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Abstract

Bayesian Model Averaging (BMA) is well known fopiioving predictive accuracy by averaging inferenceer all
models in the model space. However, Markov chaintM@arlo (MCMC) sampling, as the standard impletagon for
BMA, encounters difficulties in even relatively gienmodel spaces. We introduce a minimum messagéhléMML)
coupled MCMC methodology, which not only addresiese difficulties but has additional benefits. Miestrate the
methodology with a mixture component model exanglestering) and show that our approach producesrano
interpretable results when compared to Green’s paprteverse jump sampling across model sub-spadmique. The
MML principle mathematically embodies Occam’s rabgr assigning penalized prior probabilities to cdioated
models. We find that BMA prediction based on samgpicross multiple sub-spaces of different compierakes much
improved predictions compared to the single bdsbrtgst) model.

1. Introduction

Bayesian model averaging (BMA) removes the modekettainty by making inferences from all possible
models in the considered model spaces weightetidiy posterior probabilities. The removal of unaérty
decreases the associated risk of making predicfrons only a single model hence improves the ptéamtic
accuracy [9]. The standard BMA implementation imesl running a Markov chain that has the posterior
distribution of the models as its stationary disition typically using either the Gibbs’ or Metrdise
Hasting’'s algorithm. However, the method encountgificulties [6] in even simple model spaces, s@ash
mixture models. Not only are the full conditionadtdbutions difficult to derive and sample fromytbmixing
can also become slow, which can be exacerbatbé diata has relatively high dimensions. Thus, puvas
BMA is, these difficulties prevented its wide ajpgliion in the machine learning and statistical rieffee
problems.

The Minimum Message Length (MML) principle [1] euates the quality of a model by the total message
length to encode both the model and the @atdhe message length of a mo@éias a simple relationship
with the posterior probability of the model thai(6|D) O exp- MsgLerd) - MsgLerD|6)) where the
information length is measured in nits. This proypeilows sampling models according to their paster
probabilities calculated from the message lengthiseomodels. In this paper we show that the MMLIMIC
sampler has significant additional benefits overNMCwith traditional estimators, in particular:

* The full conditional distribution defined by the ssage length distribution is easier to derive amdpse
from.

«  MML mathematically embodies Occam’s razor by assiwg the model's prior probability with its
complexity.

e MML uses message length as the universal metrieviduate the quality of models, allowing easily
sampling across different model subspaces or avedtamentally different model spaces.

 The MML discretization of the model space into oeg with each region having a representative model
greatly reduces the size of the model space, negutt more efficient sampling.

In this paper, we illustrate the MML coupled MCMfrhework with mixture model as an example although
the approach is applicable to other model famiBss/esian inference from Gaussian mixtures withnamkn



number of components was first addressed by Risbardnd Green [5] using their reversible jump metho
Though their approach is readily applicable to arinte problems, to our knowledge it has not been
successfully demonstrated on high dimensional ddtare exist work that attempts to bypass the protnf
estimating the number of components by assuminigitef models using the Dirichlet process methods
[10][13]. The method relies on the mathematicalvamience of a conjugate prior and we intend to cnep
this approach to ours in future work.

We start by introducing the MML principle and itsrinalization for mixture models. We then formally
propose the five kernel moves in the MML-MCMC saenmnd prove its convergence to the MML defined
posterior. The convergence is then empirically figtti via chain diagnosis on an artificially genecht
Gaussian dataset. Next, we compare MML-MCMC samplih the reversible jump sampler [5] and
illustrate that MML-MCMC sampler finds more integbable posterior distribution & by adopting the
automatic prior in the MML principle. Finally, wargirically explore the predictive capability of BMith

a number of standard machine learning and statisdi&tasets. This work is an extension of our eavliork
[12] to include jumping between model spaces ofingrcomplexity. To our knowledge, it is the firsbrk

to address model averaging across model spacesying dimension for predictive purposes.

2. Minimum Message Length Principle

The minimum message length principle was first pegul by Wallace and Boulton [2] using Shannon’s
information encoding scheme. The principle meashots the model complexity and the model’s fit he t
data in nits of information. The total message terepuals to the sum of two parts: the messageHeng
encode the model and the message length to encediata in the presence of the model.

