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Abstract. The paper describes the formalization and implementatfaancef-
ficient constraint programming framework operating on 3istal lattices. The
framework is motivated and applied to address the problesobfing the ab-
initio protein structure predictioproblem—i.e., predicting the 3D structure of a
protein from its amino acid sequence. Experimental resigisonstrate that our
novel approach offers up to a 3 orders of magnitude of speeaimpared to other
constraint-based solutions proposed for the problem at.han

1 Introduction

In this paper we investigate the development of a gerenstraint frameworlkor dis-
crete three dimensional (3D) crystal lattices. Theseckattructures have been adopted
in different fields of scientific computing [7, 15], to pro@d manageable discretization
of the 3D space and facilitate the investigation of physacel chemical organization of
molecular, chemical, and crystal structures. In recentsydattice structures have be-
come of great interest for the study of the problem of conmuuéipproximations of the
folding of protein structures in 3D space [20, 3,11, 12, ITHE basic values, in the con-
straint domain we propose, represent individual lattidespand primitive constraints
are introduced to capture basic spatial relationshipsinvitfie lattice structure (e.g.,
relative positions, Euclidean and lattice distances)ia¥es representing those points
can assume values orfiaite portion of the lattice. We investigate constraint solving
techniques in this framework, with a focus on propagatichsearch strategies.
The main motivation behind this line of research derivegiftbe desire of more scal-
able and efficient solutions to the challenging problem dédwrining the 3D structure
of globular proteins. Therotein structure predictiotfor protein folding problem can
be defined as the problem of determining, given the molecalaposition of a protein
(i.e., a list of amino acids, known as themary structure, the three dimensional (3D)
shape fertiary structurg that the protein assumes in normal conditions in bioldgica
environments. Knowledge of the 3D protein structure islhitanany biomedical ap-
plications, e.g., for perfect drugs design and for pathatggaction. We allow as input
somesecondary structur&nowledge (i.e., local 3D rigid conformations) that can be
obtained directly from the primary sequence using preddtbd]. We can classify our
problem asab-initio, since there is no other input information.

Inrecent decades, most scientists have agreed that thertustive folding problem
lies in the concept of thenergy stat®f a protein. The predominant strategy in solving



the protein folding problem has been to determine a stateecditnino acid sequence in
the 3D space with minimum energy state. According to thisthehe 3D conformation
that yields the lowest energy state represents the pretedtitiral shape (a.k.a. thative
conformation. The energy of a conformation can be modeled usingrgy functions
that determine the energy level based on the interactiotvgele@ any pairs of amino
acids [6]. Thus, we can reduce the protein folding probleemtoptimization problem,
where the energy function has to be minimized under a cadlecif constraints (e.g.,
derived from known chemical and physical properties) [9].

The problem is extremely complex and it can be reasonablplgied in several
aspects, in order to reduce the overall complexity, witlemmpromising the biological
relevance of the solutions. A common simplification reliestioe use ofattice space
modelgo restrict the admissible positions of the amino acids éngpace [1, 21, 20]. In
this discrete space framework, the use of constraint sphéohniques can lead to very
effective solutions [11, 3}.Previous work conducted in this area relied on mapping the
problem to traditionaConstraint Logic Programming over finite domains (CLP(FD))
(or making use of integer programming solutions [15]). 14,[12], we showed that
highly optimized constraints and propagators implememteel P allow us to achieve
satisfactory performances on small/medium size instarioggoving precision over
previous models [3]. Unfortunately, the CLP(FD) libranes explored (SICStus Prolog
and ECLIiPSe) proved ineffective in scaling to larger instof the problem [12]. Fur-
thermore, these libraries provided insufficient flexililit implementing search strate-
gies and heuristics that properly match the structure opoaiolem.

In this paper, we overcome the limitations of CLP(FD) enogdiby implement-
ing the protein folding problem in our novel lattice consgitgprogramming frame-
work. The novel solver is an optimized C program, that immats techniques for
constraint handling and solution search, dealing direstith lattice elements—i.e.,
our native FD variables represent 3D lattice poifstice variable$. We include an
efficient built-in labeling strategy for lattice variablasd new search techniques for
specific rigid objects (predicted secondary structure el@s). The experimental re-
sults obtained show a dramatic improvement in performah@e-{0° speedups w.r.t.
SICStus 3.12.0 and ECLiPSe 5.8). We also implemented idehkeuristics discussed
through the paper and show our solver is robust enough tdetackteins up to 100
amino acids and to produce acceptable quality solutiongngihe model in use. We
show that the encoding of the protein folding problemFarte-Centered Cubiddc)
lattices using our native lattice constraint framework, allows asptocess signifi-
cantly larger proteins than those handled in [11,12], diyear by viewing them as
clusters composed of known parts. The code discussed inager gan be found at
www. di mi . uni ud. it/ dovier/PF.

2 A new Constraint Solver on 3D Lattices

We describe a framework developed to saBanstraint Satisfaction Problen{€SPs)
modeled on 3D lattices. The solver allows us to define lattar@ables with associated
domains, constraints over them, and to search the spacemdsitile solutions.

