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Abstract
In the field of Traditional Chinese Medicine (TCM), Named Entity Recognition (NER) is a crucial
task. However, the scarcity of NER datasets in TCM significantly hampers the performance of
models in this domain. A promising approach to addressing this low-resource issue is through do-
main adaptation techniques. Current domain adaptation methods typically leverage large amounts
of labeled data from a source domain to bridge the gap between the source and target domains,
making the features of the generated target domain data as similar as possible to those of the source
domain, thereby enhancing model performance in the target domain. However, existing methods
primarily focus on aligning textual features and neglect the importance of label information. In
the NER task, labels not only indicate categories but also carry important categorical informa-
tion. Therefore, this paper proposes a Label-Perceptive Adversarial Domain Adaptation (LPADA)
method that integrates label information with textual features, providing additional contextual in-
formation for the domain adaptation process, thus enhancing the model’s performance in the TCM
domain. Furthermore, we annotate medical case records to construct a dataset TCMNER2024 1

and establish a baseline. The evaluation demonstrates that our approach significantly outperforms
existing methods.
Keywords: Data Resource, Adversarial Domain Adaptation, Traditional Chinese Medicine, Named
Entity Recognition

1. Introduction

TCM NER is crucial for extracting valuable information from traditional Chinese medicine texts,
and supporting tasks such as knowledge graph construction, clinical decision-making, and auto-
mated question-answering systems. However, the development of accurate and efficient NER sys-
tems in the TCM domain faces significant challenges, primarily due to the lack of annotated datasets
and resources. As a low-resource domain, TCM is plagued by the scarcity of high-quality data and
the high costs associated with data annotation. Moreover, there have been few NER tasks specifi-
cally tailored to the TCM domain, and no systematic research framework or benchmark dataset has
been established. Domain adaptation is an effective approach for addressing low-resource tasks by
transferring models or knowledge trained on large-scale data to tasks in the target domain. This can
significantly improve model performance and generalization. Adversarial training is often employed
as a strategy for achieving domain adaptation. However, existing domain adaptation algorithms typ-
ically focus solely on aligning the feature distributions between the source and target domains to
achieve adaptation. In the NER task, labels often carry crucial information about entity categories,
which is highly valuable for domain adaptation. However, current methods frequently fail to fully
leverage this label information, leading to inadequate differentiation of entity categories during the

1. TCMNER2024 dataset can be accessed via https://github.com/TCMNER/TCMNER2024.

© 2025 Y. Tong.
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Figure 1: In the upper sentence, “The Widal test is positive, confirming the diagnosis of typhoid
fever”, the entity “Typhoid Fever” falls under the “Western Medicine Disease Terms (WMDT)” cat-
egory. In contrast, in the lower sentence, “Diagnosed with cold damage due to external contraction
of wind-cold”, the entity “cold damage” is classified under the “Traditional Chinese Medicine Dis-
ease Terms (TCMDT)” category. Although both expressions are consistent in Chinese, they belong
to entirely different entity categories.

transfer process. As shown in Figure 1, the entity “Typhoid Fever” in the upper sentence falls under
the Western Medicine Disease Terms (WMDT) category. In contrast, the entity “cold damage” in
the lower sentence is classified under the “Traditional Chinese Medicine Disease Terms (TCMDT)”
category. Although both expressions are the same in Chinese, they belong to entirely different en-
tity categories. Since the same text appears consistent in the feature space, focusing solely on text
features while ignoring label information can lead to incorrect entity category classification.

Therefore, we propose a Label-Perceptive Adversarial Domain Adaptation (LPADA) framework
for the NER task in the TCM domain via generative adversarial architecture. The workflow of the
LPADA framework is illustrated in Figure 2, and it comprises two main components: the generator
and the discriminator. The generator is built on the pre-trained model RoBERTa (Liu et al., 2019)
combined with the typical sequence tagger CRF (Lafferty et al., 2001), producing intermediate
outputs. It takes the target domain dataset as input and generates pseudo labels leveraging the
pre-trained language model. The discriminator processes labeled data from the source domain,
progressively minimizing the discrepancy between the source and target domains by aligning the
joint feature distribution of the text and its corresponding labels. Simultaneously, it minimizes the
gap between the predicted and true labels. Therefore, the overall loss consists of two components:
one derived from supervised information and the other from the discrepancy between the source and
target domains, which is backpropagated to the generator.