MsgLer{D, 8) = MsgLer{d) + MsgLer{D | 6) (2)

One can only encode the model to some finite pi@tistherwise the message length will be infinfter this
reason, the model space must be discretized intovder of cells. All the models contained in eaet &re
considered to be uniformly distributed throughawrid the cell is represented by the model in &mdes. The
larger the cell volume is, the less number of ceilsthere be in the model space, and the lessrinétion
required specifying a particular model. Howevengéa cell volumes also lead to inaccurate model
specifications resulting in longer expected mes$aggth in the second part of the message. Fordehwath

n, parameters, the optimal volume of a &éthat minimizes the total expected message lesgtietermined

[4] by

1
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Here,x4 is the lattice constant [7], aldd) is the expecteBlisher information. Using the optimal cell volume
produces a message length of:

MsgLen="2In(x, ) ~In(p(&)) + ZIn(dedF (6)))+ L&) + 2 -

In the above equatiofi is no longer a continuous variable. It may onharge with the unit of the cell
volume. Rewriting equation (3) yields

MsgLen=—ln(p(6’))—ln[ L (9))} L(9)+n—2”:—|n(p(e) W)—In(p(DIH))+n—2” )

(k, )" defF



This expression is very close to the logarithm lné famous Bayesian theorem shown below, less the
probability of the data which is a constant.

~In p((@1D))=-In p(8) - In(p(D |§)+In(p(D)) (5)

We see that the first part of the message lengtheses the prior probability for the model. Thiggests
more complicated models that take more informat@encode should have less prior probability coragar
to simpler models. This is consistent with and difi@s the Occam’s razor philosophy to choose sanpl
models when the fithess of the data is equivaleater we will see this automatic prior yields more
interpretable results in section 7 compared toanmifprior over models with different complexity.

The discretization in MML has introduced imprecisimné. However, it can be shown that this imprecision is
no greater than the difference between the estinaatd the true value df [1]. In other words, the MML

defined optimal cell volume equals to the inheriemtrecision due to the distribution of the datau3hwe
have

MsgLen=~In p(6) ~In p((6] D))+ °= ~In(p(D)) ©)

n
Since7p is constant, we obtain the transformation betw@enmessage length (measured in nits) and the

posterior distribution.
p(6]D) O e”Msaten 7

The discretization of the parameter space yieldshrlass models to consider, making the samplingemor
efficient. Moreover, the message length distributa@an be truncated by a constant amaumthile still
transforms into the same posterior distribution.t L& ={8,6,,....6,} be a set of models and let
M ={m,m,,...m} be the corresponding two part message lengthiseafnodels. Then both message length
distributions M ={m,m,,...m} and M'={m -c,m, —c,...m —c} will transform into the equivalent posterior
distributions ofd. The proof is straightforward since

e*mw e*(”\ -c)
p(6 |D) =— =3 8
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This result makes the message length calculatgmfiiantly less cumbersome when trying to sampbenf
the transformed distribution. Instead of calculgtithe absolute message length for each model, ohye o
needs to calculate their relative differences.

3. Minimum Message Length in Mixture Component Modé

A mixture component modeM) with d dimensions and instances can be specifiedvas-{w, p,k, &} , where

wW={W,W,,...w,} The assignments of the instances, each{12,...k} i=123..,n

P={pP,s P, P} The relative weight of each compongnt= 0 Zk: p, =1

k=12,...,K Number of components, K is the maximum possiblee fork.

0={u,o} The kxd parameter matrices of the mixture component mdgel.o, } stands for the

mean and standard deviation for jttedimension in th&h component.



