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Abstract

Test-time augmentation—the pooling of predic-
tions across transformed versions of a test input
to increase accuracy—is a common practice in
image classification. Despite being a widely-used
technique, there is little work on how to best per-
form test-time augmentation.

We present a learning-based method for test-time
augmentation. The key idea underpinning our
method is to jointly learn across many classes
which augmentations are most helpful. Our
method can be easily applied to pretrained net-
works, requires no retraining, and significantly
outperforms existing approaches. We ground our
method in an empirical study of test-time augmen-
tation methods and report our results on ImageNet
across a number of popular architectures and aug-
mentations.

1. Introduction

Data augmentation—expanding a dataset by adding trans-
formed copies of each example—is a common practice
in machine learning. Typically, data augmentation is per-
formed when a model is being trained. However, it can
also be useful to augment the test set in order to obtain esti-
mates of uncertainty (Matsunaga et al., 2017; Smith & Gal,
2018; Ayhan & Berens, 2018; Wang et al., 2019a), greater
robustness (Prakash et al., 2018; Song et al., 2017; Cohen
et al., 2019), or improved accuracy (Krizhevsky et al., 2012;
Szegedy et al., 2015; Simonyan & Zisserman, 2014; Jin
et al., 2018; Matsunaga et al., 2017). This process is called
Test-Time Augmentation (TTA) and entails pooling predic-
tions from several transformed versions of a given input to
obtain an overall prediction. For example, when attempting
to classify an image with a neural network, one might av-
erage the predictions from various cropped versions of that
image. In this work, we focus on TTA for the purpose of
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increasing classification accuracy on natural images.

Test-time augmentation provides several advantages over
other methods of increasing accuracy, such as carefully tun-
ing model hyperparameters, obtaining a larger training set,
or ensembling a set of models. The first is that it is extremely
simple to put into practice; it can be implemented with oft-
the-shelf functionality in many libraries (Paszke et al., 2017;
Chollet et al., 2015) with no changes to the underlying
model and no requirement to retrain or collect additional
data. The second is that, unlike the use of a larger architec-
ture, TTA does not increase the size of a model. This can
be crucial on resource-constrained devices (Howard et al.,
2017; Yang et al., 2017). The main downside of test-time
augmentation is that it adds computational burden, since
one must run inference on multiple inputs per prediction
instead of just one.

The goal of this work is to enable improved test-time aug-
mentation for modern image classification networks. We
pursue this goal through two means: 1) An empirical
evaluation of augmentation choices across 4 architectures
trained on ILSVRC2012 (ImageNet) and 2) a learning-based
method for test-time augmentation. This method consists
of jointly identifying both a useful set of test-time augmen-
tations and a function to aggregate the predictions from
each. Experiments show that our method significantly out-
performs existing approaches, and provides consistent accu-
racy gains across a variety of modern networks. Moreover,
it is nearly free in terms of model size and training time as
it adds a model-agnostic number of parameters and takes
less than ten minutes to train.

In short, our contributions are as follows:

e Empirical evaluation of test-time augmentation func-
tions commonly used in practice, and actionable rec-
ommendations for when to use each.

e A new test-time augmentation method that learns a set
of augmentations for a given model and dataset, as well
as how to aggregate the associated predictions. Our
method significantly outperforms existing approaches
and provides consistent accuracy gains across numer-
ous architectures.

Code to reproduce our experiments is available at ht tps:
//smarturl.it/PrincipledTTA.


https://smarturl.it/PrincipledTTA
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2. Related Work

There has been a great deal of work on improving augmenta-
tion at training time (Geng et al., 2018; Paschali et al., 2019;
Hoffer et al., 2019; Hu et al., 2019; Ho et al., 2019b; Xie
et al., 2019; Park et al., 2019; Wang et al., 2019b; Cubuk
et al., 2019b) as well as explaining training-time augmen-
tation’s efficacy from a theoretical perspective (Dao et al.,
2019; Chen et al., 2019). Because our focus is only on
test-time augmentation for the purpose of increasing im-
age classification accuracy, we limit our discussion to work
considering this problem.

Image augmentation at test-time has been used to measure
model uncertainty (Matsunaga et al., 2017; Smith & Gal,
2018; Ayhan & Berens, 2018; Wang et al., 2019a), attack
models (Su et al., 2019; Moosavi-Dezfooli et al., 2016;
Goodfellow et al., 2014), defend models (Prakash et al.,
2018; Song et al., 2017; Cohen et al., 2019), and increase
test accuracy (Howard, 2013; Sato et al., 2015; He et al.,
2016; Simonyan & Zisserman, 2014; Szegedy et al., 2015;
Krizhevsky et al., 2012).

