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ABSTRACT wards the theoretical design of exact drugs, the improvement of

based solution to the protein f0|d_proteins functionality, and the precise modeling of cells.

ing problem orface-centered cubic latticesa biologically mean- ";] refcle dn.t deca(tj)les, TOSt. sc;]entists have fagreed that th? answer
ingful approximation of the general protein folding problem. The t© the folding problem lies in the concept of taaergy statef a

paper improves the results presented in [15] and introduces newprotein. The predominant st_rategy in solving the_ prote_in folding
ideas for improving efficiency:(i) proper reorganization of the problem has been to determine a state of the amino acid sequence

constraint structure(ii) development of novel, both general and in the 3D space V_V'th minimum energy. According to this theory,
problem-specific, heuristic§iji) exploitation of parallelism. Glob- the 3D cqnformatlon that yields the Iowest energy St"?‘te represents
ally, we obtain a speed up in the order of 60 w.r.t. [15]. We show the protein's natural s_hape (ak.a. thative cor_lformatlo)1 '_I'he

how these results can be employed to solve the folding problem €N€rgy of a conformation can be modeled usengrgy functions

for large proteins containing subsequences whose conformation isthat de_termlne _the energy level based on the interactions between
already known. any pairs of amino acids [7]. Thus, we can reduce the protein fold-

ing problem to an optimization problem, where the energy function
. . . has to be minimized under a collection of constraints (e.g., derived

Categories and Subject Descriptors from known chemical and physical properties) [13].

3.3 [Computer Applications]: LIFE AND MEDICAL SCIENCES We employConstraint Logic Programming (CLPn particular,
constraint logic programming ovéinite domaingCLP(FD)), to
model and solve a tractable representation of the protein folding

General Terms problem—i.e., protein folding in the context of face-centered cubic

Algorithms,Experimentations lattices [31]. The choice of CLP is natural for a variety of reasons
(see, e.g., [2]). CLP is a paradigm that is highly suitable to ad-
dress optimization problems; it provides declarative and high-level

Keywords modeling, combined with effective built-in search and resolution

Constraint logic programming, parallelism, bioinformatics strategies. Furthermore, the high-level modeling offered by CLP
allows us to easiladdnew constraints and to plug-and-play differ-
ent search strategies and heuristics.

1. INTRODUCTION A preliminary approach to the use of CLPD) for the protein

Proteins are responsible for nearly every function required for folding problem has been presented in [15]. In this paper, we elabo-
life. The sequence of elements (amino acids) identifying a pro- rate such proposal to consider the issuefti€iencyandscalability.

tein is known as the primary (1D) structure. A functional protein The ultimate objective of this paper is to demonstrate that

The paper describes a constraint-

can be thought of as a properly folded chain of amino acids in 3- ¢ the modeling and optimization capabilities of CIZPD) are
dimensional (3D) space. The 3D structure of a protein character- highly suitable to tackle the protein folding problem;

izes its function. A folded protein interacts three-dimensionally e the high-level modeling capabilities allow us to easily add or
with other proteins (e.g., lock and key arrangements) and this inter- modify constraints as they become available, as well as to
action determines the functions of the organism. In fact, an organ- explore the use of different heuristics and search strategies;

ism is essentially determined by the three-dimensional interactions
between proteins and substrates. Thus, without knowing the 3D
structure of the proteins coded in a genome, we cannot completely
understand the phenotype and functioning of living organisms. Un-
derstanding how protein folds has profound implications—e.g., to-

o efficiency and scalability can be achieved for realistic prob-
lems.
The first step in this process lies in a remodeling of the constraint
problem, aim at making the modelization more suitable to the capa-
bilities of current CLP£D) solvers. We also introduce new high-
level heuristics for guiding the exploration of the search space,
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processors parallel machine, we obtain a speed-up in the order ofconformation with a the minimal value of free enerdyativecon-

60 w.r.t. the performance of the code presented in [15]—running formation). Native conformations are largely built fré@decondary

on a single processor of the same parallel machine. The investiga-Structure element§.e., helices and sheets) often arranged in well-
tion proposed here pushes the built-in capabilities of CLP solvers defined motifs (see Fig. &-helices in red—dark grey angisheets

to, what we believe, are the limits for the problem at hand. The in yellow—Ilight grey). a-helices are constituted by 5 to 40 con-
proposed results indicate also theatter performance could be ac-  tiguous residues arranged in a regular right-handed helix with 3.6
complishedbut only at the price of building some of the proposed residues per turng-sheets are constituted by extended strands of
heuristics at a lower level—i.e., as an ad-hoc constraint solver, and5 to 10 residues. Each strand is made of contiguous residues, but
bypassing the built-in strategies of CL#D). Finally, we demon- strands participating in the same sheet are not necessarily contigu-
strate what, we believe, is one of the greatest application areasous in sequence. Algorithms, e.g., based on neural networks, have
for our technology: folding large proteins containing subsequences been developed that are capable to predict the secondary structure
whose native conformation is already known (e.g., by homology)— of a protein with high accuracy (75% [8]).

e.g., macro blocks linked by a neutral coil. This type of situation
is very common; in our framework, the known structures can be
directly added as constraints (witto modificationgo the rest of
the constraint model), allowing us to tackle large problems with
excellent performance.

1.1 Related Works

The bibliography on the protein folding problem is extensive [8,
28]; the problem has been recognized as a fundamental challenge
[23], and it has been addressed with a variety of approaches (e.g.,
comparative modeling through homology, fold recognition through
threading, ab initio fold prediction).

An abstraction of the problem, that has been recently investi-
gated, is the protein folding problem in th®®> model, where amino ) )
acids are separated into two class&s hydrophobic, and®, hy- Figure 1: Secondary Structure Elements (protein 1D6T)
drophilic). The goal is to search for a conformation produced by an  Another important structural feature of proteins is the capability
HP sequence, such that most HH pairs are neighboring in a prede-of cysteine residues of covalently bind through their sulphur atoms,
fined lattice. The problem has been studied on 2D square latticesthus forming disulfide bridges, which impose important constraints
[14, 22], 2D triangular lattices [1], 3D square models [20], and on the structure (also known asbonds). This kind of information
face-centered cubic latticefe€) [25]. Backofen and Will have ex- s often available, either through experiments or predictions.
tensively studied this last problem [3, 4, 5]. The approach is suited  Several models have been proposed for reasoning about the 3D
for globular proteins, since the main force driving the folding pro- properties of proteins—i.e., dealing with tAertiary Structure
cess is the electrical potential generatedyandPs, and thédcc Given a primary sequencé = s; ---s,, With s; € A, let us
lattices are one of the best and simplest approximation of the 3D represent withu (i) the positionof a point representing the amino
space (Sect. 2.2). Compared to the work of Backofen and Will, our acids; in spacew(i) is a vector(z;, y;, z;) € D, for a given space
approach refines the energy contribution model, extending the in- domainD. The values:;, y;, andz; can be real numbers—in mod-
teractions between classé§and P to interactions between each  els in which proteins are free of taking any positions in space—or
pair of amino acids [7]. Moreover, we introduce the possibility integer numbers—in models where amino acids can assume only
to model secondary structure elements, that cannot be reproduced finite number of positions within a suitable lattice structure. We
correctly using only a simple energy model as the one adopted by call D the set of admissible points.
other researchers. Given two pointswi,ws € D, we indicate withnext(w;,ws)

The use of constraint programming technology in the context of the fact that the two points are admissible positions for two amino
the protein folding problem has been fairly limited. Backofen and acids that are contiguous in the primary sequence. It is assumed
Will have made use of constraints over finite domains in the context that two consecutive amino acids are always separated by a fixed
of the HP problem [5]. Clark et al. employed Prolog to implement  djstance.
heuristics in pruning a exhaustive search for predictirfgelix and We also employ the binary predicatentact, which is used
B-sheet topology from secondary structure and topological folding to describe the fact that two amino acids are sufficiently close to be
rules [12]. Distributed search and continuous optimization have able to interact, and thus they contribute to the energy function: two
been used in ab initio structure prediction, based on selection of non-consecutive amino acids and s; in the positionsw(i) and
discrete torsion angles for combinatorial search of the space of pos-,() are in contact (denoted pntact (w(i), w(5))) when their

sible protein foldings [18]. distance is less than a given threshold. Lattice models (defined in
the next subsection) simplify the definitionsmafxt andcontact.

