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Abstract: When it is acknowledged that all candidate parameterised statistical models are
misspecified relative to the data generating process, the decision maker (DM) must currently concern
themselves with inference for the parameter value minimising the Kullback-Leibler (KL)-divergence
between the model and this process (Walker, 2013). However, it has long been known that minimising
the KL-divergence places a large weight on correctly capturing the tails of the sample distribution.
As a result, the DM is required to worry about the robustness of their model to tail misspecifications
if they want to conduct principled inference. In this paper we alleviate these concerns for the DM.
We advance recent methodological developments in general Bayesian updating (Bissiri, Holmes
& Walker, 2016) to propose a statistically well principled Bayesian updating of beliefs targeting
the minimisation of more general divergence criteria. We improve both the motivation and the
statistical foundations of existing Bayesian minimum divergence estimation (Hooker & Vidyashankar,
2014; Ghosh & Basu, 2016), allowing the well principled Bayesian to target predictions from the
model that are close to the genuine model in terms of some alternative divergence measure to the
KL-divergence. Our principled formulation allows us to consider a broader range of divergences
than have previously been considered. In fact, we argue defining the divergence measure forms
an important, subjective part of any statistical analysis, and aim to provide some decision theoretic
rational for this selection. We illustrate how targeting alternative divergence measures can impact
the conclusions of simple inference tasks, and discuss then how our methods might apply to more
complicated, high dimensional models.

Keywords: Kullback-Leibler divergence; robustness; Bayesian updating; minimum divergence
estimation; M-open inference

1. Introduction

In the M-closed world, where a fitted model class is implicitly assumed to contain the sample
distribution from which the data came, Bayesian updating is highly compelling. However, modern
statisticians are increasingly acknowledging that their inference is taking place in the M-open world [1].
Within this framework we acknowledge that any class of models we choose is unlikely to capture the
actual sampling distribution, and is then at best an approximate description of our own beliefs and the
underlying real world process. In this situation it is no longer possible to learn about the parameter
which generated the data and a statistical divergence measure must be specified between the fitted
model and the genuine one in order to define the parameter targeted by the inference [2]. Remarkably
in the M-open world, standard Bayesian updating can be seen as a method which learns a model by
minimising the predictive Kullback-Leibler (KL)-divergence from the model from which the data were
sampled [2,3]. Therefore, traditional Bayesian updating turns out to still be a well principled method
for belief updating provided the decision maker (DM) concerns themselves with the parameter of
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the model that is closest to the data as measured by KL-divergence [2]. Recall the KL-divergence of
functioning model f from data generating density g is defined as the extra logarithmic score incurred
for believing Z was distributed according to F when it was actually distributed according to G [1]

(3, ) = Bzl 0g(f (Z:6)] ~ Bz-cl- log(s(2)] = [1og (5 ) a6

It is well known that when the KL-divergence is large, which is almost inevitable in high
dimensional problems, the KL-divergence minimising models can give a very poor approximation if
our main interest is in getting the central part of the posterior model uncertainty well estimated. This is
because the KL-divergence gives large consideration to correctly specifying the tails of the generating
sample distribution—see Section 2.2.1. As a result, when the DM acknowledges that they are in the
M-open world, they have several options currently available to them:

1. Proceed as though the model class does contain the true sample distribution and conduct a
posteriori sensitivity analysis.

2. Modify the model class in order to improve its robustness properties.

3. Abandon the given parametric class and appeal to more data driven techniques.

To this we add:

4.  Acknowledge that the model class is only approximate, but is the best available, and seek to infer
the model parameters in a way that are most useful to the decision maker.

Method 1 is how [4] recommends approaching parametric model estimation and is the most
popular approach amongst statisticians. Although it is acknowledged that the model is only
approximate, Bayesian inference is applied as though the statistician believes the model to be
correct. The results are then checked to examine how sensitive these are to the approximations
made. Authors [5] provide a thorough review while [6] consider this in a decision focused manner.

Method 2 corresponds to the classical robustness approach. Within this approach, one model
within the parametric class may be substituted for a model providing heavier tails [5]. Alternatively,
different estimators, for example M-estimators [7,8], see [9] for a Bayesian analogue, are used instead
of those justified by the model class. Bayes linear methods [10], requiring many fewer belief statements
than a full probability specification, form a special subclass of these techniques.

The third possibility is to abandon any parametric description of the probability space. Examples
of this solution include, empirical likelihood methods [11]; a decision focused general Bayesian
update [3]; Bayesian non-parametric methods; or to appeal to statistical learning methods such as
neural networks or support vector machines. Such methods simply substitute the assumptions and
structure associated with the model class, for a much broader class of models with less transparent
assumptions and thus are not as free of misspecification related worries as they may seem.

Though alternatives 2 and 3 can be shown to be very powerful in certain scenarios, it is our
opinion that within the context described above that a fourth option holds considerable relative merit.
In an applied statistical problem the model(s) represents the DM’s best guess of the sample distribution.
The model provides the only opportunity to input not only structural, but quantitative expert
judgements about the domain, something that is often critical to a successful analysis—see [12] for
example. The model provides an interpretable and transparent explanation about how different factors
might be related to each other. This type of evidence is often essential when advising on decisions to
policy makers. Often, simple assumptions play important roles in providing interpretability to the
model and in particular in preventing it from over fitting to any non-generic features contained in any
one data set.

For the above reasons, an unambiguous statement of a model, however simple, is in our opinion
an essential element for much of applied statistics. In light of this, statistical methodology should
also be sufficiently flexible to cope with the fact that the DM’s model is inevitably an approximation
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both of their beliefs and the real world process. Currently, Bayesian statistics sometimes struggles
to do this well. We argue below that this is because it implicitly minimises the KL-divergence to the
underlying process.

By fitting the model parameter in a way that can be non-robust, the DM is having to combine
their best guess belief model with something that will be robust to the parameter fitting. The DM
must seek the best representation of their beliefs about a process in order to make future predictions.
However, under traditional Bayesian updating they must also give consideration to how robust these
beliefs are. This seems an unfair task to ask of the DM. We therefore propose to decouple what the
DM believes about the data generating process, from how the DM wishes the model to be fitted. This
results in option 4 above.

This fourth option suggests the DM may actually want to explicitly target more robust divergences,
a framework commonly known as Minimum Divergence Estimation (MDE), see [13]. Minimum
divergence estimation is of course a well-developed field by frequentists, with Bayesian contributions
coming more recently. However, when the realistic assumption of being in the M-open world is
considered the currently proposed Bayesian minimum divergence, posteriors fail to fully appreciate the
principled justification and motivation required to produce a coherent updating of beliefs. A Bayesian
cannot therefore make principled inference using currently proposed methods in the M-open setting,
except in a way that [14] describe as “tend(ing) to be either limited in scope, computationally
prohibitive, or lacking a clear justification”. In order to make principled inference it appears as
though the DM must currently concern themselves with the KL-divergence. However, in this paper
we remove this reliance upon the KL-divergence by providing a justification for Bayesian updating
minimising alternative divergences, both theoretically and ideologically. Our updating of beliefs does
not produce an approximate or pseudo posterior, but uses general Bayesian updating [3] to produce
the coherent posterior beliefs of a decision maker who wishes to produce predictions from a model
that provide an explanation of the data that is as good as possible in terms of some pre-specified
divergence measure. By doing this, the principled statistical practice of fitting model parameters to
produce predictions is adhered to, but the parameter fitting is done so acknowledging the M-open
nature of the problem.

In Section 2 of this article we examine the inadequacies in the justification provided by the
currently available Bayesian MDE techniques and use general Bayesian updating [3] to prove that
the Bayesian can still do principled inference on the parameters of the model using alternative,
more robust divergences to KL-divergence. This theoretical contribution then allows us to propose
a wider variety of divergences that the Bayesian could wish to minimise than have currently been
considered in the literature in Section 3. In this section we also consider decision theoretic reasons
why targeting alternative divergences to the KL-divergence can be more desirable. Lastly, in Section 4
we demonstrate the impact model misspecifications can have on a traditional Bayesian analysis for
simple inference, regression and time series analysis, and that superior robustness can be obtained by
minimising alternative divergences to the KL-divergence. In Appendix A we also show that when the
observed data is in fact generated from the model, these methods can be shown not to lose too much
precision. In this paper we demonstrate that this advice is not simply based on expedience but has a
foundation in a principled inferential methodology. For this purpose we have deliberately restricted
ourselves to simple demonstrations designed to provide a transparent illustration of the impact that
changing the divergence measure can have on inferential conclusions. However, we discuss how
robust methodology becomes more important as problems and models become more complex and
high dimensional and thus encourage practitioners to experiment with this methodology in practice.

