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Abstract
Averaging predictions over a set of models—an
ensemble—is widely used to improve predictive
performance and uncertainty estimation of deep
learning models. At the same time, many ma-
chine learning systems, such as search, matching,
and recommendation systems, heavily rely on
embeddings. Unfortunately, due to misalignment
of features of independently trained models, em-
beddings, cannot be improved with a naive deep
ensemble like approach. In this work, we look at
the ensembling of representations and propose
mean embeddings with test-time augmentation
(MeTTA) simple yet well-performing recipe
for ensembling representations. Empirically we
demonstrate that MeTTA significantly boosts the
quality of linear evaluation on ImageNet for both
supervised and self-supervised models. Even
more exciting, we draw connections between
MeTTA, image retrieval, and transformation
invariant models.

We believe that spreading the success of
ensembles to inference higher-quality representa-
tions is the important step that will open many
new applications of ensembling.

1. Mean Embeddings
Our goal is to utilize ensembles to improve quality of embed-
ding produced by a neural network. Conventional ensem-
bling techniques e.g., deep ensembles (Lakshminarayanan
et al., 2017) involve averaging predictions of several inde-
pendently trained networks. Representations inside these
networks are not coherent: activations that appear on the
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Figure 1. To produce a mean embedding MeTTA averages acti-
vations of a network across different augmentations of an object.
The MeTTA does not affect training phase and can be applied to a
pre-trained network.

same positions in different networks respond to different
input signals, thus cannot be averaged. Below we explain
how to get around this obstacle.

We consider a model p(y |x,w) represented by neural net-
work with parameters w that is trained on dataset (xi, yi) ∈
D of size K, where x denotes an object, y denotes a vari-
able to be predicted, and w denotes parameters of the model.
The model is a composition of transformations f(x,w) =
fNwN ◦ · · · ◦ f1w1(x). We denote intermediate representations
or activations ofL-th layer as aL(x; w) = fLwL◦· · ·◦f1w1(x).
We assume the model is trained by optimizing a loss func-
tion L with a stochastic optimization and using data aug-
mentation x̂ ∼ paug(x̂ |x).

EB̂x∼DEx̂∼paug(x̂ | x)L(x̂,w)→ min
w
. (1)

We propose mean embeddings with TTA (MeTTA)—a sim-
ple method for representations ensembling. The method
averages representations aL( · ; w) of a single model over
different augmentations of an object x

aens(x; w) = Ex̂∼paug(· | x)a
L(x̂; w) ∼= (2)

∼=
1

S

S∑
s=1

aL(x̂s; w), where x̂s ∼ paug(· |x), (3)

where S is number of samples of augmentations for a single
image, and aens(x; w) is a mean embedding. In contrast to
a deep ensembles like approach1, global image representa-

1We discuss possible steps to DE-like approaches in Sec. 5
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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 1. Comparing of different methods of inference embeddings. Top-1 accuracy on ImageNet (Deng et al., 2009) for linear evaluation of
embeddings with 100% labels. For self-supervised features we used models that were pre-traoned with SimCLRv2 (Chen et al., 2020). We
used both supervised and self-supervised pretrained models from https://github.com/google-research/simclr repository.
SK states for selective kernels (Li et al., 2019). For log-likelihood score see Fig. 3

tions, so called non-spatial activations, of a single network
have no misalignment between different augmentations of
a single image, so activations can be safely averaged. The
illustration of MeTTA is in Figure 1.

There are several reasons why MeTTA might work better
then a conventional inference:

1. Transformation invariant representations When a
model is trained with data augmentations, it is forced
to be invariant to a label preserving transformations.
In practice, though, the models only only partially are
invariant to these transformations. Representations of
different augmentations of one object may vary a lot,
which over-complicates the embedding space and may
significantly affect the model predictive performance.
Mean embeddings, on the other hand, are invariant to
such transformations by design.

2. Higher degree of parameter sharing during infer-
ence Mean embeddings enjoys a higher degree of pa-
rameter sharing. It allows N times more compute per
parameter during inference, and potentially, use param-
eters more efficiently and boost the performance of
the model. Mean embeddings, however, sacrifice com-
putational complexity of inference that is a common
drawback for ensembles.

3. Train-test distribution shift A model usually sees
augmented data during training and clean non-
augmented data during test, which can potentially intro-
duce a domain shift, and result in a loss of performance.
MeTTA does not suffer from the shift because it has
exactly the same distribution of data for training and
inference.

2. Classification with Mean Embeddings
We will use linear evaluation—a conventional protocol
for evaluation of embedding that is widely used in self-

supervised learning (Chen et al., 2020). The main idea is to
train a linear classifier on top of the embeddings produced
by a pretrained network, while weights of the network re-
main fixed. Then one can compare pretrained models based
on test performance of the trained linear classifier.

But how to train a model with mean embeddings? More
formally, we are supposed to train the following model
p(y |x) on top of the mean embeddings aens(x,w):

p(y |x) = softmax(θTaens(x,w)) =

= softmax(θTEx̂∼paug(· | x)a
L(x̂; w)), (4)

by minimizing a cross entropy loss

−E(x,y)∼D log p(y |x)→ min
θ
.

However, due to the intractable expectation inside p(y |x)
that is presented under the nonlinear function, a sample-
based gradients of this objective will be biased. We, there-
fore, substitute the loss objective with the following upper
bound, whose unbiased gradients can be estimated:

−log p(y |x)=− log sm(θT Ex̂∼paug(· | x) a
L(x̂; w))y ≤ 2

≤ − Ex̂∼paug(· | x) log sm(θTaL(x̂; w))y → min
w,θ

, (5)

where sm denotes softmax. The equation 5 appears to be the
conventional loss that is used for training a model with data
augmentations. Thus, we can use a conventionally training
with no additional changes needed.

MeTTA seems to help in practice! Using mean embed-
dings show stable improvement over conventional central
crop embedding for both supervised and self-supervised
pre-trained models (Table 1).

2Jensen’s inequality: f(Ex) � Ef(x) for concave f =
� log softmax (Boyd et al., 2004).

https://github.com/google-research/simclr


https://github.com/filipradenovic/cnnimageretrieval-pytorch/blob/master/cirtorch/examples/test.py#L53
https://github.com/filipradenovic/cnnimageretrieval-pytorch/blob/master/cirtorch/examples/test.py#L53
https://github.com/filipradenovic/cnnimageretrieval-pytorch/blob/master/cirtorch/examples/test.py#L53

