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Abstract—Accurate syndrome differentiation is essential for
diagnosis and treatment in Traditional Chinese Medicine (TCM),
yet real-world clinical data often contain complex and heteroge-
neous cases that challenge automated systems. To address this,
we propose DESD, a novel dual-encoder model that separately
processes clinical texts and detection results, improving feature
extraction while maintaining architectural simplicity. Further-
more, we introduce an adaptive training strategy that identifies
hard samples using an evaluation model, verifies their label
confidence via a large language model (LLM), and quanti-
fies sample difficulty using information entropy. A nonlinear
mapping function then assigns dynamic weights to emphasize
high-confidence hard samples during training. Experiments on
the TCM-SD dataset show that DESD achieves state-of-the-art
performance, with an accuracy of 84.85% and significant gains in
Macro-F1 and Macro-Precision, demonstrating its effectiveness
in enhancing both classification accuracy and robustness in real-
world TCM syndrome differentiation.

Index Terms—TCM Syndrome Differentiation, Dual-encoder
Architecture, Sample Weighting, Large Language Model (LLM)

I. INTRODUCTION

Traditional Chinese Medicine (TCM) constitutes a unique
medical knowledge system and methodology derived from
long-term practical summarization, with syndrome differen-
tiation and treatment as its core principle. Accurate syndrome
classification, known as TCM syndrome differentiation, is a
critical step in TCM diagnosis and treatment, providing the
theoretical foundation for developing individualized therapies
and herbal formula compositions. TCM practitioners collect
clinical manifestations through the four diagnostic meth-
ods—inspection, auscultation and olfaction, inquiry, and pal-
pation—to determine the patient’s syndrome type. In interdis-
ciplinary research combining computer science and medicine,
this syndrome classification process is often modeled as a
text classification task in natural language processing (NLP)
[1], [2], aiming to achieve automatic mapping from symptom
descriptions to syndrome categories.

In recent years, intelligent TCM diagnosis and treatment
research based on machine learning (ML), deep learning
(DL), and NLP techniques has garnered significant attention.
Machine learning methods are extensively applied in TCM,
including syndrome classification modeling [3], analysis of
tongue and pulse features [4], [5], and the generation of
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TCM prescriptions [6]. The application of some deep learning
methods has significantly enhanced the capability to extract
information from TCM. For instance, Convolutional Neural
Networks (CNNs) [7] have been employed for entity relation
extraction tasks in TCM [8]. Pre-trained language models
based on the Transformer architecture [9], such as BERT [10]
or LLaMA [11], have significantly enhanced the processing
capability of TCM texts. The domain-specific adaptation of
these models through pre-training on TCM corpora enables the
effective extraction of features and identification of syndromes
from clinical narratives. Recently, numerous studies have ex-
plored the application of LLMs in TCM inquiry and syndrome-
based prescription, demonstrating superior performance in
human-computer interaction and interpretability compared to
previous methods [12]. However, their performance in clinical
syndrome differentiation remains suboptimal.

The scarcity of high-quality TCM syndrome differentiation
datasets constrains research on intelligent TCM syndrome
differentiation. The TCM-SD dataset provides standardized
training samples and evaluation criteria for NLP-based TCM
syndrome differentiation tasks [13]. ZY-BERT, through pre-
training and domain adaptation on TCM corpora, has achieved
notable results on the TCM-SD dataset, establishing a repro-
ducible baseline for subsequent studies. CCSD is designed
to capture the intrinsic relationships between syndromes and
symptoms in patient complaints through fine-grained, token-
level matching. To address the long-tail distribution in the
TCM-SD dataset, the model employs a focal loss. However,
this approach also led to a decrease in the model’s overall
accuracy. The DCKA model advances previous research by
integrating a CNN and Bi-LSTM dual-channel architecture
with a knowledge attention mechanism, a combination that
improves both syndrome differentiation accuracy and inference
efficiency [14]. Nevertheless, this model still exhibits limited
recognition capability for syndromes with scarce samples or
those containing numerous rare terms.

