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Abstract

As Bayesian networks are applied to more
complex and realistic real-world applications, the
development of more efficient inference
algorithms working under real-time constraintsis
becoming more and more important. This paper
presents a survey of various exact and
approximate Bayesian network inference
algorithms. In particular, previous research on
real-time inference is reviewed. It provides a
framework for understanding these algorithms
and the relationships between them. Some
important issues in real-time Bayesian networks
inference are also discussed.

1 INTRODUCTION

Over the last 20 years or so, Bayesian networks (BNSs)
[Pe88, Ne90, RN95, CDLS99] have become the keyq
method for representation and reasoning under
uncertainty in Al.  BNs not only provide a natural and
compact way to encode exponentially sized joint
probability distributions, but also provide a basis for
efficient probabilistic inference. Although there exists
polynomial time inference algorithm for specific classesQa
of Bayesian networks, i.e., trees and singly connected
networks, in general botexact belief updatand belief
revision are NP-hard [C090, Sh94]. Furthermore,
approximations of them are also NP-hard [DL93b,
AH98]. Given the NP-hard complexity results, one of the
major challenges in applying BNs into real-world
applications is the design of efficient approximate

inference algorithms working under real-time constraintsA

for very large probabilistic models. Researchers hav%i
developed various kinds of exact and approximate-Ih

Bayesian network inference algorithms. Some of then}3
are particularly designed for real-time inference. In this

paper, we attempt to present a review to BN inference
algorithms in general, and real-time inference algorithms
in particular to provide a framework to understand the

differences and relationships between these algorithms.
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2 PRELIMINARIES

2.1 Bayesian Networks

BNs (also known as Bayesian belief networks, causal
networks, or probabilistic networks) are currently the
dominant uncertainty knowledge representation and
reasoning technique in Al [Pe88, Ne90, RN95, CDLS99].
BNs are directed acyclic graphs (DAGs) where nodes
represent random variables, and edges represent
conditional dependencies between random variables.
These random variables can be either continuous or
discrete. For simplicity, in this paper we shall only
consider discrete ones.

Definition — Bayesian network:A Bayesian network is a
graph in which the following holds [RN95]:

A set of random variables makes up the nodes of the
network.

A set of directed links connects pairs of nodes. The
intuitive meaning of an arrow from node X to node Y
is that X has airect influenceon Y.

Each node has eonditional probability tablg CPT)

that quantifies the effects that the parents have on the
node. The parents of a node X are all those nodes
that have arrows pointing to X.

The graph has no directed cycles (hencedérected
acyclic graph or DAG).

BN represents the exponentially siziht probability
stribution (JPD) in a compact manner.
e JPD can be computed from the information in the BN
y the chain rule:

Every entry in

n

P(X,....X,) = |‘| P(x | Parents(x;)) (1)



Figure 1.1 shows a simple Bayesian network (theApproximating probabilistic inference was also shown to
sprinkler network) with 4 nodes [RN95]. be NP-hard by Dagum and Luby [DL93b]. In 1994
Shimony proved that finding MAPs for Bayesian
networks is NP-hard [Sh94] and in 1998 Abdelbar and
cl PR Hedetniemi showed that approximating MAPs is also NP-
hard [AH98]. One thing we need to keep in mind is that
many belief updating algorithms can be used for belief
revision with just small modifications, and vice versa.
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2.3 Real-time Inference

@ A real-time computing syste[st92] is defined as one in
i which the correctness of a computation depends not only
\.m/v E) on its accuracy but also on its timeliness. In this paper,

we focus on real-time Bayesian networks inference. We

S R
r |10 define hard versus soft real-time domains [St92,

cl p T F |50 MHA+94]. A hard real-time domainadmits strict
T T 10 F T | .90 deadlines where utility degrades instantly if the answer to
F 1 50 F F|OC the query is not returned and a control is not produced.
i Examples of hard real-time intelligent system domains

include crisis monitoring [BSCC89, HGL+98] and some
situated control problems. In soft real-time domain
utility loss is gradual after the deadline is passed.
Examples include many interactive real-time decision
support systems.