The Data Generating Process and the M-Open World

Sometimes in this paper we use the phrase “the data generating process”. The data generating
process is a widespread term in the literature and appears to suggest that “Nature” is using a simulator
to generate observations. While this may fit nicely with some theoretical contributions, it becomes



Entropy 2018, 20, 442 4 of 25

difficult to argue for in reality. In this article we consider the data generating process to represent the
DM’s true beliefs about the sample distribution of the observations. However, in order to correctly
specify these the DM must be able to take the time and infinite introspection to consider all of the
information available to them/in the world in order to produce probability specifications in the finest
of details. As is pointed out by [15], this requires many more probability specifications to be made at
a much higher precision than any DM is ever likely to be able to manage within time constraints of
the problem. As a result, these genuine beliefs must be approximated. This defines the subjectivist
interpretation of the M-open world we adopt in this paper—the model used for the belief updating
is only ever feasibly an approximation of the DM’s true beliefs about the sample distribution they
might use if they had enough time to fully reflect. In the special case when the data is the result of a
draw from a known probability model—a common initial step in validating a methodology—then
this thoughtful analysis and “a data generating process” obviously coincide. Henceforth we use the
“the data generating process” in this sense to align our terminology as closely as possible with that in
common usage.

2. Extending Bayesian MDE for the M-Open World

The current Bayesian minimum divergence technology [16,17] is currently only able to produce
approximate or pseudo posteriors. Therefore, Bayes rule is currently the only method explicitly
available in the literature that DMs can use to produce a well principled updating of their beliefs about
the parameters of a model. We address this issue in this section.

2.1. Why the Current Justification is not Enough

The Hellinger-divergence of the model f(+; ) from the data generating process g(-) is defined as

&2,(g, f Z/F dez—l—/m @)

The asymptotic approximation of the Hellinger-divergence and the KL-divergence when the
data comes from the model is used by [16] to justify replacing the KL-divergence by the Hellinger
divergence and produce posteriors of the form

0 (0]x) o< 71(6) exp (—nd (g, £(56))), ©)

where g, is an estimate of the data generating density g. This equivalence can be seen by taking Taylor
expansions about the KL-divergence minimising parameter X! = arg mingce dxr (g1(x), f(;0)). We
have that

KL
J gn(x)log (f( (9))>dx = J gn(x)log (fi?;éﬁ))dx_ 6KL) [ T gu(x) W
gk (VR .
——— f( Hy (V;{Jf;é,fw” )g”(x)d”'”

/ (1 - 7@;(9))) gu(x)dx = [(1-Y g’;fi”) o ()dx — (0 —0K0) [ § LB g, (x)dx 5
_R g ( VG 1 (Vef(xdN))? ) g (x)dx + - -
2 Ve 2 Vsl (k02

Now following the same arguments as used in [16], if g,(x) is consistent for ¢ = f(-;6KL) =

f(+;8p) then Equations (4) and (5) are equivalent in the limit as n — co. However, when OKL £ ) is not

the data generating parameter because the model class is misspecified, and if g, (x) is still converging

to g(x) # f(x;6p) as n — oo then Equations (4) and (5) will be different. In this setting the current

literature gives no foundational reasoning why updating using the Hellinger divergence constitutes a
principled updating of beliefs.
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The “pseudo-posterior” of [17], obtained instead by substituting the density power
divergence (DPD)

1
a+1

1 1
dppp (8. f) = /f”“(z;@)dz ~ /f”‘(z;@)g(z)dz + a(l+a) /8”“(2)5&/ (6)
is justified as a valid posterior by [18] as the traditional posterior originating from an alternative belief
model. However, this alternative model will not even correspond to the DM’s approximate beliefs
about the data generating process. There is therefore a lack of formal justification for a DM to update
beliefs using Bayes rule on this object.

2.2. Principled Justification for KL in M-Open World

In contrast, [2,3] have provided a principled justification for Bayes’ rule in the M-open world.
When the model is correctly specified, the Bayesian learns about the parameter 6 that generated the
data. This, for any statistical divergence d(-, -) is equivalent to learning the parameter, 6y, minimising
d(g(-), f(-;0)), as the divergence must be uniquely minimised to 0 when the distributions are
equal. When the model is considered to be incorrect, there is no longer any formal relationship
between the parameter 6 and the data. The likelihood no longer represents the probability of
the observed data conditioned on the parameter. Therefore, in order for M-open inference to be
meaningful, a divergence measure must be chosen and the parameter of interest can then defined as
0* = argmingce d(g(+), f(+;0)). Authors [2] then state that once the parameter of interest has been
defined as the minimum of some divergence, it is then possible for a practitioner to define their prior
beliefs about where the minimiser of this divergence may lie. Then the practitioner’s final task is to
ensure that their Bayesian learning machine is learning about the same parameter with which they
defined their prior belief.

Here we recall the well-known result that Bayesian updating learns the parameters of the model
which minimises the KL divergence of the model from the data generating density. This allows the
DM to continue to conduct belief updating in a principled fashion using Bayes rule provided they are
interested in, and specify prior beliefs about, the parameter X! minimising the KL divergence of the
model from the data generating process.

2.2.1. Moving Away from KL-Divergence in the M-Open World

Viewed conversely, [2] identified that using Bayes rule with a misspecified model results in the
DM producing predictions that are closest to the data generating process in terms of KL-divergence.
However, as is well known but often forgotten, correctly capturing the tails of the sample distribution
will be of upmost importance to the DM using the KL-divergence [1].

Often in reality, inference is being done in order to produce estimates of expected utilities as part
of a larger decision making process. While the tail specification is important for inferential procedures
and in situations where the losses are unbounded, for example in gambling and odds setting scenarios,
many loss functions connected to real decisions may wish to place less impact on rarely occurring
observations in the tails. For entirely reasonable practical reasons, these rare events are precisely
the ones which the DM will find hard to accurately elicit [19], see [20] for a demonstration of this
in the context of forecasting the probability of precipitation. Therefore, basing inference on such
severe penalties can be unstable. As will be demonstrated in Section 3.1, inferential procedures using
the unbounded logarithmic score associated with the KL-divergence, provide no guarantees about
performance in more general decision making scenarios.

Once the consequences of using Bayes rule to solve decision problem in the M-open world is
understood, we believe that DMs may reasonably desire alternative options for parameter updating,
that are as well principled as Bayes rule, but place less importance on tail misspecification. In this
new era of “Big data”, it becomes increasingly likely that the model used for inference is misspecified,
especially in the tails of the process—see Section 4.4. We believe many DMs would consider it
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undesirable for models that approximate the distribution of the majority of the data to be disregarded
because they poorly fit a few outlying observations.

2.3. Principled Bayesian Minimum Divergence Estimation

We next take a foundational approach to theoretically justify an updating of beliefs targeting the
parameter minimising any statistical divergence between the model and the data generating density.
Consider the general inference problem of wanting to estimate the parameters 6 of the parametric
model {f(-;0) : 0 € ®}. The model here can be considered as the DM’s best guess at the data generating
process. We consider it important to continue to use a model even under the acknowledgement that
it is inevitably misspecified for the reasons outlined in Section 1. Following [1,2] we consider fitting
these parameters in a decision theoretic manner, by minimising some divergence function

d(8, f(50)) = Exglla(x, f(;0))] = Exnclla(x,8)], )

to the data generating process g(-). Where the divergence is defined as the extra penalty for believing x
was distributed according to F when it was actually distributed according to G [21]. The corresponding
inferential goal is to solve the decision problem

0" = argmind(g(), £(6)) = argmin [ £a(x, f(:16))dG(x). ®)

Here the entropy term in the definition of the divergence is removed from the minimisation
because it does not depend on 6. In this scenario [2] forces the Bayesian into concerns associated
with non-robustness by shackling them to minimising the KL-divergence in order to use Bayes’ rule.
However, Equation (8) is identical to the problem setting considered by [3] when producing their
general Bayesian update, except that now the loss function depends on the parameter through a model,
so is a scoring rule. By minimising a combination of the expected loss of the data under the posterior
and the KL-divergence between the prior and the posterior, [3] produce an optimal updating of beliefs
for any decision problem. As a result, general Bayesian updating can be used to provide the following
coherent updating of beliefs that targets the parameters minimising the general divergence d(-, -)

