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1 Introduction

Proteins are responsible for nearly every function reglfioelife. A functional protein
can be thought of as a properly folded chain of amino acidsgttmary sequendgen a 3-
dimensional space (3D). The 3D structure of a protein chyaietermines its interaction
with other proteins and, thus, its biological functions. Bidtein structure determination
is a challenging problem, particularly for large proteimguexes and membrane proteins
that are not easy to crystallize [6]. Protein structure whei@ation methods can be gen-
erally classified in two categoriesExperimental methodattempt to determine the 3D
structure using experimental studies, frequently baseélithier X-ray crystallography or
NMR spectroscopyPrediction methodsinstead, predict a protein structure based on its
primary sequence information (e.g., usimgmologyor ab initio methods). Experimental
methods are limited by difficulties in protein expressiouification and crystallization—
particularly severe in the case of large proteins. On therdtand, prediction methods are,
on average, successful om§% of the times, and their correctness is sensitive to a variety
of factors [9, 12]

Electron Cryomicroscopy (EG3 a novel promising experimental technique, that deter-
mines 3D structures of large protein complexes at atommuéen [6]. Current advances
in EC techniques are able to determine a rough protein simaibe iform of adensity dis-
tribution of electrongdensity maj with a resolution ofs to 9A [17]. At this resolution,
amino acid side chains, used to distinguish different anaicids, arenot generally visi-
ble. Nevertheless, this resolution allows the identifmatf specific features of the 3D
structures, e.ggccurrenceandlengthof a-helices [16, 8].

We propose a new methodology that improves protein stractetermination bgom-
bining—using constraint logic programming (CLPD))—three sources of information:
structural information (extracted from EC density mapgjoimation from the primary
sequence, and results from secondary structure preditiginods.

2 Overall Approach

2.1 Background Definitions

The primary structure of a protein is a sequence of linked uratsifio acidy. The
amino acids are represented by symbols from a 20-elemenaladpp. A protein has a
high degree of freedom, and its 3D conformation is namediary structure. From the
energypoint of view, the molecule tends to reach a conformatiohaiminimal value of
free energyifativeconformation). Native conformations are largely builtfr&econdary
Structure elementse.g.,a-helices and’-sheets—often arranged in well-defined motifs.
a-helices are composed 6fto 40 contiguous amino acids, arranged in a regular right-
handed helix3-sheets are composed of extended strandsof 0 amino acids.
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Algorithms, e.g., based on neural networks, have been olegdlfor the task of pre-
dicting the secondary structure (occurrences of heligeheets, etc.) of a protein. For any
protein sequences, prediction methods, such as PHD, dersareeasure of likelihood-
i.e., a value betweemand9—for each amino acid of being involved in an helix (or other
secondary structure elements) [9]. On average, the agcaf#tte best prediction methods
is about 76% [9, 3]. These errors in the secondary structrgdigtion generate a lot of
freedom in mapping the actual helices onto the primary secpiasing the prediction as a
guide.

2.2 Problem Description

Knowledge of the 3D position of each aminoacid in an unknovatein is vital to the
understanding of the functions of the protein. Current iégphes allow us to effectively
determine the primary sequence of the protein, as well adehsity map of the protein
(using EC). Nevertheless, the ability to place each amiithfaem the primary sequence
on the density map is still missing—as the resolution of teesity map is too low. Ab-
initio protein-folding techniques (e.g., [2, 10]) could bsed to address this problem, but
they do not guarantee the correct 3D structure and theyregenieral, extremely compute-
intensive.

The general problem addressed in this work is to provide tise dtep towards such
missing capabilities. Given the primary sequence of a prpits 3D density map obtained
using EC, and given the secondary structure predictiorhftrgrotein, we want to recover
the correspondence between each helix identified in thel8btate and the corresponding
subsequence of amino acids in the primary structure.

In the density map, it is possible to roughly recognize thikchkregions, as dense
cylinders, along with some of their key properties, suchhadr tengths and relative dis-
tances [8]. However, with only this piece of informationistnot straightforward to map
each 3D cylinder to the corresponding primary structur@.afiehe availability of a map-
ping between helices and the primary structure providggag constrainbn the position
of the amino acids in the 3D space, which can be exploited bgentar dynamics appli-
cations, e.g., CHARMM [4], to quickly determine an accutaigh-resolution description
of the protein.

2.3 Overall Approach

In this paper, we propose a general framework to integratsifemaps and sec-
ondary structure information, and to predict the relatiop®etween the primary structure
and the 3D volumetric data. This first version of the framéwaeals only with helical
information—future work will extend this approach to ottseccondary structure informa-
tion (e.g., coils an@-sheets).

The framework is composed of two parts. The first one intreduww techniques for
extracting 3D structural information from the density magsd it is based on 3D volume-
tric data analysis. This phase leads to an abstract regatiwenof certain features of the
protein (e.g., helical regions and connectivity betweegiams). The second part exploits
the high level information obtained from the volumetric ysas, and combines it with the
secondary structure prediction. The idea is to join the ramgs from the 3D structural
information with the results of secondary structure prealicto map helices on the primary
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protein sequence, in a way to maximize the likelihood fohalices. All this information
is encoded asonstraints whose optimal solution determines the correspondeneeieet
3D and 1D components—i.e., identify segments of the prirmaguence that correspond to
the helices recognized during volumetric data analysiss 3&cond phase is implemented
usingConstraint Logic Programmingechniques (i.e., CLEXD)) [1] and parallelism. The
first phase is not the focus of this paper, and it is only bridf§cussed next, while the
second phase is analyzed in the rest of the paper.

