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Abstract. We present a critical analysis of the maximal prime decom-
position of Bayesian networks (BNs). Our analysis suggests that it may
be more useful to transform a BN into a hierarchical Markov network.

1 Introduction

Very recently, it was suggested that a Bayesian network (BN) [3] be represented
by its unique maximal prime decomposition (MPD) [1]. An MPD is a hierarchical
structure. The root network is a jointree [3]. Each node in the jointree has a local
network, namely, an undirected graph called a maximal prime subgraph. This
hierarchical structure is claimed to facilitate probabilistic inference by locally
representing independencies in the maximal prime subgraphs.

In this paper, we present a critical analysis of the MPD representation of
BNs. Although the class of parent-set independencies is always contained within
the nodes of the root jointree, we establish in Theorem 2 that this class is never
represented in the maximal prime subgraphs (see Example 3). Furthermore, in
Example 4, we show that there can be an independence in a BN defined precisely
on the same set of variables as a node in the root jointree, yet this independence is
not represented in the local maximal prime subgraph. Conversely, we explicitly
demonstrate in Example 5 that there can be an independence holding in the
local maximal prime subgraph, yet this independence cannot be realized using
the probability tables assigned the corresponding node in the root jointree.

This paper is organized as follows. Section 2 reviews the maximal prime de-
composition of BNs. We present a critique of the MPD representation in Section
3. The conclusion is presented in Section 4.

2 Maximal Prime Decomposition of Bayesian Networks

Let X, Y, Z be pairwise disjoint subsets of U . The conditional independence [3] of
Y and Z given X is denoted I(Y, X, Z). The conditional independencies encoded
in the Bayesian network (BN) [3] in Fig. 1 on U = {a, b, c, d, e, f, g, h, i, j, k}
indicate that the joint probability distribution can be written as p(U) = p(a) ·
p(b) · p(c|a) · p(d|b) · p(e|b) · p(f |d, e) · p(g|b) · p(h|c, f) · p(i|g) · p(j|g, h, i) · p(k|h).

Olesen and Madsen [1] proposed that a given BN be represented by its unique
maximal prime decomposition (MPD). An MPD is a hierarchical structure. The

G. Wang et al. (Eds.): RSFDGrC 2003, LNAI 2639, pp. 682–685, 2003.
c© Springer-Verlag Berlin Heidelberg 2003

Verwendete Distiller 5.0.x Joboptions
Dieser Report wurde automatisch mit Hilfe der Adobe Acrobat Distiller Erweiterung "Distiller Secrets v1.0.5" der IMPRESSED GmbH erstellt.Sie koennen diese Startup-Datei für die Distiller Versionen 4.0.5 und 5.0.x kostenlos unter http://www.impressed.de herunterladen.ALLGEMEIN ----------------------------------------Dateioptionen:     Kompatibilität: PDF 1.2     Für schnelle Web-Anzeige optimieren: Ja     Piktogramme einbetten: Ja     Seiten automatisch drehen: Nein     Seiten von: 1     Seiten bis: Alle Seiten     Bund: Links     Auflösung: [ 600 600 ] dpi     Papierformat: [ 594.962 841.96 ] PunktKOMPRIMIERUNG ----------------------------------------Farbbilder:     Downsampling: Ja     Berechnungsmethode: Bikubische Neuberechnung     Downsample-Auflösung: 150 dpi     Downsampling für Bilder über: 225 dpi     Komprimieren: Ja     Automatische Bestimmung der Komprimierungsart: Ja     JPEG-Qualität: Mittel     Bitanzahl pro Pixel: Wie Original BitGraustufenbilder:     Downsampling: Ja     Berechnungsmethode: Bikubische Neuberechnung     Downsample-Auflösung: 150 dpi     Downsampling für Bilder über: 225 dpi     Komprimieren: Ja     Automatische Bestimmung der Komprimierungsart: Ja     JPEG-Qualität: Mittel     Bitanzahl pro Pixel: Wie Original BitSchwarzweiß-Bilder:     Downsampling: Ja     Berechnungsmethode: Bikubische Neuberechnung     Downsample-Auflösung: 600 dpi     Downsampling für Bilder über: 900 dpi     Komprimieren: Ja     Komprimierungsart: CCITT     CCITT-Gruppe: 4     Graustufen glätten: Nein     Text und Vektorgrafiken komprimieren: JaSCHRIFTEN ----------------------------------------     Alle Schriften einbetten: Ja     Untergruppen aller eingebetteten Schriften: Nein     Wenn Einbetten fehlschlägt: Warnen und weiterEinbetten:     Immer einbetten: [ /Courier-BoldOblique /Helvetica-BoldOblique /Courier /Helvetica-Bold /Times-Bold /Courier-Bold /Helvetica /Times-BoldItalic /Times-Roman /ZapfDingbats /Times-Italic /Helvetica-Oblique /Courier-Oblique /Symbol ]     Nie einbetten: [ ]FARBE(N) ----------------------------------------Farbmanagement:     Farbumrechnungsmethode: Alle Farben zu sRGB konvertieren     Methode: StandardArbeitsbereiche:     Graustufen ICC-Profil: h×N     RGB ICC-Profil: sRGB IEC61966-2.1     CMYK ICC-Profil: U.S. Web Coated (SWOP) v2Geräteabhängige Daten:     Einstellungen für Überdrucken beibehalten: Ja     Unterfarbreduktion und Schwarzaufbau beibehalten: Ja     Transferfunktionen: Anwenden     Rastereinstellungen beibehalten: JaERWEITERT ----------------------------------------Optionen:     Prolog/Epilog verwenden: Ja     PostScript-Datei darf Einstellungen überschreiben: Ja     Level 2 copypage-Semantik beibehalten: Ja     Portable Job Ticket in PDF-Datei speichern: Nein     Illustrator-Überdruckmodus: Ja     Farbverläufe zu weichen Nuancen konvertieren: Nein     ASCII-Format: NeinDocument Structuring Conventions (DSC):     DSC-Kommentare verarbeiten: NeinANDERE ----------------------------------------     Distiller-Kern Version: 5000     ZIP-Komprimierung verwenden: Ja     Optimierungen deaktivieren: Nein     Bildspeicher: 524288 Byte     Farbbilder glätten: Nein     Graustufenbilder glätten: Nein     Bilder (< 257 Farben) in indizierten Farbraum konvertieren: Ja     sRGB ICC-Profil: sRGB IEC61966-2.1ENDE DES REPORTS ----------------------------------------IMPRESSED GmbHBahrenfelder Chaussee 4922761 Hamburg, GermanyTel. +49 40 897189-0Fax +49 40 897189-71Email: info@impressed.deWeb: www.impressed.de

