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Image classification with embedded Al
Convolutional Neural Networks

Example : image classification of ImageNet.
Images of size 224 x 224 x 3, in 1000 classes.

model = keras.Sequential()
model.add(layers.Dense(1000, activation='relu’, input_shape=(224x224+3,)))
model. summary ()

Model: “sequential 1"

Layer (type) Output Shape Param #

dense_1 (Dense) (None, 1000) 150529000

Total params: 150,529,000
Trainable params: 150,529,000 N
Non-trainable params: @

224 x 224 x 3 pixels 224 x 224 x 3 1000
neurones neurones

» Spacial information is lost during flattening (input is a vector).

> A classical perceptron requires (224 x 224 x 3+ 1) x 1000 + 1 000
parameters, i.e. > 1.5-10° parameters!
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Image classification with embedded Al

Example : image classification of ImageNet.
Images of size 224 x 224 x 3, in 1000 classes.

224 x 224 x 3 pixels 4 Conv layers + 34 neurons

» Use of spacial information to (auto) extract features inside the image.
» A convolutional neural networks requires

(3x5x5+1+4)x8+(8x5x5+1+4)x16+4(53x53x16+1)x32+(324+1)x2
parameters, i.e. 1.4 - 10° parameters (mostly in the dense layer)

P. Leleux ; Machine Learning 2 — 5A — Convolutional Neural Networks 2/49
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Image classification with embedded Al

Computational /Memory complexity

Network < neural network with

initial weights

while not converged do
BACKPROP-ITER(E, Network)

Solution : (Stochastic/mini-batch
gradient descent) :

select a small subset of example on
which to propagate the error

Problem : Network < neural network with

» slow, requires the derivatives initial weights

» gradient computation is costly while not converged do
and increases with MiniBatch < sample(E, k)

> number of weight |w| BACKPROP-ITER(MiniBatch,

> number of examples |E] Network)
= O(|w| x |E])

Universié
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Image classification with embedded Al

Computational /Memory complexity

Complexity :
» NN : O(|w| x |E|) with |E| number of examples and |w| number of weights
> CNN:

> conv. layers :O(|E| x (px x f? x k)), with |E|/px number/size
of images, f/k size/number of filters in the layer,

» dense layer :O(|E| x |W])), with |W| < |w| weights.

For a same application, we have generally that
Complexity(NN) > Complexity(CNN) because :

» the dense layers work on reduced (but enriched) data,

» each image is (kind of) used for several gradient updates of filter
coefficients (several applications of the convolution).

nnnnnnn

e
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Image classification with embedded Al
Frugal Al / Tiny ML

Audiovisual equipment | | Manufacturing equipment Gaming consoles

> Low resources : memor
. . i Embedded
computations, instructions, etc. systems
> dlgltal signal processing, Motion sensors Domestic appliances
» data transmission. ( )

Telecommunication

Medical devices equipment (Cars and vehicles

Question : what can we do to decrease the complexity of CNN to make
embedding on device possible ?
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Image classification with embedded Al
Frugal Al example : DTW + k-NN

Complexity :

> DTW similarity matrix : O(|E| * n?) with
n dimension of time series

P. Leleux ; Machine Learning 2 — 5A — Convolutional Neural Networks
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Image classification with embedded Al
Frugal Al example : DTW + k-NN

Complexity :
> DTW similarity matrix : O(|E| * n?) with
n dimension of time series
—> decrease size of times series 7 E.g.
decrease frequency but...
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Image classification with embedded Al
Frugal Al example : DTW + k-NN

Complexity :
> DTW similarity matrix : O(|E| * n?) with
n dimension of time series
—> decrease size of times series 7 E.g.
decrease frequency but...
= with global constraint O(|E| * B * n)
with B the constraint band size
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Image classification with embedded Al
Frugal Al example : DTW + k-NN

Complexity :
> DTW similarity matrix : O(|E| * n?) with
n dimension of time series
—> decrease size of times series 7 E.g.
decrease frequency but...
= with global constraint O(|E| * B * n)
with B the constraint band size

> k-NN : O(|E|log(|E|) (sort distances)

P. Leleux ; Machine Learning 2 — 5A — Convolutional Neural Networks
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Image classification with embedded Al

Frugal Al example : DTW + k-NN

0 o o 26
- @ .
. @) Q . ° Complexity :
- d
T . 5 > DTW similarity matrix : O(|E| * n?) with
L]
- ® n dimension of time series
e — —> decrease size of times series 7 E.g.

decrease frequency but...
= with global constraint O(|E| * B x n)
with B the constraint band size

> k-NN : O(|E|log(|E|) (sort distances)
= select best/mean profile(s) from
training set for each class!

P. Leleux ; Machine Learning 2 — 5A — Convolutional Neural Networks



INSTITUT NATIONAL
DES SCIENCES
APPLIQUEES
TOULOUSE

INSA

Image classification with embedded Al

Frugal Al example : DTW + k-NN

o o e 16
os .4(2) /1) L] °
) . .(14‘) Q . ° Complexity :
T o o > DTW similarity matrix : O(|E| * n?) with
. n dimension of time series
e — —> decrease size of times series 7 E.g.
decrease frequency but...
. 0 o 1 = with global constraint O(|E| * B * n)
. o of with B the constraint band size
Rt T > k-NN : O(|E|log(|E]) (sort distances)
e = select best/mean profile(s) from
R Soe, o training set for each class!
1 o cluster2 VRKE
v cluster 3 egg 0%
0-| % centroids ° °
5 -'1 o i 2 é
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Image classification with embedded Al
Optimization of CNN

» Low resources : memory,
computations, instructions, etc.

» d|g|ta| Signa' processing, udiuvisualequipment Manufacturing equipment| Gaming consoles

» data transmission.

v
Embedded

Motion sensors

Domestic appliances

>

» Size of images : px, ( )

» Number of weights : |w], % dk
2

>

Number of images : |E

Size/number of filters : (f, k), Wedicaldevices e Carsandvehicles
Network architecture. )
Question : what can we do to decrease the complexity of CNN to make —

embedding on device possible ?
P. Leleux ; Machine Learning 2 — 5A — Convolutional Neural Networks 6/49
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Section 1

Optimization of CNN
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Image classification with embedded Al

Frugal Al example : DTW + k-NN

Complexity :
> conv. layers :O(|E| x (px x 2 x k)), with
|E|/px number/size of images, f/k
size/number of filters in the layer,
> dense layer :O(|E| x |W])), with ||
weights.

