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Abstract

Chinese Named Entity Recognition (Chinese
NER) faces challenges such as ambiguous en-
tity boundaries and limited classification ac-
curacy, mainly due to the lack of clear word
boundaries and the strong coupling between
semantic features and interfering features. To
address the interference caused by confounding
factors like domain bias, this paper proposes a
Causality-aware Deconfounded NER network
(CDNER). By integrating multi-granularity fea-
ture extraction, causal deconfounding, and pro-
totype learning into the CRF (Conditional Ran-
dom Field) model, the network enhances the
model’s recognition accuracy and outputs more
robust entity representations. Experimental re-
sults demonstrate that CDNER achieves per-
formance close to the current state-of-the-art,
especially excelling in complex text environ-
ments.

1 Introduction

Named Entity Recognition (NER) is crucial for
many practical applications in Natural Language
Processing (NLP). Chinese Named Entity Recog-
nition faces several unique challenges, such as do-
main bias, annotation noise, significant granularity
differences, and ambiguous boundaries of nested
entities. To address these issues, this paper pro-
poses the CDNER model by combining causal in-
ference and multi-granularity feature enhancement
techniques. It captures contextual information of
features at different granularities using multiple
parallel convolutional sub-networks, then separates
interfering features through a confounder encod-
ing module. Meanwhile, it maintains the prototype
vector of each entity category through a prototype
learning module, which enhances the class discrim-
inability of semantic features. When outputting
the entity recognition results, the model combined
the boundary prediction with the CRF layer: the
boundary head outputs boundary probabilities and

offsets to optimize entity span localization, while
the CRF layer achieves global consistency in se-
quence labeling through label transition constraints.
In summary, the main contributions of this paper
are as follows: it initially explores the performance
improvement of removing confounders on the Chi-
nese Named Entity Recognition task, and based on
this, an effective multi-technology coordinated Chi-
nese NER method is designed to achieve accurate
entity capture in complex contextual environments.

2 Related Work

The Named Entity Recognition(NER) task serves
as a crucial downstream task for numerous Natural
Language Processing tasks, such as entity relation
extraction(Cheng et al., 2021), entity linking(Gu
et al., 2021), entity coreference resolution(Clark
and Manning, 2016), and knowledge graph con-
struction(Ji et al., 2022). Traditional Chinese NER
methods mainly include sequence labeling(Huang
et al., 2015; Lample et al., 2016; Ma and Hovy,
2016) and span classification(Li et al., 2021a; Yu
et al., 2020). Huang et al(Huang et al., 2015)were
the first to employ a Bidirectional Long Short-Term
Memory(BiLSTM) model combined with a Condi-
tional Random Field(CRF) for label prediction and
annotation. Due to its excellent performance across
multiple datasets, the BILSTM-CREF architecture
has been adopted in many subsequent related stud-
ies(Lample et al., 2016; Ma and Hovy, 2016) and
has become a classic model.

In recent years, the integration of deep learning-
based pre-trained language models such as
ELMo(Peters et al., 2018) and BERT(Devlin et al.,
2019) has improved the performance of Chinese
NER tasks, yet several limitations remain: The
FLAT model(Li et al., 2020) converts the lattice
structure into a flat structure consisting of spans.
Each span corresponds to a character or latent word
and its position in the original lattice. breaking



through the efficiency bottleneck of the lattice struc-
ture. However, it ignores the nested associations
of entities, leading to the loss of nested correla-
tions between fine-grained vocabulary and entities.
The RICON model(Gu et al., 2022) propose a sim-
ple but effective method for investigating the reg-
ularity of entity spans in Chinese NER, dubbed
as Regularity-Inspired reCOgnition Network. Ad-
dresses the contradiction between utilizing internal
entity rules and balancing boundary localization
by designing a dual-module collaborative architec-
ture. Nevertheless, the correlation between its two
branches may cause errors in the rule branch to
affect boundary judgment, and it lacks an explana-
tion for the causality of entity boundary decisions.
The LEBERT model(Liu et al., 2021) integrates ex-
ternal lexicon knowledge into BERT layers directly
by a Lexicon Adapter layer, breaking the limitation
of traditional methods that simply perform shallow
concatenation of lexicon features and BERT fea-
tures without fully leveraging the deep semantics
of pre-trained models. However, its performance
relies on the quality of the constructed lexicon. The
W2NER model(Li et al., 2022) present a novel alter-
native by modeling the unified NER as word-word
relation classification, namely W2NER. The archi-
tecture resolves the kernel bottleneck of unified
NER by effectively modeling the neighboring rela-
tions between entity words with Next-Neighboring-
Word(NNW) and Tail-Head-Word-*(THW-*) rela-
tions. However, this word-word relation increases
the cost of data annotation. The BOPN model(Tang
et al., 2023) predicts the boundary offsets between
candidate spans and their nearest entity spans. such
as sample imbalance and insufficient association
modeling, through boundary offset prediction. Yet,
this model fails to optimize the differentiation of
entity types, making it prone to confusing similar
entity types. The GNER model(Ding et al., 2024), a
Generative NER system that shows improved zero-
shot performance across unseen entity domains.
However, the inherent flaw in its negative instance
generation mode may cause the model to over-learn
features of negative samples while ignoring those
of positive samples.

