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QUESTIONS

Invariance to identity-preserving trans-
formations Is a key mechanism In the
primate visual ventral stream [1, 2].

Are the representations of DNNs also
invariant?

Can data augmentation help improve
the robustness?

ABSTRACT

Deep convolutional neural networks trained for image object categorization have shown remarkable similarities with representations found across the primate ventral visual
stream [3]. Yet, artificial and biological networks still exhibit important differences. Here we investigate one such property: increasing invariance to identity-preserving image
transformations found along the ventral stream [1, 2]. Despite theoretical evidence that invariance should emerge naturally from the optimization process [4], we present
empirical evidence that the activations of convolutional neural networks trained for object categorization are not robust to identity-preserving image transformations
commonly used in data augmentation [5]. As a solution, we propose data augmentation invariance, an unsupervised learning objective which improves the robustness of the
learned representations by promoting the similarity between the activations of augmented image samples. Our results show that this approach is a simple, yet effective and
efficient (10 % increase in training time) way of increasing the invariance of the models while obtaining similar categorization performance.

METHODS

Evaluation of invariance

We want to assess the Invariance of
DNN's features under the Iinfluence of
identity-preserving transformations.

The high level representations of the six images on the right learned by a
standard DNN are equally similar to the reference image (left).

RESULTS

* The high-level representations learned
by a standard DNN are not more robust to
identity-preserving transformations than
at pixel space (red boxes).

e Qur proposal, data augmentation
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CONCLUSIONS

e We have empirically shown
that prototypical DNNs are not
iInvariant to identity-preserving
transformations.

e This property is fundamen-
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Learning invariance

 Data augmentation within the batches
e Layer-wise terms in the loss function:

By applying our data augmentation invariance, the high level representations
of transformations of the reference image become indeed similar (robust) and
the categorization performance stays as good or better.
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dify the loss function to maxi-
mize their similarity.

e Our method, data augmenta-
tion invariance effectively pro-

1 l . . Layer 8
0 kaf,xi’xjgkd( )(x,,xj) 1.0 — Layers ) dyces more robus.t representa-
Linv - _1 d(l) T T o Data augmentatTc())g invariance 7 R | t|OnS, at no COSt N performan-
| B|? ZXi»XJ€Q3 (x,,x]) 0.8 Layer 1 | ce and only 10 % increase of
L l o -0 training time.
L — (1 — (X)L()b] —I_ Z OC( ) — 0.6 o Layer 4 - 0.6
l__-l \E) Layer 5
N O 04 Layer 6 -04 [1] DiCarlo, J. J., & Cox, D. D. (2007). Untangling
° H|gher |ayer5 are set to be exponentia- o Layer 7 invariant object recognition. Trends in Cognitive
: : o Layer 8 -0.2 Sciences.
lly more invariant than early layers. U 02 Layer 9 I [2] Tacchetti, A., Isik, L., & Poggio, T. A. (2018).
- ' — 2 5 10 . 50 100 500 300 350 0O Invariant recognition shapes neural representations
i © . . . of visual input. Annual review of vision science.
Experlments S 00 — - —— T —— Dynamics of the invariance loss [3] Kietzmann, T. C. et al (2017). Deep neural
: > ' : networks in computational neuroscience. Oxford
e Network architecture: All-CNN = . 1 * In the baseline model (tOD), the Research Encyclopedia of Neuroscience.
 Data set: CIFAR-10 -0.2 — iInvariance loss increases during training. [4] Achille, A., & Soatto, 5. (2018). Emergence of
. o , _ _ ) invariance  and disentanglement in deep
« Hyperparameters as in original model Model « With data augmentation invariance representations. JMLR.
— B Baseline [5] Herndndez-Garcia, A., & Konig, P. (2018). Data
04 B Data augmentation invariance (bottom), the IOSS SmOOtth decreases' augmentation instead of explicit regularization.

Input

Layer 1

Layer 2 Layer 3 Layer 4 Layer 5 Layer 6 Layer 7 Layer 8 Layer 9

arXiv preprint.



