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Abstract

This paper addresses the problem of predicting the tertiary structure of a pro-
tein given its amino acid sequence, which has been reported to belong to the
NP-Complete class of problems. We design an ad-hoc distributed memetic al-
gorithm (DMA) and evaluate several algorithm configurations in terms of dif-
ferent distributed population structures, ad-hoc local search strategies and the
combination of two energy functions. The algorithm uses an asynchronous hi-
erarchical population of agents that exchange solutions along the execution of
the algorithm. Extensive computational experiments were carried out in order
to test: (1) the impact of the communication on di↵erent population structures,
(2) the combination of the energy functions used for fitness calculations, (3) the
scalability of the algorithm for structures with a larger number of agents, (4)
the performance of the di↵erent approaches proposed for local search and diver-
sity calculations, (5) the biological significance of the predicted structures and
(6) to compare the best performing configuration of the DMA with other algo-
rithms from the literature. The algorithm was tested on 20 sequences of di↵erent
size, and the analysis was performed regarding both computational quality and
biological significance of the predicted structures. Results show that the com-
bination of energy functions and the proposed Distributed Memetic Algorithm
allows the prediction of structures that are similar to the experimental ones.
Performance analysis shows that increasing parallelism improves the execution
times, without worsening the quality of the solutions.
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1. Introduction1

It is well known that proteins are present in all living systems, and are re-2

sponsible for performing a large set of functions in the cell. Knowing the struc-3

ture of a protein allows the investigation of the biological processes in which4

the protein could be involved more directly, with higher resolution and finer5

detail. The sequence-protein-structure paradigm (also knows as the “lock-and-6

key” hypothesis) says that the protein can achieve its biological function only by7

reaching a given tertiary structure determined by its amino acid sequence. The8

Protein Structure Prediction (PSP) problem is one of the most important prob-9

lems in Structural Bioinformatics. Each protein, or polypeptide, is defined by10

an unique sequence of chained amino acids that under some physiological condi-11

tions reach a particular 3-D shape. In silico prediction of the three-dimensional12

(3-D) structure of proteins has been the ’holy grail’ of computational biologists13

for many years [41].14

The PSP problem has challenged Biochemists, Biologists, Computer Scien-15

tists, and Mathematicians, comprising the domain of high-dimensional contin-16

uous optimization problems [9]. Nowadays, a wide range of optimization algo-17

rithms and metaheuristics are being applied in an attempt to find approximate18

solutions to predict the 3-D structure of protein only from its linear sequence19

of amino acid residues [10]. Despite the number and the variety of methods20

developed for structure prediction over the past 40 years, no truly accurate21

methods exist to predict the correct structure of polypeptides. Most of the ex-22

isting challenging optimization problems, such as the PSP, cannot be optimally23

solved by any known computational method due to the high dimensionality and24

complexity of the search space [1].25

In this paper we propose a knowledge-based Distributed Memetic Algorithm26

(DMA) [30] to deal with the 3D PSP problem. The proposed algorithm takes27

advantage of the experimental knowledge stored in the Protein Data Bank (PDB).28

The main goal is to decrease the PSP complexity, reducing the size of the search29

space and increasing the method e↵ectiveness. To incorporate the structural30

information of protein conformations, we use the Angle Probability List (APL) [5,31

4]. APL analyses the conformational preferences of amino acids in proteins32

according to its secondary structure. The DMA proposed in this work also uses33

a Local Search (LS) technique to intensify the search around the most favourable34

regions.35

Parallelism is intrinsic for memetic algorithms. Harris et al. [19] and Blocho36

et al. [3] use memetic algorithms with a parallel local search. The first solves37

the quadratic assignment problem using a ternary tree of 13 agents. The second38

solves the vehicle routing problem with time windows using a ring structure of39

N agents. This approach significantly improves execution times. However, the40

synchronization among the agents makes it di�cult to scale over 32 agents [3].41

Our proposal also explores di↵erent structures for cooperation between agents.42

We used tree-based structures to calibrate knowledge sharing and analyze the43

scalability of the approach.44

This paper is organized as follows. Section 2 presents a brief review about45
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the problem of PSP and the current techniques that exist to use distributed46

metaheuristics. Section 3 describes in detail the proposed method and their47

variants. In Section 4 we present the computational experiments and discussion48

of results. Finally, the last section present the conclusions and points out some49

future works.50

2. Background51

2.1. The 3D Protein Structure Prediction Problem52

The prediction of protein structure is one of the most important and chal-53

lenging problems in structural bioinformatics. Traditionally, protein’s structure54

can be obtained through X-ray crystallography and multi-dimensional magnetic55

resonance in the laboratory. Although this method is expensive, it provides an56

accurate protein structure. However, the high costs of the method, its extreme57

di�culty,and the time required to carry out the study cannot cope with the58

increasing number of proteins data sequences. In this scenario, computational59

methods are a more suitable solution to deal with this problem due to its low60

costs and fast results [27]. These methods have the potential to correlate and61

predict the structure of a protein from its primary sequence to overcome the62

di�culties associated with the experimental approaches [21].63

In an attempt to solve this problem many methods and algorithms have been64

proposed and they can be classify over four categories: (a) methods without65

database information; (b) methods with database information; (c) fold recogni-66

tion methods, and (d) comparative modelling methods.67

Methods without database information are founded on thermodynamics and68

based on the fact that the structure of a protein corresponds to the global69

minimum energy conformation. Thus, a stable structure of a protein always70

consumes minimum energy among all the conformations of the protein. These71

methods are supported by two main components: a mathematical model for the72

protein-energy function and an optimization algorithm to find a global minimum73

of the potential energy [42][7][16] [15][35].74

The methods with database information follow a set of general rules ex-75

tracted from protein databases to establish a starting protein structure. These76

methods compare fragments of the protein with fragments of the structure of77

reference proteins [49][37][45][11] [28] [44] [8].78

Fold recognition methods assume that the structure is more likely to be79

preserved in the protein evolution rather than the sequence. i.e., proteins with80

no apparent sequence similarity could present similar folds. These methods’81

goal is to predict the protein structure by fitting a protein sequence correctly82

against a structural model [2] [22] [43] [17].83

Finally, the comparative modelling employs a target sequence of amino acid84

is aligned against the amino acid sequence of another protein with known struc-85

ture (template protein) and stored in the protein data bank (pdb)[29][38][13][43].86

Predicting the 3D structure of a protein molecule in silico is a NP-hard87

problem. Metaheuristic optimization algorithms have potential ability to solve88
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complex problems e�ciently providing near optimal solutions. Our proposal89

follows this optimization strategy as well as many of the before cited solutions.90

2.2. Distributed Memetic Algorithms91

Memetic algorithms have been distributed in literature given their collabo-92

rative nature and the complexity of the real-world problems they are used to93

solve. In Gong et al. [18] the authors review the models of the distributed94

evolutionary algorithms. Di↵erent authors have proposed di↵erent memetic al-95

gorithms that use distributed models that include the well-know island model96

[14][33][39], the cellular model [26][34], and the hierarchical architecture [19].97

In this work we study the hierarchical model of organisation among the agents,98

which has been previously shown good results for our particular problem in [8].99

The di↵erent cooperation topology inside the components of each model has100

influence on the algorithm search capabilities in terms of increasing exploration101

or exploitation of the search space. Cooperation is to define: what is to be102

transferred, what is the cooperation topology, how often the processes commu-103

nicate, and what is the strategy to handle immigrant and emigrants. Nalepa104

et al. [33] [32] studied the impact of this cooperation for the VRPTW and the105

PDTW problem. The authors conclude that if the convergence time is to be106

as minimum as possible, frequent cooperation intervals are better. Moreover,107

if the running time is a restriction, then rarer co-operation intervals benefit a108

broader exploration of the search space. Our proposal also explores di↵erent109

structures for cooperation between agents. We used tree-based structures in or-110

der to calibrate knowledge sharing and analyse the scalability of the approach.111

3. DMA-3DPSP: A Distributed Memetic Algorithm for the PSP prob-112

lem113

We propose a Distributed Memetic Algorithm to tackle the 3-D Protein114

Structure Prediction problem (DMA- 3DPSP). The distributed model follows a115

hierarchical population structure based on the Island Model [18], with a set of116

agents working independently in a particular search space and cooperating by117

exchanging information according to a hierarchical population structure. The118

hierarchical structure used will be determined from the computational exper-119

iments. In the DMA-3DPSP, agents share the information about local solutions120

found and preserve the most promissory ones. The goal of this distributed strat-121

egy is to improve both the execution times of the search process and the quality122

of the solutions obtained.123

Algorithm 1 shows the pseudocode for each agent of the DMA-3DPSP. Agents124

are organised under a hierarchical structure or n-ary tree. The structure used125

defines the concept of sub-populations composed by a leader agent and sup-126

porter agents. Leaders are responsible for receiving the best solutions generated127

by their supporters and also to spread good quality solutions among their sup-128

porters. Information updates are performed asynchronously each time an agent129

finds a better solution. Each agent keeps their best solutions on a local memory130
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called pockets (line 5) that keeps track of the best solutions found so far by131

the agent. In each generation, the agent selects one of its pocket solutions and132

performs a crossover with the solution received from its leader. Then, on the133

o↵spring generated it applies a local search algorithm to improve the quality of134

the solution. After that, if a new best solution is found, the agent sends this135

solution to its leader, and it starts a new generation. In the following sections136

we described the main components of the proposed algorithm.137

3.1. Agent Structure138

Figure 1 shows a scheme of the main components of the agent. Each agent139

has two structures to store and to manage the progress of the search: (1) the140

current, that is a temporary solution on which evolutionary operators are being141

applied, and (2) a set of pockets, a local memory structure that stores the best142

solutions found by the agent and received by its supporters. The pockets enable143

the agent to perform a better exploration of the search space by focusing on the144

sectors where these solutions are located; their number is variable, and it is a145

parameter of the algorithm.146

queue_msg_leader

queue_msg_supporters

AGENT

solution

Pocket
Current
solution

Figure 1: Structure of each agent of DMA-3DPSP. Agents work in the current solution, save the

best solutions found in the pockets and send them to leader and supporters through message

queues.