The full encoding of the mixture model consiststwb parts. The first part of the message encodes th
independent parameteéq, 8 according to their prior distributions. The secqadlt of the message encodes
the assignmentsy and the data. Given the knowledge mfthe optimal coding dictionary encodes the
assignment to componeptwith -In p, nits. Then the instances are encoded with knowledgeandd. An

) nits to encode. In summary,

w(x),m? w(x) m

d
instancex with d dimensions will take->In f(x,, | 4
m=1

MsgLen= —In(h(k, p,8)) - nzp Inp, ZZm f (% | By O W,)m)+—ln(detF(k P, 9))+_p|n(K )+_ (9)

i=1 m=1

An expansion similar to that of Baxter and Oliv8} gives the full message length expansion.

popm

) In(k - 1)'+ZZI ﬁ’r - Inn+an Inp,

j=1 m=1

MsglLen= kiln(Za
(10)

2dk+k—l(
2

__|n(2;7)+22|n W(.)m+ZZ( W'“)2 —-Inkl+ In(/(np)+1)

i=1 m=1 i=1 m=1 W(I)J

Each different parameters tup{lle P, H,w} corresponds to a model in the model space amdassage length
is calculated by equation (10) from which the jadmtributionp(k, p,6,w,D) can be derived. Also the full
conditional distribution where some of the paramsetee known, such qgd |k, p,w, D), can be conveniently
transformed from the same message length distoibutnly by fixing the given parameters as constants

4. MML Coupled Markov Chain Monte Carlo

The standard approach to sampling from the postdrstribution is by running a Markov chain thashae
posterior distribution as its stationary distrilouti In the chain, the state at time1' ={w', p',k",8'}, will
only depend on the state at titag, M '™ ={w'™, p"*,k'™",8"} . The iteration from timé-1 to t, usually called
a sweep, consists of sampling each parameter ¢omallyy on all other remaining parameters. In thM
MCMC sampler for mixture component model, therefare moves in each sweep.

Samplingw from p(w|k, p,8,D)
Sampling p from p(p|k,w,8,D)
Death and Re-Birth of a component
Split and Combine of a component
Samplingd from p(@|k, p,w, D)

The first, second and fifth steps sample from tbeddional distribution using Gibbs algorithm whilee
third and fourth steps uses a Metropolis-Hastirgpr@thm to handle empty components and jump across
subspaces. We will formalize each move in detaih@nrest part of this section.

4.1 Samplingw

The assignment(x) of an instance will affect the message length in the following wé&jrstly the instance
assignmentv(x) to a component must be encoded V\A'lh|(1pw(x)) nits. Then the data point itself must be
encoded using, ,, which will take —In(x|6w(x)) nits. We only consider the message length pagds dhe

functions ofw(x) in equation (10) since all other parts of mesdaggth are constants and can be ignored in
calculating the full conditional distribution. Theuncated message length distribution that an et is
assigned to componejis:



MsgLer(x, j) = -In(p,) - |nf(x|e)——|n(p)+—|n(2n)+z|na +z% (11)

j.m
The distribution consists &fmessage lengths each corresponds t& fflussible assignments for the instance.
This message length distribution can be transformiedthe full conditional distribution.

e—MsgLer(x,j)

p(w(x) = j|p,k,8,D)=F—— (12)

Z e—MsgLeﬂx,j)
=1

The instance is stochastically assigned to on@efcomponents according this distribution. Thiclséstic
assignment process repeats for each instance oathset.

4.2 Samplingp

We are to samplge from the full conditional distributiop(p|k,w,8,D). Here,p can be viewed as a
multinomial distribution with uniform priors whoged.fis given by

k k-1 k-1
f (P Porerer Pucy) = _|‘|lpj’ ,wherep, =1- _zlpj, ng=n- _zlnj (13)
]: ]: ]:

We sample using a message length defined distribution ddrivem the equation below.

k-1

MsgLerF—In(h(p))—ni p,Inp, +%In(detF(p))=—In(k —1)!—In(n!)+i( 1)- Zn In(p, )+—In (14)
j=1 j=1 I—l p
The optimal cell volume for thie-1 parameters that minimize the expected messagélengiven by
1
V= = — = (15)
\/ (k) detE(P)

We approximate the volume of the cell by a hypeecubhe width of thgth (=1 to k-1) dimension of the
cubes equals

(p )z(k ) (16)

, I LN ,
We sample eactp, (1< js<k-1) around the maximal likelihood estlmamr:F’ with the cell width

of

! (ﬁk)ﬁ. We truncate the message length distribution eyniessage length ap, . The truncated

k-1

message length distribution is specified by

MsgLer{p;) =-n;In p; —n,In p, +1Inde1(F(p))—(— n;Inp; —nIn py +%de1(F(|5))]

=1 Pib +n;In—L J +n, In—% P —(nj + jln Py +(nk+ljln&
2 pjh P; P« 2 2) P

17

We sample the value op, using the fully conditional distribution transforthédrom this message length
distribution. And the sampling repeats forjalalues fromil to k-1.



