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1Dropout as a Bayesian Approximation: Representing Model Uncertainty in Deep Learning, JMLR, 2016
https://www.themoonlight.io/tw/review/testing-spintronics-implemented-monte-carlo-dropout-based-bayesian-neural-networks

Based on new Bayesian Deep Learning book!



Term 2 Schedule (So far)

2

+ potentially an active 
learning talk

+ potentially a last layer 
inference talk



Why are we even here?

https://www.ibm.com/think/topics/ai-vs-machine-learning-vs-deep-learning-vs-neural-networks 3

• Deep Learning works extremely well. 
What is it missing?

• Most neural networks give a point 
prediction.

• They are often extremely confident, 
even when they are wrong.

• They do not naturally tell us when they 
should not be trusted.

This is not a minor issue; it becomes 
critical whenever predictions are used 
to make important decisions (e.g. 
medical cases).



When is a point prediction not enough?

www.linkedin.com/pulse/uncertainty-life-beautiful-vivek-khurana 4

• Medical diagnosis.
• Autonomous driving.
• LLMs (hallucinations).
• Spatio temporal forecasting (uncertainty 

propagates over time).

In all of these cases (and many more), we don’t 
just want a prediction. We want to know how 
certain that prediction is.



Bayesian Deep Learning (BDL)

https://medium.com/@pinakdatta/bayesian-deep-learning-understanding-probabilistic-models-uncertainty-3f0602ee4189

https://www.nature.com/articles/s41467-022-34305-6 5

• “Bayesian deep learning integrates deep 
neural networks with Bayesian inference. 
Unlike traditional deep learning, which 
produces deterministic predictions, Bayesian 
deep learning treats model parameters as 
random variables with associated probability 
distributions. This allows the model to 
capture and quantify uncertainty inherent in 
data, leading to more robust and reliable 
predictions.”



Type of Uncertainty

A Structured Review of Literature on Uncertainty in Machine Learning & Deep Learning (https://arxiv.org/pdf/2406.00332)

https://medium.com/%40pinakdatta/bayesian-deep-learning-understanding-probabilistic-models-uncertainty-3f0602ee4189 6

• Epistemic Uncertainty:
▪ Due to limited data.
▪ Reducible with more data.

• Aleatoric Uncertainty:
▪ Inherent noise in the data.
▪ Irreducible.
▪ Measured by e.g. output of neural network 

are parameters of a Gaussian.

Bayesian deep learning is primarily concerned 
with epistemic uncertainty. This is exactly the 
uncertainty that classical deep learning ignores.



Neural Network Parameters

pub.aimind.so/mastering-probability-exploring-joint-marginal-conditional-probability-and-bayes-theorem-b4780b20fd4b?gi=fc45868cf067 7

We have some data 𝒟 = {𝑋, 𝑌}. We want 
to find the posterior distribution of our 
neural network parameters 𝜃.

𝑝 𝜃 𝒟 =
𝑝 𝑌 𝜃, 𝑋 𝑝(𝜃)

𝑝(𝒟)

Our ultimate goal is estimating the 
posterior predictive distribution for a new 
input 𝑥∗.

p(𝑦∗ 𝑥∗, 𝒟                          



Estimating the Posterior

BDL Book 8

Standard deep learning only finds a MAP 
of the posterior. To better estimate the 
posterior, we can use:

1. Sampling-based approximations (SG-

MCMC).

2. Laplace approximations.

3. Variational Inference.

4. Ensemble methods.

Due to the scale of the models, no 
method gives exact samples. 

• MCMC is exact only asymptotically 
(computationally infeasible for deep 
learning).

• SG-MCMC is an approximation of 
MCMC.

• Laplace approximations, VI are 
considered approximate Bayesian 
inference.

• Ensemble methods are “non-
Bayesian”, but in practice they provide 
better approximations than traditional 
approximate Bayesian methods.



SG-MCMC

BDL Book, Chapter 2

Stochastic gradient Markov chain Monte Carlo (https://arxiv.org/pdf/1907.06986) 9

• We usually can’t use simple sampling 
techniques (like rejection sampling, 
MCMC) due to the high dimensionality 
of the parameters and the size of the 
dataset.

• We can use Stochastic Gradient 
MCMC (SG-MCMC), a class of 
methods that uses stochastic 
gradients to make MCMC suitable for 
deep learning models.

• Compared to mini-batch GD, an 
additional noise term is introduced.                        



Laplace Approximations

BDL Book, Chapter 7 10

Using sampling methods has huge memory 
requirements.

• Estimate the posterior by a Gaussian 
distribution.

𝑝 𝜃 𝒟 ≈ 𝒩(𝜃∗, Ψ−1(𝜃∗))

• If we have a trained deep learning model, we 
can just use its parameters as 𝜃∗.

• We can compute the Hessian using autodiff 
for small models.

• For large models, we need to approximate it 
with e.g. a diagonal matrix (next week).

• The memory and compute costs, and quality 
of the approximation of the Hessian are 
controlled by the user.