Figure 1 Sprinkler Network

2.2 Bayesian Network Inference There are broadly two kinds of approaches that are being

; — sed in real-time Al researctanytime algorithmsand
A BN can be considered as a probabilistic expert systeri['nultipIe methods  approachedGL94]. Anytime

in which the probabilistic knowledge base is represente ) . ; . .
by the topology of the network and the CPTs at eachalgorlthms are iterative refinement algorithms that are
ble to generate an imprecise answer quickly and refine it

node. The main purpose of building a knowledge base i ) . )
to use it for inference, i.e., computing the answer for hrough some number of iterations [Bo91, HSC89, Zig3,

particular queries about the domain. There are two mairj(lzr:gf'thGL%]' Ihf advantggg ?f anyttlrge talgon:_hms 'Sd
types of BN inference task$ielief updating(also called at the computation can e Interrupted at any ime an

probabilistic inferencg and belief revision(also called still produces results of_a guaranteed quality. Multiple
MAP explanatiop [Pe88]. methods approaches involve a number of different

algorithms that are available for a task, each of which is
The objective obelief updatings to calculate®?(X|E) the  capable of generating solutions having different
posterior probabilities ofquery nodes Xgiven some characteristics [GL94, LPD88, BH90b, LEFG+90, ET91,
observed values @vidence nodes.EA simple form ofit  DL93a, GL93]. These algorithms may be more or less
results wherX is a single node, i.e., we are interested inappropriate for different characteristics of the problems,
computing the posterior marginal probabilities of a singleand may make tradeoffs of solution quality versus time.
query node. The task dbelief revisionamounts to  Works on multiple methods include approximate
finding the most probable instantiation of some processing, design-to-time scheduling, and so on. We
hypothesis variables, given the observed evidence. Thgefer interested readers to [GL93] for more detail.
resulting output is an optimal list of instantiations of the

hypothesis variables, a list that may change abruptly as

more evidence is obtained [Pe88]. Belief revision for the3 BAYESIAN NETWORK INFERENCE

case when the hypothesis variables are all non-evidence

nodes is also known as computing most probable ALGORITHMS REVIEW

explanation or MPE. An explanation for the evidence is In this section, we will briefly review exact and
a complete assignment X;= X3, ..., X% = Xp} that is  approximate Bayesian Networks inference algorithms in
consistent with evidence E. Computing a MPE is findinggeneral.

an explanation such that no other explanation has higher

probability. 3.1 Exact Inference

Although there exists exact polynomial time inferenceln early 1980s, Pearl published efficient message
algorithm for polytrees, exact probabilistic inference in propagation inference algorithm fagoolytrees [KP83,
general has been proven to be NP-hard by Cooper [Co90Re86a, Pe86b].  The algorithm is exact and has



polynomial complexity in the number of nodes, but works For each of these classes of BN inference algorithms as
only for polytrees. Pearl also presented an exact inferencghown in Figure 2, there have been many variants,
algorithm for multiply connected networks callddop  refinements, hybrids, generalizations and heuristic
cutset conditioning[Pe86b]. Loop cutset conditioning solutions. For example, in the class of conditioning
algorithm changes the connectivity of a network andalgorithms, there aréocal conditioning[Di92], global
renders it singly connected by instantiating a selecteconditioning[SAS94],dynamic conditioningDa95], and
subset of nodes referred to as a loop cutset. The resultingcursive conditioningdDaO1]; in the class of clustering
single connected network is solved by the polytreealgorithms, there areShnoey-Shafer[SS90], Hugin
algorithm, and then the results of each instantiation ar¢JLO90], andlazy propagation[MJ98]; in the class of
combined weighted by their prior probabilities. The elimination, there arebucket elimination[De96] and
complexity of this algorithm results from the number of general eliminatiorfCo00]; and so on.

different instantiations that must be considered. ThisB
implies that the complexity grows exponentially with the
size of the loop cutset beimg(dc),whered is the number
of values that the random variables can take, argdthe
size of the loop cutset. It is thus important to minimize
the size of the loop cutset for a multiply connected
network. Unfortunately, the loop cutset minimization
problem is NP-hard.

esides these general exact inference algorithms, there
are some exact special case inference algorithms
including quickscorefor two-level networks with noisy-

OR gates [He89], and algorithms exploiting local
structures in the distributions such asausal
independency[He93] context-specific independencies
[BFGK96]. Figure 2 illustrates main exact BN inference
algorithms.