Each solution (current and pockets) describes a possible 3-D structure for147

the peptide and is composed by: (1) a vector of size 2⇥n (for a sequence of n148

amino acids) with the value of the � and  torsion angles for each residue of the149

sequences and (2) the free energy of the structure given by the energy fitness150

function. For communication, the agents use a distributed message queueing151

system. Each agent has two queues, one dedicated to receiving the solutions152

from its leader and the other to receive them for its supporters (sub-agents).153

This asynchronous model allows the agents to send solutions to other agents154

without interrupting the search process.155
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Algorithm 1 Distributed Memetic Algorithm for the PSP problem - DMA-3DPSP

1: Input: seq  Aminoacid sequence, ss  Secondary structure, histograms
 APL Histograms

2: procedure DMA-3DPSP
3: for all Agent do

. Initialise agent population
4: pockets  ;
5: pockets leader  None

6: APL  LoadHistograms(seq, histograms)
7: current  initSolution(seq, APL)
8: updatePockets(current)

. Perform search
9: while stop criteria has not been reached do

10: if Agent is root then
11: current  GetRandom(pockets)
12: else
13: current  Crossover(ss, GetRandom(pockets),

Roulette(pockets leader))
14: end if
15: current  SimulatedAnnealing(current, seq, APL)
16: updatePockets(current)

. Perform communication
17: while queue supporters 6= ; do
18: updatePockets(queue supporters.pop())
19: end while
20: while queue leader 6= ; do
21: pockets leader  queue leader.pop()
22: end while
23: if pockets were updated then
24: for each Supporter do
25: send pockets to Supporter
26: end for
27: if pockets[0] was updated then
28: send pockets[0] to Leader
29: end if
30: end if
31: restartControl()
32: end while . End search process
33: if Agent is root then
34: return pockets[0]
35: end if
36: end for
37: end procedure
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3.2. Population Structure and Communication156

Agents in our approach are organised in a n-ary tree, where the father157

of an agent is called its leader and the children of the agent are part of its158

supporters. Each group of a leader and its supporters defines a subpopulation159

of the system. Leaders keep in their pockets the best solutions found in the160

subpopulation, and feed the search process of their supporters with these good161

solutions. Supporters, on the other hand, are responsible for sending their162

best solutions to their leaders as soon as they found a new one. Agents work163

independently and communicate with them only to share solutions and major164

events. In order to avoid interruption and the loss of solutions, a message165

queueing system is deployed at each agent. It enables the agent to send solutions166

without interrupt the receiver’s search process nor wait for an acknowledgment.167

We evaluate three population structures: (1) a binary tree, (2) a ternary tree,168

and (3) a 12-ary tree, all of them composed by 13 agents. In the 12-ary tree, the169

structure has one level, following a master-slave approach where twelve of the170

thirteen agents have the same leader agent. The ternary tree builds a structure171

with two levels and the binary tree a three level structure. A structure with more172

agents should reach a better exploration of the search space and therefore obtain173

better results regarding processing time and solution quality, however, it also174

impacts communication. Communication used for sharing solutions between175

the agents is bi-directional: each time an agent has found a new best solution176

it sends the solution to its leader and also to its supporters, then a structure177

composed with a larger number of agents requires a more significant amount of178

communication. It is necessary to explore the balance between the convergence179

time and the exploration of the search space to reach high-quality solutions.180

Section 4.1 presents a complete description of each one of these structures.181

3.3. Fitness Function182

In order to evaluate the quality of the predicted structures and to guide183

the search process of the algorithm, a fitness function is required. Theoreti-184

cally, the native structure of a protein corresponds to the global minimum of185

its free energy [6]. We propose a fitness function compose by two di↵erent en-186

ergy approaches: (1) the Rosetta all-atom high-resolution energy function, using187

“Talaris” weights for the energy terms, and (2) the Solvent Accessible Surface188

Area calculation (SASA) [36] with an atomic radius of 1.5Å, both of them imple-189

mented in the PyRosetta toolkit. The former seeks to improve the stability of the190

structure, looking for solutions with low values of energy among all interactions191

and that fulfil the restrictions of atoms clashes, and the latter aims to improve192

the packing of the 3-D structure by reducing the area exposed to solvent.193

For the combination of the energy functions terms Talaris and SASA, we
used the fitness function described in equation 1:

fitness(S) = (1� ↵) ⇥ Talaris+ ↵ ⇥ SASA (1)

where ↵ determines the weight of the energy functions. In the computa-194

tional experiments we will show the results of testing the fitness function using195
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↵2{0.0; 0.1; ...; 0.9; 1.0}, where an ↵ = 0.2 means that the fitness function is196

composed by 80% of Talaris and 20% of SASA.197

3.4. Crossover Operator198

The DMA-3DPSP combines population operators and a Simulated Annealing199

local search strategy. We used the same operators as those used in [20], but we200

adapt them to work asynchronously. At the beginning of each generation the201

algorithm generates new o↵spring using a crossover operator. The crossover202

process first selects two solutions as parents, one of them randomly selected from203

the pockets of the agent, and the other one selected from its leader’s pockets204

through a roulette wheel selection, so the best solutions are more likely to be205

selected. The new o↵spring is generated by taking the angles of each residue206

of the sequence from the residues of the parents, with a probability of 0.6 for207

the parent taken of the agent’s pockets and 0.4 for the one selected from its208

leader’s pockets. In order to preserve the formation of secondary structures,209

we implement a crossover operator, where the amino acid chain is separated210

into segments based on its secondary structure (received as a parameter of the211

algorithm). Sequential amino acids that share the same secondary structure212

will be treated as a whole section for e↵ects of crossover, and the angles for213

the residues of the section will be taken from the same parent. The only agent214

that does not perform crossover is the leader of the population or root agent.215

Instead, this agent only replaces its current with one of its pocket solutions216

randomly chosen.217

3.5. Local Search Algorithm218

The new solution generated in the crossover will go through the local search219

procedure. For each residue of the sequence, the algorithm decides whether it220

goes to local search with a probability of 0.9. A residue selected for local search221

first determines whether to perform a jump to another sector in the search space222

based on the preferences of the APL [5, 4]. Then, the jump is performed with223

a probability of 0.3, and it will add a value < jump, which will be decreased in224

each generation at a rate of 0.85. After that, a Simulated Annealing algorithm is225

performed on the angles � and  of the residue. For each angle, the algorithm226

makes small modifications such that it is always within the same angle cell.227

Each change will be followed by an evaluation of the globally free energy of228

the structure. Then, the solution is accepted if it improves the fitness value,229

otherwise the algorithm applies the Boltzmann probability function to decide if230

the new solution is accepted. The temperature function controls the acceptance231

function and the number of iteration of the Simulated Annealing algorithm:232

T (iteration) = Tinitial ⇥ ↵iteration (2)

where Tinitial is the initial temperature and ↵ is the cooling factor. We use233

Tinitial = 4000 for the root agent and Tinitial = 2000 for the rest of the agents,234

↵ = 0.9 and a limit of T (iteration) < 0.1, using the results of the parametrisa-235

tion tests performed in [20].236
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3.6. Pockets Updating Policy237

