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Abstract—We present the design and implementation of a  Several parallel algorithms and implementations of exact
parallel exact inference algorithm on the Cell Broadband En- jnference have been presented, such as Pennock [5], Kozlov
gine (Cell BE). Exact inference is a key problem in exploring  anq4 singh [6]. In [7], [8], authors proposed parallel exact
probabilistic graphical models. In such a model, the computation . . . .
complexity increases dramatically with the network structure and |nfer§=nce algorithms using message passing. However thes
clique size. In this paper, we exploit parallelism at multiple levels. algorithms assume homogeneous machine models and there-
We present an efficient scheduler to dynamically partition large fore do not exploit the specific features bkterogeneous
tasks and allocate synergistic processing elements (SPEs). Wemulticore processors such as the Cell BE processor.
explore potential table representation and data Ia_yout to optimize The Cell Broadband Engine (Cell BE) processor, jointly
DMA tra_nsfer between the Iogal store and main memory. We developed by IBM, Sony and Toshiba, is a heterogeneous
also optimized the computation kernels. We achieved linear ) ¢ ’ ’ -
speedup and superior performance, compared with state-of- Chip with one PowerPC control element (PPE) coupled with
the-art processors such as the AMD Opteron, Intel Xeon and eight independent synergistic processing elements (SPE).
Pentium 4. The methodology proposed in this paper can be used Cell BE processor has been used in the Sony PlayStation 3
I:(Z)rrr? ngpa?igﬁgecju“ng of directed acyclic graph (DAG) structured  (pg3y gaming console, Mercury Computer Systems’ dual Cell

P ' based blade servers, and IBM's QS20 Cell Blades. The Cell
BE processor supports concurrency of computation at the
SPE level and vector parallelism with variable granularity

A full joint probability distribution for any real-world ¢ However, to maximize the potential of such multicore pro-
tem can be used for inference. However, such a distributioessors, algorithms must be parallelized or even redesigne
increases intractably with the number of variables used #odeveloper must understand both the algorithmic and archi-
model the system. It is known that independence and caeetural aspects to propose efficient algorithms. Somentece
ditional independence relationships can greatly redue ttesearch provides insight to parallel algorithms desigrtlie
size of the joint probability distributions. This property Cell [9], [10]. However, to the best of our knowledge, no exac
utilized by Bayesian network$l]. Bayesian networks haveinference algorithm has been proposed for the Cell or other
been used in artificial intelligence since the 1960s. Theyehaheterogeneous multicore processors.
found applications in a number of domains, including medica In this paper, we explore parallel exact inference on the
diagnosis, consumer help desks, pattern recognition,itcre@ell at multiple levels. We present an efficiesthedulerto
assessment, data mining and genetics. [2], [3], [4]. maintain and schedule the task dependency graph constructe

Inferencein a Bayesian network is the computation of thérom an arbitrary junction tree. The scheduler dynamically
conditional probability of thequery variables, given a set of partitions large tasks and exploits parallelism at varievels
evidencevariables as the knowledge to the network. Inferenad granularity. We also explorpotential table representation
on a Bayesian network can lexactor approximate Exact and data layout to optimize data transfer between locaéstor
inference is NP hard [5]. The most popular exact inferen@ad the main memory. We implement efficietde level prim-
algorithm for multiple connected networks was proposed hitjves and computation kernelsThe proposed scheduler and
Lauritzen and Speigelhalter [1], which converts a Bayesialata representation can be ported to other parallel conguti
network into ajunction tree then performs exact inferencesystems for the online scheduling of directed acyclic graph
on the junction tree. The complexity of the exact inferend®AG) structured computations.
algorithms increases dramatically with the density of the The paper is organized as follows: In Section Il, we discuss
network, the width of the cliques and the number of statéise background of Bayesian networks and junction trees.
of the random variables in the cliques. In many cases ex&g#ction Il discusses related work on parallel exact infeee
inference must be performed in real time. Therefore, in ordl Section 1V, we presents the exact inference algorithm for
to accelerate the exact inference, parallel techniqueg beus the Cell BE processor. Experimental results are shown in
developed. Section V. Section VI concludes the paper.

I. INTRODUCTION



Il. BACKGROUND vertex indicate of which random variables in the Bayesian
network the vertex consists. Notice that adjacent vertices
%?ways share one or more random variables. All junctionstree
A Bayesian networks a probabilistic graphic model thatsatisfy therunning intersection propertyRIP) [1]. The RIP
exploits conditional independence to represent compagtlyproperty requires that the shared random variables of any tw
joint distribution. Figure 1 (a) shows a sample Bayesiarertices in a junction tree should appear in all verticeshan t
network. In Figure 1 (a), each node represents a rand@ath between the two vertices. The RIP property ensures the
variables. The edges indicate the probabilistic deper&lersvidence observed at any random variables can be propagated
relationships between two random variables. Notice thedeth from one vertex to another. For the sake of exploring evidenc
edges can not form any directed cycles. Each random variaplepagation in a junction tree, we use the following notadio
in the Bayesian network has a discrete (conditional) pribbabto formulate a junction tree. A junction tree is defined as
ity distribution. We use the following notations to formida J = (T,P), where T represents a tree an@l denotes the
a Bayesian network and its properties. A Bayesian networkgarameter of the tree. Each vert&x known as a clique o,
defined asB = (G, P), whereG is adirected acyclic graph is a set of random variables. AssumiigandC; are adjacent,
(DAG) andP is the parameter of the network. The graBh the separatorbetween them is defined €snC;. P is a group
is denotedG = (V, &), whereV = {A;,A,..., Ay} is the of potential tables The potential table of;, denotedyc,, can
node set and is the edge set. Each nodk represents a be viewed as the joint distribution of the random variables
random variable. If there exists an edge fréw to A; i.e. in C;. For a clique withw variables, each taking different
(Ai,Aj) € &, then A, is called aparent of A;. pa(A;) values, the number of entries in the potential tableis
denotes the set of all parents &;. Given the value of