The most popular exact BN inference algorithm is
Lauritzen and Spiegelhalter’slique-tree propagation
algorithm [LS88]. It is also called the “clustering”
algorithm. It first transforms a multiply connected
network into a clique tree by clustering the triangulated
moral graph of the underlying undirected graph, then
performs message propagation over the clique tree. The
clique propagation algorithm works efficiently for sparse
networks, but still can be extremely slow for dense Exact
networks. Its complexity is exponential in the size of the Inference Arc Reversal
largest clique of the transformed undirected graph.

Polytree Algorithm

Clusterirg

Conditionirg

Elimination

There exist many other classes of exact inference
algorithms.  Arc reversal/node reductionapproach
developed by Shachter was one of the three early exact
inference algorithms (conditioning, clustering and arc
reversal) [Sh86a, Sh90]. It applies a sequence of
operators to the network, which reverse the links using
Bayes’ rule. The process continues until the network is
reduced to just the query nodes with the evidence nodes
as immediate preztessors [He90].Variable elimination | | all B . K it
(VE) algorithm eliminates other variables one by one by n general all exact Bayesian network inference
summing out them [ZP94]. The complexity of VE can be algorithms share a running time exponential in the size of

. T he largest clique of the triangulated moral graph, which is
measured by the number of numerical multiplications anc} ) .
numerical iummations it performs. %n optimal also called the induced width of the graph [LS88]. For

elimination ordering is one that results in the Ieastgraphs with many loops, this parameter is large and so

; - - les out the use of exact inference algorithm. For
complexity, but the problem of finding an optimal " o= .
elim%atio)rll ordering P is NP-compIete? Symbpolic example, Jaakkola and Jordan found that in "QMR-DT”,

et : g one of the largest BNs in practice, the median size of the
probabilistic inference (SPNiews probabilistic inference . ) . ’ :
as a combinatorial optimization problem, the optimalMaXimal clique of the moralized graph is 151.5 [JJ99].

factoring problem. Probabilistic inference is the problemFaCeCl with the intractability of exact mferenc_e to Ia_rge,
of finding an optimal factoring given a set of probabilistic comple_x networks, many rr_esearchers have investigated
distributions [SD90, LD94]. SPI is symbolic and query- PProximate inference algorithms.

driven. Differential approach compiles a Bayesian
network into a multivariate polynomial and then
computes the partial derivatives of this polynomial with Approximate BN inference algorithms includeochastic
respect to each variable [Da00]. Once such derivativesimulation algorithms model simplification methods
are made available, one can compute answers to a vesgarch-based metho@sndloopy belief propagationSee
large class of probabilistic queries in constant time. Figure 3.

Symbolic

Differential Method

Figure 2 Categories of Exact Inference Algorithms

3.2 Approximate Inference



3.2.1 Stochastic Simulation Algorithms likelihood of evidence conditional on the samples.
#.ikelihood weighting usually converges much faster then

Stochastic simulation algorithms, also called stochastic . .
ogic sampling, and can handle very large networks. The

iﬁ?vf/’r':”gp%rrx?giecgmo ﬂ?e‘?z;hcﬁségfniﬂrensosweeym_ain difficulty with likelihood weighting, and indeed
generate a set of randomly selected samples OWIth any stochastic samplmg_ algorithms, is that it takes a
instantiations of the network according to the CPTs in the!Ong time to converge for unlikely events.
model, and then approximate probabilities of queryBoth logic sampling and likelihood weighting are forward
variables by the frequencies of appearances in the samplsampling methods. Backward sampling allows for
The accuracy depends on the size of samples irrespectigenerating samplings from evidence nodes in the
of the structure of the network. Stochastic simulationdirection that is opposite to the topological order of nodes
algorithms are a big family. They can be divided into twoin the network [FF94]. Backward sampling works better
main categories: importance sampling algorithmand than forward sampling with low-likelihood evidence.
Markov Chain Monte Carlo (MCMQnethods. However, there are still some cases where both will
perform poorly because they all fail to approach the
correct posterior distributions [LD99].

Stochastic Sapiling A well-known method to improve these sampling
approaches is to use a revised “importance” distribution
for sampling as an approximation to the posterior
Model Sinmplification distributions.  The importance distributions can be
generated in many ways. Shachter and Peot introduced
two variants ofimportance sampling algorithmsself-
Search-based importance sampling(SIS) and heuristic importance
sampling (HIS) [SP90]. SIS updates its importance
function infrequently using the scores generated in the
algorithm. HIS computes its importance function by
performing a modified version of the singly connected
evidence propagation algorithm. Other implementations
of importance sampling include Cano’s and Hernandez’
importance sampling algorithms [CHM96, HMA98]. The
experimental result reported shows that they all perform
better than likelihood weighting.

