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ABSTRACT

The paper describes a novel framework, constructed using co
straint logic programming and parallelism, to determine alsso-
ciation between parts of the primary sequence of a protaiman
helices extracted from 3-dimensional low-resolution dgsions
of large protein complexes. The association is determiryeexd
tracting constraints from the 3D information, regardinggth, rel-
ative position, and connectivity of helices, and solvingst con-
straints with the guidance of a secondary structure priedieiigo-
rithm. Parallelism is employed to enhance performance mela
proteins. The framework provides a fast, inexpensive rti@re to
determine the exact tertiary structure of unknown proteins
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1. INTRODUCTION

Proteins are responsible for nearly every function requfoe
life. A functional protein can be thought of as a properlydfed
chain of aminoacids (therimary sequence) in a 3-dimensional
space (3D). The 3D structure of a protein crucially deteawiits
interaction with other proteins and, thus, its biologicahdtions.
3D protein structure determination is a challenging pnohlear-
ticularly for large protein complexes and membrane pratéirat
are not easy to crystallize [5]. D protein structure deteation
methods can be largely classified in two class&xperimental
methods attempt to determine the 3D structure using experimental
studies, frequently based on either X-ray crystallographiMR
spectroscopyPrediction methods, instead, predict a protein struc-
ture based on its primary sequence information (e.g., usimgol-
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ogy or ab initio methods). Experimental methods are limited by
difficulties in protein expression, purification and crjfization—
particularly severe in the case of large proteins. On therdthnd,
prediction methods are, on average, successful 86% of the
times, and the correctness is sensitive to various factors.

Electron Cryomicroscopy (EC) is a novel promising experimen-
tal technique, that determines 3D structures of large pratem-
plexes at atomic resolution [5]. Current advances in ECrtiggles
are able to determine a rough protein shape in the formdehsit
distribution of electrons (density map), with a resolution of; to 9A
[10]. At this resolution, aminoacid side chains, used tdimiigiish
different aminoacids, areot generally visible. Nevertheless, this
resolution allows the identification of specific featurestlod 3D
structures, e.g., occurrences and lengths-b#lices.

We propose a new methodology that improves protein strectur
determination bycombining—using constraint logic programming
(CLP(FD))—three sources of information: structural information
(extracted from EC density maps), information from the iy
sequence, and results from secondary structure preditibnods.

2. OVERALL APPROACH

Background Definitions: The primary structure of a protein is a
sequence of linked unitsiinoacids). The aminoacids are rep-
resented by symbols from a 20-element alphabet. A protesn ha
a high degree of freedom, and its 3D conformation is naifeed
tiary structure. From thenergy point of view, the molecule tends
to reach a conformation with a the minimal value of free eperg
(native conformation). Native conformations are largely builtrfro
Secondary Structure elements (e.g., helices and sheets) often ar-
ranged in well-defined motifsa-helices are constituted of 5 to 40
contiguous aminoacids, arranged in a regular right-harict.
(3-sheets are constituted of extended strands of 5 to 10 anid®a
Algorithms, e.g., based on neural networks, have been alasdl
for the task of predicting the secondary structure (occues of
helices, 3-sheets, etc.) of a protein. For any protein sequences,
prediction methods, such as PHD, generate a measure difitikel
(a value between 0 and 9) for each aminoacid of being invaived
an helix (or other secondary structure elements) [8]. Omame
the accuracy of the best prediction methods is about 76%][8, 2
These errors in the secondary structure prediction genarkt of
freedom in mapping the helices onto the 1D sequence using the
prediction as a guide.

Problem Description: Knowledge of the 3D position of each a-
minoacid in an unknown protein is vital to understandingftivee-
tionalities of the protein. Current techniques allow usfteatively
determine the primary sequence of the protein, as well adahe
sity map of the protein (using EC). Nevertheless, the atiitiplace
each aminoacid from the primary sequence on the density sap i



still missing—as the resolution of the density map is too. |éJs-

initio protein-folding techniques (e.g., [1, 9]) could bged in this
problem, but they do not guarantee the correct 3D strucholexee
extremely compute-intensive.