Most works describing a test-time augmentation method
for increasing classification accuracy present it as a sup-
plemental detail to different methodological contribution
being the focus of the paper. For example, Krizhevsky et al.
(2012) note they make predictions by “extracting five 224
X 224 patches...as well as their horizontal reflections...and
averaging the predictions made by the network’s softmax
layer on the ten patches.” He et al. (2016) describe a similar
setup, though also include an additional variation involving
many more augmentations. The latter variation incorporates
rescaling of the input in addition to cropping and flipping.
This cropping, scaling, and flipping combination is also em-
ployed by Simonyan & Zisserman (2014) and Szegedy et al.
(2015), though with differing details in each case. While
most of these papers report results with and without test-
time augmentation, none offers a systematic investigation
into the merits of each augmentation function or how their
benefits might generalize to other networks.

The two works most closely related to our own are those
of Sato et al. (2015) and Howard (2013). The former seek
to improve classification accuracy by employing test-time
augmentation, just as we do. Their method samples aug-
mentation functions randomly for each input, and makes
predictions by averaging the log class probabilities derived
from each transformed image. In contrast, we optimize both
the set of augmentations used and the function that aggre-
gates the predictions from each. Howard (2013) considers
the same problem and uses an optimized set of augmenta-
tions just as we do. This method of choosing augmentations
is described only as a “greedy algorithm” that “starts with
the best prediction and at each step adds another prediction
until there is no additional improvement,” without offering

further detail. The method is evaluated on a single network
and dataset, and does not learn to aggregate predictions as
we do.

3. Problem Statement

Our goal is to construct a classifier that operates by feeding
transformed copies of a given image into a pretrained model
and intelligently aggregating the resulting predictions. We
assume four inputs:

1. A pretrained black-box model f : X — R that maps
images to vectors of class probabilities. We use X to
denote the space of images on which the model can
operate and C' to denote the number of classes.

2. A set of M augmentation functions, A = {am }2_,.
Each function a,, : X — X is a transform designed
to preserve class-relevant information while modifying
variables presumed to be class independent such as
image scale or color balance.

3. Asetof N images X = {;} , and associated labels
{31, vi € {1,...,C}. This could be a subset of
the training set.

4. A count K, the number of augmentation functions that
can be used.

Given these inputs, our task is to learn a pair (B, g), where:

e B C Aisaset of K augmentation functions, and

e g: REXE 5 [1 ... C} is an aggregation function.
g that takes in the vectors of predictions for all K
transformed versions of a given image and uses them
to produce an overall prediction.

In the next section, we examine how existing approaches
to test-time augmentation fit into this formulation, examine
their benefits, and conclude with actionable recommenda-
tions. We then discuss a learning-based method to learn 5
and g from N labeled training images in Section 5.

4. Current Test-Time Augmentation

In this section, we examine existing approaches to test-
time augmentation, in which model predictions on a set of
augmentations are combined using a simple average. In
this setting, the M augmentations are predefined by the user,
g weights each augmentation equally, and K is equal to
M. We will refer to this setting of g as standard test-time
augmentation.

Through an empirical analysis of the benefits and drawbacks
of this approach, we deliver practical recommendations
about the use of test-time augmentation and intuition for
how it transforms model predictions.
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4.1. Networks

We consider four widely-used models for image classifica-
tion: MobileNetV2, ResNet-18, ResNet-50, and ResNet-
101. We choose these for their ubiquity across experiments
on ImageNet. We use the pretrained models from the Py-
Torch model zoo with an image resolution set to be 224x224.
Each of these networks is a modification of the residual
network architecture, making the number of trainable pa-
rameters the major differentiator between them. Training
time augmentation for each model includes horizontal flips
and random crops only.