Existing studies have achieved breakthroughs
in areas such as entity rule utilization, span mod-
eling, efficiency optimization, and knowledge in-
tegration. However, limitations persist in aspects
like confounder interference(Zhang et al., 2024;
Zeng et al., 2025), the depth of integration between
multi-granularity(Su et al., 2024) and entity type

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.

Figure 1:

information, and the collaboration between pro-
totype learning(Li et al., 2021b) and CRF. These
challenges provide directions for improvements in
the design of the CDNER model proposed in this

paper.
3 Methodology

CDNER model receives text sequence input, which
is encoded by BERT. Then, it extracts features
via Multi-Scale Convolution(Multi-Scale-Conv).
These extracted features are concatenated with the
original features for causal deconfounding and se-
mantic decoupling. From the deconfounded seman-
tics, entity prototypes are extracted for prototype
contrastive learning, and the contrastive loss is cal-
culated. Finally, sequence decoding and output
are performed through the CRF layer. The overall
architecture of the model is illustrated in Figure. 1.

3.1 Data Processing

In this section, the model first reads the raw BIO-
format data stored in text documents. The data
follows a specific structure: each line corresponds
to one character and one label, with the character
and label separated by a Tab; each sample segment
is separated by a blank line.

Next, the read_ner_data function stores the text
and labels of the samples separately, forming sub-
sample pairs in the format of (character, label).
Subsequently, a custom NERDataset class is re-
sponsible for data preprocessing and format con-
version, which includes converting characters into
tokens and assigning indices to them, aligning the
lengths of labels, and constructing an entity type set
to support type-aware modeling. Finally, attention
masks are generated to filter out invalid samples
and mark the positions of valid text.



3.2 Multi-Scale Feature Extraction Module

Three parallel convolutional sub-networks with 128
output channels are designed in this paper to pro-
cess features of different scales. For fine-, medium-
, and coarse-grained features, the model specifies
three different dilation rates (denoted as d for short
hereafter), where d = [1, 2, 4], corresponding to
the fine, medium, and coarse scales respectively. A
convolution operation is performed for each dila-
tion rate d. The formula for the convolution opera-
tion is as follows1:

Y; = GELU (LayerNorm (ConvlDg4(X))) (1)

where X € RBEX768XL denotes the input tensor,
Conv1Dy represents the 1D convolution operation
with a dilation rate of d, LayerNorm stands for the
layer normalization operation, GELU (Gaussian
Error Linear Unit) denotes the Gaussian error lin-
ear unit activation function, and Y; € RBx128xL
represents the output tensor.

Subsequently, the features extracted by the three
sub-networks are concatenated together through
feature fusion. The concatenation formula is as
follows2:

Y = [Y1,Ys,Yy] € RE*Lx384 2

where B denotes the batch size (Batch Size), and
L denotes the sequence length (Sequence Length).

The fused feature Y is processed through a fu-
sion layer for further fusion, and the fused tensor
Z is output. The fusion formula is as follows3:

Z = GELU (LayerNorm(W - Y + b)) (3)

where Z € RB*Ex256 17 ¢ R384X256 yre
weight matrices, and b € R?5 is a bias vector.

3.3 Causal Deconfounding Module

As the core innovative component of the model,
this module reduces the impact of confounding
factors through front-door adjustment and coun-
terfactual generation. First, the representation of
confounding factors is extracted, and the extraction
formula is as follows4,5:

Ziowdim = GELU (LayerNorm (W7 - Hyer + b1))
“4)

Z = W2 : Zlowdim + b2 (5)

where Hper € REXLXT68 denotes the fused fea-

ture representation.JV; € R768x256 and p; ¢ R2%6
are the parameters of the linear layer.Zjowdim €
RBXLx128 denotes the low-dimensional confound-
ing factor representation.Wy € RI!28x768 apd
by € R™® are the parameters of the projection
layer.Z € RB*L*T68 denotes the final confound-
ing factor representation.

