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The Goal of My Research

“To understand the fundamental principles of 
learning from data and use them to develop 
algorithms that can learn like living beings.”
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Human learning        Deep learning
Humans can learn from 

limited, sequential, 
correlated data, with a 
clear understanding of 

the world.
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Machines require large 
amount of IID data, and 
don’t really understand 
the world and cannot 

reason about it.

My current research focuses on reducing this gap!



Learning-Algorithms from Bayesian 
Principles

• Practical Bayesian principles 
– To design/improve/generalize learning-algorithms.
– Distribution over unknowns.

• Generalization of many existing algorithms,
– Classical (least-squares, HMM, Kalman.. etc).
– Deep Learning (SGD, RMSprop, Adam).

• Helps us design new algorithms
– Reinforcement, online, continual learning, reasoning..

• Impact: Everything with one common principle.
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Learning Goals

• Keywords
– Statistics (Gaussian distribution, Bayes’ rule)
– Optimization (Gradient descent, Least-squares)
– Deep Learning (Stochastic gradient descent, RMSprop)

• What will you learn
– Some issues with deep learning.
– A Bayesian principle to fix it.
– Least squares from Bayesian principles.
– RMSprop optimizer from Bayesian principles.
– Applications of Bayesian principles to deep learning.
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Uncertainty in Deep Learning

To estimate the confidence in the 
predictions of a deep-learning system
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(a) Input Image (b) Ground Truth (c) Semantic
Segmentation

(d) Aleatoric
Uncertainty

(e) Epistemic
Uncertainty

Figure 1: Illustrating the difference between aleatoric and epistemic uncertainty for semantic segmentation
on the CamVid dataset [8]. Aleatoric uncertainty captures noise inherent in the observations. In (d) our model
exhibits increased aleatoric uncertainty on object boundaries and for objects far from the camera. Epistemic

uncertainty accounts for our ignorance about which model generated our collected data. This is a notably
different measure of uncertainty and in (e) our model exhibits increased epistemic uncertainty for semantically
and visually challenging pixels. The bottom row shows a failure case of the segmentation model when the
model fails to segment the footpath due to increased epistemic uncertainty, but not aleatoric uncertainty.

which captures our ignorance about which model generated our collected data. This uncertainty
can be explained away given enough data, and is often referred to as model uncertainty. Aleatoric
uncertainty can further be categorized into homoscedastic uncertainty, uncertainty which stays con-
stant for different inputs, and heteroscedastic uncertainty. Heteroscedastic uncertainty depends on
the inputs to the model, with some inputs potentially having more noisy outputs than others. Het-
eroscedastic uncertainty is especially important for computer vision applications. For example, for
depth regression, highly textured input images with strong vanishing lines are expected to result in
confident predictions, whereas an input image of a featureless wall is expected to have very high
uncertainty.

In this paper we make the observation that in many big data regimes (such as the ones common
to deep learning with image data), it is most effective to model aleatoric uncertainty, uncertainty
which cannot be explained away. This is in comparison to epistemic uncertainty which is mostly
explained away with the large amounts of data often available in machine vision. We further show
that modeling aleatoric uncertainty alone comes at a cost. Out-of-data examples, which can be
identified with epistemic uncertainty, cannot be identified with aleatoric uncertainty alone.

For this we present a unified Bayesian deep learning framework which allows us to learn map-
pings from input data to aleatoric uncertainty and compose these together with epistemic uncer-
tainty approximations. We derive our framework for both regression and classification applications
and present results for per-pixel depth regression and semantic segmentation tasks (see Figure 1 and
the supplementary video for examples). We show how modeling aleatoric uncertainty in regression
can be used to learn loss attenuation, and develop a complimentary approach for the classification
case. This demonstrates the efficacy of our approach on difficult and large scale tasks.

The main contributions of this work are;

1. We capture an accurate understanding of aleatoric and epistemic uncertainties, in particular
with a novel approach for classification,

2. We improve model performance by 1 � 3% over non-Bayesian baselines by reducing the
effect of noisy data with the implied attenuation obtained from explicitly representing
aleatoric uncertainty,

3. We study the trade-offs between modeling aleatoric or epistemic uncertainty by character-
izing the properties of each uncertainty and comparing model performance and inference
time.
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Data Params

Loss
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✓

`(D, ✓)
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Learning by Optimization
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Empirical Risk Minimization (ERM)

:=
NX

i=1

`i(✓) + r(✓)
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Deep Learning: SGD/RMSprop/Adam/Newton etc.

NX

i=1

[yi � f✓(xi)]
2 + �✓T ✓

<latexit sha1_base64="psExXYrvPZUiclA5UT9CBRZJMD0="></latexit>

✓  ✓ � ⇢H
�1r✓`(✓)
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Learning by Bayes
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Estimate a distribution over model parameters.