2.4 Constraints from the Density Maps

We developed a new technique to extract information fromdéesity maps, using
gradient-based analysis of volumetric data to determitiedieegions [5]. In the second
phase, we are interested in recovering some basic relatgsbketween the predicted he-
lices. The simplest relation to extract—Euclidean distametween extremities of different
helices—is simple, but it provides a weak constraint. Thetgins are often globular and
each point is relatively close to the others—making the #eeln distance small and not
an effective constraint. Our idea, instead, is to extraetghssibleexpected paththat
might connect two helices, and to build a graph that desstibe rough connectivity of
areas in the density map. We can obtain this by properly amegythe density levels and
distributions in the map. This allows us to recover the ddtyzology the protein—along
with variousspuriousconnections, due to the low resolution of the density map.ad/e
complish this by first constructing a three dimensional grdjpat represents the centroids
of clusters of high density regions, and then by mapping dneitpreviously determined
helices. The analysis of this graph allows us to extrachgieo constraints: given two
helices, it is possible to find the shortest patiterms of amino acids-that separates
them. This information is much stronger than the Euclideatadce, as it accounts for the
possible links between helices observed in the density mags information is correct:
although two helices can be more distant (when the grapltaceninany spurious edges),
it is not possible that two helices are separated by a smalieber of amino acids than
predicted. Moreover, if there is only one path that links twadices, it is possible to state
that the helices aradjacentin the primary sequence.

A detailed description of this analysis method and its est#dun can be found in [5].

3 A Constraint-based Solution

The information extracted from the analysis of the densigpmhas to be combined
with the results of secondary structure prediction, to gufte creation of a mapping be-
tween helices and segments of the primary sequence. Inaether structural information
extracted from the density map allows us to determine thebmurand lengths of the he-
lices present in the protein (e.g., see the middle box in Eigas well as information
about relative distances (in terms of amino acids) and iposit For each helix, we wish
to explore its possible placements on the protein sequenee-gdetermine which segment
of the protein sequence corresponds to the given helix (s#erb box in Fig. 1). The
possible placements are expected to satisfy the distagregthl, and position constraints,
and they areankedaccording to how well they match the secondary structurdiptien
produced by PHD [13] (top box in Fig. 1). The problem is redlt®a constraint opti-
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Figure 1 Combining structure prediction and helix information

mization problem. The optimal solution is a placement wlsatisfies all constraints and
having the maximal rank.

Due to the exponential size of the search space, it is vitahiploy the available con-
straints (e.g., length of the helices) to prune the searabhespnd discard unlikely place-
ments. Since we use the secondary structure prediction@isi@ @ score the placements,
the helices are mostly placed near the high score poputatemg.,899998) of the likeli-
hood distribution produced by PHD.

3.1 A CLP Formalization of the Problem

The use of CLRED) for the encoding of our problem is suggested by two main seed
(1) the need for efficient solvers to handle the constraint@eted from the density maps,
and(2) the need for modularity, as we wish to add new types of coinséras they become
available from density maps analysis. These objectivebeaasily achieved in CLEXD)
(while, e.g., modularity, is challenging in imperative ¢arages).

Constraint Logic ProgrammingConstraint Logic Programming (CLHL1] is a declara-
tive programming paradigm which is particularly well-gdtfor encoding combinatorial
optimization problems. It is the combination of two dectaraparadigmsConstraint[1]
andLogic Programmind15].

A constraintis a first-order formula that can be interpreted over varjpessible do-
mains. Forinstancd, < X A X < Y AY < 2is a constraint that is satisfiable over the
domainR but not over the domailN. A CLP language allows the programmer to encode
problems as collections of logical rules of the forfead : — By, . . ., By, where the vari-
ousB; are constraints drawn from different classes of constdintains. Intuitively, such
a rule states that, whenever all constraiBtsare true, then also the consequetitend
will be true.

For combinatorial problems it is common to dsete domain constrainfsyamely rela-
tional constraints (e.g., equalities and disequalitiet)een arithmetic expressions, where
each variable ranges over a predefined finite domain. Therostof CLP which allows the
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use of finite domain constraints is typically called CIAZ?). The librarycl pf d of SIC-
Stus [14] provides the capability to develop CLP progranisgughis type of constraints.

The CLP approach to encode combinatorial optimization lgrob relies on the so-
calledConstrain & Generatéechnique. In the constrain & generate approach, first a de-
terministic phase introduces a number of constraints, haed & non-deterministic phase
generates the solution space—under the given constrdihesconstraints introduced al-
low a substantial pruning of the search space (via constpaopagation), significantly
extending the class of problems that can be feasibly taciVesteover, in this phase one
can take advantage of built-in strategies (such as consjpappagation and branch and
bound) and it is possible to further guide the solution dearsing problem-dependent
heuristics.

