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Fig.1 The architecture of Sh-adv model
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Tab.2 F-value of cross-domain Chinese hedge cue detection by baseline methods %
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Tab.3 F-value of cross-domain Chinese hedge cue detection by shared representation methods %
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Cross-domain Chinese Hedge Cue Detection Based on Shared
Representations

ZHOU Huiwei', NING Shixian', YANG Yunlong', LIU Zhuang', LIN Yingyu', LI Sijia’
(1. School of Computer Science and Technology, Dalian University of Technology, Dalian 116024, China;
2. College of Information and Elecirical Engineering, Feng Chia University, Taichung 40743, China)

Abstract; To make full use of out-of-domain data and minimize annotation costs to adapt to a new do-
main, a novel cross-domain approach based on shared representations was proposed for hedge cue detec-
tion. This approach used bidirectional long short-term memory network to alternately learn the training da-
ta in the source and target domain by using parameter-sharing mechanism. Meanwhile, it introduced ad-
versarial learning to separate the private features of each domain from the shared features, for the purpose
of obtaining the shared semantic representations across different domains. Experiments on Chinese bio-
medical domain and Wikipedia domain showed that the method based on shared representations could get
a significant improvement on cross-domain Chinese hedge cue detection, compared to instance-based
transfer learning and feature-based transfer learning methods.

Key words: Chinese hedge cue detection; cross-domain; shared representation; adversarial learning
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DDoS Attack Detection Method Based on Combination Correlation
Degree and Random Forest

LI Mengyang">, TANG Xiangyan'>, CHENG Jieren" >, LIU Yifu'?
(1. Key Laboratory of Internet Information Retrieval of Hainan Province, Hainan University, Haikou 570228, China;
2. College of Information Science and Technology, Hainan University, Haikou 570228, China;
3. State Key Laboratory of Marine Resource Utilization in South China Sea, Haikou 570228, China)

Abstract; A DDoS attack detection method based on combination correlation and random forest ( RF)
was proposed. The network flow combination correlation degree (CCD) was defined based on the non-
symmetric and the semi-double interaction characterizes of attack flow; and the two tuples form of address
correlation statistics ( ACS) and unidirectional flow semi interaction ( UFSI) was used as the feature of
the network flow in CCD. Then the genetic algorithm with the CCD feature sequences was used for the op-
timization of two key parameters of the decision tree in the RF, namely, the number of maximum trees
and the maximum depth of the decision tree. And the RF model within optimized parameters was applied
to train the classification model which could be used for the DDoS attack detection. The experiment sug-
gested that the proposed method was suitable for detecting the DDoS attack in big data environment with
higher accuracy rate, lower false alarm rate, and missing alarm rate compared with existing DDoS attack
detection methods.

Key words: DDoS attack detection; network flow feature extraction; optimization by genetic algorithm;

random forest
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