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CHAPTER 1

INTRODUCTION

The importance of RNA molecules in cells is recognized bykeg roles they play in
transcription and translation. It is well-known that RNA molecutasry protein-coding
information in their base sequences, and that some RNA moleculesasudbozymes,
can also serve as catalysts in reactions. The function of a&h Rblecule is determined
by the exact sequence in which their nucleotide bases areaeardeith the linear
sequence of bases forming the primary structure of the RNA maedtile interactions
between bases separated by long or short distances alldaNAanolecule to fold up in
space to form its secondary structure; the sets of stackeddamseare called double
helices which might be present in sequences in a parallel or nestether callecdtem
loops or in a crossing manner callgdeudoknots

Pseudoknots are functionally important in a number of RNAs. They have toead
participating in translation [Feldeet al., 2001], viral genome structure [Paillaat al.,
2002], and ribozyme active sites [Tanalkd al., 2002]. For example, pseudoknot
structures present in coding regions can stimulate ribosomal {sifteng and
translational read-through during elongation [Kontes al, 2001]. Pseudoknots in
noncoding regions can initiate translation either by being parsmtalled internal
ribosomal entry site(IRES) in the 5 noncoding region or by formimngnslational

enhancers in the 3’'noncoding region [Deiman and Pleij,1997].



A number of computational approaches have been developed to predict RbiAdaeg
structures. Most of these methods can be categorized as thermodymadeling or
stochastic grammar modeling. Thermodynamics modeling uses al niadedescribes
how to assign free energies to legal secondary structuresgtimndary structure of an
RNA sequence is predicted as the structure of least freegeri@inoco et al., 1973;
Nussinovet al, 1980; Zukeret al,1981; Turneret al, 1988; Mathews 1999]. The
thermodynamic method has resulted in a few widely used softegseems, such as
MFOLD [Zuker et al.,1981] and VienaHttp://www.tbi.univie.ac.at/~ivo/RNRAthat can
predict non-pseudoknotted structures for any given single RNA sequenoere than
70% accuracy. This type of modeling has generality but ladksilfility in describing
RNA structures as compared to stochastic grammar approaclhebaStic models based
on Chomsky context—free grammar to describe the nested and pgvatteins of
interactions between nucleotide bases have been very successfuletbcting stem-
loops in RNA sequences [Eddy and Durbin,1994; Lari and Young, 1990; Sakakiba
al., 1994]. In a stochastic context-free grammar (SCFG), each piiodust associated
with a probability parameter computed from a set of RNA trairsequences. A structure
prediction algorithm can be automatically generated from eaclifggly trained
structure model. SCFG is more flexible than other modeling appsesaichthe sense that
it allows specific description of structure patterns and autodhgémeration of prediction
algorithms. Moreover, unlike other approaches that focus on speciallgedthms for
solving the single-sequence structure prediction problem, SCFG sanbal used to
develop profiles for multiple alignment, consensus structure predictind structural

homology recognition in database searches [Eddy and Durbin,1994; Brown, 2000;



Durbin et al,, 1998]. It has even been shown that in general minimum enleaggd
modeling approaches such as Zuker’'s can be converted to SCIEGRiyas and Eddy,
2000; Durbinet al., 1998].

However, stochastic modeling of RNA pseudoknots based on grammamsyst#l
remains a big challenge in the bioinformatics community becausthefadditional
complexity imposed by crossing patterns of base pairings in pseudoHrasretically,
pseudoknots require a context-sensitive grammar that is more corni@a CFG and
clumsy to manipulate. Some attempts have been made to model psetglwkthe spirit
of SCFG. Brown and Wilson [1996], for example, have introduced a predichodel
based on the intersection of two separate SCFGs to describerbssing helices of a
pseudoknot. This approach, however, is heuristic and does not ensure optimalit
Uemuraet al.” s tree adjoining modeling approach seems too complicated to ingplem
[Uemuraet al.,, 1999]. After introducing a thermodynamic-based dynamic programming
algorithm for pseudoknot prediction [Rivas and Eddy, 1999], Rivas & Eddy [2000]
presented a grammar model to describe the legal structunesfiele by their algorithm.
This grammar is based on auxiliary semantic symbols to redhgestrings generated by
an otherwise context-free grammar. As described in [Rivas Bddy, 2000], this
grammar approach makes it possible to develop fully probabilistizdeling of
pseudoknots. However, the rules of reordering appear hard to implement.

In our research, we have introduced a new grammar model fok Rbdeudoknots
based on thdParallel Communicating Grammar SystdfPaun and Santean, 1990}
PCGS consists of a number of Chomsky grammars (called compornkeatgre parallel

and synchronized with one another. Each component can query sequenaedegehg



other components and multiple components can make queries at theis@am&uch a
communication protocol allows more than one grammar components to worthéoge
and be more powerful than a single component of the same type. Ilrcyarti a
pseudoknot can be described by such a grammar system in which ateiloegegrammar
generates a stem loop while a pair of synchronized components ggEnéna crossing
helix. Technically, the stochastic version of the grammaticatleting of pseudoknots
can be as simple as an SCFG containing a special query syesbalnonterminal. As
with SCFG, our new modeling of pseudoknots allows top-down grammaticatiggsns
of RNA pseudoknot structures in the same manner as an SCFG dassriotoops. The
new model also leads to an automated bottom-up dynamic prograjratgorithm for
pseudoknot structure prediction [Gaial, 2003].

In our pseudoknot prediction algorithm, a matrix M is used to evaluategvery
subsequence K[j] and every nonterminal X, the maximum probability fori,xj] to
admit the substructure specified by X. The computation is doriedrspirit of the CYK
algorithms [Cocke, Younger and Kasami] for stem-loop prediction. DRoethe
complexity imposed by the crossing double helices forming pseudoknots|ganthm
needs to distinguish three categories of substructures: tradistsratioops, pseudoknots,
and those containing a potential pseudoknot base pairing region, cafisddures In
particular, for dynamic programming-based probability computation, not tha range
[i..j] of each subsequence but also the range of each potential regiomeantath the
subsequence is considered. This results in the requirements 6f fo¢Munning time and
O(N* for memory space, where N is the length of sequence. Then mpace

consumption by the algorithm is the two matrices: a five-dimameali M and a four-



dimensional M1. The former is for storing the maximum probability feach
subsequence K[j] (which may or may not contain a potential regiom.xd]) to admit the
substructure specified by each nonterminal X. The latter is deedhe maximum
probability of forming a crossing helix by each pair of two subsequences.