After memetic operators are applied, the agent evaluates whether it should238

update its pockets with the new solution. To determine if a new solution is239

worth to keep in the pockets, the agent compares its free energy (through the240

E(sol) function) and its diversity (through the Div(sola, solb) function) with241

each one of its pockets. To be saved in the pockets, the new solution must fulfill242

at least one of the following conditions:243

• 9j / (Div(current, pocketj) < Divmin) ^ (E(current) < E(pocketj))244

So current will replace pocketi such that Div(current, pocketi) is mini-245

mum, 8i where E(current) < E(pocketi).246

• (Div(current, pocketj) � Divmin, 8j) ^ (pockets 6= full)247

So current will replace the first empty pocket.248

• (Div(current, pocketj) � Divmin, 8j) ^ (pockets = full) ^ (9k such that249

E(current) < E(pocketk))250

So current will replace pocketi such that E(pocketi) is maximum, 8i.251

The agent also uses these rules to determine whether it should save the252

solutions put on its queue from its supporters. Then, if there was an update253

in the pockets, the agent proceeds to the communication process. The best254

solution is sent to the agent’s leader and the list of pockets is forwarded to each255

supporter to perform the crossovers of the next generations. Therefore, good256

solutions go towards the top of the hierarchical structure.257

3.7. Local Search Approaches258

We evaluate a set of modifications on the original Simulating Annealing259

local search implementation in order to improve the quality of its results. In260

the following we give a detail description of each one of these approaches:261

• LS1: in the original local search algorithm, before the execution of the262

Simulating Annealing on the angle cell, the residues could perform a263

change of neighborhood. Then, with a probability of 0.3, the angles �264

and  of the residue will relocate to a di↵erent position in the search265

space, based on the preferences for these angles on the APL. This was266

meant to improve the exploration of the search space, but there is the267

risk of losing a good solution when the changed is performed. We add an268

additional restriction: the residue will only maintain the new position if269

it generates an improvement in the fitness value.270

• LS2: the original local search performs the Simulating Annealing on the271

dihedral angles independently. Therefore, the algorithm first applies small272

modifications in the � angle while  remains the same, and then it does273

the same for  with � remaining static. This implementation limits the274

exploration around the angle cell. In order to avoid the above, this local275

search modifies both angles in each iteration of the Simulated Annealing.276
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• LS3: in the original local search algorithm, the angle cell that limits the277

range of the small random modifications is determined at the start of the278

Simulated Annealing, and it remains static throughout the iterations of279

the algorithm. The angle cell with the size of one degree is determined280

by taking the two integer values that surround each dihedral angle as281

the limit, and every modification must be kept in this area. We modify282

this approach by implementing a dynamic angle cell that is recalculated283

every time the algorithm applies an adjustment in the dihedral angles,284

allowing the algorithm to focus the search towards the sectors that show285

improvements in the results. The new cell will be the area delimited by a286

range of ±0.5� from the new � and  angles.287

• LS4: this local search has two phases: (1) during the first iterations, the288

algorithm uses the APL to determine the new positions for the � and  289

angles. The size of the modification is delimited by a range not greater290

than jump, defined before, and it is only performed if the new position291

improves the global free energy or it is accepted by the acceptance function292

of the Simulated Annealing. When jump value has become less that one293

degree, (2) for the rest of the iterations the algorithm will use the original294

approach applying small random modifications in the angle cell. This local295

search algorithm allows searching good sections of the search space in the296

first iterations and focus the search around them in the last iterations.297

3.8. Diversity Approaches298

We implement two di↵erent techniques to determine the diversity among the299

solutions in the pockets of the agents:300

• Div1: the first approach calculates the average di↵erence among the di-
hedral angles from the residues of the two solutions, according to the
equation 3.

Div(a, b) =

nX

i=1

(�ai � �bi ) +
nX

i=1

( a
i �  b

i )

n
(3)

where �ai and  
a
i represent the dihedral angles of the residue i in the301

structure a, and �bi and  b
i do the same for the structure b.302

• Div2: the second approach uses the calculation of the RMSD (CA atoms)
of the structures as a measure of the di↵erence between the solutions.
The RMSD is calculated by superimposing the atoms of the structures and
measuring their average distance, as it is shown in the equation 4.

RMSD(a, b) =

vuut 1

n

nX

i=1

||ai � bi||2 (4)

where ai and bi are the vector of positions for the atom i of the structures303

a and b when they are optimally superimposed.304
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3.9. Restart Procedure305

The search space is continuous, which makes easy for the algorithm usually to
fall on local optima, so the algorithms implements a restart procedure to escape
from these situations. If during a glimit number of generations the best solution
of the leader agent of the population does not change, the algorithm restarts the
whole population. To do it so, it deletes the solutions stored in the pockets of
every agent, keeping only the best solution found so far by the entire population.
The value of glimit is a parameter of the algorithm, but it dynamically changes
during the execution according to the number of generations that took to reach
the last best solution. This gives time to the algorithm to converge in advanced
stages of the evolution process, where usually is more di�cult to reach better
solutions. The glimit for the n restart is calculated following the equation:

f(n) =

(
gmin n = 1

gmin + (gcurrent � glast)� f(n� 1) n > 1
(5)

where gmin is given as parameter for the first glimit, gcurrent is the current306

generation in which the algorithm is working and glast is the generation in which307

the last restart was made. The root agent is in charge of the restart procedure,308

evaluating the number of generations since the last time its best pocket was309

updated, and communicating and synchronizing the rest of agents when it is310

necessary to make a restart.
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Figure 2: Analysis of energy convergence of the agent pockets of the DMA-3DPSP on three

di↵erent protein sequences. The solid line shows the energy value of the best solution found

so far by the entire population, and the dashed line shows the average energy of the best

solutions stored in each agent of the population.

311

In Figure 2 we show the convergence of the free energy on the DMA-3DPSP for312

three di↵erent sequences. When a restart is performed, the energy of the pockets313

of the population (dashed line) increases rapidly, because the relocation of the314

solutions in the search space, but after these solution converge it is possible to315

see how the relocation allows the algorithm to escape from local minima.316
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4. Computational Experiments317

We performed several computational experiments to evaluate the perfor-318

mance of the alternative configurations of the proposed DMA. The tests aim to319

evaluate: (1) the impact of the communication on di↵erent population struc-320

tures, (2) the combination of the energy functions used for fitness calculations,321

(3) the scalability of the algorithm for structures with a greater number of322

agents, (4) the performance of the di↵erent approaches proposed for local search323

and diversity calculations, (5) the biological significance of the predicted struc-324

tures and (6) compare the best performing configuration of the DMA with other325

algorithms from the literature.326

We select 20 sequences from known peptide structures as cases of study327

for our experiments. Table 1 shows a list of the chosen peptides, its number328

of amino acids and secondary structures. The selection was made aiming at329

using sequences that have been used on other works for comparison purposes330

[24, 31, 8]. Also we selected those that have di↵erent secondary structures to331

see the performance of the proposal on di↵erent conditions. We run a small332

test to determine the time required to execute the first 100,000 evaluations of333

the energy function. Based on those results and the size of the sequences, we334

classified them into three groups: (1) short sequences, with a size lower than335

40 residues; (2) medium sequences, with a size between 40 and 50 residues; and336

(3) long sequences, with a size over 50 residues.337

PDB ID Size Folding pattern 100K Test (sec)

1K43 14 2 �-sheet 35,04

1L2Y 20 1 ↵-helix, 1 310 helix 55,75

2MTW 20 1 ↵-helix 66,51

*1WQC 26 2 ↵-helix 90,31

*1ACW 29 1 ↵-helix, 2 �-sheet 63,19

1DFN 30 3 �-sheet 75,81

1Q2K 31 1 ↵-helix, 2 �-sheet 105,94

2F4K 35 3 ↵-helix 125,74

2MR9 44 3 ↵-helix 152,79

2P81 44 2 ↵-helix 241,76

*3P7K 45 1 ↵-helix 229,34

1AB1 46 2 ↵-helix, 2 �-sheet 157,69

*3V1A 48 2 ↵-helix 225,18

2P6J 52 3 ↵-helix 324,41

1ENH 54 3 ↵-helix 272,15

*2JUC 59 3 ↵-helix, 1 310 helix 278,51

1ROP 63 2 ↵-helix 300,25

*2P5K 64 3 ↵-helix, 2 �-sheet 330,16

1AIL 73 3 ↵-helix 332,03

2PMR 87 3 ↵-helix 402,44

Table 1: List of protein sequences used in computational tests. We classified them in three

groups based on its size and a short test of 100,000 evaluations of the energy function. Se-

quences marked with * were used for tests to define the best DMA implementation.
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We also selected 2 sequences of each group (marked with a * in Table 1)338

that will be used in the tests to determine the best DMA implementation.339

To validate the results we execute each computational experiment 10 times.340

Experiments were executed in two di↵erent environments: (1) a 4-processor341

2.6GHz Intel Xeon CPU with 8 cores (32 cores) and 32GB RAM, and (2) a342

cluster composed by 7 machines (112 cores in total): two 4-processor Intel Xeon343

E-5405 with 2 cores (2 ⇥ 8 cores), three 8-processor Amd Opteron 6128 with344

2 cores (3 ⇥ 16 cores) and two 12-processor Amd Opteron 6168 with 2 cores345

(2⇥ 24 cores).346

4.1. Topology and Energy Configuration347

(a) 12-ary Tree (b) Ternary tree (c) Binary tree

Figure 3: Tree structures evaluated in the tests. All the structures had 13 agents, which are

distributed in one, two and three levels on the tree. The binary tree was left incomplete to

keep the same number of agents among the structures.