2. PROBLEM MODELING Given a primary sequencg= s - - - s, With s; € A, afolding
of S'is afunctionw : {1,...,n} — D such that:

2.1 The Protein Folding Problem 1. next(w(i),w(i+1))fori=1,...,n -1, and

The Primary structure of a protein is a sequence of linked units 2. w(i) # w(j) for i # j (namelyw introduces no loops).
(amino acidsor residue$ of a given length. The amino acids can be A simplified evaluation of the energy of a folding can be ob-
identified by an alphabetl of 20 different symbols, associated to  tained by observing theontactspresent in the folding. In particu-
specific chemical-physical properties. A protein has a high degree lar, every time a contact between a pair of amino acids is detected,
of freedom, and its 3D conformation is namBeftiary structure. a specific energy contribution is applied towards the global energy.
From theenergypoint of view, the molecule tends to reach a These contributions can be obtained from tables developed using



statistical methods applied to structures obtained from X-Rays and A contactbetween two non-adjacent residue$dooccurs when
Nuclear Magnetic Resonance experiments [21, 7]; these tables astheir separation is two lattice units—i.e., viewing the lattice as a
sociates an energy measure to each pair of non-consecutive amingraph whose edges connect adjacent points in the lattice, the posi-

acids when they are in contact. We denote Wish (s;, s;) the en- tions of the residues are connected by a path of leagihysically,
ergy contribution associated to the amino acigdands; (the order two amino acids in contact cannot be at the distance of a single lat-
does not matter). tice unit, because their volumes would overlap. Consequently, we

The protein structure prediction problerwan be modeled as the  impose the constraint that two non-consecutive residuesids;
problem of finding the foldingw of S such that the following en- must be separated by more than one lattice units. This is achieved
ergy cost function is minimized: by adding, for the paif andj, the constraint (calledon_next):

2 2 2
E(w,S) = Z Z contact(w(i),w(y)) - Pot(si,s;). (@ — )"+ (i —95)" + (21 — 2)” > 2
1<i<n i+2<j<n With these additional constraints, we can define:

With a slight abuse of notation predicatentact is here used as contact(w(i),w(y)) iff |z: — x| + |yi — y;| + |2s — 2] = 2

a Boolean function. This definition is sufficiently general to cover
the case of several spatial mod&lssuch as thécc lattice and the 3. ACLP(FD) IMPLEMENTATION

cubic lattice [13]. The formalization of the protein structure prediction problem in
: fcc has been instantiated in a declarative program in CLP over finite
2.2 . Lattice Models ) domains—and it follows the basic structure outlined in [16, 15].
Lattice models have long been used for protein structure pre- |y this section, we describe the main predicates employed in such
diction (see [29] for a survey). In [25] it is shown that thace- implementation. We make use of the library CIZ) of SICS-
Centered Cubic Latticéficc) model is a well-suited, realistic model 1,5 PROLOG 3.12.0 [10] and the libraty: of ECLiPSe 5.8 [11].

for 3D conformations of proteins. The model is based on cubes of complete code and other related material can be foundwiwy.
size2, where the central point of each face is also admitted. The i i . uni ud. i t/ dovi er/ PF.

domainD consists of the set of triple;, y, z), wherez, y, z € N . .

such that: +y+ z is even (see Fig. 2). Points at Euclidean distance 3.1 Basic Constraints

\/5 are ||nked, their distance iS Ca”dﬂitice Unit Observe that, for The program has the C|assi@bnstrain & Generatqz] struc-
linked pointsi andy, it holds thatz; —x; |+|y: —y;|+|zi—z;| = 2. ture:

constrain(Primary, Secondary, Matrix, Tertiary,...),
| abel i ng(Prinary, Secondary, Matrix, Tertiary,...)

2 Theconst r ai n predicate deterministically introduces the con-

straints for the variables involved, whileabel i ng searches for

the solution in the search space (through chronological backtrack-

ing). The inputs ar®r i mar y (alist of amino acids)secondary

(a list of known secondary structure components), Bhatr i x

00 (the matrix of energy contributions, see Section 3rti ary

"2 is the output list of positions (a flat list of triples of integers) of the

conformation andnergy is the output value of energy associated
to such conformation. We do not discuss here the other, more tech-
nical, parameters. The predicatenst r ai n is defined in Fig. 3.
Given the input list of amino acidBrimary = [s1,...,sn], the
predicategener at e_t erti ary creates the list

2 Tertiary = [X1,Y1,Z1,..., XN, YN, ZN]

of 3N variables. The predicatdomai n_bounds specifies the

Figure 2: A cube of thefcc lattice. Thick lines link connected ins for th bl h
points. Dashed lines represent connections inside the cube. domains for theX;, i, Z; variables (the range...2 « ), and
adds the constraints forcing; + Y; + Z; to be even.

Each point is adjacent to 12 neighboring points. Thus, we define  5y0i d sel f | oops forces all triples to be distinct (we em-

the predicateext as follows:next(w (i), w(i + 1)) holds iff ploy the built-in predicatal | _di f f er ent onthelist{By, .., B,]
o |zi—ziv1] € {0,1}, [y —yit1] € {0,1}, |zi — zi11] € {0, 1}, where
o |z —wipa| 4 |y — yirr| + |20 — zipa| = 2 Bi#= (X;xPxP)+ (YixP)+ Z;

In fcc lattices, the angle between three adjacent residues mayfor a suitable valug®). next constrai nts imposes that the
assume values0°, 90°, 120°, and180°. Volumetric constraints  points[X;,Y;, Z;] and[X,11, Yiy1, Zi41] are adjacent in the lat-

and energetic restraints in proteins make vali@sand180° in- tice.di st ance_const r ai nt s defines that two non-consecutive
feasible. Therefore, in our model, we retain only #08 and120° points are at a lattice distance greater thanahgl es defines
angles [31, 17]. No similar restriction exists on torsional angles the admissible angles formed by three consecutive amino acids.
among four adjacent residues. In detaildet ; = w(i)—w(i—1) conpact _const r ai nt s introduces a user-defined maximal dis-
andv; ;11 = w(i + 1) — w(3). To impose that the angle between tance between amino acids (callemmpact factoy.

them can only be 00° and120°, we use the scalar product be- secondar y_i nf o encodes the Secondary Structure informa-
tween these two vectors;_1; - T i+1 = |Ui—1,i||Tsi+1]| cos(8). tion as constraints in the program. TBecondary structure is

Thus, sincev;_1,;| = |Ti,i+1| = v/2 we only need to impose that: ~ described by a list of elements of the type:
Ui—1,i - Viig1 € {1, 0} helix(i,j): Siy Sit1, - - -, S5 form ana-helix.



constrai n(Prinmary, Secondary, Energy, Tertiary,
| ength(Primary, N),
generate_tertiary(N, Tertiary), donmin_boun
avoi d_sel f_| oops(Tertiary, N, next_constrai
di stance_constraints(Tertiary), angles(Tert
conpact _constraints(Tertiary, N, Conpact),
avoi d_synmetri es(Secondary, Tertiary, SSP),
define_vari abl es_order (Secondary, Tertiary,
energy_constraints(Primary, Tertiary, Secon

secondary_i nf o( Secondary,

Matrix, Conpact, O dTertiary):-
ds(Tertiary, N),

nts(Tertiary),

iary),

Tertiary),

SSP, OrdTertiary),
dary, Energy, Matrix).