1 Even with simple lattice models, the problem is NP-comp|&€3.



2.1 Variables and Domains

Crystal Lattices. A crystal lattice(or, simply, a lattice) is a graphV, E), whereN is a
setof 3D point§ P,., P, P,) € Z?, connected by undirected edgé3 (Lattices contain
strong symmetries and present regular patterns repeatkd 8pace. If all nodes have
the same degrek then the lattice is said-connectedGiven A, B € N, we define:
e thesquared Euclidean distanes:cucl (A, B) = (B,—Ay)?+(B,~A,)?+(B.—A.)?
e thenorm infinityas:normea (A, B) = max{| By, — A,|, |By — 4,],|B. — 4.|}
In this work, we focus officc lattices, where:
N ={(z,y,2) | z,y,z € Zandz + y + z is ever} and
E={(P,Q)|P,Q € N,euc(P,Q) = 2}.
Lattice points lie on the vertices and on the center pointaahe
face of cubes of size (Fig. 1). Points at Euclidean distan¢@
are connected and their distance is callgtice unit Two points

are incontactiff their Euclidean distance i8. This lattice is12- 1
connected. In [17] it is shown that tec model is a well-suited 2
realistic model for 3D conformations of proteins. Fig. 1: An fcc-cube.

Domains. A domainD is described by a pair of lattice point®, D), whereD =
(D,,D,,D.)andD = (D., D, D.). D defines &ox
Box(D)z{(gc,y,z)EZ?’ : D, <x<D, A ngygﬁy/\ D, Szgﬁz}
We only handle the bounds of the effective domain, since ailédtrepresentation of
all the individual points in a volume of interest would bedasible (due to the sheer
number of points involved). The approach follows the sanigtgs the manipulation
of finite domains using bounds consistency [2]. The choicaediting a single variable
representing a three dimensional point is driven by the flaat consistency is less
effective when independently dealing with individual cdioates [16]. We say thd® is
admissiblaf Box (D) contains at least one lattice poiti?;is groundif it is admissible
andD = D; D is empty(failed) if D is not admissible. We introduce two operations:
e Domain intersectionGiven two domaind) and E, their intersection is defined as
follows: DN E = (1 (D, E), | (D, E)) where:
T(D,E) = ( maX{vaEm}v maX{vaﬂy}v maX{szﬂz} )
| (D, E) = (min{D,, F;}, min{D,,E,}, min{D,,E.} )
e Domain dilation Given a domairD and a positive integet, we define the domain
dilation operation (that enlargd®ox (D) by 2d units) D + d as:
D+d=(D,-d,D,—d,D,—d),(Dy+d,Dy+d,D. +d))

Each variablé/, that represent lattice points, is associateddormainD¥ = (D", DV),

2.2 Constraints

We define the following binary constraints on variables,eldlasn spatial distances.
Given two lattice variable®;, V> andd € N, we define the constraints:
CONSTR.DI ST_LEQV1, V2,d) < 3P, € By,3P, € By s.t.norme(Pr, P2) <d
CO\ISTR_EUCL(Vl, Vs, d) < 4P € By, AP, € By S.t.eucl(Pl, PQ) =d
CONSTR.EEUCL_LEQ(V1, Va,d) < 3P, € By,3P, € By s.t.eucl(Py, P2) < d
CO\ISTR_EUCL_G(Vl, Vé,d) & 4P, € By,dP, € By S.t.eucl(Pl,Pg) >d

whereB; = Boxz(D"'), By = Boxz(D"?), andPy, P; are lattice points.



All the constraints introduced are bi-directional (i.gsnetric). Nevertheless, for
practical reasons, we treat them as directional conssaistng the information of the
first (leftmost) domain to test and/or modify the second doam@onsequently, every
time a constrain€ over two variables has to be expressed, we will add in thetcins
store both constraints(V1, Vs, d) andC(Vs, V4, d). A Constraint Satisfaction Problem
(CSP)on the variable$/, . .., V,, with domainsD"*, ..., DV~ is a set of binary con-
straints of the form above. A solution of the CSP is an assartraf lattice points to the
variablesVi, ..., V,, such that the lattice points belong to the correspondimigvie
domains and they satisfy all the binary constraints.

Proposition: The general problem of deciding whether a CSP in the latteeéwork
admits solutions is NP-complete.
Proof [Sketch]: The problem is clearly in NP. To show the NP-hardness, weagdu
the Graph 3-Colorability Problenof an undirected grapl#(V, E) in our CSP (we
refer to cubic lattices. For other lattices, additioBGBNSTR_EUCL _G constraints might
be required to identify 3 points in the box). For each nages V, we introduce a
variableV; with domainD": = ((0,0,0), (0,0, 2)). Box(D"%) contains three lattice
points(0, 0, ), corresponding to the colgt For every edge = (n;,n;), we add the
constraintCONSTR EUCL _G(V;, V;, 0), that constrains the points represented by the
variables to be at a distance greater than O (i.e., haveexeiiff color). |
Theconstraint storas a data structure used to implement a CSP, representing con
straints, variables, and their domains. In our impleméontatit is realized as a dynamic
array. For efficiency, we also maintain, for each variatjethe adjacency list con-
taining links to all the constraintS'(V;, V;)—those that have to be considered after a
modification of the domain abV:.

2.3 Constraint Solving

We modeled the solver considering the constrain phaseatepdrom the search phase.
Thus, neither new variables nor constraints can be addedgine search.

Propagation and ConsistencyThe constraint processing phase is based on propagat-
ing the constraints on the bounds of the domains in the 3 diioea at the same time,
i.e., modifying the boxes of the domains.