4.3 Death and Rebirth

Completely empty components and components thaairoanly single instance require special attentam
they usually indicate a redundant part of the malola increases the message length to specify tltehyet
will not help compress the data. To increase theingirate and shorten the total message lengthieret
parameters can be proposed to help encode the Haadeath and rebirth moves involve destroying an
empty component or a nearly empty component amitigdize it with new parameters, which will hopéfu
encode the data more efficiently.

As we adopt uniform priors faf andp, their message length is always the same no matiat values we
encode. Reinitializing the parameter values foraimpty component will not change the total messaiggth
since no instance is encoded with the empty commpon&lso, we maintain a symmetrical parameter psap
function by reinitialize the parameters randomly that the detail balance will be satisfied [10]. df
component contains one instance, we cannot alwaeystialize the component since changes of the
parameters of the component will affect the messaiggth to encode the single instance in that corapb
The increase of the message lengthinsf (x| 8 ) since it takes 0 nits to encode the instance pusly (the

new.

parameters of the component contains all informmasibout the instance). Thus the probability of atiog
the move ig(x|8,,) . If the dimensionality of the data is high, thém tacceptance rate becomes very low.

new.

One way of overcoming this difficulty is by onlyingializing the parameter only in one random dirsien.
4.4 Split and Combine

This is the move that enables sampling across sgbspwith differenk values. At each split and combine
move, we will stochastically determine whether ttempt to split or to combine. Whde1, we always
attempt the split move and whé&nequals the maximum number of components K, we yavedtempt the
combination move. At all othdrvalues, both the probability to split and the @ioitity to combine will equal
to 0.5.

4.4.1 Split

First a random component is chosen as the spliidate. Then we choose the dimension with the &rge
standard deviation to generate the split pivot. $pkt pivotspis randomly generated frofw - o,z + o] in
the chosen dimension and all instances inside ahgponent are divided into two groups: those latgan
the pivot and those smaller in the chosen dimengidrnthe parameters of the two groups are estichating
the maximum likelihood estimator. Lstbe the candidate component proposed to split shemd s,, the
change of the message length after the proposédaplbe calculated from equation (10):

m=1 m=1

AMsgLen:Zd:In(Zapopm)—lnk—Zd 1(In(/( )+1)+Zd:[lnv Ps i V2P I \/Z_pSJ

00 A 2 A 2

+g|nn+ns(psl|n p, + p,In psz—pslnp)—nszd:(p Ino,, +p52|n02,m‘ps|”05,m) (18)
( W.),) ( wm) ( w')1)2 Inlk +1
[@;51) ; 20, w(l) i XD;SD ; 20 W(I) i XD;(S) ; ZUW(') i ] n( )

The move is subject to a Metropolis test and vabpthe test with a probability afin{1, e} .

It is also important that the split propogahction and the combination propogahction be symmetrical.
That is, ifs splits intos; ands,, then the probability of choosirgfor the split attempt should equals the
probability of choosing, ands, for the combination attempt. To achieve this, wéorce that after the split,

at leastone of the two newly produced components mushbaertost adjacent component of the other. Here,
when we say componejt is the most adjacent componentj2p we meanl has the shortest Euclidean
distance tg2. Note that this property is not mutual, thatjlsis most adjacent ti@ does not follow tha is



most adjacent tgl. If none of the two components is most adjacenth®s other, the split attempt is
unconditionally rejected. How this proposal funatienforces symmetry we discuss in greater detathén
section on proving convergence.

