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1 Introduction

Topic of the thesis

This work studies ways to introduce prior knowledge to deep learning models. The work pro-
poses sparse variational dropout, a method that allows for a high level of sparsification in deep
neural networks based on a sparsity-inducing prior distribution. To introduce amore expressive
prior distribution that can account for correlations between weights and cover multiple modes,
we propose a deep weight prior (DWP). DWP is a way of using complex generative models as a
prior distribution over weights of a deep convolutional neural network.

Further, we focus on averaging predictions over objects’ augmentations during inference,
so-called test-time augmentation (TTA). TTA is a way to correct an imperfectly acquired prior
knowledge of a model to improve its predictive performance. We propose TTA for ensembles,
an algorithm for learning a data-augmentation policy for the TTA, and a way to improve the
quality of representations based on TTA.

Actuality of the work

Machine learning is a field of science which focuses on the creation of data-based predictive
models. Themain distinctive feature of machine learning is its ability tomake predictions when
simple rule-based approaches fail. Machine learning automatically reconstructs predictive rules
and representations, even if it requires finding complex dependencies in data.

The most successful family of machine learning models for complexly structured data such
as images, videos, natural language, sound or molecules is neural networks [22]. Roughly
speaking, deep neural networks (DNNs) can be defined as a composition of parameterized
differentiable modules. The success of deep neural networks is heavily based on:

i) large data collections that include from millions to hundreds of millions of data points;

ii) highly adjustable transformations, that can include hundreds of billions of parameters;

ii) a lot of computations that are required to adjust large models on large data collections.

Acquiring large data collections or using huge models is not always possible. Huge models
require a lot of energy and thus cannot run on low-power devices. The collection and labeling
of a dataset are always slow and costly. To overcome this issue, one can usemodels that leverage
prior knowledge.

Prior knowledge—comes from the Latin phrase a priori («from what is before»)—refers to
information, independent of a dataset under consideration. The prior information can be uti-
lized in a machine learning algorithm in order to improve its quality, computational budget,
training speed, etc. Prior knowledge can be integrated into deep learning models via the fol-
lowing components:
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i) The design of architectures. The design of deep learning architectures often implies the
usage of prior information. The most notable examples are modern convolutional neural
networks [18] that use information on the spatial structure of data, and equivariant con-
volutional networks [3] where—motivated by needs of certain domains—an output of a
model changes predicatively and smoothly under specific groups of natural transforma-
tions of an input.

ii) Data augmentation Data augmentation is a popular tool that artificially expands a num-
ber of objects in training data. The design of data augmentation strategy exploits prede-
fined input transformations. These transformations are usually label-preserving; other-
wise, they change a label in a predictable manner. The design of these transformations is
often built upon prior knowledge on a specific problem.

iii) Prior distribution over parameters. Bayesian approach is another popular way to inte-
grate prior knowledge into deep learning models. It assumes that prior knowledge is
available as a distribution over unobserved variables ν. Bayesian approach allows to ac-
cess an approximation of a posterior distribution or simply an approximate posterior over
unobserved variables after observing a dataset, a likelihood p(data | ν), and a prior distri-
bution.

p(ν |data)︸ ︷︷ ︸
intractable posterior distribution

=
p(data | ν)pprior(ν)∫
ν p(data | ν)pprior(ν)

≈ qϕ(ν)︸ ︷︷ ︸
approximate posterior

result of variational inference

(1)

In case of deep learning models, Bayesian approach is used to infer an approximate pos-
terior over model weights. Prior distribution allows to specify preferences about weights
that will be accounted during inference of the approximate posterior.

In principle, if a dataset is large enough, using the prior information might not be neces-
sary. For example, an architecture called vision transformer [6] or MLP-Mixer [31] can give
competitive or even state-of-the-art performance on computer vision benchmarks without ex-
plicitly using convolutions or othermanually defined local transformations. These architectures
usually require more data and more parameters compared to prior-rich models, but can avoid
the pitfalls of manually designed—thus not always optimal—priors that are built in prior-rich
architectures.