The first tests were designed to evaluate the structure of agents and the348

combination of energy functions terms to determine the best configuration for349

the next experiments. We evaluate three hierarchical structures (Figure 3) to350

distribute the population of agents: a two-level ternary tree, an incomplete351

three-level binary tree and a 12-ary tree. All of them were adapted to have 13352

agents to have comparable results.353

We use the sequences marked with * in Table 1 to test the tree structures354

and energy combinations. For each sequence, we execute ten runs using each355

one of the three topologies and one of the eleven tested ↵ to combine the energy356

functions, which gives a total of 1980 experiments. For short sequences we use357

1⇥106 evaluations of the energy function as a stop criteria, 2⇥106 for medium358

sequences and 3⇥ 106 for long sequences.359

4.2. Tree structures assessment360

Figure 4 shows a comparison between the results obtained by the three pop-361

ulation structures evaluated regarding quality of the predicted structures (RMSD362

(CA atoms), free energy) and performance of the execution (total time, num-363

ber of transactions). We consider the mean of the results from each energy364

configuration tested using each structure. As can be seen, the quality of the365

results are similar between di↵erent structures. For both RMSD and free energy,366

the average and standard deviation remain in similar ranges for the structures367

evaluated. It reflects that there is no a great impact on the results obtained368

for di↵erent distributions of the same number of agents. Similarly occurs for369
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(d) Transactions

Figure 4: Results of the experiments using di↵erent hierarchical structures. For each peptide

and tree structure we show the average of the results from all the energy configurations

defined by ↵2{0.0; 0.1; ...; 0.9; 1.0}. We show the distribution for the RMSD (CA atoms) vs

experimental structures (a), the free energy of the predicted structures (b), the total time of

the experiments (c) and average number of transactions between the 13 agents (d).

the performance of the executions, where the runtime and the number of trans-370

actions also do not seem to be profoundly a↵ected by the tree structure used371

in the experiment. Extended information about the results can be checked in372

Table 1 and 2 of Supplementary Material.373

In Table 2 we show the p-value obtained from the comparison between the374

results of the di↵erent topologies using the Wilcoxon signed-rank test. As it375

is shown, there are almost no significant di↵erences between the results of the376

tree structures evaluated. Except for the 12-ary tree that shows evidence of a377

slightly lower number of transactions, none of the structures prove to be superior378

respect to the free energy of the solutions, RMSD (CA atoms) calculation with379

experimental structures or executions times. We decided to use the two-level380
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Sequence Comparison
p-value

RMSD Energy Time Generations Transactions

1WQC

Ter-Bin 0.478 0.847 0.797 0.818 0.148

Ter-12ary 0.898 0.748 0.748 0.450 0.047

Bin-12ary 0.606 0.748 0.606 0.792 0.006

1ACW

Ter-Bin 0.365 1.000 0.949 0.818 0.101

Ter-12ary 0.171 0.797 0.116 0.921 0.401

Bin-12ary 0.606 0.797 0.0879 0.742 0.008

3P7K

Ter-Bin 0.562 0.949 0.847 0.645 0.040

Ter-12ary 0.101 0.748 0.847 0.669 0.139

Bin-12ary 0.401 0.748 0.847 0.293 0.004

3V1A

Ter-Bin 0.797 0.898 0.949 1.000 0.076

Ter-12ary 0.365 0.748 0.699 0.693 1.000

Bin-12ary 0.193 0.699 0.606 0.767 0.076

2JUC

Ter-Bin 0.438 0.949 0.193 0.250 0.088

Ter-12ary 0.0879 0.606 0.040 0.131 0.013

Bin-12ary 0.193 0.652 0.847 0.038 0.606

2P5K

Ter-Bin 0.300 0.898 0.748 0.532 0.168

Ter-12ary 0.0334 0.652 0.562 0.598 0.133

Bin-12ary 0.193 0.606 0.898 0.224 0.694

Table 2: Comparison between the results from the three hierarchical structures through the

Wilcoxon signed-rank test. We show the p-values obtained from the test for comparing the

di↵erences in RMSD (CA atoms), free energy, runtime, total generations and number of trans-

actions. In bold we show the p-values smaller than 0.05.

ternary tree for the next set of testing.381

4.3. Energy Function Combination382
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Figure 5: Results of the experiments for di↵erent combinations of weights for Talaris and SASA
functions using a ternary tree structure. For each target peptide and energy configuration we

show the best RMSD obtained, and the steric clashes and solvent accessible surface area (SASA)
of the best solution, calculated using Gaia Web Tool.
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Figure 5 shows a comparison between the results from the 11 weighted com-383

binations of the Talaris and SASA energy functions using a ternary tree. Figure384

5a shows the RMSD values of the best solution found by each energy configura-385

tion for the six sequences tested, while Figures 5b and 5c show the packing386

quality of the best solutions from the test of Gaia Web Tool [25]. The last387

analysis also extends to the binary and 12-ary trees (see Figures 1 and 2 from388

the Supplementary Material).389

In Figure 5a shows that by increasing the weighting of the SASA function390

over Talaris function, the solutions tend to be slightly better regarding RMSD391

values. It can be explained by the packing properties of the SASA function,392

leading the structure to a form in which fewer atoms are exposed to the solvent393

environment. However, solutions also start to show a high amount of steric394

clashes in their structures as shown in Figure 5b. Talaris function seeks for395

structures with low levels of energy among all their atom interactions. It means396

that if Talaris weight is lower than SASA weight, the algorithm will give priority397

to compact solutions even if these are highly unstable. Structures in nature398

rarely have clashes in their structure, therefore it is important to maintain this399

value as lower as possible to generate biologically significant solutions.400

An extended analysis of the combination of the energy terms in a ternary401

tree structure can be reviewed in [12]. Based on the above, we decided to use402

for the next test a value of ↵ = 0.4, which means that the fitness function will403

be made of 60% of Talaris energy function and 40% of SASA.404

4.4. Scalability405

We perform scalability tests to evaluate the performance of the distributed406

implementation of the proposed memetic algorithm. These tests aim to assess407

the performance of the execution and quality of the solutions when a structure408

with a high number of agents is used. We evaluate two hierarchical structures, a409

binary and a ternary tree. The ternary tree was tested using two and three levels,410

for a total of 13 and 40 agents, while the binary tree was tested using three and411

five levels. We execute 10 runs for each one of these structures using the same412

testing environment: 20 peptides from Table 1, ↵ = 0.4 to weighing the energy413

functions based on equation 1 and a stop criteria of 5 ⇥ 106 evaluations of the414

energy function among all the agents of the structure. We expect that, since all415

algorithms evaluate the same number of solutions throughout the execution, the416

results obtained should be similar, but the execution times should be reduced417

proportionally to the number of agents used by each structure.418

Figure 6 shows the average results for 6 of the 20 sequences tested using419

each one of the structures evaluated. The following conclusion also applies to420

the others sequences evaluated in the scalability tests. Tables 3 and 4 of Supple-421

mentary Material have detailed information of all the peptide target sequences422

evaluated in these tests.423

As we can observe in Figure 6c, the execution time drops almost proportion-424

ally to the number of agents used. The three-levels ternary tree, using around425

three times as many agents, reached the 5⇥ 106 evaluations of the energy func-426

tion in about a third of the time used for the two-levels ternary tree, as same427
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(d) Generations

Figure 6: Results of the scalability tests using a ternary and binary trees. The ternary tree

was tested using two (13 agents) and three (40 agents) levels and the binary tree using three

(15 agents) and five (63 agents). For each peptide and tree structure we show the average

results of 10 experiments in terms of RMSD vs experimental structures (a), free energy of the

predicted structures (b), total time of the experiments (c) and average generations executed

(d).

as the five-levels binary tree, which with 4 times more agents reached the end428

criteria in about a quarter of the time used for the three-level binary tree. These429

results apply to all the sequences, being slightly better in the shorter sequences.430

On the other hand, the number of generations reached for the structures was431

reduced proportionally to the increase in the number of agents. This outcome is432

expected, as structures with more agents perform a higher number of evaluations433

of the energy function in each generation.434

Regarding the quality of the results, Figures 6a and 6b show that the so-435

lutions predicted by all the structures remain in similar ranges, as it would be436

expected for using the same stopping criteria. It can be seen that for short and437
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medium sequences the di↵erences between all the structures is small, in partic-438

ular regarding free energy. For long sequences the solutions prove to be slightly439

better for both RMSD and free energy in the structures with a fewer number of440

agents. However, this di↵erence could be more associated with the e�ciency441

of the smaller trees in the convergence to better solutions, than the e�ciency442

of the distributed implementation. This explains why the di↵erence is reduced443

in smaller sequences, where all the trees have enough evaluations of the energy444

function to reach optimal values. Even considering the latter, the distributed445

implementation shows to be highly scalable, which allows it to reduce the execu-446

tion times almost proportionally to the number of agents used and to maintain447

to a large degree the e↵ectiveness of the algorithm.448

4.5. Local Search and Diversity Assessment449

In Section 3.7 we proposed several modifications of the local search algorithm450

to improve its e�ciency and the quality of the predicted solutions. Two di↵erent451

approaches were proposed to calculate the diversity of the solutions generated452

throughout the algorithm. We tested all these approaches to determine the453

best implementation of the DMA-3DPSP. Our goal is to verify which are the454

best local search strategies to be employed in 3D protein structure prediction455

methods based on memetic algorithms. We seek to keep the diversity of the456

population as a way to better explore the protein conformational search space.457