Optimization/Compression ?

P. Leleux ; Machine Learning 2 — 5A — Convolutional Neural Networks
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Image classification with embedded Al
Frugal Al example : DTW + k-NN

Complexity :
> conv. layers :O(|E| x (px'x 2 x k)), with
|E|/px number/size of images, f/k
size/number of filters in the layer,
> dense layer :O(|E| x |W])), with ||
weights.

Optimization/Compression ?

» Dimension reduction :
> decrease px : dimension reduction

P. Leleux ; Machine Learning 2 — 5A — Convolutional Neural Networks
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Image classification with embedded Al
Frugal Al example : DTW + k-NN

Complexity :
> conv. layers :O(JE{ x (px' x f* x k)), with
|E|/px number/size of images, f/k
size/number of filters in the layer,
> dense layer :O(JE] x |W])), with ||
weights.

Optimization/Compression ?
» Dimension reduction :
> decrease px : dimension reduction

> decrease |E| : stocchastic gradient
descent

P. Leleux ; Machine Learning 2 — 5A — Convolutional Neural Networks
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Image classification with embedded Al
Frugal Al example : DTW + k-NN

Complexity :
> conv. layers :O(JET x (px x f* x K)), with
|E|/px number/size of images, f/k
size/number of filters in the layer,

> dense layer :O(|E x |#()), with |¥|

weights.

Optimization/Compression ?

224x224x3 224224564

» Dimension reduction :
> decrease px : dimension reduction

e resaan oo 1y 1010m > decrease |E| : stocchastic gradient
iii—=:t
descent
(7 convolution +Roly -
g macoming » then decrease... f, k, W?

fully nected + Rell
softmax
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Image classification with embedded Al
Frugal Al example : DTW + k-NN

Complexity :

> conv. layers :(|ET x (px x f* x K)), with
|E|/px number/size of images, f/k
size/number of filters in the layer,

> dense layer :9(|ET x |#()), with ||

weights.

Optimization/Compression ?

224x224x3 224224564

» Dimension reduction :
> decrease px : dimension reduction

7x7x512

BIBPR 50 1 a0m 1111000 » decrease |E| : stocchastic gradient
iii—=:t €] g
descent
(9 convoluton +Rell -
g roveons > then decrease... f, k, w? O (flops/MB)?

softmax
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Image classification with embedded Al
Frugal Al example : DTW + k-NN

Complexity :

> conv. layers :(|ET x (px x f* x K)), with
|E|/px number/size of images, f/k
size/number of filters in the layer,

> dense layer :9(|ET x |#()), with ||

weights.

Optimization/Compression ?

224x224x3 224224564

» Dimension reduction :
> decrease px : dimension reduction

7x7x512

BIBPR 50 1 a0m 1111000 » decrease |E| : stocchastic gradient
i €] g
descent
(9 convoluton +Rell -
g roveons > then decrease... f, k, w? O (flops/MB)?

softmax

» Today's lecture (and part of next) :
techniques for CNN —
optimization/compression (and NN) = -

8/
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CNN optimisation
Parenthesis : libraries

Do you know the difference between Tensorflow, Keras, scikit-learn, Pytorch ?

@t [ O

Universié
Fidérale
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CNN optimisation
Parenthesis : libraries

Do you know the difference between Tensorflow, Keras, scikit-learn, Pytorch ?

All are Python libraries for machine learning!

TensorFIow

» scikit-learn : basic methods, VERY user friendly !

» Tensorflow : advanced, CPU+GPU, deep learning

» Keras : high level layer over Tensorflow, user friendly !
| 4

Pytorch : advanced, CPU+GPU, deep learning (complicated...)

P. Leleux ; Machine Learning 2 — 5A — Convolutional Neural Networks
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CNN optimisation
Parenthesis : libraries

Do you know the difference between Tensorflow, Keras, scikit-learn, Pytorch ?

TensorFIow

All are Python libraries for machine learning!
» scikit-learn : basic methods, VERY user friendly ! [Lab 1]
Tensorflow : advanced, CPU+GPU, deep learning [Lab 2]

>
> Keras : high level layer over Tensorflow, user friendly! [Lab 2]
» Pytorch : advanced, CPU+GPU, deep learning (complicated...)

What will we use in labs?
And what about embedded Al ?

P. Leleux ; Machine Learning 2 — 5A — Convolutional Neural Networks
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CNN optimization
Tensorflow Lite

T TensorFIow Lite

Model Optimization
for On-Device
Machine Learning

Universié
Fidirale

N et
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CNN optimization
Tensorflow Lite

T ‘TensorFIolete TensorFlow Lite >

Model Optimization
for On-Device
Machine Learning

Train Convert

|:| File format D Infrastructure
TensorFlow APIs

2 steps (1) : 0 e [ s

1. TF : better model
(1.5. TF : compress) | tFkeras |

model
2. TFLite :
convert D optimize

Savedvodel | Concrete

Function(s)

TFLite TFLite TFLite
Converter Flatbuffer interpreter
server client

P. Leleux ; Machine Learning 2 — 5A — Convolutional Neural Networks 10/49
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CNN optimization
1) Tensorflow : better model

Classical steps combined with validation approach (e.g. k-folds) :
1. Data preprocessing

2. Finding hyperparameters ?

<

'
4

'—'h--%é :

ImageNet Convolution Fully connected  Predicted
dataset 1ayer> layers labels
Transfer
learning
i Predicted
Medical Convolution Fully connected labels

dataset layers layers
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CNN optimization
1) Tensorflow : better model

Classical steps combined with validation approach (e.g. k-folds) :

1. Data preprocessing

2. Finding hyperparameters ?
> Structure : depth/width/resolution, convolutions,

P Algorithm : activation, update algorithm,

> Stopping criteria
I- 'ln.
—— = g %% :

ImageNet Convolution Fully connected ~ Predicted
dataset 1ayer> layers labels
Transfer
learning
¥
I
I .
%.
i:
|
. ﬁ @ !
Predicted
Medical Convolution Fully connected abele
dataset layers layers

Universié
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CNN optimization
1) Tensorflow : better model

Classical steps combined with validation approach (e.g. k-folds) :

1. Data preprocessing
2. Finding hyperparameters ? (Not the subject today, Labl)
> Structure : depth/width/resolution, convolutions,

P Algorithm : activation, update algorithm,

> Stopping criteria
I- 'ln.
—— = g %% :

Fully connected

Predicted

Convolution
labels.