For example, if we want to maximize the objective functtan+ 10y — 2z with the
conditionsz > 0,y > 0,z > 0 and10z + 17y + 4z < 40, then we can write the code
(using the concrete syntax of SICStus):

X#>=0,Y #>=0, Z#>=0,
constraind 10x X + 17 Y + 4 x Z #=<40,
Result#=6« X +10xY — 2% Z,
generate{ labeling[maximiz¢Result)], [X,Y, Z])

where thdabelingis a built-in procedure to generate the possible assigrsrery, Y, 7.

The procedure createssaarch treewhich contains the choices made during the enumer-
ation of assignments to variables. Each node of the tre@septs a variable and each of
its children is associated to an assignment of an admis&iile of that variable.

Problem Formalizationiet n be the number of helices extracted from the density map,
and, for each helix, let LL; denote its length. Lew be the length of the primary sequence.
A placementr is a tuple(ry, ..., m,), wherel < m; < m denotes the initial position of
helix 7. The collection of all possible placements is denotedlbyA partial assignment
(m,4),1 <i <nisthetuple(ry,..., ). Note that(m,n) = .

Let pred; denote the confidence level assigned by PHD for the presdra loelix
in position: in the protein sequence—i.e., the likelihood that the anaicid in position;
belongs to an heliR.Given the position?; of the beginning of heliy in the sequence, the
score associated 19; is

Pj+L;—1

S;(P;) = Z pred;
i=P

whereL; is the helix length. The average score of assignirfiglices is the total score
divided by the total length of the helices.

To each placement is associatedcaredefined asS(w) = > | S;(m;). We define
theaverage scoref a partial assignment:

>y S(mj)

Theobjective functiortan be described asiax e S(7).
A set of constraints should be imposed oVéto restrict the admissible placements:

A(m, i) =

aRemember that < pred; < 9.
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¢ Non-overlap constraintfor i < j: (m; > 7+ L;) V (m; + L; < m;). The constraint
forbids placements where one amino acid belongs to twodelic

e Trim scores:V1 < i < n : A(m,i) > Toi=f + Thy2=%, whereT,,, < Ty are
respectively minimal and maximal thresholds on the scoesidlly, for each level
of the tree, we set a minimum threshold on the partial scaed o prune those
branches that contain an average partial contributionlwisitoo low. The threshold
varies linearly with the depth of the tree, and ranges ffmto 7,. The idea is
to require a low threshold for the rodf’(,), and increase it while placing different
helices.

e Minimal distance constraintif the density map indicates that helices#z j are
separated by at least; amino acids, thefr; > 7;+L;+9; ;) or (m; +Li+6; 5 <
7Tj).

e Adjacency constraintif the density map clearly identifies that heliceandj are
adjacentand separated by, ; amino-acids, therir, > w; + L; + 0;; A m; <
7Tj+Lj+(5i7j-‘rV) or (7Ti+Li+6i,j < 7Tj/\7Ti+Li+5i7j+V > 7Tj). Thisis aspecial
case of Minimal Distance Constraint, where the number ohamtids between the
two helices is bounded to be at least and at most; ; + V', whereV € Nis a
small number to accommodate errors when identifying thetdxaunds of helices
(the exact case would u$e = 0). Even if the constraint still allows the presence of
other helices in between the two adjacent ones, this is lyctwided because of the
distances predicted from the density maps, i.e., the d&@ggd, , > 0; j+ Li+9; &
holds. In this way, helix: cannot be inserted betweérmand ; without violating a
minimal distance constraint.

A CLP(FD) Encoding:We are interested in modeling the properties of helices deior
to find a suitable placement over the primary structure. Hesix ¢ is modeled by two
variables,P, and Sy, that represent respectively tpesitionof the helix in the primary
sequence and thezoreassociated to such placement. The varidblelenotes the length
of the helix. The domains associated?oandS, represent the possible placements of the
helix and the corresponding quality score. The prograncteléor each heliX, a set of
positionsp; € Py, that are good candidates for the search. For eadfe corresponding
scores; € Sy is included in the score domain. The candidates are selpetdédrming a
convolution of a window of length, on the PHD prediction array. The score associated to
each position is equal to the sum of predicted reliabilitydfach amino acid in the current
window. In order to reduce the search space from the beginaimeuristic is employed
in the definition of the domains for the of each helix. The heuristic selects, from each
domain, a set of representative positions, removing postthat lead to a very low score
and merging domain positions that are very close to eachtli®r an helix, we refer

to DonM nDi st as the minimal distance required between two positionserptbsition
domainPy, i.e.,Vx,y € P,.abs(x-y) #>= DonmM nDi st .