The general problem addressed in this work is to provide the

first step towards such missing capabilities. Given a pnopei-
mary sequence, its 3D density map obtained using EC, and give
the secondary structure prediction for that protein, wetwame-
cover the correspondence between each helix identifieckirBih
structure and the corresponding subsequence in the pristrag-
ture. In the density map is possible to roughly recognizehidie

cal regions, as dense cylinders, along with some of theipkep-
erties (e.g., lengths, relative distances) [7]. Howevathwnly
this piece of information, it is not straightforward to magch 3D
cylinder to the corresponding primary structure area. Madabil-

ity of a mapping between helices and primary structure plexia
strong constraint on the position of the aminoacids in the 3D space,
which can be exploited by molecular dynamics applicatieng,,
CHARMM [3], to quickly determine an accurate high-resabuti
description of the protein.

Overall Approach: In this paper, we propose a general framework
to integrate density maps and secondary structure infesmaind

to predict the relationship between the primary structure gne
3D volumetric data. This first version of the framework demity
with helical information; we are currently extending it tiher sec-
ondary structure information (e.g., coils afiesheets). The frame-
work is composed of two parts. The first one introduces neW-tec
niques for extracting 3D structural information from thensdlity
maps, and it is based on 3D volumetric data analysis. Thisgha
leads to an abstract representation of certain featurdgeqdrotein
(e.g., helical regions and connectivity between regiofile sec-
ond part exploits the high level information obtained frdra ainal-
ysis and combines it with the secondary structure predictithe
idea is to join the constraints from the 3D structural infation
with the results of secondary structure prediction to mdicéson
the protein sequence, in a way to maximize the likelihoodalbr
helices. All this information is encoded asnstraints, whose op-
timal solution determines the correspondence between 80BN
components—i.e., identify segments of the primary sequéhat
correspond to the helices recognized during volumetria eagly-
sis. This second phase is implemented using ConstraintlRmgi-
gramming techniques (i.e., CLPQ)) and parallelism. The first
phase is not the focus of this paper, and it is only brieflyulsed
next, while the second phase is analyzed in the rest of therpap

Constraints from the Density Maps: We developed a new tech-
nigue to extract information from the density maps, usiraggnt-
based analysis of volumetric data to determine helicabreg[4].

In the second phase, we are interested in recovering sone bas
relationships between the predicted helices. The simpidestion

to extract—euclidean distance between extremities otégl-is
simple, but it provides a weak constraint. The proteins dieno
globular and each point is relatively close to the others-kinta
the euclidean distance small and not an effective constr&wur
idea, instead, is to extract the possikigected paths that might
connect two helices, and to build a graph that describesatighr
connectivity of areas in the density map. We can obtain this b
properly reducing and tuning the threshold level (in analyzhe
the density map). This allows us to extract the real foldifthe
protein—along with variouspurious connections, due to the low
resolution of the density map. We accomplish this by first-con
structing a three dimensional graph, that represents theocds

of the selected volume, and then by mapping on it the prelyious
determined helices. The analysis of this graph allows ustiaet

stronger constraints: given two helices, it is possible nad fhe
shortest path-t terms of aminoacids—that separates them. This
information is much stronger than the euclidean distaned, ac-
counts for the possible links between helices observederdén-
sity map. This information is correct: although two helices be
more distant (when the graph contains many spurious edgés),
not possible that two helices are separated by a smaller eaib
aminoacids than predicted. Moreover, if there is only orté fzat
links two helices, it is possible to state that the helicesdjacent.

3. A CONSTRAINT-BASED SOLUTION

The information extracted from the analysis of the densigpm
has to be combined with the results of structural prediction
guide the creation of a mapping between helices and segroénts
the primary sequence. In general, the structural inforonagix-
tracted from the density map allows us to determine the numbe
and lengths of the helices present in the protein, as wetifasmna-
tion about relative distances (in terms of aminoacids) asitions.
For each helix, we wish to explore its possible placementthen
protein sequence—i.e., determine which segment of theipree-
quence corresponds to the given helix. The possible platsmaes
expected to satisfy the distance, length, and positiontrainss,
and they arganked according to how well they match the PHD
prediction. The problem is reduced to a constraint optitiona
problem. The optimal solution is a placement in which thaltot
sum of the helices’ placement score is maximal. Due to the-exp
nential size of the search space, it is vital to employ thélavie
constraints (e.g., length of the helices) to prune the bespace
and discard unlikely placements. Since we use the secostfacy
ture prediction as a guide to score the placements, theelsedie
mostly placed near the high score populations (842998) of the
likelihood distribution produced by PHD.

