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Abstract. The paper describes a constraint-based solution to the protein foldibg pro
lem onface-centered cubic latticesa biologically meaningful approximation of the
general protein folding problem. The paper improves the results mesten [14] and
introduces new ideas for improving efficiendy} proper reorganization of the con-
straint structure(ii) development of novel, both general and problem-specific, heuris-
tics; (iii) exploitation of parallelism. Globally, we obtain a speed up in the order of 60
w.r.t. [14]. We show how these results can be employed to solve the dofaizblem

for large proteins containing subsequences whose conformationaslglkeown.

1 Introduction

Proteins are responsible for nearly every function regufioe life. The sequence of elements
(amino acids) identifying a protein is known as the primatip) structure. A functional
protein can be thought of as a properly folded chain of amgidsain 3-dimensional (3D)
space. The 3D structure of a protein characterizes its ifumcA folded protein interacts
three-dimensionally with other proteins (e.g., lock angl Berangements) and this interac-
tion determines the functions of the organism. In fact, @anism is essentially determined
by the three-dimensional interactions between proteidssabstrates. Thus, without know-
ing the 3D structure of the proteins coded in a genome, weatarmmpletely understand the
phenotype and functioning of living organisms. Understagdhow protein folds has pro-
found implications—e.g., towards the theoretical desigex@fct drugs, the improvement of
proteins functionality, and the precise modeling of cells.

In recent decades, most scientists have agreed that theeatswhe folding problem
lies in the concept of thenergy statef a protein. The predominant strategy in solving the
protein folding problem has been to determine a state ofithie@acid sequence in the 3D
space with minimum energy. According to this theory, the &Dformation that yields the
lowest energy state represents the protein’s natural stzab&. thenative conformatiop
The energy of a conformation can be modeled usingrgy functionsthat determine the
energy level based on the interactions between any pairsisfoaacids [7]. Thus, we can
reduce the protein folding problem to an optimization peoi) where the energy function
has to be minimized under a collection of constraints (elgrived from known chemical
and physical properties) [12].

We employConstraint Logic Programming (CLP)n particular, constraint logic pro-
gramming ovetfinite domains(CLP(FD)), to model and solve a tractable representation
of the protein folding problem—i.e., protein folding in thertext of face-centered cubic
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lattices [28]. The choice of CLP is natural for a variety ofsens (see, e.g., [2]). CLP is
a paradigm that is highly suitable to address optimizatiablems; it provides declarative
and high-level modeling, combined with effective builtdearch and resolution strategies.
Furthermore, the high-level modeling offered by CLP allawgo easilyadd new constraints
and to plug-and-play different search strategies and s&esi
A preliminary approach to the use of CLPD) for the protein folding problem has been
presented in [14]. In this paper, we elaborate such proposalnsider the issue efficiency
andscalability. The ultimate objective of this paper is to demonstrate that
o the modeling and optimization capabilities of CIZPR) are highly suitable to tackle the
protein folding problem;
¢ the high-level modeling capabilities allow us to easily adanodify constraints as they
become available, and to explore the use of different hiéesiand search strategies;
o efficiency and scalability can be achieved for realistidybems.
The first step in this process lies in a remodeling of the cairgtproblem, aim at making
the modelization more suitable to the capabilities of aurf@LP(FD) solvers. We also in-
troduce new high-level heuristics for guiding the explmnatof the search space, leading
to a more effective pruning and enhanced scalability. Itigaar, we introduce a heuristic
calledBounded Block FailsWhere the built-in strategies are insufficient to achieveept:
able levels of performance, we introduce the uspafillelism easily exploitable from the
high-level search structure generated by the CLP executisimg a novel structure, heuris-
tics, and a 14 processors parallel machine, we obtain a ageédthe order of 60 w.r.t. the
performance of the code presented in [14]—running on a sipgleessor of the same paral-
lel machine. The investigation proposed here pushes thieibaiapabilities of CLP solvers
to, what we believe, are the limits for the problem at hanca: pioposed results indicate also
that better performance could be accomplishédt only at the price of building some of
the proposed heuristics at a lower level—i.e., as an ad-hestint solver, and bypassing
the built-in strategies of CLE{D). Finally, we demonstrate what, we believe, is one of the
greatest application areas for our technology: foldingdgsroteins containing subsequences
whose native conformation is already known (e.g., by hogpole-e.g., macro blocks linked
by a neutral coil. This type of situation is very common; im flamework, the known struc-
tures can be directly added as constraints (wiihmodificationgo the rest of the constraint
model), allowing us to tackle large problems with excelleatformance.

1.1 Related Works

The bibliography on the protein folding problem is exterdi8, 25]; the problem has been
recognized as a fundamental challenge [22], and it has bddnessed with a variety of ap-
proaches (e.g., comparative modeling through homolodgyréognition through threading,
ab initio fold prediction).

An abstraction of the problem, that has been recently ifg&®d, is the protein folding
problem in theHP model, where amino acids are separated into two clagsdsydrophobic,
and P, hydrophilic). The goal is to search for a conformation proed by arHP sequence,
such that most HH pairs are neighboring in a predefined ¢éaffibe problem has been stud-
ied on 2D square lattices [13, 21], 2D triangular lattices BD square models [19], and
face-centered cubic latticefc€) [23]. Backofen and Will have extensively studied this last
problem [3-5]. The approach is suited for globular protesisce the main force driving
the folding process is the electrical potential generated/ls andPs, and thecc lattices
are one of the best and simplest approximation of the 3D s(Beet. 2.2). Compared to
the work of Backofen and Will, our approach refines the eneagyribution model, extend-
ing the interactions between classésand P to interactions between each pair of amino



acids [7]. Moreover, we introduce the possibility to modetendary structure elements, that
cannot be reproduced correctly using only a simple energiefras the one adopted by other
researchers.