This thesis work seeks to improve the algorithm performance fdr bwmory usage
and running time. It has been shown that general problem of RNA pseudaknotte
structure prediction is computationally intractable [Akustu 2000; Lgngssal.,, 2000].
Even for restricted pseudoknot categories, most existing predidgomithms, including
ours, require a worst case CPU time G(Mind memory space Of)N making it
unrealistic to predict pseudoknots for RNA sequences of even a modiemgth. So it is
very important to explore approaches to reduce the resource requoisetoemake these
algorithms practical. There have been a few algorithmic aggres developed for
improving the efficiency of dynamic programming algorithms,lugking those solving
biological problems. Most of these improvements take advantage w@irc@ssumptions
about the optimization function, such as convexity, concavity and spaasitl usually a
speedup factor of (N/log N) is realized. For example, Eppstead. [1991] used heuristic
techniques in minimum energy-based stem-loop prediction algorithchsngproved the
space complexity with a little sacrifice of time. Howevdrese techniques are unlikely to
drastically reduce the computational resource requirementseoggeudoknot prediction
algorithm due the intractability of the problem. On the other handelievant research to
date there are few implementation techniques developed for improvengfficiency of

the prediction algorithms based on dynamic programming.



We have introduced two implementation techniqguaemory mappingndparallelism
for improving the efficiency of the pseudoknot prediction algorithm. hése been able
to compress effectively the memory space used in this algomtiima memory mapping
technique that implements the actually used portions of matriceaM M. In particular,
let N be the sequence length, angy,sand S, be the maximum and minimum length of
a base-paired helix, respectively, then the actually used portidilofias the size [(N-
Smin +1)(SnaxcSmint1)]>. For each nonterminal without a potential region, the actually
needed matrix space in M is N(N+1)/2, while for each nontermioaltaining a potential
region, the required memory in M has the size N(N+1)(N+2)(N28)/ The technique
maps the actually used portions of M1 and M to a one-dimensional giaakie use of an
offset mapping function. Since in general less than half of the nomatsncontain a
potential region, the implemented algorithm needs only ./@Bthe memory required
without memory mapping. That is, the mapping technique allows us togireeljuences
about 2.46 times longer than we could without the technique.

The computation of matrix M is also highly parallelizable. Intparar, the matrix is
computed diagonal by diagonal, starting from the major diagonalidsnivith indices i
j) are computed in the increasing order of index distanceji%; the computation of an
entry depends only on the entries with short index distances. Ideally, the coropsitat
entries with the same index distance could be evenly partitioneddatdbuted to a
number of parallel processors. Technically, to avoid the scenaridichvihe unexpected
delay of one processor may cause another one to be idle, the alg@anitipioys many
threads working on entries with the same index distance. For &ads; the sequential

loop corresponding to indek is decomposed so that more than one iteration can be



executed at the same time. We have implemented a dynaskcdiatribution across
processors so that those working on threads that complete early massigned more
work through this load-balancing strategy. We refer to this meth@ppsoach 1

We have implemented the algorithm with approach 1 via the openMmRitpad on the
shared memory computer system SGI Origin 2000. As expected, theambpsaves
significant time. However, when the index distance approachesrttiieNi ( the length of
input sequence), not all processors are used. We have invented a battepaxtition
strategy to overcome this drawback. Since for the computatiomytradex distance,
each processor loops sequentially through all relevant nonternahabsch iteration off,
the partition for parallel work can be done at the level of nontermainahile still
allowing all co-working threads to synchronize at the samexrtistance. We refer to
this method aspproach 2 The benefits of this new strategy are two-fold. First, the work
can be partitioned more evenly to avoid unnecessary delay amonglshi@acondly,
even at the last index distance (Dij = N), all processorslmafully utilized because task
assignment is based on different nonterminals instead of loop variabte parallelism
techniques allow us to achieve a nearly 10-fold speedup (using 16ssasg for the
conducted pseudoknot prediction tests conducted on real tmRNA data.

Most pseudoknot prediction algorithms are developed along two diffenees lof
modeling: thermodynamics and stochastic grammars. Actually, battslof algorithms
are dynamic programming-based, or more specifically, av& @lgorithm-like. Our
implementation techniques can reduce computational resource consumptiakirig
advantage of the ways the matrix is organized and computed. Whike existing

prediction algorithms that evolved from the stem-loop prediction algaoritare all



variants of the dynamic programming-based CYK algorithm, our impigat®n
strategies should be applicable to other dynamic programmingxncatmputation-based
algorithms for pseudoknot prediction as well.

This thesis is organized as follows. In chapter 2, we introduce a stexshastic
grammar model for pseudoknot prediction based on PCGS; the det#lils pteudoknot
prediction algorithm generated by this stochastic grammar havdalescribed in chapter
3. In an effort to improve the efficiency of the algorithm, we meistwo implementation
techniques that we have developegemory mappingnd parallelism in chapter 4 and
chapter 5, respectively. In chapter 6, we summarize our wore discuss the

applicability of our model and the implementation techniques.



CHAPTER 2

A STOCHASTIC GRAMMATICAL MODELING OF RNA PSEUDOKNOTS

In RNA molecules, the hydrogen bonds between nucleotide bases cau&Nte
molecules to fold in space from their linear sequences to théasgatondary structures;
the interaction between these nucleotides leads to differenteselit RNA molecules.
While ordinary RNA stem-loop structures can be viewed as nestittgrpa of base-
pairing nucleotides and can be modeled by SCFG [Eddy and Durbin, 1994, Bailesi
al., 1994], RNA pseudoknots require crossing patterns of base-pairingcdinabt be
modeled by SCFG. Formally, pseudoknots require Chomsky context-sergriimmars,
which are much more complex than CFG as well as clumsy to img@ie. There have
been some attempts to model pseudoknots in the spirit of CFG granimatr these
approaches are either too difficult to manipulate or unable to ensure global aptimal

Our new grammar modeling approach [@aial., 2003] for RNA pseudoknots is based
on theParallel Communicating Grammar SystdRCGS) [Paun and Santean 1990; Cai,
1995, 1996] Such a grammar system consists of a set of Chomsky granicaded
componerd, one of which is called thenaste) that can rewrite in parallel and
communicate with each other synchronously under certain communicataincols.
More concretely, one grammar component can query the sequencesteermrather
components and many components can make queries at the same ti@8s MDose

components are of a certain type are provably more powerful theinghe Chomsky



grammar of the same type. Theoretically, a pseudoknot structaréeaescribed as a
normal stem-loop embedded with a crossing helix, which could be dona BFG
grammar and a few regular grammars designed to synchronoesigrate crossing
double helices of the pseudoknot structure.

2.1 Parallel grammars to specify pseudoknots

To understand how the PCGS specifies pseudoknots, we first need a gedipéron of
an RNA pseudoknotted structure.
Given an RNA sequence, lzase regionis a subsequence of the sequence. hase-
paired regionsare two base regions that form a double helix. The two bageme are
also said taontributeto the helix.
Definition 2.1: Given a subsequenden sequence, a potential regionin subsequence
is a base region withihthat doesn’t contribute to any helix trbut does contribute to a
helix in s.
Definition 2.2: A sequence is aP-structureif it contains a potential regigranda non-
trivial P-structure if the potential region is between two base-paired regions.
Definition 2.3: A sequence s is g@seudoknotted structurd it contains two non-
overlapped subsequencesnd t such that:

1. t; and ¢ are both P-structures;

2. atleast one ofitand t is a non-trivial P-structure; and

3. two potential regions contained(respectively)diamd § form a helix.
Figure (2.1) shows one of the pseudoknots contained in the consensus staicife
proteobacteria family studied by Feldenal. [2001] and how it is described based on our

definition of pseudoknotted structure.
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Figure 2.1: (a) a pseudoknot in the consensus structurg-mbteobacteria (b) as a
pseudoknotted structure where cjrahd c’ in t are two potential regions.