Adobe Acrobat Distiller 5.0.x Joboption Datei
<<     /ColorSettingsFile ()     /AntiAliasMonoImages false     /CannotEmbedFontPolicy /Warning     /ParseDSCComments false     /DoThumbnails true     /CompressPages true     /CalRGBProfile (sRGB IEC61966-2.1)     /MaxSubsetPct 100     /EncodeColorImages true     /GrayImageFilter /DCTEncode     /Optimize true     /ParseDSCCommentsForDocInfo false     /EmitDSCWarnings false     /CalGrayProfile (h×N)     /NeverEmbed [ ]     /GrayImageDownsampleThreshold 1.5     /UsePrologue true     /GrayImageDict << /QFactor 0.9 /Blend 1 /HSamples [ 2 1 1 2 ] /VSamples [ 2 1 1 2 ] >>     /AutoFilterColorImages true     /sRGBProfile (sRGB IEC61966-2.1)     /ColorImageDepth -1     /PreserveOverprintSettings true     /AutoRotatePages /None     /UCRandBGInfo /Preserve     /EmbedAllFonts true     /CompatibilityLevel 1.2     /StartPage 1     /AntiAliasColorImages false     /CreateJobTicket false     /ConvertImagesToIndexed true     /ColorImageDownsampleType /Bicubic     /ColorImageDownsampleThreshold 1.5     /MonoImageDownsampleType /Bicubic     /DetectBlends false     /GrayImageDownsampleType /Bicubic     /PreserveEPSInfo false     /GrayACSImageDict << /VSamples [ 2 1 1 2 ] /QFactor 0.76 /Blend 1 /HSamples [ 2 1 1 2 ] /ColorTransform 1 >>     /ColorACSImageDict << /VSamples [ 2 1 1 2 ] /QFactor 0.76 /Blend 1 /HSamples [ 2 1 1 2 ] /ColorTransform 1 >>     /PreserveCopyPage true     /EncodeMonoImages true     /ColorConversionStrategy /sRGB     /PreserveOPIComments false     /AntiAliasGrayImages false     /GrayImageDepth -1     /ColorImageResolution 150     /EndPage -1     /AutoPositionEPSFiles false     /MonoImageDepth -1     /TransferFunctionInfo /Apply     /EncodeGrayImages true     /DownsampleGrayImages true     /DownsampleMonoImages true     /DownsampleColorImages true     /MonoImageDownsampleThreshold 1.5     /MonoImageDict << /K -1 >>     /Binding /Left     /CalCMYKProfile (U.S. Web Coated (SWOP) v2)     /MonoImageResolution 600     /AutoFilterGrayImages true     /AlwaysEmbed [ /Courier-BoldOblique /Helvetica-BoldOblique /Courier /Helvetica-Bold /Times-Bold /Courier-Bold /Helvetica /Times-BoldItalic /Times-Roman /ZapfDingbats /Times-Italic /Helvetica-Oblique /Courier-Oblique /Symbol ]     /ImageMemory 524288     /SubsetFonts false     /DefaultRenderingIntent /Default     /OPM 1     /MonoImageFilter /CCITTFaxEncode     /GrayImageResolution 150     /ColorImageFilter /DCTEncode     /PreserveHalftoneInfo true     /ColorImageDict << /QFactor 0.9 /Blend 1 /HSamples [ 2 1 1 2 ] /VSamples [ 2 1 1 2 ] >>     /ASCII85EncodePages false     /LockDistillerParams false>> setdistillerparams<<     /PageSize [ 595.276 841.890 ]     /HWResolution [ 600 600 ]>> setpagedevice



