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Figure 1

Overall model framework of this study
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Table 1 Experimental results of medical data set %
e i _ 5-way 1~ 2shot _ 5-way 5~ 10shot
Precision Recall F1 Precision Recall F1
NNshot 78. 11 85.63 81.70 84.17 81.33 82.72
structShot 83.90 81.61 81.99 79. 63 86. 96 83.12
TemplateNER 82.22 88.51 85.26 86. 10 90.79 88.38
IMCS-V2-NER LabelBERT 83.82 90. 62 87. 14 87.20 91.19 90. 55
PromptNER 78. 40 88.92 83.33 82.27 90. 07 85.99
LightNER 85. 67 89. 88 87.72 87.34 92.81 90. 58
ProML 81.76 91.07 86. 16 84.61 90.93 88.12
PLC-GT (A ) 87.91 91. 89 89. 86 88.91 93. 89 91. 86
NNshot 69. 28 72.91 71.05 69. 96 80. 36 74. 80
structShot 66. 51 83. 66 74.11 73.10 81.70 77.16
TemplateNER 73.21 82.07 78. 60 77.91 80. 61 80. 98
MedOANER LabelBERT 78.09 84.41 80. 82 80. 66 84.43 83.76
PromptNER 70. 14 83.22 76.12 75.35 84.42 79. 62
LightNER 77.71 81.19 82.22 80. 70 83.08 82.92
ProML 77.63 81.03 79.29 80. 33 83. 69 81.97
PLC-GT (A 3X) 79. 66 85.75 82. 60 81. 90 85.76 84. 06
NNshot 63. 63 61.96 74.35 76. 35 80.79 73.33
structShot 70. 26 80. 85 75. 19 75.43 83.35 85.00
TemplateNER 81.93 82.56 82.74 83.71 84.01 82. 80
CCKS2019 LabelBERT 80. 80 86. 21 84.11 83.99 87.98 85.94
PromptNER 73.23 79.10 76. 05 77.01 84.90 80. 76
LightNER 79.91 83. 82 85.05 85.14 90. 77 87.81
ProML 75.16 78.42 76.76 77.17 85.22 80. 09
PLC-GT(A3X) 82.22 88. 51 85.56 85.97 91.28 88.93
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Table 2 Experimental results of universal domain data set %
e Hm _ 5-way 1~ 2shot _ 5-way 5~ 10shot
Precision Recall F1 Precision Recall F1
NNshot 61.80 67.71 64. 62 66.71 75.43 70. 80
structShot 69. 89 75.24 72.47 71.15 83.33 76.76
TemplateNER 70. 11 78.83 74.43 77.47 84.11 78. 06
CLUENER2020 LabelBERT 71.61 77.21 74. 88 78. 54 85.95 77.20
PromptNER 70. 96 76. 89 73.52 74.94 81.33 76. 63
LightNER 72.01 79.94 75.97 76.41 83.08 80. 54
ProML 72.18 75.91 74. 00 75.16 85.95 80. 18
PLC-GT (A 3X) 72. 45 80. 77 76. 63 79. 39 87.21 83.21
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Figure 3 Prompt template ablation experimental results
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Chinese Medical Named Entity Recognition Based on Triple Hint and Contrast Learning

LIU Na"?, JI Zhe"?, WU Kedong'?, LIU Lei'’

(1. School of Computer Science and Engineering, North Minzu University, Yinchuan 750021, China;2. State Key Laboratory of Intelli-
gent Processing of Graphics and Images, North Minzu University, Yinchuan 750021, China)

Abstract; To address the issues of insufficient pretrained knowledge representation, ambiguous boundaries, and
category confusion in Chinese medical few-shot named entity recognition, a multi-stage recognition approach guided
by triple prompts was proposed in this study. Firstly, a triple-prompt learning mechanism was constructed, in which
a stepwise reasoning paradigm, comprising boundary localization, type discrimination, and contextual verification
was adopted. By integrating the interpretability of discrete templates with the optimizability of continuous vectors,
the capability of the model to parse entity structures was enhanced. Secondly, a bidirectional gating network was
designed to dynamically regulate feature interactions between prompt information and textual representations, there-
by strengthening semantic capture for complex terminology. Finally, contrastive learning was introduced to optimize
the distribution of the feature space, improving intra-class compactness and inter-class separability. Experimental
results indicated that F1 scores of 91.86%, 84.06% , and 88.93% were achieved on the IMCS-V2-NER,
cMedQANER, and CCKS2019 datasets, respectively. These findings demonstrated that the proposed method con-
sistently improved entity recognition performance and exhibited strong generalization capability under low-resource
settings.

Keywords: small sample; named entity recognition; cue learning; feature interaction; contrast learning