The program has the classicanstrain & generatstructure. The program defines the
variables’ domains and the constraints among them, anddlieches a backtrack search,
that explores the space of admissible solutions. The iDatt for the programis a list of
records of the following form:

[Hn, Length, [Plist], [Slist]]
where, for each heli¥in, Lengt h is its length,P_l i st is the list of allowed positions
in the primary structure (referred to the beginning of thixheand S_I i st is the corre-
sponding list of scores associated to each position. Nate fibr conveniences | i st is




8 A. Dal Palu, E. Pontelli, J. He and Y. Lu

sorted in decreasing order (the most valuable positionkstee first). The input data con-
tains also the adjacency lidqj Li st ) obtained from density map analysis, composed of
elementsoftheform:Hi , H , GDistij, Strict] whereH andH are helices
andGDi st i j is the minimal distance in terms of amino acids that sepsutiaem in the
primary sequence. The fl&gf ri ct defines whethe@Di sti j is a lower bound or an
exact estimate. The input data is encoded as constraint&bBveariables. The code:

set _domai ns(Dat a, P, S, DonM nDi st ),

get |l ength(Data, L), get_index(Data, | ndex),

constrain_no_ovrl (P, L),

constrain_scores(Data, P, S),

trimscores(S, L, TmTM,

(UseGraph==1 -> cons_pos(P, L, Adj Li st, | ndex)
; true).

implements theConstrainphase. Here, the domains for the variablRand S are es-
tablished § et _domai ns), so that every domain contains the values specified in i in
data. The domains éfare simplified as described above, usingbbeM nDi st user de-
fined parameter. The predicaget _| engt h (get _i ndex) recovers fronDat a the list
of lengths (helix indicebin) associated to the helices. The predicaiast r ai n_.no_ovr |
adds a constraint for each pairj of helices. The constraint expresses the fact that two
distinct helices may not overlap when placed on the primaguence; this is encoded in
CLP(FD) by restricting the range of relative positions the two ¢edi can assume:
(Pi #>= Pj+Lj) #\/ (Pi+Li #=< Pj)

wherePi , Pj , Li , andLj are the position variables and lengths associated to threebel
1 andj.

The second set of constraints is addedtby st r ai n_scor es. For each helix, we
call bi nd_scor e( DonP, Dons, Pi , Si ), that binds each position in the liBbnP to
the corresponding scoi@nS. Note that the lists contain the same elements defined for
the domains of variablei andSi . The predicatéi nd_scor e is defined as follows:

bi nd_score([DP | DonP], [DS | Dong], P, S) :-
(P #= DP) #=> (S #= DS),
bi nd_score(DonP, DonS, P, S).
bi nd_score([], [], _P, _9).
The implication#=> ensures that, whenever a value is assigned to an helix qrositie
corresponding score variable is properly assigned as Whk. predicate r i mscor es
adds theTrim scoreconstraints, aimed at pruning the search tree as the platerhthe
helices is generated. A varying minimum threshold on theesobthe partial solution is
enforced.

Finally, if the flagUseGr aph is set, then the predicateons _pos is called, that in-
troduces the distance/adjacency constraints (in termsn@i@acids) obtained from the
density map. For each pair of heliceg we restrict the distance between the correspond-
ing two blocks on the primary sequence to be at least the walogputed using the density
map information, i.e.,

(Pi#>= Pj +Lj +CDi stij) #\/ (Pi+Li +GDistij#=<Pj)
whereGDi st i j is the minimal amino acids distance predicted from the dgmnsap.

A special case is considered when two helices are predioted tonsecutive in the

primary sequenceSt ri ct flag set tol). This information is encoded as an additional
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constraint, stating that the minimal distance predicteatisially very close to the correct
one. This adds an upper limit for the distance between thehelices. In this case, to
accommodate for errors in predictions, the lower and ugpet for the relative distance
of two consecutive helices differ by few amino acidg( ). In CLP(FD):
(Pi #>= Pj+Lj +GDistij #/\ Pi #=< Pj+Lj+GDistij+Var) #\/
(Pi +Li +GDi stij #=< Pj #/\ Pi+Li +GDi stij +Var #>= Pj)

We make use of the built-in search capabilities of CEB)) to support thegenerate
phase of the constraint resolution process. We implementtyywes of search. In the
first (Maximizesearch), we search the best solution using branch&bouadhei built-
in predicatd abel i ng([ maxi nmi ze(Score)], Posi ti ons) whereScor e contains the
average score of a placement, @uwaki t i ons is the list of position variables for the
helices. In the other searcErfumeratiorsearch), we list the suboptimal set of solutions
whose score is within a small percentage from the selectednmian. The constraint:
T is integer(EnumPerc+100), Scorex100 #>= TxSunlen is introduced, where
Sumlen is the sum of each helix lengtBEnumis the minimal average score required to
enumerate a solution afer c is a coefficient (between 0 and 1) that lowers that threshold.
Itis useful, when enumerating suboptimal solutions, toeeé§aumto the maximum found
with the branch and bound search and to select (uB&rge) the amount of solutions
required. To explore the admissible solutions that fulfi# tonstraints, we combine the
build-in | abel i ng([ff], Posi tions) andfi ndal |, to collect the results produced
by | abel i ng. As before, we search assignments of theRssi t i ons of all helices
positions that satisfy all the constraints.