Approximats
Inference

Loopy Prapagation

Figure 3 Categories of Approximate Inference Algorithms

Probabilistic logic samplingis the first and simplest
forward sampling algorithm developed by Henrion in
1988 [He88]. In logic sampling, we run repeated Bounded-varianceand AA algorithms are variants of
simulations of the world described by the Bayesianlikelihood weighting described by Dagum and Luby
network following the influence arrows (thus called [DKLS95, DL97]. They are based on the LW algorithm
forward sampling), throw away samples that areand the Stopping-Rule Theorem. They work better than
inconsistent with the evidence values, and estimate thtraight LW.

probabilities of query nodes by counting the frequenciesrie most efficient stochastic sampling algorithm reported
with which relevant events occur in the sample. When N, far seems to be Jian Cheng and Marek Druzdzel's
evidence has been observed, logic sampling works Verydaptive importance samplingor Bayesian networks
wgll; but if there is evidence, esp_ecially_ unIik_er (AIS-BN) [CDOOA]. AIS-BN reduces the sampling
evidence, most samples generated will be inconsistenjyriance by learning a sampling distribution that is as
with it and be waste_d. Th_e fraction of useful sa_mplesdose as possible to the optimal importance sampling
decreased exponentially with the number of evidencgynciion. AIS-BN algorithm introduces different weights
variables. For a large network with several evidencey, samples generated at different learning stages.
nodes, the prior probability of the evidence is usuallyvery[CD()l] combines AIS-BN with new stopping rules to

small, and thus logic sampling performs poorly. Two yie|q two other sampling algorithms that work well for
other papers enhance logic sampling by examiningarge networks.

evidential integration, which employs arc reversal to ) ) _
evidence nodes that are sinks to sources to avoid th@ll stochastic sampling algorithms above can be

computational penalty of observed nodes [FC89, CC89]. generalized into the framework of importance sampling
[CDOO0A] in which samples are independent to each other.

Likelihood weighting(LW) or evidence weightin@re — The main differences between them are in how they
designed to get around the problem of logic samplingitiz|ize and update the important function and how they
[FC89, SP9_0]. In likelihood weighting, every time we generate and weight the samples. Another group of
reach an evidence node, we don’t sample and throw awaggchastic sampling algorithms is callatrkov Chain

inconsistent samples; instead we take the observed valygonte Carlo (MCMC)methods in which the samples are
of the evidence variable, and weights the sample by the



dependent. MCMC methods consist of Gibbs samplingnumber of instantiations may indeed cover most of the
Metropolis sampling and Hybrid Monte Carlo sampling probability mass, it is still intractably huge by all
[GG84, GRS96, Ma98, Pe87, CC90]. These algorithmstandards [LD99].

work well if without extreme probabilities in CPTs.

When there are extreme conditional probabilities, the3.2.4 Loopy Belief Propagation

convergence of MCMC sampling algorithms can be very,

<low n the past few yeardpopy belief propagatioBP) - the

use of Pearl's polytree propagation algorithm in a
Other sampling techniques include stratified samplingBayesian network with loops - has become a hot topic
[Bo94], hypercube sampling [CDOOb] and quasi-Monte[MWJ99, WF99]. Researchers have empirically
Carlo methods [CD00Oc]. These techniques are differendemonstrated that loopy belief can perform well in the
in how to generate random samples from the uniformcontext of error-correcting codes and computer vision
distributions. Usually they can be used to any of theflMMC98]. But for some other graphs with loops, BP
above sampling algorithms to improve their performancemay give poor results or even fail to converge. More
recently, it has been shown that there is a close
3.2.2 Model Simplification Methods connection between the belief propagation algorithm and
Model simplification methods first simplify the model certain approximations to theariational free energyn
until exact methods become feasible and then run an exa {at|s_t|cal ph_y5|cs [YFWOL, YeOL, PAOZ].' _Spemflcally,
algorithm. Some methods reduce the model complexit € _flxed points of BP are shown to coincide with the
by annihilating small probabilities[JA90].  Others stationary points of théethe approximate free energy
subject to consistency constraints. Bethe free energy

involve removal of weak dependencies [Kj94] or arc imation is Kk o b ial f |
removal [En97]. Localized partial evaluatioralgorithm approximation IS known 1o be a special case of a genera
class of approximations calledikuchi free energy

removes selected nodes from networks [Dr9Bpunded o )
Approximations. A general class of BP algorithms are

conditioning ignores some cutset instances to comput . . i ;
probability bounds and considers more instances tgls_o mtroc_luced_ which attempts to find the stationary
points of Kikuchi free energy [YFWO1].