To further enhance the performance of TCM syndrome dif-
ferentiation models, we propose a dual-encoder based model
that significantly simplifies the architecture while maintaining
high performance. Addressing the hard samples within the
TCM-SD dataset, we leverage the extensive TCM knowledge
and powerful reasoning capabilities of LLMs to verify label
credibility and employ information entropy [15] to quantify
sample difficulty and importance. The main contributions of



this paper are summarized as follows:

(1) In the Traditional Chinese Medicine syndrome differen-
tiation task based on the TCM-SD dataset, we propose for the
first time an adaptively trained Dual-Encoder model for TCM
Syndrome Differentiation (DESD). This model processes the
heterogeneous components within patient information through
two independent Chinese RoOBERTa encoders and aligns them
via late fusion [16]-[18], effectively enhancing the model’s
performance in TCM syndrome identification.

(2) In the context of TCM syndrome differentiation, we
leverage the generalization capabilities of large language mod-
els to verify the label confidence of hard samples within
the training set. By increasing the weight of high-confidence
cases and suppressing that of low-confidence ones, the model’s
performance in identifying syndrome types for challenging
cases is effectively enhanced.

(3) We introduce information entropy as a metric for sample
difficulty and employ a non-linear mapping to dynamically
adjust the weight of hard samples during training. This focuses
the model more on learning samples with high label confidence
and high difficulty, further boosting the overall accuracy of
TCM syndrome differentiation.

II. THE PROPOSED METHOD

We propose the Dual-encoder based Syndrome Differentia-
tion (DESD) model for TCM, which leverages both patient
clinical information and detection results from the TCM-
SD dataset. The paper is structured as follows: Section A
details the DESD architecture and its advancements over
prior models; Section B explains the identification of hard
samples, the use of LLMs for label verification, and weight
adjustment based on information entropy; Section C introduces
strategies for mapping entropy to sample weights; and Section
D describes the training set reconstruction and procedure.

A. Dual-Encoder Model for TCM Syndrome Differentiation

The DESD model architecture, as illustrated in Fig.1, adopts
a dual-encoder design comprising two Chinese pre-trained
RoBERTa modules that process textual information from dis-
tinct sources: Encoderl is specialized for clinical information,
while Encoder2 handles detection results. Based on insights
from ZY-BERT studies, the core information for TCM syn-
drome differentiation predominantly resides in patients’ chief
complaints and medical history descriptions. We therefore
concatenate these two text components and feed them into
Encoderl, which leverages self-attention mechanisms to en-
able deep semantic interaction and extract crucial pathological
features.

Although detection results of patient signs provide valu-
able references for syndrome differentiation, their effective
information density remains relatively low. To mitigate noise
interference and enhance focus on discriminative features, we
employ a separate Encoder2 for processing this information.

The encoding process for both types of inputs is formally
represented as:

h, = Encoderl (x.) € R% (1)
h; = Encoder2(x4) € R% )

where x. denotes the clinical text comprising chief complaints
and medical history, x4 represents the detection results, while
h. € R% and hy € R are their corresponding feature
representations with hidden dimension d. = 768.

Unlike the single-encoder CCSD and dual-channel DCKA,
DESD employs a dual-encoder framework to process heteroge-
neous patient data separately. For instance, patient complaints
and medical history are more information-dense and semanti-
cally rich than detection, making them challenging for a single
encoder to model effectively. Although DCKA incorporates
TCM knowledge, it utilizes ZY-BERT merely as a static
encoder without adapting to data heterogeneity. In contrast,
DESD adapts to such heterogeneity through two trainable
encoders, fuses their extracted features, and maps them into a
unified vector space for classification, as formalized below:

= Softmax(MLP(h, & h,)) 3)

where h. @ hy denotes the concatenated feature vector with
dimension R?%, and 7 represents the predicted probability
distribution over syndrome categories.

For the loss function, DESD employs Cross-Entropy Loss
(CELoss) to prioritize overall accuracy in the syndrome clas-
sification task. The objective function is defined as:

1 N C
L=—-% > i log(iij) 4)

i=1 j=1

where N is the batch size, C' denotes the number of syndrome
categories, yij indicates the ground-truth label, and g;; repre-
sents the predicted probability for the j-th category of the i-th
sample.