In general, it is not expected that the actual solution lescdy on the maximum,
due to approximations and errors in predictions. It is ingpoirto study the quality of
a set of quasi-optimal solutions. In the optimization skatbe selection order of the
position variables is determined by decreasing order aé&églength, since the prediction
quality is higher for longer helices. Thus, in the labelimggicate we present a list ordered
accordingly. In the enumeration search, we use a firstffdil¢ption) variable selection
rule, which is appropriate to explore the search tree withdaranch and bound algorithm.
The actual code that implements the formalization desdrédgve is concise and it is
easily modifiable, i.e., when new constraints need to beddde

3.2 Experimental Results

The system has been implemented usingcthpf d library of SICStus. In our tests,
we use the proteins with the largest number of helices froenbtanchmark set of [7].
We perform two types of comparisons. In the first, we complaeertinning times of the
sequential version as in [7] and tequivalenimplementation in CLRED). In the second
analysis, we run a set of tests to analyze the speedup othtayniacluding the constraints
gathered by the preliminary density map elaboration. We @&st different thresholds for
theDonM nDi st heuristic and we show the results of the two different seatcitegies
employed.

Table 1 reports the running times of the same problem ins&(without the distance
constraints from density maps—these are too difficult toouhtice in C++), implemented
in C++ and CLP§D). For the CLPFD) section, we report the branch and bound time
(maximize) and the enumeration time of the solutions oveeram average threshold
(dependent on the specific protein). The tests are run on@8l@Hz Linux machine. We
useThr M n =5, DonM nDi st = 10, and we enumerate all solutions with score greater
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Protein| Thr | C++ CLP(FD)
Max Maximize | Enum
1CC5 71 0.10s| <0.01s|0.01s
1ECA 71 0.66s 0.16s| 1.93s
2PHH 8| 2.66s 0.65s| 1.48s
2TSC 71 15.1s 0.44s| 3.54s
3TIM 8| 928s 0.83s| 34.4s
2CYP 6 | 40.9s 31.9s| 131s

Table1l C++vs. CLPFD)

thanThr Max (i.e.,Enum=Thr Max, Per c=1.0), in order to explore the same solutions as
in the maximize search.

Techniques Comparison

Oc enum

3 B clp max

Ratio

Eclp enum

0 o T
1CC5 1ECA 2PHH 2TSC  3TIM  2CYP

Figure 2 C++, branch & bound, CLEXD) enumeration

The times show that the CLIP(D) approach is comparable, and frequently superior, to
the optimized C++ implementation. Note that the times in CEP) are not proportional
to C++. The main reason is that pruning in CIF#P) is handled in conjunction with
constraint propagation, which can be very effective, depenon the specific domains at
hand. Observe that the search for the optimal solution in(Z1ZP, using built-in branch
and bound techniques, is very efficient, even in this not \eenystrained scenario, yet
maintaining a simple and modular structure. Figure 2 coegptre performance of the 3
techniques. For each protein, we normalized the three ngrtimes against the CLPD)
enumeration time.

The next set of experiments illustrates the introductiordistance/adjacency con-
straints to reduce the search space. Moreover, we also $teodifferences in the search
space and time, when varying the search technique (i.e.inmmation and enumeration).
and theDomM nDi st heuristic parameter. If not specified differently, we udeel $ame
parameters as in the previous table. WeTat Max=6 and for the enumeration case we
selectedEnumequal to the maximal value found during the maximizatiorhvite same
parameters.

In Table 4 (AppendiXd), we report the detailed summary of these experimentaltsesu
The columnDistance Max Realeports whether the enumerated set of solutions contains
the real solution, and, in that case, reports the distantsnims of score from the maximal
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solution found. Note that, for these tests, we consider ass@ution a solution that
presents the same helices’ order and positions as in thiealrfgrotein in the PDB.

Fig. 3 depicts, for each protein, the speedup in terms of &g nodes enumerated,
obtained by introducing distance/adjacency constrairtis. values reported are taken, for
each protein, from the rows with the lowdxnM nDi st parameter using enumeration
search.

Graph constraints speedup

160

140 A

120 A

100 ETime (/10)
80 1 B Tree size

60 -

%MIM J

2TSC 2PHH 1ECA 1L58 3TIM 2CYP
Figure 3 Speedup using distance/adjacency constraints

We can conclude that the additional constraints provideifstgnt speedups. In par-
ticular, note that the minimal amino acid distance betweenttelices extracted from the
density map is a conservative estimate. This fact has vaiGonsequences: first of all,
the use of an improved feature extraction procedure frondémsity maps could produce
higher correct minimal distances between helices and sypetiet search by several or-
ders of magnitude. Moreover, for the protein 1ECA, note,thsing the graph constraints
in combination with a stricDomM nDi st heuristic, the real solution is not found for
DomM nDi st =10. This shows clearly that the constraints correctly ilate the possi-
ble real solution candidates that are not physically althvieit nevertheless considered in
a generic blind enumeration (as the one in [7]). This alsavshiiat theDonM nDi st
heuristic is very useful to reduce the search, but also iotibe used with too high values,
since it could exclude some domain values essential to tifitation of the real solu-
tion. The same points above can justify the fact that, inadegroteins, the introduction of
distance/adjacency constraints increases the distamsedre the best solution score and
the real one: the enumerated space is pruned by the additmmsgtraints, and it presents a
correct real solution associated to a lower average scdreei@e that, even without strong
constraints, we can find the solution in the optimal posifanthe protein 2PHH.