The use of constraint programming technology in the cortdgttte protein folding prob-
lem has been fairly limited. Backofen and Will have made ukeomstraints over finite
domains in the context of thidP problem [5]. Clark et al. employed Prolog to implement
heuristics in pruning a exhaustive search for predictifigelix and3-sheet topology from
secondary structure and topological folding rules [11}stBbuted search and continuous
optimization have been used in ab initio structure pregigtbased on selection of discrete
torsion angles for combinatorial search of the space ofiplesgrotein foldings [18].

2 Problem modeling

2.1 TheProtein Folding Problem

ThePrimary structure of a protein is a sequence of linked urarsifio acidsor residue$ of

a given length. The amino acids can be identified by an alghdloé 20 different symbols,
associated to specific chemical-physical properties. Agimdas a high degree of freedom,
and its 3D conformation is namé&ertiary structure.

From theenergypoint of view, the molecule tends to reach a conformatiom\&itnini-
mal value of free energyNativeconformation). Native conformations are largely builtrfro
Secondary Structure elemerft®., helices and sheets) often arranged in well-defined mo
tifs. a-helices are constituted by residues arranged in a regghartanded helix with 3.6
residues per turn3-sheets are constituted by extended strands. Each stramatdes of con-
tiguous residues, but strands participating in the samet sine not necessarily contiguous in
sequence. Algorithms, e.g., based on neural networksh#vatbeen developed, are capable
to predict the secondary structure with high accuracy (78f6 [

Another important structural feature of proteins is theatality of cysteine residues of
covalently bind through their sulphur atoms, thus formiimgutfide bridges, which impose
important constraints on the structure (also knowsssnds). This kind of information is
often available, either through experiments or predigion

Several models have been proposed for reasoning about theoPerties of proteins—
i.e., dealing with thélertiary Structure Given a primary sequencg= sy - - - s,, With s; €
A, let us represent withy(7) the positionof a point representing the amino acidin space;
w(t) is a vector(z;,y;, z;) € D, for a given space domaiR. The values;, y;, andz; can
be real numbers—in models in which proteins are free of takimgpositions in space—or
integer numbers—in models where amino acids can assume €initeanumber of positions
within a suitable lattice structure. We c@llthe set of admissible points.

Given two pointsuvy, ws € D, we indicate withhext(wy, w2) the fact that the two points
are admissible positions for two amino acids that are cantig in the primary sequence.
We assumed that consecutive amino acids are separated legl alistance.

We also employ the binary predicatentact, which is used to describe the fact that two
amino acids are sufficiently close to be able to interact thad they contribute to the energy
function: two non-consecutive amino acisisands; in the positionsv (i) andw(j) are in
contact (denoted byontact(w(i),w(j))) when their distance is less than a given threshold.

Given a primary sequencg = s;---s,, with s; € A, afolding of S is a function
w:{1,...,n} — D such that:

1. next(w(i),w(i+1))fori=1,...,n—1,and
2. w(i) # w(j) for i # j (namelyw introduces no loops).

A simplified evaluation of the energy of a folding can be ofai by observing the

contactspresent in the folding. In particular, every time a contagtiween a pair of amino



acids is detected, a specific energy contribution is appbecrds the global energy. These
contributions can be obtained from tables developed udiaisscal methods applied to
structures obtained from X-Rays and Nuclear Magnetic Rasomexperiments [20, 7]; these
tables associates an energy measure to each pair of noaecine amino acids when they
are in contact. We denote wittot(s;, s;) the energy contribution associated to the amino
acidss; ands; (the order does not matter).

The protein structure prediction problerwan be modeled as the problem of finding the
folding w of S such that the following energy cost function is minimized:

Ew8) = Y > contact(w(i),w(j)) - Pot(si,s;).

1<i<n i4+2<j<n

With a slight abuse of notation predicatentact is here used as a Boolean function. This
definition is sufficiently general to cover the case of sevaratial modeldD, such as thécc
lattice and the cubic lattice [12].

2.2 LatticeModes

Lattice models have long been used for protein structurdigiien (see [26] for a survey).
In [23] it is shown that thé&ace-Centered Cubic Lattiqécc) model is a well-suited, realistic
model for 3D conformations of proteins. The model is basectapes of size2, where
the central point of each face is also admitted. The dorfiagonsists of the set of triples
(z,y,2), wherez,y, z € N such thatr + y + z is even (see Fig. 1). Points at Euclidean
distancey/2 are linked; their distance is calléalttice unit Observe that, for linked points
andj, it holds thafx; — x| + |y; — y;j| + |z — 2| = 2.

Each point is adjacent to 12 neighboring points. Thus, wenddfie predicataext as
follows: next(w(i), w(i + 1)) holds iff
o |z; —zip1] € {0, 1}, |y — yia| € {0,1}, 2 — zi41| € {0, 1},

o |z — zita| + [Yi — yira| + [z — ziga| = 2.