2l (6]x) o« 7V (6) exp (- iﬁd(xz'/f(‘;(’))) / ©)
i=1

where we have set the calibration weight w = 1 [3]. This will be discussed further in Section 2.3.2.
In order to stay consistent with [2], we use the notation 71(9) to indicate that the prior and posterior
belief distributions correspond to beliefs about the parameter minimising divergence d(-, -). Applying
the general Bayesian update in an inferential scenario like this, provides a compromise between
purely loss based general Bayesian inference and traditional Bayesian updating, which is conducted
completely independently of the problem specific loss function. By continuing to fit a generative
model, the Bayesian minimum divergence posterior somewhat separates the inference from the
decision making. The inference is still concerned with estimating model parameters based on how well
the model’s predictions reflect the data generating process. However, the criteria for closeness between
predictions and reality takes decision making into account. As a result, the minimum divergence
posteriors can be seen as producing inferences that will be suitable for a broad range of loss functions.
Unlike in the original general Bayesian update, the DM is no longer required to exactly define the
loss function associated with their decision problem at the inference stage. They need only consider
broadly how robust to tail misspecifications they want their inference to be in order to define the target
divergence (see Section 3.4). Considering the realistic M-open nature of the model class also justifies
making this compromise. The original general Bayesian update assumes absolutely no information
about the data generating process when simply using a loss function to produce posterior beliefs,
while using Bayes rule traditionally assumes the data generating density is known precisely (prior to



Entropy 2018, 20, 442 7 of 25

the interpretation provided by [2] explained in Section 2.2). As we point out, it is actually more likely
that the decision maker is able to express informative but not exact beliefs about the data generating
process and therefore a half-way-house between these two is appropriate in reality.

Plugging in the corresponding loss functions gives general Bayesian posteriors minimising the
Hellinger and density power divergence as

1 (6]x) o 771 () exp (i M) (10)
i=1

gn(xi)
I i . ./'f(y;e)“ldy}) : (11)

Equation (10) introduces g, (+) to estimate the data generating density g (see Section 3.5 for more
on this). As a result, the general Bayesian updating is being conducted using an empirical loss function,

n

TP (0]x) o 72" (6) exp (Z {Srtmser -

i=1

say /7, which approximates the true loss function associated with minimising the Hellinger divergence
between the model and the data generating process ¢p.

Equation (11) is exactly the distribution resulting from the robust parameter update of [17],
while Equation (10) is similar to the posterior produced by [16] except the divergence function has
been decomposed into its score and entropy term here. This demonstrates that the posteriors above are
not pseudo posteriors—as [17] suggests—or approximations of posteriors—as [16] suggests—they are
the correct way for the DM to update their prior beliefs about the parameter, minimising an alternative
divergence to the KL-divergence.

Authors [13] showed that 8, = argmax Y {%f(xi;ﬂ)”‘ — H% ff(y;@)““dy} is a consistent

estimate of 8PP, while [17] use this to show that under certain regularity conditions 71?,? PD follows a
Bernstein-von Mises (BVM) type result, but with convergence in probability, where the asymptotic
variance of the posterior is the expected second derivative of the loss function (PP (x;, f(-,8,)).
Authors [16] prove the corresponding asymptotic normality result for the posterior minimising the
Hellinger divergence, but assume that the data generating process is contained within the model class,
as this was required to justify their posterior in the first place. Consistency to the minimiser of any
divergence provides consistency with the data generating process when it is contained within the
model class, as by definition all divergences are minimised to 0 when the distributions are the same.
The results of [18] demonstrate that not only is the DPD posterior mean consistent, but the whole
posterior is asymptotically optimal in the same sense as the traditional Bayesian posterior is when the
model class contains the data generating process.

Another principled alternative to traditional Bayesian updating when it is difficult to fully specify
a model for the data generating process is Bayes linear methods [10]. These only require the subjective
specifications of expectations and covariances for various quantities that the DM is well informed
about and interested in, in order to do inference. Alternatively, by choosing a more robust divergence
to use for the updating, our method tackles the same problem by being robust to routine assumptions,
making a full probability specification a much less strenuous task.

2.3.1. The Likelihood Principle and Bayesian Additivity

Authors [16] identify that their posterior distribution minimising the Hellinger divergence no
longer satisfies Bayesian additivity. That is to say that the posteriors would look different if the data
were observed in one go or in two halves for example. This is because the posterior now depends
on the estimate of the data generating density, which depends in a non-additive way on the data.
This constitutes a departure from the likelihood principle underpinning traditional Bayesian statistics.
The likelihood principle says that the likelihood is sufficient for the data. When the model is perfectly
specified this is a sensible principle, the likelihood of the observed data under the correct model
represents all the information in the data. However, in the M-open world, the likelihood principle
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is no longer a reasonable requirement. When the model is only considered as an approximation of
the data generating process, it is not unreasonable to suspect that the data contains more information
than is represented in the likelihood of an incorrect model. However, Bayesian additivity (defined
as coherence by [3]) is a central principle of the general Bayesian update. The general Bayesian
posterior minimising the Hellinger divergence combines the loss function for each observation in
an additive way, which is consistent with the additivity demanded by [3], but a different density
estimate is produced when the data is considered as a whole or in parts. This causes the empirical
loss function used for the updating to be different when the data arrives in sections, as opposed to
one go. If the data generating density were available, then the exact loss function associated with
minimising the Hellinger divergence could be calculated and the Bayesian update would be additive.
However, because an approximation of the loss function associated with the Hellinger divergence is
used, additivity is sacrificed.

While the posterior of [17] is still additive, the likelihood is also not considered to be sufficient for
the data, as the posterior also depends on the integral, [ f(y;0)!™*dy. Using an alternative divergence
to the KL-divergence in order to conduct Bayesian updating requires that additional information to
the “local” information provided by the likelihood of the observed data is incorporated into the loss
function. For the Hellinger-divergence, this information comes from the data in the way of a density
estimate, while for the density power-divergence this comes from the model through [ f(y;6)'"%dy.

2.3.2. A Note on Calibration

The two posteriors in Equations (10) and (11) have set the general Bayesian calibration weight to
1. Unlike probability distributions, loss functions can be of arbitrary size and therefore it is important
that they are calibrated against the prior. However, this is not a problem here. The posteriors above
both use well-defined models and the canonical form of well-defined divergence functions and as
a result there is no arbitrariness in the size of the loss. This is further demonstrated by the fact that
Bayes rule corresponds to using the canonical form of the KL-divergence and a probability model with
weight w = 1. We do note that when the model is correct, the posterior variance of these methods
will be comparatively bigger for finite data samples than that of the traditional Bayesian posterior.
This is to be expected, [22] showed that Bayes rule processes information optimally and therefore
produces the most precise posterior distributions. The posterior is simply a subjective reflection of the
DM'’s uncertainty after seeing the data, and if they believe their model is incorrect and therefore target
a more robust divergence, they are likely to have greater posterior uncertainty than if they naively
believe their model to be correct and proceed accordingly.

3. Possible Divergences to Consider

The current formulation of Bayesian MDE methods has limited which divergences have been
proposed for implementation. However, demonstrating that principled inference can be made using
alternative divergence measures than the KL-divergence, as we have in Section 2.3, allows us to
consider the selection of the divergence used for updating to be a subjective judgement made by the
DM, alongside the prior and model, to help tailor the inference to the specific problem. Authors [23]
observed that while [24] advocate greater freedom for subjective judgements to impact statistical
methodology, they fail to consider the possibility of subjective Bayesian parameter updating. In the
M-closed world, Bayes rule is objectively the correct thing to do, but in the M-open world this is no
longer so clear. Very few problems seek answers that are connected with a specific dataset or model,
they seek answers about the real world process underpinning these. Authors [25], focusing on belief
statements, demonstrate that subjective judgements help to generalise conclusions from the model and
the data to the real world process. Carefully selecting an appropriate divergence measure can further
help a statistical analysis to do this. We see this as part of the meta-modelling process where the DM
can embed beliefs about their nature and extent of their modelling class explicitly.
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Below we list some divergences that a practitioner may wish to consider. We do not claim
that the list is exhaustive, but merely contains the divergences we consider to be intuitive enough
to be implemented and provide sufficient flexibility to the DM. Noteable exceptions to this list
include the Generalised KL-divergence [26] and Generalised Negative-Exponential-divergence [27].
We qualitatively describe the features of the inferences produced by targeting each specific divergence,
which will be demonstrated empirically in Section 4. Throughout we consider the Lebesgue measure
to be the dominating measure.