A. Exact inference in Bayesian Networks and Junction Tre

pa(A;), A; is conditionally independent of all other preceding

variables. The paramet& represents a group abnditional @ @ @

probability tables which are defined as the conditional prob- \ _ /

ability P (A;[pa(A;)) for each random variablé\;. Given @) @) ,

the Bayesian network, a joint distribution is given by [1]: L % / TN @ 645

P(V) =II;=, Pr(A;lpa(A;)) whereA; € V. @ @ @ '
The evidencein a Bayesian network is the variables that @ 1,5

have been instantiated with values, el§. = {A.,, = ) ' g :

Ay, A, = A}, e € {1,2,...,n}. The evidence @ @ @

variables are the observable nodes in a Bayesian network. (a) (b)

In an observation, we obtain the real values of these random

variables. The observed values are the evidence - also knawj11. (a) A sample Bayesian network and (b) correspondingtjon tree.
as belief - to the Bayesian network. We use the observed

values to update the prior (conditional) distribution. Flis In a junction tree, exact inference proceeds as follows:
called evidence absorptionAs the evidence variables areAssuming evidence i€ = {A; = a} and A; € Cy,
probabilistic dependent upon some other random variatiles, E is absorbedat Cy by instantiating the variablé\; and
evidence can be absorbed and propagated according to Bayesbrmalizing the remaining constituents of the cliquee Th
theorem. Propagating the evidence throughout the Bayeseuidence is then propagated frofh, to all other cliques.
network changes the distribution of any other variables aklathematically, the evidence propagation is represergé¢tla
cordingly. To inquiry the updated distribution of variables W
calledqueryvariables. The process wofferenceinvolves prop- Ws = Z vy, Yy = lIquTS (1)
agating the evidence and computing the updated distritbutio I\S s

of the query variables. There are two categories of inf&engheres is a separator between cliquasand); y* denotes
algorithms, callecexact inferenceand approximate inference the updated potential table. After all cliques are updated,
Exact inference is proven to be NP hard [5]. The computation@e distribution of a query variabl® € C, is obtained by
complexity of exact inference increases dramatically i summing up all entries with respect @ = q for all possible
density of the network and the number of states of the randg, We, -

variables.

Traditional exact inference using Bayes’ theorem fails fd3- Cell Broadband Engine Processor
networks with undirected cycles [1]. Most inference method The Cell Broadband Engine (Cell BE) is a novel heteroge-
for networks with undirected cycles convert a network to meous multicore architecture designed by Sony, Toshiba and
cycle-free hypergraph calledjanction tree In Figure 1 (b), IBM, primarily targeting high performance multimedia and
we illustrate a junction tree converted from the Bayesiagaming applications. The Cell BE processor consists of a
network in Figure 1 (b). All undirected cycles in Figure 1 (ajraditional PowerPC control element (PPE), which controls
are eliminated in Figure 1 (a). Each vertex in Figure 1 (Bight SIMD co-processing units called synergistic prooess
contains multiple random variables. The numbers in eaefements (SPEs), a high speed memory controller, and a high



bandwidth bus interface (termed the element interconnest bAlgorithm 1 Sequential Exact Inference

or EIB), all integrated on a single chip. The PPE is a 64nput: Junction treeJ = (T, ﬁ), evidenceE and query
bit core with a vector multimedia extension (VMX) unit. The  variablesQ, BFS order of cliquest = (ay, - - -, ay).
PPE has 32 KB L1 instruction and data caches, and a 5&2tput: Probability distribution ofQ

KB L2 cache. Each SPE is a micro-architecture designed fof: Absorb evidencedc, = Yic,8(E = e), VC;

high performance data streaming and data intensive computa: for i = N — 1 to 1 by -1do

tion. The SPE is an in-order, dual-issue, statically scleslu 3. for eachC; € {C;j|pa(C;) = C,,} do

architecture, in which two SIMD instructions can be issued p 4: Compute separator potential table

cycle. The SPE includes a 256 KB local store (LS) memory to ws = Zc,-\ca, We, whereS = C,, NC;

hold both instructions and data. The SPE cannot access main Update ciiquécai usingWe, = We, W5i/Ws where
memory (MM) directly, but it can issue DMA commands to Ws = Ec-\c We. i i

the MFC to bring data into the local store or write computatio .  end for

results back to the main memory. DMA is non-blocking so that,. onq for

the SPE can continue execution when the DMA transactions. for i =2 to N do

are performed. The MFC can support aligned transfers of. Compute separator potential table

multiples of 16 bytes to a maximum of 16 KB. Using the DMA W =3, ¢ We whereS = C,,. N pa(Ca.)
list command can issue up to 2048 DMA transfers. If both, (o qaten ™ ising wc”“(”:” Ue. WLlUs ' '
the effective address and the local store address are 188 byt i i «i 1S

h =
aligned, the DMA transfer can achieve its peak performanc§ ] en\g ;;ews ZC%\CW%) Ve,
Since the clock speed is 3.2 GHz for the Cell, the theoretic 1: . _ 1 ‘
peak performance is 204.8 GFlops [11], [12], [13]. i @Compute quenQ: P(Q) = 7 2c,\ We: WhereQNC: 7#

I1l. RELATED WORK ON PARALLEL EXACT INFERENCE

There are several works on parallel exact infereqce, Suﬁ‘ge. The output is the posterior distribution of the query
as Pennock [5], Kozlov and Singh [6] and Szolovits [14], .- pias