The constrainCONSTR.DI ST_LEQ(A, B, d) states that the variablesand B are
distant no more thad in norm.,. It can be employed to simplify domains through
bounds consistency. The formal rule iB? = (D4 + d) n DB.

The constrainlCONSTR EUCL_LEQ(A, B, d) states thatd and B are at squared
euclidean distance less than or equakitoThe sphere of radius/d, that contains
the admissible values defined by the constraint, can be gippated by the minimal
surrounding box that enclose it (a cube with sitle/d|). The formal propagation
rule is: DB = (D4 + [Vd]) n D®. This rule can also be applied in the case of
the CONSTR_EUCL constraint (this constraint impli€@ONSTR_EUCL L EQ). The con-
straintCONSTR_EUCL _G does perform any propagation. We also assume that an even-
tual cost function (to be optimized during the search fousohs) does not propagate
any information to the domains and thus it is handled as srepaluation function.

Propagation is activated whenever the domain of a variabteodified. Let us con-
sider a situation where the variabl@s= {V1, ..., Vi_1} have been bound to specific



values,V, is the variable to be assigned next, andM&& = {Viy1,...,V,} be all
the remaining variables. The first step, after the labeliih§;0 is to check for consis-
tency the constraints of the for@i(V}, V;), whereV; € G (this is thenode consistency
check). The successiy@opagationphase is divided in two steps. First, all the con-
straints of the fornC'(Vj,, V;) are processed, wheté € NG. This step propagates the
new bounds of/; to the variables not yet labeled. Thereafter, bounds ctamsig, using
the same outline of AC-3 [2], is applied to the constraintthefformC(V;, V;), where
Vi, V; € NG. We carefully implemented a constant-time insertion fardimg the set
of constraints to be revisited, using a combination of aayato store the constraints
and an array of flags for each constraint. This leads to theWoig result:

Proposition: Each propagation phase has a worst-case time complexi(of- ed?),
wheren is the number of variables involvegdis the number of constraints in the con-
straint store, andl the maximum domain size.

Proof [Sketch]: Let us assume that the varialileis labeled. Each propagation for a
constraint cost$)(1), since only arithmetic operations are performed on the doma
of the second variable. Let us assume that for each pair adhles and type of con-
straint, at most one constraint is deposited in the comdtstore (it can be guaranteed
with an initial simplification). In the worst case, there &én) constraints of the form
C(V;,V;,d), whereV; is not ground. Thus, the algorithm propagates the new infor-
mation in timeO(n), since each constraint costs constant time. The worstitase
complexity of AC-3 procedure i©(ed®), wheree is the number of constraints in the
constraint store and the maximum domain size. |
Handling the Search Tree.The search procedures are implementations of a standard
backtracking+propagatiosearch procedure [2]. The evolution of the computation can
be depicted as the construction of a search tree, wheretdraéh nodes correspond to
guessing the value of a variablelfeling) while the edges correspond to propagating
the effect of the labeling to other variables (through thestrints). We implement two
variable selectiorstrategies: deftmoststrategy—it selects the leftmost uninstantiated
variable for the next labeling step—andist-fail strategy—it selects the variable with
the smallest domain size, i.e., the box with the smallestbermof lattice points. The
process of selecting the value for a variableelies onD"', on the structure of the un-
derlying lattice and on the constraints present. E.g. fotdattice, if IV is known to be
only 1 lattice unit from a specific point in the lattice, then it hadyol 2 possible place-
ments, that can be tested directly, instead of explorindutieontent of Box(DV').

At the implementation level, the current branch of the dearee is stored into an
array; each element of the array represents one level ofutrert branch. A value-
trail stack is employed to keep track of variables modifiedirdy propagation, and
used to undo modifications during backtracking. Moreoverallow the possibility of
collapsing levels of the search tree, by assignisgt®f (related) variables in a single
step. This operation is particularly useful when dealinthwiariables that represent
points that are part of a secondary structure element.

2.4 Bounded Block Fails heuristic

We present a novel heuristic to guide the exploration of dzech tree, calleBounded
Block Fails (BBF) This technique igeneraland can be applied to every type of search,



though it is particularly effective when applied to the jgiatfolding problem [12]. The
heuristic involves the concept bfock Let V' be

alist[Vq,...,V,] of variables and constants (i.e.

ground variables). The collection of variables fifi]

V is partitioned irblocksof fixed sizek, such that| [va| |, |

the concatenation of all the block$, Bs ... B, | [vs] X
n_

gives the ordered list of non ground variables

V, where/ < [%#]. The blocks are dynamicall/; j
selected, according to the variable selection strat-| | —
g X\ /X \ /X

egy and the state of the search. Fig. 2 shows an

example for a list ob variables and: = 3. Dark
boxes represent ground variables.

The heuristics consists of splitting the search among/thiocks. Within each block
B;, the variables are individually labeled. When a branch athklB; is completely la-
beled, the search moves to the successive bit)ck, if any. If the labeling of the block
B, 1 fails, the search backtracks to the bldgk Here there are two possibilities: if the
number of times thaB,,; completely failed is below a certain threshald then the
process continues, by generating one more solutids; tand re-enterind3; ;. Other-
wise, if too many failures have occurred, then the BBF héargenerates a failure for
B; as well and backtracks to a previous block. Observe thataheatomof the number

of failures includes both the regular search failures a$ agethose caused by the BBF
strategy. The listy, ..., t, of thresholds determines the behavior of the heuristic. In
Fig. 2,11 = 3; note how, after the third failure abs, the search oi; fails as well.