Furthermore, given the absence of systematic research and standardized evaluation benchmarks
for the NER task in the TCM domain, we have developed the TCMNER2024 dataset to evaluate the
LPADA framework and establish a baseline for future research. TCMNER2024 is a high-quality
dataset derived from medical records within the TCM field. We evaluate the LPADA framework
using the TCMNER2024 dataset, provide the evaluation results as a baseline, and make the dataset
publicly available to support and advance future NER research in the TCM domain. The three key
highlights of this work are as follows:

• We propose the LPADA framework, which leverages the strengths of adversarial mechanisms
with label-perceptual. By integrating text features and label information through joint prob-
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ability distribution, LPADA facilitates domain adaptation by aligning the feature spaces of
both text and labels across source and target domains.

• We developed TCMNER2024, a comprehensive and robust benchmark dataset for the TCM
NER task, derived from over 5,000 high-quality clinical records. This dataset provides a solid
foundation for future research and advancements in the field.

• We evaluate the LPADA framework on the TCMNER2024 dataset, thoroughly comparing it
with existing baseline models. The results show that LPADA significantly surpasses current
methods, setting a new standard in the field.

2. Related Work

2.1. Application of Generative Adversarial Networks in NLP Domain

GANs had seen limited application in NLP due to the discrete nature of the text, which complicated
the back-propagation of errors from the discriminator to the discrete data. While various solutions
had been proposed to address this challenge, GANs had predominantly been used for text genera-
tion tasks (Zhang et al., 2016; Kusner and Hernández-Lobato, 2016; Lamb et al., 2016; Yu et al.,
2017; Guo, 2015). For example, GANs had been successfully applied to dialogue generation by
incorporating policy gradients from reinforcement learning (RL) (Li et al., 2017a). Additionally,
RL had been instrumental in tasks such as poem, speech-language, and music generation through
the use of stochastic policies (Yu et al., 2017). The actor-critic approach, another RL method, had
been used to bridge the gap between training and testing models, enhancing language generation
tasks (Brakel et al., 2017). Besides, researchers had also explored Deep Q-Networks (DQN), a pop-
ular RL variant, to iteratively decode output sequences, improving sequence-to-sequence learning
and achieving a promising BLEU score when decoding unseen sentences (Guo, 2015). In summary,
GANs had been primarily employed on text generation tasks, with limited application to sequence
labeling tasks.

2.2. Domain Adaptation

2.2.1. FEATURE DISTRIBUTION ALIGNMENT

Aligning feature distributions is a common strategy in domain adaptation, with metrics like Max-
imum Mean Discrepancy (MMD) (Borgwardt et al., 2006; Tzeng et al., 2014; Ma et al., 2019),
Jensen-Shannon (JS) divergence (Chen and Cardie, 2018), and Wasserstein distance (Flamary et al.,
2016; Shen et al., 2018) used to reduce differences and ensure the extraction of domain-invariant
features. To improve sentiment classification, researchers developed the Structural Correspondence
Learning (SCL) algorithm (Blitzer et al., 2007) to enhance sentiment classification by minimizing
inter-domain error. Additionally, the Spectral Feature Alignment (SFA) algorithm (Pan et al., 2010)
was introduced, clustering domain-specific words from different domains into unified groups using
domain-independent words as a bridge. Other approaches included introducing large margins be-
tween classes within an embedding space, making it domain-agnostic by aligning data distributions
across domains (Rostami and Galstyan, 2021).
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2.2.2. ADVERSARIAL DOMAIN ADAPTATION

Researchers proposed to leverage domain adversarial training to select domain-discriminative data
from the source domain and fine-tune BERT through curriculum learning (Ma et al., 2019). Other
approaches, such as DANN (Ganin et al., 2016) focused on training features that are discriminative
for the source domain but invariant to domain shifts, while MDAN (Zhao et al., 2018) extended this
by incorporating multiple domain classifiers. The EADA framework employed adversarial learn-
ing in an unsupervised, energy-based setup, utilizing an autoencoder and feature extractor to align
features with the source domain (Zou et al., 2021). Instead of manually selecting pivots for discrimi-
native learning, the Adversarial Memory Network (AMN) provided an end-to-end solution for iden-
tifying pivots for cross-domain sentiment classification (Li et al., 2017b). Additionally, researchers
combined masked language modeling with adversarial training to enhance domain-invariant fea-
tures (Du et al., 2020). Frameworks such as WS-UDA and 2ST-UDA focused on transfer learning
and unsupervised domain adaptation through weighting schemes and two-stage training, respec-
tively (Dai et al., 2020).