The comparison is made in terms of solution quality and execution time. It is458

important to mention that we are identifying the algorithm configuration that459

is able to find the best solution using a fixed number of evaluations. In order to460

deal with the problem, larger runs will be later performed and compared with461

the state of the art algorithms.462

For the testing environment we use the six target sequences marked with *463

in Table 1, a two-level ternary tree structure with 13 agents (Figure 3b) and an464

energy fitness function (Equation 1) with ↵ = 0.4 for weighting 60% of Talaris465

function and 40% of SASA function. Each experiment was executed ten times466

using an end criteria of 1⇥ 106 evaluations of the energy function.467

The first set of tests compare the original local search algorithm with the468

first three modifications proposed in Section 3.7. Unlike LS4, which redefines the469

simulating annealing used in the local search, the first three approaches apply470

specific changes in the local search algorithm that could generate improvements471

in its results. Table 3 shows the results of the tests for the original local search472

and the first three new approaches.473

From the results, all the proposed modifications shown slightly improve the474

energy convergence, especially for long target sequences (2JUC and 2P5K). The475

improvement varies between the di↵erent sequences, and none of the three im-476

plementations show to be particularly superior to the others. Regarding RMSD,477

in four of the six sequences tested (1WQC, 3V1A, 2JUC and 2P5K), all the new478

implementations reduced the average RMSD values of the original local search.479

The target sequence 3P7K was the only exception where the original local search480

shows better solutions regarding RMSD.481
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Sequence Structure
Quality of solutions Execution

RMSD (Å) Energy (Kcal/mol) Total time (s) Generations

1WQC

LS-Original 4.91 (±1.14) 1150.7 (±48.2) 956.9 (±19.0) 38.8 (±1.0)

LS1 4.75 (±1.03) 1159.0 (±48.1) 993.7 (±19.2) 75.9 (±1.5)

LS2 4.79 (±0.84) 1131.6 (±41.1) 1055.6 (±21.8) 156.6 (±2.5)

LS3 4.38 (±0.90) 1108.4 (±31.8) 975.8 (±20.6) 20.4 (±0.5)

1ACW

LS-Original 5.23 (±1.94) 1298.3 (±76.8) 871.0 (±31.7) 34.5 (±0.7)

LS1 4.81 (±1.45) 1260.7 (±57.5) 925.0 (±19.5) 68.3 (±1.3)

LS2 5.31 (±1.31) 1251.4 (±36.9) 995.3 (±20.5) 138.2 (±3.7)

LS3 4.76 (±1.46) 1297.9 (±42.9) 887.4 (±27.2) 18.0 (±0.5)

3P7K

LS-Original 2.83 (±1.16) 2173.8 (±125.7) 2001.1 (±51.9) 22.0 (±0.5)

LS1 2.88 (±1.11) 2147.3 (±170.6) 1981.9 (±23.6) 41.5 (±0.8)

LS2 3.54 (±0.98) 2096.8 (±125.9) 2063.0 (±30.8) 84.5 (±1.8)

LS3 3.18 (±1.39) 2053.7 (±75.9) 2076.5 (±61.8) 12.1 (±0.3)

3V1A

LS-Original 12.62 (±3.11) 2292.5 (±110.5) 1909.5 (±75.8) 21.3 (±0.7)

LS1 8.53 (±5.25) 2144.4 (±188.4) 1890.7 (±46.5) 39.5 (±0.8)

LS2 10.36 (±3.66) 2118.8 (±159.8) 1957.3 (±23.5) 78.3 (±1.3)

LS3 10.32 (±4.00) 2107.1 (±85.2) 2013.2 (±81.0) 11.6 (±0.5)

2JUC

LS-Original 15.05 (±2.18) 3260.8 (±169.1) 2494.8 (±89.3) 19.2 (±0.8)

LS1 13.26 (±3.40) 2805.1 (±188.2) 2419.8 (±58.2) 35.3 (±0.9)

LS2 11.30 (±2.53) 2755.9 (±233.7) 2491.6 (±75.9) 69.4 (±1.4)

LS3 12.36 (±2.00) 2671.1 (±78.7) 2629.3 (±93.3) 10.6 (±0.5)

2P5K

LS-Original 13.49 (±4.33) 3497.6 (±320.7) 2754.3 (±92.7) 16.8 (±0.6)

LS1 12.15 (±2.24) 3084.6 (±113.8) 2595.4 (±53.9) 30.1 (±0.7)

LS2 8.96 (±2.33) 3005.9 (±227.4) 2713.4 (±48.4) 60.6 (±1.3)

LS3 12.01 (±2.28) 3078.2 (±108.4) 2813.0 (±147.6) 9.3 (±0.5)

Table 3: Results of the experiments for di↵erent local search approaches in six peptide target

sequences. LS-Original uses the original local search implementation described in Section

3.5, while LS1, LS2 and LS3 apply the modifications in the local search described in Section

3.7. For each amino acid and local search implementation, we show the average results of 10

experiments in terms of quality of the solutions (RMSD and free energy) and performance of

the execution (runtime and generations performed).

Regarding the execution performance, the new implementations do not seem482

to generate great di↵erences in the runtimes. Only for short target peptide483

sequences, we can see a slight increase in the total time by the LS1 and LS2484

implementations. On the other hand, the number of generations reached by the485

algorithm changes with the modifications in the local search, where LS1 and486

especially LS2 perform a larger number of generations and LS3 considerably487

less. These results are justified by each implementation. LS1 favours better488

solutions in the neighbourhood changes, which naturally reduces the number489

of iterations of simulated annealing by having more optimal solutions. LS2490

combines the small modifications on angles phi and psi in one cycle of iterations,491

so the simulated annealing naturally consumes less time and allows to reach a492

larger number of generations. LS3 improves the search range of the angles, which493
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generates a more e�cient simulated annealing that performs more number of494

iterations per generation.

Sequence Structure
Quality of solutions Execution

RMSD (Å) Energy (Kcal/mol) Total time (s) Generations

1WQC

Div1 3.83 (±1.15) 1060.5 (±34.6) 1004.8 (±17.2) 26.6 (±0.5)

Div2-2.0 3.86 (±0.75) 1061.0 (±19.3) 1070.4 (±27.5) 23.6 (±0.7)

Div2-4.0 4.09 (±1.04) 1065.0 (±42.7) 1037.4 (±28.5) 25.1 (±0.9

1ACW

Div1 4.68 (±1.54) 1161.2 (±47.2) 934.6 (±26.0) 23.8 (±0.6)

Div2-2.0 5.04 (±0.91) 1211.5 (±43.1) 961.8 (±30.5) 20.4 (±0.5)

Div2-4.0 4.26 (±1.64) 1206.1 (±58.2) 971.0 (±28.4) 21.2 (±0.6)

3P7K

Div1 2.99 (±1.33) 2009.2 (±71.9) 2048.6 (±50.5) 19.0 (±0.5)

Div2-2.0 3.04 (±0.84) 1988.6 (±52.5) 2171.7 (±92.3) 17.8 (±0.9)

Div2-4.0 3.86 (±1.36) 2038.7 (±141.7) 2064.1 (±51.0) 18.6 (±0.5)

3V1A

Div1 9.21 (±3.66) 2080.6 (±69.4) 1916.0 (±52.7) 17.6 (±0.5)

Div2-2.0 8.18 (±4.48) 2059.2 (±113.0) 2029.5 (±36.5) 16.0 (±0.0)

Div2-4.0 8.84 (±4.26) 2035.3 (±86.1) 2063.0 (±73.4) 17.0 (±0.7)

2JUC

Div1 13.48 (±2.54) 2642.1 (±87.9) 2503.4 (±96.1) 16.0 (±0.5)

Div2-2.0 14.42 (±2.55) 2762.4 (±143.0) 2776.3 (±79.1) 14.9 (±0.3)

Div2-4.0 12.71 (±2.54) 2737.1 (±115.2) 2787.6 (±83.9) 15.1 (±0.6)

2P5K

Div1 13.29 (±3.95) 2929.8 (±151.5) 2756.5 (±87.7) 14.6 (±0.5)

Div2-2.0 12.88 (±2.96) 3039.4 (±106.3) 2967.2 (±164.6) 13.8 (±0.6)

Div2-4.0 13.74 (±1.29) 3041.9 (±134.5) 2938.6 (±174.2) 13.6 (±0.5)

Table 4: Results of the experiments for di↵erent diversity approaches in six target sequences.