4 A Parallel Constraint Solution

The exploration of a search tree induced by the variablesadlts, and the constraints,
is highly non-deterministic, suggesting the possibilifypartitioning the search tree into
subtreestéiskg and exploring thenm parallel.

11
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=> Request_si2}
=> Assign_task
=> Rescheduling
=> Terminatiol

Client

<= Size
<= Task_requeg
<= Sub_task Client

s

New
Scheduler / ew
\ -
Figure4  The parallel system xample of rescheduling

4.1 Overview of the Parallel System

The parallel system (see Fig. 4) is composed stlaedulerand a set otlients The
system makes use ofaentralizedscheduling mechanism. The scheduler is a C program
that handles the distribution of tasks to the clients in &fdynamic fashion, and imple-
ments load balancing strategies. Each client exploreauhieee (i.e.task assigned to the
client by the scheduler, in search of solutions. In addijtibe client’s execution might be
preempted if load balancing activities are requested bytheduler. In such a case, the
client will select parts of its task and return it to the salledfor redistribution.

4.2 Clients

Each client is a CLRED) program that implements the process of solving the con-
straints on a given subset of the search space—i.e., a aafliketdomains of the variables
in the problem. When launched, a client imports protein daédines variable domains,
and defines constraints. After the problem is loaded, it caminates back to the sched-
uler the cardinality$i ze) of each variable domain representing a level in the seageh t
After that, each client starts a loop composed of three dioeis

e send alask_r equest to the scheduler,
e wait for assignment of a task, and
e execute the task.

The processing of a task is based on the CEPJ scheme described earlier. During task
elaboration, the client checks for eventRakchedul i ng requests; this test is performed
every time one of the subtrees of the initial task’s root impteted. If the request is re-
ceived, the client stops and communicates all the remasirigt asks to the scheduler.

4.3 Scheduling and Communication

The distribution of tasks to the clients needs to strike ata between uniform work
distribution (easier for many tasks) and effectivenessoktraint propagation (more effi-
cient for fewer, larger tasks).

The centralized scheduler statically determines theainitbol of tasks to be assigned
(task queupaccording to a user-defined parameter (minimal numbersistaMinTask)
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and the size of each level of the tree. The size of each lewbkdfee depends on the size
of the domain of the variables in the constraint problem. fBlsk queue is initialized with a
set of subtrees of the search tree (all having roots at the dapth). The scheduler assigns
a task—using alssi gn_t ask message—to a client in response tdask _r equest
message. Each task is described by the path in the tree feordh of the tree to the root
of the task subtreBE.g., task 1 in Fig. 5 is described by the path from the rootigent.

The pruning performed by the constraint propagation polezgls to irregularly struc-
tured search trees, requiring the use of load balancing amsims. These mechanisms are
employed when the scheduler has an empty task queue, amrdisheemix of active and
idle clients in the system. The purpose of load balanciegoheduliny is to dynami-
cally generate smaller tasks from tasks that are still actaind move them from active
clients to idle ones. The rescheduling is initiated by thieesitiler, which selects, with
aReschedul i ng message, the client that has the estimated highest work Ieigd 5
illustrates the rescheduling operation; the dashed ar@as ddready been explored. The
selected client will return to the scheduler the unexplgrads of its current task. These
parts consist of a set of root nodes that partition the narsemed task in a set of sub-
trees (e.g., nodes 3 and 4 in the Figure). The scheduleesraatew task for each subtree
identified by the nodes received from the client (on the riglihe Figure). This operation
fragments the leftover task into smaller new tasks, add#uettask queue and redistributed
to the idle clients. To avoid excessive communication iredatning the exact work-load
in each client, we approximate the work-load by assuming ¢laah task is a complete
tree; the work-load is computed as the product of the numiemexplored children of the
task’s root and the average size of the subtrees. This detimaa worked well in practice.
To maintain an acceptable task grain size, we impose a mitimeshold on the size of
tasks (i.e., number of nodes and tree height) that can bstriedited.

This rescheduling strategy has been refined to better défaloases where there are
few, heavy tasks. In our initial implementation, clienteegt rescheduling requests only
when they have completed one of the children of the root of #esigned task (e.g., when
the client has completed the subtree rooted at node 2 in Fig&aeh of the subtrees (nodes
1-4in Fig. 5) is individually generated using the built-abkling predicates of CLEXD).
This approach introduces a delay in the rescheduling phateslly, we would like the
client to immediately return the available subtasks (&gdes 3 and 4 in Fig. 5) without
keeping the scheduler (and the idle clients) on hold. Wetdichihis problem by increasing
the frequency of the test for presence of rescheduling stguethe test is performed each
time the computation backtracks into the thopevels of the taski being a user-defined
parameter). The choice éfis critical—to make the test possible, the fiksievels cannot
be implemented using the built-in labeling predicate, bsihg a (slower) user-defined
labeling procedure. Thus, there is a trade-off betweemitreased computational time for
exploring a tree and the delay before returning the preedrtptsks. The results presented
next make use of a factdr = 2 (in Fig. 5 this corresponds to the nodes 1-4 and their
immediate children). The scheduler takes also care of tleteglobal termination.