Figure 3: constrain predicate

strand(i,7): Si,Sit+1,...,S; are in ad-strand.
ssbond(i, 7): presence of a disulfide bridge betwegrands;.
In our tests, we retrieved these information from the Protein Data
Bank [6]; it is easy to modify the code to obtain such information
from secondary structure prediction programs (e.g., [26]).

avoi d_symmet ri es removes admissible conformations that
are equivalent to others modulo symmetries and/or rotations. The

Note that the constraints imposed by the predicates described above,
combined to the constraint propagation, have as a consequence that
many elements i/ receive a binding before the beginning of the
labeling phase. The net effect is to further restrict the number of
variables that need to be instantiated by the labeling procedure.

In order to further prune the search tree, we introduced in [16] a
local labeling heuristic. After each instantiationtofariables: we

predicate selects three particular consecutive amino acids. We sestore the best known ground admissible solution, its energy, and its

the position of the first of them removing all foldings equivalent

modulo translations. We fix also the positions of the second and the

third point in order to remove all equivalences modulo rotations.
defi ne_vari abl es_or der makes use of the distribution of

secondary structure elements to sort the variableEeint i ary

for labeling purposes (see Section 4.1).

3.2 Contacts and Energy Constraints

As described above, two amino acigls s; are in contact if a
path of length2 lattice units links them. The contact information
is maintained in a symmetric matrix/, such thatM[i, j] is the
energy contribution provided by; ands;. The following code
constrains the contact contribution to the matrix element:

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

wheret abl e reports the valu®ot(s;,s;) as computed in [7].
Values ofPot have been scaled w.r.t. [7] to have only integer val-
ues. The global energy is the sum of the element&inThe opti-
mal folding is reached when the global energy is minimal. During
the labeling phase, the information stored il is used to control
the minimization process and to prune the search tree.

Various heuristics have been developed, aimed at simplifying
the computation of the contact matri¥—see also [15, 16]. In
particular, we restrict our attention to contact contributions coming
from amino acids;, s; that arenotincluded in the same secondary
structure element. This is justified by the fact that contact contri-
butions from amino acids within the same secondary structure ele-
ment is constant in each folding.

To further reduce the search space, it is possible to ignore the
contact contributions for all pairs, s; such thatj < i + k, where

associated potential matrix. The idea is to compare the current state
to saved history, and decide if it is reasonable to cut the search tree.
We consider the ground set of elements in the current potential ma-
trix, Cur r ent Gr ound, and compare them to the corresponding
set present in the best solution found so Best G- ound. Ac-
cording to the ratio of ground variables Rot enti al Li st, a
coefficient can be computed to control the pruning process:

best _sol uti on(Best Energy),
best _potenti al Li st (BestPL),
sungrounds( Potential Li st, BestPL,
Current Gound, Best G ound),

termvari abl es(Potenti al Li st, Pl V),
| engt h(PI'V, LPot Var),
| engt h( Pot enti al Li st, LPot Tot),
CoefSl is (0.5 * (LPotVar) +

1. 1*(LPot Tot - LPot Var) )/ (LTot Pot ),
S1 is integer( CoefSl * Best G ound),
Current G ound < S1,

wheret er mvar i abl es is a built-in predicate to extract (in con-
stant time) the list of non-ground variables. In this version, if the
set of ground elements is small, then we allow the computation to
continue even in presence of significant differences in energy from
the best known solution (0.5 compared to the best known), with
the hope that this choice will pay off in the rest of the matrix to be
discovered. When the protein is almost folded, the coefficient be-
comes higher and, consequently, we prune many solutions that are
clearly not improving the local minimum, at that moment.

4. THE NEW IMPLEMENTATION

In this section we present the improvements w.r.t. the code pre-
sented in [15], briefly described in the previous section, to seek

k is a parameter. In those cases, the constraint is not applied andoetter performance and scalability to larger proteins.

MTi, ] = 0. When we increase the valéewe generate a simpler
global constraint and, at the same time, we consider only contri-
butions from distant amino acids (considered, from the biological
perspective, more relevant).

Let us now describe how the matri¥ is used to compute the
global energy. As mentioned earlier, the global energy is the sum of
the elements of\/. To simplify the computation, we first proceed
to collect in a list Pot ent i al Li st) all the unbound elements
present inM (i.e., contributions that are still unknown). The list is
used in the heuristics and also to assert the constraint:

sun( Pot enti al Li st, #=, Energy).

4.1 Constraints Redesign

In our previous experiments, we observed that one of the causes
behind the lack of scalability of the constraint system of Sect. 3
to large proteins is the limited propagation achieved in presence
of non-linear constraints (e.g., constraints related to torsion angles,
as they require vector scalar products). The first stage of redesign
implied removing as many non-linear constraints as possible and
enhancing the propagation structure.

¢ is a parameter of the program.



4.1.1 Angle-free Encoding in [15], the variable selection is dynamic. The strategy employed
The constraint structure proposed in [15] to solve the problem, builds on the idea of always selecting, for labeling, a variable which
imposed an alternative local coordinate system, used for the de-iS adjacent to a ground subsequence of the primary sequence. Ba-

scription of the tertiary structure; this coordinate system is com- Sically, the method tries to grow the ground part of protein until an
posed of a sequence of the torsion angles forming the protein. The@cceptable solution is found. . . .
secondary structure elements, due to their regular shape, were sim- The solution we propose here, instead, relies on precomputing
ply described by a regular sequence of angles. The angles and coorthe order of labeling of the variables; the intuition is the desire to
dinates descriptions were linked via an additional set of constraints. avoid the run-time costs of the previous selection strategy. In the
We noticed that, even though the resulting model was clean andconstrain phase, we select the longest secondary structure, and we
declarative, the resulting constraints caused a bottleneck during the2ssign to it ground values. The protein is then partitioned in five
search because of poor propagation. consecutive parts:

In the current version, we opted to remove the torsion angles de- ~ ® Left Tail—containing no secondary structure elements;
scription of secondary structure elements and restrict our descrip-  ® Left Body

tion of the tertiary structure only to Cartesian coordinates. We sim- e Longest Secondary Structure Elemeigiround,;
plify and remodel the description of secondary structure elements. e Right Body
a-hdices: the modeling ofx-helices builds on the observation that ¢ Right Tail—containing no secondary structure elements.

it is sufficie_nt to constrain the first amino acids of the helix to The exploration order used during labeling is the followitijyLeft
guarantee its shape—the shape can then be propagated to the reglody first (in reverse order}ji) Right Body, (iii) Left Tail (in re-
of the helix via simple vector equalities. More precisely, given the verse order), an®ight Tail The idea is similar to our previous

set of the firsts amino acids(X1, Y1, Z1), ..., (X5,Y5,Zs) of a approach, but we save the time to seek for the next variable to se-

helix, the following constraint describes the helical organization in |ect. The tails are free to assume every conformation—they do not

terms of relative distances between the points irf¢bdattice: contain any superimposed pattern. Since the main energy contribu-
tion is given by the protein body, the tails are left to be instantiated

Dx #=X5-X1, Dy #=Y5-Yl1, Dz #=7Z5-Z71,

Dx1#=X3- X1, Dyl#=Y3-Yl, Drl#=73-Z1, atthe end.