Before we show how to model pseudoknotted structures with PCGS, avaie& how to
model two base-paired regions with synchronized grammar componebts. Z.a shows
a simple example of modeling a base-paired region with thregilae grammar
components: G1, G2 and G3. In this example, G1 starts querying G2, them& G2
guery G3 at the same time. Each step of querying is carriedsputhronously. A
guerying grammar would copy the string derived by the queriechgrar; each grammar
returns to its start symbol after being queried. For examplg,&2 and G3 collaborate to
generate two base-paired regions. Table 2.2 shows a paraliehtitn of the two base-
paired regiormacgandcguu. The first few steps of the parallel derivation are as foBow
In G1, start symbol S1 derive Q2, which means querying G2. Atdingestime in G2, the
start symbol S2 derives T, which can be recognized by G1, allowihgdGcopy the
derived result T of G2 to G1 in the second step. Meanwhile, Q&mstto its start status
S2 after being queried. In the afterward two steps, in G1 TvderiT1l which in turn
derives Q3 (querying G3); in G2 S2 derives T which in turn alsoives Q3 (querying
G3). So the nonterminal A derived in G3 will be copied to G1 and Ghatsame time

respectively in the next step.
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Table 2.1: PCGS productions for two base-paired regions

Gl:<S1>-<Q2> G2:<S82>- <T> G3:<S3>- <A>
<T> - <T1> <T>-5<Q3> <S3>.,<C>
<Tl1>-<Q3> <A>-<Q3>u <S3>.,<G>
<A>_-a<Q3> <C>-<Q3>g¢g <S3>-<U>
<C>-c¢c<Q3> <G>-<Q3>c <S3>., <H>
<G>-9g<Q3> <U>-5<Q3>a
<U>-u<Q3> <H>_- <H2>

Table 2.2: derivation of base-paired regi@agandcguu

<S1>=<Q2> <S2>=<T> <S3>=<A>
=<T> =<S82> =<A>
=<T1l> =<T> =<A>
=<Q3> =<Q3> =><A>
=<A> =<A> =<S3>
=a<Q3> =<Q3>u =><A>
=>a<A> =<A>u =<83>
=aa<Q3> =<Q3>uu =<C>
—aa<C> =<C>uu =<83>
= aac< Q3> =<Q3>guu =><G>
—aac<G> =<G>guu =<S83>
= aacg < Q3> = <Q3>cguu =><H>
—aacg<H> = <H>cguu =<S83>
—>aacg<H> = <H2Z >cguu =><A>

To model a pseudoknot with a PCGS, basically, a context-free grarmomaponent GO
is used to describe a stem-loop together with G1, G2 and G3 thatilokedaro base-
paired regions to form a double helix crossing with the stem-looprm fa pseudoknot.
Table 2.3 and Figure 2.2 give the master grammar GO and a dernvate of the
pseudoknot, respectively. In Table 2.3, nonterminal <Pk> stands for pseudaknat,

<NTP-struct > for non-trivial P-structure:

12



Table 2.3 Master grammary@escribing a pseudoknotted structure
GO: <S0>- <Pk>

<Pk > - <P-struct >< NTP-struct >

< P-struct > - < primary > < Q1 > < primary >

< NTP-struct > - < primary > < P-helix > < primary >

< P-helix > - a<P-helix > u

< P-helix > - c<P-helix>g

< P-helix > » g <P-helix>c

< P-helix > - u<P-helix > a

< P-helix > - a < NTP-struct >

<P-helix> - <Q2>

:'\.\III
I'—zjrugt WP —=iruct
¥ 3 ¥
printanys <) 1= <prigary primary P-helix primary
1 n [
i n B I"I heliz [
1L i A 3 i
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Figure 2.2 The derivation tree of a pseudoknotted structure.

2.2 Technical Observations:

The PCGS description for RNA pseudoknotted structures has lead to the iiofjow

technical observations:

(1) A pseudoknot structure of an RNA sequence can technically be spebifiesl

single CFG allowed to use special query symbols as non-termifmbhkse query

13



symbols do not have rewriting rules but are simple macros corresponding
potential base paired regions. Only one query symbol is neededhémipst
restricted case of pseudoknots. In our grammar model, a simplelpiseot can be
formed by a stem-loop with a potential base pairing region, €gstem >, and a
non-structured subsequence containing another potential base pagiog,re.g. <
P-primary >. More complex pseudoknotted structures can be formedpioging
more than one query symbol for substructures with potential base pairing regions.
(2) The stochastic version of our grammar model is as simple aSFEGS The only
difference lies in associating probability parameters with gusmbols because
there are no rewriting rules for these special nontermirididike a deterministic
PCGS model, where the probability of two potential base paiggons forming a
crossing helix is described by two regular components that sgnolusly generate
them respectively; in our grammar, we associate probabilitynpeters with query
symbols as nonterminals. The probability of the stem formed by twentiatl base
regions corresponding to <Q> symbols is determined by a complergenta
alignment between the two base regions. Therefore the probabéiymeters for
query symbols could be represented in a 5x5 matrix that descrilpeebability

distribution for all possible base pairs among four nucleotide bases and the gap.
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CHAPTER 3

PSEUDOKNOT PREDICTION ALGORITHM

The grammar modeling framework introduced in the previous discusdiowsa
automatic generation of a prediction algorithm from each specifeEmmar model
describing a specific pseudoknot structure. SCFGs use a grammean¢oate a string by
applying a set of string rewriting rules or productions. The omfgoroductions used to
generate the string (input sequence) can be represented inrsaagodree which
accordingly can be interpreted as different biological structateh as stem-loops and
base pairs. Due to the ambiguity of the set of the grammatesysa given yield
(sequence) could be derived by a number of parsing trees correspoonddifferent
structures, and each parsing tree can have a probability caduiaim the probabilities
assigned to each production of the SCFG grammar. The predittectuse should
correspond to the one with the largest probability. An SCFG granmaarmodel RNA
secondary structures such as stem-loops but not pseudoknots.

In our PCGS modeling of pseudoknots, because the auxiliary gragongvonents
generating a crossing helix can be substituted by the pargemplementary) alignment
between two potential regions, technically we can make our modalingst the same as
a SCFG by allowing the query symbols as special nontermin&sery symbols can
derive any potential subsequence as a contribution to the pseudoknot, while the

probability of forming the pseudoknot is computed by the alignment betwine
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subsequences derived by query symbols. Therefore, we introduce grbkability
matrix that describes the probability distribution in the double leslitor all possible
base pairs among the four nucleotides and gaps, which are includédefpurpose of

producing bulges.

