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Commenting on the papers by Dr Rissanen and Professors Wallace and Dowe is a daunting sort of
pleasure. Superficially, the papers are not closely related: Dr Rissanen has focused on the Shtarkov
optimality criterion in a minimum description length (MDL) context giving some new implications
from normalization (see his equation (1)) for model selection and hypothesis testing. By contrast,
Wallace and Dowe have given a first, and welcome, effort to axiomatize a setting in which it is
reasonable to hope that the algorithmic complexity approaches of Kolmogorov and Solomonoff—
streams one and two, using UTMs—may coincide with the Shannon theory approaches—stream
three in its minimum message length (MML) and MDL versions. Despite these differences, there
are several senses in which these two papers are closely related.

1. MODEL SELECTION TECHNIQUES not representative of the relationship between MDL and BIC

. . because the MDL has such different properties outside the
First, note that a common feature of all the techniques

. . ) . X ~~ finite-dimensional parameter context.
mentioned in both papers is that they are intended to identify Accepting the main point of Wallace and Dowe leads
ge”‘?“'?" featureg of the data-generating T“eCha”‘S.rT" ideallyone to suggest that Kolmogorov's approach, Solomonoff’s
proyldmg us with a model. Second, if the un|f|cat.|on approach, the MDL and the MML may form a third class.
enws_age_d by WaIIace_ and Dowe can be for_mally obtained, The defining feature of this third class appears to be its
any implications derived from one technique, such as

Ri s latest implicati il obtain for the oth interpretation in terms of two-stage coding. This is clear for
Issanens alest implcations, wiil-obtain for the other o \vipmi and some versions of MDL, such as Barron and
techniques that are equivalent to it.

. ) . ... ,Cover [2]. Itis explicitly in the axiomatization offered by
. tTh'rdI’ thett)ecvr:/mlthues el?jbgrated by tl?ssantlan and unlﬂ;adWaIIace and Dowe and implicitly in their discussion about
m.t%.a c T)SS g 6} ace ?n d olwelare; emselv TS eﬁrsnlg esconverting from one UTM to another.
within a broader class of moael selection princip _es( S) Now we can consider three classes of MSPs: the AIC
that have been studied by statisticians, engineers and

. and equivalent class; the BIC and equivalent class, and the
computer scientists (amongst others) for decades. Recen[wo-stage coding class. The AIC class has a penalty term
work due to Yang and Barron [1], and earlier work due

given by the number of parameters. The BIC class has a
toﬁ B?rrto N and_ dCover [2]|, Betnel fand ﬁhut.mway f[3}’ are penalty term given by log times the number of parameters.
etiorts 1o provide general resulls Tor Colections of Classes r,q two-stage coding class has a penalty dependent term
that are recognized to have common propertles—_typlcally dependent on the class over which one is optimizing. There
the dependence of the penalty Fermmmhe se_lmp_le size. are, of course, other classes of MSPs since many functions of

In particular, one may consider an Akaike information

L . X n can define a penalty term, but these three classes currentl
criterion or AIC-class, see [4], of MSPs which contains the P y y

. . . have the virtue of interpretability and extensive study.
AIC and its egwyalent formulaﬂon; such as Mallowly Penalty terms that are powers mfhave also been studied,
and cross-validation, see [5]. Equivalently, the AIC class

; ) see [1, 3], so we have some idea how such models will
of MSP_S can b_e defined as t_he_ MSPs that sat_lsfy the Sameperform. However, in practice, using an MSP outside a well
optimality criterion from prediction as the AIC itself does,

understood class would require particularly good arguments.
see [6, 7]. q P y9 g

Second, one may consider a Bayes information criterion,
or BIC-class of MSPs which contains the BIC and other 2. THE BAYESIAN CONNECTION
equivalent formulations such as the posterior quantities it

approximates, see [8]. Perhaps the optimality criterion stage coding interpretation apart from the normalizing

satisfied by the BIC, see [9], or the posterior probabilities, . . L
can be used to define this class. In some cases, the MDL isconstant for the Jeffreys prior that appears in (9). Thinking

similar to the BIC, see [2] for the interpretation of the MDL of the prior as representing the code Iepgths fo,r the first
. ! S . - stage of a two-stage code, we see that Rissanen’s approach
in terms of penalized likelihood. However, this overlap is

is not incompatible with a Bayesian approach. Indeed,
lvisiting the Department of Statistical Science, University College Ba_lrron and_x'e [10] use a modification Qf th_e Jgﬁrgys
London, UK. prior to obtain asymptotics for the same optimality criterion

The perceptiveness of Rissanen’s approach masks its two-
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of Shtarkov used by Rissanen. The Barron and Xie [10] task is to select finitely many parametric families from the
strategies are only for the discrete memoryless case but theiclass of models one is willing to consider. One can imagine
results are based on mixtures of likelihoods with respect trying to do this by treating the models as messages to be
to modifications of the Jeffreys prior. However, in some coded and then using data compression techniques possibly
continuous memoryless cases one can get upper and lowestemming from the rate distortion function, analogous to
bounds on (2): an upper bound follows from choosinig vector quantization. However, this will be complicated by
(2) to be the mixture of the parametric family with respectto the requirement that one include—and choose amongst—
the Jeffreys improper prior. (For tHéormal®, 1), simple potential explanatory variables. Second, given that one
algebra suffices; for thé€xponentiald), use Stirling’s has such a collection of families one must choose a model
formula.) For lower bounds, recall maximin is less than or selection technique intelligently and know how to use it:
equal to minimax. Thus one gets an integral over the sampleuse the model chosen directly or use some version of
space and aganpis chosen as the mixture. Fubini’'s theorem model averaging—say only average about neighbourhoods
and multiplying and dividing by the parametric family in of the best models? If two models reflecting incompatible
the logarithm gives two integrals whose asymptotics follow, physical assumptions are nearly equally good, how does one
in general, from Clarke and Barron [11, 12]. The upper proceed? Should one average over the models chosen by
and lower bounds are asymptotically identical and the result different MSPs? Third, one must evaluate how good a model
is the same as (9). The technique for the upper boundis—this may lead to the prequential approach of Dawid,
generalizes by using a Laplace integration argument, but thesee Skouras and Dawid [13]. Possibly, the examination
conditions seem restrictive. The technique for obtaining a of model uncertainty or mis-specification will necessitate
lower bound stems from an examination of the optimality topologizing the collection of models under consideration—
criterion based on redundancy that Rissanen notes can als@n which case the present information-theoretic setting leads
lead to (9). All of these criteria directly or indirectly permit  naturally to use of Shannon’s mutual information.
a two-stage coding interpretation.
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3. LOOKING AHEAD
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