3.1. Total Variation Divergence

The Total-Variation divergence between probability distributions g and f is given by
1
drv(g.f) = suplg(A) — A)| = 5 [ 1s(2) ~ F(2) ez 12)

and the general Bayesian update targeting the minimisation of the TV-divergence can be produced by

using loss function

1

bty (x, f(0)) = 5 1 f(0)

gn(x)
in Equation (9). It is worth noting however that the loss function in Equation (13) is not monotonic in
the predicted probability of each observation. This is discussed further in Appendix A. In fact, when

(13)

informed decision making is the goal of the statistical analysis, closeness in terms of TV-divergence
ought to be the canonical criteria the DM demands. If dry (g, f) < € then for any utility function
bounded by 1, the expected utility under g of making the optimal decision believing the data was
distributed according to f is at most 2¢ worse than the expected utility gained from the optimal
decision under g (see [28] for example). Therefore, if the predictive distribution is close to the data
generating process in terms of TV-divergence then the consequences of the model misspecification
in terms of the expected utility of the decisions made is small. However, explicit expressions of the
TV-divergence even between known families, are rarely available. This somewhat hinders an algebraic
analysis of the divergence.

It is straightforward to see that 0 < dpy(g, f) < 1 and the KL-divergence form an upper
bound on the TV-divergence through Pinsker’s inequality. However, the KL-divergence does not
bound the TV-divergence below so there are situations where the TV-divergence is very small
but the KL-divergence is very large. In this scenario, a predictive distribution whose associated
optimal decisions achieve a close to optimal expected utility estimate (as the distribution is close
in TV-divergence) will receive very little posterior mass. This is clearly undesirable in a decision
making context.

Authors [16] identify some drawbacks of having a bounded score function. The score function
being upper bounded means that there is some limit to the score that can be incurred in the tails
of the posterior distribution. The score incurred for one value of 8, will here be very similar to the
score incurred by another value of 6 past a given size. Therefore, the tails of the posterior will be
equivalent to the tails of the prior. As a result, the DM is required to think more carefully about their
prior distribution. Not only are improper priors prohibited, but more data is required to move away
from a poorly specified prior. This can result in poor finite sample efficiency when the data generating
process is within the chosen model class.

3.2. Hellinger Divergence

Authors [29] observed that the Hellinger divergence can be used to bound the TV-divergence
both above and below:

(s, f) < drv(g, £) < \Jd (8, /2~ dy (s, F) < /2% (3, f). (14)
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where
850 =} [(fs@ - @ =1 [ e 05

As a result, the Hellinger-divergence and the TV-divergence are geometrically equivalent. Thus,
if one of them is small, the other is small and similarly if one of them is large the other also is.
So if one distribution is close to another in terms of TV-divergence, then the two distributions will
be close in terms of Hellinger-divergence as well. Authors [30] first noted that minimising the
Hellinger-divergence gave a robust alternative to minimising the KL-divergence, while [16] proposed
a Bayesian alternative (Equation (10)) that has been discussed at length above. While [16] motivated
their posterior through asymptotic approximations, identifying the geometric equivalence between the
Hellinger-divergence and TV-divergence proposes further justification for a robust Bayesian updating
of beliefs similar to that of [16]. Specifically, if being close in terms of TV-divergence is the ultimate
robust goal, then being close in Hellinger-divergence will guarantee closeness in TV-divergence.
Hellinger can therefore serve as a proxy for TV-divergence that retains some desirable properties of the
KL-divergence: it is possible to compute the Hellinger divergence between many known families [31]
and the score associated with the Hellinger divergence has a similar strictly convex shape, this is
discussed further in Appendix A. A posterior targeting the Hellinger-divergence does suffer from the
same drawbacks associated with having a bounded scoring function that are mentioned at the end of
the previous section. Lastly, along with TV-divergence, the Hellinger-divergence is also a metric.

3.3. ap-Divergences

A much wider class of divergences are provided by the two parameter a3-divergence family
proposed in [32]

o 1 -
a(o+ B) ap pla+p)

Reparametrising this such that « = (1 + A(1 —ag)) and B = (as — A(1 — ag)) gives the
S-divergence of [33].

The general Bayesian posterior targeting the parameter minimising the af-divergence of the
model from the data generating density is

pife ) = [ @) — —8*(2)fP(=) + &)z, ap= 0,0+ 40 (16)

114 e - 1 n— . 1 (14 .
T (0]x) o< 7P (6) eXP(i; apS" i) fP(xi0) — / mf P (2;0)dz) (17)

Letting ¢ represent the data generating density, and f(+; 6) some predictions of § parametrised
by 6, [32] provide intuition about how the parameters « and  impact the influence each observation x
has on the inference about 6. They consider influence to be how the observations impact the estimating
equation of 6, this is a frequentists setting but the intuition is equally valid in the Bayesian setting.

a > 1, down weights x with smaller ratios g(x)/ f(x; 8) with respect to larger ones.

a < 1, down weights x with the larger ratios g(x)/ f(x; 0) with respect to smaller ones.
(18)
B+« > 1, down weights x where f(x;0) is small.

B+ a < 1, down weights x where f(x;0) is large.

The size of g(x)/ f(x;0) for an observation x defines how outlying (large values) or inlying (small
values) the observation is. Choosing « < 1 ensures outliers relative to the model have little influence
on the inference, while adjusting the value of § such that g + & > 1 down-weights the influence of
unlikely observations from the model f(x;0).

The hyperparameters & and § control the trade-off between robustness and efficiency and
selecting these hyperparameters is part of the subjective judgement associated with selecting that
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divergence. This being the case we feel that to ask for values of a and B to be specified by a
DM is perhaps over ambitious, even given the interpretation ascribed to these parameters above.
However, using the a-divergence for inference can provide greater flexibility to the DM, which may
in some cases be useful. Here to simplify the subjective judgements made we focus on two important,
one parameter subfamilies within the af-divergence family—the alpha-divergence where =1 — «
and the beta-divergence where & = 1.

3.3.1. Alpha Divergence
The alpha-divergence, introduced by [34] and extensively studied by [35] is

1
d =——<1- “f(z)'d 1
&S = s {1 [ 8@ @] (19)
where « € R\{0,1}. There exists various reparametrisations of this: Amari notation uses a4 with
a = 172“*‘ ; or Cressie-Read notation [36] introduces A witha = A + 1.

We generally restrict attention to values of « € (0.5,1). « = 1 corresponds to a KL-divergence
limiting case while & = 0.5 is four times the Hellinger divergence. We think of these as two extremes of
efficiency and robustness within the alpha-divergence family with which a DM would want to conduct
inference between. The parameter « thus controls this trade-off.

The general Bayesian posterior targeting the minimisation of the alpha-divergence is

n

7 (0]x) o< 71%(0) eXp(m ;gn(xz')“’lf(xi;(?)l’“)- (20)

Note the power on g in Equation (20) is reduced by 1 from Equation (19) as we consider empirical
expectations in order to estimate the expected score associated with the alpha-divergence.

It was demonstrated in [37] (Corollary 1) that for « € (0,1) the alpha-divergence can be bounded
above by TV-divergence :

a(1—a)da(g, f) < drv(g, f)- (21)

Therefore, if the TV-divergence is small then the alpha-divergence will be small (provided
a # {0,1}). So a predictive distribution that is close to the data generating density in terms of
TV-divergence will receive high posterior mass under an update targeting the alpha-divergence. Once
again, the general Bayesian posterior requires a density estimate to compute the empirical estimate of
the score associated with the divergence and the same issues associated with having a bounded score
function that were discussed in Section 3.1 apply here.

Considering the alpha divergence as a subfamily of the af-divergence takes § = 1 —ua,
and therefore « + f = 1. Therefore, the influence of observations x are weighted based on their
ratio of g(x)/ f(x;0) only and not on the value of f(x;6) in isolation. @ = 1 corresponded to the
KL-divergence and in order to obtained greater robustness « is chosen such that « < 1 in order
to down-weight the influence larger ratios of g(x)/f(x;0), corresponding to outlying values of x,
have on the analysis. However, down-weighting some of these ratios relative to the KL-divergence
sacrifices efficiency. This demonstrates the efficiency and robustness trade-off associated with the
alpha-divergence.

3.3.2. Beta Divergence

The beta-divergence, also known as the density power-divergence [38], is a member of the
Bregman divergence family

D& f) = /¢{g(z)} —9{f(2)} - v {f(2)}(8(z) = f(2))dp(2). (22)
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Taking ¢ = tF*1, to be the Tsallis score returns the beta-divergence

#(3.f) = 517 [ 17 @i 5 [ @50+ g [P @0, )

B € R\{—1,0}. This results in the density power divergence given in Equation (6), parameterised by
B rather than « here. Both [38] and [39] noticed that inference can be made using the beta-divergence
without requiring a density estimate. This was used in [17] to produce a robust posterior distribution
that did not require an estimate of the data generating density, which has been extensively discussed
in previous sections.