3.1 A CLP Formalization of the Problem

The use of CLPED) for the encoding of our problem is sug-
gested by two main needgt) the need for efficient solvers to han-
dle the constraints extracted from the density maps, (@pdhe
need for modularity, as we wish to add new types of conssaiat
they become available from density maps analysis. Thes-obj
tives can be easily achieved in CLPD) (while, e.g., modularity,
is challenging in imperative languages).

Problem Formalization: Let n be the number of helices extracted
from the density map, and, for each heljxet L; denote its length.
Letm be the length of the primary sequenceplacement = is a tu-
ple(rwi,...,m), wherel < m; < m denotes the initial position of
helix i. The collection of all possible placements is denotedIby
A partial assignmentr,i),1 < i < nis the tuple(m, ..., m).
Note that(w,n) = w. Letpred; denote the confidence level as-
signed by PHD for the presence of an helix in positioim the
protein sequence—i.e., the likelihood that the aminoacigasi-
tion ¢ belongs to an helix. Given the positid?y of the beginning
of helix j in the sequence, the score associateh;tcs

Si(Py) =020 pred;
where L; is the helix length; the average score of assigning
helices is the total score divided by the total length of thie-
lices. To each placement is associatestae defined asS(w) =
>, Si(m:). We define theverage score of a partial assignment:

N Xj=a Si(my)
A(m, i) = oI
The objective function can be described asiax em S(7).
A set of constraints should be imposed ovérto restrict the ad-
missible placements:



o Non-overlap constraint: for i < j: (m; > m; + Lj) V (m +

L; < 7). The constraint forbids placements where one
aminoacid belongs to two helices.

Trimscores: V1 < i < n: A(m,i) > T =t + T 222,
whereT,,, < Ty are respectively minimal and maximal
thresholds on the score. Basically, for each level of the, tre
we set a minimum threshold on the partial score, used to
prune those branches that contain an average partial contri
bution which is too low. The threshold varies linearly with
the depth of the tree, and ranges fr@in to T;. The idea is

to require a low threshold for the rodf’(,), and increase it
while placing different helices.

Minimal distance constraint: if the density map indicates
that helices # j are separated by at leakt; aminoacids,
then(m > i + Lj + 52',3') or (71'7; + L; + 52',3' < 7Tj).
Adjacency congtraint: if the density map clearly identifies
that helices and; are adjacenand separated by; ; amino-
acids, ther(m; > m;+ Lj+ 8 jAm <mj+Lj+6i;+V)
or(m- + L; +5i,j < T N\ T + L; +5i,j +V > ﬂ'j). This

is a special case of Minimal Distance Constraint, where the

the adjacency listAdj Li st) obtained from density map analy-
sis, composed of elements of the forfnHi , Hj, CGDistij,
Strict] whereH andH are helices andDi stij is the
minimal distance in terms of aminoacids that separates théhe
primary sequence. The fl&) ri ct defines whetheGDi stij is

a lower bound or an exact estimate. The input data is encasled a
constraints over FD variables. The code:

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

get | ength(Data, L), get_index(Data, |ndex),
constrain_no_ovrl (P, L), constrai n_scores(Data,P, S),
trimscores(S, L, TmTM,

(UseG aph==1 -> cons_pos(P, L, Adj Li st, I ndex) ; true).

implements theConstrain phase. Here, the variable domains for
P and S are sesét _domai ns), so that every domain contains
the values specified in the input data. The domains of P are sim
plified as described above, using thenM nDi st user defined
parameter. The predicatget _| engt h (get _i ndex) recovers
from Dat a the list of lengths (helix indicebin) associated to the
helices. The predicateonst r ai n_no_ovr| adds a constraint
for each pairi, j of helices. The constraint expresses the fact that

number of aminoacids between the two helices is bounded to two distinct helices may not Over|ap when p|aced on the pMna