Humans, just like deep neural networks, are heavily exploiting priors. Brain architecture is
a result of many years of evolution. Human brain is designed to make humans learn fast, avoid
danger, and process a ton of various signals every second. Humans use experiences gained
through life to solve a new problem but may struggle when there is little prior information
available or the knowledge transfer system fails [7]. This makes us speculate that prior infor-
mation is needed for artificial neural networks and will be an essential component for artificial
intelligence to emerge.

5



The goal of this work is to develop mechanisms of prior knowledge integration and use these
mechanisms to improve deep learning models.

2 Key results and conclusions

The novelty of this work can be summarized as follows:

1. We proposed sparse variational dropout, a method that, based on sparsity inducing prior,
allows for sparsification of deep neural networks. Themethod for the first time showed an
ability of variational dropout [16] to learn sparse models. To make the training of sparse
variational dropout possible we proposed to use a noise reduction parametrization, and the
local reparametrization trick for convolutions.

2. We proposed deep weight prior, a method that allows to use a variational auto-
encoder [17]—an expressive generative model—as a prior distribution over weights of
a deep learning model. To that end, we proposed a variational lower bound that allows
to use implicit prior distributions for variational inference and log-likelihood training.

3. We propose test-time augmentation (TTA) for ensembles, a simple yet well-performing
method, that allows to integrate prior knowledge to an ensemble of deep learningmodels.
TTA improves predictive performance of ensembles [19; 21] with a negligible additional
computational cost.

4. We proposed greedy policy search, a method that can learn a data augmentation policy for
test-time augmentation (TTA). In other words, themethod can automatically select priors
that need to be used during TTA. That helps to avoid too aggressive augmentations that
are harmful to the predictive performance.

5. We proposed mean embeddings with test-time data augmentation, a method that adapts test-
time augmentation for inference of embeddings, integrating prior knowledge not only to
predictions but also to representations.

Theoretical and practical significance. Wepropose a sparsificationmethod that can be used
for compression and acceleration of deep learning models. Compression and acceleration are
important for running neural networks on low-powered devices. Another outcome of this work
is a framework that allows to use flexible prior distributions, expressing complex beliefs about
the favorable weight distributions. For example, a prior can represent correlations between the
weights and cover multiple modes. We have also developed methods for using and learning
policies for ensembling over augmentations during inference. Usage of these policies increases
the model robustness, which is essential for safety-critical applications, e.g. medical diagnosis.

Methodology and researchmethods. In this work, we apply deep learning, doubly stochas-
tic variational inference, probabilistic modeling, generative models, data augmentation, as well
as continuous and discrete optimizations.
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Reliability We provide a detailed description of proposed methods and experiments. For
all papers, code was made publicly available.

Key aspects/ideas to be defended.

1. A finding that variational dropout learns sparse solutions.

2. Deep weight prior, a framework that allows to use implicit distributions for variational in-
ference and log-likelihood training.

3. Test-time augmentation for ensembles.

4. Greedy policy search, an algorithm for learning test-time data augmentation policies.

5. MeTTA, an algorithm for using ensembling for improving representations.

Personal contribution. The author of this dissertation obtained all the stated results. In all
cases mentioned, both text and experimental results presented in a paper are the result of col-
laboration between all authors. In the first paper «Variational dropout sparsifies deep neural
networks», the author proposed to use local reparametrization trick for convolutional layers,
contributed to training algorithm, and discovered sparsification effect on deep convolutional
networks. In «The Deep Weight Prior», the author proposed a core idea and derived a model.
In «Pitfalls of In-Domain Uncertainty Estimation and Ensembling in Deep Learning», the au-
thor proposed to use test-time augmentation (TTA) for ensembles. In «Mean Embeddings with
Test-Time Data Augmentation for Ensembling of Representations», the author proposed to use
TTA to enhance the quality of representations. In «Greedy Policy Search: A Simple Baseline
for Learnable Test-Time Augmentation», the author contributed to the core idea and performed
in-domain ImageNet experiments.