Considering the density power divergence as part of the af-divergence family takes & = 1,
which results in treating all values of g(x)/f(x;6) equally in isolation, but taking p > 0 results in
« + B > 1 which means observations that have low predicted probability f(x;6) under the model are
down-weighted. Under the KL-divergence at f = 0, the influence of an observation x is inversely
related to its probability under the model, through the logarithmic score. Raising S above 0 will
decrease the influence of the smaller values of f(x;0), robustifying the inference to tail specification.
However, this results in a decrease in efficiency relative to methods minimising the KL-divergence [18].

3.3.3. The S-Hellinger Divergence

One further one-parameter special case of the a-divergence (S-divergence) is the S-Hellinger
divergence given by [33]

dsi(s. ) [ (5972 — fz)0+es)/2) gz, @4)

- 1+ag

This is generated from the S-divergence by taking A = —%. Taking ag = 0 recovers twice the
squared Hellinger divergence and a = 1 gives the L, squared divergence. Ref. [33] observe that
the S-Hellinger divergence is a proper distance metric. Translating these back into the notation of

aB-divergences gives .

tx:%(1+tx5), p=5(as+1). (25)

Therefore s € [0,1] gives & < 1 and « + > 1. As a result, the squared Hellinger divergence
down-weights the influence of large ratios of g(x)/f(x;60) with respect to smaller ones and also
down-weights these ratios when f(x;6) is small. In fact, there is a trade-off here: a; moving closer to 1
increase a 4+ § away from 1, thus increasing the amount that ratios of g(x)/ f(x; ) are down-weighted
for small f(x;0). However, as a; moves closer to 1, a also draws closer to 1, which reduced the
amount ratios of g(x)/ f(x; 8) are down weighted with respect to smaller ones. Once again we consider
trading these two off against each other to be too greater task for the DM to consider. We therefore do
not consider the S-Hellinger divergence again here and instead for brevity consider only the choice
between the one parameter alpha and density power divergences. In any case, bridging the gap
between the Hellinger and the KL-divergence, as the alpha-divergence does, appears to make more
sense in an inferential setting than bridging the gap between the Hellinger and L, squared divergence.

3.4. Comparison

The plots in Figure 1 demonstrate the influence one observation from a ¢(4) distribution has on
the minimum divergence posterior fitting A/ (1, %), where influence is measured using the method
of [40]. The KL-divergence has a strictly increasing influence function in the observations distance from
the mean, so tail observations have large influence over the posterior. As a result, the KL-divergence is
suitable if tails are important to the decision problem at hand, but increasing influence characterises
a lack of robustness when tails are not important. Alternatively, all of the robust divergence listed
above have concave influence functions. The influence of an observation increases as it moves away
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from the mean, mimicking the behaviour under the KL-divergence, initially, but then decreases as
the observations are then declared outliers. The plots for the alpha and power divergence show that
changing alpha allows a practitioner to control the level of robustness to tail observations, the values of
alpha have been chosen above such that the likelihood is raised to the same power for a given colour
across the alpha and power divergence. Influence under the power-divergence is down-weighted
according to predicted probabilities under the model. As a result in this high variance example,
the down-weighting is quite large. In contrast, the alpha divergence down-weights influence relative
to the density estimate allowing observations consistent with this to have much greater influence.
Therefore, a density estimate can be used to increase the efficiency of the learning method whilst still
maintaining robustness. However, there are clear computational advantages to the power-divergence
not requiring a density estimate.

KL, Hellinger and TV KL and alpha KL and power
o o o
S1 — kL S a=1(KLD) 1 — a=0(KLD)
—— Hellinger a=0.95 a=0.05
2 v 2 0=0.75 2] 0=0.25
0 ° 0° a=05 md — a=05
o [&] [&]
c O c O c O
O~ | O~ | O~
2o 2o 2o
£ £ £
8| S| 9 | )
o o = =
o o o ‘/\
Q4 (<! S
S0 1 2 3 a4 5 6 S0 1 2 3 4 5 6 S0 1 2 3 4 5 6
Y Y Y
(a) (b) (c)

Figure 1. The influence [40] of removing one of 1000 observations from a #(4) distribution when
fitting a (i1, 0?) under the different divergences. Subfigure (a) presents the KL-Divergence (red),
Hell-Divergence (blue) and the TV-Divergence (pink); (b) presents the alpha-Bayes (« = 1,0.95,0.75,0.5)
and (c) presents the power-Bayes (« = 0,0.05,0.25,0.5). These values of alpha mean the likelihood is
raised to the same power across the alpha and power loss functions. Demonstrates increasing influence
for observations in the tails under KL-divergence, while decreasing influence for outlying observations
under the robust divergences.

The Hellinger-divergence and the TV-divergence can be selected to provide a fixed level of
robustness that is well principled in a decision theoretic manner. Although the TV-divergence is
optimal from this point of view, these influence plots show the large reduction in efficiency incurred
for using the TV-divergence and this motivates considering the other robust divergence, especially
in small sample situations. Once again we stress that we consider the choice of divergence to be a
subjective and context specific judgement to be made by the DM similarly to their prior and model.

3.5. Density Estimation

As has been mentioned before, for the TV, Hellinger and a8 divergence, it is not possible to exactly
calculate the loss function associated with any value of 8 and x because the data generating density
g(x) will not be available. In this case, a density estimate of g(x) is required to produce an empirical
loss function. The Bayesian can consider the density estimate as providing additional information
to the likelihood from the data (see Section 2.3.1’s discussion on the likelihood principle), and can
thus consider their general Bayesian posterior inferences to be made conditional upon the density
estimate as well as the data. The general Bayesian update is a valid update for any loss function,
and therefore conditioning on the density estimate as well as the data still provides a valid posterior.
However, how well this empirical loss function approximates the exact loss function associated with
each divergence ought to be of interest. The exact loss function is of course the loss function the
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DM would prefer to use having made the subjective judgement to minimise that divergence. If the
density estimate is consistent to the data generating process, then provided the sample size is large the
density estimate will converge to the data generating density, and the empirical loss function will then
correctly approximate the loss function associated with that divergence. It is this fact that ensures the
consistency of the posterior estimates of the minimum Hellinger posterior [16].

Authors [16] use a fixed width kernel density estimate (FKDE) to estimate the underlying
data generating density and in our examples in Section 4 we adopt this practice using a Radial
Basis Function (RBF) kernel for simplicity and convenience. However, we note that [41] identifies
practical drawbacks of FKDEs, including their inability to correctly capture the tails of the data
generating process, whilst not over smoothing the centre, as well as the number of data points required
to fit these accurately in high dimensions. In addition to this, [42] observe that the variance of
the FKDE when using a density kernel in high dimensions led to asymptotic bias in the estimate

that is larger than O (n_l/ 2

). Alternatives include using a kernel with better mean-squared error
properties [43,44], variable width adaptive KDEs [45], which [46] show to be promising in high
dimensions, piecewise-constant (alternatively tree based) density estimation [47,48] which are also

promising in high dimensions, or a fully Bayesian Gaussian process as is recommended in [49].

4. Illustrations

In this section we aim to illustrate some of the qualitative features associated with conducting
inference, targeting the minimisation of the different divergences identified in Section 3. Throughout
these experiments stan [50] is used to produce fast and efficient samples from the general Bayesian
posteriors of interest. Code to reproduce all examples is available in the Supplementary Material.

4.1. M-Open Robustness

Simple Inference

The experiments below demonstrate the robustness of the general Bayesian update targeting
KL-divergence (red), Hellinger-divergence (blue), TV-divergence (pink), alpha-divergence (green) and
power-divergence (orange) (in future these may be referred to as KL-Bayes, Hell-Bayes, TV-Bayes,
alpha-Bayes and power-Bayes respectively). For illustrative purposes we have fixed « = 0.75
for the alpha-divergence and # = 0.5 for the power-divergence. Figure 2 plots the posterior
predictive originating from fitting a normal model f(-;8) = N'(u,0?) to two simulated data sets
and one “real” data set. For the first data set # = 1000 data points were simulated from a normal
e-contamination distribution

g =099 x N'(0,1) +0.01 x N'(5,5%), (26)

for the second n = 200 were simulated from a Student’s t-distribution with degrees of freedom 4 and
the real data set, tracks1, was taken as the first variable from the “Geographical Original of Music Data
Set” (downloaded from https:/ /archive.ics.uci.edu/ml/datasets /Geographical+Original+of+Music)
containing n = 1059 data points, where a KDE of the data appeared to be approximately normally
distributed. Prior distributions  ~ A/(0,10%) and ¢ ~ G(0.001,0.001) were used for all examples.