B. Adaptive Training Strategy

The TCM-SD dataset is collected from real clinical environ-
ments, where patient symptoms exhibit high heterogeneity and
disease progression varies complexly, significantly differing
from theoretical scenarios of TCM syndrome differentiation.
To enhance the model’s ability to recognize syndromes in
hard samples, we increase the weight of such samples during
training, enabling the model to focus more on learning their
effective features. However, directly increasing the weight of
hard samples may lead to a decline in the model’s overall
performance, as the label confidence of hard samples inher-
ently requires more cautious evaluation. To address this issue,
we introduce LLMs to validate the label confidence of hard
samples and adjust sample weights quantitatively based on
information entropy theory. To identify hard samples, we first
train a dual-encoder model (with only 220M parameters) on
the original training set to obtain an evaluation model capable
of TCM syndrome differentiation. This model is then used to
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Fig. 1. Dual-Encoder Model for TCM Syndrome Differentiation

Algorithm 1 TCM Syndrome Differentiation with Hard Sam-
ple Reweighting

Require: Training set D = {(z;,v:)};, LLM, dual-encoder
model M
Ensure: Trained model My,
1: Phase 1: Hard Sample Identification

2: Train M on D for T epochs

3: Dhard <+ {x; | 4i # yi, where §; = M (x;)}

4: Phase 2: LLM Verification

5: Dhc — {l‘i S Dhard | LLM(.’E» = yi}

6: Die < {x; € Dpara | LLM(2;) # s}

7: Phase 3: Entropy-based Weighting

8: for each z; € D do

9: if x; € Dy.U D;. then

10: P = M(x;) > Get probability distribution

1 Hy=-% Pjlog P,

b o {fhc(Hi) if 2; € Dpe
flc(Hi) if T € ch

13: else

14: w; = 1.0

15: end if

16: end for

17: Phase 4: Final Training

18: Train My, using weighted loss:

190 L= 151 Y00 yye Wi - CB(Mana (), i)
20: return Mgna

repredict the syndromes of all training samples. A sample is
identified as a hard sample if its prediction from the evaluation
model disagrees with the original label:

Dyara = {xi | i # vi} &)

Here, Dpq-q denotes the set of hard samples, y; represents
the syndrome category predicted by the evaluation model, and

y; is the original label.

To effectively distinguish between high-confidence and low-
confidence samples, for each hard sample, we guide the LLM
through predefined prompts to construct a chain of reasoning
for TCM syndrome differentiation. The LLM is required to
select the category that best matches the patient’s clinical
symptoms from the Top-K (defaults to 3) candidate syndromes
predicted by the evaluation model as the final decision. If
the original label of a hard sample is inconsistent with both
the predictions of the evaluation model and the LLM, it is
considered to have low label confidence. Based on this, hard
samples can be further divided into high-confidence and low-
confidence sample sets, formally defined as:

Dpye = {z; € Dhara | LLM(2;) = y;} 6)
Dy, = {z; € Dhara | LLM(z;) # y; } @)

Here, Dy, denotes the set of high-confidence samples after
LLM verification, and D, denotes the set of low-confidence
samples.

Information entropy serves as a quantitative measure of
system uncertainty: the higher the uncertainty, the greater the
information entropy. We input hard samples into the evaluation
model to obtain the predicted probability distribution over
different syndromes, which serves as the basis for calculating
information entropy. The specific calculation formula is as
follows:

c
H(x;) = — ZP(yﬂxi)log P(y;lx) 8)

j=1
Here, C is the total number of syndrome categories, and
P(y;|z;) represents the probability that the model predicts

sample z; as belonging to the j-th syndrome.

A higher information entropy for a hard sample indicates
greater uncertainty in the model’s syndrome differentiation,
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corresponding to a higher classification difficulty. Therefore,
such samples should be assigned higher weights during train-
ing. We design an information entropy-to-weight mapping
function to dynamically adjust sample weights: for high-
confidence samples, their information entropy is mapped to
an increased weight; for low-confidence samples, their infor-
mation entropy is mapped to a reduced weight.The pseudocode
for the sample reweighting strategy is presented in Algorithm
1.

C. Entropy-to-Weight Mapping

For the weight mapping of hard samples, we design both
linear and nonlinear functions. The linear mapping converts
information entropy directly into sample weights via a scaling
factor, ensuring simplicity and computational efficiency:

w; = a+ k- (H(x;) — Hupin) 9)
where w; is the sample weight and k is the scaling factor.

The nonlinear mapping employs a Sigmoid-based function
to project normalized entropy smoothly into a specified weight

range. This constrains weight magnitudes and improves robust-
ness against entropy fluctuations:

b—a
a+
L+ exp (= (H(z:) — p))
where v and p are tunable parameters. For high-confidence
samples, we set ¢ = 1.0 and b as the maximum weight to

amplify their contribution; for low-confidence samples, a = 0
and b = 1.0 to suppress their influence.

