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Abstract For the problem that it is difficult to effectively evaluate whether the learnt clause is beneficial to the follo-
wing search in the solving process of propositional logic equation,a clause evaluation algorithm was proposed based on
the trend strength. First of all,the distribution characteristic of time involved in conflict analysis for the learnt clauses
during the lifecycle is analyzed,and the random,discrete time distribution is transformed into the continuous cumulative
trend strength. Then,when the deletion period arrives,the clauses with little possibility of being used in the subsequent
search process will be deleted by setting the threshold of trend strength, while the clauses of high probability will be
kept. Lastly, by using SAT international testing examples in 2015 and 2016, two state-of-the-art algorithms (i. e. , activi-
ty evaluation algorithm and literal block distance (LBD) algorithm) are adopted for comparison purpose. The experi-
mental results show that the proposed evaluation algorithm with trend strength can significantly outperform the activity
evaluation algorithm in efficiency and can obtain more solving instances,and has the comparable performance with the

LBD algorithm.
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