Critical Remarks on the Maximal Prime Decomposition 683

Fig. 1. A Bayesian network D encoding independencies on the set U of variables.

root network is a jointree [3]. Each node in the jointree has a local network,
namely, an undirected graph called a maximal prime subgraph.

Example 1. Given the BN D in Fig. 1, the MPD representation is shown in
Fig. 2. Each of the five nodes in the root jointree has an associated maximal
prime subgraph as denoted with an arrow.

The root jointree encodes independencies on U , while the maximal prime
subgraphs encode independencies on proper subsets of U . For example, the root
jointree in Fig. 2 encodes I(a, c, bdefghijk), I(abcdefgij, h, k) I(ack, fh, bdegij),
and I(abcdefk, gh, ij) on U , while I(bde, fg, h), for instance, can be inferred from
the maximal prime subgraph for node bdefgh.

The numerical component of the MPD is defined by assigning the condi-
tional probability tables of the BN to the nodes of the jointree. In our example,
this assignment must be as follows: φ1(ac) = p(a) · p(c|a), φ2(cfh) = p(h|c, f),
φ3(bdefgh) = p(b) · p(d|b) · p(e|b) · p(f |d, e) · p(g|b), φ4(ghij) = p(i|g) · p(j|g, h, i),
and φ5(hk) = p(k|h).

3 Critical Remarks on the MPD of BNs

A parent-set independency I(Y, X, Z) is one such that Y XZ is the parent-set [2]
of a variable ai in a BN. For example, the BN D in Fig. 1 encodes the parent-set
independencies I(c, ∅, f) and I(h, g, i); c and f are the parents of variable h,
while g, h and i are the parents of j. The proof of the next result is omitted due
to lack of space.

Theorem 2. All parent-set independencies in a Bayesian network are not rep-
resented in the maximal prime decomposition.
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Fig. 2. The maximal prime decomposition (MPD) of the BN D in Fig. 1.

Example 3. Although the BN D in Fig. 1 indicates that variables c and f are
unconditionally independent, the maximal prime decomposition of D indicates
that c and f are dependent. Similar remarks hold for the parent-set independence
I(h, g, i).

Example 4. I(defh, b, g) holds in the given BN. On the contrary, b does not
separate {d, e, f, h} from g in the maximal prime subgraph bdefgh as g and h
are directly connected (dependent).

Example 5. I(bde, fg, h) can be inferred by separation from the maximal prime
subgraph bdefgh. However, it can never be realized in the probability table
φ(bdefgh) as variable h does not appear in any of the conditional probability
tables p(b), p(d|b), p(e|b), p(f |d, e), p(g|b) assigned to φ(bdefgh).

In [3], Wong et al. suggested that a BN be transformed in a hierarchical
Markov network (HMN). An HMN is a hierarchy of Markov networks (jointrees).
The primary advantages of HMNs are that they are a unique and equivalent
representation of BNs [3]. For example, given the BN D in Fig. 1, the unique
and equivalent HMN is depicted in Fig. 3.

Example 6. The BN D in Fig. 1 can be transformed into the unique MPD
in Fig. 2 or into the unique HMN in Fig. 3. Unlike the MPD representation
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Fig. 3. The hierarchical Markov network (HMN) for the BN D in Fig. 1.

which does not encode, for instance, the independencies I(c, ∅, f), I(h, g, i), and
I(d, b, e), these independencies are indeed encoded in the appropriate nested
jointree of the HMN.

4 Conclusion

The maximal prime decomposition (MPD) [1] of Bayesian networks (BNs) is
a very limited hierarchical representation as it always consists of precisely two
levels. Moreover, the MPD is undesirable since it is not a faithful representation
of BNs. On the contrary, it has been previously suggested that BNs be trans-
formed into hierarchical Markov networks (HMNs) [3]. The primary advantages
of HMNs are that they are a unique and equivalent representation of BNs [3].
These observations suggest that compared with the MPD of BNs, HMNs seem
to be a more desirable representation.
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