4.4 Experimental results

The experiments have been conducted using an HP RP8400 NUbhitexture. The
core constraint handling part is coded in SICStus. We censidir different modalities. In

bWe use a compact bitmap representation of the path.

13
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the first set of tests, we run the program in its simplest fdatmn, i.e., with no reschedul-
ing and no distance/adjacency constraints provided byrialysis described in Section 2.
In the second set of tests, we enable the basic reschediliagks. In the third, we test
the second rescheduling strategy= 2). In the last set, we use rescheduling and distance
constraints.

In Table 2 Standarg, we report the running times for a set of six proteins from th
PDB. The columns contain the protein ID, the number of tagks)(in which the search
space is partitioned, and the parallel time in seconds requvhen using 1,2,4 and 8
clients. Next, we report the same tests using a larger lisighaof tasks. The number of
tasks in the left side i$0 and in the right side i$00. The speedups from the data in the
Standard part of Table 2 appear, when using fewer tasks,fodre This happens when the
problem is subdivided into few and heavy tasks, without thesfbility to break them into
smaller units. The performance improves using 100 tasksegihe load is fragmented
in smaller tasks and it is more likely that every client entitha same time (theoretical
optimal scaling). Note also that the execution time on alsictient increases when par-
titioning the problem into more tasks, since there is an lowad for constraint handling
every time a subproblem is initialized. Moreover, duringreé in constraint program-
ming, it is preferable to have a single search tree, sinagnmétion for backtracking and
pruning is lost when starting an exploration on a subtremfsoratch. This suggests that
the number of tasks should be kept small, and at the same tiensmallest number of
tasks should be rescheduled to guarantee that every ponécggfie for a minimal amount
of time. These considerations indicate that the reschegistrategy, described in Sect. 4,
should be applied whenever a client is idle. Table 2 (Firstineduling) reports the results
for the same proteins using the rescheduling strategy. @dngpthe Standard and First
rescheduling tables, it is clear that the introduction efgtrategy is effective, as it helps in
balancing the load. The speedups and overall time are iregr@wen if an overhead for
the rescheduling phase is introduced.

We now compare the benefits given by the introduction of tleerse rescheduling
strategy (which provides a higher frequency of checkingéscheduling requests). Table 2
reports the times for the 10 tasks case, using the seconubdding strategy. We can see
that the speedups, using the second rescheduling strategstpser to the linear one. This
strategy, though, costs more in terms of exploration timber€ is a trade off between
the search time and the wait before rescheduling a task. altiie shows that the longer
exploration time is balanced by the quicker reschedulinggmbig tasks are handled by
many clients. In these cases, it is preferable to split tasksoon as possible, reducing
delay and improving overlapping of actual computations.s@ale the problem to more
clients, it is reasonable to employ the second strategy @ntkedl number of initial tasks.

The last results deal with the inclusion of the distanceleeljcy constraints, coming
from our helix search described in Section 2. In Table 3 wegamathe three most com-
putationally expensive proteins, witld0 initial tasks. The most striking difference is that
the addition of simple constraints, which are implementeféw Prolog lines of code, is
able to reduce the times by a factor up to 12 (see Table 3). dWerahe speedups of the
parallel computations are only slightly decreased. We tsmreotice that the speedups are
less uniform—due to the more irregular structure of thegasused by the pruning from
the new constraints.
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# Standard “10 tasks” |
ID T 1 2 4 8

9

9

1ECA 1.19 0.63 0.33 0.21
1L58 3.93 2.24 1.59 1.26
2TSC 11 4.70 2.60 1.50 0.89
2CYP 11 34.80 | 19.80 | 12.50 7.79
2PHH 10 55.80 | 29.70 | 17.70 | 17.40
3TIM 11 105.4 | 57.90 | 56.80 | 56.80
# Standard “100 tasks”

ID T 1 2 4 8
1ECA 81 1.42 0.72 0.37 0.19
1L58 90 4.10 2.11 1.12 0.64
2TSC 77 4.90 2.50 1.30 0.69
2CYP 154 35.10 | 17.80 9.10 4.80
2PHH || 160 56.30 | 28.50 | 14.50 | 8.00
3TIM 143 105.6 | 55.20 | 33.20 | 21.40

First rescheduling “10 tasks”
1ECA 9 1.21| 065| 0.35 0.2
1158 9 416 | 2.16 1.32 | 0.67
2TSC 11 473 | 241 128 | 0.82
2CYP 11 3350 | 17.05| 8.85 | 4.69
2PHH 10 56.11 | 29.26 | 14.79 | 8.92
3TIM 11 | 110.00 | 55.32 | 29.48 | 22.11

First rescheduling “100 tasks”
1ECA 81 1.52 0.76 0.40 0.20
1L58 90 426 | 2.16 1.09 | 0.57
2TSC 7 4.93 2.49 1.26 0.67
2CYP 154 3498 | 17.57 8.78 4.62
2PHH 160 57.11 | 28.59 | 14.70 7.41
3TIM 143 | 108.23 | 54.33 | 27.60 | 14.76

