420

in environments with more standardized language421

expressions, relatively clear entity boundaries and422

types, and high annotation quality, the performance423

improvement of each module is limited; among424

them, the confounding factor modeling module and425

the prototype learning module may even lead to a426

decline in model performance. This is because the427

MSRA dataset has high data quality, standardized428

sequence label annotations, and few confounding429

factors. In this case, confounding factor modeling430

instead introduces unnecessary constraints, result-431

Figure 3: Performance Statistics of the Model on Enti-
ties of Different Lengths in the MSRA Dataset

ing in overfitting, and the model performs better 432

when this module is removed. Meanwhile, the 433

MSRA dataset has a balanced label distribution 434

and sufficient samples, and the strong constraints 435

of prototype learning may limit the model’s ability 436

to capture fine-grained differences—such as the 437

subtle distinction between similar entities.The ex- 438

perimental results of entities with different lengths 439

are shown in Figure. 3. 440

As can be seen from the figure, the model 441

achieves excellent performance on entities of dif- 442

ferent lengths. Under comprehensive evaluation, 443

the model demonstrates good overall performance 444

in recognizing various types of entities. The 445
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Data P R F1
MSRA 0.9650 0.9521 0.9580
WeiBoNER 0.9569 0.8571 0.8885

Table 3: Various Performance Metrics of the Proposed
Model on Two Public Chinese Named Entity Recogni-
tion (NER) Datasets: WeiBoNER and MSRA

multi-granularity feature extraction module in the446

model can effectively capture the features of 3-447

character entities at fine-grained, medium-grained,448

and coarse-grained levels. This enables the model449

to conduct more sufficient feature learning for such450

entities and achieve more accurate recognition.451

Although 2-character entities are similar in452

length to 3-character entities, their relatively few453

characters lead to insufficient expression of some454

features, resulting in an F1-score slightly lower455

than that of 3-character entities. Entities with 4456

or more characters contain abundant information457

and have complex structures. When the model pro-458

cesses them, the interference from confounding459

factors is more severe. Despite the model being460

equipped with a deconfounding mechanism, it is461

still difficult to completely eliminate such interfer-462

ence, which limits the recognition effect.463

For 1-character entities, the single character464

carries too little information, making it hard for465

the model to accurately determine their categories466

based solely on this information. Even when com-467

bined with contextual information, the effective468

information remains relatively insufficient. This469

affects the precision and recall of recognition, ulti-470

mately leading to a low F1-score.471

5 Conclusions472

When conducting experiments on two public473

datasets, the average performance metrics of the474

proposed model over five runs are as follows Table475

3:476

The use of MSRA and WeiBoNER public477

datasets in this study is consistent with their ex-478

pected use as benchmark data for Chinese NER479

tasks; Meanwhile, the CDNER model constructed480

in this study is only used in academic research sce-481

narios and has not been deployed or utilized outside482

of the research environment.483

A novel Chinese Named Entity Recognition484

(NER) model, CDNER, which integrates causal485

inference and multi-granularity feature fusion tech-486

niques, is proposed by the authors. As can be seen487

from the experimental results, the model can cor- 488

rectly identify entity types in complex text data. 489

This advantage is attributed to two key factors: 490

first, causal deconfounding and front-door adjust- 491

ment effectively reduce the interference of con- 492

founding noise in the text on the model’s entity 493

prediction; second, multi-granularity convolution 494

and self-attention mechanisms can efficiently fuse 495

features of entities with different lengths, thereby 496

improving the overall performance of the model. 497

This study only conducted experiments based 498

on publicly shared benchmark datasets and did not 499

involve ethical review procedures such as human 500

participant recruitment and sensitive data collec- 501

tion. Therefore, the approval process of the ethics 502

review committee was not carried out. 503

6 Limitation and Future Work 504

Meanwhile, the low recall rate of the model on 505

the WeiBoNER dataset also reflects its limited 506

ability to capture complex or non-standard enti- 507

ties. This is due to two reasons: on one hand, the 508

WeiBoNER dataset is highly colloquial and casual, 509

and the expression of entities in colloquial text is 510

non-standard, making it difficult for the model to 511

capture entity boundaries when dealing with such 512

entities; on the other hand, a large number of emerg- 513

ing entities or non-standard names in the dataset 514

are not fully covered by the training data, leading 515

to difficulties in matching class prototypes of the 516

prototype learning module and subsequent missed 517

detection of some entities. 518

CDNER’s training datasets (MSRA, Wei- 519

BoNER) cover formal and social media texts but 520

carry linguistic variation and group representa- 521

tion biases. Underrepresented samples of dialects, 522

ethnic minority languages, and region/occupation- 523

specific entities reduce the model’s accuracy for 524

marginalized groups, reinforcing mainstream in- 525

formation advantages and excluding minority lan- 526

guage speakers. Though its causal deconfounding 527

module mitigates annotation noise, it may not fully 528

eliminate spurious correlations between sensitive 529

attributes (e.g., gender, geography) and entity cate- 530

gories, leading the model to learn and perpetuate 531

biases, raising fairness concerns. 532

As a high-performance Chinese NER tool, CD- 533

NER faces malicious use and dual-use risks. It 534

could be exploited to mass-extract social media 535

users’ personal info (names, locations, occupa- 536

tions), causing privacy leaks, fake profiles, or tar- 537
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geted fraud. Monitoring specific groups’ online538

speech with it may infringe on freedom of expres-539

sion and privacy. While delivering value in legit-540

imate scenarios like public opinion analysis and541

knowledge graph construction, erroneous recogni-542

tion (e.g., mislabeling ordinary content as sensi-543

tive) may unjustly harm individuals, and deliberate544

misuse will amplify information security risks, un-545

dermining digital trust and safety.546

The architecture of the CDNER model is rela-547

tively complex. The coordinated operation of mul-548

tiple components results in high performance over-549

head in training and computation. Future work will550

focus on three aspects: simplifying the model, in-551

tegrating external knowledge, and optimizing the552

causal inference mechanism in Chinese Named En-553

tity Recognition.554
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