2 Transfer learning ? .
g
dafage‘ layer: layers

Transfer
learning

I

.

b%'

.

0 ﬁ i

Predicted
Medical Convolution Fully connected labels
layers

dataset layers

Universié
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CNN optimization

1) Tensorflow : better model

Classical steps combined with validation approach (e.g. k-folds) :
1. Data preprocessing

2. Finding hyperparameters ?
> Structure : depth/width/resolution, convolutions,
P Algorithm : activation, update algorithm,
> Stopping criteria

2 Transfer learning ? . S i
> Load weights and structure datost h”“’ e o
(efficient CNN) ,ng
> Reuse conv. + train dense ,'
> (Opt. : retrain last conv.) .ﬁ %é: .

Predicted
Medical Convolution Fully connected labels
dataset layers layers

Universié
Fidérale
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CNN optimization
1) Tensorflow : better model

Classical steps combined with validation approach (e.g. k-folds) :
1. Data preprocessing

2. Finding hyperparameters ?
> Structure : depth/width/resolution, convolutions,

> Algorithm : activation, update algorithm,

> Stopping criteria
_;:' !-ﬁ@% :

Predicted

2 Transfer learning ? g Convoluton Pty cmacied
. N layer: Inyers labels
> Load weights and structure dataset
(efficient CNN) ,ng
. I

> Reuse conv. + train dense %; .

> (Opt. : retrain last conv.) .w :
Predicted
Medical Convolution Fully connected labels

dataset layers layers

—> Now, we consider that we know how to have a model performing well and

want to optimize its computation.

P. Leleux ; Machine Learning 2 — 5A — Convolutional Neural Networks
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CNN optimization

2) compression /optimization

Several mechanisms to decrease the computational and memory
load of a model :
1. (TF) Sparse Representations
2. (TF) Knowledge Distillation
3. (TF) Efficient Architectures (performance vs. resources)
» MobileNet, EfficientNet, etc.
» Other improvements : weight sharing, layer factorization,
low-rank Approximations
(TF) Model pruning
(TF/TFLite) Quantization
(TFLite) Batch Normalization Fusion (conversion)
(TFLite) Compiler/Hardware-aware optimizations (conversion)

No ok

e
P. Leleux ; Machine Learning 2 — 5A — Convolutional Neural Networks 12/49
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CNN optimization

2) compression /optimization

Several mechanisms to decrease the computational and memory
load of a model :

1.

2.

3. (TF) Efficient Architectures (performance vs. resources)

» MobileNet, EfficientNet, etc.
»

(TF) Model pruning
(TF/TFLite) Quantization

No ok

P. Leleux ; Machine Learning 2 — 5A — Convolutional Neural Networks
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CNN optimization

Trained neural network model

Inference

O output

New O
input data O

0000
0000

Compression Quantization Compilation
Learning to prune model while Learning to reduce bit-precision Learning to compile Al models for
keeping desired accuracy while keeping desired accuracy efficient hardware execution

) L L

Applying Al to optimize Al model through automated techniques

Al Acceleration Acceleration research

M ¢———.  Hardware
Sy (scalar, vector, tensor) Such as compute-in-memory

awareness

= In the following, and in Lab2!

Universié
Fidérale
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CNN optimization

And a LOT more...

MIT Han Lab course (Fall 2023) — TinyML and Efficient Deep
Learning Computing :
https://hanlab.mit. edu/courses/2023 fall-65940

PETHANLAL oo s macsons fog comse awsse 7ok s

Efficient Al Computing,
Transforming the Future.

TinyML and Efficient Deep Learning Computing
65940+ Fall 2023 https://efficientil.ai

Universié
Fédér
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Section 2

Efficient CNN architectures
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Efficient CNN architectures (transfer learning !)
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A tradeoff : Accuracy vs. Cost

81 |
° Once-for-All InceptionV3 __ Xception

0 @Peicientet °N AsNeta  ResNetxt-50
= \ DPN-92
& MBNetv3 ! ResNetxt-101
77 DenseNet-169
8 og ProxylessNAS DenseNet-264
5
g AmoebaNet  DenseNet-121
S L ResNet-101
& EvBNetv2
= PNASNet ; ResNet-50
g b ShuffloNet InceptionV2
&7af DARTS oM am 8M 16M 32M 64M
E IGCV3-D

71 o b

© MobileNetv1 (MBNetv1)
Handcrafted  AutoML
69 L Il Il L Il L L
0 1 2 3 4 5 6 7 8 9
MACs (Billion)
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Efficient CNN architectures (transfer learning !)

A tradeoff : Accuracy vs. Cost

81 T T T T

Once-for-All InceptionVa ‘ Xception
9 . 4
°Eff|c|entNet °N ASNet-A ResNetXt-50
DPN-92
g BNetv3 ResNetxt-101
DenseNet-169 -
ProxylessNAS DenseNet-264

AmoebaNet  DenseNet-121
ResNet-101 -
) vBNetv2
PNASNE . ResNet-50
ShuffioNet InceptionV2

- DARTS 2M 4Mm 8M 16M 32M 64M -
IGCV3-D

3
)

ImageNet Top-1 accuracy (%)
S
T

71 o b h

© MobileNetv1 (MBNetv1)

Handcrafted ~ AutoML

I I 1 L
6 7 8 9

69 L
0 4 5
MACs (Billion)

= Tons of optimization mechanisms through the recent history (2015-) :

2 aspects : improved convolution layers + Neural Architecture Search (NAS)

P. Leleux ; Machine Learning 2 — 5A — Convolutional Neural Networks 16/49
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Improved convolution layers
Classical convolution

Given an input : D, X D, X M (e.g. height, width, channels).
M N

(& Dy — Dy

D, by

" D,@M@ - (7

“«—N—>
Computational cost :

» Classical convolution : (O)(D?*MD3ZN)
>

>

P. Leleux ; Machine Learning 2 — 5A — Convolutional Neural Networks
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Improved convolution layers
ResNeXt : grouped convolution

Given an input : D, X D, X M (e.g. height, width, channels).