4.2. Augmentations

We consider various augmentations that have previously
been used at test time. Each augmentation corresponds
to a set of augmentation functions. Included in each set
is the identity augmentation function, along with an aug-
mentation function for each possible transform. When an
augmentation is not discrete (e.g. brightness and crop),
the set contains the identity augmentation function and the
application of a randomly sampled augmentation function.

e /flip has two augmentation functions: the identity func-
tion and a function that applies a horizontal flip.

e crop has five augmentation functions: an identity-like
function (the center crop) and four functions that pro-
duce a 224x224 crop from each corner.

e brightness has two augmentation functions: the iden-
tity function and a function that applies a brightness
transform parameterized by o, where « is drawn from
a uniform random distribution over [.9,1.1].

e rotation has three augmentation functions: the identity
function, a function that applies a rotation transform of
0 degrees, where 6 is uniformly sampled over [-3, 0],
and a function that applies the same rotation transform
sampled over [0, 3].

e combination composes the preceding augmentations to
produce a set of 2 - 5 - 2 - 3 = 60 unique augmentation
functions.

We limit the magnitudes of the brightness and rotation
changes so that the transformed images remain close to
the distribution of images the pre-trained models have seen.

There are a number of more complex augmentations that
have been shown to improve model accuracy when included
during training (Cubuk et al., 2018; Ho et al., 2019a; Cubuk
etal., 2019a). We limit our focus to the above augmentations
for two reasons: 1) their prevalence in the literature and 2)
their simplicity.

4.3. Empirical Study

In this experiment, we evaluate the effect of standard test-
time augmentations on Top-1 and Top-5 image classification
accuracy.

4.3.1. EXPERIMENT SET-UP

We consider each of the networks and augmentations in-
troduced in Section 4.1 and Section 4.2. We replace each
model prediction with an average over the original model
prediction and model predictions on the augmented images
and measure the resulting Top-1 and Top-5 classification
accuracy. Results reported are based on the ILSVRC2012
validation set, containing 50000 images across 1000 classes.
We report the changes in model accuracy over 5 runs (sam-
pling 80% of each class for each run) in Figure 1. We eval-
uate significance using a paired t-test over 20 experiment
results, representing 20 model and test-time augmentation
combinations.

4.3.2. RESULTS

Certain test-time augmentations are more helpful than
others. In Figure 1 we separate results into ‘beneficial’
augmentations (Aflip and crop) and ‘harmful’ augmenta-
tions (brightness and rotation), where ‘beneficial’ test-time
augmentations consistently improve model accuracy and
‘harmful’ test-time augmentations consistently decrease ac-
curacy. The improvement of the ‘beneficial’ standard test-
time augmentations over original prediction is significant
with a p-value of 3 x 1075,

Despite the conservative ranges employed, brightness and
rotation test-time augmentations hurt model performance
across all architectures. Previous work has shown the insta-
bility of model outputs to certain perturbations (Engstrom
et al., 2017), and our study corroborates these results. The
significant drop in accuracy caused by brightness suggests
that these models use brightness as an important classifica-
tion cue.

Relying on standard test-time augmentation places the re-
sponsibility of understanding which augmentations are ap-
propriate at test-time on the machine learning practitioner.
This is a data-dependent decision and we see that in the con-
text of brightness and rotation, model performance suffers
from the wrong choice.

Notice that the ‘beneficial’ test-time augmentations were
also employed during training of each model. This suggests
that successful test-time augmentations are related to the
augmentations used during training. Or, this could also
be because of the relative difficulty of learning certain in-
variances. We leave the study of this relationship to future
work.
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Performance of 'Beneficial' Test-Time Augmentations
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Figure 1. Performance of test-time augmentations across four ar-
chitectures on Imagenet. The upper figure shows performance gain
of the beneficial augmentations Aflip and crop in terms of Top-1
and Top-5 accuracy. The bottom plot shows the decrease in the
same metrics for rotation, brightness, and combination.
Test-time augmentation exhibits model-specific trends.
Smaller models exhibit more variable responses to test-time
augmentation procedures compared to their larger counter-
parts. MobileNetV2 and ResNet-18 stand to gain up to
1% in Top-1 accuracy from test-time augmentation, but also
stand to lose up to 4% in Top-1 accuracy from poorly chosen
test-time augmentations. We show later that our proposed
method does not experience this downside.

With larger models, the magnitude of harm incurred by
‘harmful’ augmentations decreases. This may be because
a larger model size has a higher invariance to the augmen-
tation in question. In the following section, we present a
method to identify useful test-time augmentations from a
set of augmentations given a pre-trained model and a small
training set.

5. Learned Test-Time Augmentation

We address the limitations of standard test-time augmen-
tation by learning the set of augmentations to use, 3, and
the aggregation function, g, in two steps. First, we learn
B by greedily maximizing a lower bound on the training
log likelihood. Given B, we then learn a parameter vector
0 to weight the predictions from each augmentation. We
elaborate on each step below.