improve the accuracy [HSC89]. Thetate space
abstractionalgorithm reduces the cardinality of CPTs to
simplify the model [WL94]. Variational approach 4  ALGORITHMS FOR REAL-TIME
introduces variational transformations and delinks nodes BAYESIAN NETWORK INFERENCE

from the graph one by one until the graph is sparsgf this section we focus on discussing real-time Bayesian

enough that the exact method is feasible [JJ99, JGJS9 etworks inference algorithms.

Sarkar's algorithmapproximates the Bayesian network
by finding the optimal tree-decomposable representation, 1 Anytime BN Inference Algorithms

that is the ‘closest’ to the actual network [Sa98jontext- ] . ) .
specific approximation algorithm takes contextual Theoretically, any Bayesian networks inference algorithm

structure into account and simplifies the network bythattemporarilyignores _partial in_formatio_n contained in a
removing distinctions in the probabilities [Po97, Po98]. BN, and recovers those ignored information whenever the

Other partial evaluation methods include tirectemental ~ @llocated computational time allowed, is an anytime
SPI' algorithm [Da93] and ini-buckets algorithm inference algorithm [WL94]. This partial information

[De97]. could be partial instantiations [P096, SS96, SS98], partial
nodes [Dr95], partial edges [Kj94, En97], partial
3.2.3 Search-based Methods probabilities in CPTs [JA90], partial node states [WL94],

) and partial cutset or other computational items [HSC89].
Search based methods assume that a relative smatherefore, most approximate inference algorithms can be

fraction of the joint probability space contains a majority easjly used as an anytime algorithms by applying them
of the probability mass. These algorithms search for thgeratively.

high probability instantiations and then use them to obtain . . . . )
a reasonable approximation [Co85, PR87, He91, pog3aptochastic sampling algorithms are anytime algorithms.

P093b, Dro94]. They include Henrion'sTbp-N' search- The precision obtained by stochastic sampling algorithms
based method [He91], Poole’'s search approach usmgenerallyin_creases with the number of samples generated
“conflicts’ [Po93a, Po93b, P096], SantoDéterministic SO far and is not affected by the network topology and
Approximatiori and “Sample-and-Accumuldtenethods, ~ SIZ€: Computation can be interrupted by anytime to yield
and so on [SS96, SSSW96, SS98]. Druzdzel [Dr94] had" approximation. The main problem of stochastic
theoretically demonstrated that the skewness of the joinaMpling algorithms is that the convergence becomes
probability ~ distributions can be predicted by the WOrse if the_zre are e_xtreme_probabllltles in the_C_PTs and
asymmetries of the CPTs. However, Lin and Druzdzel'sthe probability of evidence is low. It is also difficult to
empirical results on a subset of CPCS network (179judge how close of the simulation results to the exact

nodes) show that even though a small fraction of the total



results, especially when the probability of evidence isSantos'deterministic approximatealgorithm enumerates
very low [ChO1]. high-probability Independence-Based (IB) assignments to

Many model simplification methods and search-base pproximate marginal probabilities [SS9&GSSWI6,

approaches are also anytime algorithms. In late 1980 S98]. 1B assignm_ents are pafFia' assignments that take
Eric Horvitz first investigated the problem of uncertain 29vantage of local independencies not represented by the

reasoning under limited computational resources undeTrOpf)logly of the network to reduce the_number of 6_‘53'9”90'
the name of flexible computation [Ho87, Ho88, Ho90]. varl_ables, and _hence the_ probability mass in each
His bounded conditioninglgorithm was the first anytime assignment. Th|_s method s a search-bqsed method and
Bayesian network inference algorithm (under the name oYV'” aIS(_) benefit from the probability skewness
flexible computation) [HSC89]. Bounded conditioning assumption.