Computational cost :
» Classical convolution : (O)(D?MDZN)
» Grouped convolution : (O)(D*MD2ZN/g)
>

Xie et al., "Aggregated residual transformations for deep neural networks", 2017.

P. Leleux ; Machine Learning 2 — 5A — Convolutional Neural Networks
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Improved convolution layers
Depth convolution

Given an input : D, X D, X M (e.g. height, width, channels).
M N

(@ Dy — Dy

D,
D, v

]
o oO0-0
DI
«—V—>
Computational cost :

» Classical convolution : (O)(D?MDZN)
> Grouped convolution : (O)(D?MDZN/g)

>

Universié
Fédér
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Improved convolution layers
MobileNet : depthwise-separable block

Given an input : D, X D, X M (e.g. height, width, channels).

M N
(@) Dy —» Dy
D, b,
1
o o]0

M
© @D @
«—N—>
Computational cost :

» Classical convolution : (O)(D?*MD3ZN)
> Grouped convolution : (O)(D?MDZN/g)
» Depthwise-separable convolution : (O)(D?MDZ + MDZN)

Howard et al., "Mobilenets: Efficient convolutional neural networks for mobile visi<=mmle

P. Leleux ; Machine LearnﬁQElicgiiQ@%:vc%Qﬂ)Zal Neural Networks 17/49 )
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Improved convolution layers
Example : depthwise-separable convolution

D2MD? = 5% x 3 x 82

P. Leleux ; Machine Learning 2 — 5A — Convolutional Neural Networks
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Improved convolution layers
Example : depthwise-separable convolution

D?>MD2N = 5% x 3 x 8% x 256 = 1.2 - 10%0ps

P. Leleux ; Machine Learning 2 — 5A — Convolutional Neural Networks
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Improved convolution layers

E-'“
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Improved convolution layers

D2MD? = 5% x 3 x 82
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Improved convolution layers

D?>MD? + MD? = 52 x 3 x 8% + 3 x 82

//A

P. Leleux ; Machine Learning 2 — 5A — Convolutional Neural Networks



NSTIUT HATIONAL
DES SCIENCES
APPLIQUEES
TOULOUSE

INSA

Improved convolution layers

D>MD? + MD?N = 5% x 3 x 8% + 3 x 82 x 256 = 5.4 - 10*ops

P. Leleux ; Machine Learning 2 — 5A — Convolutional Neural Networks
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Improved convolution layers

Summary : Classical conv. : 1.2 -10° vs. 5.4 - 10* : Depth-separable conv.

Universié
Fidérale
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Improved convolution layers
classical vs. grouped vs. depthwise-separable convolution

See the animation on YouTube :
https://www.youtube.com /watch?v=vVaRhZXovbw

Groups, Depthwise, and Depthwise-Separable Convolution (Neural Networks)



https://www.youtube.com/watch?v=vVaRhZXovbw
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Improved convolution layers
ResNet50 : residual and bottleneck block

Residual block Bottleneck block

256-d

1x1, 64

64-d

1x1, 256

relu

Shortcuts between layers Reducing Computational Complexity

» More layers # Higher accuracy, » Same advantages as residual
block,

» Facilitating Deeper Networks.

» Vanishing Gradient Problem,

> Identity Mapping by Shortcuts :
Layeri+1 > Layer;,

» Encouraging Feature Reuse.

He et al., "Deep residual learning for image recognition", 2016.

Universié
Fidérale
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Improved convolution layers

Example : bottleneck block

2048;d out

S
L
)}

\512, 1x1, 2048/

512, 3x3, 512

1
/2048, 1x1, 512\'; R Reduce the number of channels by 4x

3 = via 1x1 convolution

2048-d in

P. Leleux ; Machine Learning 2 — 5A — Convolutional Neural Networks



INSTITUT NATIONAL
DES SCIENCES
APPLIQUEES
TOULOUSE

INSA

Improved convolution layers

Example : bottleneck block

2048Ld out

ah)
U

e Feed reduced feature map to 3x3 convolution

2048, 1x1, 512

2048-d in

P. Leleux ; Machine Learning 2 — 5A — Convolutional Neural Networks
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Improved convolution layers

Example : bottleneck block

2048-51 out

\512, 1x1, 2048

D Expand the number of channels via 1x1 convolution

512, 3x3, 512

2048, 1x1, 512

2048-d in

P. Leleux ; Machine Learning 2 — 5A — Convolutional Neural Networks
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Improved convolution layers
Example : bottleneck block

2048:d out #MACs

2048 x 512 x Hx W x 1.

512 x 512 X HX W x 9 = 512 x 512 X HX W X 17

512, 3x3, 512
2048, 1x1, 512

2048-d in

2048 x 512 x Hx W x 1

P. Leleux ; Machine Learning 2 — 5A — Convolutional Neural Networks
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Improved convolution layers

Example : bottleneck block

2048-d out #MACs
A 2048 x 2048 x Hx W x 9
% =512x512xHxWx144

512, 1x1, 2048

2048 x 512 x Hx W x T 85x reduction

;
# 512 x512xHxWx 17

512, 3x3, 512

2048, 1x1, 512

2048-d in

512 x 512X HXW x 9 -

2048 x 512 x H X W x 1+

P. Leleux ; Machine Learning 2 — 5A — Convolutional Neural Networks



INSTITUT NATIONAL
DES SCIENCES
APPLIQUEES
TOULOUSE

INSA

Improved convolution layers
MobileNetV2 : Mobile Inverted Bottleneck Conv (MBConv)

1u6, Dwise

+

Efficient Processing of Features

» Improved feature extraction : more complex info,
» Depthwise Separable Convolutions,

» Reduced Parameter Count,
>

Advantages of shortcut.