Div1 and Div2 follow the diversity implementations described in Section 3.8; Div2 was tested

using a RMSD cuto↵ of 2.0Å and 4.0Å. For each amino acid and diversity implementation, we

show the average results of 10 experiments in terms of quality of the solutions (RMSD and free

energy) and performance of the execution (runtime and generations performed). For the RMSD
and GDT measurements we show in bold the best results between the two implementations

495

We also tested the two diversity approaches proposed in Section 3.8: Div1496

that compares the average di↵erence of the angles of two solutions, and Div2497

that calculates the RMSD between their structures. We tested Div2 using 2.0498

and 4.0 as RMSD cuto↵ to determine if a solution is diverse, while Div1 limit499

was calculated based on the size of the peptide (six times). Table 4 shows the500

results of the tests using the two diversity implementations. Both, the quality501

of the solutions and the execution performance reached similar ranges and do502

not show significant di↵erences between the three implementations evaluated.503

The first group of experiments shows that all of the local search approaches504

evaluated improve the predicted solutions. These three approaches are not mu-505

tually exclusive, therefore, for the last set of tests, we compare a new implemen-506

tation of the local search that combines the approaches of LS1, LS2, and LS3507

with the original local search implementation and with LS4, the last approach508

proposed in Section 3.7. LS4 defines a new local search algorithm, combining509

the change of neighborhood with the simulating annealing process, therefore510

approaches as LS1 does not work in this implementation.511
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Sequence Structure
Quality of solutions Execution

RMSD (Å) Energy (Kcal/mol) Total time (s) Generations

1WQC

LS-Original 4.33 (±1.10) 1180.2 (±59.1) 1040.3 (±26.1) 23.1 (±0.3)

LS1-2-3 3.86 (±0.75) 1061.0 (±19.3) 1070.4 (±27.5) 23.6 (±0.7)

LS4 3.55 (±0.53) 1009.6 (±26.4) 1106.5 (±25.1) 25.4 (±0.5)

1ACW

LS-Original 5.70 (±0.61) 1348.3 (±58.2) 966.7 (±27.5) 20.7 (±0.5)

LS1-2-3 5.04 (±0.91) 1211.5 (±43.1) 961.8 (±30.5) 20.4 (±0.5)

LS4 4.43 (±1.17) 1102.3 (±42.7) 1065.6 (±28.2) 22.6 (±0.5)

3P7K

LS-Original 2.70 (±1.06) 2302.3 (±166.9) 2176.5 (±79.2) 18.0 (±0.7)

LS1-2-3 3.04 (±0.84) 1988.6 (±52.5) 2171.7 (±92.3) 17.8 (±0.9)

LS4 2.96 (±1.00) 1879.9 (±36.3) 2187.8 (±59.6) 19.7 (±0.7)

3V1A

LS-Original 11.73 (±1.97) 2475.5 (±225.6) 2078.0 (±63.0) 16.4 (±0.5)

LS1-2-3 8.18 (±4.48) 2059.2 (±113.0) 2029.5 (±36.5) 16.0 (±0.0)

LS4 4.88 (±2.16) 1829.2 (±47.8) 2102.0 (±78.1) 17.7 (±0.5)

2JUC

LS-Original 13.08 (±2.23) 3621.7 (±422.0) 2851.2 (±132.2) 15.5 (±0.7)

LS1-2-3 14.42 (±2.55) 2762.4 (±143.0) 2776.3 (±79.1) 14.9 (±0.3)

LS4 9.94 (±1.82) 2214.1 (±65.8) 2655.9 (±77.5) 15.9 (±0.6)

2P5K

LS-Original 13.22 (±2.94) 3624.9 (±305.9) 2987.5 (±72.8) 13.9 (±0.3)

LS1-2-3 12.88 (±2.96) 3039.4 (±106.3) 2967.2 (±164.6) 13.8 (±0.6)

LS4 9.73 (±1.98) 2492.8 (±147.9) 2966.3 (±80.3) 14.8 (±0.4)

Table 5: Results of the experiments for di↵erent local search approaches in six peptides. LS-

Original uses the original local search implementation described in Section 3.5. LS1-2-3 apply

the modifications LS1, LS2 and LS3 described in Section 3.7 at the same time in the local

search. LS4 use the last local search implementation described in Section 3.7. For each amino

acid and local search implementation, we show the average results of 10 experiments in terms

of quality of the solutions (RMSD and free energy) and performance of the execution (runtime

and generations performed).

Table 5 shows the results of the three local search implementations tested.512

LS1-2-3 and LS4 reached energy values significantly better than the original513

local search implementation. Regarding RMSD, LS1-2-3 obtained better solutions514

than the original implementation in four of the six target peptide sequences515

(1WQC, 1ACW, 3V1A, and 2P5K), while LS4 got better solutions than the other516

two implementations in all the peptides tested, except for the sequence 3P7K517

where the original algorithm was slightly better. Again, the case for the 3P7K518

sequence can be explained by an imprecision in the energy function, since the519

energy values of LS1-2-3 and LS4 were lower than those obtained by the original520

implementation. The performance of the execution remained in similar ranges521

for all implementations; therefore there does not seem to be a drawback in using522

the newly proposed implementations.523

4.6. Best implementation of the DMA-3DPSP524

Using the above results, we measure the performance and e↵ectiveness of525

the best performing configuration: LS4 local search, and Div2 with a cuto↵ of526

2.0.527
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Table 6 shows the results of the last group of experiments. The DMA-Original528

corresponds to the original simulating annealing algorithm described in Section529

3.5 using Div1 as diversity strategy in updating pockets. DMA-Final uses the530

latest local search implementation, the LS4 strategy updated with LS2 and531

LS3 approaches in its second phase and it uses Div2 for diversity calculations.532

The di↵erent methods were tested using the two-level ternary tree topology for533

agents distribution, an energy fitness function weighting 60% of Talaris and 40%534

of SASA, and 5⇥ 106 evaluations of the energy functions as the stop criteria.535

Results in Table 6 were assessed in terms of structural quality of the solutions
by comparing the three-dimensional structures with the experimental ones using
two measurements: RMSD and the Global Distance Test total score (GDT TS [48]),
metric that gives a more accurate comparison by measuring the percentage of
atoms of the structures within the distance cuto↵ using di↵erent superpositions.
Equation 6 describes the calculation of the GDT total score. Small values of
RMSD and large values of GDT means good quality solutions.

GDTTS =
GDTP1 +GDTP2 +GDTP4 +GDTP8

4
(6)

where GDTPn) is the percentage of the residues under the cuto↵  nÅ. We536

also show the average values of free energy, total execution time and number of537

generations reached by each implementation.538

Figure 7 shows a comparison between the distribution of the results from539

both implementations regarding RMSD and GDT. We observed that the solutions540

predicted by the DMA-Final show improvements in both metrics over the original541

implementation. In 18 out of 20 peptides evaluated the DMA-Final solutions542

obtained lower average RMSD values, especially for long sequences. Also, in 19543

out of 20 target peptides, the best solutions found were predicted by the DMA-544

Final implementation. The same applies concerning the GDT TS percentages. In545

18 out of 20 peptides the average GDT TS of the DMA-Final solutions were higher546

than the ones predicted by DMA-Original, and in 17 out of 20 of these sequences547

the best solutions in terms of GDT TS were found by DMA-Final.548

4.7. Biological Significance Assessment549

Even with good RMSD and GDT scores, the solutions predicted by the imple-550

mentations must prove to have biological significance. We examine the tertiary551

structure of the best solutions found by both implementations using PyMOL [40].552

Cartoon representation of the solutions with the lowest RMSD obtained by each553

DMA-3DPSP implementation are shown in Figure 8. We observed that the ↵-554

helix secondary structures are formed and positioned correctly in almost all555

structures. The �-sheet secondary structures, on the other hand, although well556

positioned prove to be di�cult to form correctly in several of the predicted struc-557

tures (1ACW, 1DFN, 1Q2K and 2P5K are good examples). This can be explained558

because the search space of these structures tends to overlap much more with559

one of turns and coils than the ↵-helix structures, which makes it much harder560

to predict even with experimental knowledge.561
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Figure 7: Comparison of the quality of the solutions from the original and the latest imple-

mentation. For each peptide we show the distribution of the results in terms of RMSD values

and GDT percentage vs experimental structures.

We also performed quality assessment of the best solutions regarding RMSD562

using Gaia Web Tool [25]. Gaia measures the packing quality of a given protein563

structure using several metrics, between them, the number of steric clashes, the564

percentage of unsatisfied hydrogen bonds, total void volume and the scaling of565

the accessible surface area with protein length.566

Table 7 shows the results of the Gaia reports for the predicted structures567

with the lowest RMSD of both DMA implementations. It can be observed that, in568

all the peptide sequences evaluated in the tests, the DMA-Final implementation569

reduced both the number of steric clashes and the area exposed to the solvent570

of the predicted structures over the original DMA implementation. It proves that571

the solutions of the new implementation not only have better RMSD and GDT but572

also their structures are more biologically significant. There is no much impact573

in the percentage of unsatisfied hydrogen bonds, and these remain in good574

margin for both implementations, but there was an excess of void volume in575

several of the structures predicted by the DMA-Final implementation. It is also576
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(a) 1K43 (b) 1L2Y (c) 2MTW (d) 1WQC
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Figure 8: Cartoon representation of the best solution found for each peptide tested in the

final experiments. We show in green the experimental protein, in cyan the structure predicted

by the original DMA-3DPSP and in magenta the structure predicted by the final update of the

DMA-3DPSP. The C↵ atoms of the experimental and predicted structures are fitted.

noticeable that the results of both implementations show a much higher level577

of steric clashes than the target expected by Gaia. In experimental structures,578

the number of clashes rarely exceeds 1% of total contacts, so there is still room579
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to improve the results of the DMA-3DPSP.580

4.8. Comparison with State of the Art Methods581

We also test the best approach using peptides that have been tested in the582

CASP-2016 experiments [31] and compare our results with some of the “reference583

methods” in the PSP area. We chose five of the protein targets from CASP 11584

experiments [24] with sizes from 70 to 128 residues and di↵erent folding patterns.585