After that, an intervention mask is generated
via the Bernoulli distribution based on the bound-
ary probability and the cosine similarity of the
confounding factor Z. The formula is as fol-
lows6,7,8,9:

Zi- Zj T
sim;; = ———=— (cosine similarity)  (6)
S VAN
1 X
sim; = — ; sim;; (7)

P(intervene;) = boundary,, ., X sim; (8)

intervention,,,,s;, ~ Bernoulli (P (intervene;))
©)
After that, based on the mask, the tokens of the
original input sequence are replaced, and counter-
factual samples are generated to provide compara-
tive data for causal effect estimation. The genera-
tion formula is as follows10,11:

Xef = X ® (1 — intervention,,qsk ) (10)
+ pad, ., © intervention, s

M, = attention, s © (1 — intervention, k)
(1D
where X is the original input sequence. X is
the counterfactual input sequence. My is the coun-
terfactual attention mask.

Then, the front-door adjustment module is used
to separate the direct causal effect (where the input
directly affects the output) and the indirect causal
effect (where the input indirectly affects the output
through intermediate variables). The mediating
variables are calculated by encoding multi-scale
fused features. The formula is as follows12,13:

M = GELU (LayerNorm (W3 - Feontext + b3))
(12)



M = GELU (LayerNorm (W35 - Fis + b3))
(13)

where Fiontext is the multi-
scale fused feature of the original sample.Fs €
RB*Lx256 j5 the multi-scale fused feature of the
counterfactual sample. W3 € R2?°6X128 and b3 €
R'2® are the parameters of the mediating variable
encoder.M and My € REXLX128 qre the mediat-
ing variables.

The calculation formula for the direct effect(DE)
is as follows14:

c RBXLX256

DE = f{5(X) (14)

where X is the input feature. f3%!(-) is the di-
rect effect mapping function implemented by a neu-
ral network.

The calculation formula for the indirect ef-
fect(IE) is as follows15:

IE = fayry (M) — fary (M)

where fyry (-) is the mapping function from me-
diating variables to outputs.

The direct and indirect effects are dynamically
weighted according to the confounding factors, and
the final total causal effect (TAU) is obtained to
eliminate the impact of confounding factors. The
calculation formula is as follows16,17,18,19:

15)

T=0(2Z), 7 =mean(Ziowdim) (16)
Wpg =7 -DE (17)
Wig=(1-71)-1E (18)
TAU = Wpg +WiE (19)

where 7 is the weight coefficient, which is
obtained by mapping the confounding factor
Z through the o function.Zjowdim 18 the low-
dimensional confounding factor representation.WW
denotes the effect weight.

3.4 Prototype Learning Module

This module enhances the distinguishability be-
tween entities of different categories through con-
trastive learning. For each entity category, the
model maintains a prototype vector. During model

initialization, the model pre-creates a learnable pro-
totype vector for each entity category. The proto-
type vectors are defined as learnable parameters
and initialized using the K-aiming normal distribu-
tion.

Subsequently, a small neural network called bot-
tleneck_extractor is employed to extract bottleneck
features from the deconfounded contextual features.
The structure of this neural network consists of two
linear layers with LayerNorm and GELU activation
in between.

Subsequently, the extracted bottleneck features
and prototypes undergo L, normalization. The
normalization formula is as follows20,21:

/
norm — T o 20
oom = 71, 20
Pnorm = L (21)
[pll2

A similarity matrix S for subsequent computa-
tions is constructed. .S is a matrix of size ¢ X j, and
for each element S;; in the matrix, the following
holds 22:

g fi-pj
)

1fllllpsl - 7
Meanwhile, positive and negative sample pairs
are constructed. For positive sample pairs, the sam-
ple features of the same category should be close to
their corresponding prototypes; for negative sample
pairs, it means that the sample features of different
categories should be far from each other’s proto-
types. Masks for positive samples and negative
samples are created to extract their positive sam-
ple similarity and negative sample similarity, and
the prototype contrastive loss is calculated. The

formula is as follows23:

(22)

o (5]

2?;1 exp (%)

(23)
where IV is the number of valid samples,C' is the
number of categories,y; is the true label of the i-th
sample,S;; is the similarity between the i-th sample
and the j-th prototype.