Dx2#=X5- X3, Dy2#=Y5-Y3, Dz2#=75-Z3, .-

Dx3#=abs( X4- X1), Dy3#=abs(Y4- Y1), Dz3#=abs(Z4-Z1), 4.1.3 Contact revisited

Dx4#=abs( X5- X2), Dy4#=abs(Y5-Y2), Dz4#=abs(Z5-Z2), In addition to this, we also introduce a modification in the com-
count (0, [ Dx, Dy, Dz] , #=, 1), putation of the energy function w.r.t. Sect. 3.2; specifically, we ig-

count (0, [ Dx1, Dyl, Dz1], #=, 2), S ; ' : .
count (0, [ Dx2, Dy2, Dz2] , #=, 2) nore the energy contributions provided by amino acids at distance

DX3 #2<2, Dy3 #=<2, Dz3 #=<2, less or equal th_an thre_e inth_e primary sequence. Due to our model,
Dx4 #=<2, Dy4 #=<2, Dz4 #=<2. three consecutive amino acigl, si+1, si+2, can form an angle of
either90° or 120°. Given the definition otontact and the energy
Because of constraints interactipBx, Dy, Dz] results to be a contribution, amino acids forming®0° angle are such that and
vector (2, £2, 0) in any coordinate permutation, that represents si+2 are in contact, thus, they provide an energy contribution. On
the placement of each next pattern of 4 points. For every amino the other hand, when they form120° angle, there is no energy

acid s; in position X;,Y;, Z;, the position ofs; 5 will be X; + contribution, sinces; ands; o are separated by a distance larger
Dz,Y; + Dy, Z; + Dz. Constraints of the form than the minimum contact distanceDfThis fact shows that rele-
Dz #= X5 — Xi,Dy #= Yi,5 —Yi, Dz #= Zi\s5 — Z; vant contributions to the global energy come from the local angles
are added to every;, s;5 in the helix to ensure the propagation of ~ formed by the amino acids.
the helix shape. The overall effect of this simplification is to exclude every contri-
B-strands: the modeling of a3-strand is considerably simpler:  bution raising from the fact that three consecutive amino acids form
given 3 consecutive amino acidX(, Y1, Z1, ..., X3, Y3, Z3), in a90° angle. The intuition of our choice is that the “important” en-
order to form a90° angle, the first and last point must have two ergy contributions that characterize a folding are those provided by
identical coordinates and one coordinate at dist@nce pairs of amino acids that are “far apart” in the primary sequence.
Indeed, we observed that the contributions deriving from local sub-
Dx #= X3-X1, Dy #= Y3-Y1,Dz #= Z3-Z1, sequences tend to mask the global energy evaluation and thus bias

count (0, [ Dx, Dy, Dz] , #=, 2),

abs(Dx+ Dy+ Dz) #:2, our search heuristic. This energy function better reflects the quality

of the folding, even if the model is still too simple for a direct rela-

Once again, the correct shape is propagated to the other amino aciglion between our energy and tRMSD(Root-Mean-Square Devi-
in the strand by vector equalities, using a step of three amino acids.ation the typical measure of structural diversity, Sect. 4.2.2).
sshonds: the original implementation ofsbond structures was
achieved by imposing a maximal Euclidean distancé bétween

the two residues linked connected by a disulfide bridge. We re-
moved the Euclidean distance of 6, in favor of the following sim-
pler approximation:

4.1.4 Experimental Results

Let us discuss the impact of these new ideas on the performance
of the computation. Table 1 compares the execution times of the
old constraint structure of [15] and the modified one on different
proteins. For a fair comparison, we have updated the contact con-

Dx#=abs(X1- X2), Dy#=abs(Y1l-Y2), Dz#=abs(Z1-Z2), straints of the code [15] as described in Sect. 4.1.3. This explains

Dx #=< 4, Dy #=< 4, Dz #=< 4. the differences between results in column “Old version” and those
. . reported in Table 3 for the code [15]. Both the codes include the

4.1.2 Variable Selection Strategy same heuristics described in Section 3.2. The experiments have

The second improvement to the constraint organization lies in been performed on a 3GHz Pentium under Linux and they high-
the development of an alternative strategy for the selection of vari- light a marked improvement in performance; only in one case we
ables during labeling. In the original constraint scheme proposed observed a slow-down, while in many cases we achieved 4rton



over 50 fold speedup. On the other hand, although the results are the Bounded Block Failure strategy. The list. .., ¢, of thresh-
good for relatively small proteins, the new method are not sufficient olds determines the behavior of the heuristic. In the Figure, we
to produce significant speedups on bigger proteins. In the next sec-assume; = 3; the figure shows that, after the third failure Bf,

tion, we introduce a new search heuristic that, combined with the the search o, fails as well.

ideas introduced here, is capable to efficiently explore the search The BBF heuristic is effective whenever:

tree generated by larger proteins.

ID Size | New version| Old version| Speedup
1LEO 12 0.63s 2.9s 4.7

1KVG 12 284s 11.4s 4.0

1LE3 16 485s 4.5s 0.9

1EDP 17 0.66s 34.9s 52.9

1PG1 18 0.7s 18.8s 26.8

1ZDD 34 3m 37s 29m21s

e suboptimal solutions are spread sparsely in the search tree;
e for each admissible solution, there are many others with small
differences in variables assignments and energy.
In these cases, we can afford to skip solutions when generating
block failure, because some others are going to be discovered fol-
lowing other choices in some earlier blocks. In particular, for our
problem, it is reasonable to keep high threshold values for the first

8.1 blocks, while exploring instead only a small fraction of the search
space present in the last blocks. This is justified by the fact that
many equivalent solutions can be typically found, just by changing

Table 1: Performance of the Modified Constraint Structure the assignments in the last blocks, while the core of the problem

. . lies in the first blocks.
4.2 Bounded Block Fails heuristic In general, this technique can be effectively applied every time
In this section, we present a novel heuristic to guide the explo- the variables are associated to some spatial properties and the cor-
ration of the search tree, call®bunded Block Fails (BBF)This responding physical object are related to each others, like in the
technique is general and can be applied to every search with a fixedcase of a chain of amino acids. When assigning positions follow-
ordering of variables—though it is particularly effective when ap- ing the order of the amino acids on the chain, a failure in the current
plied to the protein folding problem at hand. branch, means that the partial conformation does not allow to pro-
The heuristic involves the concept bliock Let us assume that  ceed without a collision. The BBF heuristic suggests to try to revise

Vis a list [V4,...,V,] of variables and constants. A blodk; some earlier choices instead of exploring the whole space of pos-

is a sublist ofl” of sizek composed of unbound variables. The sibilities depending on the block that collects failures. The high

concatenation of all the blockB; B- . . . B, gives the ordered list density and the great number of admissible solutions allow us to
of unbound variables present In, where/ < [%]. The blocks exclude some solutions, depending on the threshold values, and to
are selected dynamically, and they could exclude some of the orig- still be able to find almost optimal solutions in shorter time.

inal variables, that have already been instantiated due to constraint

propagation. The number of blocks, thus, could be less fHan

and it could be not constant during the whole search. In Figure 4

we depict a simple example fdr = 3: we consider a list of 9

variables. The dark boxes represent ground assignments.

V1

V8 Bl —»

V5 X
V6

V7 jBZ —

vo XA\ /XN /X

4.2.1 Experimental Results

In Table 2, we report the performance obtained by applying the
BBF strategy. We compute the execution times and the energy
values for a set of proteins, using the implementation described
in the previous section, with and without the application of the
BBF heuristic. For the BBF heuristic, we use the valkes: 3,
t1 = 5,tr k1 = 3, Which have been experimentally shown to pro-
duce good performance. The other integer vatyese determined
as follows:t; = (1 — (1757)*)t1 + (157%7)*trn/i- The entries
marked (*) indicate timeouts (execution stopped after the specified
amount of time).