It is easy to see from the plots in Figure 2 that minimising the KL-divergence, requires that the
density of the outlying contamination centred at x = 5 to be captured correctly. This is at the expense
of capturing the density of the remaining 99% of the data, this is especially clear in the log-density plot.
The TV-Bayes, alpha-Bayes and power-Bayes appear to correctly capture the distribution for 99% of the
data. The boundedness of the TV-divergence and the alpha-divergence means that the contamination
is not allowed to unduly affect the analysis, while the power-divergence is able to down-weight the
influence of the contaminated points as they are ascribed low predicted probability under the model
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for 99% of the data. The Hell-Bayes appears to fit too small a variance even for 99% of the data. This is
due to the small sample efficiency problems which will be discussed in Appendix A.

contaminated normal t tracks1
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Figure 2. Top: Posterior predictive distributions (smoothed from a sample) arising from Bayesian
minimum divergence estimation fitting a normal distribution (4, ¢?) to an e-contaminated normal
0.99N(0,1) + 0.01N(5,5%) (left), a t-distribution t(4) (middle) and the tracks1 dataset (right) using
the KL-Bayes (red), Hell-Bayes (blue), TV-Bayes (pink), alpha-Bayes (green) and power-Bayes (orange).
Bottom: Log-density plots (smoothed from a sample) (left) and Normal QQ plots (middle) for the
e-contaminated normal dataset. Lower right plots the posterior predictive distributions (smoothed
from a sample) from alternative models using the KL-Bayes, Normal (red), t (blue), logNormal (green)
and gamma (orange).

The Student’s t-distribution has consistently heavier tails than the normal distribution. Thus, the
top right hand plot of Figure 2 more clearly demonstrates the importance placed on tail misspecification
by each method. The KL-divergence fits the largest variance to correctly capture these tails for the
most extreme tail observations, the alpha-divergence is able to fit a slightly smaller variance because
of its bounded nature. However, the variance of the alpha-Bayes predictive is still larger than the
other methods produce because of the greater convexity of the scoring function depicted in Figure
Al. Lastly Hell-Bayes, TV-Bayes and power-Bayes place the least weight on tail misspecification and
are therefore able to fit a smaller variance and produce a predictive more closely resembling the data
generating process for the majority of the data.

The importance given to tail misspecification is also evident in the “tracks” example. Here there
is an ordering from TV, power, Hellinger, alpha and KL divergence on both bias towards the right tail
and on the size of the predictive variance, in response to the slight positive skew of the KDE of the data.
Here it is clear to see that the power, TV, Hellinger and power divergence produce much better fits of
the majority of the data than the other methods do. Lastly, the bottom right plot demonstrates how
several possible alternative models to the Gaussian perform on the “tracksl” data set when updating
using the KL-divergence (the data set was transformed by adding min(tracks1) + 0.001 to every value
to ensure the data was strictly positive so the gamma and log-Normal distributions could be applied) .
This shows that a Gaussian distribution was actually the best fit for the bulk of the data, and the poor
fit achieved is down to the importance placed on tail misspecification by the estimating procedure
rather than the model selected.
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4.2. Regression under Heteroscedasticity

In addition to the simple inference examples above, we consider how changing the divergence can
affect inference in a regression example. From the previous examples we can see that when the tails of
the model are misspecified, the KL-divergence minimising predictive distribution inflates the variance
of the fitted model to ensure no observations are predicted with low probability. Further, placing large
weight on tail observations, which occur with low probability, creates large variance across repeat
sampling. This is exactly why parameter estimates in linear regression under heteroscedasticity errors
have a large variance.

Bayesian minimum divergence inference places less weight on tail observations: it is thus able to
produce inferences with a smaller predictive variance and a smaller variance across repeat sampling.
While repeat sampling and estimation variance are not problems in the Bayesian paradigm, these
results do show that traditional Bayesian inference can be somewhat imprecise when the tails are
misspecified, which is clearly undesirable when conditioning on observed data.

In order to demonstrate this we simulated n = 200 data points with N = 50 repeats from the
following heteroscedastic linear model

y~N (X,B,U(X1)2) , where (X)) = exp <2§1> : (27)

For the experiments we simulated X ~ N, (0, I) and each f; ~ Unif[—2, 2] were held constant
across experiments, see Figure 3:

X1

Figure 3. A data set simulated from the heteroscedastic linear model y ~ N (XB,0(X1)?),
with 0(X;) = exp (2X;1/3) and p = 1.

We then conducted general Bayesian updating using the five divergences mentioned above with
priors 02 ~ ZG(2,0.5) and B;|c? ~ N(0,5¢2). The mean squared errors (MSE) for the posterior means
of the parameters % Z}Ll Zle ( ﬁi - ﬁi)z, the MSE for the predictive means on a test set of size 100

. . - 2 .. .
simulated from the model without error % 7:1 Z}g{ (Yi — Yi) and the predictive mean variances

are presented in Tables 1 and 2 below. In order to apply the Hellinger, TV and alpha divergences
to a regression problem, an estimate of the conditional density of the response given the covariates
is required. We follow authors [16] and implement conditional KDEs to approximate the true data
generating density. For simplicity, the familiar two-stage bandwidth estimation process of [51] was
used to find the optimal bandwidth parameters.
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Table 1 demonstrates that the alternative divergences appear to be learning a smaller predictive
variance than the KL-Bayes does under heteroscedastic errors. Under divergences alternative to the
KL-divergence this is no longer an estimate of the variance of the responses in the data set, given the
covariates. This should rather be interpreted predictively as the variance of the predictive distribution
which is closest to the data generating distribution in terms of that alternative divergence. Therefore,
fitting a smaller variance demonstrates that the other divergences are placing more importance on
fitting the majority of the data rather than just the outliers.

Table 2 illustrates the impact fitting a large variance has on the parameter estimates of the mean
function. Placing less influence on outliers allows all of the alternative divergences to produce more
precise estimates of the parameters of the underlying linear relationship. This then leads to better
performance when predicting the test set. Clearly the errors for all of the methods will increase as p
increases as the same amount of data is used to estimate more parameters. However, it is clear that the
errors under the KL-divergence are rising more rapidly. By being less sensitive to the error distribution,
the alternative divergences are better able to capture the true underlying process.

Table 1. Table of posterior mean values for the variance of a fitted standard linear model to the
heteroscedastic linear model y ~ N (XB,0(X1)?), with o(X;) = exp (2X1/3), to be interpreted in
terms of the precision of the predictive distribution minimising the respective divergence criteria,
across N = 50 repeats from datasets of size n = 200 with the dimension of 8 p =1, 5,10, 15,20 under
the Bayesian minimum divergence technology. The KL-divergences fits a much higher predictive
variance in order to accommodate the misspecification in the variance of the model.

i KL Hell TV alpha Power
p=1 234 078 062 119 0.96
p=5 236 051 047 095 0.98
p=10 234 047 056 0.89 1.13
p=15 241 049 094 0.83 1.19
p=20 238 050 119 0.82 1.27

Table 2. Table of mean squared errors (MSE) for the posterior means of the parameters f of a standard
linear model fitted to the heteroscedastic linear model y ~ N (X, 0(X7)?), with o(X;) = exp (2X1/3)
along with MSE values for a test set simulated without error, across N = 50 repeats from datasets of size
n = 200 with the dimension of B p = 1,5, 10, 15,20 under the Bayesian minimum divergence technology.
The alternative divergences estimate the parameters of the underlying mean more accurately which
allows them to perform better predictively.

MSE KL Hell TV alpha Power
B Test B Test B Test B Test B Test

p=1 003 325 003 342 004 451 003 257 0.02 192
p=5 009 792 006 561 005 512 004 432 0.04 3.56
p=10 015 1470 0.09 9.63 0.10 1043 0.08 864 008 840
p=15 024 2293 014 1345 0.16 1547 012 1165 0.12 1138
p=20 029 2588 019 1771 018 1646 016 1479 0.16 14.89

4.3. Time Series Analysis

In order to further demonstrate how inflating the variance by targeting the KL-divergence
under misspecification can damage inference, we consider a less trivial time series example.
We simulate x, ..., xt from an auto-regressive process of order L (AR(L)), and then consider additive
independent generalised auto-regressive conditionally heteroscedastic of order (1,1) (GARCH(1,1))
errors, ey, . .., e; with
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L
xe =Y Hixi_i + € withe ~ N(0, o?) (28)
i=1
er = Preg with € ~ N(O, 1) (29)
Y7 = w+ oclef,1 + ,Blt,bf,l (30)
Yr =Xt t+ e (31)

where w >0, a; >0, /3]- > 0. GARCH processes are used to model non-stationary, chaotic time series
where the variance of the process depends on the magnitude and sign of the previous observations of
the process. Eliciting a GARCH process from a DM is a difficult task. It is far from obvious how this
GARCH process behaves as a function of its parameters and selecting a lag length for the AR process
as well as two lag lengths for the GARCH Process increases the complexity of the model selection
problem. Therefore, it seems conceivable that a DM could want to fit a simple AR process to noisy time
series data in order to investigate the underlying process. One situation where this may be desirable is
in financial time series applications where large amounts of data can arrive at a very high frequency.