uses conditioning method, but conditions only on a smallWelch’s real-time estimatiormethod combines genetic
high probability cutset instances. As more resourceslgorithm (GA) with stochastic simulation [We96]. It
(time) are allocated, more cutset instances are includefirst utilizes a Monte Carlo sampling method (forward or
and the accuracy is improved incrementally. Horvitz alsobackward sampling) to generate a sufficient number of
suggested a list of useful strategies for bounded-resourdeails for an initial breeding set. Then it runs a GA search
computation including bound calculation and until either the time allocated for a real-time responses
propagation  stochastic simulation completeness runs out, the accuracy reaches a tolerate level, or the
modulation abstraction modulationlocal reformulation  graph of the archive probability mass from trails that
anddefault reasoning and compilatigilo87]. conform to the evidence is flat. Finally, it uses an
estimation based on partial sums of the joint probabilities
of trails in the archive rather than the weighted frequency
fof the values encountered during sampling.

D’Ambrosio redefined probabilistic inference as term
computation in Incremental Probabilistic Inference
[Da93]. They assumed that most distributions in a belie
net are “skewed” and considering only a small number oMini-Clusteringis a parameterized approximation scheme
the largest terms can lead to a good approximation. Théhat extends the partition-based approximation of mini-
process is made incremental by computing larger termbucket elimination to tree decompositions [MKDO1]. The
first, and constructing an error bound on the possiblescheme is governed by a controlling parameter that allows
remaining probability mass. It can also be madeadjustable levels of accuracy and efficiency in an anytime
incremental with respect to queries, evidence and modedtyle.
revisions. D’Ambrosio also reported some experimentsvariati onal

with real-time decision algorithms in the domain of On- oy yor to & simpler network by variationally delinking
line Maintenance Agent (OLMA) [DB96]. nodes and executes an exact algorithm when the resulted
Poole’s search-based algorithnworks very similarly  graph is sparse enough. Its accuracy generally improves
[P093a, P0o93b, P096]. It uses conflicts to generate a sets more nodes are treated exactly and hence has an
of possible worlds for computing posterior probabilities. anytime characteristic of time-accuracy tradeoff [JJ99].
\é\/her&the (lilistributri]ogs arg slkewer?,itprodluceﬁ smlfllerrorrhe TreeNets framework also allows incremental
ounds. All search-based algorithms exploit the skewnes, . P i
of the joint distribution probability. In 1994 Druzdezl Svaluation of a BN, but the main limitation is that it is
proved the skewness assumption by applying Centr
limit theorem [Dr94].

Localized partial evaluatiofLPE) considers parts of the )

network incrementally [DS94, Dr95]. LPE is based on4-2.1 Ideal Reformulation

standard message-passing method but uses intervathe intelligent reformulation of a Bayesian network can
valued messages instead of point-valued messages, aggkatly increase the efficiency of inference. But there is a
perform its calculation only on a subset of the nodes intradeoff between the time dedicated to reformulating and
the network. It ignores nodes that are too “far away”the time applied to executing inference. This problem is
from the queried nodes to have much impact on its valuesgalled themetareasoning-partition problenBreese and
LPE is anytime because it is able to produce betteHorvitz studied this problem of ideally apportioning
solutions given more time to consider more of theresources between a meta-analysis and the solution of a
network. base problem [BH90a]. They studied different

State space abstractioalgorithm [LW94] reduces the Prototypical models of cost. Their analysis showed that
estimates of a probabilistic query via a series ofmore valuable than the static policy of halting

incremental refinements of the state spaces of randorffformulation after the first valid clique-tree is
variables. discovered.

probabilistic inference transforms the

a?nly applicable to polytree structure [JN97].

