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Developing learning theory 
for uncertainty using Information theory

A b s t r a c t
Probabilistic inference in machine learning is used not only to 

achieve good predictive accuracy, but also plays a central role in 
quantifying predictive uncertainty and in extracting and generating 
knowledge through latent variable models. However, the theory 
for these roles remains limited. This project develops a learning 
theory for probabilistic algorithms grounded in information theory 
and PAC-Bayesian analysis. We study uncertainty manifested as 
predictive dispersion, confidence or credible intervals, class pos-
terior probabilities, and latent representations produced by encod-
er-based models. By analyzing these quantities directly, rather than 
only prediction error, we obtain principled guarantees on both the 
quality of uncertainty quantification in prediction and the behavior 
of latent variables in deep generative models.

 ▍ Background & Results

Probabilistic inference were originally developed within a Bayes-
ian framework and have long played a central role in statistics. 
Combined with deep learning, they now support knowledge ex-
traction through latent variables, uncertainty aware prediction, and 
decision making under complex environments. Modern probabil-
istic inference, however, is not limited to exact Bayesian updates. 
Approximate schemes such as variational Bayes and generalized 
Bayesian procedures with task specific update rules are widely 
used in practice. 

Existing theory mainly assumes independent and identically 
distributed data and focuses on prediction error, offering limited 
insight into latent variable models or refined uncertainty quantifica-
tion. Consequently, many methods still rely on heuristics, which can 
undermine robustness and trustworthiness in high-stakes settings.

This project provides a theoretical formalization and guarantees 
for uncertainty measures and encoder based latent variables that 
had previously been treated mostly empirically. By clarifying links 
between information theoretic quantities and classical statistical 
learning theory, we build a framework in which generalization 
performance and uncertainty are discussed jointly via information 
measures and loss smoothness within a uniform convergence 
perspective. Our analysis further shows that deep latent variable 
models such as Variational Autoencoders can be handled naturally 
in this framework by treating latent variables themselves as theoret-
ical objects, extending the scope of learning theory for generative 
models.

 ▍ Significance of the research and Future perspective

This research addresses a core requirement for reliable machine 
learning: principled quantification and theoretical understanding 
of uncertainty in model predictions and latent representations. By 
integrating information theory with PAC Bayesian methods, the pro-
ject forms the basis of a learning theory centered on uncertainty, 
beyond accuracy focused analyses. We plan to extend this frame-
work to non i.i.d. and interactive settings and to derive practical 
design guidelines for high reliability AI systems that must operate 
safely under uncertainty.
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Fig.2: Relationship between statistical learning theory and information theory

Fig.1: Latent variable models with encoders (e.g., variational autoencoders)
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