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Why Bayesian Deep Learning?

Deep learning is great, but it is not reliable:

▶ Sensitive to perturbations

▶ Don’t know when they don’t know

▶ Overconfident predictions

� Bayesian deep learning aims to solve this.
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Bayesian Deep Learning

1. Specify the prior: p(θ)

= N (m0,S0)

2. Infer the posterior: p(θ | D)

≈ N (m,S)

3. Make the prediction:

p(y∗ |x∗) =

∫
p(y∗ |x∗,θ)p(θ | D)dθ

We approximate it with a Gaussian
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Streamlining Prediction in Bayesian Deep Learning

W (l)

×

a(l−1)

≈

h(l)

g(h(l))
≈

a(l)

sampling-free
single forward pass

h(l) = W (l)a(l−1) + b(l) approximate as Gaussian

a(l) = g (h(l)) first order Taylor expansion
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Table 3: Performance comparison between our method and Moment-Matching (MM) on the MNIST-
like classification tasks. We report the ACC and NLPD with standard errors and the ECE. Our method
outperforms MM despite being simpler and more applicable to various distributions.

Metrics Methods MNIST FMNIST ORGANCMNIST ORGANSMNIST
MM 0.971±0.002 0.882±0.003 0.771±0.004 0.600±0.010

ACC ↑ Ours 0.975±0.002 0.881±0.003 0.816±0.004 0.614±0.010
MM 0.103±0.005 0.463±0.014 0.838±0.015 1.401±0.036

NLPD ↓ Ours 0.090±0.005 0.435±0.010 0.733±0.010 1.282±0.024
MM 0.014 0.051 0.023 0.110

ECE ↓ Ours 0.006 0.022 0.127 0.081

Table 5: Performance metrics using ViT with posterior approximation on the attention layers with
the standard error for ACC and NLPD. Our method achieves better NLPD and ECE in general and
achieves similar ACC compared to the baselines.

Metrics Methods CIFAR-10 CIFAR-100 DTD RESISC IMAGENET-R
LA Sampling 0.971±0.002 0.882±0.003 0.715±0.010 0.892±0.004 0.731±0.012
LA GLM 0.976±0.002 0.879±0.003 0.718±0.010 0.891±0.004 0.739±0.012

ACC ↑ LA Ours 0.976±0.002 0.880±0.003 0.719±0.010 0.892±0.004 0.739±0.012
MFVI Sampling 0.975±0.002 0.880±0.003 0.732±0.010 0.867±0.004 0.730±0.012
MFVI Ours 0.975±0.002 0.880±0.003 0.734±0.010 0.867±0.004 0.728±0.012
LA Sampling 0.170±0.004 0.444±0.012 1.238±0.028 0.461±0.009 1.208±0.048
LA GLM 0.092±0.007 0.459±0.012 1.197±0.029 0.385±0.010 1.180±0.047

NLPD ↓ LA Ours 0.086±0.006 0.456±0.012 1.068±0.035 0.352±0.012 1.267±0.043
MFVI Sampling 0.133±0.011 0.641±0.022 1.091±0.048 1.010±0.041 1.577±0.083
MFVI Ours 0.088±0.006 0.468±0.013 1.007±0.035 0.617±0.019 1.234±0.052

ece

LA Sampling 0.006 0.022 0.197 0.129 0.070
LA GLM 0.011 0.024 0.155 0.053 0.057

ECE ↓ LA Ours 0.008 0.027 0.040 0.016 0.132

MFVI Sampling 0.015 0.070 0.075 0.079 0.118
MFVI Ours 0.008 0.025 0.042 0.017 0.036

4.3 CAN OUR METHOD ESTIMATE INPUT SENSITIVIES?

We demonstrate that our method can estimate sensitivities w.r.t. the inputs to the network. For this, we
use a 3-class MLP trained on the digits 0/6/8. Our goal is to estimate sensitivity maps by assuming
that the input images x ∼ N (x,Σ) are distributed according to a Gaussian centred at the pixel values
with diagonal covariance Σ. We optimise the input covariance of each image by minimising the loss