2.3. Research on the NER task in the TCM Domain

The authors introduced a distantly supervised NER method designed to extract medical entities from
TCM clinical records (Jia et al., 2021). Other authors built the domain dictionary leveraging a TCM
knowledge graph (Zhang et al., 2017). Additionally, some leveraged web crawlers to assemble a
TCM named entity corpus from sources such as KingNet 2 and CloudTCM 3, encompassing 1,097
articles, 1,412 disease names, and 38,714 TCM terms. Their evaluation revealed that the com-
bination of RoBERTa with BiLSTM and CRF delivered the best performance among the models
tested (Su et al., 2022). Moreover, a dataset of TCM medical cases related to chest discomfort was
introduced, covering six entity types: “syndrome”, “symptom”, “etiology and pathogenesis”, “treat-
ment method”, “medication”, and “prescription”. They utilized a word segmentation method to
dynamically update the dictionary, combined with BiLSTM-CRF and IDCNN-CRF models which
enhanced the recognition of both domain-specific and novel entities (Liu et al., 2023). Further-
more, a novel approach combining word and character information with a self-attention module
was proposed, defining five distinct TCM entity classes. Evaluations on a comprehensive NER
dataset, encompassing both published materials and clinical records, confirmed the method’s effec-
tiveness (Liu et al., 2021a).

3. Proposed Method

Let D = {(Xi, Yi)}Ni=1 denote a corpus of annotated TCM texts, where Xi = {x1, x2, . . . , xT } rep-
resents a tokenized input sequence and Yi = {y1, y2, . . . , yT } denotes the corresponding sequence
of entity labels drawn from a predefined label set L (e.g., disease name, syndrome, symptom). The
goal of TCM Named Entity Recognition (TCM-NER) is to learn a mapping function fθ : X → Y ,
parameterized by θ, that accurately predicts the entity label sequence Ŷ = fθ(X) for any un-
seen TCM text. Formally, the optimization objective is to minimize the expected loss between
the predicted and gold label sequences: L(θ) = E(X,Y )∼D

[
ℓ(fθ(X), Y )

]
, where ℓ(·) denotes a

sequence-level loss function such as the cross-entropy or conditional random field (CRF) loss.

2. https://www.kingnet.com.tw/tcm/
3. https://cloudtcm.com/
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Figure 2: The training process of LPADA is based on a GAN framework, consisting of a generator
and a discriminator. The generator (G) receives unlabeled data from the target domain and gen-
erates pseudo-labels using a pre-trained language model. Specifically, the pre-trained RoBERTa
is employed as a feature extractor and leveraged to generate the pseudo label. Moreover, two
Fully Connected (FC) layers are utilized to fine-tune the model for the specific target domain. The
discriminator (D) simultaneously receives the intermediate output of G and labeled data from the
source domain, and integrates the text and label information through a joint probability distribution.
Here, an attention layer is incorporated to fuse the text and label features. On one hand, the features
are fed into a CRF layer to calculate the CRF loss of the generated tag sequence. On the other hand,
the discriminator (D) employs the Wasserstein loss to minimize the distribution gap between the
two domains. The total loss consists of CRF loss and Wasserstein loss.

However, due to the scarcity of annotated TCM corpora, complex semantic compositions, and
high lexical ambiguity, conventional sequence labeling models often struggle to achieve stable and
domain-robust performance. Addressing these challenges requires a framework capable of enhanc-
ing feature representation and improving generalization under low-resource conditions. To this end,
we propose the LPADA framework, based on the architecture of Generative Adversarial Networks
(GANs), which consists primarily of two components, as illustrated in Figure 2:

• Generator: The generator’s role is to create pseudo-labels for unlabeled, low-resource data.
Specifically, it takes data from the target domain and leverages a pre-trained language model
(such as RoBERTa, BERT) to generate these pseudo-labels.