Since the sequences evaluated are larger and structurally more complex than our586

previous case studies, we set 1⇥ 107 evaluations of the energy functions as the587

stopping criteria of the DMA-3DPSP. We performed 10 runs of the algorithm588

using a two-levels ternary tree structure to distribute the agents and an energy589

configuration weighting 60% of Talaris function and 40% fo SASA function.590

Table 9 shows the results of the DMA-3DPSP for the five protein targets from591

CASP 11 experiments. We show the results obtained by two of the methods592

with the best performance over the last CASP experiments, Zhang-Server [46],593

which combine the ab initio strategy of QUARK [45] and the threading modeling594

of I-TASSER [47], and Robetta [23], the Rosetta PSP web server of Baker Labs.595

We see that the results of the DMA-3DPSP are still far from the top methods of596

the last CASP experiments in both RMSD and GDT values. Even the best solutions597

found in all the sequences are still not close to the Zhang-Server and Robetta598

results. The proposed strategy requires a large amount of time and resource for599

the predictions of sequences over 100 residues, therefore the 1⇥ 107 evaluations600

of the energy function proves to be insu�cient to predict the sequences selected601

in the tests. Further testing is still needed to determine the maximum scope of602

the proposed strategy.603

5. Conclusion604

In this work, we presented a Distributed Memetic Algorithm (DMA-3DPSP) to605

deal with the Tertiary Protein Structure Prediction Problem (3D-PSP problem).606

The 3D-PSP problem is one of the hardest problem to solve and it requires the607

developed of smart and e�cient techniques. In this work we evaluated di↵erent608

configurations of a Distributed Memetic Algorithm in order to measure which609

one shows a better contribution to improve the quality of solutions.610

The algorithm uses an asynchronous hierarchical population of agents that611

shares the solution’s information along with the execution of the algorithm.612

We also used a combination of well-known energy scoring function as a fitness613

value for the optimisation process. The DMA-3DPSP algorithm uses information614

extracted from the PDB to guide the search process. We evaluated three di↵erent615

hierarchical population structures and several alternatives to local search and616

population operators.617

We perform a thorough testing process in order to correctly identify the618

best performing configuration in terms of computational results and biological619

significance. All the approaches developed were tested in order to elucidate dif-620

ferent ways to improve the current protein structure prediction methods based621
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on memetic algorithms. We investigated di↵erent strategies to be considered622

in the design of prediction methods for the 3D structure of proteins, show-623

ing which mechanisms bring advantages in terms of computational time and624

biological significance. Results show that the selection of the combination of625

energies allows the generation of solutions that have a good trade-o↵ between626

similarity with the experimental protein and biological significance. The use of627

a distributed strategy improved the time of the solutions as expected, and they628

show slights improvements in terms of solution quality. In our experiments,629

communications strategies, and solution sharing in the distributed algorithm,630

did not show a significant improvement e↵ect, so this is an area that needs to631

be further explored.632

We were able to identify a configuration for the DMA-3DPSP that can find633

solutions with good computational quality, and also with good biological signif-634

icance, which is a must in bioinformatics. Further work will be focused on the635

improvement of the implementation to reach similar quality solutions on larger636

sequences, and also in the incorporation of new machine learning techniques to637

extract new information from the PDB. Also, the incorporation of di↵erent local638

search strategies that can be combined during the evolution process, in order to639

exploit better the search space.640
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Sequence Structure
RMSD (Å) GDT TS (%)

Energy (Kcal/mol) Total time (s) Generations
Best Average Best Average

1K43

DMA-Original 0.71 1.52 (±0.93) 85.71 77.32 (±8.83) 655.8 (±35.7) 2554.1 (±77.9) 286.6 (±6.0)

DMA-Final 0.76 1.28 (±0.36) 83.93 79.11 (±2.92) 576.9 (±17.3) 2835.6 (±54.3) 374.6 (±9.1)

Rosetta *0.64 *0.93 (±0.15) 85.71 *80.54 (±2.58) 116.43 (±73.2) - -

1L2Y

DMA-Original 1.14 1.75 (±0.54) 85.00 75.12 (±6.57) 846.2 (±56.6) 3486.4 (±160.2) 191.6 (±3.7)

DMA-Final 0.86 1.39 (±0.44) 87.50 78.75 (±6.51) 709.6 (±27.4) 3833.0 (±51.1) 250.9 (±2.9)

Rosetta *0.62 1.48 (±0.45) *96.25 *80.75 (±7.52) -26.04 (±5.51) - -

2MTW

DMA-Original 0.75 1.02 (±0.23) 78.75 75.38 (±1.77) 914.8 (±35.6) 3813.4 (±78.5) 190.8 (±2.9)

DMA-Final 0.67 1.19 (±0.74) 77.50 72.62 (±4.73) 786.4 (±19.1) 4138.1 (±57.5) 244.7 (±3.3)

Rosetta 3.9 4.4 (±0.36) 62.5 59.75 (±2.61) -18.28 (±2.27) - -

1WQC

DMA-Original 3.48 4.77 (±1.01) 64.42 58.17 (±5.48) 1136.2 (±28.3) 4423.5 (±81.3) 144.4 (±2.5)

DMA-Final 2.34 3.54 (±0.74) 67.31 59.62 (±4.51) 917.6 (±24.4) 4904.3 (±65.3) 188.7 (±3.7)

Rosetta *1.82 *2.19 (±0.26) *76.92 *72.31 (±2.85) -27.6 (±6.58) - -

1ACW

DMA-Original 3.17 4.67 (±1.21) 61.21 54.40 (±4.31) 1198.7 (±69.1) 4173.0 (±182.1) 125.0 (±1.4)

DMA-Final 2.47 3.87 (±1.16) 67.24 58.02 (±6.04) 993.5 (±28.9) 4696.9 (±94.3) 163.4 (±2.2)

Rosetta *1.66 *2.52 (±1.15) *77.59 *70.95 (±6.94) -26.0 (±3.62) - -

1DFN

DMA-Original 5.19 8.03 (±2.71) 54.17 46.58 (±4.66) 1417.2 (±59.5) 4527.4 (±142.2) 120.2 (±2.1)

DMA-Final 4.93 6.02 (±1.28) 58.33 49.92 (±5.31) 1126.9 (±50.7) 5168.7 (±91.1) 158.7 (±1.5)

Rosetta *3.63 *5.36 (±0.79) 49.17 44.67 (±2.67) 79.04 (±233.0) - -

1Q2K

DMA-Original 4.34 5.89 (±0.91) 60.48 55.48 (±2.96) 1232.1 (±56.0) 4836.4 (±82.0) 116.7 (±1.8)

DMA-Final 3.22 4.25 (±0.70) 65.32 60.40 (±3.87) 1033.1 (±38.8) 5418.7 (±82.9) 151.7 (±3.3)

Rosetta *0.57 *1.98 (±0.97) *94.35 *78.79 (±10.34) -30.73 (±5.8) - -

2F4K

DMA-Original 4.55 5.48 (±0.78) 63.64 52.58 (±6.27) 1323.1 (±67.3) 6272.4 (±117.8) 108.5 (±1.6)

DMA-Final 3.17 4.90 (±1.33) 69.70 52.12 (±8.87) 1085.6 (±33.7) 6800.5 (±90.6) 142.5 (±2.9)

Rosetta 5.02 5.79 (±0.43) - - -39.42 (±5.61) - -

2MR9

DMA-Original 4.79 7.70 (±1.42) 54.55 46.76 (±5.52) 1738.2 (±109.1) 8075.3 (±243.7) 80.0 (±1.7)

DMA-Final 2.21 5.80 (±1.83) 67.05 51.59 (±7.13) 1342.1 (±59.1) 8690.1 (±217.8) 104.2 (±2.2)

Rosetta *1.43 *2.27 (±0.65) *83.52 *73.13 (±6.23) -72.25 (±3.59) - -

2P81

DMA-Original 4.55 6.26 (±1.46) 64.20 52.22 (±7.15) 2110.3 (±118.1) 9196.3 (±371.9) 79.6 (±1.3)

DMA-Final 2.95 4.03 (±0.62) 64.20 55.68 (±5.10) 1562.3 (±62.8) 10243.7 (±241.3) 106.4 (±2.5)

Rosetta 5.61 6.85 (±0.78) 36.93 34.09 (±1.05) -63.86 (±5.26) - -

3P7K

DMA-Original 2.42 3.46 (±0.86) 72.78 65.67 (±3.52) 2105.9 (±137.7) 9139.0 (±132.2) 78.0 (±1.2)

DMA-Final 1.65 2.89 (±1.54) 81.11 72.28 (±9.81) 1848.2 (±21.3) 9585.2 (±230.4) 104.7 (±3.2)

Rosetta 15.04 15.94 (±0.49) 54.44 48.39 (±4.68) -65.42 (±5.58) - -

1AB1

DMA-Original 4.91 8.72 (±1.67) 52.17 43.15 (±4.61) 1770.7 (±63.6) 6841.7 (±142.9) 76.7 (±1.1)

DMA-Final 2.96 6.14 (±2.22) 64.67 52.66 (±8.66) 1349.2 (±50.4) 7805.4 (±158.9) 100.9 (±1.5)

Rosetta 3.45 *5.37 (±1.09) *67.93 *58.1 (±5.24) -44.21 (±5.23) - -

3V1A

DMA-Original 6.22 10.07 (±2.83) 50.00 46.67 (±1.88) 2129.6 (±120.7) 8635.9 (±144.3) 73.3 (±1.2)