However, some of those methods, such as [6], are dependenf Algorithm 1, Line 1 isevidence absorptigrwhere the
upon the structure of the Bayesian network. The performan idenceE is ab,sorbed by cliques. Lines 2-7 aesidence
of the method also depend_s upon the structure of the netwoébllection propagating the evidence from leaf cliques to the
Others, such as [5], exhibit limited performance for mudip root (bottom up). Lines 8-11 in Algorithm 1 arevidence

evidence inputs, since the evidence is assumed to bed\@tribution propagating the evidence from the root to leaf

the root of the junction tree. In [8], the authors dISCusaiques (top down). Evidence collection and evidence distr

thed stlruct:Jre. c%n ki Iﬁalyes(ljan networks. In 7] ﬂ]?ution are two major phases in exact inference. In Algorifhm
node level primitives are paralielized using Message Passlq;jence collection updates cliques in reverse BFS orddlew

All the above algorithms assume a homogeneous macm&ﬁdence distribution updates cliques in original BFS arde

model. Several recent studies on the Cell provide insigtat in dating each clique involves a series of computations in

parallel computing on heterogeneous multicore processo tential tables (see Lines 4, 5, 9 and 10 in Algorithm 1).

For example, Bader studied FFT, list ranking etc. on _t 8ne 12 in Algorithm 1 computes the posterior distributioh o

Cell [9], [12]. Buehrer discussed scientific computing gsin,,. . L o
- e query variables. The parallelism in Lines 1 and 12 isakiv
the Cell [15]. Petrini et al. have developed parallel brbt"ldtTherefore, we focus on the parallelism in evidence colbecti

first search (BFS) algorithm on the Cell [13]. To the best and evidence distribution. Figure 2 illustrates the firseéh

our I_<nowledge, no study on exact inference for he_:terogeneoSLfepS of evidence collection and evidence distribution in a
multicore processors has been reported. In this paper,

- i . . %‘éﬁnple junction tree.
present an efficient design and implementation of a paralle

exact inference algorithm on the Cell, including designamg g Dynamic Scheduling of Cliques
efficient scheduler, optimizing data layout and enhanchey t o
performance of node level primitives. 1) Tasks and Task Partitioningn our context, agask (de-

notedT) is defined as the computation to update a clique using

IV. EXACT INFERENCE FOR THECELL BE PROocEssoR  theinput separatorsand then generate thmutput separators
Each cligue in the junction tree is relatedtweo tasks, one for
evidence collection and the other for evidence distributithe

For the sake of completeness, we present a sequential exiatt required by a task consist of input separators, a §barti
inference algorithm in Algorithm 1. The notations are dedineclique potential table and the output separators (see &igur
in Section II-A. In Algorithm 1, the input consists of a(a)). In evidence collection, the input separators forugiq
junction tree converted from an arbitrary Bayesian networtre the separators betwe€rand its children, i.eS., ¢ for
the evidence and query variables. All cliques are numberel i; the output separators are the separators bet@eem its
according to the breadth first search (BFS) order in the janct parent,S,,,(c). In evidence distribution, the input and output

A. Sequential Exact Inference
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Fig. 3. (a) lllustration of the relationship between a cédliand the two tasks related & (b) Partitioning of a large task to a series of small tasks.

separators are switched, as shown in Figure 3. Trt1, Tkao, -+, Tog are calledype-btasks ofT (see Figure 3
Due to the limited size of the local store, some task@))' The input separators dfpe-atasks are identical to those

involving large potential tables cannot be completely khd Of the regular taski. The output separators ¢ype-atasks
into an SPE. Clique potential table size increases draaitic € calledtemporary separatorsThe temporary separators of

with clique width and the number of variable states. Howevei!l type-atasks areaccumulatedand the result is used as
the local store of the SPE in the Cell is limited to 256 KBtNe iNput separators for eadype-b task. Thus, notype-b

shared by both instruction and data. If double bufferingsisdi t@Sk can be scheduled for execution until gtbe-atasks are
to overlap the data transfer and computation, the availabi Processed. Accumulating separators is defined as summing

store to accommodate a task is even more limited. up corresponding entries of all input separators. The dutpu
separators of allype-btasks are alsaccumulatedas the final

We propose a scheduler to check the size of tasks to &t separators (the output separators of the origirskl ta

executed. The scheduler partitions each large task intdesse-l-). Figure 3 (b) shows a sample large taBkand 2k small
of small tasks to fit in the local store. Assume tdskavolves  {ocks partitioned fron .

a large potential table)-, which is too large to fit in the

local store. We evenly partitionc into k portions k > 1) 2) Task Dependency GraphFor the sake of unifying
and ensure that each portion can be completely loaded iotmue scheduling in both evidence collection and evidence
a single SPE. For each part, the scheduler creates two srdadtribution, we create sk dependency grafh according to
tasks. The reason why we need two tasks to process a portioe given junction tree (see the left side figure in Figure)}. (a
will be addressed in Section IV-C. Therefore, the schedulEach node inG denotes a task. Each edgeGnindicates the
partitions taskl into two sets of small tasks, each set having dependency between two tasks. A task can not be scheduled
small tasks. Every small task contaimék entries inl)c, where for execution until all dependent tasks are processed. Note
n is size of Yc. Denote the2k small tasksTy, To, -+, Tor.  that there are two subgraphs @ which are symmetric with

We call T, To, -, Tx type-atasks of theregular taskT; respect to the dashed line in Figure 4 (a): The upper subgraph



is the given junction tree with all edges directed from algld to T - including input separators, clique potential tables and
to their parents; the lower subgraph is the the given juncti@utput separators - from the main memory. ORgeompletes
tree with all edges from parents to their children. The upp&askT, P; notifiesS; and waits for the next tasl§;, receives
and lower subgraphs correspond to evidence collection amatification fromP; and decreases the depgndency degree of
evidence distribution respectively. Thus, each clique hia tall tasks that directly depend on ta3k If T is dependent
junction tree (except the root) is related to two nodes in thgpon T and the dependency degreebfbecomes 0 aftel
task dependency graph. Note that we do not duplicate patenits processed, theft is moved fromS;, to S;. WhenT is
tables in constructing task dependency graph, though eawhbving fromS,, to S;, the partitioner checks if the data size
clique in the junction tree except the root corresponds w tvof T can fit in the local store and partitiorTs, if necessary,
tasks. We need only to store the location of the potentidétalio a set of smaller tasks. I is partitioned, alltype-atasks
in a task as a link. generated fronT are assigned t&; while type-btasks ofT