be at leasb; ; and at mosb; ; + V, wherelV’ € Nis a small
number to accommodate errors when identifying the exact
bounds of helices (the exact case would Use- 0). Even
if the constraint still allows the presence of other helices
between the two adjacent ones, this is actually avoided be-
cause of the distances predicted from the density maps, i.e.
the disequalityd; > &:,; + Li + ;% holds. In this way,
helix £ cannot be inserted betweéand; without violating
a minimal distance constraint.
A CLP(FD) Encoding: We are interested in modeling the proper-
ties of helices in order to find a suitable placement over theary
structure. Each heliX is modeled by two variables?, and S,,
that represent respectively tpesition of the helix in the primary
sequence and trseore associated to such placement. The variable
L, denotes the length of the helix. The domains associateé® to
andS, represent the possible placements of the helix and the-corre
sponding quality score. The program selects, for each hetxset
of positionsp; € P, that are good candidates for the search. For
eachp;, the corresponding score € S, is included in the score
domain. The candidates are selected performing a cononlai
a window of lengthL, on the PHD prediction array. The score
associated to each position is equal to the sum of predietéd r
bility for each aminoacid in the current window. In order éaluce
the search space from the beginning, a heuristic is emplioytc
definition of the domains for th& of each helix. The heuristic se-
lects, from each domain, a set of representative positrensoving
positions that lead to a very low score and merging domaii pos
tions that are very close to each others. For an helixe refer to
DomM nDi st as the minimal distance required between two posi-
tions in the position domai®, i.e.,Vz,y € P,.abs(x-y) #>=
DomM nDi st .

The program has the classiaainstrain & generate structure.
The program defines the variables’ domains and the contstrain
among them, and then launches a backtrack search, thatrexplo
the space of admissible solutions. The inpatt a for the pro-
gram is a list of records of the following forni:Hn, Lengt h,
[Plist], [Slist]] where, for each heliHn, Length

sequence; this is encoded in CLZPR) by restricting the range of
relative positions the two helices can assuéi: #>= Pj +Lj )
#\/ (Pi +Li #=< Pj),wherePi ,Pj,Li andLj are the posi-
tion variables and lengths associated to the helicewl ;.

The second set of constraints is added byst r ai n_scor es.

For each helix, we callbi nd_scor e( DonP, Dons, Pi , Si ),

that binds each position in the liBbnP to the corresponding score
DontS. Note that the lists contain the same elements defined for the
domains of variableBi andSi . The predicatdi nd_scor e is:

bi nd_score( [DP | DonP ],[ DS | DonS],P,S) :-

(P#=DP) #=> (S#=DS), bi nd_scor e(DonP, DonSs5, P, S) .

bi nd_score([],[],-P,-S).

The implication ensures that, whenever a value is assignea he-
lix position, the corresponding score variable is propedgigned
as well. The predicateri mscor es adds theTrim score con-
straints, aimed at pruning the search tree as the placemémné o
helices is generated. A varying minimum threshold on theesob
the partial solution is enforced.

Finally, if the flagUseGr aph is set, then the predicat®ns _pos
is called, that introduces the distance/adjacency cansdrén terms
of aminoacids) obtained from the density map. For each pdie-o
lices i, j we restrict the distance between the corresponding two
blocks on the primary sequence to be at least the value ceahput
using the density map information, i.e.,

(Pi #>= Pj +Lj +GDi stij)#\/(Pi +Li +GDi sti j #=<Pj)
whereGDi st i j isthe minimal aminoacids distance predicted from
the density map.

A special case is considere8t(ri ct flag set tol), when two
helices are predicted to be consecutive in the primary segue
This information is encoded as an additional constraiatirgg that
the minimal distance predicted is actually very close tocieect
one. This adds an upper limit for the distance between the two
helices. In this case, to accommodate for errors in predtistithe
lower and upper limit for the relative distance of two conga®
helices differ by few aminoacid&/ér ). In CLP(FD):

(Pi #>=Pj +Lj +CGDi st i j #/\Pi #=<Pj +Lj +GDi sti j +Var)
#\/

is its length,P_I i st is the list of allowed positions in the primary (P +Li +GDi st i j #=<Pj #/\Pi +Li +GDi sti j +Var#>= Pj)

structure (referred to the beginning of the helix), &ti st is the
corresponding list of scores associated to each positiote tat,
for convenienceS.l i st is sorted in decreasing order (the most
valuable positions are listed first). The input data corgtalso