EntropyDistribution (e.g. Gaussian)

Parameters
(e.g., mean and variance)

max
�

�Eq�(✓)[`(D, ✓)]�H(q)
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ExplorationExploitation

Optimization formulation (Zellner, 1988)



Exponential Family Distribution
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Expectation/moment/
mean parameters 

Sufficient
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Learning by optimization:

Learning by Bayes:
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Learning by optimization:

Learning by Bayes:

– Classical algorithms: Least-squares, Newton’s method, Kalman 
filters, Baum-Welch, Forward-backward, etc.

– Bayesian inference: EM, Laplace’s method, SVI, VMP.
– Deep learning: SGD, RMSprop, Adam.
– Reinforcement learning: parameter-space exploration, natural 

policy-search.
– Continual learning: Elastic-weight consolidation.
– Online learning: Exponential-weight average.
– Global optimization: Natural evolutionary strategies, Gaussian 

homotopy, continuation method & smoothed optimization.
– List incomplete…

Natural and Expectation parameters of q
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Data

Global

Local

Images taken from Hoffman et al. (2013) and https://www.zybuluo.com/nanmeng/note/369145

VMP: Sequential 
update with rho =1

SVI: Update local variable 
with rho=1 and global 
variable with rho in (0,1)

Learning by Bayes is 
a generalization of 
both of these 
algorithms.
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Figure 1: Comparing VOGN [22], a natural-gradient VI method, to Adam and SGD, training ResNet-
18 on ImageNet. The two left plots show that VOGN and Adam have similar convergence behaviour
and achieve similar performance in about the same number of epochs. VOGN achieves 67.38% on
validation compared to 66.39% by Adam and 67.79% by SGD. Run-time of VOGN is 76 seconds per
epoch compared to 44 seconds for Adam and SGD. The rightmost figure shows the calibration curve.
VOGN gives calibrated predictive probabilities (the diagonal represents perfect calibration).

We demonstrate practical training of deep networks by using recently proposed natural-gradient VI38

methods. These methods resemble the Adam optimiser, enabling us to leveraging existing techniques39

for initialisation, momentum, batch normalisation, data augmentation, and distributed training. As a40

result, we obtain similar performance in about the same number of epochs as Adam when training41

many popular deep networks (e.g., LeNet, AlexNet, ResNet) on datasets such as CIFAR-10 and42

ImageNet. See Fig. 1 for Imagenet. The results show that, despite using an approximate posterior, the43

training methods preserve the benefits of Bayesian principles. Compared to standard deep-learning44

methods, the predictive probabilities are well-calibrated and uncertainties on out-of-distribution45

inputs are improved. Our work shows that practical deep learning is possible with Bayesian methods46

and aims to support further research in this area.47

Related work. Previous VI methods, notably by Graves [15] and Blundell et al. [4], require signifi-48

cant implementation and tuning effort to perform well, e.g., on convolution neural networks (CNN).49

Slow convergence is found to be problematic for sequential problems [43]. There appears to be no50

reported results with complex networks on large problems, such as ImageNet. Our work solves these51

issues by borrowing deep-learning techniques and applying them to natural-gradient VI [22, 51].52

In their paper, Zhang et al. [51] also employed data augmentation and batch normalisation for a53

natural-gradient method called Noisy K-FAC (see Appendix A) and showed results on VGG on54

CIFAR-10. However, a mean-field method called noisy Adam was found to be unstable with batch55

normalisation. In contrast, we show that a similar method, called Variatonal Online Gauss-Newton56

(VOGN), proposed by Khan et al. [22], works well with such techniques. We show results for57

distributed training with noisy K-FAC on Imagenet, but do not provide extensive comparisons. Many58

of our techniques can be used to speed-up noisy K-FAC too, which is promising.59

Many other approaches have recently been proposed to compute posterior approximations by training60

deterministic networks [44, 36, 37]. Similarly to MC-dropout, the posterior approximation is not61

flexible and it is difficult to improve the accuracy of the posterior approximations. On the other hand,62

VI offers a much more flexible alternative to apply Bayesian principles to deep learning.63

2 Deep Learning with Bayesian Principles and Its Challenges64

The success of deep learning is partly due to the availability of scalable and practical methods for65

training deep neural networks (DNNs). Network training is formulated as an optimisation problem66

where a loss between the data and the DNN’s predictions is minimised. For example, in a supervised67

learning task with a dataset D of N inputs xi and corresponding outputs yi of length K, we minimise68

a loss of the following form: ¯̀(w) + �w
>
w, where ¯̀(w) := 1
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denotes the DNN outputs with weights w, `(y, ŷ) denotes a differentiable loss function between an70