In order to investigate how the minimum divergence methods perform in this scenario we
simulated three data sets with T = 1000, and fitted an AR(L) process to these, where L was chosen to
match the underlying AR process. The three data sets were given by

1. an AR(3) with u = (0.25,0.4,0.2,0.3)
2. an AR(1) with u = (0,0.9) with GARCH(1,1) errors w = 2,a7 = 0.99, 81 = 0.01.
3. an AR(1) with u = (0,0.9) with GARCH(1,1) errors w = 1,a; = 0.75, 81 = 0.01

The plots in Figure 4 demonstrate the one-step ahead posterior predictive performance of the
minimum divergence posteriors on a test set T = 100, simulated from the underlying AR process.
Under misspecification we show only the inference under the Hell-Bayes to avoid cluttering the
plots, the other minimum divergence posteriors perform similarly. We use the same priors as the
regression example and once again conditional density estimates were used for the Hellinger, TV and
alpha divergences.

The left hand plots demonstrate that when the model is correctly specified the minimum
divergence posteriors produce similar time series inference to the KL-divergence. This is most easily
seen in the lower plot which shows the difference in the squared prediction errors between the
KL-Bayes and the Hell-Bayes is mostly around 0 and Table 3 which demonstrates the root mean
squared error across the test set is the same under both methods. The middle plots demonstrate how
the KL-Bayes and the Hell-Bayes perform under “extreme” volatility in the error distribution. The tails
of the model being very poorly specified causes the KL-Bayes posterior to fit a huge variance with the
average posterior predictive variance across the test data set being slightly above 26. Fitting such a high
variance makes the inference on the lag parameters y insensitive to the data. As a result, the underlying
trend in the data is completely missed. In contrast, the Hell-Bayes posterior predictive distributions
have a much smaller variance of around 7. This allows the inference on the lag parameters to be much
more sensitive to the underlying AR process. Clearly the Hell-Bayes is unable to exactly fit the truth as
the model is misspecified. However, it does a much better job of capturing the broad features of the
underlying dependence between time points. This is clearly demonstrated by the considerably lower
root mean squared predictive error shown in Table 3 and by the error differences plot being mostly
large and positive. The right hand plots demonstrates how the KL-Bayes and Hell-Bayes perform when
the error distribution is less volatile. When the volatility is smaller, the KL-Bayes predictive variance is
also smaller. Therefore, the inference is more sensitive to the underlying trend in the data than in the
previous example. However, the true dependence in the data is still underestimated relative to the
Hell-Bayes, this is again demonstrated in Table 3 and the error difference plot. Once again this shows
that the way in which the KL-Bayes deals with misspecification, increasing the predictive variance,
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can mask some of the underlying trends in the data which can be discovered by other methods. Table 3
plots the root mean squared errors (RMSE) for the KL-Bayes and Hell-Bayes on the test set to quantify
their correspondence to reality.
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o
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Figure 4. Top: One step ahead posterior predictions arising from Bayesian minimum divergence
estimation fitting autoregressive (AR) models with the correctly chosen lags to an AR(3) with no
additional error (left), an AR(1) with GARCH(1,1) errors, & = 0.99, w = 2 (middle) and a AR(1) with
GARCH(1,1) errors, « = 0.75, w = 1 (right) using the KL-Bayes (red), Hell-Bayes (blue), TV-Bayes
(pink), alpha-Bayes (green) and power-Bayes (orange). Bottom: the difference in one step ahead
posterior squared prediction squared errors between the KL-Bayes and the Hell-Bayes. When the model
is correct all of the methods appear to perform similarly. Under misspecification the Hellinger-Bayes
does a much better job of correctly capturing the underlying dependence in the data.

Table 3. Root mean squared errors (RMSE) for the KL-Bayes and Hell-Bayes posterior mean predictions
when fitting an autoregressive (AR) model to an AR(3) with no additional error, an AR(1) with high
volatility GARCH(1,1) errors, and a AR(1) with lower volatility GARCH(1,1) errors, for 100 test data
points from the underlying AR model.

RMSE Correctly Specified High Volatility Low Volatility

KL 0.49 1.87 1.21
Hell 0.48 1.07 0.94

4.4. Application to High Dimensions

The examples is this paper only demonstrate the performance of these minimum divergence
techniques for relatively small dimensional problems, so as to clearly demonstrate the effect that tail
misspecifications can have. However, it is as the dimension and complexity of the problem increases
that these methods become more and more important; this can be explained by two aspects. The first
of these is that outliers or highly influential contaminant data-points become hard to identify in high
dimensions. In our examples, it is clear from looking at the KDE or histogram of the data that there
are going to be outlying observations, but in many dimensions visualising the data in this way is not
possible. In addition to this, automatic methods for outlier detection struggle in high dimensions [52].

The second factor in requiring robust inference in high dimensions is that not only are outliers
harder to identify, they are more likely to occur. The occurrence of outliers could be reinterpreted
as indicating that the DM’s belief model is misspecified in the tails. These misspecifications should
be unsurprising. We have already discussed that specifying beliefs about tail behaviour requires
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thinking about very small probabilities which is known to be difficult [19,20], and often routine
assumptions (for example Gaussianity) may be applied. As the dimensions of the space increase, the
tails of the distribution account for a greater proportion of the overall density, increasing the chance
of seeing observations that differ from the practitioners’ beliefs. However, unfortunately there is no
free lunch when it comes to applying any of these methods to complex, high dimensions problems.
Minimising the Hellinger-divergence, TV-divergence and alpha-divergence requires an estimate of
the data generating density. Section 3.5 includes references to demonstrate that it is possible to do
this in high dimensions, but these are not necessarily straightforward to implement. However, once
this has been estimated then « can just be selected based on how important tail misspecifications are,
with a guarantee on some reasonable efficiency. Although minimising the density power divergence
has the computational advantage of not requiring an estimate of the data generating density, there
is no longer any guarantee on reasonable efficiency in high dimensions. As the dimension increases,
the predicted probability of each (multivariate) observation shrinks towards 0. The density power
divergence down-weights the influence of observations with small predicted probabilities, and as
a result « needs to be selected very carefully in order to prevent the analysis from disregarding the
majority of the data. The technology for doing this effectively is still in its infancy. This is a price that
is paid in order to not require a data generating density estimate. Lastly, minimising an alternative
divergence to the KL-divergence results in conjugate posterior distributions no longer being available.
The solution to this problem adopted in this paper is to use Monte-Carlo methods to sample from the
minimum divergence posteriors, but we note here that as the dimension increases these also become
computationally expensive.

5. Discussion

This article uses general Bayesian updating [3] in order to theoretically justify a Bayesian update
that targets the parameters of a model that minimises a statistical divergence to the data generating
process that is not the KL-divergence. When the M-open world is considered, moving away from
targeting the minimisation of the KL-divergence can provide an important tool in order to robustify a
statistical analysis. The desire for robustness ought to only increase as increasingly bigger models are
built to approximate more complex real world processes. This paper provides the statistical practitioner
with the principled justification to select the divergence they use for their analysis in a subjective
manner, allowing them the potential to make more useful predictions from their best approximate
belief model.

As it stands, however, more work is required to advise on the selection of the divergence used for
the updating. Ways to more clearly articulate the impact of choosing a certain divergence to a DM
needs further research along with ways to help guide the choice of any hyperparameters associated
with the divergence. Further experimentation with complex real world data sets is also required to
analyse how this robustness-efficiency trade-off associated with the selected divergence manifests
itself in practice.

Another issue not addressed in this paper is how to tailor computational algorithms to the
inferences we describe here. There exists a vast literature on optimising MCMC algorithms to sample
from traditional Bayesian posteriors and in order to fully take advantage of the subjectivity this paper
allows a statistician, a whole new class of computational algorithms tailored to different divergences
may be required. In addition, several of the divergences mentioned in this paper require a density
estimate of the underlying process and further research into effectively doing this for complex high
dimensional datasets can only improve the performances of these methods for real world problems.