ℓ =
∑N

n=1 cross-entropy(f(xn), yn)−H(N (xn,Σn)). (11)

In words, we jointly minimise the cross-entropy loss, after analytically propagating the input distri-
bution through the network, while maximising the entropy H(N (xn,Σn)) of the input distribution.
The optimisation is stopped once the difference in NLPD between the current iteration and initial
condition is more than 0.1. Fig. 5 shows examples of the resulting sensitivity maps for a deterministic
MLP (MAP) and the same MLP with last-layer LA (Bayes). We observe that the largest sensitivity for
the digits 0 and 8 are generally in the middle, while for 6 in the upper right corner. The Bayes model
shows less spurious sensitivities across the pixels compared to the MAP model. Thus, indicating that
incorporating all sources of uncertainties can lead to a more interpretable sensitivity analysis.

5 DISCUSSION & CONCLUSION

In this work, we proposed to streamline prediction in Bayesian deep learning through local lineari-
sation and local Gaussian approximations of the network. For this, we discussed the propagation
in different neural network architectures and covariance structures. In particular, we discussed how
to handle Kronecker-factorised posterior covariances and transformer architectures. We showed
through a series of experiments that our method obtains high predictive performance, provides useful
predictive uncertainties, and can be used for sensitivity analysis. Our method helps to make BDL
more useful in practice and expands the use cases and sources of uncertainties that can be considered.

In future work, we aim to apply our approach to tasks with a larger number of output classes, explore
additional use-case scenarios in which our streamlined approach can be beneficial, and scale to even
larger networks. Moreover, we aim to investigate further the computational benefits obtained by
exploiting the posterior covariance structure and sparsity in the network.

9
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Table 16: Expected Calibration Error (ECE) for ViT with posterior approximation n the attention
layers. We compare only considering variance for value V and considering full covariance. For
MFVI and LA, both approximations results in almost the same result.

Mean Field Variational Inference Laplace Approximation
Dataset Full Covariance Only Variance Full Covariance Only Variance

CIFAR-10 0.008 0.008 0.008 0.008
CIFAR-100 0.027 0.026 0.025 0.023
DTD 0.040 0.040 0.042 0.043
RESISC 0.016 0.016 0.017 0.020
IMAGENET-R 0.132 0.132 0.036 0.039

for code compilation overheads, we dropped the first run on each data point. We report the mean
and standard deviation of the runtime (in milliseconds) over the remaining nine runs and all 400 data
points. The results are shown in Table 17. For ViT, we can see that our method without Cov[vk, vl]
covariance terms has a comparable runtime to a single forward pass in the deterministic model. When
additionally accounting for covariance terms, we obtain slight speed improvements over GLM but
overall comparable performance. Note that our implementation is not optimised for speed and larger
speedups may be obtained by optimising the code. For MLP, we obtain slight speed improvements
over LA GLM but overall comparable performance.

Table 17: Wallclock times for ViT base on CIFAR-10 and MLP on MNIST in milliseconds.

Model Methods AVG. RUNTIME (± STD) ↓
MAP 3.737±0.093
LA Sampling 190.806±0.137
LA GLM 17.191±0.734

ViT MFVI Sampling 207.854±0.307
Ours (+ Cov) 14.728±0.144
Ours 4.350±0.079
MAP 0.069±0.001
LA Sampling 98.584±3.737
LA GLM 1.656±0.049

MLP MFVI Sampling 190.302±0.466
Ours 0.542±0.073

31

On classification, we achieve better or on-par
performance faster than baselines.
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STREAMLINING PREDICTION IN BAYESIAN
DEEP LEARNING

Rui Li Marcus Klasson Arno Solin Martin Trapp
Department of Computer Science, Aalto University, Finland
{firstname.lastname}@aalto.fi

ABSTRACT

The rising interest in Bayesian deep learning (BDL) has led to a plethora of meth-
ods for estimating the posterior distribution. However, efficient computation of
inferences, such as predictions, has been largely overlooked with Monte Carlo inte-
gration remaining the standard. In this work we examine streamlining prediction in
BDL through a single forward pass without sampling. For this, we use local lineari-
sation of activation functions and local Gaussian approximations at linear layers.
Thus allowing us to analytically compute an approximation of the posterior predic-
tive distribution. We showcase our approach for both MLP and transformers, such
as ViT and GPT-2, and assess its performance on regression and classification tasks.