Sandler et al., "Mobilenetv2: Inverted residuals and linear bottlenecks", 2018.

P. Leleux ; Machine Learning 2 — 5A — Convolutional Neural Networks
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Neural Architecture Search (NAS)

EfficientNet : compound scaling

How to choose the structure of a CNN model ? Manual exploration ?

~wider -
=—] .
=

#channel E=3

channels
________ L wider - = =
% deeper El

—_—

i deeper
.
--layer_i lT—I i E
; + higher
$}reso\ution Hxw r?l_l E i H .

(a) baseline

! . +higher

L+ resolution 1 -*-resolution
(b) width (c) depth (d) resolution (e) compound
scaling scaling scaling

scaling

P. Leleux ; Machine Learning 2 — 5A — Convolutional Neural Networks
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Neural Architecture Search (NAS)

EfficientNet : compound scaling

How to choose the structure of a CNN model ?

= wider
=_— - e
p— — ——
—
#ichannels wider =
———————— S = ==

|
deeper
. deeper
é == ?
ﬁ --layer_i ﬁ i

; 1 higher |
é}resolution Hxw r:l_l E i H i E +higher

».. resolution

- -resolution
(a) baseline (b) width (c) depth (d) resolution (e) compound
scaling scaling scaling scaling
. - depth: d=a?
» Balance dimensions of i : B
width/depth /resolution by scaling with a width . w =0
; resol. : r=~®
constant ratio, - 72
¢ . st. a-f°-y=2
» 29 more computational resources >1
a,B,7 2>
P. Leleux
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Neural Architecture Search (NAS)

EfficientNet : compound scaling

How to choose the structure of a CNN model ?

8

" ResNext-101
Lo
+*"" Inception-ResNet-v2

8

E

eResNet-152

Imagenet Top 1 Accuracy (%)
3
e

ResNet-34
20 40 60 80 100 120 140 160 180
Number of Parameters (Millions)

How to get «, 3, v (i.e. first network)

» Fix ¢ = 1 4+ GridSearch with o - 8-y = 2,
— EfficientNet-BO : « = 1.2, 8 =1.1, v = 1.15,

Fidérale

> Then, increase ¢ : EfficientNet-B1/B7. ey

P. Leleux ; Machine Learning 2 — 5A — Convolutional Neural Networks
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Limitations of efficient models
Need of compression : memory

Operation Energy [pJ] Relative Energy Cost
32 bit int ADD 0.1
32 bit float ADD 0.9
32 bit Register File 1
32 bit int MULT 3.1
32 bit float MULT 3.7
32 bit SRAM Cache 5
32 bit DRAM Memory 640

Rough Energy Cost For Various Operations in 45nm 0.9V q 10 100 1000 10000

=200

Universié
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Limitations of efficient models

Need of compression : memory and computation

MT-NLG
1000

N GPT-3 538
S 1758 Model compression
= 100 bridges the gap.
- T-NLG A
2 P ) A100
s 10 “'/v;)o TPUV3 A100 808
© TPUV2 32GB 3268 MpdatronLM ~ 40GB
& 16GB 8.3B
o 1
N
(7]
3 BERT
8 01 0348 © Model Size
= ¢rT £+ GPU Memory

Trangformer (118 Assume data are FP16

.05B .
0.01 0.05
2017 2018 2020 2021 2022
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Section 3

Network pruning
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Network pruning
Pruning Happens in Human Brain

15000 synapses

Number of Synapses
ynap per neuron!!!

7000 synapses
per neuron?

2500 synapses
per neuron [

Time
Newborn 2-4 years old Adolescence Adult

3 kﬁ

P. Leleux ; Machine Learning 2 — 5A — Convolutional Neural Networks 26/49
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Network pruning
Principle : compress NN by removing synapses and neurons

0.5%
0.0% fom === .- ... ...
-0.5%
-1.0%
-1.5% | 1w
-2.0% | o
-2.5% | _os
-3.0% |“os
-3.5% | o2
-4.0%

-4.5%
40% 50% 60% 70% 80% 90% 100%

Accuracy Loss

Train Connectivity

00
010 005 000 005 010
Weight Value

Pruning Ratio (Parameters Pruned Away)
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Network pruning
Principle : compress NN by removing synapses and neurons

© Pruning

0.5%

0.0%-
-0.5%
-1.0%
-1.5%
-2.0%
-2.5%
-3.0%
-3.5%

Train Connectivity
1 Ay
\
Prune Connections 4.0% | o o o oms oo o T o o o Q
45% gt valve ot valve |

Accuracy Loss

40% 50% 60% 70% 80% 90% 100%
Pruning Ratio (Parameters Pruned Away)

Universié
Fidérale
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g

Train Connectivity

Train Weights

P. Leleux

Network pruning
Principle : compress NN by removing synapses and neurons

Accuracy Loss

; Machine Learning 2 — 5A — Convolutional Neural Networks

© Pruning O Pruning+Finetuing

00
010 005 000 005 010

00
010 005 000 005 010
Weight Value

00
010 005 000 005 010

Weigh Value Weight Value

50% 60% 70% 80% 90% 100%

Pruning Ratio (Parameters Pruned Away)
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Network pruning
Principle : compress NN by removing synapses and neurons

% § §§ f © Pruning © Pruning+Finetuing @ lterative Pruning and Finetuing

Train Connectivity

.
Train Weights

Accuracy Loss

-4.0% 2?
-4.5% L —
40% 50% 60% 70% 80% 90% 100%

Pruning Ratio (Parameters Pruned Away)

Universié
Fidérale
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Network pruning
Granularity of pruning : structured to unstructured

Pruning weights (NN/CNN)

. Preserved

|:| Pruned

L]
wﬁ

Coarse-grained/Structured

Fine-grained/Unstructured
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Network pruning

Granularity of pruning : structured to unstructured

k, =3
I Preserved 1; ?
[ Pruned < - -
Pruning kernels (CNN) g=2
Irregular Regular
Fine-grained Pattern-based Vector-level Kernel-level Channel-level
Pruning Pruning Pruning Pruning Pruning
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Network pruning

Selection of Synapses to Prune

When removing parameters from a NN model :
» the less important the parameters being removed are

» the better the performance of the pruned neural network is.