BBF is an incomplete strategy, i.e., it can miss the optimdowever intuition and
experimental results suggest that it is effective in findinigoptimal solutions whenever
they are spread in the search tree. In these cases, we cahtaffkip solutions when
generating block failure, because others will be discavéoiowing other choices in
earlier blocks. In the context of searching for solution8ih lattices, a failure in the
current branch means that the partial spatial structurstoaected so far (by placing
variables in the lattice) does not allow to proceed withdatating some constraints.
The BBF heuristic suggests to revise earlier choices @.&more drastic” revision of
the structure built so far) instead of exploring the wholecgof possibilities depending
on the block that collects failures (i.e., a “more local” igéon of the structure). The
high density and the large number of admissible solutiopgcaily available in the
type of lattice problems we consider, permit to exclude ssoiations, depending on
the threshold values, and to still be able to find almost ogtsolutions in shorter time.

Fig.2: The BBF heuristics

3 An Application: The Protein Folding Problem on the fcc Lattice

A protein folds in the 3D space with a high degree of freedoh @mds to reach the
Native conformation (tertiary structure) with a minimal value oéé¢ energy. Native
conformations are largely built frosecondary structurelements (e.gq-helices and
(-sheets), often arranged in well-defined motifs.

In Fig. 3, a-helices (contiguous amino acids arranged in a regulat-tighded helix)
are in dark color and-sheets (collections of extended strands, each made afoent



ous amino acids) in light color. Following similar propcsé.g., [1, 3, 15]), we focus
onfcc lattices. For details about the biological issues @7"

lattice modeling see [11]. e
Let A be the set of amino acid§4| = 20). Given a (pri-
mary) sequence = s - - - s, With s; € A, we represer
with lattice variableV; thelattice positionof amino acic
s;—i.e., the placement of the amino acidin the lattice.
The modeling leads to the following constraints: Fig. 3: Protein 1d6t native state

eforie {1,...n — 1}, CONSTREUCL(V;, Vi1+1, 2): adjacent amino acids in the pri-
mary sequence are mapped to lattice points connected bwtiie lunit;

efori € {2,...n — 1}, CONSTREUCL_LEQV;_1, Vi+1,7): three adjacent amino
acids may not form an angle ®80° in the lattice;

efori,j € {1,...n}, i — j| > 2, CONSTREEUCL_GV;, V;,4): two non-consecutive
amino acids must be separated by more than one lattice unimgriaps), and angles
of 60° are disallowed for three consecutive amino acids.

a-helix

In fcc, the angle between three consecutive amino acids can assuynealuest0®,
90°, 120°, and180°, but volumetric constraints make valug® and180° infeasible.
The following additional constraints are also introduckt]{
e CONSTR.DI ST_LEQ(V;, V;,4) are added whenever the presence eftaond be-
tween the amino acids; ands; is known; thessbond (disulfide bridgg is a pre-
dictable limit on the distance in space between pairs of aragids.
e CONSTR.DI ST_LEQ(V;, V}, cf - n) are added, wheref is thecompact factorex-
pressed as a number betwakand1, andn is the protein length. The compact
factor establishes an approximated maximal distance leetamino acids.
A foldingw of S = s; - - - s, is @an assignment of lattice points to the variabfes . ., V,
that is a solution of the CSP defined by the constraints above.

A simplified evaluation of theenergyof a folding can be obtained by observing
thecontactspresent in the folding. Each pair of non-consecutive amiidss; ands;
in contact (i.e., at Euclidean distan2eprovide an energy contribution, described by
the commutative functioot(s;, s;) [11]. These contributions can be obtained from
tables developed using statistical methods applied tetstres obtained from X-Rays
and NMR experiments [6]. Finally, thprotein structure prediction probleroan be
modeled as the problem of finding the foldiagof S such that the following energy
cost function is minimized:

E(w,S) =2 1cicn 2ira<j<n contact(w(V;),w(V))) - Pot(s;, s;).
The functioncontact takes two lattice points and returns a valudin1}:
contact(A4, B) = 1 < eucl(A, B) = 4.

Together with the primary sequen§ewe allow input knowledge about presence of
specific secondary structure elements (e.g., helicesyeltruld be determined, for ex-
ample, using standard secondary structure predictioesgsfe.g., PHD or PSI-pred).
This information can be used to impose several local comssréorcing a sequence of
points to assume the a rigid spatial form. In this paper, veanéach rigid object (an
helix or a sheet) as a unique high-level disjunctive comgtravhich is automatically
activated when one point in the secondary structure iséabel



3.1 Variable Instantiation in the fcc lattice

Once the constraints have been set up, the search phadaigchiDifferent strategies
are employed to prune the search space at this stage.

If the variableV;_ (with first fail strategy alsd/;; 1) is ground and the variabl€
has to be instantiated, it turns out that there are a@flpossible assignments allowed
by fcc—being the lattice 12-connected, and consecutive amirdsatie connected by
exactly one lattice unit. Thus, it is convenient to exparelgbarch tree for only those
12 assignments that are compatible with the current domaij.of more particular
case, but very common, occurs whiégn ; andV;_, (V;+1 andV;, ) are both ground.
In this case, the interaction of all constraints limits tladues ofV; to at most possible
assignments—and only those that are also preseBwin(D":) are used to expand
the search tree. This lattice dependent instantiationnsetadlows us to directly assign
feasible values, reducing the number of consistency chddie use of this strategy
leads to a speedup of 2-3 times w.r.t. a labeling that explaligpoints inBox(D"?).