5.1. Learning to Rank

We formulate the problem of selecting augmentations as
that of finding a vector @ such that & S>% 1(w @, ;) is
minimized subject to the constraint ||@y|| < K. Given 0,
the set B3 is defined as the indices of the K nonzeros. We
define A; to be the matrix of model predictions over the set
of augmentations for image z;. Thus, A" corresponds to the
model output on test image x; transformed by augmentation
function m.

We choose an [y-constrained regression formulation for sev-
eral reasons. First, it requires no knowledge or modification
of the model—only precomputed outputs A;. Second, this
is a well-studied problem with simple and theoretically-
grounded solutions. Third, the [y constraint makes it easy to
choose an exact number of nonzeros; this is in contrast to
an [;-constrained minimization, which requires sweeping a
regularization parameter to obtain a desired level of sparsity.

We consider two strategies for learning the K-sparse vec-
tor w. The first strategy is to simply fit w to minimize
+ Zf\il I(w " ¥;, ;) with no sparsity constraint, and then
zero out all but the K indices with the largest magnitudes.
We refer to this approach as Logistic Regression with Hard
Thresholding (LRHT). This approach lacks guarantees, but
the practice of retaining only weights with largest magni-
tudes is common in the neural network pruning literature
(Hagiwara, 1994; Han et al., 2015b;a; Frankle & Carbin,
2018). It also has the advantage of training extremely
quickly, since it only entails solving a convex minimiza-
tion problem.

The second strategy we consider is Orthogonal Matching
Pursuit (OMP) (Pati et al., 1993). This algorithm iteratively
selects the augmentation m such that column vector E, [ A"
has highest cosine similarity with the current gradient of the
loss. After selecting each augmentation, it refits the nonzero
indices of w to minimize the loss. This approach has strong
sparse-recovery and approximation guarantees, and is sim-
ple to implement. It does require fitting K separate logistic
regression models, but these convex optimization problems
are still orders of magnitude faster to solve than training
the original network. We can fit each model in minutes on
ImageNet with a single CPU. Note that this is done once
per model, not once per inference.

5.2. Learning to Aggregate

After learning the set of augmentations , we learn the ag-
gregation function g : RC*K — RC. Many families of
functions are possible; in principle, g could even be a neural
network. In order to avoid adding significant size or latency
to the model, however, we only consider functions of the
form
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g(A;) 20 A, (1)

where ® denotes element-wise product and © € RX is a
matrix of trainable parameters. In words, g learns a weight
for each augmentation, and sums the weighted predictions to
produce a final prediction. In scenarios where abundant la-
beled training data is available, one may opt for © € R¢* X
where 6 is solely tasked with learning which augmentations
are helpful on a class-specific basis. We refer to the R
case as “Partial-LR” and the second, which has a parameter
for each class/augmentation pair, as “Full-LR”. We learn the
parameters © by minimizing the cross-entropy loss between
the true labels y; and the output of g(B) using gradient
descent.

6. Experiments

There are two parts to our method: ranking and aggregation.
We evaluate each in isolation below. Results show that rank-
ing test-time augmentations with LRHT and aggregating the
resulting predictions using Partial-LR is the most successful
approach. Unless otherwise stated, we use “our method” as
shorthand for this combination.

6.1. Ranking
6.1.1. EXPERIMENTAL SET-UP

We focus on the same architectures used in Section 4. We
aim to generate a sorted list of the top ten test-time aug-
mentations from a set of sixty test-time augmentations. We
generate the sixty test-time augmentations from all combi-
nations of four transforms: Aflip (2 transformations), crop
(5 transformations), brightness (2 transformations) and ro-
tation (3 transformations).

The performance of each ranking is dependent upon the
aggregation function used, so we fix the aggregation func-
tion to be Partial-LR for each run. We choose Partial-LR
over Full-LR since its performance is more stable (see the
following section). We train our aggregation layer on each
set of k augmentations identified by the ranking algorithm.

We evaluate three approaches to ranking:

e Logistic Regression (LRHT): We train our aggregation
model over all augmentations and order the augmenta-
tions by their learned coefficients.

e Orthogonal Matching Pursuit (OMP): We use orthog-
onal matching pursuit to iteratively identify & compo-
nents and then train our aggregation layer on this fixed
set of augmentations. We use this ordering to train an
aggregation function for each value of k.

e Baseline (APAC): For each test image, APAC randomly
selects k test-time augmentations from a set of poten-

tial augmentations.