4.4.2 Combine

We pick the two candidate components to combinehmpsing the first candidate component randomly and
enforce its most adjacent componeastthe second candidate component. The messagh Erange for a
combination step is very similar to the reverséhas of the split step.

oSl o+ Hote 45 20 0

__Inn n (pslln psl + psz ln psz p ln p )+n Z(p InU + psz lnasz,m - pslna-s,m) (19)

[zz( s} | 5 bt} Sy bt W““)Z]—mk

XCC(s1) mFL W(,) i XCC(s1) meL W(,)J XCC(s) mAL 20'\,‘,(,)J

m=1 =1

The combination move is accepted with the Metrapptobabilitymin{l, e} . In the next section, we will
see this is the symmetrical move for the split move

4.5 Sampling6

The truncated message length in samplnigom the conditional distributiop(@|k, p,w, D), by fixing all
given parameters as constants, is

MsgLen= Zk:ZIn-(—rl +anzdllna + iw (20)
j Uj,m ? i=1 m=1 wm i=1 m=1 20-;/0),]

Because there akecomponents and in each component therel amdependently Gaussian distributions, the
total number of Gaussian distributionksd . The message length for thie component andth variable is:

2 n _ 2
MsglLedo, .. t,,;) = n-(a—l)—+ nino,, .+ Z( W('“) = (nJ —2)In T i +Z(X"””20$'“) (21)
J.m

W(I)] i= w(i).j

We sampleo,, 4, from the full conditional distribution transformefidom the above message length
calculations. This step is completed for each campbdand each attribute.

5. Proof of Convergence

If the stationary distribution of a Markov chaintis converge towards the posterior distributiorg thain
must satisfy the following three conditions [6].

e The chain must be aperiodic, which means thereldhoat be any positive integef, that satisfies
MU =MUT W, pt kG 6t =T, ptT kT 6T} for all t=t,. If there is such & then the chain is
periodic and the period of the chain wouldTbe

« The chain must be irreducible, that is, the tréamsitime takes from any two statdgw, p,k, &) and
M (w, p',k',8") must not be infinity.

¢ The chain must satisfy the detail balance conditbwrevery move, which is given by
p(w, p,k,8) p(w, p,k,8 - W, p',k',8) = pw, p,k',8)pw, p' k'8 - w,p,k,0) (22)



Given any state at tintethe probability the next state is the same stageeater than zero. Thus it is possible
that the chain will stay at one state for arbitramynber of iterations and move to other states.cHaén can
only repeat the history with a probability lessrtta Therefore, the chain can never get into therdenistic
cycle that satisfies the periodicity condition. Tdi&in is also irreducible as the transition praltgthetween
any two states is greater than zero thus it witltage infinite time for the transition to take péa We now
prove that detail balance holds for the five moves.

In the five moves the parameters are sampled fitwmfull conditional distributions transformed fraime
message length distribution. In move 1, 2 and 5rev@&ibbs sampling is used, it is easy to see thailde
balance holds since

p(6.) P, — 6,) :%92— = p(6,)p(@, - 6) (23)

Hered stands for whichever parameter being sampledeimtbve and is the normalization factgr e™ .

In move 3 and 4 where Metropolis algorithm is used,

p(6)p(6. - 6,) :%min{e-‘"‘z-m;t} :%min{eww} = p(6,)p(6, - 8) (24)

But it remains to prove that in the Metropolis febie proposal function is symmetrical. In the deand
rebirth move, since these parameters are randainlifialized, the probability of a proposal is ipgsdent of
the current state and is obviously symmetricalth@ split/combine move, the probability of propasia
component as the split candidate equ#ts The proposed compongris split intoj1 andj2. We also enforce
that at least onecomponent resulted from the split must the mosaaajt of the other. Without losing
generality, lef2 be the most adjacent componenjlof In the combination step, the probability of chiog
j1 andj2 equals to the sum probability of choosjiéwhich will automatically choosg subsequently) and
the probability of choosing2 and therjl as its most adjacent component. i1, j2) be the probability of

proposing componentd andj2 as the combination candidates apgj) be the probability of proposing
componenj as the split candidate, then

L 1 11 1 .
N=— + — =" = 25
P(iL j2) k+1+k+1k K p(j) (25)

The proposing function is symmetrical and the dd&iaiance holds.