As some tasks involving large potential tables are partwe placed irSy.
tioned to a series of tasks, the task dependency gf@aph A feature of the proposed scheduler is that it dynamically
is modified accordingly. The scheduler is in charge of tagkploits parallelism at finer granularity. The schedulacks
partition and task dependency graph modification at runtime status of the processing units and the siz8,0fif several
We assume the bold nodes @ (see the left side figure in processing units are idling, and the number of taskS;iris
Figure 4 (a)) involve large potential tables. In task pamtitng, smaller than a given threshold, the partitioner picks tingest
the bold nodes are replaced by sets of small nodes showrrégular task inS; and partitions the task into smaller tasks,
the dashed boxes (see the right side figure in Figure 4 (&@yen though the task can fit in the local store. The reason is
Each node in a dashed box denotes a small task partitiorikdt smallS; can not provide enough parallel tasks to keep
from the original task. Alltype-atasks are connected to theall SPEs busy. Idle SPEs adversely affect the performance. |
parent of the regular task. Eadhpe-btask depends on all Figure 4 (b), the dashed arrows illustrate that a reguldr s
type-atasks. The children of the regular task depend on alken fromS; and get partitioned at runtime. After partitioning
type-btasks. the task,type-atasks are sent back ®; while type-btasks

3) Dynamic Partitioning and Schedulingscheduling task are placed int&y,.
dependency graphs has been extensively studied (for egampl
see [16]). In this paper, we use an intuitive method to scleed
tasks to SPEs. The input to the scheduler is an arbitrary junc For the sake of enhancing the performance of computa-
tion tree. Initially, the scheduler constructs a task delpey tions on potential tables, we carefully organize the paaént
graphG according to the given junction tree. As we discussddbles. We define some terms to explain the potential table
in Section IV-B2, it is straightforward to construGt by using organization. We assign an order to the random variables in
the structure of the given junction tree. a cligue to form avariable vector We will discuss how to

The components of the scheduler are shown in Figure 4 (determinate the order later in this section. For a cliquénhe
Issue sefS; is a set of tasks that are ready to be processeasyriable vector is denotedc. Accordingly, the combination
i.e. for any cligueC € Sy, the dependent cliques of given of the states of the variables in a variable vector fostee
in G have been processed. Theeload listS;, consists of all strings Assuming a clique consists of variables, each having
tasks that are not ready to be processed. Jdmgitioner is a r states, there are™ state strings for the cligue. Each state
crucial component of the proposed scheduler, as it dyndiyicastring corresponds to an entry in the cliqgue potential table
explores parallelism in a finer granularity. The functiontoé  which is stored in memory as a 1-d array. For instance, given
partitioner is to check and partition tasks. In Figure 4 (by state strings = (S1S2 - --S,) Wheres; € {0,1,---,r — 1}
P.,P,,---,Pp denote processing units, i.e. the SPEs in thie the state of thei*” variable in the variable vector, we
Cell. Theissuerselects a task fron$; and allocates an SPEconvertS to an entry indext of the potential table using
to it. Both thesolid arrowsanddashed arrowsn Figure 4 (b) t = E;;lsjrj . Given an indext, it can also be converted
illustrate the data flow path in the scheduler. to a state string by computingg = [t/r~!|%r for eachs;

The scheduler issues tasks to processing units as follows.S, where % is the modulo operator. Thus, we store the
Initially, S; contains tasks related to the leaf cliques gfropability (potential) corresponding to state strifigp thet*”
the junction tree. These tasks have no parents in the taskry of the potential table. Figure 5 (a) shows a sampleseliq
dependency grapie. Other tasks inG are placed inS;. C with binary variable vectora,b,c,d, e, ). The potential
Each task irS;, has a property called theependency degree table is given in Figure 5 (b). Notice that we need only to
which is defined as the number of parents of the tasksin store potential tablgc in memory.
The issuer selects a task froBy and issues the task to an Assigning a proper order to random variables in variable
available processing unit, repeating issuing if idle pesigg Vvectors ensures data locality in potential table compurtative
units exist. Several strategies for selecting tasks hawan berder the variables using the following method: given auiq
studied [17], [18]. We use a straightforward strategy wibee C, the variable vector is ordered My = (Ve\s,., (¢), Vs,. ()
task inS; with largest number of children is selected. When whereV, () is the variable vector for the separator between
processing uniP; is assigned a task, it loads relevant data C and its parent, and/c\s,,(c) consists of the remaining

. Potential Table Organization and Efficient Primitives
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scheme for exact inference.