Another labeling strategy relates to the handling of seaondtructure elements.
When the first variable belonging to a rigid object is labebdbthe other variables in it
are assigned, according to precomputed patterns thailokeseery possible orientation
of the secondary structure elements in the lattice. Afteriatpn the secondary structure
is labeled, there are only 24 possible assignments fomtin@e rigid object, due to
the lattice constraints and symmetries. To save unnegessak, moreover, after the
consistency checks are performed, the bounds consisteacgdgure is run only once,
after the propagation from the newly labeled variables leenlzompleted.

3.2 Pruning Minimal Contacts Heuristic

In this section, we present a branch and bound (BB) stratetppted to the specific
needs of the protein folding problem. In the case of the pmdi@ding problem, a
generic branch and bound scheme, based on the estimatioa ehérgy of the confor-
mation, proved to be rather ineffective with large inpuesizOur intuition is that the
cost function can collect many contributions at the very eha branch and drastically
change its value. This behavior is particularly evident wpeocessing large proteins.
As a result, the prediction of the bounds for the energy fongicomputationally ex-
pensive, reveals to be potentially inaccurate.

We adopted a more coarse and constant time cost estimatierstiategy we pro-
pose implements branch and bound usingiim@ber of contactgenerated by the given
conformation as the information to perform pruning. In gahghe global energy and
the number of contacts are strongly related. Neverthesigsse the energy function
is composed of weighted contributions of amino acids in achthe two values may
occasionally diverge.

The computation of estimates of the number of contacts iktéded by the peculiar
properties of thécc lattice; e.g., each amino acid can form at most 3 contactsatfiter
ones. When a new best conformation is found, we compute timber: of contacts
realized. Assuming that, in the worst case, the last amiidsao be labeled gener-
ate3 contacts each, at/3 levels before the leaves, each subtree can be safely pruned
whenever the number of contacts is less tkafhis heuristic can be computed in



constant time since, given a partial assignment, an uppandéor possible contacts
is immediately known. Since the energy is not precisely esped by the number of
contacts, we cannot guarantee the completeness of thestiezirNevertheless, em-
pirical tests showed that this is not a significant problenm; @éxperiments indicated
also that the pruning of the last levels of the tree providgsificant speedup during
search. Enumeration BB Heuristic

In Table 1, we show some ex)D | N||Energy|Nodes |Time |Energy|Nodes |Time

perimental tests of enumerd2kvg 12| -6,88] 318,6900.8513 -6,881124,720.5403
ton of the complte searop 0112|3831 81 10f1015) 4 e1ier 1081 42
tree, with and withoutthe prufy 11 71 15"574™ 50 4910.1404-12.279  8.7260.1204
ing heuristic presented above | 114l 10’357  56,9340.2804-10.352  7.9080.140¢

(under Windows on an AMD | 1,4q34/|-12,315 268,0615.0374-12,097 68,4243.8054
Duron 1.0GHz). For each pr

tein ID of length N, we run a Table 1: Effectiveness of contact pruning heuristic
complete enumeration and then perform the same search ldtbdntacts heuristic
activated. In all cases, the heuristic improves time andi¢ces the number of nodes
explored, without significantly changing the optima disexad.

4 Results and comparisons

Efficiency Analysis. The first test we discuss is designed to benchmark the speed of

our solver. Our goal is to compare the solution to the proteiding problem using

our lattice solver with the solution obtained by mapping piheblem to finite domain

constraints—using SICStus 3.12d] (f d) and ECLiPSe 5.8i(c). We run complete

enumerations of the search tree using the first-fail styafBgperform a fair compari-

son, we did not make use of branch and bound strategies infaimg tmplementations.

We implement the protein structure prediction problem ii€&us and ECLiPSe

using the best formalization we devefiD [Our| SICSts | ECLiPSe |

oped in [12]. In our solver, we implereqi5063¢ 8.925 (1424 1mb5s  (1039%)

ment the equivalent sets of constrain Bng1|0.156$ 16.00s (103x) 1m.50s (704x)

reported in Section 3, but expressed|ifkyg||0.406$ 40.81s (101x) 4m.22s  (646x)
)
)

terms of finite domains. In Table 2, wele0 (|1.922$6m.31s (203x83m.13s (1036
compare the running times required [tle3||2.859$9m.46s (205Xp9mM.37s (1251
explore the whole search space. In tiedd|2.437sinsuff. memory > 8h. (>10000x
first column, we report the protein se-
lected, in the second the time (in sec-
onds) required by the lattice solver to explore the seassh twhile the last two columns
report the corresponding running times using SICStus andiEe (in brackets the
speedup w.r.t. the lattice solver). For these examples, seepuoteins whose search
tree can be exhaustively explored in a reasonable time €Tiests are performed using
Windows (Pentium P4, 2.4GHz, 256Mb RAM). Table 2 shows thatthoices made in
the design and implementation of the new solver allow us o ggeedups in the order
of 102-103 times w.r.t. standard general-purpose FD constraint salioreover, our
implementation is robust and scales to large search trebsanimited use of mem-
ory. These positive results have also an interesting dfgetethe solver allows us to
quickly collect the entire pool of admissible conformasdar small proteins.