• Discriminator: The discriminator receives labeled data from the source domain and pseudo-
labeled data generated by the generator. Its task is to minimize the joint feature distribution
discrepancy between the source domain data and the pseudo-labeled data, while also reducing
the prediction loss for the source domain data. Through this adversarial training process, the
generator continuously improves to produce more convincing pseudo-labels, thereby enhanc-
ing the quality of the pseudo-labeling.

The LPADA framework leverages adversarial training between the generator and discriminator
to effectively utilize labeled data from the source domain, ultimately enhancing the model’s per-
formance in the target domain. As shown in Algorithm 1, we first initialize the parameters of the
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Algorithm 1 The training process of LPADA
Input: Training dataset S = (x1:N , y1:N )
Parameter: Gθ, Dβ

Output: Gθ

1: Initialize Gθ, Dβ .
2: while LPADA not converged do
3: Sample mini batch (xs, ys) ∼ (Xs, Y s).
4: Sample mini batch (xt, yt) ∼ (Xt, Y t).
5: Get logits1 through G(xt).
6: Encode xs as emb

′
s.

7: Pre-process ys and get logits2.
8: Get z1 by Attention(logits1, emb

′
t).

9: Get z2 by Attention(logits2, emb
′
s).

10: Compute LCRF by (5).
11: Compute LW loss by (6).
12: Update Dβ .
13: Update Gθ.
14: end while
15: return Gθ.

generator and the discriminator. Then, we sample source-domain data (xs, ys) and target-domain
data (xt, yt), and train the generator (G) to obtain the logits1. Subsequently, we train the discrim-
inator by first encoding xs into embeddings emb

′
s, preprocessing the source-domain labels ys, and

obtaining logits2. Through the attention module, the textual and label representations from both
the source and target domains (logits2, emb

′
s) and (logits1, emb

′
t) are integrated. Finally, the gen-

erator loss is computed according to Equation (5), and the discriminator loss is computed according
to Equation (6). The parameters of the discriminator and generator are alternately updated until the
model converges.

3.1. Generative Model

RoBERTa is employed as the encoder for the source domain data, projecting input sequences into
a 1024-dimensional vector space. This is followed by two fully connected (FC) layers, which are
used for fine-tuning and generating pseudo labels. Due to the discrete nature of the tags, the loss
propagated back by the discriminator cannot directly update the labels. Therefore, we provide the
intermediate continuous logits to the discriminator.

3.2. Discriminative Model

The discriminator consists of a pre-trained language model used as a feature extractor, comple-
mented by a Gumbel softmax layer, an attention layer, a fully connected (FC) layer, and a CRF
layer. It simultaneously processes the logits1 from the target domain, logits2, and the input se-
quence representation Xt and Xs from the target and source domains respectively. Here, logits1
represents the intermediate output from the generator, while logits2 is derived from the ground truth
Y which is from the source domain. The feature dimension of xsi and xti are both 1024, and the fea-
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ture size of the entire sentence, denoted as X , is (1024 ∗ n), where n denotes the sequence length.
The attention layer is employed to integrate the joint data distribution of text feature X and label
Y . The outputs of these attention layers are referred to as z1 and z2. Here, Xs = xs1, x

s
2, . . . , x

s
n,

Xt = xt1, x
t
2, . . . , x

t
n, and Y ∈ logits1, logits2. Before the attention operation, both X and Y are

resized to middle size for compatibility. After the attention mechanism is applied, the shape of z re-
mains (middle size×n). Wasserstein distance is utilized to assess the difference in data distribution
between the source and target domains. Moreover, the features from the FC layer are simultaneously
fed into the CRF layer. The CRF layer then predicts the tag sequences and uses the ground truth
Y to compute the CRF loss. We employ the “BISO” (Begin, Inside, Single, Other) tagging schema
and the corresponding tags outputted from the CRF layer are defined as: Y

′
= {y′

1, y
′
2, ...y

′
n} and

y
′
i ∈ {B type, I type, S type,O}, ∀i ≤ n, i ∈ N+. The prefix indicates the related position of

the current character in an entity, and the suffix “type” here stands for the entity type. The total
number of tags is n ∗m+ 1, where n is the entity type and m is the tag category. Y