Each of the following arrays has r* entries

POT Index "= 3 =(000011), [ = (000100), ‘ 5 = (000101). | ------
8a(C)
Y
______ (a=0, b=0, c=0, | (a=0, b=0, c=0 (a=0, b=0, c=0
State string d=0,e=1,f=1) | d=1,e=0,f=0) | d=1,e=0, f=1)
Sem(C) %
%, I SN SH TR
Sei(C) | g e | 021354 [ 001219 0.05386
|
Only this array is stored with cliquec
(a) (b)

Fig. 5. (a) A sample clique and its variable vector; (b) Thatiehships among array index, state string and potentié t&or the sake of illustration, we
assume all random variables are binary variables.

variables. The variable order with¥c\s () andVs, () is can be implemented by entry-wise division without checking

arbitrary. the variable states for each entry. Potential table midﬁa'ljbn
occurs betweenpe and yf , wherey}, = P
We describe the advantage of the above variable ordering pa(®) pa(®) ¥Spa(c)
method by analyzing the computation of potential tableSince lle ., has the same state strings #s,,.,, the
Eq. (1) formulates exact inference as the computation Qaflatmnsmp betweenps o) and S,4(c) is very similar to
potential tables, includingnarginalization division and mul-  that in Figure 6. Thus, mu|t|p||cat|on can be implemented
tiplication. These computations are also knownnagle level by multiplying each entry otps o into the corresponding

primitives which are defined in [7]. In this section, we proposentries in all segments.

an efficient implementation for the node level primitives by

using vectorized algebraic operations. Marginalizatwnsed ~ However, marginalization to obtaips,, ., - the separator
to obtain separator potential tables from a clique potentigotential table for thé’ child - requires more computation
table. For example, in Figure 5 (a), we marginalige to than that to obtainps,, .,. The reason is we need to identify
obtain s, .,. SinceVs,, ., is the lower part ofVe, the the mapping relatlonsh|p betwesfy , . andV.. We define
relatlonshlp between the entry is,, ., and the entry injc the mapping vectoto represent the mapping relatlonshlp from
is straightforward (see Figure 6) Segmemif Y¢ is denoted V¢ to Vs, . The mapplng vector is defined &8, ) =

Ye (= DWpaiey| 2 (i1 Wpaiey| — 1)), i.e. an array consists of (Mim; - - -m,|m; € {0,1,- - Ws,, 1), Wherew is the width
entries from the(| — DWpa(c)|™ to the (i|P,qc)| — 1 of cliqueC andws,,, is the length ofV.y,, ). m; is defined
of Ye. Thus, this marginalization can be implemented bgs that thej!” varlable inVe mapped to thenth variable
accumulating all segments, without checking the variabie Vs, .. m; = 0 if the jt" variable in Vc is not in
states for each entry of the potential table. As potentialieta Vs, Using the mapping vectd¥.;, ), we can identify
division always occurs between the updated and stale versithe relationship betweedc and Ys,, .,. Given an entry
of the same separator potential table, the two potentidésabyc(t), we convert index to a state strings = (S1Sz2 - - - Sw)-
have identical variable vectors. Thus, potential tablés@ivm Then, we construct a new state striddpy assigning,; € S to



§,, if m; # 0. The new state strin§ is then converted back to Eq. (1), updating clique potential table- needs bothpc
to an indext. Therefore,¢(t) corresponds taps,, (t). and the updated separator, while updating separator paitent
To computeys,,, from Y, we just need to identify the tableys, ) needs only the updatefc. In evidence distri-
relationship for eactt and accumulateje(t) to Ys,, (C)(t) bution, Y is updated usingys ) and then updatedp is
Clique potential table size increases dramatlcally withugt used to propagate ewdenceSghl(C) andS.;2(C).
width and the number of states of variables. However, theWe store the junction tree data in the main memory (Fig-
local store of each SPE in the Cell is limited to 256 KB. Imre 7). The SPE issues DMA commands to transfer data
addition, using double buffering to overlap the data transfbetween the local store and main memory. For the sake
and computation makes the available local store more limitedf decreasing the DMA transfer overhead, we minimize the
For example, assuming single precision and binary randgramber of DMAs arising from an SPE. If all data required for
variables are used, the width of a clique that can fit in LBrocessing a clique are stored in continuous locations iim ma
should not be more than 144 = |log,(128KB/4)|). If the memory, the SPE needs only to issue one DMA command
potential table of a clique is too large to fit in the local stor (or a DMA list, if the data size is larger than 16KB) to load
the scheduler present in Section IV-B partitions the cliopje  or save all data. However, note that a separator is shared by
n/k portions, wheren is the size of the potential table akd two cliques. If all data needed for processing a clique are
is the size of the portion which can fit in the local store. Eac$tored in continuous locations, separators must be digtica
portion is processed by an SPE. However, as marginalization addition, to maintain the consistency of the copies of
must sum up entries which may be distributed to all portionsgparators causes extra memory access. Considering a cliqu
the partial marginalization results from each portion musis only one parent and several children, we store a clique
be accumulated. According to Algorithm 1, accumulation igether with all separators between it and its childrert, bu
needed after Lines 5 and 10. Thus, for each portion of patentieave the parent separator to the parent of the clique. Each
table, we create two small tasksyge-a and type-b tasks). clique corresponds to a block in Figure 7 (a), while each
Accumulation is applied after bottype-atasks andtype-b block consists of a clique potential table, child sepasgtor

tasks are performed. the properties of the clique and child separators (see &igur
(b)). All blocks are 16-byte aligned for DMA transfer. We als
_ State strings for Cliquec insert paddings to ensure each potential table within akioc
Segment 1 also 16-byte aligned. The alignment benefits the computatio
[©0.0.0.0.0.0)](0.0.0,0,0,1)](0,0,0.0.1,0)[0.0.0,0.1. ) | in SPEs [11]. When the PPE schedules a cliue an SPE,
Segment 2 the PPE sends the starting address of the data block of clique
[0.0,0.1,0.0)[(0,0.0,1,0.9)[(0,0,0,1,1.0[(0.0,0.1, 1. )| C and the starting address of the parent separator to the SPE.
I(W.S?.%Ttgﬁu.mmg)\(mm. B R E. Complete Algorithm for Parallel Exact Inference
_____________________ ' The parallel exact inference algorithm proposed in this