No BBF BBF
Protein  Len. Time Energy Time Energy| Speedup
1LEO 12 0.63s -6799 0.80s -6251 0.8
1KVG 12 2.84s -14571 4.12s -12661 0.7
1LE3 16 4.85s -11008| 1.53s -11289| 3.17
1EDP 17 0.66s -16259 0.53s -24492 1.2
1PG1 18 0.70s -27016 0.83s -27016 0.8
1EON 27| 1m16s -25493 3m -22308 0.4
Figure 4: The BBF heuristics 1zDD 34| 3m37s  -9907| 1mb5ls -18455 2.0
The heuristics consists of splitting the search amond thecks. %IILB 3‘?0 ih 35m  -24681) 3h40m  -25914) 1.0
T g m24s -17425] 1m33s -15187 0.9
Internally, each blockB; is individually labeled according to the 1EDO 46| (*)10h -27410| 1h43m -31565 > 5.8
desired labeling strategy—in our case, the same heuristic employed 1ENH 54 | 2h24m -26909| 55m6s -28559 2.6
in [15]. When a blockB; has been completely labeled, the search  2ERA 61| () 10nh -37071| 16m21s -45006 > 36.7

moves to the successive blodk . i, if any. If the labeling of the
block B; 1 fails, the search backtracks to the blad8k Here there
are two options: if the number of times thaf ., completely failed
is below a certain threshold, then the process continues, by gen- The BBF strategy nicely integrates with the modifications de-
erating one more solution t8; and re-entering3;+1. Otherwise, scribed in Sect. 2. We would like to make two important observa-
if too many failures have occurred, then the Bounded Block Fail tions. First of all, the current implementation of the BBF heuristic
heuristic generates a failure f&; as well and backtracks to a pre- is performed in SICStus Prolog at a very high-level; e.g., when fail-
vious block. Observe that the count of the number of failures in- ing, manyf ai | predicates are invoked, with a relatively high cost
cludes both the regular search failures as well as those caused byn the handling of the search tree. This makes the implementation

Table 2: Executions with and without the BBF heuristic.



rather inefficient, and this is evident especially for the smaller pro- sure of thestructural diversityof two proteins and it measures the
teins. In spite of this, there are obvious advantages in terms of ex- average distance between the atoms of two optimally aligned sets
ecution times and optima found for larger proteins. Clearly, a low- of amino acids. In our specific case, the reference model is taken
level implementation of the strategy (e.g., like the search strategiesdirectly from the sequences in the Protein Data Bank [6] (where a
in ECLiPSe), will push the speedups to a much higher level. This full atom model with real coordinates can be found).
leads us to the second observation—the BBF heuristics is designed When comparing this model to our prediction, we have to con-
to handle inputs with large sizes. For smaller proteins, the number sider some important issues. First of all, our prediction deals with
of blocks tends to be small, and the heuristics accomplishes few an approximation of each amino acid (i.e., withdtgarbon). When
block backtracks. In our experiments, we made use of blocks of we compare the results, we consider the distance between the pairs
size 3 (corresponding to the three coordinates of a single amino of corresponding carbons in the models. Basically, we extract the
acid); attempts to reduce this value (i.e., increase the number ofbackbone of the original protein, in order to obtain an equivalent
blocks) actually produced degradation of performance, due to the chain ofa-carbons.
excessively small size of the blocks (that defeats the original idea of The RMSD measure contains some intrinsic and unavoidable
BBF). To handle larger proteins, it is possible to use larger blocks parts, that derive from the discretization of the backbone offcthe
(e.0. £ = 9), that include more nodes within the corresponding lattice. Clearly, this reduces the possible placements in the space
search subtree. Thus, a failure induced by the BBF strategy prunesand, at the same time, forces the backbone to adapt to the closest
a consistent portion of the tree and speeds up the search. To limitposition to the optimal folding. To quantify how this problem re-
the consequent amount of speedup and loss of accuracy, it is advisflects on the RMSD measure, we consider a protein from the PDB,
able to tune properly the parameteérqge.g. high values for slow  we select itsxv-carbons of the backbone, and we place them on the
but more accurate results). lattice. The placement fulfills our standard formalization of chain
In Table 3, we report a comparison between the results obtainedneighbors and allowed angles in the lattice. To maintain the fold-
in the original constraint structure [15] and the corresponding ones ing properties in the lattice, we compute the Euclidean distance for
obtained using the ideas reported in Section 4.1 and the BBF heuris-each pair of amino acids and we add a constraint on the correspond-
tic. In the columnCF we indicate whether a specific compact fac- ing discrete pair. The quadratic number of distances is sufficient to
tor was used (see Section 2)—when blank, we used a (high) defaultrecover the protein shape in the real space. Due to discretization,
value (see [15] for more details). In tAé\ column, we indicate the  the distance on lattice cannot be kept exact and thus we relax the
number of amino acids in the protein, while in t8ere Zonecol- constraint including aangeof allowed distances.
umn we identify the subsequence of the protein without the tails—  We tested the mapping dec with two short proteins: 1IEDPLY
since the tails are less stable and less relevant for a quality test. Theamino acids) and 1ZDD3¢ amino acids). For 1EDP, the RMSD
RMSDcolumn reports the RMSD values (between brackets we in- error is 6.58 and for 1ZDD is 3.64. These values are relatively
dicate the RMSD for the Core Zone) of the computed solution w.r.t. high, even if thefcc lattice is considered one of the best known
the native structure deposited in the PDB (c.f. Section 4.2.2). Atthe discrete approximations. 1ZDD is composed mainly:dfelices,
bottom of the table (marked with (**)), we report two larger pro- that can be well approximated on the lattice. Nevertheless, the error
teins, in order to demonstrate the power of the BBF heuristic, using is still of the order of the distance between two consecutive amino
larger size of the BBF blocksi(= 9). The thresholds are setto acids. These considerations stress the fact that our results are af-
t1 = 4 andtp,,,; = 2. The foldings of these proteins were be- fected by this kind of systematic errors, which are inherent in the
yond the capabilities of the original constraint structure, while the use of thefcc lattice and independent from the quality of our solu-
computation time is extremely low using BBF; furthermore, the tion strategies. As shown in [15], it is possible to eliminate these
RMSD errors are also sufficiently low, thus making this folding a errors by running some steps of molecular dynamics—e.g., using
reasonable input to a molecular dynamics refinement step. the Generalized Born implicit solvent method [24] as implemented
We also compare some of our results with those returned by thein the program CHARMM [9], applied to the initidtc disposi-
HMMSTR/Rosetta Prediction System [27]. This program does not tion of the backbone. After this relaxation, the molecule with a full
use a lattice as underlying model: aminoacids can take any positionatom description is closer to the local minimum of energy and, in
in R3. We have used it as ab-initio predictor (precisely, we have  general, eliminates the artifacts coming from the use of a discrete
disabled thehomologyand psi-blastoptions). The comparison is lattice structure.
obviously not fair because in our case secondary structure is known
and not predicted. Times are obtained from the result files, butit 4.3 S|CStus vs ECLiIPSe
is not clear to which machine they refer. Results are in Table 4.
HMMSTR prediction runs presumably faster, but our predictions
(which includes known secondary structure) improve the RMSD
for bigger proteins.

The results presented in the previous sections were based on the
CLP(FD) library provided by the SICStus Prolog system [10]. An-
other effective solver for finite domain constraints is offered by the
ECLIiPSe system [11]. In this section, we explore the impact of the

Name | N Our Rosetta different solvers on the performance of our protein folding problem
Time RMSD Time | RMSD solution. In particular, we tested the library CLZD) of SICStus
170D | 34 | 1m.51s. 5.2 5m.35s.| 3.5 Prolog 3.12.0 [10] and the librarigs and branch.and.bound of
1vVIl | 36 | 3h.40m.| 5.6 (4-32)| 5m.35s.| 4.2 ECLiPse 5.8 [11]. The tests have been performed using the opti-
1EOM | 37 | 4h.30m.| 6.3 (8-29)| 6m.35s.| 7.7 mized constraint system described in the previous sections. The
2GP8 | 40 | 1m.33s.| 3.6 (6-38)| 6m.35s.| 6.4 aim is to compare the features of the two constraint solvers and, at
1EDO | 46 | 1h.43m.| 6.2 (3-40)| 7m.23s.| 8.9 the same time, understand which search strategy fits better to the
problem.
Table 4: Comparisons with Rosetta predictions As first test, we compared the efficiency of the built-in branch-
. . and-bound solver. We coded the same program in SICStus and
4.2.2 RMSD: Discussion ECLiPSe—in the first case using theni ni ze option offered by

The root-mean-square deviation (RMS)the common mea- the built-inl abel i ng predicate, that starts a branch and bound