) _ Example :
N\ y:f(ZW'*'”) f(-) = ReLU(-), W = [10, —8,0.1]
ERULIN —> = y = ReLU(10xp — 8x1 + 0.1x2)
/ Which weight should be removed ?

P. Leleux ; Machine Learning 2 — 5A — Convolutional Neural Networks
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Network pruning

Selection of Synapses to Prune : A heuristic criterion

Magnitude-based pruning considers that weights with larger absolute values
are more important than other weights :

» For element-wise pruning, Importance = |W/|

» For row-wise pruning, the norm (L1, L2, Lp) magnitude can be defined as
Importance = |W®)|| = > |wil, where W®) is the structural set S of

i€S
parameters W
Example
312 L1-norm 3l | -2 3|2 310
1| -5 Element-wise [1] | |-5| 1 5 0| -5
Weight Importance Pruned Weight gy

e
P. Leleux ; Machine Learning 2 — 5A — Convolutional Neural Networks 30/49



INSTITUT NATIONAL
DES SCIENCES
APPLIQUEES
TOULOUSE

INSA

Network pruning

Selection of Synapses to Prune : A heuristic criterion

Magnitude-based pruning considers that weights with larger absolute values
are more important than other weights :

» For element-wise pruning, Importance = |W/|

» For row-wise pruning, the norm (L1, L2, Lp) magnitude can be defined as
Importance = |[WO)| = > |wil, where W®) is the structural set S of

i€S
parameters W
Example
3|2 L1-norm [3+[-2| 5 0|0
1]-5 Row-wise [1]+]-5] 6 1|-5
Weight Importance Pruned Weight o«

e
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Network pruning

Selection of Neurons/Kernels to Prune

When removing neurons from a neural network model :
» the less useful the neurons being removed are,
» the better the performance of pruned neural network is.

Neuron pruning is coarse-grained weight pruning.
Weight Matrix

Neuron Pruning
in Linear Layer

-

Channel Pruning —
in Convolution Layer [
9

Pruning of neurons can be performed e.g. based on the values of the activation
functions. e
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Network pruning

Finetuning Pruned Neural Networks

» After pruning, the model may decrease, especially for larger pruning ratio.

» Fine-tuning the pruned neural networks : iterative process
» Help recover the accuracy,
> Learning rate of fine-tuning usually 1/100 or 1/10 of the original
learning rate
» Boost pruning ratio from 5x to 9x on AlexNet compared to
single-step aggressive pruning.

© Pruning © Pruning+Finetuing @ lterative Pruning and Finetuing

0.5%

0.0%
-0.5%
-1.0%
-1.5%
2.0%
2.5%
3.0%
-3.5%
-4.0%

-4.5% L —
40% 50% 60% 70% 80% 90% 100%
Universié

Pruning Ratio (Parameters Pruned Away) Fédérale

Prune Connections

Accuracy Loss

H

Train Weights
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Section 4

Quantization
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Quantization
Motivation : less bit-width = less ene

Operation Energy [pJ] Relative Energy Cost
32 bit int ADD 0.1
32 bit float ADD 0.9
32 bit Register File 1
32 bit int MULT 3.1
32 bit float MULT 3.7
32 bit SRAM Cache 5
32 bit DRAM Memory 640

Rough Energy Cost For Various Operations in 45nm 0.9V q 10 100 1000 10000

=200
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Quantization

Data representation

<

Integers

X X X X X x x x

274+264+254+244+23422421420 =49

Sign Bit

x X x x x x x
- 26425424423422421420 = -49

X X X X X X x x

-27426.425429429422421420 = -49

P. Leleux

Fixed-point numbers

Integer . Fraction
“Decimal” Point

X x x x x x x

x
204224214 20421422423:24 = 3.0625

X X x x X X X x

(27+26425426420422421420 ) x 24

; Machine Learning 2 — 5A — Convolutional Neural Networks
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Quantization
Data representation : floating-point numbers

2322 21 20 2:12:22:32+4

Sign 8 bit Exponent 23 bit Fraction

(—1)%8" x (1 + Fraction) x 2Bwonent=127 _ gy, pjas — 28-1 _1

significant / mantissa

0.265625 = 1.0625 x 272 = (1 + 0.0625) x 2125127

[CISTRIRMEMRIRRY [ o[ofofelolololo[ofofoefefefofolelolo]

125 0.0625
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Quantization

Data representation : smaller precisions

» Exponent width=range
» Fraction width=precision

|EEE 754 Single Precision 32-bit Float (IEEE FP32) E"&?‘:?"t

(MM [ [T T 8

IEEE 754 Half Precision 16-bit Float (IEEE FP16)
RN [ TTTTTTT] 5
Google Brain Float (BF16)

(M [ [[[11] s

P. Leleux ; Machine Learning 2 — 5A — Convolutional Neural Networks
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Quantization
Principle : example

Quantization is the process of constraining an input from a continuous or
otherwise large set of values to a discrete set.

— Continuous Signal Quantized Signal Original Image 16-Color Image

Signal )Li]uantization Error\\’r\
ARNY 111\
[ \ [ \
\ / time
NV

The difference between an input value and its quantized
value is referred to as quantization error.

P. Leleux ; Machine Learning 2 — 5A — Convolutional Neural Networks
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Quantization
Principle : example

Quantization is the process of constraining an input from a continuous or
otherwise large set of values to a discrete set.

24 bits per pixel

Universié
Fidérale
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Quantization
Principle : example

Quantization is the process of constraining an input from a continuous or
otherwise large set of values to a discrete set.

8 bits per pixel

Universié
Fidérale

Vi s

P. Leleux ; Machine Learning 2 — 5A — Convolutional Neural Networks 36/49



NSTITUTNATINAL
CIENCES
APPCGURES
TOULOUSE

Quantization
Principle : example

Quantization is the process of constraining an input from a continuous or
otherwise large set of values to a discrete set.