2

Figure 1: Comparing VOGN [22], a natural-gradient VI method, to Adam and SGD, training ResNet-
18 on ImageNet. The two left plots show that VOGN and Adam have similar convergence behaviour
and achieve similar performance in about the same number of epochs. VOGN achieves 67.38% on
validation compared to 66.39% by Adam and 67.79% by SGD. Run-time of VOGN is 76 seconds per
epoch compared to 44 seconds for Adam and SGD. The rightmost figure shows the calibration curve.
VOGN gives calibrated predictive probabilities (the diagonal represents perfect calibration).
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18 on ImageNet. The two left plots show that VOGN and Adam have similar convergence behaviour
and achieve similar performance in about the same number of epochs. VOGN achieves 67.38% on
validation compared to 66.39% by Adam and 67.79% by SGD. Run-time of VOGN is 76 seconds per
epoch compared to 44 seconds for Adam and SGD. The rightmost figure shows the calibration curve.
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We demonstrate practical training of deep networks by using recently proposed natural-gradient VI38

methods. These methods resemble the Adam optimiser, enabling us to leveraging existing techniques39

for initialisation, momentum, batch normalisation, data augmentation, and distributed training. As a40

result, we obtain similar performance in about the same number of epochs as Adam when training41

many popular deep networks (e.g., LeNet, AlexNet, ResNet) on datasets such as CIFAR-10 and42

ImageNet. See Fig. 1 for Imagenet. The results show that, despite using an approximate posterior, the43

training methods preserve the benefits of Bayesian principles. Compared to standard deep-learning44

methods, the predictive probabilities are well-calibrated and uncertainties on out-of-distribution45

inputs are improved. Our work shows that practical deep learning is possible with Bayesian methods46

and aims to support further research in this area.47

Related work. Previous VI methods, notably by Graves [15] and Blundell et al. [4], require signifi-48

cant implementation and tuning effort to perform well, e.g., on convolution neural networks (CNN).49

Slow convergence is found to be problematic for sequential problems [43]. There appears to be no50

reported results with complex networks on large problems, such as ImageNet. Our work solves these51

issues by borrowing deep-learning techniques and applying them to natural-gradient VI [22, 51].52

In their paper, Zhang et al. [51] also employed data augmentation and batch normalisation for a53

natural-gradient method called Noisy K-FAC (see Appendix A) and showed results on VGG on54

CIFAR-10. However, a mean-field method called noisy Adam was found to be unstable with batch55

normalisation. In contrast, we show that a similar method, called Variatonal Online Gauss-Newton56

(VOGN), proposed by Khan et al. [22], works well with such techniques. We show results for57

distributed training with noisy K-FAC on Imagenet, but do not provide extensive comparisons. Many58

of our techniques can be used to speed-up noisy K-FAC too, which is promising.59

Many other approaches have recently been proposed to compute posterior approximations by training60

deterministic networks [44, 36, 37]. Similarly to MC-dropout, the posterior approximation is not61

flexible and it is difficult to improve the accuracy of the posterior approximations. On the other hand,62

VI offers a much more flexible alternative to apply Bayesian principles to deep learning.63

2 Deep Learning with Bayesian Principles and Its Challenges64

The success of deep learning is partly due to the availability of scalable and practical methods for65

training deep neural networks (DNNs). Network training is formulated as an optimisation problem66
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denotes the DNN outputs with weights w, `(y, ŷ) denotes a differentiable loss function between an70
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Figure 5: Histograms of predictive entropy for out-of-distribution tests for ResNet-18 trained on
CIFAR-10. Going from left to right, the inputs are: the in-distribution dataset (CIFAR-10), followed
by out-of-distribution data: SVHN, LSUN (crop), LSUN (resize). Also shown are the AUROC metric
(higher is better) and FPR at 95% TPR metric (lower is better), averaged over 3 runs. We clearly see
that VOGN’s predicitive entropy is generally low for in-distribution and high for out-of-distribution
data, but this is not the case for other methods. Solid vertical lines indicate the mean predictive
entropies. The standard deviations are small and so not reported.
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On OpenAI Gym Cheetah with DDPG 
with DNN with [400,300] ReLU

Vadam(noise using
 natural-gradients)

SGD (noise using 
standard gradients)

Reward 2038

Reward 5264

Ruckstriesh et.al.2010, Fortunato et.al. 2017, Plapper et.al. 2017

SGD (no noise)
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Homework

• Derive the Bayes update for least-squares.
• Derive the same for neural networks
• Can you think of ways to RMSprop and 

Bayes update even more similar? 
– RMSprop vs Bayes with diagonal Gaussian.
– Justify why your way is reasonable, and also 

when will it work and when it won’t.
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Thanks!

Slides, papers, and code available at
https://emtiyaz.github.io 
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