Results from [15] New results with BBF Core
Protein CF AA Time Energy RMSD Time Energy RMSD| Zone | Speedup
1LEO 12 1.3s  -9040 2.8(2.6 0.80s  -6251 39(3.2) 211 1.6
1KVG 12 7.3s  -14409 2724 4.12s -12661 4.1(4.1) 2-15 1.8
1LE3 16 2.3s -13653 3.0(2.7 1.53s -11289 4.6(3.4) 3-11 15
1EDP 17 20.4s  -19389 43(1.1 0.53s  -24492 4.0(1.1) 9-15 38.4
1PG1 18 14.6s -10126 6.0 (5.2 0.83s -27016 4.2 3.2) 4-17 17.6
1EON 27 7m54s  -12029 52 (5.1 3m -22308 6.4 (4.5) 3-24 2.6
1ZDD 34| 17m25s -22350 4.0(4.0) 1mb51ls -18455 5.3(5.2) 5-34 9.4
vi 36 7h42m -26408  10.2(7.8) 3h40m -25914 6.0 (5.6) 4-32 21
Vil 03 36 3h58m -28710 8.0 (7.4) 22m41s -19181 8.2(8.1) 4-32 105
1EOM 37 (*) 24h  -30163 8.9 (4.4)] 4h35m -26745 9.2 (6.3) 8-29 >52
2GP8 40| 10h39m -29196 49(3.5) 1m33s -15187 6.6 (3.6) 6-38 412.3
1EDO 46| 9h38m -38218 8.0(7.2) 1h43m -31565 6.9 (6.2) 3-40 5.6
1ENH 54 (*) 24h  -23373 9.9(8.6)) 55m6s -28559  11.1(9.5) 8-52 >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) 2h35m -45462 10.6 (10.5) 6-59 1.9
2ERA 0.19 61| (¥)1000s -38138 11.6(10.6) (*) 1000s -45006 11.9(11.7) 3-55 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) 12-52 1
1FVS 015 72 ** 11m49s -58587 13.1(13.5) 13-70 -
1B4R 0.16 80 **) 25m47s -78140 13.1(13.1) 2-79 -

Table 3: Computational results and comparisons.

search; for ECLiPSe we invokedcanpl et e search oic as pa- o 1PG1 (54 Vars) 1EON (81 Vars)
rameter of thédb_ni n predicate in thédranchand.boundlibrary. Heuristic | Time Energy| Time Energy
Table 5 compares the results. On average, the SICStus solver per- SICStus | 0.73 -27016] 78.0 -25493
forms 12.3 times faster than the ECLiPSe solver. For these tests, Lds(0) 0.22 -20767] No No
we make use of a 2.4GHz Pentium 4 PC. Lds(1) 1.79 -21412| 11.17 -13715
ID AA | SICStus ECLiPSe Optimum Ratio Lds(2) 8.8 -27082| 93.0 -14958
1LEO 12| 25.7s 314s -9072 12.22 Bbs(10) 0.3 -20676| 1.3 -12017
1KVG 12 23.2s 319s -14571 13.75 Bbs(100) | 2.17 -22253| 5.6 -12017
1LE3 16| 85.0s 990 s -11840 11.65 Bbs(1000)| 40.8 -27853| 75.0 -17221

1PG1 18 6.3s 70.5s -27853 11.14

Figure 5: SICStus and ECLIiPSe times (in seconds)

Table 5: ECLiPSe vs. SICStus branch-and-bound performance e once a solution is found, it is likely that another interesting solu-

On the other hand, ECLiPSe offers a number of additional built-  tion lies in a complete different part of the search tree—which is
in search heuristics, that can be selected when solving a minimiza-  in contrast to the BBS strategy, that performs a fixed number of
tion problem. We tested the following built-in strategies: Lie- backtracks, and thus it keeps the search in the proximity of the
ited Discrepancy Search (LDSheBounded Backtracking Search solution found;

(BBS) and theDepth Bounded Search (DBSjogether with LDS. o the complete exploration of the first levels of the tree (as done in

The LDS strategy looks for neighbors of an admissible solution  pBS) is time consuming, and a more selective heuristic should
that differ only in a limited number of different choices (discrep- be employed.
ancies) in labeling [32]. The BBS strategy limits to the number of

backtracking steps performed in the search tree. The DBS strategy 1EON ‘ Ti Y:g ‘ Ti Y:é ‘ Ti Y:E

expands completely a specified number of levels from the root and —— ime nergy 2|me n;rgy 'rgz ne:;g)zl

then explores the remaining tree with a specified technique (LDS =1 No No 15 -13715 1 -15

in our experiments). X=2 No No | 30.3 -12688| 219 -15382
In Tables 5 and 6 we report the results obtained from various X=3 No No| 459 -14052| 326 -18046

benchmarks using the different ECLiIPSe heuristics. In these exper- . . . .

iments we made use of the optimized constraint structurevithit Figure 6: Strategy Dbs(X,lds(Y)) test. Times in seconds

outthe BBF strategy. Table 5 compares SICStustothe LDS andthe Nevertheless, the experiments performed with ECLiPSe high-

BBS strategies. Table 6 focuses on the DBS strategy. Even if the light that some of the search strategies (e.g., the BBS strategy) can

SICStus solver is faster than ECLIiPSe, it does not offer a compa- produce solutions that are suboptimal in terms of global energy, but

rable selection of built-in search strategies. Our pruning heuristic in a significantly shorter period of time. This could be useful in sit-

is implemented at a very high level, and thus not as efficient as uations where an optimal solution requires too much time and an

possible. Nevertheless, it performs better in terms of time and bestapproximation is satisfactory to work with. These considerations

solution found. None of the tested ECLIPSe strategies is able to suggest also that a more efficient search could be performed on a

produce fasteor better results than our heuristic in SICStus. specific solver in which we handle the search tree at low level and
One of the problems we observed is that the ECLiIPSe heuristics implement some new heuristics, more suitable to our problem.

do not properly fit the problem. Conceptually, we would like to )

explore the space considering that: 4.4 Further Experiments

e small changes in the protein folding are not relevant to the global  In this section, we summarize some additional promising ideas
energy—which is the opposite of what the LDS strategy does; that we explored in this project; in spite of looking theoretically



promising, once implemented, these strategies failed to provide alarge. The second issue relates to constraint propagation and prun-

benefit. They are not part of our system, but they deserve to being of the search tree through problem-dependent heuristics, that

discussed. are more effective when applied to large search trees—i.e., fewer
In our approach we explore the search space on the lattice struc-tasks. Hence, the task scheduling strategy should strike a proper

ture, instantiating variables with ground values drawn from their balance between these two conflicting requirements.

finite domains. Another approach is to bisect the search space at .

each labeling step, non-deterministically adding some extra con-5.1 ~ Overview of the System

straints that specify, e.g., whether a variable is even or odd. The The system is composed of three componenisader, asched-

idea is that the interaction of these constraints should efficiently yler, and a set otlients Figure 7 shows the components and the
prune the search space, and allow propagation to force more vari-main interactions.

ables to ground values. The idea seems promising, sinctethe
lattice relies on properties based on the even relationships of its
points. Unfortunately, the implementation of these idea provided
relatively poor performance. The reasons can be found in the lack
of propagation due to the distance between the points that get as-
signed values.

We also tried to investigate the order in which variables should
be explored. We tried to first label tBé coordinates of every point, Task
and later the other two coordinates, in the hope that some propaga- Scheduler | 149

tion could already prune parts of the search space. The intuition
is that the lattice structure creates tight dependences between co-
ordinates; thus, fixing one coordinate is expected to quickly affect

the others. Also in this case, the resulting performance was very Client

poor—mostly due to lack of propagation (fixing one coordinate is
not sufficiently strong to propagate on the neighboring points).

