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A coarse-grained greedy local search  employing 
molecular fragment replacement maps a sampled 
conformation to a nearby local energy minimum.  

A population of conformations is iteratively evolved by combin-
ing features from previously sampled conformations through ge-
netic crossover.  New conformations are added to the 
population using a binary tournament to maintain a 
fixed-size population.
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A Hybrid Evolutionary Algorithm (HEA) combines the population-
based global search for exploring the breadth of the conforma-
tional space with a minimization step to map each conformation 
sampled at the global level to a nearby local minimum.
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Conformations sampled through cross-
over are optimized to biologically rel-
evant structures through the local search.

Crossover combines features from 
different locally optimized struc-
tures to effectively explore the 
conformational space.

Perturbation Minimization Selection

-How to explore the breadth of the 
protein conformational space?

-How to distinguish between two 
low-energy local minima?

-How to sample biologically relevant 
conformations with crossover? 

-How to maintain a diverse 
population of conformations?

The error resulting from the weighted linear 
combination of energy terms in current energy 
functions make it difficult to distinguish between 
two low-energy conformations based on total 
energy.  This error is avoided by a multi-objective 
approach where energy terms are considered 
individually. 

In a Multi-Objective Hybrid EA (MOHEA), 
conformations in the non-dominated Pareto front 
are retained in the population (rather than using 
binary tournament with total energy).  The result is 
an unbounded population retaining only an  
“interesting” sub-set of sampled local minima.

The quest to characterize the protein 
native state from primarily its amino-
acid sequence remains a central chal-
lenge in computational biology. The 
problem is computationally intractable 
due to the continuous and high-
dimensional conformational space and 
the corresponding rugged energy sur-
face [1].  A plethora of conformational 
search algorithms are devoted to this 
problem, employing diverse strategies 
to navigate the search space with the 
goal of converging to the native energy 
basin. Our previous work shows that 
an explicit focus on sampling local 
minima in the conformational space is 
an effective approach for sampling 
conformations near the experimentally-
determined native state[2]. Here we 
extend the explicit local minima sam-
pling in basin hopping to a population-
based evolutionary search framework 
to more effectively cover the breadth of 
the search space.

The framework unifies strategies from 
evolutionary computation and compu-
tational biology to more effectively 
navigate the subspace of conforma-
tions corresponding to local minima. 
We employ a hybrid approach which 
combines a perturbation step to make 
larger global moves with a minimiza-
tion step to map each conformation 
sampled at the global level to a nearby 
local minimum. The minimization step 
draws on computational biology, con-
sisting of a coarse-grained greedy local 
search employing molecular fragment 
replacement.  An evolutionary-inspired 
perturbation operator escapes each 
mapped local minimum to effectively 
explore the breadth of the search 
space. A multi-objective approach to 
potential energy allows the framework 
to maintain a representative population 
of “interesting” low-energy local 
minima to effectively guide the search 
towards unexplored regions of the 
search space.

Our experiments show that the pro-
posed framework samples conforma-
tions near the experimentally-
determined native structure more effec-
tively or as well as state-of-the-art meth-
ods in ab-initio protein structure predic-
tion [4]. On more complex α/β topolo-
gies, employing the Pareto front as the 
population effectively guides the 
search closer to the native state.
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Sosnick [4]

We test the effectiveness of the 
HEA and MOHEA to sample 
coarse-grained decoy 
conformations near the protein 
native state. The table shows the 
RMSD to the experimentally- 
determined native structure of the 
best decoy conformations 
sampled for 15 target protein 
systems. While the HEA tends to 
sample lower RMSD structures for 
the larger α-helix proteins, the 
addition of the multi-objective 
analysis in the MOEA improves 
results on the smaller α/β proteins.  

Results for 11  targets are 
compared to published results 
from the Sosnick group [4]. 
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