Table 2: Complete Search



Quality of the Results. We analyze the foldings produced by our solver for proteins
for which the native conformation is known. In our case, wegider proteins with
known conformation from the PDB database [5]. Differentradjents come into play:
the use of a simplified spatial moddt¢ in our case), the use of a simplified energy
function, and the use of a simplified protein model. Cleavlycannot compare directly
our results to the ones deposited in the PDB. In [11], we skowav to enrichfcc
predictions to a solution relaxed in the continuous spacgy @fter that step a direct
comparison with the original protein in the PDB is meanirgBince in these tests we
do not apply any refinement to ofac solutions, we introduce a neguality measurg

in order to mask the errors induced by the use of the lattieeaiéalyze the foldings as
follows. We map an original protein from the PDB onto foe lattice, using the usual
constraints for an admissible conformation. Moreover,gproduce the same shape
on the lattice, we add a set of distance constraints for eaghopamino acids taken
from the original protein. The distance constraints araxedl to a range of possible
distances allowed for each pair, in order to allow the proteifind a placement in
the discretized space. This process producsst af admissible foldinghat are very
close to the original protein. These PDB o¥er proteins are the best representatives
on fcc of quasi-optimal foldings according to the native confotiora Since it is not
possible to collect the complete set of solutions, due te tmmplexity, we select, as
representatives of the complete set, the enumeration dfréte , 000 conformations
found. Out of this set we identify the best conformation ea#td according to the
comparison functiointroduced below.

The function used to compare the quality of the foldings caive the energy func-
tion used in the minimization process, since it accountg forllocal contacts. We also
decided not to use a standard RMSieasure of spatial positions. This measure, in
fact, computes only the deviation of corresponding pas&iibetween two conforma-
tions, and does not take into account other properties oahieo acids being com-
pared. In our specific case, we want to include also the speaaiérgy contribution
carried by every pair of amino acids. We developedmparison functiothat includes
all these properties; basically the function is a more refiagtension to continuous
values of the contact energy function. The comparison ofdardormations is reduced
to comparing the values returned by the comparison funetgmtied to the two confor-
mations. The comparison function is as follows:

compare(S,w) =4 -3, contrib(i, j) / Veud(w(i),w(d))
whereS' is the sequence of amino acids ané the conformation. The function is nor-
malized w.r.t. the distance of a contact (i4., The function is a continuous extension
of our energy model, and it is tolerant to small changes intipos of amino acids,
compensating for the differences of the spatial and enienyetdels.

In Table 3, we compare the evaluations with teenparison functiofior different
proteins; theQur column reports the value of the comparison function appiiethe
best folding obtained from our solver, using a completedgahePDB (1) column
reports the value for the best mapping of the PDB protein eridh lattice. ThePDB
(2) column reports the value for the original protein as in theBPDhis is useful to
compare how much the protein is deformed when placed on ttigela

2 Root-Mean-Square Deviatipa typical measure of structural diversity.



Itis interesting to discuss these data, since our previmptimentations [11, 12] could
not terminate a complete enumeration in reasonable time r&$ults indicate that the
values are indeed very close. It is important to gp || Qur |PDB (1)|PDB (2)|
member that we are constrained to fold the prote Tﬁvg 19 508-17 96428 503
on the lattice structure, and thus the values are BXa0 -11’76]-12’024-16’03C
pected to be closer tfl) than(2). In general,(2) 1le3 -20’192-14’36'-21,91’-
should be an upper bound f¢t). Moreover, note Tedp .46 914-38 884 —48’66E
that our best folding on lattice is often better thafpgl -44.438-39 908-58 614
the corresponding mapping from PDBftx. This is 12dd -64'703 -63'55] -69'57]
due to the fact that the pool of conformations used|i,g || 57 291-54 161-60 72¢
computing the PDB ofcc mapping is not complete_,r o : : iedt ’b X
and the constraints used in the two approachesp%)éeor{fccc();‘pda;)ggagl'dﬁn o best,
different. Visually, the predicted conformations are g

very close to the corresponding original ones (e.qg., Fig. 4)
For medium and large size proteins, determining the opfiaiding is computation-

ally infeasible. When |

computing arapprox- d ,Jf,4 v S\(:\/
imatedsolution for the J’\r\(\ = e o
folding of a protein, it /JA LI (N

is also importantto re
late the result of the Fig.4: Protein 1zdd: our solutioricc on PDB mapping and PDB
computation to the optimal solution, in order to evaluate itmpact of the pruning
strategies adopted. Once again we use the scheme preseoved@estimate the qual-
ity of our solutions—by comparing how far our heuristic laddrom the hypothetical
optimal solution.