We explored other variations in the order of labeling of the vari-

=> Request_sI2}
=> Assign_task
=> Rescheduling
=> Termination,

Client

<= Size
<= Task_requed
<= Sub_task Client

ables. We considerdayamino acids, i.e., a subset of the sequence Figure 7: The parallel system
composed of samples of the original primary sequence. The subse- The oader is a C program, in charge of creating the communica-
quence has been created by taking one amino acidepobitions tion channels—realized using shared memory segments—between

(amino acidss;z, for every allowed). The idea is that, by labeling  the scheduler and the clients. In addition, the loader is in charge of
these amino acids first, we should be able to considerably restrict |3 nching both the scheduler and the clients, as parallel processes.
the number of choices left for the amino acids lying in between g system we developed makes use of a centralized scheduling
two key amino acids. The labeling order is, thus, all the key amino machanism. The scheduler is also a C program, that handles the dy-
acids first, followed by all the others. This idea showed that, when- namic distribution of tasks to the clients, and implements strategies
ever we increase the valug the tree explored increases in size as  for |gad balancing. Each client is a CLP program, that explores the
well. This can be explained by the fact that, ongg is ground, subtree (i.e., task) assigned to the client by the scheduler. When the

there is an exponential number i of choices for the placements 55k js exhausted, the client will notify the scheduler that it is ready
of s(i11)&- Thus, the possible reduction in the number of confor- 4 receive an additional task.

mations for the amino acids between key elements does not suffi-

ciently balance the number of alternatives for the key elements. We 5 2 Scheduling and Communication
concludeq that labeling aminq acids that are next to ground ON€S " The centralized scheduler implementdigect schedulingstrat-
(as done in the system described earlier) is really the choice thategy. It relies on a static partitioning of the search tree, performed

“mlétif];me r\?vgs;tt)k;ir(\a/)é%ot?]eal?naedr?(;?n\gvit: %Lti:;racfg trgeératin di- according to user defined parameters. During direct scheduling,
Y: P 9 yop 9 tasks are assigned to clients upon request.

rectly on the complete _I'5t containing f'rSt. the amino aC|ds_|n t_he The scheduler determines the initial pool of tasks to be assigned
central part of the protein and then the amino acids in the tails (i.e., - . - .
(task queuen Fig. 7)—according to a static expansion of a user-

. o o S
the list [Body, Tails]) is 10% faster than searching first [Body], and specified number of leveld.évels) of the search tree. Since the

e . o el . seheduler i C progra,  does ot have access to th colec
9 tion of constraints; thus, the initial pool of tasks is generated by

heuristics on the full search tree. the clients, and retrieved by the scheduler during the initialization
phase. Here, the first client is in charge of precomputing the expan-

5. APARALLEL SOLUTION sion of Levels levels of the search tree and of returning the result

In this section we provide an overview of a parallel scheme we of the expansion to the scheduler. The task queue is initialized with
designed to solve the protein folding problem. The overall paral- a set of subtrees of the search tree, all with roots at the same depth
lelization scheme has been designed as a customization of generain the tree Level). Each task is described by the list of nodes in
or-parallelism techniques [19] to the structure of the problem at the branch that connects the root of the search tree to the root of
hand. The parallel scheme builds on the constraint structure de-the task subtree. The scheduler assigns a task to a client whenever
scribed in the previous sections. The search for solutions is divided the client sends task_r equest message. The task is assigned
among a number of processors, and the search tree is fragmentedbo the client by communicating the list of nodes describing it. The
into subtrees (callethskg and distributed for parallel exploration.  message that brings the task to the client is caMlesli gn_t ask.

There are two main issues related to the task assignment. The Due to the irregular structure of the search subtrees—because of
firstis that the tasks should lmiformlydistributed among proces-  the pruning performed by the constraint propagation process and
sors during the execution; this is easier if the number of tasks is by the heuristics—it is necessary to provide load balancing mech-



anisms. These mechanisms are employed when the scheduler hathe lengthn of the list is stored in the array positidh The first
an empty task queue, and there is a mix of active and idle clients in byte of the array is used also as a synchronizing flag, to ensure that
the system. The purpose of load balancing is to dynamically gen- the reader accesses the data only once they have been completely
erate new, smaller tasks, by further partitioning some of the tasks transferred in the communication buffer.
that are still active. Such smaller tasks can then be reassigned to the During the execution of Prolog predicates, we also relied on low-
idle clients. The load balancing is implemented biescheduling level C routines to maintain an efficient representation of the cur-
procedure, activated by the scheduler every time there is at leastrent state of execution of the task. This allows us to maintain a
one idle client and the task queue is empty. In this case, the sched-simplified representation of the state of the execution across the
uler selects, with &eschedul i ng message, the client that has  branches of the subtree (which are explored via backtracking by the
the estimated highest load of work. Due to lack of space, we do not Prolog system) and it simplifies communication with the scheduler
provide technical details on the rescheduling procedure. during load balancing.

The scheduler takes also care of detecting global termination. .
Termination occurs when the task queue is empty and task requesté-5 EXpe”mental results
have been submitted from all clients. In such a situation, the sched- In this section, we report the experimental results obtained from

uler returns &er mi nat i on message to each client. the execution of our parallel system. The experiments have been
. performed using a HP RP8400 NUMA architecture, with 14 PA-
5.3 Structure of the Client RISC processors, 8GB RAM, and running HP-UX 11.1.0.

Each client is a CLP program that implements the process of Table 6 shows the times, in seconds, of the parallel execution of
solving the constraints on a given subset of the search space—i.e.the program, using the BBF strategy, no rescheduling and 8p to
a subset of the domains of the variables in the problem. When parallel clients. We have parallelized the code on numbers of pro-
launched, a client imports protein data, defines variable domains cessors that are powers of 2. For each protein, thelfitstrels of
and applies constraints. After the initial loading, the first client the tree are fully expanded. For the protein 1EON we also included
communicates back to the scheduler the list of partial assignmentsthe results obtained using a valuelefrels equal to3—as this is

(Tasks) obtained from the expansion of the search treg.éstels sufficient to generate a sufficient number of tasks. The correspond

variables. ing speedup curves are depicted in Fig. 8. The last column reports
After that, each client starts a loop composed of three operations: the execution time, on one CPU of the parallel machine, of the code
1. delivery of aTask_r equest to the scheduler, from [15].
2. wait for assignment of a tasRgsi gn_t ask), and Processors [15]
3. execution of the task. Protein 1 2 4 8| 1

The processing of a task is based on the CLP scheme described ear- 1PG1 1251  6.21 35 211 487

lier. During each task execution, the client checks for eventual re-  1KVG 13.03 7.56 3.99 273 249

quests foReschedul i ng—realized by breaking down the label- 1LE3 16.36  10.63 566 251 82

ing process into labeling of smalller lists. If the request is received, ~ 1EDP 11.91 6.4 342 119 678

the client stops the execution and communicates all the subtasks 1EON 239.9 160 136.2 118.5598.4

left to the scheduler. The client stops its execution when it receives ~ 1EON 3Levels | 2249 1367 141.72 82 598.4

the special termination signal.