In fcc lattices, the angle between three adjacent residues maynas&alues0°, 90°,
120°, and180°. Volumetric constraints and energetic re-
straints in proteins make valug®)° and 180° infeasi-
ble. Therefore, in our model, we retain only th&® and
120° angles [28, 17]. No similar restriction exists on tgr- .
sional angles among four adjacent residues. In detail, let &
Vi-1,4 = w(z) — w(z — ].) and'vi;iﬂ = w(z + ].) — w(z) :
To impose that the angle between them can only [$9of _
and 120°, we use the scalar product between these two
VeCtorS:’UZ'_l’i C V41 = |vi—1,iHUi,i+1‘ COS(Q). Thus,
since|v;_1,;| = |v;i+1] = V2 we only need to impose
that:'l)i,Li *Vii+1 € {1,0}

A contactbetween two non-adjacent residuesféo oc-
curs when their separation is two lattice units—i.e., vigw-
ing the lattice as a graph whose edges connect adjacent
points in the lattice, the positions of the residues are cgi§-1: A cube of thefcc lattice.
nected by a path of length Thick lines link connected points.

Physically, two amino acids in contact cannot be at the déstaf a single lattice unit,
because their volumes would overlap. Consequently, wesagte constraint that two non-
consecutive residues ands; must be separated by more than one lattice unit, by adding the
constraint (calledon_ next): (z; —x;)*+ (y; —y;)*+ (2: — z;)® > 2. With these additional
constraints, we can defineontact(w (i), w(y)) iff |z; — ;| + lys — y;| + |2z — 2] = 2.




3 A CLP(FD) Implementation

The formalization of the protein structure prediction gesb in fcc has been instantiated in
a declarative program in CLP over finite domains—and it fofiahe basic structure outlined
in[15, 14]. In this section, we describe the main predicateployed in such implementation.
We wrote the system in CLFHD) of SICStus PROLOG 3.12.0 [9] and the libraty of
ECLiPSe 5.8 [10]. Complete code and other related matemiabe found invwww. di mi .
uni ud. it/ dovi er/ PF.

The program has the classidabnstrain & Generatg?2] structure. Theconstrai n
predicate deterministically adds the constraints for #méables involved, whilé abel i ng
searches for the solution in the search space (throughaloginal backtracking). The inputs
arePrimary (a list of amino acids)Secondary (a list of known secondary structure
components), ant¥at ri x (the matrix of energy contributions, see later in the Sejtio
Terti ary is the output list of positions (a flat list of triples of in&g) of the conformation
andEnergy is the output value of energy associated to such conformafie do not discuss
here the more technical parameters. The prediwatest r ai n is defined here:

constrain(Primary, Secondary, Energy, Tertiary, Matrix,
Conpact, OrdTertiary):-
length(Primary, N),
generate_tertiary(N, Tertiary), domain_bounds(Tertiary,N),
avoi d_sel f _| oops(Tertiary, N, next_constraints(Tertiary),
di stance_constraints(Tertiary), angles(Tertiary),
conpact _constraints(Tertiary, N, Compact),
secondary_i nfo(Secondary, Tertiary),
avoi d_symetri es(Secondary, Tertiary, SSP),
define_vari abl es_order (Secondary, Tertiary, SSP, OdTertiary),
energy_constraints(Primary, Tertiary, Secondary, Energy, Matrix).

Given the input list of amino acid&rimary = [s1,...,sn], generate_tertiary cre-
ates the listTertiary = [X1,Y1,721,..., XN, YN, Zn] of 3N variables. The predicate
donmi n_bounds specifies the domains for th€;, Y;, Z; variables (the range. . . 2 x N),
and adds the constraints forcing; + Y; + Z; to be evenavoi d_sel f .| oops forces
all triples to be distinctnext const r ai nt s imposes that the pointsX;,Y;, Z;] and
[Xi+1,Yit1, Zi+1] are adjacent in the latticdi st ance_const r ai nt s forces two non-
consecutive points to be at a lattice distance greater thandl es defines the admissible
angles formed by three consecutive amino acids. The pitedicarpact _constraints
introduces a user-defined maximal distance between amids éxalledcompact factoy.
secondar y_i nf o encodes the Secondary Structure information as constraitihe pro-
gram. The secondary structugeicondar y) information is retrieved from the Protein Data
Bank [6]; it is easy to modify the code to obtain such inforimatfrom secondary structure
prediction programs (e.g., [24Bvoi d_symet r i es removes equivalent admissible con-
formations modulo symmetries and/or rotatiodsf i ne_var i abl es_or der makes use
of the distribution of secondary structure elements to gwrtvariables inferti ary for
labeling purposes (see Section 4.1).

As described above, two amino acigls s; are in contact if a path of length lattice
units links them. The contact information is maintained syenmetric matrix\/, such that
M(i, j] is the energy contribution provided BBy ands;. The following code constrains the
contact contribution to the matrix element:

table(si,sj,Pot), Mi,j] in {0, Pot},
2 #= abs(Xi-X ) + abs(Yi-Yj) + abs(Zi-Zj) #<=> Mi,j] #= Pot.



wheret abl e reports the valu®ot(s;, s;) as computed in [7]. Values dfot have been
scaled w.r.t. [7] to have only integer values. The globakgyés the sum of the elements in
M. The optimal folding is reached when the global energy isiméh During thelabeling
phase, the information stored i is used to control the minimization process and to prune
the search tree.

Various heuristics have been developed, aimed at simpiifyhe computation of the
contact matrix\/ and at the search pruning based on the dynamic analy3is. of

To reduce the search space, it is possible to ignore the ctasuatributions for all pairs
si,s; such thatj < i + min_aa_dist, wheremin_aa_dist is a parameter. In those cases, the
constraint is not applied and/[i, j] = 0. When we increase the valugin_aa_dist, we
generate a simpler global constraint and, at the same timesonsider only contributions
from distant amino acids (considered, from the biologiaaispective, more relevant). For
more details about other heuristics we refer to [14, 15].