State strings for separator S,.(C) %@ paper consists of task dependency graph scheduling (Sec-
[ eo oy | ao [ v tion IV-B) and potential table updating (Sections IV-C).rFo
the Cell, PPE is in charge of the task scheduling, and SPEs
Fig. 6. The relationships between entriesygf and entries of)s perform the potentlal table updatlng
Figure 5 (a). Each entry aps is the sum of the correspondvlng entrles . .
in all segments. Using the scheduling definition and notations in Sec-
tion IV-B, we present the algorithm for task dependency brap
scheduling in Algorithm 2. Lines 1 and 2 in Algorithm 2 are
D. Data Layout for Cell Optimization initial steps. Since all tasks i§; are ready to be processed,
To perform exact inference in a junction tree, we must stoténes 4-7 issue the tasks to available SPEs. Lines 8-12 check
the following data in memory: the structure of the junctioif the size ofS; is less than a given threshodd, which is a
tree, the clique potential table for each clique in the jiorct small constant. IfS;| < ds, some SPEs may keep idling, since
tree, the separator in each edge, and the properties of there are not enough parallel tasks. In Section V, wéddbe
cliques and separators, such as clique width, table sizei-et the number of SPEs. B; is less tharg, the largest regular
the Cell, the optimized data layout should help data transfiask inS; is partitioned into a set of small tasks, so that there
between main memory and local stores, and the computatame enough parallel tasks for SPEs. For each accomplished
in SPEs. tasks in the SPEs, Line 15 adjusts the dependency degree for
The data that an SPE must transfer between its local stafgld tasks. If the dependency degree of a child task becomes
and the main memory depend on the direction of the eviden@gethe task is moved frorS;, to S; (Lines 17-22). In Line 17,
propagation. Figure 7 (c) demonstrates the component®delad is a constant ensuring any tasks smaller tharcan fit in
to evidence propagation in a clique. In evidence collegtiothe local store. If the task to be moved is too large to fit in
cligues ch;(C) and chy(C) update separatorS.;,;(C) and the local store, the scheduler partitions it (Lines 20-21).
Sch2(C) respectively. Then, cliqué is updated using..:1(C) Using the data layout in Section IV-D, we present the
andS.;2(C). Lastly,C updatesS,,,(C). Notice that, according algorithm for updating potential tables (Algorithm 3). Two
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Fig. 7. (a) Data layout for junction tree in main memory; (b) Ditgout for each clique; (c) Relationship between the layaud partial junction tree
structure.

Algorithm 3 SPE: process tasks using double buffering

Input: taskT and its relevant data;,,, Uc, Wous; taskT and

i _ its relevant data
Algorithm 2 PPE: Task dependency graph scheduling Output: updated data fo andT

Input: Junction treeJ, size of cliqgue potential tables and 1. T = receive a task from PPE
separators, thresholds-, 5, number of SPE® 2: while T # 0 do

Output: Scheduling sequence for exact inference 3 T = receive a new task from PPE

1: Obtain task dependency graghfrom J 4:  wait for the loading ofi;,, and Y. for T to complete

2: S; = 0;S,, = {all tasks inG} 5. if T is a regular task otype-ataskthen
3: while S;US, # 0 do 6: marginalizel¢ to obtainW;e,,
7
8
9

4:  for i =1 tomin(|S;|,P) do end if
5: T = get a task inS; if T is atype-ataskthen

6 assignT to SPE; and letS; = S;\T if SPE; is . Wout = Wremp

idling 10: else if T is atype-btaskthen

. end for 11: Wiemp = Yin
8: if |S;| < &g andS; contains regular taskhien 12:  end if
o T = t.he largest regular task if; 13: if T is a regular task otype-btaskthen
10: partition T to small task setSype—a, Teype—b 14: if cligueC in T has not been updatetien
11 Sr=3SrUTiype—a; St = SL. U Tiype—t 15: updateyc and (., using computation kernel of
12:  end if _ . evidence collection (Algorithm 4)
13:  for T € {accomplished tasks in all SPE&o 16: else
14: for T € {children of T} do - 17: updatee and yi,,; using computation kernel of
15: decrease the dependency degred dfy 1 evidence distribution (Algorithm 5)
16: if dependency degree &f = 0 then 18: end if
17: if |T| <&z then - 19: end if
18: SL=S.\{T} Sr=S;u{T} 20: store updatedye andy,,; to main memory
19: else - 5 5 21 notify PPE that task is done
20: partitionT to small task setS$ype —as Teype—b 220 letT =T
21: S;=S;U Ttypefa; S =SLU Ttypefb 23: end while
22: end if
23: end if
24: end for

computation kernels for potential table updating are shown
Algorithms 4 and 5. Double buffering is used in Algorithm 3
for the sake of overlapping computation and data transfer.
While loading relevant data fof, we perform computations
on taskT. Lines 5-7 comput@i.,,, for regular tasks and
type-atasks. Y..np is the output fortype-atasks, but it is

25: end for
26: end while




Algorithm 4 Computation kernel of evidence collection  on SPEs and other SIMD machines. Algorithm 5 is similar
Input: input separators);,,, (partial) clique potential table to Algorithm 4. However, in Algorithm 5, potential table
Yc, output separatol,,;, temporary separatoli...,, division (Line 1) and multiplication (Line 3) are simplifietd

index offsetts, mapping vectoM;,, vectorized algebraic operations. Mapping vectors arézetl|
Output: updatedyc and Y, to implement potential table marginalization (Lines 6-12)
1: for i =1 to (Number of children of’) do
20 Wi, (1 (Wi, ) = Wi, (U2 Wi, D/ Wremp(@ (Wi, ) V. EXPERIMENTS
3 fort=0to|Yc|—1do We conducted experiments on a Sony PlayStation 3, where
4 Convertt +t5 t0 S = (s1S2 - - - Sy) the CPU is a 3.2 GHz Cell BE processor with 512 KB
5: ConstructS = (8;5; - - - §);,,) from S using mapping Level 2 cache, 256 MB XDR memory. 6 out of 8 SPEs are
vector M, available [19]. The PlayStation 3 was installed with Yellow
6: ConvertS to t Dog Linux and the Cell BE SDK 3.0 Developer package. We
7 We(®) = we (o) * Win, (1) compiled the code using the gcc compiler provided with the
8. end for SDK, with level 3 optimization.
9: end for As a comparison to our experimental results, we show
10: Wout(1: [Wout]) =0 the scalability of exact inference using Intel's Open-S%eur
11: for i =1 to |Yc| step|Wou:| do Probabilistic Networks Library (PNL) [20]. The PNL is a full
120 Wout(0: |Wout]) = Wour (0 [Wout]) + We(i i+ |Wout|) function, free, open source, graphical model library redeh
13: end for under a Berkeley Software Distribution (BSD) style license