3.1 The Algorithm

This automated pseudoknot prediction algorithm is dynamic progragvmsed and
resembles the CYK algorithm. With probabilities associated wpitbductions in the
SCFG including special query nonterminals, it calculates the mmaxi probability for
deriving the given input sequence by computing the maximum probabibfied| the
substructures adopted by each nonterminal. The algorithm discer®s ¢htegories of
substructures: traditional stem-loops (calletructurg, pseudoknots, anB-structures
for those containing a potential region. Let x be an input sequentte lemgth N, the
maximum probability for subsequencei] to admit the substructure specified by
nonterminal X is essentially the maximum probability for X taigde subsequence ix[].
The definition can be given as a recurrence. We distinguish tloaegories of
nonterminals (or substructures) in the following definition. Weuass that the SCFG is
given in the Chomsky Normal Form (CNF).
(1) First, if X specifies an N-structure, then the maximum probability

Pr(X,i,j) = max { Pr(Y,i, k) x Pr(Z,k+1,j) x Pr(X—>YZ)} (3.1)
where the maximization is taken over all possible productiors XZ and all possiblék,
i<k<]j

(2) If X specifies a pseudoknot, then the probability
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Pr(X i, ) =max { Pr(Y,i, k s, ) x Pr(Z,k+1,j, u, ) X Pr( X—>YZ) x Pr(s, t, u, vy} (3.2)
where the maximization is taken over all possible productions X Z, all possiblek, i
<k <], and all appropriats, t, u, andv, i <s,t<k; k+1<u, v <j; and where Pg t, u, V)
represents the maximum probability of subsequensgnd x[u..v] forming a crossing
helix.
(3) If X specifies a P-structure, then the probability
PriX, i, j, k D=max{Pr(Y,i,r, k1) x Pr(Z,r+1,j) X Pr(X -»YZ) }
Or
max{Pr(Y,i, r) x Pr(Z,r+1,j,k 1) x Pr(X—YZ) } (3.3)
where the maximization is taken over all possible productions XZ and all possible
r, i <r <j, and all appropriate indexésand| for potential region x,..I] within the P-
structure x{..j]. The base case for the recurrence is that Pr(X), = Pr(X — x[i]) for
everyi=1,..., N. The global optimal solution is PSl, N), where gis the starting
symbol in the grammar.
Let Dij be the distance between indexandj. We can compute an optimal solution to
Pr(X, i, j) in a ascending order of Dij until Pr{S1, N) is computed. There is a natural
dynamic programming approach to compute the maximum probability obptienal
predicted structure. The detailed algorithm is the following:

Given an input sequencg = x[1L.n] of length N, the prediction algorithm must

compute the following three matrices.
(). Matrix M1, such that, for given <j andk <|I, for j<k, M1]i, j, k, 1] is the maximum

probability that two base regionsix[] and xk..I] form a crossing helix
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The computation of each entry MI1[j, k ] is accomplished by the pairwise
complementary alignment between the two base regiong]xdnd x[k..I]. The scoring
measure between two aligned bases is essentially the prapdbilthem to form a base
pair. The score for a bulge or a loop is the measure of aligninpealbases in a bulge (or
a loop). The algorithm is similar to the global pairwise aligent algorithm. The
required memory space Of\and the running time for the algorithm is O\

(2). Matrix M, such that for given nonterminal X< j, andk <|I, where i <k, andl <],
M[X, i ,j, k, 1] is the maximum probability that %X][i.. j] with exclusion of potential
region xk..I]. The computation of this matrix is the core of the predictioroalipm. The
maximum probability for sequence x to have the predicted strucuSy, 1, N, 0, O].
According to the probability definition for different nonterminalsvgn in equations
(3.1), (3.2) and (3.3), we have the following process to compute matrikeé¥1Dij = |-
i+1 be the distance between indeand],
(1) Initialization:
M[X, i,i, 0, 0] = Pr [X— x[i]] (3.4)
For special nonterminal XQ that is a query symbol,
M[X,i,j, k =1withi=kj=I
and set all other entries to 0.
Compute entries M[X|, j, k, 1], for all i< k, | <j, Dij > 1, and all nonterminals X
according to the following rule: for all entries with cerndbij value, we use entries with
smaller Dij values to compute starting from Dij=1. The computati@mtinues in the

ascending order of index distance Dij. From the perspectivethef matrix, the
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computation is conducted diagonal by diagonal, starting from the noaey where the
Dij =1.

The following pseudocode fragment shows the computing procedure of matrix M:

/ /computing is conducted at a certain Dij level each time, in an ascending order of Dij
For ( Dij=2; Dij < N; Dij ++)// Dijj indicates the distance between index i and j, inclusive
{
for (i=0; i < N-Dij; i++)
{
j=i+Dij -1;
for (X=0; X < tableindex; X++)//loop through all nonterminals

{

// computing M[X, i, j, k, I]...

if (X is N-structure) use equation (3.1) ;
if( X is Pseudoknot) use equation (3.2);

if (X is P-structure) use equation (3.3);

}

(3). Matrix S, such that for given nonterminal K< j, andk < |, wherei < k andl <],
S[X, i, ], k, 1] holds the production XYZ and numbelk, i < k <j, used to obtain the
maximum probability M[X,i, j, k, ] for which Y—X[i..K] and Z—x[k + 1.j] and in the
case X being a pseudoknot, the tupleq, u, v), r < s<k andk <u < v, for potential

base regions x[.s] and x[i..v] that form a (crossing) helix. The memory space of S is

O(N%; each entry in S can be computed along with matrix M. More isady,
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whenever we get the optimal substructure of any subsequence, we tseorirst

production deriving this substructure in the matrix S.

An aptimal structure and the optimal probakility

Detivation: =ztructures= --= =P-primaty= =P-zstem=
Probability: -42 0254

Subsequence: x®[0..31]

Derivation: =P-grimary= --= == =primary=
Probakility: -5 40568

Subsequence:; =[0..5]

Potertial: [0..4]

Derivation: =i = CGAGE
Subsequence:; =[0..4]

Derivation: =primary= --= =shase= =primary:=
Probakility: -4.19971

Subsequence: x[5.5]

Derivation: =haze= --= U

Prokakility: -1.3686249

Subzeqguence: %3]

Derivation: =primary= --= C

Prokakility: -1 60944

Subzeqguence: x[6]

Derivation: =P-ztem= --= <bazeC= =PCG=
Prokakility: -28. 6893

Subzeqguence: *[7F.3]

Potertial: [14..18]

Figure 3.1 A part of a prediction result generated by our algorithm

3.2 Computational Complexity of Algorithm
A prediction example is shown in Figure 3.1. In theory, like mosugsé&not prediction
algorithms developed by others, our algorithm takes P @r CPU running time and