Publications and probation of the work

* denotes equal contribution of coauthors
First-tier publications

1. Dmitry Molchanov∗, Arsenii Ashukha∗, and Dmitry Vetrov Variational dropout sparsifies
deep neural networks // In International Conference on Machine Learning, pp. 2498-
2507. PMLR, 2017. CORE A* conference.

2. Alexander Lyzhov∗, YuliyaMolchanova∗, Arsenii Ashukha∗, DmitryMolchanov∗, Dmitry Vetrov
Greedy policy search: a simple baseline for learnable test-time augmentation // In Con-
ference on Uncertainty in Artificial Intelligence, 2020. CORE A* conference.

Second-tier publications

1. Andrei Atanov∗, Arsenii Ashukha∗, Kirill Struminsky, Dmitry Vetrov, Max Welling The deep
weight prior // International Conference on Learning Representations, ICLR 2019. In-
dexed by SCOPUS. From 2021 ICLR is CORE A* conference.

7



Other publications

1. Arsenii Ashukha∗, Alexander Lyzhov∗, Dmitry Molchanov∗, Dmitry Vetrov Pitfalls of in-
Domain uncertainty estimation and ensembling in deep learning // International Confer-
ence on Learning Representations, ICLR 2020. From 2021 ICLR is CORE A* conference.

2. Arsenii Ashukha, Andrei Atanov, Dmitry Vetrov Mean embeddings with test-time data aug-
mentation for ensembling of representations // Uncertainty & Robustness in Deep Learn-
ing, ICML, 2021.

Reports at conferences and seminars.

1. Poster presentation on «Variational dropout sparsifies deep neural networks», Interna-
tional Conference on Machine Learning, Sidney, 2017.

2. Talk on «Variational dropout sparsifies deep neural networks», Seminar of Bayesianmeth-
ods research group, Moscow, 2017.

3. Poster presentation on «The deep weight prior», International Conference on Learning
Representations, New Orleans, USA, 2019

4. Poster presentation on «Greedy policy search: a simple baseline for learnable test-time
augmentation», Uncertainty in Artificial Intelligence, virtual, 2020.

Volume and structure of the work. The thesis contains an introduction, contents of publica-
tions and a conclusion. The full volume of the thesis is 107 pages.

The author has also contributed to the following publications

1. Kirill Neklyudov, Dmitry Molchanov, Arsenii Ashukha, Dmitry Vetrov Structured Bayesian
pruning via log-normal multiplicative noise // International Conference on Neural In-
formation Processing System, NeurIPS 2017. Core A* conference.

2. Kirill Neklyudov∗, Dmitry Molchanov∗, Arsenii Ashukha∗, Dmitry Vetrov Variance networks:
when expectation does not meet your expectations // International Conference on Learn-
ing Representations, ICLR 2019. Indexed by SCOPUS. From 2021 ICLR is CORE A* con-
ference.

3. Andrei Atanov, Arsenii Ashukha, Dmitry Molchanov, Kirill Neklyudov, Dmitry Vetrov Uncer-
tainty estimation via stochastic batch normalization // ICLR Workshop Track 2018 // In
International Symposium on Neural Networks, pp. 261-269. Springer, Cham, 2019.

4. Max Kochurov, Timur Garipov, Dmitry Podoprikhin, Dmitry Molchanov, Arsenii Ashukha,
Dmitry Vetrov Bayesian incremental learning for DNNs // ICLR Workshop Track 2018.