DMA-Final 1.65 3.23 (±0.90) 78.12 61.77 (±8.47) 1604.3 (±40.9) 9500.4 (±174.6) 97.4 (±1.9)

Rosetta *0.7 *2.18 (±1.82) 55.21 52.09 (±4.35) -84.29 (±8.36) - -

2P6J

DMA-Original 4.66 8.41 (±2.30) 48.56 43.90 (±4.09) 2551.8 (±204.7) 10879.1 (±324.0) 66.7 (±1.5)

DMA-Final 3.59 5.40 (±2.02) 56.73 51.83 (±4.35) 1910.1 (±84.2) 11940.8 (±266.4) 90.2 (±2.0)

Rosetta *2.25 *3.37 (±1.06) *74.52 *62.93 (±5.57) -82.89 (±7.51) - -

1ENH

DMA-Original 3.54 9.22 (±3.14) 59.72 45.33 (±6.45) 2549.4 (±142.2) 11434.3 (±364.4) 63.6 (±1.4)

DMA-Final 2.81 5.07 (±2.57) 65.74 55.19 (±8.87) 1939.8 (±63.0) 12554.4 (±333.4) 87.4 (±2.0)

Rosetta *1.7 *2.88 (±0.94) 46.3 43.61 (±1.22) -86.32 (±7.47) - -

2JUC

DMA-Original 7.43 12.26 (±3.67) 38.18 32.91 (±3.11) 2726.6 (±223.8) 10993.5 (±262.1) 64.4 (±1.3)

DMA-Final 5.84 9.27 (±1.55) 45.45 37.86 (±4.33) 1956.0 (±89.7) 11962.2 (±309.6) 84.4 (±1.8)

Rosetta 6.1 10.23 (±1.56) 42.8 35.97 (±3.4) -47.09 (±7.63) - -

1ROP

DMA-Original 2.73 13.32 (±5.53) 68.75 49.51 (±7.62) 2447.2 (±179.1) 10423.3 (±197.5) 62.0 (±1.2)

DMA-Final 2.68 3.94 (±1.00) 70.54 60.00 (±7.43) 1904.4 (±26.8) 11369.7 (±235.0) 81.9 (±2.2)

Rosetta *1.98 4.98 (±2.6) *81.25 *65.49 (±12.42) -88.13 (±11.25) - -

2P5K

DMA-Original 6.42 8.74 (±1.92) 44.44 37.22 (±4.10) 2847.2 (±164.7) 12212.0 (±294.5) 55.1 (±0.9)

DMA-Final 4.35 8.79 (±2.68) 54.37 43.13 (±5.32) 2190.3 (±101.9) 13456.7 (±260.6) 74.6 (±1.8)

Rosetta *1.53 *2.21 (±0.92) 53.97 *51.67 (±1.74) -105.6 (±4.02) - -

1AIL

DMA-Original 12.32 16.43 (±3.64) 42.86 37.57 (±3.28) 3127.8 (±137.4) 13347.8 (±249.9) 49.8 (±0.6)

DMA-Final 8.26 9.46 (±0.94) 53.93 41.50 (±4.82) 2319.0 (±101.2) 14720.4 (±248.9) 66.3 (±1.3)

Rosetta *6.85 *9.34 (±0.97) 48.93 38.96 (±4.92) -97.26 (±6.84) - -

2PMR

DMA-Original 11.60 17.66 (±3.32) 48.03 39.34 (±5.93) 3575.7 (±171.3) 14426.0 (±318.3) 45.5 (±1.0)

DMA-Final 2.02 8.45 (±3.05) 72.37 47.11 (±10.98) 2644.2 (±82.0) 16238.0 (±463.3) 62.1 (±1.3)

Rosetta 2.46 *3.85 (±0.78) 45.39 40.2 (±3.33) -129.86 (±6.4) - -

Table 6: Results of the experiments that compare the original, the latest implementation of

the DMA-3DPSP, and Rosetta. DMA-Final combines the approach with the best results of the

previous experiments. For each one of the 20 target peptides, we show the results of the best

solution and the average of the tests for both RMSD values and GDT percentage vs experimental

structures, as well as the average results of free energy, runtime and generations performed.

The values in bold represent the best results between the first two implementations. The (*)

denotes the case studies where Rosetta outperformed all of the others.
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Sequence Structure Steric clashes
Unsatisfied hydrogen bonds

SASA Void volume

% in shell % in core

Gaia Target 0.02 9.56 1.45 221.64 0.0097

1K43
DMA-Original 0.13 11.30 0.00 208.25 0.00

DMA-Final 0.10 18.10 0.00 203.04 0.00

1L2Y
DMA-Original 0.14 17.60 0.00 190.27 0.00

DMA-Final 0.07 9.80 0.00 174.48 0.00

2MTW
DMA-Original 0.14 10.40 0.00 234.52 0.00

DMA-Final 0.08 17.90 0.00 208.65 0.00

1WQC
DMA-Original 0.14 12.60 0.00 220.85 0.00

DMA-Final 0.13 13.90 0.00 192.67 0.00

1ACW
DMA-Original 0.19 19.30 0.00 208.09 1.30

DMA-Final 0.11 19.30 0.00 194.27 0.89

1DFN
DMA-Original 0.10 15.90 0.00 255.56 0.00

DMA-Final 0.06 17.00 0.00 212.61 1.75

1Q2K
DMA-Original 0.11 14.90 0.00 220.23 0.00

DMA-Final 0.07 20.60 0.00 192.60 1.58

2F4K
DMA-Original 0.12 16.40 0.00 238.06 0.00

DMA-Final 0.08 17.50 0.00 202.65 2.48

2MR9
DMA-Original 0.14 11.80 0.00 227.07 0.00

DMA-Final 0.09 7.60 1.60 178.10 0.51

2P81
DMA-Original 0.18 13.80 0.00 271.61 0.00

DMA-Final 0.10 13.10 0.00 217.16 0.00

3P7K
DMA-Original 0.18 6.00 0.00 259.35 0.00

DMA-Final 0.10 9.80 0.00 263.35 0.00

1AB1
DMA-Original 0.20 14.80 0.00 211.79 1.37

DMA-Final 0.09 14.80 0.00 173.52 1.12

3V1A
DMA-Original 0.10 6.20 0.00 253.64 0.00

DMA-Final 0.09 8.20 0.00 208.14 0.00

2P6J
DMA-Original 0.17 13.90 0.00 261.18 0.00

DMA-Final 0.09 9.30 0.00 221.77 0.00

1ENH
DMA-Original 0.14 11.30 0.00 250.69 0.00

DMA-Final 0.08 6.80 0.00 217.13 1.26

2JUC
DMA-Original 0.16 16.10 0.00 273.61 0.00

DMA-Final 0.11 15.60 0.50 220.80 4.78

1ROP
DMA-Original 0.10 9.20 0.00 229.96 0.00

DMA-Final 0.09 5.70 0.00 223.51 0.00

2P5K
DMA-Original 0.19 9.40 0.00 254.14 0.18

DMA-Final 0.11 12.00 0.00 224.20 0.81

1AIL
DMA-Original 0.19 13.50 0.00 265.12 0.00

DMA-Final 0.08 9.10 0.00 211.24 1.09

2PMR
DMA-Original 0.16 7.30 0.00 257.61 0.33

DMA-Final 0.11 11.20 0.00 219.04 5.38

Table 7: Results of the structure quality test of Gaia Web Tool for the best solutions found

by the two DMA-3DPSP implementations tested in the final experiments. For each peptide and

DMA implementation, we show the values of steric clashes, unsatisfied hydrogen bonds, solvent

accessible surface area and void volume from the Gaia report. The values that exceed the

optimum margins in Gaia report are presented with red background.32



CASP ID PDB ID Size Folding pattern

T0769 2MQ8 112 2 ↵-helix, 4 �-sheet
T0773 2N2U 77 2 ↵-helix, 1 310 helix,

4 �-sheet
T0829 4RGI 70 2 ↵-helix, 5 �-sheet
T0837 2MQD 128 4 ↵-helix, 6 �-sheet
T0855 5TF3 119 7 ↵-helix, 1 310 helix

Table 8: List of protein sequences from CASP 11 targets used in computational tests.

Sequence
RMSD (Å) GDT TS (%)

Best Average Zhang Robetta Best Average Zhang Robetta

T0769 (2MQ8) 13.503 19.286 (±4.365) 1.739 1.963 29.69 25.91 (±2.33) 59.80 53.35

T0773 (2N2U) 8.961 12.593 (±2.161) 1.180 2.268 40.26 33.44 (±3.90) 90.67 78.73

T0829 (4RGI) 11.560 12.727 (±1.131) 6.271 6.461 29.78 24.45 (±2.83) 64.92 62.31

T0837 (2MQD) 15.014 17.958 (±3.384) 7.847 8.506 22.90 19.18 (±2.02) 44.56 39.78

T0855 (5TF3) 13.723 16.749 (±2.238) 9.271 11.902 30.66 23.93 (±2.71) 38.84 25.00

Table 9: Comparison of the last version of the DMA-3DPSP method with the CASP 11 protein

targets. For each peptide, we show the best solution found and the average of 10 runs regarding

RMSD and GDT. We also present the results of RMSD and GDT obtained by Zhang-Server and

Robetta Server in the CASP 11 experiments.
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