′ ∈ Ln, where
Ln represents all the potential tag sequences. In summary, the decoder CRF attempts to search the
optimal tag sequence Y

′
according to the input X where:

Y
′
= argmax

Y ∈Ln

P (Y |X) (1)

3.2.1. GUMBEL SOFTMAX LAYER

Since the labels are discrete while the features are continuous, to ensure that both the labels and
text features are in a continuous feature space, the labels Y truth are first converted to a one-
hot format. Then, Y onehot is transformed into continuous logits 2 using Gumbel softmax as
described in Eq. 2.

logits 2 = softmax(1/τ(h+ g ∗ α)) (2)

here, h represents Y onehot and g denotes the Gumbel-Softmax. The temperature τ is fixed at 0.5,
with the parameter α is set to 0.1.

3.2.2. ATTENTION LAYER

A scaled dot-product attention mechanism is employed to model the joint data distribution of text
features and labels by associating (Xt, logits 1) and (Xs, logits 2).

Attention(Q,K, V ) = softmax(
QKT

√
dk

)V (3)

Q = X , K = V = Y . The matrix X , representing the features generated by RoBERTa, has a size
of (1024 ∗ n), while the matrix Y has a shape of (label size ∗ n). Here, label size denotes the
number of tag categories, and n represents the sequence length. To facilitate the attention operation,
the matrix X is first reduced to a dense size matching Y . Both X and Y are then resized to a
middle size, which is set to 200, with the dimension d k equal to this middle size.

3.3. Loss Function

The generator’s primary role is to generate pseudo-labels for the unlabeled target domain data. The
discriminator serves two functions. First, since it receives labeled source domain data, it calculates
the loss between the predicted and true labels using the standard approach for the NER task, apply-
ing CRF loss in this process. Second, the discriminator assesses the difference in data distribution
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between the source and target domains, utilizing the Wasserstein loss for this purpose. Overall, the
LPADA framework aims to minimize the following loss function:

L = LCRF + λLW loss (4)

In Eq. (4), λ is a parameter that balances the weight of two kinds of loss and is set as 1. LCRF and
LW loss are the CRF and Wasserstein loss (Arjovsky et al., 2017).

LCRF = − log p(y|X) = −s(X, y) + log(
∑
y∈Yx

es(X,y)) (5)

here, s is the score function and Yx are all potential tag sequences. As is well known, GAN archi-
tectures often encounter issues such as unstable training, vanishing gradients, and mode collapse.
To address these inherent challenges, Wasserstein loss is employed to provide a more stable training
process by measuring the discrepancy between data distributions from the source and target do-
mains. This approach helps to mitigate the issues of gradient instability and improves the overall
robustness of the training process.

LWLoss = Ex∼Pγ [fw(x)]− Ex∼Pθ
[fw(x)] (6)

4. Experiments

We evaluate the NER task within the Traditional Chinese Medicine (TCM) domain. Due to the lack
of systematic research and the absence of a standard evaluation dataset for NER tasks in this domain,
we constructed a specialized NER dataset for the low-resource TCM domain. This dataset serves
as the target domain data for assessing the robustness and effectiveness of the proposed method.
The source domain data we selected also comes from the field of traditional Chinese medicine, but
the entity annotation was performed based on instructional texts. While the entity categories in the
source and target domains overlap, they are not entirely identical. Table 1 compares the entity types
present in the source and target domain datasets.

4.1. Datasets

4.1.1. SOURCE DOMAIN

The source domain dataset we utilize comes from the “Wan Chuang Cup” TCM Tianchi Big Data
Competition 4, specifically the Traditional Chinese Medicine Instructions Named Entity Recogni-
tion dataset (TCMI-NER), which includes 13 entity categories. The data is derived from Chinese
medicine instructions, and the knowledge base is enriched by identifying and extracting entities
from these instructions. The first row of Table 1 describes the various entity categories of the
dataset.

4.1.2. TARGET DOMAIN

The target domain data is annotated with entities extracted from medical records. We present the
Traditional Chinese Medicine Named Entity Recognition 2024 (TCMNER2024) dataset, which
contains 264,798 entities categorized into 11 distinct types.