• We can do the Laplace approximation 
post hoc (if we have access to the training 
data)!

• Simple way to fix some nontrivial 
pathologies of standard deep learning.



Variational Inference

BDL Book, Chapter 12

https://lilianweng.github.io/posts/2018-08-12-vae/ 11

• VI reframes the Bayesian inference as an 
optimization problem.

• We introduce a variational family of 
distributions (user defined hyperparameter, 
simplest and most common case is a 
normal distribution) 𝑞 𝜃; 𝜆  and find the 
“best” choice of the parameters 𝜆.

𝜆∗ = argmin𝜆 𝐷(𝑞(𝜃; 𝜆)||𝑝(𝜃|𝒟))

𝐷 is a divergence (similar to a distance but is 
not symmetric). An example is the KL-
Divergence.
A simple choice of 𝑞 is:

𝑞 𝜃; 𝜆 = ෑ 𝒩(𝜃𝑖|𝜇𝑖 , 𝜎𝑖
2) VAEs (not BDL). They are trained with VI.



Deep Ensembles

BDL Book, Chapter 19 12

• Retrain a neural network with different 
random initializations and ensemble the 
results.

• Typically works better than standard 
approximate Bayesian methods.

• If we use K ensembles, then we have an 
additional K-fold training and testing cost.

• What if instead we use the K-fold increase in 
computation to train a larger neural 
network? 
➢ It seems that often, the larger neural 

network will yield better accuracy.



Last Layer Inference

BDL Book, Chapter 39 13

• Having a posterior distribution over each parameter is 
very expensive, especially for large networks.

• Instead treat all parameters as being deterministic, 
except the ones in the last layer.

• This can be interpreted as performing Bayesian linear 
regression with covariates the output of a neural network 
(all but the last layer).

• So much cheaper during inference!!! We only pass 
through the model once (except the last layer) and 
perform multiple passes only through the last layer!



MC Dropout

Dropout as a Bayesian Approximation: Representing Model Uncertainty in Deep Learning, JMLR, 2016 14

• Train a model with dropout (or use a 
pretrained one).

• Perform multiple passes during 
inference with dropout.



Gaussian Processes

BDL Book, Chapter 23 15

• GPs are not deep learning (yet).

• GPs extend the notion of a Normal 
distribution to functions (infinite dimension).

• In practice, we often set 𝑚(𝑥) = 0.

• The kernel is a measure of similarity, e.g. 
RBF kernel.

“The user’s choice of kernel amounts to 
specifying a prior over function behaviour and 
determining what kinds of variation are 
expected in unseen regions of the input space.”

Prior



Gaussian Processes for Regression

BDL Book, Chapter 23 16

• 𝜇∗ is just a linear combination of the observed targets.



GPs and Deep Learning

BDL Book, Chapter 23

Neural Tangent Kernel: Convergence and Generalization in Neural Networks 17

• Standard GPs use fixed, pre-defined kernels which 
operate directly on raw input features. This has the 
following downsides.
▪ Uninformative raw features: For data like images, text 

or graphs, standard kernels fail to capture the 
dependencies that underlie the data.

▪ High-dimensional inputs: In high-dimensions 
pairwise distances tend to concentrate, making 
common kernels nearly constant.

▪ Limited adaptability: Once we choose a kernel (and 
learn its parameters) its inductive bias becomes 
static. “This lack of flexibility restricts their 
expressiveness in modern representation learning 
settings, where adaptive, data-driven feature 
extraction is essential.”

• Deep Gaussians Processes (small 
number of parameters compared to 
neural networks): Hierarchical 
composition of GPs. The output of one 
GP feeds into another.

• Deep Kernel Learning: Use a neural 
network to learn the kernel.

Note: When a network’s width tends to 
infinity, its outputs converge to a GP whose 
kernel is determined by the network 
architecture (see Neural Tangent Kernel, 
NIPS 2018, paper with ~5k citations).



Priors for BDL

BDL Book, Chapter 28 18

• In traditional statistics, a prior allows us to represent our 
initial beliefs before observing any data. It allows us to 
integrate expert knowledge in our models.

• In deep learning, they usually serve a different purpose. 
Due to the complexity of the models, it is hard to have any 
“expert knowledge” on the distribution of the parameters.

• Priors are often selected for practical purposes such as to 
prevent overfitting.



Informative Priors

BDL Book, Chapter 28 19

• Rare due to model complexity.
• Sometimes applied to specific parameters.

▪ Bias term of the output layer.
▪ Spike-and-slab priors for the weights associated with 

covariates in the input layer.

▪ Example: If we are predicting heart disease risk, we 
might assign a high inclusion probability to the 
weight associated with physical activity and a low 
one with the weight associated with eye color.



Uninformative Priors?

BDL Book, Chapter 28 20

• Uninformative priors aim to minimize subjective 
influence. I common choice in classical statistics is a 
uniform over an interval [𝑎, 𝑏].

• Marginally uniform priors do not always imply an 
uninformative joint prior especially in high-
dimensional BDL models.