1bit per pixel
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Quantization
Principle : example

Quantization is the process of constraining an input from a continuous or
otherwise large set of values to a discrete set.

Before After

1bit per pixel

P. Leleux ; Machine Learning 2 — 5A — Convolutional Neural Networks
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Quantization

Methods

2.09 H0.98) 1.458(0.09 3 1] 2 1 3 Hn
0.05 H0.14|-1.08| 2.12 1 1 (1] a2 H
-0.91|1.82| 0 [-1.05 (1] 3 1 Q|1 ( H B -1JX1.07
1.87| 0 |1.53(1.49 3 1 2 2o 00 nn
K-Means-based Linear
Quantization Quantization
i e Integer Weights;
Storage F'°3:,;"i'9h';°'"t Floating-Point Integer Weights
9 Codebook
. Floating-Point Floating-Point . .
Computation Arithmetic Arithmetic Integer Arithmetic
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Quantization
K-means-based quantization

Quantize weights
weights cluster index reconstructed weights
(32-bit float) (2-bit int) centroids (32-bit float)

3 0 2 1 |3

1 1 o 3 |z

o 3 1 0 |1

3 1 2 2 |0

Indences oeadebook uantization error
storage 32 bit x 16 2 bit x 16 @bitxd 0 h
=512 bil=649 =32bit=4B" =128 bit= 168 + 0.09| 0.0 |-0.02 0.00
32 x smaller 0.05 |-0.14|-0.08| 0.12
Assume N-bit quantization, and #parameters = M >> 2\,

32 bit x M N bit x M it 0.09|-008| 0 |-0.03

= 32M bit = NM bit = 2N
1 1 0.13| 0 |0.03|-0.01

32/N x smaller

Universié
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Quantization

K-means-based quantization

Quantize weights + fine-tuning

weights cluster index fine-tuned
(32-bit float) (2-bit int) centraids centroids

-0.98 3|0 2|1 |2

m clster | 1 | 1 | 0 [ 3 |2

gradient

Universié
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Quantization

K-means-based quantization

Quantize weights + fine-tuning + Huffman encoding

Huffman Encoding 100000
ST TTTTTTT T
1 1
| i seeo
| | Encode Weights |
i | -]
1 50000
| D8
1 1
'
: Encode Index : 25000
: .
v :
N e - 0

13 5 7 9 11 1315 17 19 21 23 25 27 20 N1
‘Weight Index (32 Effective Weights)

* In-frequent weights: use more bits to represent
+ Frequent weights: use less bits to represent

» In-frequent weights : use more bits to represent,

» Frequent weights : use less bits to represent.

P. Leleux ; Machine Learning 2 — 5A — Convolutional Neural Networks
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Quantization
K-means-based quantization

—> Deep compression !

Hutfman Encoding

same
jaccuracy

v
i
'
original :
network

[l [ ; =

original ' 27x-31% | | Encode Index | 1 359¢-49x

size reduction | :nedur.ﬂm
T

T
'
1 | Encode Weights
'
|
1
'

» In-frequent weights : use more bits to represent,
» Frequent weights : use less bits to represent.

Han et al., "Deep compression: Compressing deep neural networks with pruning,
trained quantization and huffman coding"”, 2015.

Universié
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Quantization

K-means-based quantization

—> Deep compression !

Original Compressed Compression  Original Compressed
i { Accuracy Accuracy

Network

(ELESOI  1070KB

LeNet-5 1720KB 44KB 39x 99.20% 99.26%
AlexNet 240MB 6.9MB 35x 80.27% 80.30%
550MB 11.3MB 49x 88.68% 89.09%

28MB 2.8MB 10x 88.90% 88.92%

44 6MB 4.0MB 11x 89.24% 89.28%

» Weights decompressed using a lookup table during runtime inference,
» Computations and memory access are still floating-point,

» Only saves storage cost of a NN.

P. Leleux ; Machine Learning 2 — 5A — Convolutional Neural Networks



<

INSTITUT NATIONAL
DES SCIENCES
APPLIQUEES
TOULOUSE

INSA

Quantization
Linear quantization

Linear Quantization is an affine mapping of integers to real numbers :

=5(q-2)
weights quantized weights zero point scale
(32-bit float) {2-bit signed int) {2-bit signed inf) (32-bit float)

P. Leleux ; Machine Learning 2 — 5A — Convolutional Neural Networks
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Quantization

Linear quantization

Linear Quantization is an affine mapping of integers to real numbers :

r=5(q-2)

2.09]-0.98
Asymmetric Linear Quantization 0.05|-0.14
Tin 0 Tina 091 1.92
r 187| 0

_"“X s s— Imax — Tmin

." " Floating-point Amax — 9min

q PP P Scale 2.12 — (—1.08)
i Z i T 1—(-2)
Zero point —1.07

P. Leleux ; Machine Learning 2 — 5A — Convolutional Neural Networks
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-1.08|2.12
o |-1a3
1.53 | 1.49
T'min
Z = Qmin — SI
—1.08
= round(—2 —
1.07

= -1
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Quantization

Linear quantization

Linear Quantization is an affine mapping of integers to real numbers :
=5(q-2)

Symmetric Linear Quantization
=1 |r]

2.09|-0.98( 1.48 |0.09

0.05|-0.14(-1.08| 2.12

091|192 0 [-1.03

r
187| 0 [1.53(1.49
o P
“xs 5= lrmax z-0
. Floating-point Amax
q L R, Scale 2.12
Gmin Z=10 Uax 1
Zero point =2.12
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Post-training quantization

P> Zero Point
> Asymmetric

2.09 0,95 1.45|0.09 ale|z|1 En > Symmetric
0.05 [-0.14)- 1.08] 2.12 1 1 a 3|z E “
los1|1a2| o |13 alal1]a ( "1]"1.07 »  Scaling Granularity
17| o |1.53|1.98 a1 |2z n. nn »  Per-Tensor
. »  Per-Channel
K-Means-based Linear »  Group Quantization
Quantization Quantization
n >
o met Integer Weights;
Storage Flos\t’;rirghtP;mnt Floating-Point Integer Weights >
9 Codebook .
. Floating-Point Floating-Point " " >
Computation Arithmetic Arithmetic Integer Arithmetic
>
>
>
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Quantization

Quantization-aware training

Train the model taking quantization into consideration
» A full precision copy of the weights W is maintained throughout the training.
»  The small gradients are accumulated without loss of precision.

