












Dataset Model Original Max Mean GPS Ours
Flowers102 MobileNetV2 90.28± 0.10 90.17± 0.25 90.47± 0.20 88.28± 0.17 92.62± 0.10

Flowers102 InceptionV3 89.28± 0.08 89.59± 0.15 90.07± 0.22 89.93± 0.16 91.16± 0.21

Flowers102 ResNet-18 89.78± 0.17 89.47± 0.11 90.21± 0.23 90.01± 0.22 91.02± 0.17

Flowers102 ResNet-50 91.72± 0.18 91.61± 0.08 91.96± 0.27 92.03± 0.09 92.02± 0.16

ImageNet MobileNetV2 71.38± 0.06 72.50± 0.13 72.69± 0.06 72.50± 0.11 72.43± 0.08

ImageNet InceptionV3 69.66± 0.12 71.8± 0.09 72.45± 0.13 71.57± 0.10 72.79± 0.02

ImageNet ResNet-18 69.37± 0.1 70.26± 0.13 71.02± 0.13 70.8± 0.1 71.06± 0.10

ImageNet ResNet-50 75.78± 0.08 76.62± 0.08 76.91± 0.09 76.73± 0.11 76.75± 0.14

CIFAR100 CNN-7 74.15± 0.18 75.00± 0.31 75.48± 0.11 75.45± 0.21 75.92± 0.20

STL10 CNN-5 77.92± 0.19 77.76± 0.22 78.58± 0.25 78.32± 0.17 78.52± 0.31

Table 1: TTA method performance (Top-1 Accuracy) given standard augmentation policy.

Dataset Model Original Max Mean GPS Ours
Flowers102 MobileNetV2 90.94± 0.16 86.85± 0.24 91.14± 0.08 91.34± 0.16 92.49± 0.20

Flowers102 InceptionV3 89.17± 0.33 87.89± 0.20 89.20± 0.23 89.43± 0.16 91.02± 0.26

Flowers102 ResNet-18 89.20± 0.10 83.30± 0.19 89.47± 0.09 89.90± 0.24 89.78± 0.16

Flowers102 ResNet-50 92.37± 0.13 89.39± 0.19 92.48± 0.11 92.57± 0.21 93.29± 0.21

ImageNet MobileNetV2 71.18± 0.05 67.65± 0.08 71.84± 0.12 72.49± 0.09 72.57± 0.09

ImageNet InceptionV3 69.51± 0.08 66.00± 0.13 70.85± 0.11 71.05± 0.08 71.02± 0.06

ImageNet ResNet-18 69.62± 0.15 66.56± 0.12 70.11± 0.13 70.91± 0.05 70.89± 0.04

ImageNet ResNet-50 75.53± 0.06 71.99± 0.15 75.87± 0.17 76.12± 0.08 76.36± 0.10

CIFAR100 CNN-7 74.37± 0.12 63.90± 0.22 73.41± 0.13 75.07± 0.32 73.18± 0.21

STL10 CNN-5 78.04± 0.18 74.77± 0.12 79.02± 0.21 78.81± 0.27 79.27± 0.22

Table 2: TTA method performance (Top-1 Accuracy) given expanded augmentation policy.

space-constrained settings. This can be seen in the higher
performance of ClassTTA applied to MobileNetV2 (∼3.4
million parameters) compared to the original ResNet-50
model (∼23 million parameters) on Flowers-102.

5.2. Expanded TTA Policy

Results Table 2 presents our results with a larger set of
augmentations. Our method significantly outperforms the
traditional averaging (p-value=2e-7). The results show that
we outperform GPS (p-value=5e-7), exceeding its perfor-
mance on 34 of the 50 trials. Once more, our method
favors ClassTTA for Flowers-102 and AugTTA for Ima-
geNet. Results in the supplement show that ClassTTA
yields larger improvement for Flowers-102 and moderate
improvements on ImageNet. ClassTTA significantly outper-
forms the original model on all datasets (p-value=1e-6). In
the case of MobileNetV2 and ImageNet, our method un-

derperforms the best performing baseline (Mean) because
it selects ClassTTA over AugTTA using the validation set,
when AugTTA performs comparably to Mean.