Heuristics tests.To show the power of our constraint solver in handling ad-$esrch
heuristics, we test a set of selected proteins, with lermgiiiging froml12 to 104. Table 4
reports the results of the executions; the Table indicatesPDB protein name, the
protein length ) in terms of amino acids, the BBF thresholds value assigoed +
.-+ = tg, the time to complete the search, the evaluation of the casgrafunction
applied to the best solution, to the PDB fot, and to the original PDB. For BBF,
we decided to define the block size equaltg/12| + 1 for n < 48 and equal to 5
for larger proteins. We empirically noticed that largerdd@izes provide less accurate
results, due to the higher pruning when failing on biggeckso

Proteins with more than 100 amino acids can be handled byabvers This result
is improved over the capabilities of the previous proposathéworks 0 [11] and
80 [12] amino acids). This improvementis non-trivial, becao$the NP-completeness
of the problem at hand. The new heuristics provide more &ffepruning of the search
tree, and allow to collect better quality solutions. Thel&eff between quality and
speed is controlled by the BBF threshold: higher valuesigema more refined search
and higher quality solutions. Moreover, the quality congxars between our folding
and the mapping of PDB oftc and PDB itself, reveal that our solutions, even for
larger proteins, are comparable to foldings of PDBfon Note also that, for larger
proteins, the size of pool of the selected solutions for PDBBce mappings, becomes
insufficient, i.e., the difference of comparison functiearh the PDB value becomes



[ID | n| CF[BBF| Time] EnergyPDB onfcc] PDB]|

1kvg| 12/0.94| 50, 0.16s -19,644 -17,964 -28,593
ledp| 17|0.7¢| 50 0.045 -46,912 -38,889 -48,665
1leOn| 27|0.5q6| 50, 1.76s -52,55§ -51,656 -60,728
1zdd| 34/0.49| 50, 0.80s -63,079 -62,958 -69,571
lvii | 36/0.48| 50 4.313 -76,746 -71,037 -82,268
1eOm 37|0.47| 30 19m57$ -72,434 -66,511 -81,81(0
2gp8| 40/0.45| 50 0.273 -55,561 -55,941 -67,298
ledO| 46|0.41| 50, 8.369-124,740 -118,570 -157,61¢
lenh| 54/0.37| 50| 45.33-122,879 -83,642 -140,12¢
2igd | 60/0.35| 20| 2h42n}-167,126 -149,521 -201,159
1snl| 63)0.18| 10 58m53$-226,304 -242,589 -367,285
lail | 69)0.32| 50, 2m495-220,090 -143,798 -269,03%
ll6t | 78/0.30| 50, 1.193-360,35]1 -285,36(0) -446,647
1hs7| 97|0.20| 50[35m16$-240,148 -246,27% -367,687
1tqg |1040.15| 2010m35$-462,918 -362,35%-1,242,01%

Table 4. BBF experimental results (Linux, 2.8MHz, 512Mb RAM).

significant. For large proteins, it is an open problem in tterdture how to precisely
estimate the errors arising from discretizing the protéimcsure in a lattice space.

Scalability. A distinct advantage of our approach is its ability to readise addi-
tional knowledge about known components of the protein & résolution process,
as long as they can be expressed as lattice constraintsiticuter, some proteins, like
hemoglobin, are constructed of a cluster of subunits, wltrseture is known and al-
ready deposited in the PDB (or can be predicted). This apprfmlows the evolution
of proteins, i.e., combination of already existing pieags inew bigger blocks. Often
biologists explore unknown proteins by extracting the cttice of sub-blocks bjo-
mologyfrom the PDB. Our constraint-based approach can easilyadkantage of the
known conformations of the subsequences, treated as pgithtobjects described by
constraints, to determine the overall conformation of tiagin. This ability is lacking
in most other approaches to the problem; our previous fimiteains encodings cannot
handle proteins with more tha®0 amino acids.

To study the scalability of our solver, we report some testsadificial proteins
having a structure of the typEY 7, i.e., composed of two known subsequencésfd
Z), while Y is a short connecting sequence. We can show that our frarkeaoreasily
handle proteins of size up g 000 amino acids. We run some complete enumerations
varying the length ot” and the proteins used as pattern $oandZ.

In our tests, we load the proteids and Z as predicted in Table 4. We link them
with a coil of amino acids with lengtfY’| (leavingX andZ free of moving in the lattice
as rigid objects). The search is a simple enumeration usifigriost variable selection.
Table 5 (a) shows that the computational times are extrefoelyand dominated by
the size ofY, instead of the size aK'Y Z. In the second part of the Table, we consider
proteins constructed as follows: we start wkhandZ equal to the 1e0n protein (whose
folding can be optimally computed), and every successise reakes use o’ =
7' = XY Z—i.e., at each experiment we make use of the results from rinaqus
experiment. This approach allowed us to push the searchquesees of size up to



X [z [X[VIZ[ Time

1eOn |1eOn 27| 5| 27| 11.39
1eQn 1eQn 27| 6| 27| 1mbg D NodesTime
1a!l 1a!l 69| 5| 69 1m259 Tpgdl| 1.00 |1.34
1ail 1ail 69| 6| 69 7mb529 1kvgl| 1.95 |2.39
1hs7 |1hs7 97| 5| 97| 3m7g 11e0!l 1.00 | 1.06
1hs7 |1hs7 97| 6| 97/16m254 1e3!l 1.02|1.16
1eOn |1eOn 27| 3| 27| 0.40s 1edy| 2.96 [2.00
1e0On-2|1e0n-2| 57| 3| 57| 1.923 1zdd| 1.3012.18
1e0n-4|1e0n-4 117, 3({117 9.26s3
1e0n-8 |1e0n-8 |237| 3(237 29.73
1e0n-161e0n-16477, 3[|477) 1m48s

Table 5. From left to right, processing proteid§Y Z (a), and ratios sphere/box approach (b)

1,000 amino acids. In these experiments, our concern is not omlyeiecution time,
but the ability of the solver to make use of known structuogsrtine the search tree.