In summary, the proposed MML coupled MCMC samplemsists of five moves. The Markov chain grown
by the sampler is aperiodic, irreducible and ddialanced therefore its stationary distribution\erges to
the MML defined posterior distribution of the maoslel

6. MCMC Diagnosis

In this section, we empirically diagnose the MMLupted MCMC sampler to verify the convergence and
analyze the mixing rate. A four component two disien Gaussian mixture (Figure 1) dataset is usethfo
purpose. We run the chain for 200,000 iteratiorth wie first 50,000 as the burn-in period. We dasmnthe
convergence by comparing the posterior probalslitiek among different segments of the chain, each with a
size of 50,000 iterations. If the chain has congdrthen the posterior probabilities should be amisacross
the segments. The probability of a particular vadfi& is the number of iterations the sampler stays @& th
given model sub-space. The comparison results sesepted in Figure 2. Trace plots for(Figure 3)
indicates efficient mixing across the subspacediftérentk, with split move and the combine move have an
acceptance rate of 11.2% and 11.3% respectively.
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Figure 3. Typical trace plot of k (iteration 180001200000)

7. Comparisons with Green’s Reversible Jump Sampig

The sampler is capable of jumping across subspaiteslifferentk values and the posterior distributionkof
is the relative frequency the sampler stays in eatfspace. This distribution kfreflects the belief in how
many components should there be in the data. $nséition we apply the MML coupled MCMC sampler on
three univariate datasets used by Richardson aednGFigure 4) in their paper on reversible jumpang

[5]. We compare the posterior distribution loffound by MML-MCMC sampler with that found by the
reversible jump sampler. The comparison resultsanmemarized in table 1.

Table 1 comparing the distribution ofk on enzyme, acidity and galaxy datasets

k 1 2 & 4 5 6 7 8 Split Combine
Enzyme | MML  0.000 0989 0.010 0.001 0.000 0.000 0.000 0.000 0.46% 0.46%
RG  0.000 0.024 0.290 0.317 0.206 0.095 0.041 0.017 8% 4%
k 1 2 3 4 5 6 7 8 Split Combine
Acidity | MML  0.003 0.989 0.007 0.001 0.000 0000 0.000 0.000 1.1% 1.1%
RG 0000 0.082 0244 0236 0172 0.118 0.069 0.037 14% 7%
k 1 2 3 4 5 6 7 8 Split Combine
Galaxy | MML 0.060 0.746 0.174 0.018 0.002 0.000 0.000 0.000 9.50%  10.60%
RG  0.000 0.000 0.061 0.28 0.182 0.199 0.6 0.109  11% 18%




MML-MCMC sampler finds quite differenk distributions from the reversible jump sampler.isTgreat
difference, however, does not invalidate eitherrapph. In Richardson’s work, they adopt a uniforriomp
distribution onk, that is, the complexity of the model is not colesed as part of the problem. In minimum
message length principle, lardevalues, which imply more complicated model, aregheed as they require
more information to encode. However, upon examireg histogram of the datasets visually, the paster
distribution of k found by MML-MCMC is more consistent with humangoitions. For example, the
reversible jump sampler suggests the lxegtlues for the three problems are 4, 4 and 6 ctispédy while
MML-MCMC suggests 2, 2 and 2. The smaller acceptaate on split and combine for MML-MCMC in the
enzyme and galaxy data does not suggest bettengnigie for reversible jump sampler since it fimasch
more diffused posterior distribution kfthan MML-MCMC sampler.
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Figure 4. The instance density distribution for Enyme, Acidity and Galaxy datasets



8. Bayesian Model Averaging and Classification

As previously stated, MML-MCMC sampler automatigafidopts a prior distribution of the models that
penalizes overly complicated models. In this secive empirically show that the MML-MCMC sampler
when making predictions via Bayesian model ave@@erforms significantly better than predictionsdma
from a single model. We show our results on a nurbbachmark machine learning and statistics datsget
compare the prediction capability between the sirggst model found by EM and the Bayesian averaged
model calculated from the MML-MCMC sampler. It skbloe noted that some of these datasets have high
dimensions and to our best knowledge, no previangpter may sample across subspaces for data vgth hi
dimension efficiently.