Analysis Interestingly, many of the TTAs considered in
this policy were not included in any model’s train-time aug-
mentation policy. Each model was trained with only two
train-time augmentations: flips and crops. This suggests
that useful test-time augmentations need not be included
during training and may reflect dataset-specific invariances.

The tradeoff in using an expanded set of TTAs is the in-
creased cost at inference time. Each additional augmenta-
tion increases the batch size that must be passed through
the network. This cost of an expanded set of augmentations
may not be justified according to our results: the accuracy
of ClassTTA using a standard set of TTAs is comparable to
accuracy of ClassTTA using an expanded set of TTAs. This



Figure 6: Augmentations with higher scale parameters
are weighted lower by our method. Learned augmenta-
tion weights for each of the 30 augmentations included in
the standard policy. Higher scales are weighted lower for
both datasets.

may be because the standard set of TTAs overlaps with the
augmentations used during training. Further investigation is
necessary to determine the relationship between train-time
and test-time augmentation policies.

5.3. Learned Weights

The performance of AugTTA and ClassTTA demonstrate
that there are cases where taking the mean of augmentation
predictions is not optimal.

Across all architectures on ImageNet, our method learns
to exclude the augmentations that include a 10% scale from
the final prediction (Figure 6). This reflects our qualitative
analysis suggesting that scales can introduce an undesirable
inductive bias in the final predictions (Figure 3).

While TTA performance given the expanded policy does
not outperform TTA with the standard policy, the learned
weights tell us more about a broader set of reasonable
test-time augmentations for these datasets. For example,
crop, translation, and blur augmentations are consistently
weighted highly in the expanded policy setting. On the
other hand, weights for contrasts, cut-outs, shearing, and
brightness augmentations are consistently learned to be 0.

Similarly, while ClassTTA frequently underperforms
AugTTA, the class-specific weights offer insight into the
training images for each class. Specifically, classes with
higher variance in learned augmentation weights exhibit
higher input variation (Figure 7).

Supporting plots for additional architectures and aug-
mentation comparisons and the expanded test-time augmen-
tation policy are included in the appendix. In each case,
augmentations with higher scale parameters (corresponding
to more zoomed-in images) are weighted lower.

5.4. Computational Cost

The benefit of TTA comes at the cost of repeated infer-
ence. The computational cost of TTA is offset by 1) poten-

Figure 7: Classes with higher variation in learned aug-
mentation weights exhibit higher input variation. We
show examples from two classes with the lowest (left) and
highest (right) variation in augmentation weights (using
ResNet-50, Flowers-102, Standard TTA policy).

tial for batched inference, thereby reducing inference time
and 2) the ease-of-use compared other methods for improv-
ing model accuracy (e.g., model retraining).

Implemented naively, the cost scales linearly with the
magnitude of the TTA policy. However, one can also use
the per-augmentation weights to decide which augmenta-
tions to generate. For ResNet-50 on ImageNet, AugTTA
learns non-zero weights for only 37 of the 128 augmen-
tations in Expanded TTA policy (28%). On Flowers-102,
only 20 (16%) have non-zero weights, demonstrating that
one can also use this method to save computation.

6. Discussion

In this paper, we investigate when test-time augmen-
tation works, and when it does not. Through an analy-
sis of two widely-used datasets—ImageNet and Flowers-
102—we show that the predictions changed by TTA reveal
how weighting augmentations differently can be useful. We
build on these insights to construct a method that accounts
for these factors and show that it outperforms existing TTA
approaches across 4 datasets and 6 models. Analysis of the
learned weights highlights useful test-time augmentations
that lie outside the standard policy of flips, crops, and scales.

The insights shared in this study can improve the field’s
understanding of how TTA changes model decisions. This
work opens promising areas for future work:

• Targeted train-time augmentation policies: TTA ex-
ploits a model’s lack of invariance to certain trans-
forms. A model could instead learn this invariance, as
recent work has shown [3]. The success of TTA could
highlight when and where there is a greater need for
train-time augmentation and can inform a set of class-
specific transforms to include during training.

• Learned augmentations: Learning the weights for each
augmentation is only one way to build on the insights
presented here. One could instead learn a set of aug-
mentations. Past work on TTA considers common aug-
mentations but it is worth considering a broader class
of augmentations.
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