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Abstract: Compared with Chinese and English, the training corpus of Tibetan entity relation is smaller, so it is difficult to
obtain higher accuracy based on traditional supervised learning methods. And there exists the problem of wrong labels in
distant supervision for relation extraction. To solve these problems, the distant supervision method was used to construct
the data set of Tibetan entity relation extraction through aligning the knowledge base with texts, which could alleviate the
problem of lacking of large-scale corpus in Tibetan. And a Tibetan entity relation extraction model based on multi-level
attention fusion mechanism was proposed. The self-attention was added to extract internal features of words in word level.
The selective attention mechanism could assign weights of each instance, so as to make full use of informative sentences
and reduce weights of noisy instances. Meanwhile, a joint score function was introduced to correct wrong labels, and
neural network was combined with support vector machine to extract relations. Experimental results show that the pro-
posed model can effectively improve the accuracy of Tibetan entity relation extraction, and is better than the baseline.
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