Boxes vs SphereslVe tested a different formalization of the variables doraaivhere
domains are represented as spheres instead of dikimgWe reimplemented in our
solver the domain description of a variable in terms of a@eand a radius (with dis-
crete coordinates) and the definition of an intersectiopbéses as the smallest sphere
thatincludes them. The idea is that a sphere should be mitableLio express the prop-
agation of euclidean distance constraints. Unfortunatesults reported in Table 5 (b)
show that this idea is not successful. The Table reportsarfitst column the test pro-
tein used, in the second the ratio of visited nodes in thechemee between sphere
over box implementations. The last column provides the @tcomputation times be-
tween the two implementations. In particular, note that ynaore internal nodes are
expanded in the sphere implementation. There are two redsothis. First, computing
spheres intersection is more expensive than intersectingsh Second, often two inter-
secting spheres are almost tangent. In this case the cortexdection is approximated
by another sphere that includes a great amount of discaaathe.

5 Related Works

The problem of protein structure prediction is a fundamiestiallenge [20] in molec-
ular biology. An abstraction of the problem, that has beerstigated, is the ab-initio
problem in theHP model, where amino acids are separated into two claggesy-
drophobic and P, hydrophilig. The goal is to search for a conformation produced by
anHP sequence, where most HH pairs are neighboring in a preddéitiee. The prob-
lem has been studied on 2D square lattices [10, 15], 2D tniantattices [1], 3D square
models [15], andicc lattices [17]. Backofen et al. have extensively studies fdut prob-
lem [3, 4]. Integer programming approaches to this probleselalso been considered
[14]. The approach is suited for globular proteins, sineerttain force driving the fold-
ing process is the electrical potential generated#syandPs, and thecc lattices are
effective approximations of the 3D space. Backofen's mbdslbeen extended in [11,
6], where the interactions between clasgeand P are refined as interactions between
every pair of amino acids, and modeling of secondary strastbas been introduced.



The use of constraint technology in the context of the proteliding problem has
been fairly limited. Backofen and Will used constraintsofieite domains in the con-
text of theHP problem [4]. Rodosek [18] proposed an hybrid algorithm vahtom-
bines constraint solving and simulated annealing. Clargleyed Prolog to implement
heuristics in pruning a exhaustive search for predictifigelix and3-sheet topology
from secondary structure and topological folding rules [#ktributed search and con-
tinuous optimization have been used in ab-initio strucpmediction, based on selec-
tion of discrete torsion angles for combinatorial searcthefspace of possible foldings
[13]. Krippahl and Barahona [16] used a constraint-basedageh to determine protein
structures compatible with distance constraints obtafred NMR data.

In this work we adopted an approach different from the pnesiliterature [3, 11,
12], where the modeling relied on traditional FD constrsifithe description of a 3D
lattice model using (single dimensional) FD-variablesuiegs a complex interaction
of constraints, in order to reproduce the natural corretabetween the coordinates
of the same lattice point. This leads to larger encodingh wiainy constraints to be
processed. Moreover, arc and bounds consistency redudertii@ns one dimension at
a time, and the system stores the explicit set of admissilinigle-dimensional) points.
Scalability is also hampered in this type of encodings. Qpeéence [11, 12] indicates
that performance of these representations based on SI@8tLECLIPSe solvers is
insufficient for larger instances of the problem.

The constraint model adopted in this paper is similar inisporthe model used
in [16]—as they also make use of variables representing 3idioates and box do-
mains. The problem addressed in [16] is significantly défgr as they make use of a
continuous space model, they do not rely on a energy modéthay assume the avail-
ability of rich distance constraints obtained from NMR dé#tais leading to a more con-
strained problem—uwhile in our problem we are dealing witlearsh space ab(6™)
conformations in thécc lattice for proteins witlhh amino acids. Every modification of a
variable domain, in our version of the problem, propagatdgto a few other variables,
and every attempt to propagate refined information (i.e.gttod/no good sub-volumes
of [16]) when exploring a branch in the search tree, is defbaly the frequent back-
tracking. Thus, in our approach we preferred a very efficént coarse bounds consis-
tency. The ideas of [16], i.e., restricting the space dos&in rigid objects is simply
too expensive in our framework (see [12]). We opted for adigrounding of rigid
objects, since in lattices there are few possible oriesnatiln our case, the position of
objects can be basically anywhere, due to the lack of strongttaints. The techniques
of [16] would be more costly and produce a poor propagation.

6 Conclusion and Future Work

We presented a formalization of a constraint programmiagéwork on crystal lattice
structures—a regular, discretized version of the 3D spHte framework has been re-
alized into a concrete solver, with various search strategnd heuristics. The solver
has been applied to the problem of computing the minimalggnfaiding of proteins
in thefcc lattice, providing high speedups and scalability w.r.eypous solutions. The
speedups derive from a more direct and compact represantdtihe lattice constraints,



and the use of search strategies that better match thewsewaftthe problem. We pro-
posed general lattice (BBF) and problem-specific heusisihowing how they can be
integrated in our constraint framework to effectively peuhe search space.

As future work, we plan to extend the investigation of seatchtegies and heuris-
tics. We also propose to explore the use of parallelism tinéurimprove scalability of
the solution to larger instances of the problem.
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