• Reference priors (such as Jeffrey’s priors) are 
designed to maximize the difference between prior 
and posterior.

• Due to their computational complexity, we can’t use 
them in BDL models!

• In practice, uninformative priors are rarely used in 
BDL!



Regularization Priors

BDL Book, Chapter 28 21

• They constrain model complexity to prevent 
overfitting.

• The zero-centered isotropic Gaussian prior 
corresponds to ℓ2 regularization in MAP estimation.

• The Laplace prior corresponds to ℓ1 regularization in 
MAP estimation (encourage parameters to be zero or 
near-zero).



Priors

BDL Book, Chapter 28 22

• Prior predictive behavior depends on the 
architecture of the model, particularly the 
activation functions.

• It is advised to conduct prior predictive checks 
on simplified versions of the model, to avoid 
prior misspecification.

• Figure shows the prior predictive distribution for 
Gaussian priors.



Bayesian LLMs

BDL Book, Chapter 43

https://www.linkedin.com/pulse/unlocking-enterprise-potential-large-language-models-llms-matt-moalem-fyvzc/ 23

• LLMs are amazing but have some noticeable limitations.
• The most common of them is known as “hallucinations”, i.e. 

confidently generating incorrect outputs.
• If we had Bayesian LLMs, we would be able to quantify 

uncertainty. Prediction with model averaging should be more 
reliable (biases of single models are averaged out).

• Standard Bayesian methods do not work! 
▪ For training MCMC struggles with slow mixing, VI has high 

gradient variance due to the dimensionality of the posterior.
▪ For inference BMA is very slow.
▪ The motivation for being Bayesian is unclear; we have huge 

training datasets, so the epistemic uncertainty should be 
low, newer LLMs can defer to external search engines.

• Early works of Bayesian LLMs focused on fine-tuning, where the 
datasets are small.



Making LoRA Bayesian

LoRA: Low-Rank Adaptation of Large Language Models, ICLR 2022

LoRA ensembles for large language model fine-tuning

Bayesian Low-rank Adaptation for Large Language Models, ICLR 2024

https://towardsdatascience.com/understanding-lora-low-rank-adaptation-for-finetuning-large-models-936bce1a07c6/ 24

• LoRA: Freeze base model weights but add a low rank matrix (which 
we train).

• 𝑊′ = 𝑊 +  Δ𝑊 = 𝑊 + 𝐴𝐵,  𝐴 ∈ ℝ𝑑×𝑟 , 𝐵 ∈ ℝ𝑟×𝑘 , 𝑟 ≪ min(𝑑, 𝑘)

• LoRA ensemble: Learn multiple Δ𝑊  and ensemble the result 
(either by multiple forward passes or by setting Δ𝑊 = σ𝑖=1

𝑁 𝜆𝑖Δ𝑊𝑖.
• Bayesian LoRA: Treat LoRA parameters as random variables and 

learn a posterior distribution over them.



Improved Variational Online Newton

Variational Learning is Effective for Large Deep Networks, ICML 2024

25

• Uses VI – places a Normal variational approximation over 
each parameter (so we have to learn double the 
parameters).

• The computational costs (for training) are nearly identical to 
Adam, but its predictive uncertainty is better.

• We want to minimize the following objective:

• Natural gradients perform gradient descent using the 
geometry of probability distributions, measuring distances 
with KL divergence rather than Euclidean distance. They are 
computed by preconditioning the ordinary gradient with 
the inverse Fisher information matrix.

∇nat= 𝐹−1∇



Improved Variational Online Newton

Variational Learning is Effective for Large Deep Networks, ICML 2024

26

• IVON estimates curvature using a 
reparameterization-based Gauss–
Newton approximation, which 
enables efficient natural-gradient 
updates!

• IVON@mean uses the mean of the 
weights.

• IVON uses a model average with 64 
samples drawn from the 
approximation of the posterior.

• Still, lots of disadvantages:
▪ Posterior inference requires 

multiple forward passes.
▪ More hyperparameters to tune.



BDL in Practice

Variational Learning is Effective for Large Deep Networks, ICML 2024

27

• In practice when would you use something like IVON?

• Medical image diagnosis (image classification).

• For each parameter we sample perform a forward pass.

• Build a credible interval to account for uncertainty!

DO NOT USE BDL IF YOU DO NOT CARE ABOUT UNCERTAINTY.



Active Learning

BDL Book, Chapter 53

https://thedecisionlab.com/reference-guide/computer-science/active-learning 28

• Which data do we want to acquire?
• Key Idea: Labeled data are expensive to obtain. How do 

we choose which data points we want labeled?

• Toy active learning example:
▪ Train a small model on a labeled dataset.
▪ Pass a large pool of unlabeled data through the 

trained model.
▪ Choose the most informative unlabeled data and 

label them (e.g., output probabilities close to 0.5).
▪ Retrain model.



Thank you for 
listening!
Questions?

29Stable Diffusion 3 (uses Flow model)
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