4 Thenew implementation

4.1 Constraints Redesign
In this section we present the improvements w.r.t. the cndé4], briefly described in the
previous section, to seek better performance and scayatoiliarger proteins.

In our previous experiments, we observed that one of theesaashind the lack of scala-
bility of the constraint system of Sect. 3 to large proteshe limited propagation achieved
in presence of non-linear constraints (e.g., constragltted to torsion angles, as they re-
quire vector scalar products). The first stage of redesigfién removing as many non-linear
constraints as possible and enhancing the propagaticastiateu
Angle-free Encoding The constraint structure proposed in [14] to solve the mnoblim-
posed an alternative local coordinate system, used forgberihtion of the tertiary structure;
this coordinate system is composed of a sequence of thenassigles forming the protein.
The secondary structure elements, due to their regulareshegre simply described by a
regular sequence of angles. We noticed that, the resultingtaints caused a bottleneck
during the search because of poor propagation.

In the current version, we opted to remove the torsion anggssription of secondary
structure elements and restrict our description of théigrstructure only to Cartesian coor-
dinates. We simplify and remodel the description of secondtucture elements by means
of global coordinate constraints.

Variable Selection Strategy In the original constraint scheme in [14], the variable stda

is dynamic. The strategy employed selects, for labelingardable which is adjacent to a
ground subsequence of the primary sequence. Basicallgméetigod tries to grow the ground
part of protein until an acceptable solution is found.

The solution we propose here relies on precomputing ther afd@beling of the vari-
ables, to avoid the run-time costs of the previous strategihe constrain phase, we select
the longest secondary structure, and we assign to it groalueés. The protein is then parti-
tioned in five consecutive partkeft Tai—containing no secondary structure elemehédt
Body, Longest Secondary Structure Elemeiground;Right Body Right Tail—containing
no secondary structure elements.

The exploration order used during labeling is the followi@igLeft Body first (in reverse
order),(ii) Right Body,(iii) Left Tail (in reverse order), anRight Tail The tails are free to
assume every conformation—they do not contain any supesgatppattern. Since the main
energy contribution is given by the protein body, the taitsiastantiated at the end.
Contact revisited We introduce a modification in the computation of the enexgycfion
w.r.t. Sect. 3: for our computations we increased the pat@mmen_aa_dist to 3 from 2



(as in [14]). We noted that three consecutive amino agick; 1, s;1+2 can form different
angles 90° or 120°), that cause different energy contributions due to theckttructure
and our energy model. To overpass this asymmetry in locdlocorations we decided to
skip those energy contributions. The intuition of our cleois that the “important” energy
contributions that characterize a folding are those pedidy pairs of amino acids that are
“far apart” in the primary sequence. Indeed, we observetl tthe contributions deriving
from local subsequences tend to mask the global energyagi@iuand thus bias our search
heuristic.

Experimental ResultsWe compared the new ideas implementation to the previojsThé
experiments highlight a marked improvement in performanoéy in one case we observed
a slow-down, while in many cases we achieved frérto over 50 fold speedup. On the
other hand, although the results are good for relativelylispnateins, the new method are
not sufficient to produce significant speedups on biggereprst In the next section, we
introduce a new search heuristic that, combined with thasdetroduced here, is capable to
efficiently explore the search tree generated by largeeprst

4.2 Bounded Block Fails heuristic

In this section, we present a novel heuristic to guide théogapon of the search tree, called
Bounded Block Fails (BBF)This technique is general and can be applied to every search
with a fixed ordering of variables—though it is particularffeetive when applied to the
protein folding problem at hand.

[92)

P,

The heuristic involves the conceptlibck Let us assume théf is a list[V4, ..., V,,] of
variables and constants. A blogk is a sublist ofl” of sizek composed of unbound vari-
ables. The concatenation of all the blodksB; . . . By Vi £ vsTve v Il Vs
gives the ordered list of unbound variables present in . . .-. .

V, where? < [7]. The blocks are selected dynanyi

cally, and they could exclude some of the original vari j Bl —»

ables, that have already been instantiated due to

straint propagation. The number of blocks, thus, co

be less tharj 2] and it could be not constant duringvs o

the whole search. In Figure 2 we depict a simple XN\ /XN /X

ample fork = 3: we consider a list of 9 variables. T

dark boxes represent ground assignments. Fig.2: The BBF heuristics

The heuristics consists of splitting the search amond thlecks. Internally, each block
B; is individually labeled according to the desired labelitgt®gy—in our case, the same
heuristic employed in [14]. When a blodk; has been completely labeled, the search moves
to the successive block; , 1, if any. If the labeling of the bloclkB; . ; fails, the search back-
tracks to the blockB;. Here there are two options: if the number of times tBat; com-
pletely failed is below a certain threshald then the process continues, by generating one
more solution toB; and re-entering3; ;. Otherwise, if too many failures have occurred,
then the Bounded Block Fail heuristic generates a failurefpas well and backtracks to
a previous block. Observe that the count of the number dfiriedl includes both the regu-
lar search failures as well as those caused by the Boundexk Bhailure strategy. The list
t1,...,t; of thresholds determines the behavior of the heuristichénRigure, we assume
t; = 3; the figure shows that, after the third failure 8§, the search o, fails as well.