We make use of the built-in search capabilities of CE®Y) to
support thegenerate phase of the constraint resolution process. We
implement two types of search. In the firdflgximize search),
we search the best solution using branch&bound, via the-iouil



predicatel abel i ng([ maxi mi ze(Score)], Posi tions) where
Scor e contains the average score of aplacementRarsd t i ons

is the list of position variables for the helices. In the other search
(Enumeration search), we list the suboptimal set of solutions whose
score is within a small percentage from the selected maximum
The constraintT i s i nteger (EnuntPerc*100), Score*100
#>= T*SunlLen is introduced, wher&unlLen is the sum of each
helix length,Enumis the minimal average score required to enu-
merate a solution anBer c is a coefficient (between 0 and 1) that
lowers that threshold. It is useful, when enumerating stibap
solutions, to equaEnumto the maximum found with the branch
and bound search and to select (ushay ¢) the amount of solu-
tions required. To explore the admissible solutions thHillfthe
constraints, we combine the buildtiabel i ng([ff], Posi ti ons)
andf i ndal I , to collect the results produced byabel i ng. As
before, we search assignments of the Rsti t i ons of all he-
lices positions that satisfy all the constraints. In gehétas not
expected that the actual solution lies exactly on the maxindue

to approximations and errors in predictions. Itis importarstudy
the quality of a set of quasi-optimal solutions. In the ojiition
search, the selection order of the position variables isrdehed

by decreasing order of helices length, since the predicfiatity is
higher for longer helices. Thus, in the labeling predicatgonesent

a list ordered accordingly. In the enumeration search, veeaus
first-fail (f f option) variable selection rule, which is appropriate to
explore the search tree without a branch and bound algarittma
actual code that implements the formalization describexValis
concise and it is easily modifiable, i.e., when new constsaieed

to be added.

3.2 Experimental Results

The system has been implemented using ¢hef d library
of SICStus. In our tests, we use the proteins with the largest

number of he-| Protein| Thr | C++ CLP(FD)
lices from the Max Maximize | Enum
benchmark sef 7522 | 710665 ~0165| 1935
_ .66 s 16s| 1.93s
fo;[r?]]'tx\ﬁpeers 2PHH 8|266s| 0655|1485
YPES| oTsc 7] 15.1s 0.44s| 3545
of comparisons. 37|m 8] 928s 0.83s| 34.4s
In the first, we| 2CYP 6| 40.9s 319s| 131s
compare the run=

ning times of Table 1: C++vs. CLPFD)

the sequential version as in [6] and tguivalent implementation

in CLP(FD). In the second analysis, we run a set of tests to an-
alyze the speedup obtained by including the constraintsegad

by the preliminary density map elaboration. We also tesediht
thresholds for th®omM nDi st heuristic and we show the results
of the two different search strategies employed.

Table 1 reports the running times of the same problem instanc
(without the distance constraints from density maps—tlaeseoo
difficult to introduce in C++), implemented in C++ and CL#D).

For the CLP{FD) section, we report the branch and bound time
(maximize) and the enumeration time of the solutions oveera ¢
tain average threshold (dependent on the specific profEirg) tests
are run on an Intel 3GHz Linux machine. We uBer M n = 5,
DonmM nDi st = 10, and we enumerate all solutions with score
greater thanThr Max (i.e., EnuneThr Max, Per ¢c=1.0), in order

to explore the same solutions as in the maximize search.

The times show that the CLFF(D) approach is comparable, and
frequently superior, to the optimized C++ implementatidviote
that the times in CLRED) are not proportional to C++. The main
reason is that pruning in CLFD) is handled in conjunction with
constraint propagation, which can be very effective, ddpgnon

Techniques Comparison

Hc enum

Eclp max

Eclp enum

1CC5 1ECA 2PHH 2TSC  3TIM  2CYP

Figure 1: C++, branch & bound, CLP(FD) enumeration

the specific domains at hand. Observe that the search fopthe o
timal solution in CLP{D), using built-in branch and bound tech-
niques, is very efficient, even in this not very constraineghario,
yet maintaining a simple and modular structure. Figure 1james
the performance of the 3 techniques. For each protein, waaler
ized the three running times against CIZH?) enumeration time.

