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Convolutional neural networks

Image classification: feature vectors are fed into a linear classifier
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Convolutional neural networks

Image classification: feature vectors are fed into a linear classifier

Desired property of CNN: to remain invariant to small translations
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Convolutional neural networks

Image classification: feature vectors are fed into a linear classifier
Desired property of CNN: to remain invariant to small translations

Are extracted features maps stable to translations?
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Shift invariance
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How to make CNNSs shift-invariant?

Trained invariance by data augmentation
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How to make CNNs shift-invariant?

Architectural online invariance

channels

O(Tpx) =~ O(x)

B |What kind of linear and non-linear operators to consider?

B | Are extracted features maps stable to translations?
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How to make CNNs shift-invariant?

Architectural online invariance
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Convolutional layers in CNN
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Convolution & Max Pooling invariance ?
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Shift invariance
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Convolutions are shift-equivariant
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Max pooling layers
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https://cs231n.github.io/convolutional-networks/

Convolutions are followed by a max pooling

* [l
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Convolutions are followed by a max pooling

* [

27



Max pooling builds up shift-invariance
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The scattering transform builds shift-invariant feature vectors:
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General deep convolutional neural networks also
become more translation invariant with increasing
network depth (proved in the continuous framework).

J. Bruna and S. Mallat, “Invariant scattering convolution networks,” IEEE Trans. Pattern Anal. Mach. Intell., vol. 35, no. 8§,
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Invariance studies in CNN

These results do not fully extend to the discrete framework
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Strided convolution and pooling operators may greatly diverge
from shift invariance, due to aliasing when subsampling high-
frequency signals
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Invariance studies in CNN

These results do not fully extend to the discrete framework

Strided convolution and pooling operators may greatly diverge
from shift invariance, due to aliasing when subsampling high-
frequency signals

Aliased signal is correct amplitude, wrong frequency!
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Invariance studies in CNN

These results do not fully extend to the discrete framework

Strided convolution and pooling operators may greatly diverge
from shift invariance, due to aliasing when subsampling high-
frequency signals
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Invariance studies in CNN

These results do not fully extend to the discrete framework

Strided convolution and pooling operators may greatly diverge
from shift invariance, due to aliasing when subsampling high-

frequency signals
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Invariance studies in CNN

These results do not fully extend to the discrete framework

Strided convolution and pooling operators may greatly diverge
from shift invariance, due to aliasing when subsampling high-
frequency signals

R. Zhang, Making Convolutional Networks Shift-Invariant Again, in International Conference on Machine
Learning, 2019.

A. Azulay and Y. Weiss, Why do deep convolutional networks generalize so poorly to small image transformations?,
Journal of Machine Learning Research, 2019.
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Aliasing breaks shift-invariance
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lasing breaks shift-invariance
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Blind spots in the shift-invariance studies

The effect of the max pooling operator on network stability
under small input shifts has not been investigated, particularly
when used in combination with Gabor-like convolutions.
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In the discrete case, the presence of subsampled convolutions with

oriented band-pass filters can lead to aliasing artifacts. To our
knowledge, the literature lacks theoretical studies that take

these aliasing effects into account.
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Blind spots in the shift-invariance studies

The effect of the max pooling operator on network stability
under small input shifts has not been investigated, particularly
when used in combination with Gabor-like convolutions.

In the discrete case, the presence of subsampled convolutions with
oriented band-pass filters can lead to aliasing artifacts. To our

knowledge, the literature lacks theoretical studies that take
these aliasing effects into account.

Although extensive studies have been conducted on complex-valued

convolutions followed by modulus, a link is missing to extend these
results to standard CNNs, which implement real-valued
convolutions and spatial pooling operators.
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Roadmap

Show that, under the Gabor hypothesis, CMod is stable with
respect to small input shifts

Establish conditions on the filter’s frequency and orientation
under which and CMod produce comparable outputs:

Upig IW(X) ~ Ug* [W](X)

Deduce a measure of shift invariance for “operator,
which benefits from the stability of CMod

Extend our results to multichannel operators (RGB images),
such as implemented in conventional CNN architectures

Experimental validation on a deterministic setting based on the
dual-tree complex wavelet packet transform (DT-CWPT)
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Need for a probabilistic framework where X (resp. F) is seen as a
discrete (resp. continuous) stochastic process on Z* (resp. R?)

Hypothesis: uniformly

Quantity of interest: E [(1 — Gmax(a:n))z} distributed
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Experimental validation

What we need:

B A fully deterministic model with predefined convolution kernels

B A set of Gabor-like filters tiling the entire frequency plane and a
unique bandwidth share across all filters

B No prediction, only the first layers are implemented

B Dataset: ImageNet-1K, validation set (50 000 images)

Proposed solution:
B The dual-tree complex wavelet packet transform (DT-CWPT)

B The bandwidth and subsampling are controlled by the depth J

|. Bayram and |. W. Selesnick, “On the Dual-Tree Complex Wavelet Packet and M-Band Transforms,” IEEE TSP, 2008.
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Experiments

Filters generated by the DT-CWPT
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Kévin Polisano - DATA seminar -23/11/2023

2

B HYmaX _ YmodH;

el

0 — ~,(m0)*

82



Experiments

Normalized MSE between cMod and #Max

Outside the scope of our
study (low-pass filters)
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Experiments

Normalized MSE between cMod and #Max

Ymax

ResNet-like scenario
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Experiments

Normalized MSE between cMod and #Max

AlexNet-like scenario
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Experiments

Shift-invariance of #Max outputs
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Experiments

Shift-invariance of #Max outputs

One-pixel shift
along the x-axis
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Conclusion

Exploration of the shift invariance properties captured by
the max pooling operator, when applied on the first layer.

Bridge between complex and standard real CNNs.
Study of the discrete case in a probabilist framework.
Establish a validity domain for near-shift invariance.

Experimental setting based on the dual-tree complex
wavelet packet transform

B (Mod operator can serve as a stable proxy for #Max
enabling to improve shift invariance in CNNs architecture
while preserving high-frequency information.
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