The BBF heuristic is effective whenever the suboptimal Sohs are spread sparsely in
the search tree and/or for each admissible solution, theremany others with small differ-
ences in variables assignments and energy. In these casesmafford to skip solutions
when generating block failure, because some others arg goibe discovered following



other choices in some earlier blocks. For our problem, i#&sonable to keep high threshold
values for the first blocks, while exploring only a small tian of the search space present
in the last blocks. Usually, many equivalent solutions carfdund, just by changing the
assignments in the last blocks, while the core of the probikesrin the first blocks.

In general, this technique can be effectively applied eteng the variables are asso-
ciated to some spatial properties and the correspondingigaiyobject are related to each
others, like in the case of a chain of amino acids. When asgigoositions following the
order of the amino acids on the chain, a failure in the curbeahch, means that the partial
conformation does not allow to proceed without a collisibime BBF heuristic suggests to try
to revise some earlier choices instead of exploring the &vbphce of possibilities depend-
ing on the block that collects failures. The high density #relgreat number of admissible
solutions allow us to exclude some solutions, dependindhentreshold values, and to still
be able to find almost optimal solutions in shorter time.

4.3 Experimental Results

We run some specific tests to measure the benefits of BBF lieu@ average the times
are reduced by 2 times, while féarger proteins the benefits are more evident. Moreover
the minima found are comparable to the ones obtained withativating the heuristic. Note
that the current implementation of the BBF heuristic is parfed in SICStus Prolog at a
very high-level; e.g., when failing, mariyai | predicates are invoked, with a relatively high
cost in the handling of the search tree. This makes the imgiation rather inefficient. In
spite of this, the BBF heuristics is designed to handle impuith large sizes. For smaller
proteins, the number of blocks tends to be small, and thestmsraccomplishes few block
backtracks. In our experiments, we made use of blocks of3sfzerresponding to the three
coordinates of a single amino acid); attempts to reducevtilige (i.e., increase the number
of blocks) actually produced degradation of performance, t the excessively small size
of the blocks (that defeats the original idea of BBF). To Hatarger proteins, it is possible
to use larger blocks (e.g.= 9), that include more nodes within the corresponding subtree
In Table 1, we report a comparison between the results aataimthe original constraint
structure [14] and the corresponding ones obtained usimgdas reported in Section 4.1
and the BBF heuristic. In the colum@F we indicate whether a specific compact factor
was used (see Section 2)—when blank, we used a (high) detzsluk ysee [14] for more
details). In theAA column, we indicate the number of amino acids in the protehile in the
Core Zonecolumn we identify the subsequence of the protein withoattils—since the
tails are less stable and less relevant for a quality te& RMSDcolumn reports the RMSD
values (between brackets we indicate the RMSD for the ConeYaf the computed solution
w.r.t. the native structure deposited in the PDB (c.f. $#ct.3). At the bottom of the table
(marked with (**)), we report two larger proteins, in orderdemonstrate the power of the
BBF heuristic, using larger size of the BBF blocks= 9). The thresholds are settp= 4
andtr, /i) = 2. The foldings of these proteins were beyond the capalsilidfethe original
constraint structure, while the computation time is exebnow using BBF; furthermore,
the RMSD errors are also sufficiently low, thus making thisliftg a reasonable input to a
molecular dynamics refinement step.
RM SD: Discussion Theroot-mean-square deviation (RMSBXhe common measure of the
structural diversityof two proteins and it measures the average distance betiveeioms
of two optimally aligned sets of amino acids. In our case, ftlieatom reference model
with real coordinates is taken from the sequences in theelPr@tata Bank [6]. In order to
compare this model to our prediction, we extract the backbafirthe original protein and
obtain a chain of--carbons (the atoms that are considered by our model).



Results from [14] New results with BBF | Core
Protein CF AA Time Energy RMSD  Time Energy RMSDZone|Speedup
1LEO 12 1.3s -9040 2.8(2.6) 0.80s -6251 3.9 (3.2p-11 1.6
1KVG 12 7.3s-14409 2.7 (2.4) 4.12s-12661 4.1 (4.1p-15 1.8
1LE3 16 2.35-13653 3.0(2.7) 1.53s-11289 4.6(3.48-11 15
1EDP 17 20.4s-19389 4.3(1.1) 0.53s-24492 4.0(1.1p-15 38.4
1PG1 18 14.6s-10126 6.0(5.2) 0.83s-27016 4.2 (3.2%-17 17.6
1EON 27 7m54s -12029 5.2(5.1) 3m -22308 6.4 (4.5)3-24 2.6
1ZDD 34 17m 25s -22350 4.0 (4.0) Im 51s -18455 5.3 (5.25-34 9.4
v 36| 7h42m -26408 10.2 (7.8) 3h 40m -25914 6.0 (5.6%-32 21
ivil 0.3 36 3h58m -28710 8.0 (7.422m41s -19181 8.2 (8.1%-32 10.5
1EOM 37 (¥) 24h -30163 8.9 (4.4) 4h 35m -26745 9.2 (6.3B-29| >5.2
2GP8 40 10h 39m -29196 4.9 (3.5) 1m 33s -15187 6.6 (3.6p-38| 412.3
1EDO 46 9h 38m -38218 8.0(7.2) 1h 43m -31565 6.9 (6.28-40 5.6
1ENH 54 (*) 24h -23373 9.9(8.6) 55m 6s -28559 11.1 (9.58-52| > 26.1
6PTI 0.25 58 (*)48h -42096 9.7 (9.4) (*) 48h -52258 8.0 (7.9)3-55 1
2IGD 0.17 60 4h59m -40588 12.6 (11.5) 2h 35m -45462 10.6 (10.5§-59 1.9
2ERA 0.19 61(*) 1000s -38138 11.6 (10.) 1000s -45006 11.9 (11.FB-55 1
1SN1 0.25 63 (*)10h -47121 8.6 (8.1) (*) 10h -47650 9.1 (9.2)2-51 1
1YPA 0.17 63 (*)10h -60244 12.9(9.8) (*) 10h -45617 11.5 (10.5)2-52 1
1FVS 0.15 72 (**) 11m 49s -58587 13.1 (13/4B-70 -
1B4R 0.16 80 ** 25m 47s -78140 13.1 (13/12-79 -

Table 1. Computational results and comparisons.