O(N* for memory space. These complexities can be derived frondyhamic program
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used to compute the major matrix M. It is obvious that the menspace of matrix M is
O(N%. We can analyze the running time of computing matrix M. In owgosthm,
nonterminals of different categories have different time compésx First, if
nonterminal X specifies N-structure, according to equation (3.1), eviX i, j, 0, 0]
stores the probability of X deriving subsequence.j{[ The number of such entries i’N
and each entry take O(N) time to compute; so the time reduimecompute all such
entries with nonterminal X is O®). Secondly, if nonterminal X specifies a pseudoknot,
according to equation (3.2), the number of entries is alSoTNere are five variablés s,
t, u, v, all with the possible range from 1 to N in equation (3.2). Becaudsexjuences
X[s.1] and x[u..v] are dedicated to forming a crossing helix, in real RNA neales, the
lengths of two base paired regions could not be too differentréfbee, v could not vary
too much once st, andu are fixed, thus each entry for X can still take Gf{Nime to
compute. The total computing time for pseudoknot nonterminal X will be®nally,
if nonterminal X specifies a P-structure, the number of entoes<fis O(N*). According
to equation (3.3), each entry can take O(N) time to compute and thengitime for P-
structure nonterminal X is O\ To summarize, computing matrix M can take GYN
memory space and O N running time.

The general problem of RNA pseudoknot prediction is NP-hard [Lyngso and
Pederson, 2000]. There have been a few algorithmic approaches pksyébw improving
the efficiency of dynamic programming algorithms, includifgpge solving biological
problems [Eppsteiet al,, 1991; Watermaet al., 1976; Miller and Myers, 1988]. Most of

these improvements take advantage of certain assumptions about ihezatidn
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function, such as convexity, concavity and sparsity, and usually a spdadigy of
(N/log N) is realized.

More recently, Eddy presents a memory efficient algorithmdy§d2002] for the
problem of aligning a sequence to an RNA profile defined with tleaiance model
[Eddy and Durbin, 1994]. The algorithm takes advantage of charsiiter of the
alignment problem that allows him to employ a divide-and-conquer appraaed by
Myers and Millers [Myers and Miller, 1988]. However, although thigrament problem
is very close to the prediction problem, this nice technique does not sebe applicable
to the prediction problem with stochastic grammar models. Theagdtdbility of the
prediction problem seems to be inherent and no approach seems to be dfastically
improve the efficiency of its algorithms. For this reason, wamie implementation

techniques.
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CHAPTER 4

IMPROVEMENT OF SPACE USAGE

For most prediction algorithms, RNA structure prediction is menungsuming work
with O(N?) for stem-loops and O(fy for pseudoknots. In particular, our prediction
algorithm computes a four dimensional matrix M1 and a five dimensioralix M. In
this chapter, we introduce an implementation technique to improvashge of memory
space by the algorithm.

We first analyze in detail the memory requirement for an inRMA sequence in the
prediction algorithm. We need to define a few variables for the coienee of our
following discussion:

N: the sequence length

gnpNa the number of nonterminals without potential regions

gpNa the number of nonterminals including potential regions

minStemthe minimum length of a stem

maxStemthe maximum length of a stem
the size of matrix M1 id\*, the size of M iSgnpNo+gpNo)*N.

Actually, this memory space is not fully used by the algoritife examine matrix M1
first. In our algorithm, M1 stores the probabilities of any tyotential base pairing
regions, with each entry MLJj, k, I] subject to the following constraints:

minStem < j —i | <maxStem, and
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minStem < | — k| < maxStem.
Actually matrix M1 is a sparse matrix due to the constmiapplied to the length of
stems/helices. The actually needed memory space can be aetdrfrom the following
formula:
((N- minStem + 1 + N — maxStem +1) * (maxStem — minStem +1%)/2)(4.1)

The current usage of matrix M allows us to save even further among In fact, there
are two kinds of nonterminals: P-structure for those with a poteméigion and N-
structure for those without. They have different memory requiresadrdr the latter,
indexesi, j are enough for it to represent a substructure. In this situatisn,dle to the
constraint of < j, the actually needed memory is:

gnNo'N * (N +1)/2 4.2)

For P-structure nonterminals, i.e., those containing a potential re@iecause the

constraintsi < andk <, the actually required memory space actually is:

gpNo* N * (N +1) * (N+2) * (N+3)/24 (4.3)
To compress the sparse matrices, we have devised a mappingofuto map the
matrices M and M1 to two linear memory areas with sizes just saigfyhe actual space
requirements. In the general case, the ratio gnpNo/(gnpNo+ gpNapproximately
50%. Considering when N is large enough, memory for N-structure moimals could
be ignored in the total memory allocation. Then for the space requliyeR-structure
nonterminals, we use only abouf/¥8 spaces. In other words, by our memory mapping
approach the maximum length of sequences that we can process now is around 2.46 times

longer than that of sequences processed without memory mapping.
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4.1 Memory Mapping

We discuss the details of a few mapping functions we have dpeedlfor sparse matrix
compression. These mapping functions should not be too complicated because of
concerns about speed. In fact, the computation of these functions dimddy a
multiplicative factor to the total running time. We have developed isenformulae to
project each matrix element to the corresponding cell in thayaiWWe first distinguish
two different nonterminals, with and without potential regions andcalte different
memory spaces for them. LetpM be a one-dimensional array that can store the
maximum probability of any subsequence, X] admitting the substructure specified by
any nonterminal without a potential region, and p&d to be a one —dimensional array
that can store the maximum probability of any subsequence jk[admitting the
substructure specified by any nonterminal with a potentialoegik, 1], wherek and|
indicate the range of the potential region. First we givefthrenula for computing the

size ofnpM:

N
Size ofnpM= gnpNo* > (N - Dij)

dij=1
=gnpNo *(N+1) *N/2

Where Dij =] - i + 1 stands for the distance between indaxdj,

The following is the offset of array element mpM for storing the maximum probability

of any subsequenceix[j] admitting the substructure specified by any reyntinal X:
X*N*(N+1)/2+(N+ N -Dij) * (Dij +1)/2+i

where X is the sequential number assigned to tbaterminal X, starting from O.

The size of arraypM for all nonterminals with potential region is gawed by the

following formula:
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gpNo* ZN:(N - Dij) * (%(Dij —-Dkl)) =gpNo* N* (N +1) * (N +2) * (N + 3)/24
Dij=1 DKI=1
The following is the offset of array element pM for storing the maximum probability
of any subsequenceix|] admitting the substructure specified by any nomtigal with a
potential region X, I]:
offsel. =[-3* Dij * + (4N —6) * Dij + (12N +3)Dij > + (8N +6)Dij ] /24 +
i * (Dij +2) * (Dij +1)/2+ (2Dij +3— DKI) * Dkl /2 +K —i

offset= X * N* (N +1) * (N +2) * (N + 3)/24+ offsel

For matrix M1, considering the minimum and maximuemdths of a stem, the memory

space needed is:

maxStem maxStem
> (N=Dij)* > (N-DKI)=[(N -minStem+1+ N - maxStem+1) *

Dij =min Stem Dkl=min Stem
(maxStem- min Stem+ 1) / 2]?

