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In generative modeling tasks, it is well-known that usual Bayesian inference is not optimal for
generalizing to new data if the model family is incorrect, that is, if the data does not come from
any of the models within the model family. Arguably the best solution is to improve the model
family by incorporating more prior knowledge. This is not always possible or feasible, however,
and simplified models are being generally used, often with good results. There are good reasons
for still applying Bayesian-style techniques [4] but the general problem of how to best do inference
with incorrect model families is still open.

In discriminative modeling, here meaning inference on the distribution p(y|z), the question of using
discriminative vs. generative models has attracted a lot of interest. In essence, the question has
been whether to model p(y|z) directly or to build a generative model for the joint distribution
p(y, z) and compute the conditional distribution from that. It is easy to show that, for instance,
the point estimates computed by mazimizing the joint likelihood and the conditional likelihood
differ. Maximum conditional likelihood works better asymptotically, and it can be optimized
with expectation-maximization-type procedures [5]. Some other related point estimates have been
proposed but while point estimates have been studied thoroughly, fewer results exist on extensions
from point estimates to posterior distributions. The standard posterior distribution is optimal for
discriminative modeling if the model family is correct, but is there an extension that would be
analogous to standard Bayesian inference while working better for incorrect model families?

We are aware of only one suggestion, the so-called discriminative posterior [3], which has empirical
support as well [1]. The posterior has however, as far as we know, only been justified more or
less heuristically. We give an axiomatic justification, introduce Markov Chain Monte Carlo-type
methods for computing with the posterior, and demonstrate empirically that it works as expected.
The inference reduces to standard Bayesian inference if there are no covariates.

There exists another well-established line of research on using Bayesian methods for discriminative
learning, namely Bayesian regression, where the x are considered to be co-variates of the model
for y. From the generative modeling perspective such regression ignores any information about
y supplied by z. This is justified if (i) the covariates are explicitly chosen when designing the
experimental setting and hence are not noisy, or (ii) there is a separate set of parameters for
generating « and y|z, and the sets are assumed to be independent in their prior distribution. Then
the posterior factors out into two parts, and the parameters used for generating x are not needed
or useful in the regression task. See [2] for more details.

For the purpose of regression, the discriminative posterior makes it possible to use more general
model structures: in essence any generative model. The gained advantage, compared to using
the standard non-discriminative posterior, should be that the predictions should be more accurate
assuming the model family is incorrect. Compared to Bayesian regression the predictions should
be better if the introduced generative model for z is informative.
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