CHAPTER 7. POSTSCRIPT 93 Sp eec recognition: automated con trol of hidden Mark mo del structure In sp eec recognition, selection et een alternativ mo dels for single ord could made using the evidence, and the concept of mo deration i.e. incorp oration of error bar information) is exp ected to useful when �tting mo del to utterances. oin source image reconstruction When estimating oin sources in an astronomical image, Occam’s razor is needed to oid �tting to man stars to the image. Neuroph ysiology: ulti{neuron recording The task is to infer the activities of ultiple neurons in piece of brain tissue from the signals in an arra of recording electro des. This will require dev elopmen of non{ parametric Ba esian metho ds. Densit estimation The evidence could ev aluated for the problem of ho osing the um er of gaussians in mixture mo del, and the problem of ho osing et een gaussian mo dels and more ‘robust’ clustering mo dels. urther applications in neural net orks It remains to in estigated whether these metho ds scale up to real, larger problems. Also this framew ork has et to applied to more sophisticated regularisers suc as the mixture deca mo dels of Hin ton and No wlan 47 ]. The er and unifying ersp ectiv of Ba esian metho ds are ecoming more widely ap- preciated. This thesis has demonstrated their utilit for adaptiv mo dels suc as neural net orks. There are thousands more data mo delling tasks aiting for the ‘evidence’ to ev aluated. It will exciting to see ho uc can learn when this is done. CHAPTER 7. POSTSCRIPT 92 in teresting to see if this in terpretation can formalised, leading to an alternativ ob- jectiv pro cedure for setting the parameters of zero mixture. This ould also necessitate hanges in the ev aluation of the evidence. 7.5 uture tasks, op en problems More exp ensiv evidence calculations, heap er Hessian calculations The Ba esian calculations throughout this thesis all dep end on the in erse Hessian under the gaussian appro ximation. There are directions for further ork. In the more exp ensiv direction, can ask ho to mak the Ba esian calculations more accurate impro ving on the gaussian appro ximation, the use of Mon te Carlo metho ds, for example. In addition, metho ds for in tegrating er regularisation constan ts need to dev elop ed, rather than �xing those constan ts to their most probable alues. These are questions that Skilling and Sibisi (p ersonal comm unication) are orking on. In the heap er direction, can ask ho to mak the Hessian calculations more appro x- imate and more e�cien so as to reduce the cost of these calculations. hop to in estigate statistical metho ds for reducing the calculation of prop erties of to or less time. Noisy input ariables The tasks of in terp olation and classi�cation giv en noisy input ariables has et to in te- grated in to the evidence framew ork. Missing data Imagine that are ask ed to in terp olate data set in whic some of the elemen ts are incomplete, lac king sp eci�cation of some of their comp onen ts. The in terp olation framew ork describ ed in this thesis cannot handle this case ecause the densit er is not mo delled. It is an op en problem to �nd simple, ell-de�ned to in tegrate data with missing comp onen ts in to these in terp olation mo dels. This problem has uc in common with the task of com bining unlab elled data with dis- criminativ training. In discriminativ training adapt classi�er that mo dels to data set no if additional unlab elled data is ailable, it is lik ely to pro vide useful information, if assume some sort of densit er The reason that are reluctan to sp ecify suc densit er in sp eec recognition, ho ev er, is ecause that is where ha come from discriminativ training is used instead of full probabilistic mo delling ecause it obtains etter erformance from or mo dels. Ideally ould lik to able to dev elop sup erior ord mo dels but what if are stuc with particular mo del space, either ecause of computational constrain ts or ecause of lac of creativit y? Com bining discriminativ training with unlab elled data seems to me to one of the curren fron tiers of Ba esian metho ds. Other applications The concepts of Ba esian data mo delling describ ed in this thesis ha great generalit and should relev an to an exp erimen tal scien tist. Example applications include the follo wing: CHAPTER 7. POSTSCRIPT 91 to ell correlated with generalisation abilit when the mo del space is ell{matc hed to the problem (�gures 3.12 and 5.5). There are theories whic attempt to directly predict generalisation abilit leading to Ak aik e’s FPE criterion, and Mo dy’s GPE 45 ]. But for the to problems ha studied, neither of these criteria has etter correlation with the generalisation error than that ac hiev ed the evidence. It is an op en question whether these results are uk es. More ork is de�nitely called for on the relationship et een the evidence, cross{v alidation and generalisation abilit to understand these results. 