(10)

w; =

D. Training Set Reconstruction

Based on the predictions of the evaluation model, the
training set is repartitioned into hard samples and ordinary
samples, with specific data summarized in Table 1. Figure
2 illustrates a distinct contrast in the information entropy
distributions. Ordinary samples exhibit entropy concentrated in
the lower range, indicating low syndrome category uncertainty
and relatively straightforward classification. In contrast, hard
samples display broader dispersion and a higher mean entropy,
reflecting greater predictive uncertainty and correspondingly
higher classification difficulty.

TABLE I
DISTRIBUTION OF THE RE-PARTITIONED TRAINING SET

Category Number of Samples
Ordinary Samples 40,829
Hard Samples 2,351
— High-Confidence Subset 558
— Low-Confidence Subset 1,793
Total 43,180

Subsequently, a large language model with strong rea-
soning capabilities, such as Qwen3 [19], is employed to to
validate the label confidence of hard samples. These hard
samples constitute only 5.44% of the original training data,
amounting to 2,351 instances, resulting in a computational
cost significantly lower than verifying the entire dataset. The
samples are divided into two subsets: high-confidence and
low-confidence samples. Using a nonlinear entropy-to-weight



TABLE II
PERFORMANCE COMPARISON FOR THE CLASSIFICATION TASK.

M Development Set Test Set
ethod

Acc Macro- Macro-R Macro-P Acc Macro- Macro-R Macro-P

F1 F1

Statistical Methods
DT 59.42 20.68 21.33 21.52 59.10 21.67 22.38 22.20
SVM 77.63 32.13 29.56 43.10 78.53 36.37 32.98 49.35
Deep Learning Methods
BiLSTM 69.30 17.53 15.08 14.76 69.65 15.15 15.65 17.08
BiGRU 73.57 19.53 20.12 21.81 74.43 20.93 21.90 23.76
CNN 77.56 31.79 30.39 37.99 78.58 32.83 31.29 39.19
BERT 79.44 34.18 34.12 38.00 80.17 35.45 34.99 42.00
distilBERT 79.09 36.07 36.62 38.13 80.46 40.24 39.99 45.84
ALBERT 79.62 37.88 37.65 41.94 80.51 40.50 39.57 46.54
LLMs Finetuned Methods
TCM-BERT 79.48 37.84 37.60 42.00 80.55 41.58 4091 48.47
ZY-BERT 81.43 49.47 48.89 54.08 82.19 51.01 49.42 57.70
CCSD 81.35 53.69 52.56 58.12 81.76 53.47 52.13 59.33
DCKA 83.12 53.53 53.34 57.41 84.01 54.25 53.30 58.86
DESD(w/o adapt) 82.68 52.99 51.74 58.21 83.88 54.65 52.87 60.80
DESD(full) 83.30 54.48 52.43 60.65 84.85 56.70 54.59 63.75

*Note: The best and the runner-up results are highlighted in bold and underline respectively.

mapping function, a corresponding weight is computed for
each hard sample. The overall distribution of the assigned
weights is shown in Fig.3. Specifically, weights for low-
confidence samples are mapped to the interval (0, 1), while
high-confidence samples are mapped to (1, 3).

III. EXPERIMENTS
A. Dataset

TCM-SD is the first public dataset for TCM syndrome dif-
ferentiation, comprising anonymized real-world clinical cases
[13]. Each sample includes chief complaints, medical history,
detection results, and expert-annotated syndrome labels. The
dataset is split into training, development, and test sets in
an 8:1:1 ratio, which we follow in our experiments. During
preprocessing, we tokenize and concatenate the chief com-
plaints and medical history into a single segment, truncating
or padding it to 512 tokens as input to Encoderl. Detection
results are separately processed to the same length for En-
coder2. We evaluate performance using Accuracy, Macro FI,
Macro Recall, and Macro Precision.

B. Experiment Details

DESD used Chinese RoBERTa as the backbone encoder,
with a hidden size of 768 per encoder. The evaluation model
M was trained for 6 epochs. We adopted the nonlinear entropy-
to-weight mapping, which performed best, with y = 2.3 (the
95% interval midpoint) and  set as the reciprocal of the
hard samples’ entropy standard deviation. The weight bounds
were a = 1.0,b = 3.0 for high-confidence samples and
a = 0,b = 1.0 for low-confidence ones. DESD was optimized
with AdamW [20] (initial learning rate 5 X 1075) and a linear
decay schedule. All experiments were run on an NVIDIA 4090

GPU (24 GB) with a batch size of 8 and gradient accumulation
steps set to 8.