The RMSD measure contains some intrinsic and unavoidalots, phat derive from the
discretization of the backbone on tfee lattice. To quantify how this problem reflects on the
RMSD measure, we run some test of mapping on the lattice:tbarbons of the backbone
of some proteins in [6]. The placement fulfills our standamdrfalization of chain neighbors
and allowed angles in the lattice. The RMSD errors due to tkeretization range from
3.68and 6.68. These values are relatively high, even if fice lattice is considered one of
the best known discrete approximations. These considesstress the fact that our results
are affected by this kind of systematic errors, which areight in the use of thiec lattice
and independent from the quality of our solution strategissshown in [14], it is possible
to eliminate these errors by running some steps of moledylaamics.

5 Comparison with other heuristics

In this section, we explore the impact of the different smdven the performance of our
protein folding problem solution. In particular, we testéeé library CLPFD) of SICStus
Prolog 3.12.0 [9] and the libraries andbranchand.boundof ECLiPse 5.8 [10]. The tests
have been performed using the optimized constraint sysesurithed in the previous sec-
tions. The aim is to compare the features of the two constsaivers and, at the same time,
understand which search strategy fits better to the problem.

As first test, we compared the efficiency of the built-in biaand-bound solver. We
coded the same program in SICStus and ECLiPSe—in the firstusisg them ni m ze
option offered by the built-ih abel i ng predicate, that starts a branch and bound search;
for ECLiIPSe we invoked aonpl et e search ofc as parameter of theb_nmi n predicate in
the branch.and boundlibrary. On average and uniformly, the SICStus solver pen12.3
times faster than the ECLiPSe solver.

On the other hand, ECLiPSe offers a number of additionalt-uiearch heuristics,
that can be selected when solving a minimization problemtésted the following built-in



strategies: th&imited Discrepancy Search (LDSheBounded Backtracking Search (BBS)
and theDepth Bounded Search (DBSJjogether with LDS.

In the Tables in Figure 3 we report the results obtained fremchmarks for different
ECLIiPSe heuristics. In these experiments werthtluse the BBF strategy. Left Table com-
pares SICStus to the LDS and the BBS strategies. Right Tablesés on the DBS strategy.
Even if the SICStus solver is faster than ECLiPSe, it doesfiet a comparable selection of
built-in search strategies. Our pruning heuristic is impdated at a very high level, and thus
not as efficient as possible. Nevertheless, it performebietterms of time and best solution
found. None of the tested ECLIiPSe strategies is able to pmthsteor better results than
our heuristic in SICStus.

1PG1 (54 Varg)LEON (81 Vars)
Heuristic |Time Energj/Time Energy
SICStus | 0.73 —2701@ 78.0 -25493 1EON‘ Y=0 )L Y=1 J( Y=2
Lds(0) 022 -20767 No No Time EnergyTime EnergyTime Energy

Lds(1) 1.79 -2141P1.17 -13715 X=1 | No No| 21.5 -1371%5 166 -15382
Lds(2) 8.8 -27082 93.0 -14958 X=2 | No No| 30.3 -12688 219 -15382
Bbs(10) 0.3 -20676 1.3 -12017 X=3 | No No| 45.9 -14052 326 -18046

Bbs(100) | 2.17 -222583 5.6 -12017
Bbs(1000) 40.8 -27853 75.0 -17221

Fig. 3. ECLiPSe times (in seconds)

One of the problems we observed is that the ECLiIPSe hewidtimot properly fit the
problem. Conceptually, we would like to explore the spaaesitering that:

e small changes in the protein folding are not relevant to tlbéa energy—which is the
opposite of what the LDS strategy does;

e once a solution is found, it is likely that another intenegtsolution lies in a complete
different part of the search tree—which is in contrast to tBSBtrategy, that performs a
fixed number of backtracks, and keeps the search in the pityafthe solution found;

e the complete exploration of the first levels of the tree (aseda DBS) is time consuming,
and a more selective heuristic should be employed.

Nevertheless, the experiments performed with ECLiPSdiligtthat some of the search
strategies (e.g., the BBS strategy) can produce soluti@ste suboptimal in terms of global
energy, but in a significantly shorter period of time. Thesesiderations suggest also that a
more efficient search could be performed on a specific satvahich we handle the search
tree at low level and implement some new ad-hoc heuristics.

6 A Parallel Solution

In this section we provide an overview of a parallel schemelesigned to solve the protein
folding problem. The overall parallelization scheme hasbgesigned as a customization of
general or-parallelism techniques [16] to the structurthefproblem at hand. The parallel
scheme builds on the constraint structure described inrdgqus sections. The search for
solutions is divided among a number of processors, and trelsdree is fragmented into
subtrees (callethskg and distributed for parallel exploration.