5. Evgenii Nikishin, Arsenii Ashukha, Dmitry Vetrov Unsupervised domain adaptation with
shared latent dynamics for reinforcement learning // Bayesian DL, NIPS 2019.
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6. Andrei Atanov, Alexandra Volokhova, Arsenii Ashukha, Ivan Sosnovik, Dmitry Vetrov Semi-
conditional normalizing flows for semi-supervised learning // Workshop on Invertible
Neural Nets and Normalizing Flows, ICML, 2019.
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3 Content of the work

3.1 Variational dropout sparsifies deep neural networks

Deep neural networks de facto have become a tool of choice for many real-world machine learn-
ing problems from detection [34] and translation [33] all the way to protein-folding [15]. How-
ever, excellent performance always comes at the cost of a large number of parameters, which
leads to high memory and computational requirements. One way to mitigate this issue is to
learn a sparse model, where most of the weights are equal to zero. Thus, model size and com-
putational cost will be reduced. In the work «Variational Dropout Sparsifies Deep Neural Net-
works» we propose a model called sparse variational dropout that can train highly sparse deep
neural networks.

Model description

We consider a supervised learning problem with a datasetD = (xi, yi)
N
i=0, where xi is an object

and yi is its label. The model is trained via variational inference over weights of deep neural
networks. The goal of variational inference is to learn a variational approximation qϕ(W ) ≈
p(W |D), where ϕ are the parameters of variational approximation to be trained. The objective
of variational inference is a stochastic estimate of a variational lower bound L(ϕ):

L(ϕ)≃LSGVB(ϕ)=LSGVB
D (ϕ)−DKL(qϕ∥p) → max

ϕ
(2)

LD(ϕ)≃LSGVB
D (ϕ)=

N

M

M∑
m=1

log p(ym|xm, Ŵ ), Ŵ ∼ q(W |ϕ) (3)

where LSGVB
D is an estimate of a log-likelihood that is defined via a deep neural network

p(ym|xm, Ŵ ), and p(W ) is a prior distribution over weights of the deep neural network,
DKL(u, v) =

∫
dx u(x) log u(x)

v(x) is KullbackLeibler divergence, also called relative entropy which
is an asymmetric distance between two distributions. LSGVB

D plays a role of a data-term that
controls howwell the model p(ym|xm, Ŵ ) performs on the training set, andDKL(qϕ, p) controls
howwell the model satisfies the prior distribution p(W ). We also assume that a qϕ(W ) supports
reparameterization [17; 29].

In sparse variational dropout, we use fully-factorized Gaussian variational approximation
in the additive parametrization:

q(wij | θij , αθij) = N (wij | θij , αijθ2ij)︸ ︷︷ ︸
multiplicative parametrization

(author?) [16]

= N (wij | θij , µ2ij)︸ ︷︷ ︸
additive parametrization
proposed in this work

, (4)
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that has an noise reduction propriety for the gradients over parameters θij , and the log-uniform
prior distribution

p(log |wij |) = const ⇔ p(|wij |) ∝
1

|wij |
. (5)

The algorithm uses local reparametrization trick (LRT) [16] for both fully-connected and con-
volutional layers. LRT computes a distribution over activations on each layer analytically, in an
assumption that an input is not a random variable. As a result, it allows to reduce the variance
of a gradient. LRT can be interpreted it a layer-wise per-objects samples of weights Ŵ from an
approximate posterior q(W |ϕ).

Empirical evaluation

Sparse variational dropout has been tested onMNIST [23], CIFAR-10, and CIFAR-100 [18] clas-
sification benchmarks. On MNIST, a method provides up to 280× fewer parameters than the
original dense network. The results are presented in Table 1. On CIFAR datasets, the sparsifi-
cation rate increases as a width of a model increases, while error rates are closely matched with
dense models.

Also, we show that sparse variational dropout removes 100% of weights of a model when
there is no connection between objects and labels which is so-called random labeling [35] set-
ting.