The offset in matrix M1 for the probability of anwb potential regionsi[j] and [k, I]:

kiLen= (N —min Stemt1+ N — maxStemt1) * (maxStem- min Stem+ 1) / 2
offset= (N —min Stem+ N — Dij +2) * (Dij —min Sten) /2+1) * klLen+
(N —min Stemt N — Dkl +3) * (Dkl —min Sten) / 2+ k

In our source code, we first allocate memory sparadifferent matrices according to

the length of input sequence and the specified gnammodel used in the test; then we
use the offset computed based on the above formuolaefer to every specific entry in

the matrix.
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Table 4.1 Comparison of memory usage between mesthath and without memory-
mapping technique, where the grammar model adoftasl 8 nonterminals with a

potential region and 7 nonterminals without.

Approach \ sequence Length 40 80 100 120
Memory usage without memory-317M 5G 12G 26G
mapping

Memory usage with memory-12M 161M 389M 799M
mapping

Percentage of Memory saved 96% 97% 97% 97%

4.2 Further improvement in the memory usage: ifyiing grammar writing style

Although we can drastically improve the memoryage in our algorithm through the
memory-mapping technique, it is clear that two €astdecide how far we can go in
saving memory with our implementation techniqueeTumber of nonterminals without
a potential region, and particularly the nonternsnavith a potential region are
multipliers in memory usage expression (1), (2)ddB). To ease implementation, our
grammar model adopts the Chomsky Normal Form (CNEmmar style as most
stochastic grammar models do, which introduces mamyecessary nonterminals. To
further improve memory usage, we can modify ouroaihm to accept less restricted
production styles compared to CNF such that the wrgmusage in our algorithm will be
curtailed. As an example, we show in Table 4.2 oh¢he grammar models we used in
the test and its modified version that will be apted in our future algorithm. In this
example, the original grammar consists of 14 namiaals, 7 of which contain a potential
region. After the modification, the number of natgnals decreases to 6 and those with a
potential region to 3. Generally, more than halfreémory space, and accordingly more

than half of running time, can be saved with lesstricted grammar rules.
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Table 4.2 (a) a grammar model compliable to CN#);4 modified grammar.

Each nonterminal is put in ‘< >’, in particular, nterminals with potential region start

with ‘P’
<PK>: <P-primary> <P-stem>
<P-primary>: <Y> <P-primary>
| <Q><Y>
<Y>: <base><Y>
|A|C |G| U
<base>: A|C |G |U
<P-stem>:<baseA><PAU>
|<baseC><PCG>
|<baseG><PGC>
|<baseU><PUA>
|[<Q><Y>
<PAU>: <P-stem><baseU>
<PCG>: <P-stem><baseG>
<PGC>: <P-stem><baseC>
<PUA>: <P-stem><baseA>
<baseA>: A
<baseC>: C
<baseG>: G

<baseU>: U
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<PK>: <P-primary> <P-stem>
<P-primary>: <Y> <P-primary>
| <Q><Y>
<Y>: <base><Y>
|A|JC |G| U
<base>: A|C |G |U

<P-stem>: A <P-stem> U
|C <P-stem> G
|G <P-stem>C
| U<P-stem>A

[<Q><Y>



CHAPTER 5

PARALLEL COMPUTATION FOR THE PREDICTION ALGORITHM

The pseudoknot prediction algorithm has the waste computational time OfNfor
filling the core four-dimensional matrix M. In adtbn, the extra overhead imposed by
the memory mapping technique is about 5 times thdhout the memory mapping
implementation. To ensure that our program can hlatahger RNA sequences while
overcoming the running time barrier, we resort w@rallelizing the computation of the

prediction algorithm.

5.1 Parallel computing systems and techniques

In contrast to sequential computing on a sen@PU processor, parallel computing
involves partitioning and distributing computatiarork across more than one processor
in an effort to improve the time used for the contgttion. In general, parallel computing
system architectures fall into two categories adouy to two different memory
organization strategies: distributed memory systam$shared memory systems.

In a distributed memory system, each processoiitsasvn local memory that may not
be accessed by other processors in the system. Qmcations between processors are
carried out via the technique of message-passinesé type of systems are highly
scalable while programming on them is difficult. &hmost popular programming

techniques involving message-passing including Mgs$assing Interface(MPI) [Gropp
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et al, 1994] and Parallel Virtual Machine (PVM) [Geist al, 1994]. In contrast, in a
shared-memory system, all processors share a deatta common memory.
Communications between processors are carriedhwatgh a shared memory. It is easy
to program on this type of architecture. Howeveisihard to scale up because when the
number of processors increases to a certain extbetdelay in access to the shared
memory by processors will become increasingly sevand the system efficiency will
drastically drop. The programming techniques onhsuac platform include openMP
[openMP website], Pthread [Lewist al., 1998], and others. In the following, we
introduce in detail the two different parallel cootmpg techniques: openMP( Open
specification for Multi-Pocessing) and MPI (messags$ng interface), which apply to
shared memory system and distributed memory systespectively.

openMP TechniqueAn application program interface (API) that may beed to
explicitly direct multi-threaded and shared memory parallelisopenMP as a standard
started in 1997 when newer shared memory machichitactures started to become
prevalent. It was jointly defined and endorsed bgraup of major computer hardware
and software vendors such as Intel, IBM, CompaqgfaigHP, Sun and Silicon Graphics
etc. Its compiler directive—based programming siylanted users great convenience to
parallelize their sequential code without losing powerful parallelization capability. It is
easy to use and portable to many platforms.

OpenMP works on shared memory systems with multead support and adopts a
parallel execution model called “Fork and Join”.€él'harallelizing starts with a thread of
control (master thread) at the beginning of a datalegion; the control thread then

spawns (i.e., forks) many working threads to peridhe parallelized job. These threads
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then join back to the master thread after their kvand only the master thread continues

on. Figure[5.1] shows a graphic representatiorhefrinodel.

£

{ parallel region } { parallel region }

—

master
thread

Figure 5.1 parallel computation model adopted bgrddP

MPI technique: MPI is a library specification for message-passipgyposed as a
standard by a group of vendors, software enginears] users. MPI allows the
coordination of a program to run as multiple prages in a distributed memory
environment. Yet it is flexible enough to also bsed in a shared memory system. It is
available on a wide variety of parallel computenscls as the IBM SP2, the Silicon
Graphics Origin 2000, or a cluster of workstatidhemogenous or heterogeneous) over a
local network. The standardization of the MPI libyas one of its most powerful features.
This means that programmers can write code comgitPI subroutines and function
calls that will work on any machine on which the MRirary is installed without having
to make changes in the code. So far, MPI supporgim@mmming with Fortran and C/C++.