4. https://tianchi.aliyun.com/competition/entrance/531824/introduction
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Figure 3: Example of entity labeling for the TCMNER2024 dataset.
Dataset Entity Categories

TCMI NER

Drug, Drug Ingredient, Disease,
Symptom, Syndrome, Disease Group,

Food, Food Group, Person Group,
Drug Group, Drug Dosage,
Drug Taste, Drug Efficacy.

TCMNER2024

Traditional Chinese Medicine Disease Terms,
Western Medicine Disease Terms,

TCM Symptoms, Urination and Defecation,
Pulse Conditions, Tongue Conditions,

Western Medicine Symptoms,
TCM Syndromes,

TCM Therapeutic Methods,
TCM Prescriptions,

Chinese Materia Medica.

Table 1: Entity Types of TCMI NER and TCMNER2024 Datasets.

4.1.3. DATASET CONSTRUCTION

The TCMNER2024 dataset is constructed from 5,172 medical case records, with contributions from
over 400 renowned Chinese medicine practitioners. The dataset draws extensively from a diverse
range of literature, including classical texts and published works in TCM. Figure 3 provides an ex-
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Entity Category Train Dev Test
TCM Disease Terms 1151 370 366

Western Medicine Disease Terms 2929 969 1025
TCM Symptoms 20826 6972 7466

Urination and Defecation 2391 774 961
Pulse Conditions 2948 959 981

Tongue Conditions 4346 1452 1492
Western Medicine Symptoms 12849 4864 4759

TCM Syndromes 6799 2161 2398
TCM Therapeutic Principle 5920 1843 1954

TCM Prescriptions 1674 492 949
Chinese Materia Medica 32025 10368 10653

Table 2: Data statistics of entity distribution for train, development, and test set in the TCM-
NER2024 Dataset.

Entities
LSTM+CRF BERT RoBERTa SLGAN CrossNER LPADA

F1 F1 F1 F1 F1 F1 SD
TCM Disease Terms 27.42 35.92 40.64 41.03 42.06 42.33 0.19

Western Medicine Disease Terms 71.27 73.72 74.84 75.02 74.97 75.66 0.14
TCM Symptoms 45.18 49.26 50.04 50.12 50.03 50.88 0.16

Urination and Defecation 76.39 80.14 80.42 80.93 81.08 81.86 0.15
Pulse Conditions 93.04 95.77 95.92 96.04 95.91 96.10 0.12

Tongue Conditions 93.97 94.89 95.33 95.31 95.05 95.39 0.13
Western Medicine Symptoms 36.33 46.13 48.43 48.07 48.23 48.41 0.16

TCM Syndromes 82.88 84.18 84.54 85.38 84.97 85.48 0.17
TCM Therapeutic Principle 84.52 87.52 88.55 88.92 88.49 89.27 0.14

TCM Prescriptions 75.61 75.18 78.17 78.21 78.03 79.42 0.16
Chinese Materia 95.99 97.22 97.58 97.47 97.37 97.61 0.08

Avg 71.15 74.54 75.86 76.05 76.02 76.58 0.15

Table 3: Evaluation results of various models on TCMNER2024. F1 is the metrics. SD represents
the Standard Deviation obtained from five experiments.

ample of entity labeling from the TCMNER2024 dataset, demonstrating the meticulous annotation
process applied to ensure the accuracy and comprehensiveness of the dataset.

4.1.4. DATA COLLECTION AND ANNOTATION

We access only publicly available records and ensure all data are thoroughly anonymized to protect
patient privacy. The text is preprocessed, focusing exclusively on the initial consultation descrip-
tions, which are central to TCM diagnosis. To guarantee the accuracy and reliability of the annotated
dataset, leading experts in the field of TCM established comprehensive annotation guidelines and
category classifications. These guidelines ensure consistency throughout the annotation process,
allowing the dataset to serve as a reliable resource for the TCM NER task. Based on traditional
Chinese medical case records, we classify and annotate entities into 11 categories, as outlined in
Table 2. This table displays the count of entities for each category. The reason for choosing these
11 categories is that they are the most commonly mentioned basic elements in medical case records
and are most relevant to the descriptions within the records. To maintain consistency and accu-
racy in the annotation process, we develop annotation tools and accompanying usage instructions.
Annotators are trained and calibrated to ensure a thorough understanding of the guidelines. The
dataset is annotated by two independent annotators, with only the agreed-upon annotations retained
after consistency checks. In cases of discrepancies, unclear guidelines, or ambiguous annotations,
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the annotators offer feedback, which experts use to refine and modify the guidelines. This process
ensures that the final annotated data is consistent and reliable. More annotation details are presented
in supplementary material.