The PNL provides an implementation for junction tree infer-
ence with discrete parameters. The parallel version of Nie P

is now available [20]. The scalability of exact inferencéngs
PNL is shown in Figure 8. Note that the Cell was not supported
by the PNL at the time, so the results shown in Figure 8
were obtained on standard processors [21]. We can see from
Figure 8 that, for all the three junction trees, the executiime

Algorithm 5 Computation kernel of evidence distribution

Input: input separatoy;,,, (partial) clique potential tablg,
output separatory,,:,, temporary separat@e,,, index
offset t;, mapping vectoM,,,,

Output: updatedyc and Yy,

L Lpi”(_l_: Winl) = Win(L - [Win )/ Wremp(L - [Winl) increased when the number of processors was greater than 4.
2 for i " _1.t0 [bel Stfpw"?‘_ Sjo ) In our experiments, we used junction trees of various sizes
i: enqc'i'cf(olr. - [Winl) = We 21+ [Win]) < Win (L [Gin) to analyze and evaluate the performance of our method. The
5: for i = 1 to (Number of children of?) do junctiqn tr_ees were generated using I_Sayes Net Toolbox [22].
6: ot (1 - [Wour.) = 0 The flrst_ junction trees had 1024 cliques, and the_average

j ; O“tti: 0 A outs 14 cligue width was 10. The average degree for each clique was
o or i _0 3. Thus, each clique potential table had 1024 entries, aamd th
8 Convertt tti 0S = (15 Sw) . size of the separators varied from 2 to 32 entries. The second
o ConstructS = (5182 -+ Sjour,) from S using map- junction tree had 512 cliques, and an average clique widé of

ping vectorM,,, The average degree for the cliques in the second junctien tre

10: ConvertS to t

~ ~ was also 3. Thus, each clique potential table had 256 entries
E enq(;o%;(t) = Wout, () + We(D) The third junction tree had 1024 cliques. Each clique comihi
) quarternary variables and the average clique width was 5.
13: end for Therefore, the potential table also had approximately 1024
entries. In our experiments, we used single precision figati
point numbers to represent the probabilities and potential
an intermediate result for regular tasks (see Lines 8-12 inwe stored the data of a junction tree as two parts in the main
Algorithm 3). Lines 13-19 proces$ by using one of two memory. The first part was an adjacency list representing the
computation kernels, depending on the status of cl@uene structure of the junction. The second part was an array of
21 notifies PPE to prepare a new task for this SPE. structure (AoS) where each element was a structured variabl
Two computation kernels (Algorithms 4 and 5) are usetbnsisting of a clique potential table, child separatord an
for evidence collection and evidence distribution respetst  auxiliary variables for the clique (see Section IV-D). The
The two kernels apply Eg. 1 to the given task. Lines 1-8ata layout in the local store contained two buffers, each
in Algorithm 4 absorb evidence from each child of cligde corresponding to an element of the array of structure. In
and updatalc. Lines 4-7 implement potential table multipli-addition, we kept the parent separator potential table dche
cation using mapping vectors (see details in Section IV-Qjlique in the local store. For each separator, we also rederv
Lines 10-13 marginalize the updatég. Benefiting from the an array of the same size as separators for computation.
data organization presented in Section IV-C, potentialetab We implemented the algorithms in Section IV-E using
division (Line 2) and marginalization (Line 12) are sim@di C/C++ Language Extension for the Cell. We used double
to vectorized algebraic operations, which perform effitien buffering to overlap the computation and data transfer. W a




vectorized the computation kernel for evidence collectiod
the computation kernel for evidence distribution. In aiddit
we unrolled loops to reduce the number of branch instrustion
and improve the performance.

In Figure 9, we measured the execution time for exact
inference on the Cell BE processor. In order to show the
scalability of the proposed method with respect to various
junction trees, we normalized the execution time. Using the
results in Figure 9, we calculated the speedup of exact in-
ference for all the input junction trees. The real speedup an
the ideal speedup are given in Figure 10. Since the results
of speedup for various junction trees were very similar, the
speedup curves were closed to each other. The ideal speedu,
given in Figure 10 was linearly increased with respect to the
number of SPEs. It was the theoretical upperbound of the ré@
speedup.

For the sake of illustrating the load balancing of the
proposed algorithm, we measured the workload of each SPE
(Figure 11). Different from Figure 9, where each bar repnese
normalized execution time, each bar in Figure 11 indicates
the the normalized workload. The first subfigure in Figure 11
shows the result with load balancing (see the last paragraph
in Section 1V-B3). The second subfigure shows the result
without load balancing. In each subfigure, for the sake of
comparison, we normalized the heaviest workload to be 1. In
our implementation, as shown in Figure 12, the time taken
for scheduling was much less than that for potential table
computation. The scheduling algorithm was executed in PPE,
while the potential table computation was performed in one
or more SPEs. Notice that the time taken for scheduling was
partially overlapped with that for potential table comgiaa, Fig.