Its library provides a set of communication rousifer data transfer among processors.
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5.2 Data Dependency and Analysis of parallelism

The computation of the core matrix M by the psekidat prediction algorithm is
performed diagonal by diagonal, starting from thajon diagonal (see Figure 5.2). That
is, let index distance D j-i + 1, the algorithm computes elements of M basedtan
value of Dij from the smallest to the largest. In particuldngtcomputation starts on
elements with Dij = 1, then continues on elementthvigher Dij value until Dij =N. In
each step, elements associated with a certain 8lijes depend only on those elements
associated with a smaller Dij, but not on each oth&ccording to this type of data
dependency, the computation of elements with thees®ij value can be independent of
each other and can be parallelized across a nupdnatlel processors. In other word, for
each index distance Dij, a number of processorsveark in parallel for the computation
of matrix elements as long as no processors gtésrto index distance (Dij +1) until all

processors finish the work for Dij.

Figure 5.2 The order of filling matrix M
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5.3 Implementation of Parallelism

Given the data dependency in the algorithm, pataibmputation for the algorithm is
likely to lead to a speedup for the running time.eWattempted to implement the
parallelism with the MPI technique in a distribut@demory system, but the idea was
given up because of the serious trade off betwden dverhead cost posed and the
efficiency achieved by this method. We realizedtttime only parallelizable portion of the
algorithm is the process of filling the data on tkame diagonal (those with the same
index distance) whose computations are independémiach other. Each computation
needs all previously computed data (entries withvdo index distances) and each
processor doing the computation should be ablecttess the computed results from all
other processors. If the parallel computation werdbe implemented on a distributed
memory system, the data sharing would have to refy communications among
processors since every processor can have accesslyoits local memory. Such
communications would be very frequent because ahesep, every processor would
have to collect data that have been computed in phevious steps. Such huge
communications overhead would deteriorate the perémce of the algorithm.
Employing a number of processors might even resuWworse performance than that for
running sequential code.

A more realistic solution is to parallelize thégarithm on a shared memory system.
Considering the advantages it can offer, we haweseh the openMP technique to fulfill
the parallelization task. In particular, in a shéhm@aemory system, processors exchange

data through a common memory which each procesanraccess efficiently. In other
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words, there is no difference for a processor toess data generated by itself and that
generated by other processors. The technicalldeinia shared-memory system can also
be handled in a natural manner. We can employ nthngads working on elements of
the matrix M of the same index distance (i.e., thosethe same diagonal in Figure 5.2);
and all threads are synchronized at the same (mfare they go further, working on the
elements of a higher index distance (i.e., thosdl@next diagonal). More concretely,
we can decompose the second “for loop” in the cgien in section 3.1 according to the
values of variable such that more than one iteration could be exatatedhe same time.
Dynamic task distribution across processors cousd &denefit our computation in that
fast threads can be assigned more work throughsthiis of load-balancing strategy. For
example, thread 1 may work on iteration=Q, 5, 6) while thread 2 on iteration=l,3,7),
etc.. We refer to this method approach 1

Basically, through the complier directives progalby openMP, we have implemented
this parallelization scheme for the algorithm ore tehared memory parallel computer
system SGI origin 2000. Table 5.1 shows some spgedisults achieved by the

parallelized algorithm on tested sequences withraye length 64.

Table 5.1: running time and speedup for approawtitt different number of processors

Proc num 1 4 8 16
Time (Mins) 30:03 8:50 5:20 3:33
Speedup 1.00 3.40 5.63 8.46
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5.4 Further improvement of algorithm

While our parallel program processed RNA sequendealso generated a running log,
which recorded detailed information regarding tbaning time of each loop and the time
each processor spends on each iteration. Althotngine is significant speedup by
employingapproach 1 the running log shows two limits to this approacthich are
analyzed in the following:

1. When Dij approaches the limit N, only a few processcould be employed in the
parallel computation because the smallest work @sisigned to a thread is an
iteration corresponding to loop variable

2. In most cases, at a given Dij step, the processing of each iteration for each
processor is almost the same. However, there asescéor some special value of
Dij, the total number of iterations cannot be ewenlivided by the number of
processors. In this situation, at least one promeswill assume additional
computation load of one more iteration than othéd$.other processors must wait
to synchronize with this processor before they cantinue the computation at the
next index distance.

Tables 5.2 and 5.3 show a portion of a running tiogefor an input RNA sequence with

length 63, where a total of 8 processors (eachatirbound to a processor) were

employed. In each row of the tablesj & the value of Dij,tid stands for thread
identifier (from 0 ~ 7),i represents the iteration number assigned to thtehdand
followed by the time (insecondl spent on the iteration, anddij_time s the total time

spent on specific Dij.
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From Table 5.2, we observed the following: becatise smallest computing unit
assigned to each thread is related to iteratiomaée i for each index distance, for Dij
=61, the possible values for iteration parameteesia 0, 1 and 2. Therefore, at most 3
threads could be used ( here are threads 0, 13angimilarly, 2 threads could be used
for for Dij =62 and 1 thread for Dij =63. The renming threads are idle for these cases.
In Table 5.3, for Dij =54, the loop count corgending to loop variableis 10. Thread
4 and thread 6 work on two iterations while evether thread works on one iteration
for total 8 threads. When each iteration takes ahtbe same time (here 6.38s) for each
thread, other threads have to wait for thread 4 @rd finish their additional work. So
the time spent is doubled (12.77s). For Dij=55,ethd 4 takes an additional iteration
while other threads wait for it to be finished. $loe total time spent on this index
distance is approximately the time for two iteraiso(13.67s). For Dij=56, each thread
takes exactly one iteration, they are almost fiedtat the same time. Hence the total

time is 7.39s.

Table 5.2 When Dij value is approaching the liMit(N is the sequence length, 63 in this
case). Although 8 processors are employed, onlgw processors (threads) could be

utilized because the smallest computation unitasdd on each iteration.

dij=61,tid=3j=1,time: 9.98 dij=62, tid=1j=1,time: 10.59 dij=63,tid=0j=0,time: 11.37
dij=61,tid=1j=2,time: 9.98 dij=62,tid=0j=0,time: 10.73 dij=63, dij_time=11.37
dij=61,tid=0j=0,time: 10.11 dij=62,dij_time=10.73

dij=61,dij_time=10.11
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Table 5.3 For some Dij’s, the total number of itkoas cannot be evenly divided by the
thread count; some threads have to do additionakwdhile others have to wait before

synchronization.