L contrast —

N
Z log
i=1

2=

3.5 Loss Function Design

During the model training process, the Adam op-
timizer is employed along with gradient scaling
technology to enhance training stability. In the



training process, the total loss consists of CRF

loss L, confounding factor regularization loss

Lconfounder_reg» Prototype contrastive 10ss Lcongrasts

and span offset loss Logrser. Multi-loss joint opti-

mization is performed with different weights to fur-

ther improve the overall performance of the model.
The loss function formula is as follows24:

Loss = Lcrf + 0.1- Lconfounder_reg + 0.05 - Lcontrast

+0.03 - Loffset
24

4 Experiments

The environment configuration used in this ex-
periment is as follows: Python 3.9.23, torch
2.7.0+cul28, and NVIDIA A10 GPU; the pre-
trained model adopted is bert-base-chinese; the
maximum length of text sequences is set to 50, the
batch size is set to 32, and the number of training
epochs is set to 30; the Adam optimizer is used,
with the learning rate set to 2e-5.

In terms of model parameter configuration, CD-
NER is based on the Chinese BERT Base pre
trained model (12 layers of Transformer, 768 di-
mensional hidden layers, 12 attention heads, with
basic parameters of about 102M), and adds three
new modules: multi granularity feature extraction,
causal unmixing, and prototype contrastive learn-
ing, with a total parameter size of about 107.8M. In
terms of computational budget, the MSRA dataset
takes 5 GPU hours for 30 rounds of training, the
WeiBoNER dataset takes 0.5 GPU hours for 30
rounds of training, and 1.5 GPU hours for hyperpa-
rameter tuning and ablation experiments, resulting
in a total computational cost of 7 GPU hours.

Experimental verification was conducted on the
following two widely used Chinese Named Entity
Recognition (NER) datasets as Table 1:

The MSRA and WeiBoNER datasets used in this
study are publicly available benchmark resources
in the field of Chinese named entity recognition.
Their original publication has gone through a le-
gal data authorization process, and this study fol-
lows academic sharing standards to use the publicly
available data, without involving direct consent
communication with data objects.

When evaluating model performance, the gen-
eral metric F1-score is used as the benchmark to
assess model performance, and the calculation is
based on macro-average to balance the bias caused
by uneven sample sizes across different categories.

The calculation method of Fl-score is as fol-
lows25:

Precision x Recall

Fl=2x (25)

Precision + Recall

where Precision(P) = TP / (TP + FP) represents pre-
cision rate, which is used to measure the accuracy
of the model in "predicting entities".Recall(R) =
TP / (TP + FN) represents the recall rate, which is
used to measure the completeness of the model in
"capturing entities".

4.1 Comparative Experiments

To comprehensively evaluate the effectiveness of
the proposed model (CDNER), After conducting
all experiments five times, take the average value,
the following models are selected for comparison
an Table 2:

4.2 Analysis of Comparative Experiment
Results

Experiments show that the proposed model
achieves excellent performance on different types
of datasets: it reaches an F1-score of 0.8885 on
the WeiBoNER dataset, and outperforms models
such as BERT+CRF, FLAT, LEBERT, and GNER
on the MSRA dataset—with only a 0.059 gap in
F1-score compared to the optimal model. This per-
formance advantage benefits from the synergistic
effect of modules including multi-granularity fea-
ture extraction, causal deconfounding, and proto-
type learning. These modules enable the model to
not only deliver outstanding performance in com-
plex and informal text environments like that of
the WeiBoNER dataset but also achieve good per-
formance in formal text environments such as the
MSRA dataset.

4.3 Ablation Experiment

To verify the contribution of each module to the
model’s performance, ablation experiments were
designed for each component in the model. Each
ablation experiment was conducted under the same
experimental settings to accurately evaluate the
impact of each module on the final performance.
All experiments were repeated three times, and the
average value was taken to reduce errors caused by
randomness.The experimental results of the model
body and ablation variants are shown in Figure. 2.

Ablation experiments show that in harsh data
environments—characterized by a large number
of abbreviations, colloquial expressions, and noisy



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

MSRA
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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-
cult, each module of the model makes a positive
contribution to the model’s performance and im-
proves its entity recognition capability. However,
in environments with more standardized language
expressions, relatively clear entity boundaries and
types, and high annotation quality, the performance
improvement of each module is limited; among
them, the confounding factor modeling module and
the prototype learning module may even lead to a
decline in model performance. This is because the
MSRA dataset has high data quality, standardized
sequence label annotations, and few confounding
factors. In this case, confounding factor modeling
instead introduces unnecessary constraints, result-

2 character length entity F1 (26464 )
3character Tength entity FI (21634)
4+character length entity (19555 ) FI
Overall Val F1

i

0. 9725

0. 8864

0.9778

0. 9692

T T T T T
0.0 0.2 0.4 0.6 0.8 1.0

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
when this module is removed. Meanwhile, the
MSRA dataset has a balanced label distribution
and sufficient samples, and the strong constraints
of prototype learning may limit the model’s ability
to capture fine-grained differences—such as the
subtle distinction between similar entities.The ex-
perimental results of entities with different lengths
are shown in Figure. 3.