7.3 Ha ving to mak to uc explicit Statistical problems that are precisely enough stated for the sampling theory sc ho ol can to ague for Ba esian 44 ]. When the Ba esian adds additional constrain ts to suc problem to mak it solv eable, he comes under �re for making assumptions that ma e, in detail, not justi�ed. ‘Order statistics’ pro vide an example of suc problem. Imagine that wish to infer the median of densit giv en samples from it, without precise sp eci�cation of what yp of densit are dealing with (in particular, do not kno the distribution is Gaussian). Ba esian analysis ould ha to assume an explicit parameterised form for the densit (for example free form densit with maxen prior), solv for the osterior distribution of the parameters, then marginalise er that distribution to get osterior for the median of the densit think that in principle this is the righ thing to do (and, to their credit, some Ba esians ha sho wn that it can done 11 ]), but it is an approac that in olv es in tro ducing and then eliminating large amoun of irrelev an baggage (the explicit parameterised form for the densit y). The details of this parameterisation will probably hard to justify and an yw the answ er that obtain is unlik ely to dep end sensitiv ely on them. It seems unfortunate to ha to in tro duce so uc explicit and arbitrary detail in order to answ er simple question. Ha ving said this, should mak it clear that am not adv cating the ortho do sampling theory approac to order statistics; lik most sampling theory pro cedures, order statistics are incoheren t. It will in teresting if Ba esian metho ds can dev elop ed whic oid ha ving to explicitly handle detailed parameterisations that are then marginalised again. erhaps Mon te Carlo metho ds lik Radford Neal’s 46 are step in this direction. 7.4 An alternativ in terpretation of eigh deca Geo� Hin ton (p ersonal comm unication) has suggested an alternativ view of mixture eigh deca The deca mec hanism is still view ed as implemen ting prior kno wledge, but not the literal prior that sa ys the are mo delled as coming from mixture of gaussians. Rather, our real prior assumption is that fraction of the eigh ts ough to exactly zero. Th us the true width of the comp onen at the origin ough to zero; it is only set to non{zero alue as computational arti�ce. This view, that eigh deca is in tended to switc o� eigh ts, is apparen tly shared other ork ers 32 77 ]. Under this in terpretation, there is no reason to supp ose that the Ba esian hoice of the width of this comp onen should appropriate. (The width of the other broad comp o- nen t(s) of the mixture distribution should still inferred using Ba esian metho ds.) It will One asp ect of these criteria that wish to examine is whether, as their authors claim, they predict generalisation abilit without making implicit assumptions ab out the prop erties of the ‘truth.’ All the same, No wlan and Hin ton ha applied the Ba esian pro cedure to net orks predicting sunsp ot time series, and obtained etter erformance than an published mo del 48 ]. CHAPTER 7. POSTSCRIPT 90 (T able 2.1), the in terp olan go es uc closer to this data oin (whic is probably wh the neural net ork mo del is more probable). second defect of the closed yp othesis space assumption is discussed in Chapter 4. The exp ected information gain pro vided datum as de�ned, lik the error bars, assuming that the mo del is correct. In extreme cases this ma lead to ludicrous results distan data oin ts ma ev aluated as utually informativ ecause of misleading in terdep endence in the mo del. In Chapter it is sho wn that the mean marginal exp ected information gain do es seem to marred artifacts arising from the assumption that the mo del is correct. Thirdly Ba es’ rule pro vides no mec hanism for ‘alternativ e{free tests’ of yp othesis space. This reserv ation ab out Ba esian metho ds has also een expressed Lindley 44 ]. Hard line Ba esians ould retort that there is no suc thing as an alternativ e{free test, and certainly most of the classical alternativ e{free tests do ha an implicit alternativ e. or example, classical test of parameter eing zero has as an implicit alternativ the yp othesis that the parameter has alue in an in terv al with deriv able prior width 38 ]. But do eliev that erform alternativ e{free tests. Often, ecome dissatis�ed with theory ecause it seems to making un usually or predictions. This prompts us to start searc hing for sup erior theories. Without an alternativ eing more than ery aguely sp eci�ed, are able to infer that something is wrong. Once �nd sup erior alternativ e, can then come