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Abstract  First hitting time analysis aims to estimate the running time or the number of generations
of an optimization algorithm when it obtains the optimal solution for the first time. First hitting
time analysis of evolutionary algorithms (EAs) is a fundamental topic in evolutionary computation,
due to its capability to provide a quantitative performance comparison among randomized search
approaches. However, far too little attention has been paid to the performance comparison analysis
of EAs. This paper aims to establish the performance comparison model for EAs by theoretically
estimating the first hitting time. In our formula, the expected first hitting time of EAs is
estimated using the proposed stochastic process model based on Markov chain. Equal-in-time
model is introduced to compare the stochastic process model of EAs. Furthermore, we prove the
equivalence relation between any two EAs that is equal-in-time. The proposed model can not only

determine whether the algorithms is theoretically equivalent in the expected first hitting time, but
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also derive the equivalence class partition of EAs on expected first hitting time. On the basis of
the equal-in-time model, we propose the convergence theory of EAs in equivalence relation, and
analyze the convergence relation among EAs in equivalence class. A mathematical tool for the
analysis of the comparison relation of EAs called performance comparison inequality is proposed
according to equal-in-time relation. It can directly compare the stochastic processes of EAs
and provide the comparison of the expected hitting time between any two EAs in non-empty
evolutionary algorithm sets. The feasibility of the theoretical method is verified by a case study of
a basic evolutionary algorithm with one individual and one descendant, termed (1-+1)-EA, in
which two selection operators (including elite selection operator and proportional selection operator)
and two mutation operators (including bit-wise probabilistic mutation operator and single bit
proportional mutation operator) are involved to empirically validate the proposed first hitting time
estimation method. Experimental results show that the empirically obtained first hitting time is
consistent with the theoretically estimated first hitting time obtained by the proposed method.
Furthermore, we derive a concrete calculation method for simplifying the stochastic process mod-
el of the expected first hitting time. Then we analyze the experimental results of (1+1)-EA with
different mutation operators and different selection operators in the setting of the randomly gener-
ated initial population and a given initial population. Both the theoretical analysis and experimen-
tal results dominate that the presented model provides a theoretical comparative analysis tool for
the performance of EAs. This work presents a feasible theoretical performance comparison tool
for any evolutionary algorithm based on the stochastic process model for fist hitting time estima-
tion which enables us to quantitatively compare the performance of any two EAs.
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