4.2 Metalevel Reasoning and Multiple Methods



4.2.2 Performance Prediction and Algorithm Selection that have both anytime and anywhere properties

So far we have reviewed various exact and approximat&ssswgs' WI97].  Anywhere algorithms can exploit
Bayesian networks inference algorithms. Each of therT{ntermedlate results produced by other algorithms. When

has different properties and works better for diﬁerentd'ﬁere';'.t alg?rzlthms ha\llae bﬁth anytlgﬁet anctlhany\(vf:ere
class of inference problems. Given a Bayesian networ roperties, ‘theéy can be harnessed together into a

inference problem instance, it is usually important butcooperative system. The resultant system can exploit the

hard to decide in advance which algorithm among a set otr)eSt characteristics of each algorithm. OVERMIND

choices is most appropriate. This problem is known asarchitecture consists of an intelligent resource allocator,
the algorithm selection problenfRi76]. This problem 6.‘8 oversfeter IiaSk mtanager,Gand tf?‘ Ilblrary_tr?f tazkz. The
becomes more crucial when there are limited resourceé'. rary of tasks contains a Lenetic aigorithm ( ),_an
Metareasoning from the characteristics of the problerﬂnteger linear programming (ILP) algorithm, a best first

: : arch algorithm (A*) and a hybrid stochastic sampling
instances about what algorithm should be selected ang‘lagorithm (HySS). When performing inference, the A*

executed can significantly increase the inference . . .
offici g y tended to produce reasonable solutions immediately, Gas
iciency. . . .
_ _ took these solutions near some maximas, HySS fine-tuned
Jitnah and Nicholson proposed a system for networkhose maximas, and the ILP finished the optimization and

characterization as the basis for inference algorithmgenerated the optimal solutioB$SW95].

comparison and selection [NJ96]. The domain

characterization they proposed includes whole networls DISCUSSIONS

characteristics (size and connectivity of the network),

node characteristics (skewness of the CPT), andi\s just reviewed, there exists a number of exact and
characteristics of an evaluation (map of the evidence andpproximate Bayesian networks inference algorithms,
query nodes). They presented performance results ogifferent algorithms exploit different characteristics of the

logic sampling, likelihood weighting, the polytree and the problem instances and work better for different classes of
Jensen algorithm. Their results indicated that domairproblems. For example, Pearl's polytree propagation
characterization could be useful for predicting inferencealgorithm has polynomial complexity in the number of

algorithm performance.  The ability of predicting nodes, but only works for polytrees; the clique-tree

algorithm performance could provide the basis for morepropagation is efficient only on sparse networks; the
optimal metareasoner that guide the selection andccuracy of stochastic sampling algorithms depends on
execution of BN inference algorithms. the size of samples irrespective of the structure of the

Borghetti developed an empirical method for usmgnetwork, but the_y_ converge very slowly if there are
performance data gathered offline to predict future€Xtreme probabilities n the CPTs; search-based
performance of algorithms on new problems [Bo96]. Aa!gorlthms are _on_ly e_:fﬁment on networks that have
knowledge base is analyzed into a set of characteristic%'ghly'Skewed distributions; variational approaches work
Each algorithm is executed individually on a single P&tter on dense networks than sparse ones.

knowledge base and provides a set of solutions. Theseéhe No Free Lunch (NFL) theorem [WM95, WM97]
solutions are analyzed and the performance profiles fogtates that the performance of any algorithm averaged
each algorithm are generated. A mapping relation ispver all possible cost functions will be the same as that of
created between the characteristics and the performanemy other algorithm. Put another way, NFL suggests that
profile of each algorithm. The mapping relation is used tothere are classes of problems and that for each class there
predict the performance of algorithms based on theexists an algorithm that solves the problems of that class
domain characteristics of the knowledge base. Thenost efficiently. Applying NFL to the problem of
relation mapping is made by examining the critical pointsBayesian network inference, we can draw the conclusion
where two or more algorithms’ utility curves intersect. that there does not exist a single champion Bayesian
Whenever a decision needs to be made, we simplyetwork inference algorithm, and we need to run different
determine whether or not the domain characteristics for algorithms for different problems to maximize run time
network are above or below theitical points. Then an  performance. Therefore, it is necessary to systematically
algorithm is chosen accordingly. study the matching relationships between the spaces of

Williams also studied the inference algorithm selectionP'oPlems and the spaces of algorithms. This line of
problem but he addressed it in a very different way. He'€S€arch has been explored in [NJ96, Bo96, Wi97], but

developed and implemented a selection process based Yff Pelieve that there are much more work could be done
algorithm analysis instead of empirical methods [Wig7]. N this direction.

In real-time BN inference research, we can see that the
4.2.3 Algorithms Cooperative Inference majority of algorithms for real-time Bayesian networks

Santos developed a distributed architecture, OVERMINDnference are anytime algorithms. Less work has been

for unifying various probabilistic reasoning algorithms done on the multiple methods approach, probably because
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