bac and use Ba es’ rule to reject the original theory; but the initial decision to searc for new theory as alternativ e{free and could not made with Ba es’ rule alone. Nor can Ba es’ rule alone direct ou to ards new mo dels. The in en tion of yp othesis spaces remains uman’s domain. Ha ving recognised that Ba es’ rule cannot erform the alternativ e{free inferences that are part of the mo delling pro cess (the righ t{hand lo op of �gure 1.1), ould end on more optimistic note. eliev that Ba esian metho ds, to gether with traditional metho ds suc as cross{v alidation, yield erful to ol for alternativ e{free yp othesis testing and new mo del formation. This as illustrated in Chapter 3, where the or correlation et een the evidence and the test error highligh ted an inconsistency in the mo del space; if one only used the test error (cross{v alidation) for mo del comparison, this opp ortunit for learning ould lost; lik ewise, if only the Ba esian evidence ere ev aluated, ould none the wiser. think that Ba esians ould do ell to include similar alternativ e{free ‘w arning ells’ in their algorithms. 7.2 or appro ximation, are probabilities relev an t? The Ba esian approac to mo del comparison ev aluates ho pr ob able alternativ mo dels are giv en the data. In �elds suc as image reconstruction and NMR, this ma precisely the righ thing to do. In con trast, in adaptiv mo delling, the real problem is often to estimate how wel ach mo del is exp cte to gener alise. kno erfectly ell that the truth is not that the data ere generated some neural net ork whose parameters no wish to infer! kno that all the mo dels are false, so the Ba esian assessmen of the relativ probabilities of alternativ parameterised mo dels seems almost irrelev an to what are in terested in, whic is ho ell eac of the mo dels appro ximates. Really the Ba esian solution to this task ould to use mo del that really eliev in to infer what the truth migh e, then use de cision the ory to select from the false mo dels the one that is exp ected to minimse the appropriate cost function. The startling fact is that in spite of this, the evidence for the false mo dels do es seem Chapter ostscript It is common that, follo wing sev eral ears’ dev otion to religion, studen t’s views ab out that religion will ha matured. This ostscript is in tended to comm unicate the reserv ations and criticisms no ha ab out the Ba esian metho ds describ ed, and the op en questions and problems that remain. 7.1 The closed yp othesis space Ba esian hard{liners often th ump the ‘Co axioms’ drum, pro claiming that consisten in- ference can only Ba esian; but it is rarely made clear what Co x’s axioms are. In fact Co x’s result assumes (among other things) that are erforming inductiv inference in de�ned closed yp othesis space. This is edged sw ord. The go asp ect is that Ba esian inductiv inference cannot pro ceed un til all prop erties of our yp othesis space ha een articulated; th us are forced to mak explicit all our assumptions. urthermore, once the yp othesis space is de�ned, Ba esian inference is mec hanical and ell{de�ned pro cess. Ba esianism do es not need to consult sampling theory criteria suc as ‘e�ciency ,’ ‘un biasedness,’ ‘consistency ,’ ‘su�ciency ,’ ‘uniform con ergence,’ or ‘minim um ariance’ desiderata whic can often utually con icting! simply write do wn the conditional assumptions that are making (for example the data that ha ccurred), and the prop ositions whose plausibilities wish to infer, and ev aluate Prop osition Assumptions using the sum and pro duct rules of probabilit within the de�ned yp othesis space. The axioms on whic probabilistic inference are based guaran tee that inferences made in this will coheren t. On the other hand, sev eral de�ciencies arise from the constrain of closed yp othesis space. The cen tral problem is that our Ba esian inferences are obtained assuming that the yp othesis space is righ t, but ha no Ba esian of assessing whether our yp oth- esis space is righ t, apart from coming up with alternativ yp othesis spaces with whic comparisons can made. or example, the error bars discussed throughout this thesis are ev aluated assuming that the mo del is true. do not think that non{Ba esian pro cedure can impro on this (ortho do con�dence in terv als are iden tical to Ba esian error bars in the gaussian case), but it is imp ortan to are that it is ossible for the true in terp olan to lie ell outside the error bars assigned mo del, if that mo del is defectiv in some An example of this can seen in �gure 2.4b, where the error bars fail to include oin that in fact as not an outlier. The Ba esian resolution of this is to examine other mo dels; when the radial basis function mo del in �gure 2.4 is replaced more probable neural net ork mo del 89