scheduler was small and we could focus on the parallelizatio
of the potential table computation.
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10. Observed speedup of exact inference on Cell folouarjunction
since PPE and SPEs worked in parallel. Thus, the overheadrefs:

on various platforms, including the AMD Opteron 270 (2.0

0.7

GHz, L1 64 KB, L2 1 MB), Intel Pentium 4 (3.0 GHz, L1 16
KB L2 2 MB), Intel Xeon (2.0 GHz, L1 128 KB, L2 8 MB)
0.6 and IBM Power 4 (1.5 GHz, L1 128 KB + 64 KB, L2 1.4
\ MB, L3 32 MB). The results are shown in Figure 13.
The experimental results shown in this section illustrate

0

Fig. 8. The scalability of exact inference in various juontirees using PNL
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the superior performance of the proposed algorithm and im-
plementation on the Cell. Compared to the results shown in
Figure 8, our experimental results exhibited linear sppedu

and a larger scalability range. From Table | and Figure 9, we
observe that, even though we used junction trees with variou
parameters, the experimental results exhibited very etabl

speedup for all kinds of input. We can see from Figure 10
that, for various number of SPEs used in the experiments,

library.
(N, w, 1) 1SPE 2SPEs 4SPEs 6 SPEs
. . . (612, 8, 2) 1 1994 3937 5.742
For .the sake of |II_ustrat|ng the capablhty.of the Cell for 1024, 10,2)| 1 1992 3925 5733
exact inference, we implemented a sequential code for exact (1024, 5, 4) 1 1987 3912 5644
inference using the same potential table organization ata d TABLE |
layout mentioned in Section IV-D. We compiled the code using SPEEDUP WITH RESPECT TO VARIOUS NUMBERS OBPES

gcc with level 3 optimization as well, and executed the code



14 When 6 SPEs were used, the speedup was still very close to the

EN=512, w=8, r=2 upperbound. The stability in experimental results shoves th
12 B N=1024, w=10, r=2 . ; .
3 CIN=1024, w=5, r=4 the proposed method is useful for exact inference for anlyitr
S 1 junction trees.
g 0.8 | H The experimental results in Figure 11 show that the dy-
T 06 . | namic scheduler proposed in Section IV-B evenly distridute
2 ' workload among all the SPEs, regardless of number of cliques
E 047 i in the junction tree and the size of the potential tables of
[=] . . . .
Z 0.2 H the cliques. The scheduler dynamically exploits paraiteliat
04 | multiple granularity levels, leading to load balancing iaro
SPE1 SPE2 SPE3 SPE4 SPES SPEG experiments. Thus, the SPE resources were sufficiently. used
(@) In the first subfigure of Figure 11, the workloads were very
similar for all inputs. The length of bar for a junction tree
1.4 - - with 512 cliques was much shorter than that for the other two
12 Eﬂ:giﬁfa:{iz junction trees, because the workload for the junction trigh w
3 CIN=1024, W=5, r=4 512 cliques was much lighter. In Figure 11 (b), the scheduler
x ! randomly distributed the workload among all available SPEs
2 08 Therefore, it did not consider the current workload for the
g 05 SPEs. As a result, the workload was not evenly distributed,
§ ' compared to that in the first subfigure. Although the schedule
5 041 needed to keep track of several data, Figure 12 shows that
< 02 the proposed scheduler was efficient. The time taken for
0 ‘ . ‘ ‘ ‘ scheduling, e.g. checking task size and partitioning ltagks,
SPE1 SPE2 SPE3 SPE4 SPES SPES took a small fraction of the entire execution time. Notice
(b) that the scheduling algorithm was performance in PPE, while

the potential table computation was executed in SPEs. The
Fig. 11. The workload of each SPE with respect to varioustjandrees potentlal table c_ompytatlon, which tOQk a Iarge portlon of
(a) with load balancing. (b) without load balancing. the total execution time, was parallelized. The time taken
for scheduling, although not be parallelized, was pastiall
overlapped with the potential table computation.
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Fig. 12. Comparison of the time for scheduling and the comprtaime
for various types of junction trees.

Fig. 13. Execution time of the Cell versus that of other preces

the speedups achieved in our experimental results were veryNote that, although there are 8 SPEs in the Cell, only 6
similar. It suggests that the speedup we obtained was mdtthem can actually be used by users. Using 6 of the 8
sensitive to the parameters of the input junction trees. TB¥Es in the Cell, the exact inference on the Cell achieved
proposed method exhibited similar performance in terms speedups of 16, 4, 13 and 6 over Opteron, Pentium 4, Xeon
speedup for all kinds of inputs. In addition, all the speedund Power 4, respectively (see Figure 13). For the sake of
curves in Figure 10 are quite close to the ideal speedup whiobmparison, we also show the normalized execution time of
is the theoretical upperbound of the real speedup. When the proposed method using only one SPE. In Figure 13, the
number of SPEs used in experiments was smaller thane&Xecution time of exact inference on the Cell with 6 SPEs
the real speedup was almost overlapped to the ideal speedugs the smallest. The deviations in execution time among the



standard processors were caused by several reasons suchog®. Bader and V. Agarwal, “FFTC: Fastest Fourier Transfofor the
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€ addresse igurations;,@f s wiliams, J. Shalf, L. Oliker, S. Kamil, P. Husbandsdat. Yelick,

these standard processors in the early part of this sedmn. “The potential of the Cell processor for scientific compufing
example, the execution time on Intel Pentinum 4 was shorter E;O%eezd(')”gs of the 3rd ACM Conference on Computing Frastz006,
than on Xeon because the Pentinum processor we used hf{lﬂ]au|BM Cell BE programming tutorial” [Online]. Available
higher clock frequency. Although the IBM Power 4 processor  http:/iwww.ibm.com/developer/power/cell
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in execution time. the Cell BE processorJEEE Transactions on Parallel and Distributed
Systems2007.
VI. CONCLUSION [14] R. D. Shachter, S. K. Andersen, and P. Szolovits, “Glaeeaditioning
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