The next set of experiments illustrates the introductiordisf
tance/adjacency constraints to reduce the search spageoio,
we also show the differences in the search space and timey whe
varying the search technique (i.e., maximization and ematios).
and theDonmM nDi st heuristic parameter. If not specified differ-
ently, we used the same parameters as in the previous tatde. W
set Thr Max=6 and for the enumeration case we seledfedm
equal to the maximal value found during the maximizationhwit
the same parameters. A detailed summary of the experimental
sults is reported in [4]. Fig. 2 depicts, for each proteie, speedup
in terms of time and nodes enumerated, obtained by intraduci
distance/adjacency constraints. The values reportechkea t for
each protein, from the rows with the lowdxinM nDi st param-
eter using enumeration search.

Graph constraints speedup

160
140
120
100
80
60
40 1
20

@Time (/10)
B Tree size

2TSC 2PHH 1ECA  1L58 3TIM  2CYP

Figure 2: Speedup using distance/adjacency constraints

We can conclude that the additional constraints provideifsig
icant speedups. In particular, note that the minimal antitba
distance between two helices extracted from the density imap
conservative estimate. This fact has various consequerices
of all, the use of an improved feature extraction proceduenf
the density maps could produce higher correct minimal desta
between helices and speedup the search by several ordeegef m
nitude. Moreover, for the protein 1ECA, note that, usingdheph
constraints in combination with a stri€omM nDi st heuristic,
the real solution is not found fdbonM nDi st =10. This shows
clearly that the constraints correctly eliminate the pussieal so-
lution candidates that are not physically allowed, but riaedess
considered in a generic blind enumeration (as the one in Téiis
also shows that theormM nDi st heuristic is very useful to reduce
the search, but also it cannot be used with too high valuese s



could exclude some domain values essential to the ideniificaf

the real solution. The same points above can justify thetifeatt in

certain proteins, the introduction of distance/adjaceranystraints
increases the distance between the best solution scordameal
one: the enumerated space is pruned by the additional eantstr
and it presents a correct real solution associated to a laverage
score. Observe that, even without strong constraints, wefind

the solution in the optimal position for the protein 2PHH.

4. APARALLEL CONSTRAINT SOLUTION

The exploration of a search tree induced by the variables, do
mains, and the constraints, is highly non-deterministiggesting
the possibility of partitioning the search tree into subsr¢asks)
and exploring thenmn parallel.

Overview of the Parallel System: The parallel system is com-
posed of ascheduler and a set otlients. The system makes use
of a centralized scheduling mechanism. The scheduler is a C pro-
gram that handles the distribution of tasks to the clienta fally
dynamic fashion, and implements load balancing stratedtash
client explores the subtree (i.¢ask) assigned to the client by the
scheduler, in search of solutions. In addition, the cleakKecution
might be preempted if load balancing activities are reaqegeby the
scheduler. In such a case, the client will select parts @gagk and
return it to the scheduler for redistribution.

Clients: Each client is a CLRFD) program that implements the
process of solving the constraints on a given subset of theclse
space—i.e., a subset of the domains of the variables in thie- pr
lem. When launched, a client imports protein data, defines va
able domains, and defines constraints. After the problepaiddd,

it communicates back to the scheduler the cardinaffiyze) of
each variable domain representing a level in the search Aker
that, each client starts a loop composed of three operatsemsl a
Task_r equest to the scheduler, wait for assignment of a task,

unexplored parts of its current task. These parts consist st
of root nodes that partition the non-consumed task in a setilof
trees. The scheduler creates a new task for each subtrd#igten
by the nodes received from the client. This operation fragsthe
leftover task into smaller new tasks, added to the task qaede
redistributed to the idle clients. To avoid excessive comication
in determining the exact work-load in each client, we appnate
the work-load by assuming that each task is a complete thee; t
work-load is computed as the product of the number of unezgio
children of the task’s root and the average size of the sebtrehis
estimate has worked well in practice. To maintain an actépta
task grain size, we impose a minimal threshold on the sizasist
(i.e., number of nodes and tree height) that can be redistab