dij=54,tid=4j=3,time: 6.38 dij=55,tid=4j=1,time: 6.82 dij=56,tid=1j=4,time: 7.31
dij=54,tid=6j=2,time: 6.38 dij=55,tid=1j=6,time: 6.83 dij=56,tid=2j=3,time: 7.29
dij=54,tid=5j=1,time: 6.38 dij=55,tid=3j=2,time: 6.83 dij=56,tid=5j=1,time: 7.29
dij=54,tid=7j=5,time: 6.39 dij=55,tid=2j=5,time: 6.84 dij=56,tid=3j=2,time: 7.30
dij=54,tid=3j=4,time: 6.38 dij=55,tid=5j=3,time: 6.84 dij=56,tid=6j=7,time: 7.30
dij=54,tid=1j=6,time: 6.38 dij=55,tid=6j=4,time: 6.84 dij=56,tid=7j=6,time: 7.30
dij=54,tid=2j=7,time: 6.38 dij=55,tid=7j=7,time: 6.83 dij=56,tid=4j=5,time: 7.30
dij=54,tid=0j=0,time: 6.46 dij=55,tid=0j=0,time: 6.92 dij=56,tid=0j=0,time: 7.39
dij=54,tid=4j=8,time: 6.39 dij=55,tid=4j=8,time: 6.84 dij=56,dij_time=7.39
dij=54,tid=6j=9,time: 6.38 dij=55,dij_time=13.67

dij=54,dij_time=12.77

To avoid those drawbacks, we have resorted to eebetork partition strategy. We have
observed that for the computation at any Dij, ev@npcessor actually needs to loop
sequentially through all relevant non-terminals &ach iteration of. Actually we can
partition computation work at the non-terminal I&aad let all co-working threads still
synchronize for each index distance. We call thimtegyapproach 2 The benefits of
this new strategy are two-fold. First, for the comtation at each Dij, an earlier finished
processor may calculate the probabilities of namieals for the elements belonging to
other unfinished processors. Secondly, even wherirttiex distance is at its limit (N), all

assigned processors could be fully utilized becaask assignment is based on different
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nonterminals as well as index distances. This rebghtly increase the time spent on
each iteration because of the system overhead muwdky this fine-grained partition

strategy. But the minor deficiency is definitelyropensated for by the aforementioned
overall benefits. The running log in Tables 5.4 @@ show that the new parallelization

strategyapproach 2is effective in overcoming the drawbacks of in apach 1.

Table 5.4 Time (seconds) comparison between tworagnes for some special Dij

values. Here 8 processors are employed.

Approach 1 Approach 2
Dij=46, iteration count=16+2 10.57 9.14
Dij=47, iteration count=16+1 11.46 9.42
Dij=48, iteration count=16 8.35 9.63
Dij=54, iteration count=8+2 12.77 10.17
Dij=55, iteration count=8+1 13.67 10.3
Dij=56, iteration count=8 7.39 8.92

Table 5.5 Time (seconds) comparison between twaoagghes when Dij is approaching

to the limit 63( the sequence length)

Approach 1 Approach 2
Dij=59,iteration count=5 8.95 8.21
Dij=60,iteration count=4 9.52 7.72
Dij=61,iteration count=3 10.11 7.85
Dij=62,iteration count=2 10.73 7.48
Dij=63,iteration count=1 11.37 7.83
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Table 5.6 Overall performance comparison betweenarallelization approaches

Methods\proc num 1 4 8 16
Approach 1(time) 30:03 8:50 5:20 3:33
Approach 2(time) 30:03 8:34 4:57 3:03
Approach 1 (speedup) 1.00 3.40 5.63 8.46
Approach 2 (speedup) 1.00 3.50 6.07 9.85
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CHAPTER 6

SUMMARY

The RNA pseudoknotted structure prediction probleemains a challenge in
bioinformatics. Interactions between nucleotidedsam an RNA sequence fold it up in
space to form a secondary structure such as stepsland pseudoknots. Pseudoknots are
functionally important in a number of RNAs, and labeen found participating in
translation, viral genome structure, and ribozyroBve sites. It is thus of great interest to
resolve the issues in RNA pseudoknot structure rdateation include pseudoknot
prediction for single-RNA.

Ordinary RNA stem-loops can be viewed as nespatjerns of base-paired nucleotides
while pseudoknotted structures require crossingepas of base pairings. In contrast to
stem-loops that can be modeled by SCFG, pseudokfmtraally require Chomsky
context-sensitive grammars to describe, which atemmore complex than CFG, in
addition to being clumsy to implement. Our work hbeen developed from a new
stochastic grammar prediction model based onRheallel Communicating Grammar
System(PCGS). Technically, this model differs from comiimnal PCGS grammars in
that it uses a complementary alignment of two bpa@&ing regions instead of a set of
auxiliary grammars (components) to implement cnogshelices in a pseudoknot. The
approach has the advantage that it allows a toprdgrammatical description of RNA
structures in the same manner as an SCFG doeghasdeads to an automated bottom-

up dynamic programming algorithm for single-RNA psgeknot structure prediction.
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This thesis also aims at improving the performanaf the automated pseudoknot
prediction algorithm in terms of both memory usaged running time. The general
problem of pseudoknot prediction is difficult. Evéor restricted pseudoknot categories,
most existing prediction algorithms require the stotase CPU time O} and memory
space O(N). Such complexities for prediction algorithms appéo be inherent. It is
unlikely that there will be algorithmic approachdékat can drastically reduce the
computational resource requirements by the probl@ur. solution to the performance
issue is to adopt implementation techniques. Weehdeveloped anemory-mapping
technique to compress the main matrix used by tgerahm, resulting in saving around
97% memory space for the sequences tested. Froimthebretical and practical respects,
the memory mapping technique allows us to handleAR¢quences 2.46 times longer

than can be done without the mapping technique.

To improve the slow running time of the algorithmaused by the inherently
computation-intensive nature of the algorithm arnydte overhead posed by the memory
mapping technique, we have also developed techsituparallelize the computation for
the algorithm. The algorithm has been parallelizedthe openMP technique. It runs on a
shared memory computer system and can gain abofdld@peedup using 16 processors.
The parallelism has taken the advantage of thetfaattthe computing jobs on a diagonal
of the matrix are independent of each other. Thia@dae computed in the ascending order
of index distance and jobs can be distributed asmsre than one processor. In our first
approach 1 we employed many threads working on the entrigghwhe same index

distance simultaneously; all parallel computatiosr® synchronized for each index
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distance. For this approach, the smallest work assigned to each thread is an iteration
corresponding to the sequential loop variable foe first index. Such a strategy may
cause unnecessary waiting among parallel proces§orsvercome unnecessary waiting,
we have also introduced another parallelizatioatsfyyapproach 2n which the partition

of the computation for processors is at the leviehon-terminals Approach 2allows the
parallel computation to achieve an extra 10% sppealter the 9-fold improvement on
running time already made @approach 1.

Most RNA pseudoknot prediction algorithms, includingurs, are either
thermodynamic-based or stochastic grammar-baset; ddmlved from the well-known
CYK algorithm. The core computation for these altfum is to fill matrices for energy
values or probabilities that resembles the comparain our algorithm. Therefore, the
implementation techniques of memory mapping andalbeization that we have

developed are general and applicable to other psewmt prediction algorithms as well.
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