6.1.2. RESULTS

Among all of the ranking methods, LRHT exceeds the origi-
nal model accuracy for up to 10 ranked augmentations out
of a set of 60. A closer examination of the relationship
between LRHT and OMP can be found in the bottom plot of
Figure 2 — we see that LRHT never reduces Top-1 accuracy,
whereas OMP occasionally does.

Ranking methods that produce a good ordering would
demonstrate a monotonically increasing curve in which addi-
tional augmentations produce diminishing returns. However,
Figure 2 shows that LRHT performance is the only one that
is monotonic. OMP is not monotonic on ResNet-18 and
APAC is not monotonic on MobileNetV2, ResNet-18 and
ResNet-101. Moreover, LRHT outperforms original model
accuracy (plotted in green) for all £ € [2, 10]. For both Mo-
bileNetV2 and ResNet-50, OMP selects an augmentation
that does not exceed the model’s original accuracy. The
ordering of ranking methods in terms of Top-1 accuracy is
consistent across all £ and all architectures, where LRHT
outperforms OMP, and OMP outperforms APAC.

We also see that the application of Partial-LR does not im-
prove performance on its own; the selection of augmen-
tations plays a crucial role in exceeding original model
accuracy.

6.2. Aggregation
6.2.1. EXPERIMENTAL SET-UP

We provide each model 50 images from each ImageNet
class, amounting to ~5% of the training dataset. We trained
each model using SGD with momentum on an NVIDIA Ti-
tan Xp GPU to convergence or 10 epochs, whichever comes
first. Training parameters are the same across runs and in-
clude a learning rate of .01, momentum of .9 and weight
decay of 107%. We perform 5 runs of each experiment,
sampling 40 images from each class per run.

We consider four approaches to aggregation:

e Partial Logistic Regression (Partial-LR): Partial-LR
has K parameters, one for each augmentation.

o Full Logistic Regression (Full-LR): Full-LR has KC
parameters, one for each augmentation-class pair. This
enables learning which augmentations are beneficial
for each class.

e Maximum Predicted Probability (Max): We choose the
augmented prediction with the highest predicted proba-
bility in any class. Predicted probability offers a noisy
proxy for confidence as shown by Guo et al. (2017).
This baseline equates to taking the ‘most confident’
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Performance of Ranking Algorithms for Test-Time Augmentation
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Figure 2. The per-augmentation gain of a ranked list of test-time augmentations, as ranked by our method (LRHT) and others. The bottom
row omits APAC to enable closer inspection of LRHT, OMP and original model performance. We see that LRHT exhibits 1) monotonic
behavior, signifying a useful ranking of test-time augmentations and 2) consistently the largest Top-1 accuracy gains. The bottom figure
highlights the comparison between LRHT, OMP, and the original model accuracy.

prediction out of a set of predictions.

e Average (Mean): We also consider taking the sim-
ple average over the output logits for each of the aug-
mented images, instead of learning another aggregation
function. This is standard practice in test-time augmen-
tation.

6.2.2. RESULTS

As shown in Figure 3, both Partial-LR and Full-LR can offer
significant improvements over existing approaches. The
success of Full-LR depends on the amount of training data
available because of the number of parameters the model
must learn. In the absence of a large amount of labelled
data, we recommend the use of Partial-LR.

Partial-LR significantly outperforms existing approaches
under a paired t-test across architectures (p = .0008). Im-
provements from Partial-LR are more consistent across
architectures and augmentations when compared to Full-
LR. Moreover, Partial-LR protects model performance from
“harmful” augmentations by mitigating the effect of poorly
chosen test-time augmentations. In the case of combination,
which includes both beneficial and harmful augmentations,
Partial-LR turns a 6% decrease in Top-1 accuracy into a
1.2% increase in Top-1 accuracy for MobileNetV2.

Full-LR fails to perform well when given this amount of
labelled data. As described in Section 5.2, the number of
parameters in Full-LR is a factor of both K (the number of

augmentations) and C' (the number of classes). This means
that Full-LR for Aflip learns 2000 parameters (2 augmen-
tations, 1000 classes) and Full-LR using crop learns 5000
parameters (5 augmentations, 1000 classes). Thus, learning
Full-LR for Aflip requires less data than Full-LR for crop.
The results in Figure 3 show that augmentation schemes
that produce fewer augmentations benefit more from Full-
LR than larger augmentation schemes when given the same
amount of training data. For example, where Partial-LR of-
fers no improvement over standard test-time augmentation
using Aflip, Full-LR adds up to 0.6% to a model’s Top-1
accuracy.