Second rescheduling “10 tasks’
1ECA 9 1.34 0.72 0.37 0.22
1L58 9 4.14 2.11 1.28 0.62
2TSC 11 4.82 2.45 1.32 0.69
2CYP 11 34.54 | 18.03 9.16 4.73
2PHH 10 56.60 | 28.37 | 14.48 7.70
3TIM 11 | 107.38 | 56.14 | 27.47 | 14.06

Table 2 Execution Times

No constraints (100 tasks)|| Constraints (100 tasks)
ID 1| 2] 4| 8 1] 2| 4| 8
2CYP 350| 176 | 87| 46| 314|157 | 80| 4.1
2PHH 571|286 | 147 | 7.4 39| 20| 10| 0.6
3TIM 108.2 | 54.3 | 276 | 14.7| 199 | 103 | 55| 2.8
Table 3 Application of Additional Constraints

5 Conclusion and Future Work

In this paper, we presented a new constraint framework terahéhe the correspon-
dence between the primary and tertiary structure of compieteins. We addressed the
problem using CLRED), and implemented a working prototype on a parallel machine

15
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We used the density maps obtained by means of EC, and definethadology to ex-
tract different types of constraints to help the mappingpss. Constraints are employed
to automatically determine the best placement of helicetherprimary sequence, under
the guidance of scoring functions from protein structuredgtion techniques. The ex-
perimental results showed that the problem can be effégiparallelized, and the use of
constraints drastically reduces the running times, algwhe effective analysis of large
proteins with good accuracy.

In the future, we plan to improve the framework in many dii@ts. First, we want im-
prove the constraint extraction from the density maps. Weeelkthat stronger constraints
will further prune the search space; this will also raise saelicate issues in terms of en-
suring proper load balancing during parallel executiora{eesady highlighted in this work
in the rescheduling process). We will also refine the resclivegl strategies, to achieve
better speedups, e.g., focusing on the tasks fragmentatidnedistribution.
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A Experimental Results

Protein | Hel. | Dist/Adj | DonM n | Search| Enum N. Sol Distance Time
ID Constr. Di st | Type Per c found | Max Real
1ECA 6 Y 10 | Max - 1 - 0.15s
N 10 | Max - 1 - 0.31s
Y 5 | Max - 1 - 111s
N 5 | Max - 1 - 8.66s
Y 10 | Enum 0.95 1 N.F. 0.95s
N 10 | Enum 0.95 355 2.68% 1.60s
Y 5 | Enum 0.95 88 2.86% 3.89s
N 5 | Enum 0.95 4,875 1.44% 16.34 s
2TSC 7 Y 10 | Max - 1 - 1.62s
N 10 | Max - 1 - 1.72s
Y 5 | Max - 1 - 6.69 s
N 5 | Max - 1 - 5.60s
Y 10 | Enum 0.90 571 5.40% 5.41s
N 10 | Enum 0.90 1,597 5.40% 6.63s
Y 5 | Enum 0.95 573 3.54% 22.61s
N 5 | Enum 0.95 1,849 3.54% 24.65s
1L58 7 Y 10 | Max - 1 - 131s
N 10 | Max - 1 - 1.49s
Y 5 | Max - 1 - 5.75s
N 5 | Max - 1 - 11.46 s
Y 10 | Enum 0.95 13 0.16% 2.94s
N 10 | Enum 0.95 307 4.18% 5.69s
Y 5 | Enum 0.95 13 0.16% 13.32s
N 5 | Enum 0.95 1,105 4.18% 4441 s
2PHH 8 Y 10 | Max - 1 - 6.53s
N 10 | Max - 1 - 5.17s
Y 7 | Max - 1 - 4.25s
N 7 | Max - 1 - 8.66s
Y 10 | Enum 0.95 19 N.F. 32.69s
N 10 | Enum 0.95 9,289 N.F. 30.53s
Y 7 | Enum 0.97 69 0.00% 21.58s
N 7 | Enum 0.97 2,749 2.13% 21.70s
3TIM 9 Y 10 | Max - 1 - 13.82s
N 10 | Max - 1 - 3.37s
Y 5 | Max - 1 - 28.80s
N 5 | Max - 1 - 3.62s
Y 10 | Enum 0.95 257 0.82% 32.74s
N 10 | Enum 0.95 17,321 0.93% 42.80s
Y 5 | Enum 0.95 883 0.81% | 2m24s
N 5 | Enum 0.95 | 83,521 0.66% | 2m14s
2CYP 9 Y 10 | Max - 1 - 3m58s
N 10 | Max - 1 - 6m40s
Y 8 | Max - 1 - 6m40s
N 8 | Max - 1 - | 13m40s
Y 10 | Enum 0.97 641 N.F 7m28s
N 10 | Enum 0.97 11,961 N.F | 24mO00s
Y 8 | Enum 0.94 1,636 6.06% | 12m31ls
N 8 | Enum 0.94 | 265,545 3.88% 2h 55m

Table 4 CLP(FD) program: tests among different parameters.