As can be seen from the figure, the model
achieves excellent performance on entities of dif-
ferent lengths. Under comprehensive evaluation,
the model demonstrates good overall performance
in recognizing various types of entities. The



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 the
model can effectively capture the features of 3-
character entities at fine-grained, medium-grained,
and coarse-grained levels. This enables the model
to conduct more sufficient feature learning for such
entities and achieve more accurate recognition.

Although 2-character entities are similar in
length to 3-character entities, their relatively few
characters lead to insufficient expression of some
features, resulting in an Fl-score slightly lower
than that of 3-character entities. Entities with 4
or more characters contain abundant information
and have complex structures. When the model pro-
cesses them, the interference from confounding
factors is more severe. Despite the model being
equipped with a deconfounding mechanism, it is
still difficult to completely eliminate such interfer-
ence, which limits the recognition effect.

For 1-character entities, the single character
carries too little information, making it hard for
the model to accurately determine their categories
based solely on this information. Even when com-
bined with contextual information, the effective
information remains relatively insufficient. This
affects the precision and recall of recognition, ulti-
mately leading to a low F1-score.

5 Conclusions

When conducting experiments on two public
datasets, the average performance metrics of the
proposed model over five runs are as follows Table
3:

The use of MSRA and WeiBoNER public
datasets in this study is consistent with their ex-
pected use as benchmark data for Chinese NER
tasks; Meanwhile, the CDNER model constructed
in this study is only used in academic research sce-
narios and has not been deployed or utilized outside
of the research environment.

A novel Chinese Named Entity Recognition
(NER) model, CDNER, which integrates causal
inference and multi-granularity feature fusion tech-
niques, is proposed by the authors. As can be seen

from the experimental results, the model can cor-
rectly identify entity types in complex text data.
This advantage is attributed to two key factors:
first, causal deconfounding and front-door adjust-
ment effectively reduce the interference of con-
founding noise in the text on the model’s entity
prediction; second, multi-granularity convolution
and self-attention mechanisms can efficiently fuse
features of entities with different lengths, thereby
improving the overall performance of the model.

This study only conducted experiments based
on publicly shared benchmark datasets and did not
involve ethical review procedures such as human
participant recruitment and sensitive data collec-
tion. Therefore, the approval process of the ethics
review committee was not carried out.

6 Limitation and Future Work

Meanwhile, the low recall rate of the model on
the WeiBoNER dataset also reflects its limited
ability to capture complex or non-standard enti-
ties. This is due to two reasons: on one hand, the
WeiBoNER dataset is highly colloquial and casual,
and the expression of entities in colloquial text is
non-standard, making it difficult for the model to
capture entity boundaries when dealing with such
entities; on the other hand, a large number of emerg-
ing entities or non-standard names in the dataset
are not fully covered by the training data, leading
to difficulties in matching class prototypes of the
prototype learning module and subsequent missed
detection of some entities.

CDNER’s training datasets (MSRA, Wei-
BoNER) cover formal and social media texts but
carry linguistic variation and group representa-
tion biases. Underrepresented samples of dialects,
ethnic minority languages, and region/occupation-
specific entities reduce the model’s accuracy for
marginalized groups, reinforcing mainstream in-
formation advantages and excluding minority lan-
guage speakers. Though its causal deconfounding
module mitigates annotation noise, it may not fully
eliminate spurious correlations between sensitive
attributes (e.g., gender, geography) and entity cate-
gories, leading the model to learn and perpetuate
biases, raising fairness concerns.

As a high-performance Chinese NER tool, CD-
NER faces malicious use and dual-use risks. It
could be exploited to mass-extract social media
users’ personal info (names, locations, occupa-
tions), causing privacy leaks, fake profiles, or tar-



geted fraud. Monitoring specific groups’ online
speech with it may infringe on freedom of expres-
sion and privacy. While delivering value in legit-
imate scenarios like public opinion analysis and
knowledge graph construction, erroneous recogni-
tion (e.g., mislabeling ordinary content as sensi-
tive) may unjustly harm individuals, and deliberate
misuse will amplify information security risks, un-
dermining digital trust and safety.

The architecture of the CDNER model is rela-
tively complex. The coordinated operation of mul-
tiple components results in high performance over-
head in training and computation. Future work will
focus on three aspects: simplifying the model, in-
tegrating external knowledge, and optimizing the
causal inference mechanism in Chinese Named En-
tity Recognition.
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