There are two main issues related to the task assignmenfir$tis that the tasks should
be uniformly distributed among processors during the execution; thessser if the number
of tasks is large. The second issue relates to constraipagetion and pruning of the search
tree through problem-dependent heuristics, that are nffeetige when applied to large



search trees—i.e., fewer tasks. Hence, the task schedutmtggy should strike a proper
balance between these two conflicting requirements.

6.1 Overview of the System

The system is composed of three componenisader, aschedulerand a set otlients Fig-
ure 4 shows the components and the main interactions. THeddga C program, in charge
of creating the communication channels
(realized using shared memory segments)
between the scheduler and the clients.|In
addition, the loader is in charge of launch- <= size

Client

i H <= Task_requeg
ing both the scheduler and the clients,
~ Scheduler ;lr”e“e Constraints|

<= Sub_task
parallel processes. The system we dey /
ing mechanism. The scheduler is also g \
program, that handles the dynamic disr- Client

=> Request_sI2]
=> Assign_task
=> Rescheduling
=> Termination,

Client

oped makes use of a centralized sched

bution of tasks to the clients, and imple-
ments strategies for load balancing. Each

client is a CLP program, that explores the Fig.4: The parallel system
subtree (i.e., task) assigned to the client by the schedtdeen the task is exhausted, the
client will notify the scheduler that it is ready to receive &lditional task.

6.2 Scheduling and Communication

The centralized scheduler implementdigect schedulingstrategy. It relies on a static par-
titioning of the search tree, performed according to uséindd parameters. During direct
scheduling, tasks are assigned to clients upon request.

The scheduler determines the initial pool of tasks to begassi {ask queuén Fig. 4)—
according to a static expansion of a user-specified numblevels (.evels) of the search
tree. Since the scheduler is a C program, it does not havesstcdhe collection of con-
straints; thus, the initial pool of tasks is generated byclients, and retrieved by the sched-
uler during the initialization phase. Here, the first clié&nin charge of precomputing the
expansion of.evels levels of the search tree and of returning the result of tipauegion to
the scheduler. The task queue is initialized with a set ofreel of the search tree, all with
roots at the same depth in the trée¢el). Each task is described by the list of nodes in the
branch that connects the root of the search tree to the rabedésk subtree. The scheduler
assigns a task to a client whenever the client sendask _r equest message. The task
is assigned to the client by communicating the list of nodescdbing it. The message that
brings the task to the client is callédsi gn_t ask.

Due to the irregular structure of the search subtrees—beazithe pruning performed
by the constraint propagation process and by the heurisitds necessary to provide load
balancing mechanisms. These mechanisms are employed deoheduler has an empty
task queue, and there is a mix of active and idle clients irsyls¢em. The purpose of load
balancing is to dynamically generate new, smaller task$utilier partitioning some of the
tasks that are still active. Such smaller tasks can thendssigned to the idle clients. The
load balancing is implemented byeschedulingrrocedure, activated by the scheduler every
time there is at least one idle client and the task queue igyermpthis case, the scheduler
selects, with &Reschedul i ng message, the client that has the estimated highest load of
work. Due to lack of space, we do not provide technical detail this procedure.



The scheduler takes also care of detecting global ternsimatiermination occurs when
the task queue is empty and task requests have been subfrottedll clients. In such a
situation, the scheduler return§ar m nat i on message to each client.

6.3 Structureof the Client

Each client is a CLP program that implements the process lgfingpthe constraints on
a given subset of the search space—i.e., a subset of the dowfathe variables in the
problem. When launched, a client imports protein data, defiragable domains and applies
constraints. After the initial loading, the first client comanicates back to the scheduler
the list of partial assignment3ésks) obtained from the expansion of the search tree for
Levels variables. After that, each client starts a loop thiaidelivers aTask_r equest to
the scheduler(ii) waits for the assignment of a tasks(si gn_t ask) and(éi:) executes the
task. The processing of a task is based on the CLP schemeabdesearlier. During each
task execution, the client checks for eventual request®Résrchedul i ng—realized by
breaking down the labeling process into labeling of smditts. If the request is received,
the client stops the execution and communicates all theaskibtleft to the scheduler. The
client stops its execution when it receives the specialiteation signal.

6.4 Implementation Details

The parallel system has been implemented using a comhinaitid programming and Con-
straint Logic Programming (specifically SICStus Prolog2301[27]). The activation of the
processes implementing the scheduler and the clients @mrgiished by standartlor k
calls of C issued by the loader. Separate processes aredfeathe scheduler and for the
different clients.

The communication is realized using shared memory. Thetsliare written in Prolog,
and encapsulate some low level C routines to access thedgharaory, for a fast interaction
between processes. The message exchange between clidritseascheduler is realized
using shared memory queues.

During the execution of Prolog predicates, we also reliedawtlevel C routines to
maintain an efficient representation of the current staexe€ution of the task. This allows
us to maintain a simplified representation of the state ofttexution across the branches
of the subtree (which are explored via backtracking by thadgrsystem) and it simplifies
communication with the scheduler during load balancing.

6.5 Experimental results
In this section, we report the experimental results obthfrem the execution of our parallel

system. The experiments have been performed using a HP RIRBAA architecture, with
14 PA-RISC processors, 8GB RAM, and running HP-UX 11.1.0.

Figure 6.5 plots and shows the times, in seconds, of thelpbeaecution of the program,
using the BBF strategy, no rescheduling and up parallel clients. We have parallelized the
code on numbers of processors that are powers of 2. For eawirprthe firstd Levels of
the tree are fully expanded. For the protein 1EON we alsaided the results obtained using
a value ofLevels equal to3—as this is sufficient to generate a sufficient number of tasks.
The last column reports the execution time, on one CPU of énallel machine, of the code
from [14].