4.2. Experimental Settings

The TCMNER2024 dataset is divided into training, development, and test sets in a 60%-20%-20%
ratio. Table 4 provides the statistics for both the source and target domain datasets, while Table 2
outlines the entity distribution for each category within the TCMNER2024 dataset. The “BISO”
tagging schema is employed, with the sequence length configured to 256, the batch size set to 16,
and the learning rate adjusted to 2e-5. Training is conducted over 10 epochs, incorporating an early
stopping mechanism to prevent overfitting. To evaluate the proposed LPADA, we use precision,
recall, and micro F1 score as performance metrics. We present the average results obtained from 10
independent experimental runs to ensure robustness and reduce variance. This approach provides a
more reliable assessment of the model’s performance across multiple trials. We train the model on a
machine equipped with an NVIDIA 3090 GPU to efficiently handle large-scale data and accelerate
the training process. We acknowledge that GANs typically need large datasets for stable conver-
gence. To mitigate this, we initialize the GAN with a task-specific pretrained encoder–decoder,
stabilizing training and reducing data demands during fine-tuning.

4.3. Experimental Results

Since no prior research has been conducted on the TCMNER2024 dataset, we evaluate several rep-
resentative models to establish baseline performance metrics. The results of models like RoBERTa
represent the evaluation outcomes based on training and testing solely with target domain data,
without employing any domain adaptation techniques. As shown in Table 3, LPADA consistently
outperforms the baseline methods to varying degrees. Through domain adaptation, even when using
data from slightly different domains, strong results can be achieved, sometimes even outperforming
models trained on data from the same domain. This approach effectively addresses the challenge
of acquiring sufficient data in low-resource domains, offering a practical solution for improving
model performance in such settings. Moreover, we observe that the performance on categories such
as TCMDM, TCMSY, and WMS falls noticeably below the average F1 score, underscoring the
persistent challenges faced by modern models in handling the NER task across a diverse range of
categories in low-resource domains. These results highlight the limitations of current state-of-the-
art models, which, while powerful, still struggle to fully capture the complexities in these specific
categories. This gap suggests considerable potential for further improvement, especially in do-
main adaptation and fine-grained entity recognition in specialized fields like Traditional Chinese
Medicine. Furthermore, to ensure more objective and reliable experimental results while assessing
the model’s reliability and consistency, we analyze the Standard Deviation (SD) values across mul-
tiple experiments. This evaluation reinforces the robustness and stability of the LPADA framework.
In addition, we select domain adaptation techniques specifically designed for NER tasks (Liu et al.,
2021b) for comparison. The results further highlight the significant advantages of LPADA.

4.4. Validation on General-Domain Datasets

The framework and experiments primarily focus on TCM domain, which may be too specific for
the general NLP community. To further verify the generalizability of the proposed algorithm, we
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Dataset Domain Train Dev Test Classes
Source TCMI NER 1,000 500 497 13
Target TCMNER2024 2,846 949 949 11

Table 4: Statistical Analysis of the TCMI Tianchi and TCMNER2024 Dataset.

OnNote Weibo MSRA Resume CoNLL
Li et al., 2020 84.47 - 96.72 - 93.33

Wu et al., 2021 82.57 70.43 96.24 95.98 -
Zhu and Li, 2022 82.83 72.66 96.26 96.66 93.65
Xiong et al., 2023 81.47 68.23 95.42 - -
Yang et al., 2023 82.66 71.94 - 96.2 -

LPADA 82.91 72.05 96.60 96.75 93.74
LPADA (SD) 0.19 0.15 0.14 0.21 0.20

Table 5: LPADA evaluated on general domain NER datasets v.s. existing primary methods.

followed previous studies and conducted additional validation on general-domain NER datasets.
Table 5 presents the evaluation results, showing that LPADA achieves near SOTA performance on
general domain, thereby demonstrating the framework’s versatility and generalizability.