Network Method Error % Sparsity per Layer % |W|
|W ̸=0|

Original 1.64 1
Pruning 1.59 92.0− 91.0− 74.0 12

LeNet-300-100DNS 1.99 98.2− 98.2− 94.5 56
SWS 1.94 23

(ours) Sparse VD 1.92 98.9− 97.2− 62.0 68
Original 0.80 1
Pruning 0.77 34− 88− 92.0− 81 12

LeNet-5-Caffe DNS 0.91 86− 97− 99.3− 96 111
SWS 0.97 200

(ours) Sparse VD 0.75 67− 98− 99.8− 95 280

Table 1: Comparison of various sparsification techniques (Pruning [13; 12], DNS [11], SWS [32]) on
LeNet-300-100 (3 layers) and LeNet-5-Caffe (4 layers) architectures. Sparse variational dropout provides
the highest level of sparsity at the same level of accuracy.

Retrospective

Sparse variational dropout works in practice, and it was used for network sparsification in lead-
ing IT companies. However, future studies showed that careful usage of pruning-based meth-
ods can produce better results [10]. Sparse solution is just a local optimum, as better values of
ELBO can be achieved with a less flexible variational posterior q(wij) = N(wij | 0, σij) [27].
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Training DNNs with noise is known to be a hard and unstable process. That is less the case
with SparseVD. All variances are initialized with small values and do not change much during
training. The usage of small variances neither hurts the performance nor introduces a lot of
noise. Thus, SparseVD might be considered as a low-noise regularizer.

3.2 The deep weight prior

Variational inference is a tool that, after observing data, allows to transform a prior distribution
over parameters of a machine learning model to an approximate posterior distribution. Priors
played an important role in many recent models for quantization [32], sparsification [26; 28],
and compression [25]. Despite that, they are limited to a fully factorized setting and cannot
cover multiple modes. In this work, we propose deep weight prior, a framework that allows to
train and use complex prior distributions that are defined via an implicit generative model:

p̂l(w) =

∫
p(w | fϕ(z))pl(z) dz, (6)

where a conditional distribution p(w | fϕ(z)) is an explicit parametric distribution, fϕ is a neural
network, and pl(z) is an explicit prior distribution that does not depend on trainable parameters.
The distribution in equation (6) can be interpreted as amixture of infinitely many distributions.
Implicit priors can capture complex distributions over weights that can better express prior be-
liefs.

Training a prior distribution

In order to train a prior distribution in the form of eq. 6, we do the following steps:

1. define a specific architecture of a prior in the form of a variational auto-encoder;

2. collect a set of networks trained on an available dataset;

3. train the prior distribution on the weights of the trained networks.

The trained prior distribution can be used for variational inference on a new dataset. Fig. 1a
shows how the prior can be constructed from the trained variational auto-encoder model.
Figs. 1b, 1c demonstrate samples from the trained generative models compared to the real ker-
nels.

Variational inference with implicit priors

We consider a supervised learning problem with a datasetD = (xi, yi)
N
i=0, where xi is an object

and yi is its label. We train a model p(yi |xi,W ) with variational inference that optimizes the

12



z

pl(z)

wl
ij ŵl

ij

r(z |w; l) p(w | z;�l)

(a) Learning of DWP with VAE (b) Learned filters (c) Samples DWP

Figure 1: In subfig. 1a we show the process of learning a prior distribution over kernels of one convolu-
tional layer. First, we train encoder r(z |w;ϕl) and decoder p(w | z;ψl) with VAE framework [17]. Then,
we use the decoder to construct the prior p̂l(w). In subfig. 1b we show a batch of learned kernels of shape
7×7 from the first convolutional layer of a CNN trained on NotMNIST dataset. In subfig. 1c we show
samples from the deep weight prior that is learned on trained kernels.

following objective:

L(θ) =
N∑
i=1

Eqθ(W ) log p(yi |xi,W )−DKL(qθ(W )∥p(W )) → max
θ
, (7)

where W denotes weights of a neural network, qθ(W ) is a variational distribution that allows
reparametrization [17; 9], and p(W ) is a prior distribution.