The first dataset we use is the handwritten digiadet. This data set consists of sixteen attribatel a
dependent attribute representing the digit (O thhoB). The sixteen attributes represent 8 x-y doatds the
pen took while writing the digit. To reduce the quutational complexity, we reduce the digit recoigmit
problem into five smaller problems. Instead ofrigyio identify a digit from all 10 possible classeg paired
digits similar in shape into fives groups. The aecies are given in Table 2. The predictions aaiasaare
based on 100 trials with 70% training and 30% besset.

Table 2 Performance of EM and Bayesian model averatg on digit recognition dataset

Number EM EM BMA BMA Error Star_1d'c_1rd

DIGITS _of Error Standard Accuracy Star_1dz_;1rd Reduction DeV|at|_on

Attributes (%) Deviation Deviation Reduction
0&2 16 0.3 0.7 0.1 0.5 67% 29%
1&7 16 20.1 4.4 7.3 3.2 64% 27%
3&8 16 6.3 3.0 3.5 2.7 44% 10%
489 16 12.3 13.6 5.3 2.5 57% 82%
5&6 16 18.4 4.6 0.3 0.9 98% 80%

We further test the prediction performance via hapsix benchmark datasets in UCI machine learning
repository and the results are show in Table 3.

Table 3 Performance of EM and Bayesian model averaging onCl datasets

Number EM EM BMA BMA Error Star_1dz_;1rd

Datasets .of Error Star)dgrd Error Standgrd Reduction DeV|at|'on

Attributes (%) Deviation (%) Deviation Reduction
Wine 13 5.4 3.0 4.0 2.6 25.9% 13.3%
Iris 4 8.7 5.2 4.8 3.2 44.8% 38.5%
Pima 8 35 2.6 29.3 2.6 16.3% 0.0%
Glass 9 51.6 6.3 45.7 6.5 11.4% -3.2%
Diabete 3 15.7 6.1 12.4 45 21.0% 26.2%
Shuttle 9 20.2 5.3 10.3 3.3 49.0% 37.7%

We see that the Bayesian averaged model from the& IMI@MC sampler makes much better predictions,
both in terms of accuracy and variance. The remof/ethe model uncertainty occurs at two levels. bioly
is the uncertainty df value removed, but also the model uncertaintyfgivenk. These accuracies might not



be the highest among all possible classifiers aklgl such as C4.5 and neural network. Howeveexpect
the Bayesian model averaged C4.5 performs betaer phain C4.5 and the Bayesian model averaged heura
network performs better than a plain neural network

9. Conclusion

Minimum message length principle evaluates theityual models by the information length to encoadghb
the model and data. The different message lengibscated with different models constitutes a ngssa
length distribution which can be conveniently tfansied into the posterior distribution or full catidnal
distributions. This allows building MML-MCMC sampk that are easier to mathematically and
pragmatically work with. Furthermore, it inheriteetbenefit from the MML principle that enables carigble
connection between model complexity and the priobability of the model. With all these conveniesiead

a newly proposed sampling algorithm with five mgve® introduced an MML-MCMC sampler for the
mixture component models. The sampler can sampbtsscubspaces with different components with good
mixing rate even for high dimensional data. Alddjrids posterior distribution df that is more consistent
with human cognition. Thus the sampler can religsmatek on high dimensional data where estimation by
visualization becomes less obvious to human. Magosuch a sampler allows making Bayesian model
averaging predictions which are empirically vedfi® be more accurate than the single best models.

Pragmatically, the work motivates the implementatad MML-MCMC sampler for other model families
such as Hidden Markov Model (HMM) or a C4.5 deaisicee, making inference by averaging the inference
from all models in each model space, or furtherbath model spaces together. MML-MCMC makes
sampling across fundamentally different model spagessible since the posterior is calculated from a
universally computable metric, the message len§tith a sampler is a long-term goal of this worke Th
BMA predictor in this situation should also achiengroved accuracy and reduced variance.

Philosophically, the work justifies the consistenogtween Occam’s razor and human cognition in a
statistical light. By assigning smaller prior prbidy to more complicated models, we have obtained
estimation on the number of components that is nmiegpretable to a human. This automatic prioaotsd
from the model complexity, now becomes the priothia literal sense. That is, it is not acquiredrepeated
exposure to experience, but rather preexists ineduming faculty itself [11].
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