-o"#;'\.‘
ﬁ. NEURAL INFORMATION
‘;.3. . PROCESSING SYSTEMS
o

Fractional Langevin Dynamics for Combinatorial
Optimization via Polynomial-Time Escape

Shiyue Wang*, Ziao Guo*, Changhong Lu, Junchi Yan*

el ¥

Abstract Sampling

. . _ _ _ _ Theorem 3. Let v be uniformly distributed on (—%, %) and W be an independent exponential
Langevin dynamics (LD) and its discrete proposal have been widely applied random variable with mean 1. The SaS sampling is:.
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However, LD's reliance on Gaussian noise limits its ability to escape narrow local 2
optima, requires costly parallel chains, and performs poorly in rugged landscapes
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method offers enhanced exploration capabilities and improved convergence. ;
Experimental results on the Maximum Independent Set, Maximum Clique, and ReSU.ltS
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(b) Trajectories w/ and w/o truncation for o = 1.4.
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