C. Main Results

As shown in Table II, DESD outperforms state-of-the-art
methods CCSD and DCKA on the TCM syndrome classifi-
cation task across most metrics, with only Macro-R on the
development set being an exception. On the test set, DESD
achieves an accuracy of 84.85%, a Macro-F1 of 56.70%, and a
Macro-P of 63.75%, representing the best overall performance.
Specifically, DESD improves accuracy, Macro-F1, and Macro-
P by 0.84%, 2.45%, and 4.89% over DCKA, and surpasses
CCSD by 3.23% in Macro-F1 with comprehensive advantages.
The results demonstrate that DESD, through hard sample
selection and entropy-based weighting, effectively enhances
classification accuracy and overall metric balance while main-
taining high recall.

D. Ablation Study

To assess the effectiveness of the dual-encoder architecture,
we performed ablation studies comparing single-encoder and
dual-encoder models under the same training conditions and
without sample weighting. As presented in Table III, the
single-encoder model exhibits significantly lower performance,
underscoring the benefits of the dual-encoder design. By pro-
cessing heterogeneous data components through separate en-
coders, the dual-encoder architecture facilitates more thorough
and effective feature extraction. Consequently, it enhances
performance across all evaluation metrics in the task of TCM
syndrome differentiation.

To evaluate the impact of different weighting strategies, we
conducted an ablation study with the following three config-



TABLE III
PERFORMANCE COMPARISON OF DESD WITH SINGLE-ENCODER AND DUAL-ENCODER ARCHITECTURES.

Model Development Set Test Set
Acc Macro-F1 ~ Macro-R  Macro-P Acc Macro-F1  Macro-R  Macro-P
Single-Encoder  81.53 49.61 49.26 54.17 82.35 51.21 49.53 57.85
Dual-Encoder 82.68 52.99 51.74 58.21 83.88 54.65 52.87 60.80
TABLE 1V
PERFORMANCE COMPARISON OF DESD WITH DIFFERENT WEIGHTING STRATEGIES.
Model ~ Weighting Strategy Development Set Test Set
Acc Macro-F1  Macro-R  Macro-P Acc Macro-F1  Macro-R  Macro-P
Fixed 82.68 52.99 51.74 58.21 83.88 54.65 52.87 60.80
DESD Linear (k = 0.25) 83.41 52.18 50.54 5791 84.92 54.03 51.57 61.71
Nonlinear 83.30 54.48 52.43 60.65 84.85 56.70 54.59 63.75
urations for the DESD model: (1) fixed sample weights; (2) ACKNOWLEDGMENT

linear entropy-to-weight mapping; and (3) nonlinear entropy-
to-weight mapping.

The ablation results in Table IV validate the effectiveness of
the dual-encoder architecture complemented by the nonlinear
weighting strategy. Experimental findings demonstrate that
integrating a nonlinear entropy-to-weight mapping function
significantly enhances model performance. Specifically, DESD
with nonlinear mapping achieves the best overall performance
on the test set, obtaining a Macro-F1 of 56.70% and Macro-
P of 63.75%, with consistent improvements over both fixed-
weight and linear mapping configurations. Although the linear
mapping yields optimal accuracy, it underperforms on other
comprehensive metrics, falling significantly below both fixed-
weight and nonlinear mapping approaches. These results in-
dicate that the dual-encoder architecture provides an effec-
tive foundation for modeling heterogeneous inputs, while the
nonlinear weighting mechanism further enhances the model’s
capability to perceive and process hard samples. The synergy
of these components enables DESD to outperform existing
state-of-the-art methods across multiple evaluation metrics,
confirming the necessity and effectiveness of the proposed
architectural components for TCM syndrome classification.

IV. CONCLUSION

In this paper, we propose a dual-encoder model (DESD)
with an adaptive sample weighting strategy to address the
challenges of TCM syndrome differentiation, particularly in
handling hard samples. By separately encoding heterogeneous
patient information, the model effectively improves the accu-
racy of TCM syndrome differentiation. We employ an LLM to
verify the label confidence of hard samples and quantify sam-
ple difficulty using information entropy. A nonlinear mapping
function is then applied to adaptively assign weights, focusing
the training on critical samples. Experiments demonstrate that
the proposed method leads to significant improvements across
various metrics on clinical TCM syndrome differentiation
tasks.
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