We consider a neural network with L convolutional layers and denote parameters of l-th
convolutional layer as wl ∈ RIl×Ol×Hl×Wl , where Il is the number of input channels, Ol is the
number of output channels, Hl and Wl are spatial dimensions of kernels. The parameters of
the neural network are denoted asW = (w1, . . . wL). A variational approximation qθ(W ) and a
prior distribution p(W ) have the following factorization over layers, filters, and channels:

qθ(W ) =

L∏
l=1

Il∏
i=1

Ol∏
j=1

q(wlij | θlij) p(W ) =

L∏
l=1

Il∏
i=1

Ol∏
j=1

pl(w
l
ij), (8)

where wlij ∈ RHl×Wl is a kernel of j-th channel in i-th filter of l-th convolutional layer.
KL-divergence with implicit priors (eq. 6) cannot be computed in a closed-form or unbias-

edly estimated. Tomake the computation of the variational lower bound tractable, we introduce
an auxiliary lower bound on the KL-divergence:

DKL(q(W )∥p̂(W )) =
∑
l,i,j

DKL(q(w
l
ij |θlij)∥p̂l(wlij)) ≤

∑
l,i,j

(
−H(q(wlij | θlij)) +

+Eq(wl
ij | θlij)

[
DKL(r(z |wlij ;ψl)∥pl(z))− Er(z |wl

ij ;ψl)
log p(wlij | z;ϕl)

])
= Dbound

KL , (9)
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Figure 2: (2a) For training subsets of different size, we demonstrate the performance of variational infer-
ence with a fully-factorized variational approximationwith different prior distributions: deep weight prior
(dwp), log-uniform, standard normal, trained normal with full covariance matrix (gaussian). We have
found that variational inference with a deep weight prior distribution achieves better mean test accuracy
than learning with other priors. (2b) Initialization of weights of the models with deep weight priors or
learned filters significantly increases the training speed, compared to Xavier initialization. This provides
a shred of evidence that deep weight prior closely matches the true distribution of kernels.

where r(z |w;ψl) is an auxiliary inference model for the prior of l-th layer p̂l(w), The final aux-
iliary variational lower bound Laux(θ, ψ) has the following form:

Laux(θ, ψ) = LD −Dbound
KL ≤ L(θ) = LD −DKL(qθ(W )∥p̂(W )). (10)

Empirical results

We demonstrated that using deep weight prior can be beneficial when training with limited la-
beled data. An initialization of weights with deep weight prior allows to converge faster. The
results are shown in Fig. 2.

Retrospective

In general, deep weight prior is hard to train for models and datasets beyond MNIST size. How-
ever, it is possible that we do not have the knowledge on what kind of data DWP works the
best. For example, [20] successfully applied deep weight prior to 3D magnetic resonance imag-
ing (MRI).

Generative models that generate weights of MLP-based representations (hypernetworks)
have recently become popular [30; 8; 2]. Deep weight prior can be considered as a small step
toward generative models over trained neural networks that might be an important topic for
future research on generative models.
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3.3 Test-time data augmentation improves ensembles for free

Test-time augmentation (TTA)[18] is a simple technique that averages the prediction of amodel
w.r.t. different augmentations. TTA makes predictions invariant to the augmentation transfor-
mations and allows to improve predictive performance of a deep learning model.

We propose to use TTA for ensembles. In this case, each member of an ensemble is applied
to a different sample of an augmented object (equations 12, 13).

p(y |x) = 1

S

S∑
i=1

p(y|x, θi) (11)

(a) Classical ensembling

p(y |x) = 1

S

S∑
i=1

p(y | x̂i, θi), (12)

where x̂i ∼ paug(· |x) (13)