This rescheduling strategy has been refined to better dell wi
cases where there are few, heavy tasks. In our initial impiem
tation, clients accept rescheduling requests only when liawe
completed one of the children of the root of their assignestt.ta
Each of the subtrees is individually generated using thé-toui
labeling predicates of CLE{D). This approach introduces a de-
lay in the rescheduling phase—ideally, we would like therdi
to immediately return the available subtasks without kegphe
scheduler (and the idle clients) on hold. We limited thishbem
by increasing the frequency of the test for presence of eshdng
requests—the test is performed each time the computatiok- ba
tracks into the topk levels of the taskX being a user-defined pa-
rameter). The choice df is critical—to make the test possible,
the firstk levels cannot be implemented using the built-in label-
ing predicate, but using a (slower) user-defined labelingguure.
Thus, there is a trade-off between the increased compuogdtione
for exploring a tree and the delay before returning the pptech
tasks. The results presented next make use of a factop.

Experimental results: The experiments have been conducted us-
ing an HP RP8400 NUMA architecture. The core constraint han-

and execute the task. The processing of a task is based on thalling part is coded in SICStus. We consider four differentale
CLP(FD) scheme described earlier. During task elaboration, the ities. In the first set of tests, we run the program in its sespl

client checks for eventudReschedul i ng requests; this test is
performed every time one of the subtrees of the initial &@sbot is
completed. If the request is received, the client stops anthtu-
nicates all the remainingub_t asks to the scheduler.
Scheduling and Communication: The distribution of tasks to the
clients needs to strike a balance between uniform workibligton
(easier for many tasks) and effectiveness of constrairiggation
(more efficient for fewer, larger tasks).

The centralized scheduler statically determines theainjool
of tasks to be assignedagk queue) according to a user-defined
parameter (minimal number of taskd#inTask) and the size of
each level of the tree. The size of each level of the tree dipen
the size of the domain of the variables in the constraint lprab
The task queue is initialized with a set of subtrees of thecbea
tree (all having roots at the same depth). The schedulegressi
task—using am\ssi gn_t ask message—to a client in response to
aTask_r equest message. Each task is described by the path in
the tree from the root of the tree to the root of the task sebtre

The pruning performed by the constraint propagation pces
leads to irregularly structured search trees, requiriegige of load

formulation, i.e., with no rescheduling and no distancj@ehcy
constraints provided by the analysis described in Sectidn the
second set of tests, we enable the basic rescheduling & task
the third, we test the second rescheduling stratégy: (2). In the
last set, we use rescheduling and distance constraints.

In Table 3 @andard), we report the running times for a set of
six proteins from the PDB. The columns contain the protein ID
the number of tasks (# T) in which the search space is paréitip
and the parallel time in seconds required when using 1,2}48an
clients. Next, we report the same tests using a larger lisigiaof
tasks. The number of tasks in the left sidelisand in the right
side is100. The speedups from the data in the Standard part of
Table 3 appear, when using fewer tasks, to be poor. This happe
when the problem is subdivided into few and heavy tasks,awuith
the possibility to break them into smaller units. The perfance
improves using 100 tasks, since the load is fragmented iflesma
tasks and it is more likely that every client ends at the same t
(theoretical optimal scaling). Note also that the executime on
a single client increases when partitioning the problera mbre
tasks, since there is an overhead for constraint handliagyg¢ime

balancing mechanisms. These mechanisms are employed whera subproblem is initialized. Moreover, during search instaaint
the scheduler has an empty task queue, and there is a mix of acyprogramming, it is preferable to have a single search tieees

tive and idle clients in the system. The purpose of load lzitan
(rescheduling) is to dynamically generate smaller tasks from tasks
that are still active, and move them from active clients te @hes.
The rescheduling is initiated by the scheduler, which ss)edgth a
Reschedul i ng message, the client that has the estimated high-
est work load. The selected client will return to the schedtte

information for backtracking and pruning is lost when steytan
exploration on a subtree from scratch. This suggests teatim-
ber of tasks should be kept small, and at the same time théesmal
number of tasks should be rescheduled to guarantee thatpwer
cessor is idle for a minimal amount of time. These considamat
indicate that the rescheduling strategy, described in. 8eshould



