Ol O .

e e el # Rekvo: Large Language Models as KAIST s
@ Hyper-Heuristics with Reflective Evolution MU .,,nyggCEss,NGSYSTEMS

SINGAPORE MANAGEMENT
UNIVERSITY

Haoran Ye', Jiarui Wang?, Zhiguang Cao3, Federico Berto4, Chuanbo Hua4, Haeyeon Kim#, Jinkyoo Park4, Guojie Song’

TPKU 2SEU 3SMU “4KAIST *AI4CO

(1) ReEvo for SotA heuristics of COP

ReEvo improves the following types of algorithms:

\
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* Heuristics are problem-solving methods that use practical shortcuts to ReEvo aims to elicit the power of LHH.

: : :  ReEvo couples evolutionary search for efficiently exploring the heuristic space, and LLM reflections to provide
produce good solutions quickly when exact solutions are too costly to _ o , o
verbal gradients (guiding information) within the space.

* Neural Combinatorial Optimization (NCO
compute. * ReEvo emulates human experts by reflecting on the relative performance of two heuristics and gathering _ . P ( )
* Genetic Algorithm (GA)

e Ant Colony Optimization (ACO)

 NP-hard combinatorial optimization problems (COPs) traditionally

insights across iterations.
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Fig 3: Examples of reflections for black-box TSP. Heuristics are designed for Ant Colony Optimization. Left: Given a (b) LHH evolution curves using GPT-3.5 Turbo.

pair parent heuristics, ReEvo correctly infers the TSP objective and generates a better offspring accordingly. Right: Fig 5: ReEvo shows better sample efficiency than EoH [2].

[ Best heuristic ] Given the elite heuristic and accumulated long-term reflections, ReEvo incorporates the suggested statistics and
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(3) Language hyper-heuristics