7. Additional Experiments

In this section, we describe our method’s application to
anytime classification, projected computational costs, and
effect on class accuracies.

7.1. Anytime Classification

The result in Section 6.1 may be applied to the task of
anytime classification. In this setting, a machine learning
practitioner is afforded a fixed budget of time. Extra time
affords extra improvements to model accuracy. Test-time
augmentation falls neatly into this setting in that a higher
budget for inference time allows for aggregation over a
larger number of augmentations. Figure 2 demonstrates that
a larger number of augmentations translates to higher model
accuracy, at up to a 1% improvement for popular pre-trained
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provements, while Full LR achieves the best accuracy when given
enough training data.

models. Settings appropriate for machine learning vary
widely in terms of computational resources, and test-time
augmentation offers a flexible solution.

7.2. Speed

Since we intend this tool to be a simple addition to image
classification networks, we offer a summary of the time it
takes—in both training and inference—and the correspond-
ing accuracy gain. Importantly, this computational cost is
independent of model size and confers improvements in
accuracy across the board. We report the training time for
Partial-LR and each of the four considered architectures in
Table 1. We calculate the change in inference time by aver-
aging the inference time on 100 images, ignoring inference
time on the first 50 images as a warmup period.

7.3. Class-Specific Changes In Accuracy

While standard test-time augmentation improves many
model predictions, it also changes some predictions to be in-
correct. In this experiment, we assess which classes benefit
most from our proposed method for test-time augmentation.

7.3.1. EXPERIMENT SET-UP

We produce Figure 4 by identifying classes for which the
application of standard test-time augmentation improves
that class prediction accuracy by more than 5%. Since
the ImageNet validation set contains 50 images per class,
this is equivalent to looking at classes in which test-time
augmentation corrects 3 predictions. This leaves us with
approximately 200 improved classes, out of the original
1000. We bin these classes by their original Top-1 Accuracy,
producing ten groups of classes for different brackets of
model performance. Within each group, we plot the number
of classes whose accuracy improves with the application of
our test-time augmentation in blue and standard test-time
augmentation in orange. It is important to note that these
graphs do not display the magnitude of change, but only the
sign. Focusing on the sign prevents the measurement from
being dominated by large accuracy changes in a few classes.

7.3.2. RESULTS

Two trends are of note in Figure 4. Using the combination
of LRHT with Partial-LR, we increase the frequency of
TTA improvement across every bin of class accuracy. In
particular, we see dramatic improvements in the frequency
of TTA success for classes in the range of 40-70% Top-1
prediction accuracy.
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Test-Time Augmentation Effect on Original Class Accuracy
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Figure 4. Class-specific improvements in accuracy from the application of our method vs. standard test-time augmentation. The blue
histogram shows the number of classes improved by our method in a particular range of original Top-1 accuracies. The orange histogram
plots the same for standard test-time augmetnation. Three trends are noteworthy: 1) Our method improves performance for more classes
than standard test-time augmentation; 2) across architectures, our method improves TTA performance on classes whose original prediction
accuracy falls between .4 and .7; and 3) larger models see fewer classes improved compared to their smaller counterparts.

Moreover, our method for test-time augmentation improves
more classes than standard test-time augmentation. Stan-
dard test-time augmentation improves Top-1 classification
accuracy for 51 + 17 classes, while our method improves
Top-1 accuracy for 137 & 23 classes.

Our method also decreases the accuracy in fewer classes
than standard test-time augmentation. We include the his-
togram relating this relationship in the supplemental ma-
terial. In conjunction, these results show that our method
decreases the accuracy for fewer classes than standard test-
time augmentation and increases the accuracy of more
classes.

8. Conclusion

The goal of this work is to enable better test-time augmen-
tation for image classification networks. To do this, we
introduce a method of intelligently selecting augmentations
and aggregating the predictions derived from them. Experi-
ments on ILSVRC2012 using several networks show that
our method consistently outperforms existing approaches.
While the performance gain is small in absolute terms, it
is large compared to the current gains from test-time aug-
mentation. Our method offers a statistically significant and
practically free improvement to existing pre-trained models.
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