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Few-Shot Relation Classification Based on Knowledge<Enhanced
Adaptive Prototype Networks
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(1. School of Electronics and Electrical Engineering, Shanghai University of Engineefing Science, Shanghai 201620, China;
2. School of Computer Science and Technology, East China Nermal University, Shanghai 200241, China)

[ Abstract] Few-Shot Relation Classification (FSRC) refefsito the/use of a small number of labeled instances to
classify various relations within a task, and it can Mbe quickly applied to categorize completely new classes.
However, existing few-shot classification algorithms. show limited generalization capabilities when distributional
differences exist between the test and training domains, which leads to significant performance degradation.
Therefore, a knowledge-enhanced adaptive ptototyping” network is proposed for domain adaptation tasks, which
helps improve the robustness of the model by, exploring connections between instances while learning a priori
knowledge about relations and intrinsicasemanties to obtain interpretable prototypes. Specifically, the correlations
between supporting and query instancesiare ‘eaptured by introducing an interactive attention mechanism to highlight
key instances and generate interactivesinstances. The adaptive prototype fusion mechanism generates adaptive
hybrid coefficients using relafionalyinformation as anchors and combines instances with relational information
through feature fusion to generate hybrid prototypes. Experiments are conducted on FewRel 1. 0 and FewRel 2. 0
datasets, and the effectiveness of the method is demonstrated. The experimental results show that the classification
accuracy of the proposed network model is significantly higher compared to that of the baseline model. The
proposed model has better classification performance and stability.

[Key words)] Relation Classification (RC) ; few-shot learning; Few-Shot Relation Classification (FSRC) ; prototype
networks; knowledge-enhanced
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Table 1 Examples of 2-way 1-shot scenarios

e XHR Feik Py 245
. role_of Actress Sally Hawkins was asked to play [ Persuasion]e2 protagonist [ Anne Elliot Jel
gk SR ac of Db\ [Elvis PresleyTel was born in [ Memphis. Tennessee ]2
kBt ) role_of B{ Ulrich Matthes is a German actor, best known for his role as [ Joseph GoebbelsJel in the film
HH place_of birth [DownfallJe2
‘ religion He founded a literary prize which in 1901 was won by [ Ndoc NikajJel, a [Catholic]e2 priest
Wik SRRE
mother In 1845, [ Cemile Sultan]el ’s mother, Empress [ Dzdidil KadnJe2, died

Bt 1
2 if] religion Y, mother

He was married to [ Eva Funck]e2 and they have a son [ Gustav Jel

disposition_of

whether [ ritonavir Jel boosted [ protease inhabitor Je2(pi/r) monotherapy-+*

i & lnssified Several outbreaks of [ trichinellosis Jel associated with the consumption +++ pecies of [ trichinella
L classified_as
. - infection Je2 in the «--
K Be 2
- disposition_of B, A prevalence study was designed to evaluate host and seasonal risk factors associated with three
A 1H,

classified_as

systemic [ mycoses Jel in dogs: [ blastomycosis]e2, coccidioidomycosis, and histoplasmosis
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Table 2 Hyperparameters of the model in the experiment
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Table 3 Few-shot relation classification accuracy on the FewRel 1.0 testset %

ity bl 5-way l-shot 5-way 5-shot 10-way 1-shot 10-way 5-shot
CNN Proto-CNN » 74.52 88. 40 62. 38 80. 45
MEMAN x 82.98 92. 66 73.59 87.29
Proto-BERT = 80. 68 89. 60 71.48 82. 89
BERT-PAIR * 88. 32 93. 22 80. 63 87.29
ConceptFERE 89. 21 90. 34 75.72 81. 82
TD-Proto 84. 76 92. 38 74.32 85.92
BERT REGRAB 90. 30 94. 25 84.09 89.93
KEAP * 91. 67 96. 32 86. 14 93.21
HCRP 93.76 95. 66 89. 95 92. 10
PRM 94. 22 96. 51 91. 42 92.79
HR-DProto 90. 16 96. 26 85. 24 94. 18
KEAP 93. 94 96. 68 90. 35 94. 58
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Table 4 Few-shot relation classification accuracy on the FewRel 2.0 domain-adaptive testset %
e R 5-way 1-shot -way 5-shot 10-way 1-shot 10-way 5-shot
CNN Proto-CNN 35.09 51. 50 22.98 35.22
Proto-BERT 40. 12 51. 50 26. 45 36. 93
Proto-ADV 42. 21 58. 71 28.91 44, 35
BERT BERT-PAIR 67.41 78.57 54. 89 66. 85
HCRP 76. 34 83.03 63.77 72.94
PRM 73.98 88. 38 62.72 79. 43
KEAP 81.13 91. 84 69. 00 83. 15
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