P Once the model is trained, only the quantized weights are used for inference.

— Forward
4— Backward

weight quantization

Layer —,. g Layer
N-1
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Quantization

Quantization-aware training

Train the model taking quantization into consideration

» A full precision copy of the weights W is maintained throughout the training.

»  The small gradients are accumulated without loss of precision.

P Once the model is trained, only the quantized weights are used for inference.
» — use a "SimulatedFake Quantization"
>

—> use a "SimulatedFake Quantization"

— Forward
<+— Backward

W= Swaw = G(W)

Layer_,
N-1

activation
quantization

inputs

ensure discrete-valued
weights and activations
in the boundaries

these operatlons still run in 1u|| precision
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Quantization

Quantization-aware training

Train the model taking quantization into consideration

» A full precision copy of the weights W is maintained throughout the training.

»  The small gradients are accumulated without loss of precision.
P Once the model is trained, only the quantized weights are used for inference.
» — use a "SimulatedFake Quantization"
» — use a "SimulatedFake Quantization"
» — Straight-Through Estimator (STE) : gradients are passed through Quant. as if identity
5
= Forward —
<+— Backward Z4 7
W= Swaw = 0(W) e -
Layer . gp activation Layer 0
N-1 quantization N+1 o128 45

ensure discrete-valued
weights and activations
in the boundaries

these operatlons still run in fuII precision
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Quantization

Quantization-aware training

Train the model taking quantization into consideration

» A full precision copy of the weights W is maintained throughout the training.

»  The small gradients are accumulated without loss of precision.
P Once the model is trained, only the quantized weights are used for inference.
» — use a "SimulatedFake Quantization"
» — use a "SimulatedFake Quantization"
» — Straight-Through Estimator (STE) : gradients are passed through Quant. as if identity
Post-Training Q izati Qi Aware Training
Neural Floating-Point | Asy ic | Sy ic | Asy ic | Sy ic

Per-Tensor Per-Channel Per-Tensor Per-Channel

MobileNetV1 70.9% 0.1% 59.1% 70.0% 70.7%
MobileNetv2 71.9% 0.1% 69.8% 70.9% 1%
NASNet-Mobile 74.9% 722% 721% 73.0% 73.0%
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Section 5

Practical sessions : Lab 1
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Practical sessions : Lab 2

Ancho:. 206

x:ilB:h 309

Objective

Recognize human falls using images of subjects in a room.
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Data

Dataset : https://data.mendeley.com/datasets/7w7fccy7ky/4
The dataset of falls contains data from 10 different activities :

1. Fall backwards, 6. Hop,

2. Fall forward, 7. Kneel,

3. Fall left, 8. Pick up object,
4. Fall right, 9. Sit down,

5. Fall sitting, 10. Walk.

The images were obtained from videos taken in conditions of an uncontrolled home
environment (occlusions, lights, clothes, etc.).

Each of the 10 subjects had to follow a specific protocol, containing the 10 different
"activities".
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Practical sessions : Lab 2

Data

Dataset : https://data.mendeley.com/datasets/7w7fccy7ky /4
Images :

» 20000 pictures in .png format,

» The pictures are labelled by activity

The dataset was preprocessed :
» A YOLO model was used to segment the person in each picture, resulting in
square images of size ranging between 200 and 350,
» The images were resized to be 96 x 96,
» Labels are merged to get : fall vs. non-fall activity.

Two sets are available
> Training set : images of subjects 1-8,
» Final est set : images of subjects 9 and 10.
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In a nutshell

Steps :

Lab 2 — Fall recognition :
1. Build a CNN for fall recognition using TensorFlow,
2. Optimize/compress the CNN,

3. Transfer-Learning for fall recognition.

In practice :
» Langage : Notebook Python
P> Tutorials python on moodle,
> Possibility to share the notebook via Google Colab,
» Work in groups of 2,

» Deliverable : a notebook by group per Lab containing your code and
analysis,

» Deadline : 23th january. =
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Practical sessions :

Lab 2

Part 1 : Build a CNN for fall recognition using TensorFlow

CNN architecture

comaniin
Max-Pooling. (5x5)kenel  pya pooling
%) v-m-«w s

= Learn how to use the TensorFlow library and
CNN methods

\F

““ I Vr .
a uh“m“’ ”W: W]“Hh.,\» : .z

2y

pro—
(2xizam) o

» Use of Tensorflow.keras /ayers and
models to build a CNN capable of fall
recognition : validation of
hyperparameters,

Jogging  Downstairs

» Evaluation with confusion_matrix and
accuracy_score from scikit-learn.

Sitting

Sitting

Downstairs Jogging
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Part 2 : Optimize/compress the CNN

Use of the Python TensorFlow Lite library
» Compress the model with pruning and quantization,
» Conservation of the model accuracy,

» Estimate size of the model.

376 i
after pruning

before pruning

pruning ____,
synapses

pruning
neurons

Before After
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Practical sessions : Lab 2
Part 3 : Transfert-Learning for fall recognition (Bonus)

Use a pre-trained efficient solver : MobileNetV2 and perform fall recognition.

» Load pre-trained model and modify it for the application,
» Training of the dense layer,

» Fine-tuning of the last convolutional layers.

n=32
n=96
=P
128x128x3 128x128 64x64 32%32
——
By
MobileNetv2
-»> -»> -

Preprocessing 3x3 Conv, RelU Max pool 2x2
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Use your brain

At the end of the sessions :
> Lab 1 : activity recognition from sensors,

» Lab 2 : fall detection from images.

Question to develop : Using your knowledge from the lectures, and your
imagination, how would you build a fall detection system for old people’'s homes
("maisons de retraite") ?

Be creative!
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