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Multi-task continuous learning model based on improved HAT Network

GUO Zheng-bing'*, WANG Meng'
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Abstract; When the neural network continuously learns multiple tasks, as the number of learning tasks in-
creases, the learning ability would decrease, and the previously learned knowledge would be overwritten,
resulting in catastrophic forgetting. To solve this problem, this paper proposes a HAT-GAL model which
combines HAT with generative adversarial learning ( GAL). The gal is embedded in the full connection lay-
er of hat network to solve the problem that the learning ability of the network decreases with the increase of
the number of tasks and the poor robustness to multi attitude data. At the same time, the evolutionary strat-
egy is used to optimize the network parameters, which can effectively alleviate the parameter redundancy
problem and forgetting problem caused by easiness to fall into local optimization. The experiment results
show that the improved HAT-GAL model has good universality for multi-pose data, and the learning ability
does not decline after learning multiple tasks continuously, and the forgetting rate is the smallest as well.
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