5.4 Implementation Details Table 6: Parallel Execution Time (in seconds)

The parallel system has been implemented using a combination These performance results show that the scalability factors are
of C programming and Constraint Logic Programming (specifically strongly dependent on the specific problem. We discuss here some
SICStus Prolog 3.12.0 [30]). The activation of the processes imple- of the reasons that generate this behavior. First of all, the subdivi-
menting the scheduler and the clients is accomplished by standardsion of the search tree into tasks does not imply an equal partition
f or k calls of C issued by the loader. Separate processes are creof the workload. In fact, since constraints and heuristics are applied
ated for the scheduler and for the different clients. to the trees during the search, their effect on a local portion of the

The communication is realized using shared memory — in de- search tree can result in a different pruning compared to the same
tail, using the IPCshmlibrary. Since the clients are written in  subtree during a sequential search. This effect can have appreci-
Prolog, it is necessary to encapsulate some low level C routines toated side-effects: for instance, the superlinear speed-up obtained
access the shared memory. This has been realized using the foreigin the cases of 1IEDP and 1EON (3 levels). Let us observe that,
interface of SICStus Prolog. The use of a low level implementation although the sequential speed up for some proteins is of the order
of shared memory communication mechanisms has been dictatedf 40 (e.g., for LEDP—see Table 3) and the parallel speed up is
by the need for fast interaction between processes. SICStus Profor some proteins of the order of 10 with eight processors (e.qg., for
log provides existing libraries for interprocess communication, e.g., 1EDP), the combined speed up is only of the order of 60 (instead of
those based on the Linda paradigm, but tests revealed that acces400). The reason is the overheads associated to the management of
to shared data using Linda blackboard takes about 10ms, while ourparallel tasks—e.g., task exchange, communication costs, and the

implementation using shared memory requires oply (L0° times cost of resetting the constraint store when a new task is acquired.
faster). The reason is that we require a less stringent synchroniza-The latter cost, that seems to be the most significant one, could be
tion behavior. removed by introducing a more ad-hoc handling of constraints—

The message exchange between clients and the scheduler is reie., bypassing some of the constraint-handling functionalities of
alized using shared memory queues. For boolean messages, e.gSICStus.
Request _si ze and Task_r equest, a single byte is written, An aspect that is important to emphasize is that clients share their
while the reading process checks the same memory location. Forintermediate results by placing them in shared memory, where it
passing more structured data, e.g., lists specifying the tasks, thebecomes accessible to every other client. In particular, the shared
n list elements are written in an array from locatibrio n, and memory allows the agents to share their current best solution, effec-



tively parallelizing the branch-and-bound process. Let us assumeassume that we know in advance two substructures of a protein.
that the taskd, ... T, are explored in that order in the equiva- In particular, we use the sequence XYX, where X is a known pro-
lent sequential algorithm. In the parallel case, every task can taketein sequence and Y is a fixed-length linking coil of non-interacting
advantage of an earlier-found new bound for the search. For exam-amino acids. The idea is to predict the structure of the sequence
ple,T; andT}, with i < j, are explored in parallel, and a new best XYX, using as input some strong constraints derived from the al-
solution is found inT};. This allows a client to prun&; as well, ready known conformation of X. In our example, the two subunits
resulting in a speedup in the search. On the other hand, though, theX represent two generic structures that are known. In detail, we
symmetric case can aris&; can be explored extensively because use the Euclidean distances between every pair of amino acids in

of a late discover of a bound ifi.. In the sequential casg; would the conformation of X as an additional constraint. This would be
have been pruned from the very beginning, becduseould have sufficient to recover the exact shape of the two Xs, if the original
been completed before even starting the exploratiofi;of Thus, model was predicted on lattice (see the discussion in Sect. 4.2.2).

the way the partitioning of the search tree in tasks is performed In our tests, we used as shape model for X the proteins 1EDP,
will dramatically affect the search. As reported in the experimen- 2GP8, and 1ZDD, as predicted by our tool fat. In Table 7,

tal data, for the protein 1EON, we launched two different sets of we report the length (Len) dfXY X | and the time (in seconds)
initial tasks, resulting from an expansion of respectivglgnd 4 required to predict the structure of XYX, for different lengths of
levels of the search tree. The effect of this choice is dramatic, and Y. For the search, we used SICStus Prolog 3.12.0 and our pruning
it shows how the early discover of some local optima in the search heuristic (without BBF strategy) on a 2.4GHz Pentium PC.

can drastically reduce the entire search. We plan to investigate in X=1EDP X=1ZDD X=2GPS§
the future the design of problem-dependent partitionings, in order Y| | Len Time| Len Time| Len Time
to take advantage of this parallel sharing of information. 0l 34 29s] 68 10.7s| 80 47.9s
1| 35 16.5s] 69 22.2s| 81 1m45s
2| 36 27.1s| 70 25.5s| 82 1m2ls
3| 37 28.1s| 71 40.4s| 83 2m35s
‘ [ 4| 38 1m3s| 72 509s| 84 7m5s
;[ 1Pc1
10— - |G—© 1KVG -
! - 1LE3 e
1 A—AN 1EDP 7/ . H
0 o0 1EON = Table 7: Resolution of the XYX problem
| B IEON Sk o The execution times grow according to the length of the coil Y.

As expected, for proteins of this size but with partially known struc-
ture, the times are significantly lower than a prediction that uses
only the secondary structure information. This allows our system
to handle larger protein complexes.

In Table 8 we recomputed the execution times, disabling our
pruning heuristic and replacing it by the SICStus built-in branch
and bound search. It shows the exponential growth depending on
the length of the inner colt”. Note how our heuristic (see Table 7)
considerably reduces the execution times.

|Y| | Len X=1EDP| Len X=1ZDD | Len X=2GP8
0 34 7.0s| 68 15.8s| 80 3ml5s
1| 35 36.6s| 69 1m6s| 81 16m40s
2| 36 3mils| 70 6mil4s| 82 1h25m
3 37 14mi1b5s| 71 33m6s| 83 7h36m

Speedup

Processors

Figure 8: The parallel speedup without rescheduling

Let us conclude by observing that, during our experiments, the
rescheduling procedure has been rarely effective in improving per-
formance. This is due to the poor interaction between the fairly
“sequential” way of rescheduling tasks and the more sophisticated 7. CONCLUSION AND FUTURE WORK
exploration imposed by our heuristic strategies. Work is in progress | this paper, we provided a formalization of the protein folding
to adapt rescheduling to better match our search strategies. problem on face-centered cubic lattice structures. The formaliza-

tion has been transformed in a constraint system, and solved using
constraint solving over finite domains. We analyzed different ways
6. SCALABILITY ON MACRO BLOCKS of organizing the constraint structure, and different heuristics and

In this section we provide some ideas about the possible applica-search strategies to solve them. We presented and tested a new
tions of our program to tackle larger proteins. When dealing with search heuristic (Bounded Block Fails), well suited for this prob-
large proteins, it is common to encounter situations where the con- lem. We also provided a way to parallelize the process of exploring
formations of various subsequences are already known (e.g., bythe search space, allowing concurrent constraint solvers to cooper-
homology). Thus, the problem of predicting the structure of the ate in the search of an optimal folding.
whole protein is conceptually equivalent to predicting the place-  The results collected from the different approaches to the prob-
ment of few rigid macro blocks, that are linked together by some lem (sequential search strategies, parallel implementations, differ-
coils. These ideas could be exploited by our prediction tool. entimplementations of solvers) converge on the need of a new dedi-

We defined the following example, to demonstrate that the cur- cated and efficient solver. The analysis in Section 4.3 suggests that
rent model can be feasibly used to attack larger proteins. Let usthe only way to significantly improve our framework is to access

Table 8: XYX problem using built-in branch-and-bound



the search tree at a lower level, and to implement new heuristics
more suitable to the problem. Since this is not allowed by the cur-
rent implementations of SICStus and ECLiPSe, we plan to develop
our own ad-hoc constraint solver. The new solver will be dedicated
to problem on lattices (and thus more efficient) and will implement

[14] P. Crescenzi et al. On the complexity of protein folding. In
Proc. of STOCpages 597-603, 1998.

[15] A. Dal Pali, A. Dovier, and F. Fogolari. Constraint logic
programming approach to protein structure predict®@MC
Bioinformatics 5(186), 2004.

ad-hoc search strategies. The new solver, applied to the protein[16] A. Dal Pali, A. Dovier, and F. Fogolari. Protein folding in

folding problem offcc, is expected to allow us to tackle larger
problems—the final goal is to manage proteins composed of 500
amino acids. As shown in Table 3, currently we can solve (without
using scalability—Section 6) proteins of length in the order of 80
amino acids.

We also plan to continue the development of the parallel solu-
tion; in particular, we intend to develop rescheduling strategies that

better match the heuristics employed by the sequential system, al-

lowing for a more effective load balancing and scalability.
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