The performance results show that the scalability factoesstrongly dependent on the
specific problem. We discuss here some of the reasons thaitagerthis behavior. First of all,
the subdivision of the search tree into tasks does not impsgaal partition of the workload.
In fact, since constraints and heuristics are applied tartes during the search, their effect



1 |a-a 1EDP /" Processors [14]
ToleRiEmal Protein 1 2 4 § 1
] —— Linear ’ 1PG1 [12.51 6.21 3.5 2.1148.7

1KVG [13.03 7.56 3.99 2.7324.9
1LE3 16.36 10.63 5.66 2.51 8.2
1EDP |11.91 6.4 3.42 1.1967.8
1EON [239.9 160 136.2 118|598.4
1EON 3 | 2249 1367 141.72 398.4
(Levels)

Speedup

Processors

Fig. 5. Parallel Execution Time without rescheduling (in seconds)

on a local portion of the search tree can result in a diffepeahing compared to the same
subtree during a sequential search. This effect can haveapfed side-effects: for instance,
the superlinear speed-up obtained in the cases of 1EDP &@id (Hevels).

Let us observe that, although the sequential speed up foz pooteins is of the order of
40 (e.g., for LEDP—see Table 1) and the parallel speed up sofoe proteins of the order
of 10 with eight processors (e.g., for 1EDP), the combineskdpup is only of the order
of 60 (instead of 400). The reason is the overheads assd¢tatee management of parallel
tasks—e.g., task exchange, communication costs, and thefeesetting the constraint store
when a new task is acquired. The latter cost, that seems twelradst significant one, could
be removed by introducing a more ad-hoc handling of comdsati.e., bypassing some of
the constraint-handling functionalities of SICStus.

Note that clients share their intermediate results by pta¢chem in shared memory,
where it becomes accessible to every other client. In pdaticthe agents can share their
current best solution, effectively parallelizing the lehrand-bound process.

Let us assume that the tasks, ... T,, are explored in that order in the equivalent se-
quential algorithm. In the parallel case, every task cae tdtvantage of an earlier-found
new bound for the search. For exam@lgandT;, with ¢ < j, are explored in parallel, and
a new best solution is found ifi;. This allows a client to pruné; as well, resulting in a
speedup in the search. On the other hand, though, the syitmase can arisef; can be
explored extensively because of a late discover of a bourd.iim the sequential casg;
would have been pruned from the very beginning, becdyseould have been completed
before even starting the explorationBf. Thus, the partitioning can dramatically affect the
search (see, e.g., protein 1IEON). We plan to investigatedrititure the design of problem-
dependent partitionings, in order to take advantage of #inellel sharing of information.

Let us conclude by observing that, in our experiments, teeheduling procedure has
been rarely effective in improving performance. This is tluéhe poor interaction between
the fairly “sequential” way of rescheduling tasks and therensophisticated exploration
imposed by our heuristic strategies. Work is in progressl&parescheduling to better match
our search strategies.



6.6 Scalability on Macro Blocks

When dealing with large proteins, it is common to encountierations where the confor-
mations of various subsequences are already known (e.gqroplogy). Thus, the problem
of predicting the structure of the whole protein is concefijuequivalent to predicting the
placement of few rigid macro blocks, that are linked togethe some coils. These ideas
could be exploited by our prediction tool.

We defined the following example, to demonstrate that theeatimodel can be feasibly
used to attack larger proteins. We use the sequence XYZewhand Z are known protein
sequences and Y is a fixed-length linking coil of non-intérecamino acids. The idea is
to predict the structure of the sequence XYZ, using as inpatesstrong constraints (i.e.
Euclidean distances between every pair of amino acidsyetbfrom X and Z.

In our tests, the execution times grow according to the leo§the coil Y. As expected,
for proteins of this size but with partially known structutke times are significantly lower
than a prediction that uses only the secondary structuoenvgtion. This allows our system
to handle larger protein complexes.

7 Conclusion and Future Work

In this paper, we provided a formalization of the proteirdfog problem on face-centered
cubic lattice structures. The formalization has been faan®ed in a constraint system, and
solved using constraint solving over finite domains. We yread different ways of orga-
nizing the constraint structure, and different heuristing search strategies to solve them.
We presented and tested a new search heuristic (Boundel Béils), well suited for this
problem. We also provided a way to parallelize the processxpforing the search space,
allowing concurrent constraint solvers to cooperate irsttgrch of an optimal folding.

The results collected from the different approaches to tioblpm (sequential search
strategies, parallel implementations, different implatagons of solvers) converge on the
need of a new dedicated and efficient solver. The analysisdtich 5 suggests that the only
way to significantly improve our framework is to access tharcle tree at a lower level,
and to implement new heuristics more suitable to the prob&ince this is not allowed by
the current implementations of SICStus and ECLiPSe, we taatevelop our own ad-hoc
constraint solver. The new solver will be dedicated to peoblon lattices (and thus more
efficient) and will implement ad-hoc search strategies. fidw solver, applied to the protein
folding problem offcc, is expected to allow us to tackle larger problems—the final goto
manage proteins composed of 500 amino acids. As shown ie Talsurrently we can solve
(without using scalability—Section 6.6) proteins of lengilthe order of 80 amino acids.

We also plan to continue the development of the parallet&wipin particular, we intend
to develop rescheduling strategies that better match tinésties employed by the sequential
system, allowing for a more effective load balancing andedxkty.
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