(b) Ensembling with test-time augmentation

TTA improves ensembles with a negligible additional computational cost during inference.
Empirical performance of the method is demonstrated via various ResNet50 [14] ensembles
on ImageNet (Fig. 4). Interestingly, a single model with TTA performs competitively with
methods that require significantly larger number of parameters, computational budget, and
training complexity. TTA is a simple yet powerful approach that was overlooked by uncertainty
estimation community.
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Figure 4: How to read results: ××× test-time aug−−−−−−−→
10 samples

v, ××× test-time aug−−−−−−−→
50 samples

v. The negative calibrated log-likelihood

(lower is better) for different ensembling techniques on ImageNet. We report performance for two
regimes. Central-crop evaluation (××××××) means every member of an ensemble is applied to a central crop
of an image, and test-time data augmentation ( v v) means each member of the ensemble is applied to
a separate random augmentation of the image. Test-time data augmentation significantly improves
ensembles with no additional computational cost.
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Figure 5: An illustration of a test-time augmentation policy trained with greedy policy search.

3.4 Greedy policy search for learnable test-time augmentation

Data augmentation is one of the popular techniques for training deep neural networks. It allows
to expand a dataset size and pass prior knowledge of domain invariances to a deep neural net-
work. However, in most cases, the trained deep neural networks are not fully invariant to data
augmentation transforms. In other words, the DNNs do not acquire prior knowledge entirely
correctly. To alleviate that issue, test-time data augmentation is used. It accounts for several
samples of augmentations for every object during inference. However, modern data augmen-
tation techniques that work the best on a training stage usually do not perform best during
inference. One reason for it is that data augmentation with a high level of noise, e.g. RandAug-
ment [4], can act as regularization during training but might degrade the performance during
inference-time averaging.

In this work, we want to use prior knowledge on a set of label-preserving transformations
in order to learn an optimal policy for test-time data augmentations. The primal goal is to
demonstrate that learning of a test-time augmentation policy is possible.

Greedy Policy Search

Greedy policy search (GPS) iteratively builds a test-time data augmentation policy. We will con-
sider the problem of learning a policy for a single pre-trained classification model. During the
inference stage, the predictions of amodel will be averagedw.r.t augmentations of an object that
are obtained with the trained policy. The illustration of samples from the trained GPS-policy is
available in Fig. 5.

GPS is organized as follows:
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i) It starts with sampling a large pool of sub-policies. Each sub-policy is a combination of
two-three randomly selected transformations with randomly sampled magnitudes.

ii) GPS selects a sub-policy that improves the current policy the most, and adds it to the
current policy.

iii) Repeats the step ii while a number of sub-policies is less than required.

We find that conventional accuracy as a search criterion works significantly worse than cal-
ibrated negative log-likelihood. Accuracy is likely too noisy, and predictions require calibra-
tion in order to alleviate possibly wrong temperature. Despite being simple, greedy policy search
works better than more complex RL-based optimization [24].

Empirical results
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Figure 6: Mean unnormalized corruption error (muCE) on corrupted versions of CIFAR datasets for
various test-time augmentation strategies: random crops and horizontal flips (CF), modified RandAug-
ment withM found by grid search (M∗) and GPS policy (GPS). Learnable TTA methods were trained
on clean, uncorrupted data. In most cases, GPS policies are more robust to the domain shift compared
to alternatives.

Empirically, we demonstrate that greedy policy search improves the results of classical test-
time augmentation on in- and out-of-domain data, without any additional computational cost
during inference. GPS can also be applied to an ensemble. A sample of results is shown in
Figure 6.

3.5 Mean embeddings for ensembling of representations

Ensembling is a popular tool that improves uncertainty estimates and the pure quality of deep
learning models. However, ensembles are usually applied to improving the prediction of a
model and cannot be applied to improving the quality of representations, e.g. independent net-
works have misaligned representations. However, improving the quality of representations is
important for many problems, e.g. image retrieval, content matching, verification, and recom-
mendation systems.