be applied whenever a client is idle. Table 3 (First resclieglure-
ports the results for the same proteins using the rescmegsiiat-
egy. Comparing the Standard and First rescheduling tahlés,
clear that the introduction of the strategy is effectiveitd®lps in
balancing the load. The speedups and overall time are iredrov
even if an overhead for the rescheduling phase is introduced
We now compare the benefits given by the introduction of the
second rescheduling strategy (which provides a higheuéecy
of checking for rescheduling requests). Table 3 reportdithes
for the 10 tasks case, using the second rescheduling strafég
can see that the speedups, using the second rescheduditeggtr
are closer to the linear one. This strategy, though, cost® fimo
terms of exploration time. There is a trade off between tlaecte

No constraints (100 tasks)| Constraints (100 tasks

ID 1] 2| 4| 8 1] 2] 4] 8

2CYP] 35.0[176] 87] 46 31.4]15.7]8.0] 4.1

2PHH|| 57.1[286|147| 74| 39| 20[1.0] 0.6

3TIM || 108.2| 543 27.6 | 14.7| 19.9]| 10.3[ 55| 2.8
Table 2: Application of Additional Constraints

time and the wait before rescheduling a task. The table skiwats
the longer exploration time is balanced by the quicker reduh
ing, when big tasks are handled by many clients. In thesescése
is preferable to split tasks as soon as possible, reduciiay ded
improving overlapping of actual computations. To scaleptab-
lem to more clients, it is reasonable to employ the secoradesty
and a small number of initial tasks.

The last results deal with the inclusion of the distancel@elcy
constraints, coming from our helix search described iniSe@.

In Table 2 we compare the three most computationally expensi
proteins, with100 initial tasks. The most striking difference is that
the addition of simple constraints, which are implementeteiv
Prolog lines of code, is able to reduce the times by a factaeo 42
(see Table 2). Moreover the speedups of the parallel coripusa
are only slightly decreased. We can also notice that thedsypse
are less uniform—due to the more irregular structure of fség,
caused by the pruning from the new constraints.

5. CONCLUSION AND FUTURE WORK

In this paper, we presented a new constraint framework &rdet
mine the correspondence between the primary and tertiargtste
of complex proteins. We addressed the problem using EF)(
and implemented a working prototype on a parallel machine. W

constraint optimization approach using a new lower bound.
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(3]

(6]

(8]
(9]

[10]

used the density maps obtained by means of EC, and defined a

methodology to extract different types of constraints ttphae
mapping process. Constraints are employed to automtibetér-
mine the best placement of helices on the primary sequenderu
the guidance of scoring functions from protein structuredprtion
techniques. The experimental results showed that the gmobéan
be effectively parallelized, and the use of constraintstitrally re-
duces the running times, allowing the effective analysisacje
proteins with good accuracy.

In the future, we plan to improve the framework in many di-
rections. First, we want improve the constraint extracfrom the
density maps. We expect that stronger constraints wilh&mprune
the search space; this will also raise some delicate issuesms
of ensuring proper load balancing during parallel execuas al-
ready highlighted in this work in the rescheduling proceg#} will
also refine the rescheduling strategies, to achieve betésdsips,
e.g., focusing on the tasks fragmentation and redistobuti
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Table 3: Execution Times

# Standard “10 tasks” |
ID T 1 2 4 8
IECA 9 1.19| 0.63 0.33] 0.21
1158 9 3.93| 2.24 159 1.26
2TSC 11 470 2.60 150 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
IECA| 81 1421 0.72 0.37| 0.19
1158 90 410 211 1.12| 0.64
2TSC 77 490 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”
1IECA 9 1.21] 0.65 0.35 0.2
1158 9 416 2.16 1.32] 0.67
2TSC 11 473 241 1.28| 0.82
2CYP 11| 3350 I7.05] 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’
IECA] 81 1521 0.76 0.40| 0.20
1158 90 426 2.16 1.09| 0.57
2TSC 77 493 2.49 1.26| 0.67
2CYP || 154 | 34.98| 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 task$”

1IECA 9 1.34] 0.72 0.37] 0.22
1158 9 41471 211 1.28| 0.62
2TSC 11 482 2.45 1.32] 0.69
2CYP 11| 3454 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