Open-source library: https://github.com/AaltoML/SUQ.

1 INTRODUCTION

Recent progress and adoption of deep learning models have led to a sharp increase in interest of
improving their reliability and robustness. In applications such as aided medical diagnosis (Begoli
et al., 2019), autonomous driving (Michelmore et al., 2020), or supporting scientific discovery (Psaros
et al., 2023), providing reliable and robust predictions as well as identifying failure modes is vital. A
principled approach to address these challenges is the use of Bayesian deep learning (BDL, Wilson &
Izmailov, 2020; Papamarkou et al., 2024) which promises a plug & play framework for uncertainty
quantification. However, while plugging the Bayesian approach into deep learning is relatively
straightforward (Blundell et al., 2015; Gal & Ghahramani, 2016; Wu et al., 2019), the play part is
typically severely hampered by computational and practical challenges (Wenzel et al., 2020; Foong
et al., 2020; Gelberg et al., 2024; Coker et al., 2022; Kristiadi et al., 2023).

The key challenges associated with BDL can roughly be divided into three parts: (i) defining a
meaningful prior, (ii) estimating the posterior distribution, and (iii) performing inferences of interest,
e.g., making predictions for unseen data, detecting out-of-distribution settings, or analysing model
sensitivities. While constructing a meaningful prior is an important research direction (Nalisnick,
2018; Meronen et al., 2021; Fortuin et al., 2021; Tran et al., 2022), it has been argued that the

In Domain Out of Domain

MAP Model

Entropy →

Practical Outlier Detection

x

f(x)

Input Sensitivity Analysis

Figure 1: Our streamlined approach allows for practical outlier detection and sensitivity analysis.
Locally linearising the network function with local Gaussian approximations enables many relevant
inference tasks to be solved analytically, helping render BDL a practical tool for downstream tasks.
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Open-source library: https://github.com/AaltoML/SUQ.

1 INTRODUCTION

Recent progress and adoption of deep learning models have led to a sharp increase in interest of
improving their reliability and robustness. In applications such as aided medical diagnosis (Begoli
et al., 2019), autonomous driving (Michelmore et al., 2020), or supporting scientific discovery (Psaros
et al., 2023), providing reliable and robust predictions as well as identifying failure modes is vital. A
principled approach to address these challenges is the use of Bayesian deep learning (BDL, Wilson &
Izmailov, 2020; Papamarkou et al., 2024) which promises a plug & play framework for uncertainty
quantification. However, while plugging the Bayesian approach into deep learning is relatively
straightforward (Blundell et al., 2015; Gal & Ghahramani, 2016; Wu et al., 2019), the play part is
typically severely hampered by computational and practical challenges (Wenzel et al., 2020; Foong
et al., 2020; Gelberg et al., 2024; Coker et al., 2022; Kristiadi et al., 2023).

The key challenges associated with BDL can roughly be divided into three parts: (i) defining a
meaningful prior, (ii) estimating the posterior distribution, and (iii) performing inferences of interest,
e.g., making predictions for unseen data, detecting out-of-distribution settings, or analysing model
sensitivities. While constructing a meaningful prior is an important research direction (Nalisnick,
2018; Meronen et al., 2021; Fortuin et al., 2021; Tran et al., 2022), it has been argued that the
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Figure 1: Our streamlined approach allows for practical outlier detection and sensitivity analysis.
Locally linearising the network function with local Gaussian approximations enables many relevant
inference tasks to be solved analytically, helping render BDL a practical tool for downstream tasks.
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Take away

Open-source library: https://github.com/AaltoML/SUQ

▶ Goal: Make good predictions fast in Bayesian neural networks.

▶ Approach: Locally linearised the neural network for
a tractable posterior predictive distribution.

▶ Result: Better or on par performance with faster speed.
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