We propose mean embeddings with TTA (MeTTA)—a simple method for representations
ensembling. The method averages representations from the L-th layer of a model aL( · ;w) of a
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Figure 7: To produce a mean embedding, MeTTA averages activations of a network across different aug-
mentations of an object. MeTTA does not affect the training phase and can be applied to a pre-trained
network.

Central crop Mean embeddings with TTA
Problem Model Width SK # Params (M) Embeddings N = 10 N = 32

Self-supervised ResNet50 1× False 24 71.7 73.3 (+1.6%) 73.8 (+2.1%)
features 1× True 35 74.6 75.8 (+1.2%) 76.2 (+1.6%)

(SimCLRv2) ResNet101 2× False 170 77.0 78.1 (+1.1%) 78.5 (+1.5%)
2× True 257 79.0 79.8 (+0.8%) 79.9 (+0.9%)

ResNet152 3× True 795 79.8 80.3 (+0.4%) 80.7 (+0.9%)

Supervised ResNet50 1× False 24 76.6 78.0 (+1.4%) 78.5 (+1.9%)
features 1× True 35 78.5 79.7 (+1.2%) 80.2 (+1.7%)

ResNet101 2× False 170 78.9 80.2 (+1.3%) 80.6 (+1.7%)
2× True 257 80.1 81.0 (+0.9%) 81.3 (+1.3%)

ResNet152 3× True 795 80.5 81.4 (+0.9%) 81.9 (+1.4%)

Table 2: The comparison of different methods of inference embeddings. The table represents top-1 accu-
racy on ImageNet [5] for linear evaluation of embeddings with 100% labels. For self-supervised features,
we usedmodels that were pre-trainedwith SimCLRv2 [1]. We used both supervised and self-supervised
pre-trained models from https://github.com/google-research/simclr repository. SK stands for se-
lective kernels.

single model over different augmentations of an object x

aens(x;w) = Ex̂∼paug(· |x)a
L(x̂;w) ∼=

1

S

S∑
s=1

aL(x̂s;w), where x̂s ∼ paug(· |x), (14)

where S is a number of samples of augmentations for a single image, w are theweighs of the net-
work, and aens(x;w) is a mean embedding. Empirically, the method works on both supervised
and self-supervised models (Table 2). The illustration of MeTTA is available at Figure 7. The
interpolation between the central crop embeddings and MeTTA embeddings are shown in Fig-
ure 8. MeTTA shows how ensembles can be applied to enhance the quality of representations.
That has the potential to open many new applications.
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Figure 8: Negative log-likelihood (top) and accuracy (bottom) for linearly interpolated embeddings of
the form (1−α) ·x+α · y, where x is the mean embedding, and y is the central-crop embedding for blue
and an embedding of an individual augmentation for orange. Metrics for each step size α are averaged
over validation images for both curves and additionally over different augmentations for the orange one.
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4 Conclusion

In the final section, we summarize the main contribution of the work.

1. We have proposed sparse variational dropout, a method for sparcification of deep neural
networks. The method uses variational inference with the log-uniform prior distribution.
Tomake training of sparse variational dropout possible, it has been proposed to use additive
parametrization and local reparametrization trick that both reduce the variance of gra-
dients. The method allows to learn models with a high sparsity level up to 270× in our
experiments.

2. We have proposed deep weight prior, a method that allows to train an expressive generative
model over kernels of convolutional neural networks and use the generative model as a
prior distribution during training of convolutional neural networks. To train deep weight
prior, we developed a special form of variational inference that can work with an implicit
prior distribution. Training with deep weight prior improves the quality of training with
limited data and allows to converge faster.

3. We have proposed test-time augmentation for ensembles, which allows to diversify predic-
tions and increase quality and uncertainty estimation ability of ensembles.

4. We have proposed greedy policy search, a method that allows to train a test-time data aug-
mentation policy. Averaging predictions w.r.t. samples from the trained policy improves
the performance of a network on in-domain and domain shift scenarios.

5. We have proposed MeTTA, a method that uses ensembling to enhance the quality of rep-
resentations.
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