Supplementary Materials: An Rmarkdown document outlining the code for all of the experiments in Section 4 is
available at http:/ /www.mdpi.com/1099-4300/20/6/442/s1.
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Appendix A. M-Closed Efficiency

The examples in Section 4, demonstrate how minimising an alternative divergence to the
KL-divergence can lead to superior robustness to tail misspecifications. We next illustrate that by
placing less importance on tail misspecifications in order to gain improved robustness, the DM must
trade-off a decrease in efficiency in the case when the model class does in fact contain the data
generating process. Minimising the KL-divergence uses Bayes rule and thus conditions on the data
coming from the model. As a result, minimising the KL-divergence is bound to perform the best when
the model class contains the data generating distribution. Here we illustrate this but also demonstrate
the reassuring fact that the MDE methods perform comparatively even in this situation.

In order to examine the frequentist efficiency, the observed mean squared error (MSE)
% ZJI\L1(9{1 —0)?, over N repeats of a simulated experiment are examined. The MSE’s are examined
on two examples X; ~ N(0,10?) and X, ~ N (15,10%) when fitting the model X; ~ N (;, 0?) with prior
pi ~ N(0,5%) and 0; ~ G(0.01,0.01) for i = 1,2. The prior for y; is centred on the data while the prior for
o is not. Table A1 plots the observed MSEs over N = 50 replications (the stan output from a number of
these experiments associated with the TV divergence suggested that the sample from the posterior was
not sufficient to use for posterior inference, for the purpose of this preliminary analysis these experiments
were disregarded here, but this suggests there exists computational issues associated with the TV-Bayes).

Table A1. Table of posterior mean MSE values when estimating N (y1;, o) from data sets simulated
from the model of size n = 50,100,200, 500 under the Bayesian minimum divergence technology.

MSE KL Hell TV alpha Power
]l1:0 ]12:15 ]41:0 112:15 ]41:0 112:15 }11:0 ]12:15 ]/11:0 ]42:15
u n=>50 1.89 443 1.50 16.88 2.68 6.77 2.03 4.29 0.76 93.80
n =100 0.64 1.29 0.57 5.19 1.20 1.83 0.67 1.25 0.44 33.80
n =200 0.35 0.47 0.32 1.50 0.48 0.50 0.35 0.47 0.31 7.83
n =500 0.15 0.16 0.14 0.33 0.28 0.31 0.15 0.16 0.20 1.42
o n=50 1.11 1.17 1.51 1.28 347 6.09 1.13 1.13 8.23 67.94
n =100 0.60 0.61 0.98 0.87 1.30 1.61 0.65 0.64 1.99 10.64
n =200 0.23 0.23 0.57 0.52 0.42 0.44 0.30 0.29 0.46 1.09

n =500 0.10 0.10 0.26 0.26 0.29 0.27 0.12 0.13 0.18 0.21

Table A1 demonstrates several interesting points about these different methods. Firstly it appears
as though the KL-Bayes, Hell-Bayes and alpha-Bayes perform very similarly when n = 500, while the
power-Bayes and TV-Bayes performs marginally worse. As we should expect, for n < 500 the KL-Bayes
appears to be optimal for both priors with the a-Bayes appearing to perform the next best. Table A1l
also shows the differing impacts the prior has on the different Bayesian updates. The KL-Bayes is least
affected by the prior with the a-Bayes and the TV-Bayes the next least. Authors [16] recognised that the
boundedness of the Hell-Bayes score function compared with the KL-Bayes score function, may cause
problems such as this. The a-Bayes score function is larger than the Hell-Bayes score function, so our
findings would be consistent with this. The power-Bayes score function with & = 0.5 is smaller than
the Hell-Bayes score function when g < 0.25. This explains why the power-Bayes is impacted more
by the prior, and provides a likely explanation of why the power-Bayes appears to perform so well
when the prior is specified around the data. For small values of g, which occur when the variance of g
is 100, the absolute size of the TV-Bayes score function is generally larger than the Hell-Bayes score,
again explaining why the TV-Bayes performs better than the Hell-Bayes under a poorly specified prior.
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Examining whether the estimates of o were generally above or below the data generating
parameter demonstrates how these different methods learn, see Table A2. For all sample sizes, the
KL-Bayes appears to over or underestimate the true variance in equal proportions over the 50 repeats,
while the Hell-Bayes and alpha-Bayes, to a lesser extent, generally under predict the true variance.

Table A2. Table of sums of posterior mean over (positive) or under (negative) estimation N/ ( y,-,al-z)
from data sets simulated from the model of size n = 50,100,200, 500 under the Bayesian minimum
divergence technology.

MSE KL Hell TV alpha Power
=0 pup=15 =0 =15 =0 =15 =0 =15 =0 puy=15

u  n=>50 —-12 —-32 —-10 —50 -5 —-37 —-12 -32 -8 -50

n =100 —16 —40 —14 —50 -5 —-22 —18 —40 -12 —-50

n =200 -2 —24 -8 —46 1 —10 -2 —26 -2 —50

n =500 —6 —16 —6 —42 1 3 —10 —18 -8 —48
o n=50 4 6 —26 —-10 25 27 -8 -6 46 50

n =100 0 0 —36 -32 19 12 —14 —14 38 48

n =200 -2 -2 —40 —40 23 22 —24 —24 28 40

n =500 -2 -2 —36 —40 27 21 —28 —28 14 20

Figure A1l compares the scoring functions used in the general Bayesian update targeting the
KL, Hellinger and alpha divergences. As a increases, the upper bound on the score associated with
the alpha-divergence increases and the scoring functions become more convex, tending towards the
logarithmic score when & = 1. In contrast, the score associated with the Hellinger-divergence is closer
to being linear. We believe that this is responsible for causing the smaller variance estimates when
minimising the Hellinger-divergence and alpha-divergence when a = 0.75. The closer the score is
to being linear, the more similar the penalty is for over and under predicting the probability of an
observation when compared with reality. The bounded nature of the scores prevents the penalty for
under predicting being too high, and therefore more posterior predictive mass is placed near the
MAP of the posterior predictive distribution. In contrast, a score function with greater convexity will
penalise under prediction compared with the data generating density to a greater extent spreading
the posterior mass out further. However, one must keep in mind that it is the severe nature of the
penalty for under prediction incurred by the KL-divergence that renders it non-robust. On the other
hand, the TV-Bayes and the power-Bayes generally over predict the variance. For the power-Bayes,
this appears to be because the second term of the power divergence score is

1 .p\a+1 _ 1
1+IX /f(yle) d.]/ - (1+o¢)1+d/2(27'c)d"‘/2\2|"‘/2

(A1)

for a multivariate Gaussian model, and this is decreased when the variances are made large. As was
established in Section 3.3, the power-Bayes with & = 0.5 decreases the influence observations with
small likelihood under the model have on the inference. In the example above, the data has a variance
of 02 = 100 and therefore the likelihood of each observation is very small. As a result, the data is then
excessively down-weighted by the power-Bayes when & = 0.5. When the sample size is small, a small
increase in the variance may only decrease the observed likelihood term of the power-divergence score
by a fraction and may increase the term in Equation (A1) by more, resulting in a variance estimate that
is too large. The score function for the TV-Bayes is the only score function considered here that is not
monotonic in the predicted probability of each observation. While under the other scores, the score for
each individual observation can be increased by predicting that observation with greater probability,
this is not the case for the TV-Bayes. We believe this causes the TV-Bayes to produce variance estimates
that are too large. We note that all of the scores remain proper for large samples and that these are
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just observations about how the different methods perform for small samples sizes when the model

is correct.
9=0.25 g=0.5 9=0.75
S o o \ o —_—
o KL o e o o
— Hell
£ alpha=0.6 g g g
RS alpha=0.75| & 71 AR EAS
o alpha=0.85 1
o o o
ol = =R =h
00 02 04 06 08 10 "o00 02 04 06 08 10 "o 02 04 06 08 10 "00 02 04 06 o08 10

Figure A1l. A comparison of the magnitude of the scores associated with KL-divergence (red).
The Hellinger-divergence (blue, « = 0.5 then divide by 4) and the alpha-divergence (green, « = 0.6
=solid, « = 0.75 = dashed, « = 0.85 = dotted) the when quoting probability x for event with
probability g. As « increases, the shape of the alpha divergence score function tends towards that of
the KL-divergence.
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