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Financial Relation Extraction Based on Large Language Model with
Few—Shot Demonstration
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Abstract: To address the challenges posed by financial domain corpora—characterized by diverse entity types, complex relationship struc-
tures, dense domain—specific terminology, and subtle semantic distinctions—this paper proposes a relation classification method that inte-
grates N—way K-shot few—shot learning with a multi-stage prompting mechanism for large language models (LLMs). Based on financial text
corpora, the method constructs a support set and a query set, leveraging a pretrained language encoder to select semantically similar examples.
These examples are embedded into structured prompts to guide the LLM in relation recognition. During inference, an adaptive verification
mechanism is introduced to perform self-assessment and correction of the model’s initial predictions, thereby enhancing the stability and accu-
racy of the results. Experimental results demonstrate that the proposed method significantly outperforms traditional few—shot approaches in
terms of precision and recall across several mainstream LLMs. Moreover, the method maintains robust performance under zero—shot settings,
highlighting its practical value and strong generalization capability in financial relation extraction tasks.
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Fig.1 The framework of the proposed method
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Table 2 Experimental results of few—shot relation extraction on the
FIRE dataset

2 FIREHIRE FDEARXRMBILIELER (%)

S5-way O-shot
S-way 1-shot S5-way 5-shot

K BRIAR L)

71N

HEs Al . HEsf A . HER Al .
1 Proto-BERT™®! - - - - - 2704 - - 3004
2 BERT-Prompt'™ - - - - - 7543 - - 7539
3 BERT,,, ' - - - - - 4942 - - 7556

GPT-40-mini  50.16 82.14 62.28 53.47 93.43 68.01 61.46 77.29 68.47
+HIENIEIE  50.85 70.03 59.96 53.27 89.95 66.92 61.62 76.09 68.09
DeepSeek-R1  79.25 90.31 84.42 88.77 88.77 88.77 80.20 89.25 84.48
+HIENKHIE  80.90 88.26 84.42 90.58 89.61 90.09 83.45 92.86 87.90
Claude—-3-haiku 32.22 94.70 48.08 53.68 82.16 64.94 54.84 91.67 68.62
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Fig.4 Example analysis for specific relationship types(ChatGPT-40—
mini)
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