4.5. Ablation Study and Qualitative Analysis

To further analyze the impact of the proposed LPADA, we conduct a component-wise analysis to
validate each part, aiming to clarify its specific contribution. We conduct a series of ablation studies
under the TCM NER task setting, focusing respectively on adversarial training, the attention mecha-
nism, the sequence tagging module, and the metric employed for evaluating distribution alignment.
The experimental design is as follows:

• Removal of adversarial training: to assess its role in mitigating domain shift.

• Exclusion of the attention mechanism: to examine its impact on entity boundary recognition.

• Replacement of the sequence tagger: to test how different decoding architectures affect per-
formance.

• Substituting the Wasserstein distance with a naive alternative (e.g., L1 distance): to test
whether the proposed Wasserstein-based distribution alignment contributes significantly be-
yond simple distance-based losses.

Due to page limitations, we provide more detailed descriptions in the supplementary material.
Through ablation experiments, we observed that the performance gains of the proposed LPADA
framework in NER tasks primarily stem from the synergistic effect of domain-adaptive adversarial
training and the attention mechanism. In contrast, variations in the distribution alignment metric
and the sequence labeling module exert relatively minor influence on the overall framework perfor-
mance.

5. Conclusion

We proposed the LPADA framework, which effectively leverages GANs to tackle the NER task
in the TCM domain. LPADA introduces a domain adaptation approach by minimizing the joint
probability distribution of text features and labels. Evaluation results confirm the effectiveness of
LPADA in handling data in low-resource domains. Additionally, we developed TCMNER2024, a
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Named Entity Recognition dataset specifically designed to address the unique challenges within the
TCM domain. This dataset establishes a benchmark standard for future research.

6. Limitations

This study primarily addresses the NER task in the field of TCM. To more comprehensively demon-
strate the effectiveness of the proposed method, we plan to extend our validation to cross-domain
classification tasks. In future work, we will validate the proposed method across tasks in different
domains to more robustly demonstrate its effectiveness in addressing low-resource issues. More-
over, the potential limitations of the proposed TCMNER2024 dataset are listed below:

• Limited Data Sources: The NER dataset used in this study is primarily derived from medical
case records, which may limit its diversity and consequently restrict the model’s generaliza-
tion ability.

• Annotation Quality and Subjectivity: TCM NER involves complex entities such as diseases,
prescriptions, herbs, and syndromes, where entity boundaries and naming conventions may
depend on annotators’ expertise. Due to the ambiguity and polysemy of TCM terminology,
different annotators may provide inconsistent annotations, introducing subjectivity bias.

• Limited Dataset Scale: The acquisition and annotation of TCM-related texts are costly, re-
sulting in relatively small dataset sizes, which may not be sufficient for deep learning models.
The dataset may lack enough low-frequency entities, leading to poor model performance on
rare terms.

Moreover, as LPADA is based on a generative adversarial mechanism, it inherits GAN’s training
instability and requires nearly twice the training time of a single-module framework.

7. Ethical Statement

Our study adheres to ethical principles in the following aspects:

• Data Privacy and Compliance: The NER datasets used in this study are either publicly avail-
able or properly authorized, with no personal identifiable information involved. If medical
records or sensitive healthcare data are used, appropriate anonymization measures have been
taken to ensure compliance with relevant regulations.

• Fairness and Bias: We are committed to developing fair and unbiased NER models. We ana-
lyzed the data distribution and implemented measures to mitigate potential biases, improving
model fairness and interpretability.

• Potential Impact and Risks: The goal of this research is to enhance the automated processing
of TCM texts and improve knowledge utilization, rather than replace professional medical
decision-making. While the research outcomes may support medical information extraction
and auxiliary diagnosis, final decisions should be made by professionals to avoid potential
risks.

• Sustainability and Responsible AI: We encourage the responsible use of our research findings
in accordance with ethical AI principles. The study’s code and (if permissible) data will be
shared under appropriate licenses to ensure transparency and reproducibility.
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